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Figure 1: From a human motion sequence, SUMMON synthesizes physically plausible and semantically reasonable objects.

ABSTRACT

Large-scale capture of human motion with diverse, complex scenes,
while immensely useful, is often considered prohibitively costly.
Meanwhile, human motion alone contains rich information about
the scene they reside in and interact with. For example, a sitting
human suggests the existence of a chair, and their leg position
further implies the chair’s pose. In this paper, we propose to syn-
thesize diverse, semantically reasonable, and physically plausible
scenes based on human motion. Our framework, Scene Synthesis
from HUMan MotiON (SUMMON), includes two steps. It first uses
ContactFormer, our newly introduced contact predictor, to obtain
temporally consistent contact labels from human motion. Based
on these predictions, SUMMON then chooses interacting objects
and optimizes physical plausibility losses; it further populates the
scene with objects that do not interact with humans. Experimental
results demonstrate that SUMMON synthesizes feasible, plausible,
and diverse scenes and has the potential to generate extensive
human-scene interaction data for the community.
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1 INTRODUCTION

Capturing, modeling, and synthesizing realistic human motion in
3D scenes is crucial in a spectrum of applications such as virtual
reality, game character animation, and human-robot interaction. To
facilitate research in this area, a plethora of datasets [Hassan et al.
2019; Mahmood et al. 2019; Savva et al. 2016] have been curated
to capture human motion. For example, Bhatnagar et al. [2022]
collected trajectories of humans manipulating objects. The PROX-E
dataset [Zhang et al. 2020a] contains human contact with a scene
mesh. However, building high-quality, large-scale datasets anno-
tated with both diverse human motions and rich 3D scenes remains
challenging. This is mainly because current data capture pipelines
depend on costly devices, such as MoCap systems, structure cam-
eras, and 3D scanners, and therefore can only be conducted in
laboratory settings, which entails limited physical space and scene
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diversity. Inspired by recent advances in modeling 3D human poses
and their contact with environments, we aim to address these chal-
lenges by exploring a new possibility: can we learn to synthesize the
scenes only from human motion? If successful, our system will also
have many potential applications beyond data collection, such as
providing suggestions during the creation of virtual environments
based on artists’ motions in VR.

Recent works have proposed to estimate room layouts based
on human trajectories and learned room priors [Nie et al. 2022].
However, only semantics, not affordances, was considered in the
reconstructed layouts. Yi et al. [2022] proposed to reconstruct scene
objects from visual inputs and then use Human-Scene Interactions
(HSIs) to further improve the feasibility. While such a method pro-
duces physically plausible reconstructions, it requires additional
visual inputs so that the reconstructed scenes are restricted.

We propose Scene Synthesis from HUMan MotiON (SUMMON),
a method that predicts feasible object placements in a scene based
solely on 3D human pose trajectories, as shown in Figure 1. SUM-
MON consists of two modules: a human-scene contact prediction
module and a scene synthesis module. The human-scene contact
prediction module, named ContactFormer, leverages existing HSI
data to learn a mapping from human body vertices to the semantic
label of the objects that are in contact. ContactFormer advances
previous methods [Hassan et al. 2021b] by incorporating temporal
cues to enhance the consistency in label prediction in time. Given
the estimated semantic contact points, the scene synthesis module
first searches for objects that fit the contact points in terms of se-
mantics and physical affordances to the agent; it then populates the
scene with other objects that have no contact with humans, based
on human motion and objects inferred from previous steps.

We conduct our experiments using the PROXD [Hassan et al.
2019] and the GIMO [Zheng et al. 2022] datasets. In terms of con-
tact estimation, ContactFormer outperforms previous single-frame
contact prediction methods [Hassan et al. 2021b]. In terms of scene
synthesis, our proposed system shows more realistic, physically
plausible, and diverse scenes than baselines, using various metrics
and human evaluation.

