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Fig.1: We present COUCH. A dataset and model for synthesizing controllable,
contact-driven human-chair interactions.

Abstract. Humans interact with an object in many different ways by
making contact at different locations, creating a highly complex motion
space that can be difficult to learn, particularly when synthesizing such
human interactions in a controllable manner. Existing works on synthe-
sizing human scene interaction focus on the high-level control of action
but do not consider the fine-grained control of motion. In this work, we
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study the problem of synthesizing scene interactions conditioned on dif-
ferent contact positions on the object. As a testbed to investigate this
new problem, we focus on human-chair interaction as one of the most
common actions which exhibit large variability in terms of contacts. We
propose a novel synthesis framework COUCH that plans ahead the mo-
tion by predicting contact-aware control signals of the hands, which are
then used to synthesize contact-conditioned interactions. Furthermore,
we contribute a large human-chair interaction dataset with clean annota-
tions, the COUCH Dataset. Our method shows significant quantitative
and qualitative improvements over existing methods for human-object
interactions. More importantly, our method enables control of the mo-
tion through user-specified or automatically predicted contacts.

1 Introduction

To synthesize realistic virtual humans which can achieve goals and act upon the
environment, reasoning about the interactions and in turn contacts, is necessary.
Reaching a goal, like sitting on a chair, is often preceded by intentional contact
with the hand to support the body. In this work, we investigate a motion syn-
thesis method which exploits predictable contact to achieve more control and
diversity over the animations.

Although most applications in VR/AR [33,39], digital content creation and
robotics require synthesizing motion within the environment, it is not consid-
ered in the majority of works in human motion synthesis [15,17,44,37]. Recent
work does take the environment into account but is limited to synthesizing
static poses [20,065]. Synthesizing dynamic human motion coherent with the en-
vironment is a substantially harder task [52,25,29,53,54] and recent works show
promising results. However, these methods do not reason about intentional con-
tacts with the environment, and can not be controlled with user provided con-
tacts.

Thus, in this work, we investigate a new problem: synthesizing human mo-
tion conditioned on contact positions on the object to allow for controllable
movement variations. As a testbed to investigate this new problem, we focus on
human-chair interactions as one of the most common actions, which are of crucial
importance for ergonomics, avatars in virtual reality or video game animation.
Contact-driven motion synthesis is a more challenging learning problem com-
pared to conditioning only on coarse object geometry [52,25]. First, the human
needs to approach the chair differently depending on the contacts, regardless of
the starting position, walking around it if necessary. Second, a chair can be ap-
proached and contacted in many different ways; we can directly sit without using
our hands, or we can first support the body weight using the left /right or both
hands with different parts of the chair, as illustrated in Figure 1. Furthermore,
different styled free-interactions can be modeled such as leaning back, stretching
legs, using hands to support the head, and so on.

Contact-driven motion allows for providing more detailed instructions to the
virtual human such as approaching to sit on the chair, while supporting the
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body with the left hand and placing it on the armrest. Given the contact and
the goal, the full-body needs to coordinate at run-time to achieve a plausible
sequence of pose transitions. Intuitively, this emulates our planning of motion
as real humans: we plan in terms of goals and intermediate object contacts to
reach; the full-body then moves to follow such desired trajectories.

To this end, we propose COUCH, a method for controllable contact-driven
human-chair interactions, which is composed of two core components: 1) Con-
trolNet is responsible for motion planning by predicting the future control signal
of the body limbs which guides the future body movement. Our spatial-temporal
control signal consists of dynamic trajectories of the hands towards the contact
points and the local phase, an auxiliary continuous variable that encodes the
temporal information of a limb during a particular movement (e.g. the left hand
reaching an armrest). 2) PoseNet conditions on the predicted control signal
to synthesize motion that follows the dynamic trajectories, ensuring the con-
tact point is reached. At runtime, COUCH can operate in two modes. First, in
an interactive mode where the user specifies the desired contact points on the
target object. Second, in a generative mode where COUCH can automatically
sample diverse intentional contacts on the object with a novel neural network
called ContactNet. Training and evaluating COUCH calls for a dataset of rich
and accurate human chair interactions. Existing interaction 3D datasets [52] are
captured with Inertial Sensors, and hence do not capture the real body motion
and the contacts with the real chair geometry — instead synthetic chairs are
fit to the avatar as post-process in those works. Hence, to jointly capture real
human-chair interactions with fine-grained contacts, we fit the SMPL model [12]
and scanned chair models to data obtained from multiple Kinects and IMUs.
The dataset (the COUCH dataset, Table 1) consists of 3 hours (over 500 se-
quences) of motion capture (MoCap) on human-chair interactions. Moreover it
features multiple subjects, accurately captured contacts with registered chairs,
and annotation on the type of hand contact. Our experiments demonstrate that
COUCH runs in real-time at 30 fps, COUCH generalizes across chairs of var-
ied geometry, and different starting positions relative to the chair. Compared
to SoTA models (trained on the same data) adapted to incorporate contacts,
our method significantly outperforms them in terms of control by improving the
average contact distance by 55%.

The contributions of our work can be summarized as follows:

{ We propose COUCH, the first method for synthesizing controllable contact-
based human-chair interactions. Given the same input control, COUCH can
achieve diverse sitting motions. By specifying different control signals, the
user enables control over the style of interaction with the object. Results
show our method outperforms the state of the art both qualitatively and
quantitatively.

{ To train COUCH, we captured a large-scale MoCap dataset consisting of 3
hours (over 500 sequences) of human interacting with chairs in different styles
of sitting and free movements. The dataset features multiple subject, real
chair geometry