Our contributions are threefold. First, we propose SUMMON, a
system that synthesizes semantically reasonable, physically plausi-
ble, and diverse scenes based only on human motion trajectories.
Second, as a part of SUMMON, we propose a contact prediction mod-
ule ContactFormer that outperforms existing methods by modeling
the temporal consistency in semantic labels. Third, we demonstrate
that the scenes synthesized by SUMMON consistently outperform
existing methods both qualitatively and quantitatively.

2 RELATED WORKS

Scene affordance learning. Learning affordance from human-scene
interaction has caught much attention recently [Chen et al. 2019;
Chuang et al. 2018; Delaitre et al. 2012; Fouhey et al. 2012; Gupta
et al. 2011; Wang et al. 2019a; Zhu et al. 2014]. In the literature,
researchers study how to put human skeletons in a scene. For ex-
ample, Wang et al. [2017] proposed to learn the affordance from
sitcom videos for positioning skeletons in a static image. Li et al.
[2019a] introduced a generative model of 3D poses to predict plau-
sible human poses in a scene. Along with developing better human
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body representations, there have been methods that try to put a
3D human body into the scene [Zhang et al. 2020a]. More recently,
POSA [Hassan et al. 2021b] learns a model that augments a SMPL-X
human body model vertices with contact probability and semantic
labels to place human poses in a 3D scene mesh. Blinn et al. [2021]
proposed a fitting and comfort-based loss to train an affordance-
aware model to generate chairs that fit a human body pose. Several
works also try to collect or generate data that involve human-scene
interactions. For example, VirtualHome [Puig et al. 2018] provides
a simulated 3D environment where humanoid agents can interact
with 3D objects. BEHAVE [Bhatnagar et al. 2022] provides a dataset
of real full-body human parameterized using SMPL interacting and
manipulating objects in 3D with contact points. Our work takes an
additional step from the affordance learning works: we first learn to
understand the affordance, then leverage them to synthesize scenes
that can be used for other related tasks.

Human motion synthesis. Motion synthesis is a long-standing
problem in computer graphics and vision [Brand and Hertzmann
2000; Holden et al. 2016; Kovar and Gleicher 2003; Park et al. 2002;
Spallone 2015]. Xu et al. [2020] proposed a hierarchical way to
generate long-horizon motion by using a memory bank to retrieve
short-horizon reference clips. Harvey et al. [2020] proposed to pre-
dict motion robustly with additional embeddings. Recently, many
works also take the environment into consideration [Hassan et al.
2021a; Rempe et al. 2021; Wang et al. 2021a]. For example, Wang
et al. [2021a] combined long-term human motion synthesis condi-
tioned on a scene mesh with affordance optimization to generate
realistic human trajectories. SAMP [Hassan et al. 2021a] learns
generalized interaction for object classes across different instances
of that class. Our work is trying to solve the inverse problem that
generates plausible scenes given human motion trajectories.

Scene synthesis. Our work is also closely related to synthesizing
plausible 3D scenes and room layout [Li et al. 2019b; Luo et al. 2020;
Purkait et al. 2020; Ritchie et al. 2019; Wang et al. 2019b, 2021b;
Zhang et al. 2020b; Zhou et al. 2019]. For example, ATISS [Paschali-
dou et al. 2021] learns an autoregressive generative model for furni-
ture placement. It can be used for generating plausible novel room
layouts, completing a scene given existing objects, and suggest-
ing possible placements given spatial constraints. Another work,
Pose2Room [Nie et al. 2022], predicts bounding boxes of objects
conditioned on 3D human pose trajectory. MOVER [Yi et al. 2022]
reconstructs 3D objects constrained by 3D human body predictions
from monocular RGB videos. Unlike these prior methods, our model
generates not only layouts but also affordable objects with only
human trajectories.

3 METHOD

We aim to predict a set of furniture objects and a physically plausible
3D configuration of them only from human motion sequences.
We first introduce the human body and contact representation
in Sec. 3.1. SUMMON generates a temporally consistent contact
semantic estimation for each vertex of the human body to retrieve
suitable objects (Sec. 3.2). Then we optimize object placement based
on the contact locations and physical plausibility (Sec. 3.3). An
illustration of our method is shown in Figure 2.
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Figure 2: The overview of SUMMON: (a) an input sequence of human body meshes interacting with a scene, (b) the ContactFormer
that predicts per-frame contact labels, (c) per-frame contact predictions, (d) estimated contact points, (e) synthesized objects,

and (f) objects in interaction.

3.1 Human Body and Contact Representation

We use a modified version of SMPL-X [Pavlakos et al. 2019] as the
representation of human body poses. Specifically, we parameterize
the human body with M(6, §) : RI?IXIBl — R3N where 6 denotes
pose parameters,  denotes coefficients in a learned shape space,
and N is the number of vertices in a SMPL-X body mesh. For com-
putation efficiency, we downsample the vertices from 10,475 to 655
points, following the prior work by Hassan et al. [2021b].

We represent contact information by per-vertex features. For
each vertex vy, € Vp,, where V, is all vertices of a human body, we
use a one-hot vector f to represent the contact semantic label for
that vertex. Each vector f has a length of |f| = C + 1, where C is
the number of object classes. We introduce an extra “void” class to
represent vertices without contact. We use F to denote the contact
semantic labels for all vertices in a body pose.

3.2 Human-Scene Contact Prediction

Our dataset consists of a sequence of paired vertices and contact se-
mantic labels {(V}, F1), (V2, F?), ..., (Vb", F™)}, where Vbi represents
the human body vertices (Figure 2(a)), F represents the contact
semantic labels for frame i, and n is the varied sequence length. We
first train a conditional Variational Autoencoder (cVAE) to learn a
probabilistic model of contact semantic labels conditioned on vertex
positions. Then we deploy transformer layers on top of the cVAE
to improve temporal consistency. We refer to this framework as
ContactFormer. An illustration of the overall network architecture
is shown in Figure 3.

Contact semantics prediction. We first train a model to predict
contact semantic labels for each individual pose. Given a pair of
body vertices and contact semantic labels (V}, F), we first fuse these
two components: I, = Concat(Vj, F). We feed I, into a graph neural
network (GNN) encoder Gy, to get a latent Gaussian space with
the mean H), and the standard deviation Hy. Then we sample a
latent vector z from the latent Gaussian space and concatenate it
with each vertex position: I; = Concat(V}, z). We feed I; into a

For frame i,

F': Ground-truth semantic labels
Fpi: Initial predicted semantic labels
H': Hidden feature

F: Final predicted semantic labels
z : Latent vector

HY,... H"
P
Transformer
Positional
© Embedding
) y 4 L

Figure 3: The architecture of ContactFormer. We first use a
GNN-based variational autoencoder to encode the contact
points. Then a transformer is applied to improve the tempo-
ral information fusion. We also add a sinusoidal positional
encoding to the output of the GNN decoder.

GNN decoder Gpe to predict the reconstructed contact semantic
labels Fj. Note that both GNNs in the encoder and the decoder
share the same structure as in Hassan et al. [2021b]. Each vertex
feature h,]i for vertex x at layer k is updated by

h§ = Linear(Concat({hiT1 :x’ € N(x)})), (1)

where N(x) is defined as the m-nearest neighbor vertices of x in a
spiral-ordered sequence, as proposed by Gong et al. [2019].

ContactFormer: We train a transformer to extract temporal infor-
mation from a pose sequence to enhance prediction consistency, as
shown in Figure 3. Specifically, given a sequence of pose and con-
tact semantic labels {(V;}, F1), ..., (V" F™)} from frame 1 to n, we
first use the previous model to reconstruct contact semantic labels
F; independently for each frame i. We then embed each F;7 into a
hidden feature space, augmenting it with a sinusoidal positional
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embedding before feeding it to the transformer module. The output
of the transformer module is a sequence of n vectors {Hy, ..., Hp }.
For each frame i, we concatenate H; with the initial prediction F;,
and use a multi-layer perceptron (MLP) to get a final prediction £,
The final prediction is shown in Figure 2(c).

Training: We optimize the model’s parameters by the following
loss function:

L=Lrecta- Lkp, (2)
where Ly is the sum of the categorical cross entropy (CCE) loss be-
tween the ground truth semantic label F? and the model prediction
F? for any frame i:

Lrec = ) CCE(F, FY), 3)

and Lk is the Kullback-Leibler divergence loss between the latent
Gaussian space and the normal distribution N:

Lx1 = KL(Q(z|F, V3)[IN). 4

Here we use Q to represent the encoder network in our cVAE
combined with the sampling process with the reparameterization
trick. Inspired by Higgins et al. [2016], we also multiply L with a
weight & to control the balance between the reconstruction accuracy
and diversity.

3.3 Scene Synthesis

Contact Object Recovery. Given the accumulated contact points
from each frame predicted by ContactFormer (Figure 2(d)), we
further reduce spatial prediction noise by performing a local object
class majority voting as shown in Figure 4. Then, the vertices of each
predicted object class are clustered into possible contact instances
Ve, using the shortest length of all object edges in that class as € for
clustering. In practice, we downsample the contact vertices to keep
later computations tractable.

We then optimize the poses of the object point cloud V, by
minimizing the following losses:

L(Ve,Vo) = Leontact + Lpen- (5
The contact loss Lcontact is defined as
1 . 2
Lecontact = Acontactm Z z:melg [loe — Uo”gs (6)
c vpev, 20V

where Acontacr is a tunable hyperparameter. This loss encourages
the object to be in contact with the predicted human vertices. The
penetration loss Lyep, is defined as:

Lpen = Apen Z dézs (7)
di<t
where d!. are signed distances between the object and the human
body sequence, t is the penetration distance threshold. This loss
prevents the object from penetrating the human body sequence.
Intuitively, these losses encourage objects to be in contact with
human meshes, but not penetrate them. An illustration of the opti-
mized object placement is shown in Figure 2(e). To improve compu-
tation efficiency, we choose to compute human SDF from merged
human meshes of the motion sequence. To have a consistent scale
of loss across different objects, we choose the number of sampled
points according to the size of the object.
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Inconsistencies

After Voting

Figure 4: Illustration of the local majority voting. From the
zoomed-in box, there are multiple inconsistent points in
the original contact points. The pink points represent the
semantic label bed, and the green points represent the label
sofa. We alleviate this issue by adding majority voting.

Constrained Scene Completion. To obtain a complete scene, we
also predict non-contact objects as a scene completion task con-
strained by 3D human trajectories and existing in-contact objects.
The floor is divided into a grid, and each cell is labeled as occupied
if feet vertices or object vertices are in close proximity. Consider-
ing the furniture categories in a room as a sequence, we train an
autoregressive transformer model on the 3D-FRONT dataset [Fu
et al. 2021a]. The model takes as input the categories of existing
objects and returns a probability distribution of the next potential
object category. We sample a category from the distribution and
randomly place an object of that category onto an unoccupied floor
grid. To prevent the sampled object from penetrating the human
body sequence, we further optimize the object’s translation and
rotation using our Ly, (see Equation 7).

4 EXPERIMENT SETUP

In this section, we introduce the datasets and implementation details
for the whole SUMMON framework.

4.1 Datasets

We use the PROXD [Hassan et al. 2019] dataset for training our
ContactFormer. PROXD uses RGB-D cameras to capture 20 human
subjects interacting with 12 scenes. We represent human poses
using the SMPL-X format to reconstruct human body meshes. The
pose sequences in PROXD are estimated using SMPLify [Bogo
et al. 2016] and contain many jitters. We apply LEMO [Zhang et al.
2021], a learned temporal motion smoothness prior, to produce
smooth human motion as training data. Our ground truth per vertex
contact semantic labels are generated using scene SDF with contact
semantic labels from PROX-E [Zhang et al. 2020a], which extends
PROXD by manually annotating the scene meshes with predefined
object categories. We define human-scene contact as the signed
distance between a human vertex and the scene to be less than 0.05.

We select objects from 3D-FUTURE [Fu et al. 2021b] to be placed
into the scenes. 3D-FUTURE is a dataset of categorized 3D models
of furniture with their original sizes. We use a selected subset of
3D-FUTURE to reduce candidate search time. To simplify contact
estimation and limit predicted object classes to the available ones
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in our object dataset, we reduce the contact object categories in the
PROX-E dataset from 42 to 8.

We use the GIMO dataset [Zheng et al. 2022] as another test
dataset for evaluating the generalization ability of the proposed
method on out-of-distribution data.

4.2 Implementation

ContactFormer. For the encoder and decoder GNNs, we choose
the number of hidden layers to be 3. The dimension for each hidden
vertex feature in the GNNs is 64. In the GNN encoder, we downsam-
ple the body vertices after each hidden layer by a factor of 4. We
deploy a similar architecture for the transformer layers as used in
the previous work [Vaswani et al. 2017]. We provide training details
and hyperparameter choices in the supplementary materials.

To compare different architectures’ capacities for extracting tem-
poral information, we also implement models that use MLP and
LSTM [Greff et al. 2016] modules as the final block on top of the
GNN decoder. For the model that uses the MLP module, we deploy
a max pooling layer to the output of the GNN decoder along the
dimension of vertices. Then we feed it to an MLP block to get the
embedding for the whole sequence. The sequence embedding is
then fused with the output of the GNN decoder to get the final
prediction via a linear projection. For the model that uses the LSTM
module, we linearly project the outputs from the GNN decoder into
a higher dimensional embedding space and feed them to a bidirec-
tional LSTM layer to extract features for each frame. Frame features
are then concatenated with the output from the GNN decoder to
obtain final semantic labels.

Contact Object Recovery. To reduce noise in contact semantic
estimation, we use majority semantic voting in point cloud clusters
with € = 0.1 and minPts = 10. In point cloud clustering for object
instance fitting, we used different values for ¢ for different classes
due to their different sizes.

To place objects into the scene at an appropriate height, we first
cluster all the human body vertices that are in contact with the floor.
We then take the minimum medians of all clusters as the estimated
floor height. Next, we translate the object to place its lowest vertex
on the floor.

To avoid local minima, we perform a grid search for translation
along the floor plane and rotation around the up axis to warm-
start the initial transformation. We then optimize for the same
transformation parameters on top of the results from the grid search.
In both cases, We use different Acontact Apen and ¢ to accommodate
for different properties of object classes. We keep the transformation
that achieves the lowest loss as the optimization result.

To achieve scene diversity, we consider inter-class and intra-class
diversity. Inter-class diversity is when a human motion is likely
to interact with different classes of objects. For example, sitting
down can be performed on a chair, a bed, or a sofa. To achieve this,
we first sample per-vertex contact semantics based on the contact
probability distribution predicted by ContactFormer. During local
clustering of contact object recovery, we consider class labels in
local clusters as a probability distribution and sample the cluster
contact class. Intra-class diversity is when a human motion is likely
to interact with different instances of the same object class. To
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Table 1: Results of contact prediction. We use the reconstruc-
tion accuracy and the consistency score as metrics. Our Con-
tactFormer clearly outperforms the baselines.

Models Reconstruction Acc. T Consistency Score T
MLP Predictor 0.9082 0.8922
LSTM Predictor 0.9087 0.9209
POSA 0.9106 0.8816
ContactFormer (ours) 0.9120 0.9518

Second time on the bed

First time on the bed

Bed Sofa

POSA

ContactFormer

Figure 5: Visualizations of the contact prediction results of
POSA and our ContactFormer. Left: Contact predictions from
POSA and ContactFormer when the person lies on the bed.
Right: Contact predictions from POSA and ContactFormer
when the person lies on the bed again after walking around.
ContactFormer has better consistency when the person lies
in bed for the second time.

achieve this, we perform grid search and optimization on all the
instances from the object class.

5 EVALUATIONS

In this section, we introduce evaluation metrics, baselines, and
results on contact prediction and scene synthesis. We encourage
the readers to watch the video in the supplementary materials.

5.1 Contact Semantic Prediction

Baselines. We compare with three baselines, including POSA [Has-
san et al. 2021b], an architectural variant that uses a multi-layer
perceptron (MLP) based predictor, and a temporal information fu-
sion variant that uses a bidirectional LSTM [Greff et al. 2016].

Metrics. We use two metrics for evaluating the contact semantic
prediction: reconstruction accuracy and consistency score. The re-
construction accuracy is computed as the average correctness of
the predicted label compared with the ground-truth label for each
vertex. The consistency score is designed following this intuition: if
we accumulate predicted contact points from each frame, close con-
tact points should have consistent contact semantic labels. Hence,
this loss is computed as follows: Given a pose sequence and the ac-
cumulated contact points, for each point, we compare its predicted
contact label with the contact labels of its neighboring points to
see if the prediction agrees with the majority of the neighboring
contact labels (i.e., a high consistency score).

Results. Table 1 shows the reconstruction accuracy and the con-
sistency score of all methods on the validation set of PROXD. We
find that ContactFormer achieves competitive performance in terms
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Figure 6: Visualizations of the generated objects based on human trajectories. The human trajectories are from the PROXD
dataset and the unseen GIMO dataset. The first column shows the trajectory. The second column shows the results from
the ContactICP baseline. The third column shows the results from the Pose Prior baseline. The fourth to sixth columns are

snapshots of results generated by SUMMON.

of reconstruction accuracies and significantly outperforms all the
baselines in consistency scores. This demonstrates the superior-
ity of the transformer-based architecture in predicting temporally
consistent yet accurate contact labels.

Figure 5 visualizes the output contact labels from ContactFormer
and POSA. We notice that ContactFormer predicts consistent labels
the second time the human tries to lie on the bed, while POSA, due
to its lack of temporal information, predicts a different label.

User study. We conduct a user study to evaluate the quality of
the contact semantic label predictions, where we compare Con-
tactFormer with POSA. For each pose sequence in the validation
dataset, we render a video showing the human motion, predicted
contact semantic labels, and the ground truth scene. We show the
predicted contact semantic labels by rendering small areas around
body vertices in different colors depending on their labels. Each
video is rendered from a camera angle that can clearly capture
human motion and semantic labels. For each pose sequence, we ask
the human subjects the following question: "Which video seems to
have a more reasonable contact label prediction?". Among 22 users,
78.12% of the users choose ContactFormer over POSA, believing
ContactFormer provides more reasonable and convincing results.
This result echoes the quantitative results in Table 1.

5.2 Contact Object Recovery

Baselines. Since our problem is novel and there are no baselines,
we devise two reasonable baselines ourselves: contact-informed
point cloud registration (ContactICP) based on point-to-point ICP [Besl
and McKay 1992] and object alignment with pose priors (Pose Pri-
ors) based on the orientation of the hip. We provide the details of
those methods in the supplementary materials.

Metrics. We use the non-collision score proposed by Zhang et al.
[2020a]. This score estimates the collision ratio between human
body mesh and scene objects. Since all the methods, including

Table 2: Non-collision scores for contact object recovery on
the smoothed PROXD and the unseen GIMO dataset. For
each sequence, the score is computed to be the mean of all
possible generated scenes. Higher scores are better.

Method PROXD GIMO
ContactICP 0.654 0.820
Pose Priors 0.703 0.798
SUMMON w/o optimization  0.815 0.937
SUMMON (ours) 0.851  0.951

SUMMON, first align the object to the centroid of contact points,
contact constraints are naturally satisfied.

Results. For each sequence, we compute the mean of the non-
collision scores for all the objects in the scene. In Table 2, we compare
the mean non-collision scores on the smoothed PROXD dataset [Zhang
et al. 2021], which was used during training, and the unseen GIMO
dataset [Zheng et al. 2022], which also provides SMPL-X parameters
for humans interacting with scenes.

We visualize comparisons between our method and the base-
lines in Figure 6. We find that SUMMON can synthesize objects
that are physically plausible and semantically reasonable. Contac-
tICP usually suffers from large penetrations because the contact
points might be sparse for registration. While Pose Priors can have
seemingly correct object locations and orientations, it often fails to
consider physical constraints.

Figure 7 demonstrates various possible scenes generated from
the same human motion trajectory by SUMMON. We find that
SUMMON can generalize intra-class (e.g., chairs with different ap-
pearances) and inter-class (e.g., sofa to a bed). We provide additional
examples in the supplementary materials.

Human user study. We follow the same procedure as in Sec-
tion 5.1. Instead of contact prediction, we present the users with
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Figure 7: Visualizations of possible alternative object placements generated by SUMMON based on the same human trajectories.
In this example, an in-contact object can be a chair, a sofa, or a bed, as long as it does not violate physical constraints. SUMMON
can also generate different instances (e.g., chairs) within the same category.

Human Meshes Object Recovery

*}‘

Synthesized Scene 2

Synthesized Scene 1

Figure 8: Visualizations of scene completion. Based on all the in-contact objects and human motion trajectories, SUMMON now
generates the objects that are not in contact with human meshes. While there is no contact, it makes the scene more complete
and introduces the potential for future synthesized human motion sequences to interact with additional objects.

the animated human motion sequences and the predicted objects in
the scene, and ask them to choose the most plausible and realistic
placement. From the statistics, we find that 74.5% of the users se-
lect SUMMON over ContactICP and Pose Priors. We find that Pose
Priors has a 23.5% user selection rate, showing that it can produce
reasonable results in some cases.

Ablations. We also perform ablation on the optimization objec-
tives. Table 3 shows that both the penetration loss and the contact
loss are important for SUMMON. Intuitively, the penetration loss
helps the object to avoid a collision, while the contact loss helps
to keep the object close to humans. We use both the non-collision
score and the contact score. The contact score is computed as the
fraction of objects in the scenes that are in contact with the human
trajectory Zhang et al. [2020a].

5.3 Scene completion

To generate a full-fledged scene, we train another object generation
model following Paschalidou et al. [2021] as in Section 3.3. The
model outputs a family of possible objects that does not contact or
penetrate human meshes. Using this model, we generate a fuller
scene with both in-contact and no-contact objects. Visualized re-
sults are in Figure 8. The completed scenes have additional objects,
such as a TV stand or a coffee table. While there is no contact be-
tween these objects and the human meshes, they make the scene
semantically more realistic.

Table 3: Ablation study on the losses. The penetration loss
and the contact loss are ablated. We use the non-collision
score and the contact score as metrics.

Method non-collision score T  contact score T
SUMMON 0.894 1

w/o penetration loss 0.656 1

w/o contact loss 0.995 0.194

6 CONCLUSION

We propose Scene Synthesis from HUMan MotiON (SUMMON), a
framework that generates multi-object scenes from a sequence of
human interaction. SUMMON leverages human contact estimations
and scene priors to produce scenes that realistically support the
interaction and the semantic context. The flexibility of SUMMON
also enables the synthesis of diverse scenes from a single motion
sequence. We hope this can also shed light on generating inexpen-
sive diverse human-scene interaction datasets. In the future, we are
interested in exploring the following directions. Since PROXD does
not consider soft-body interactions, a potential direction would
be considering soft-body deformation of objects such as beds and
sofas. Our method considers synthesized scenes to be stationary,
hence future works can include movement and rearrangement of
furniture during human-scene interaction. As PROXD categorizes
all the smaller interaction objects such as books, cups, or TV re-
motes into a single category, one potential extension to our method
would be to include interactions with more specific small objects.
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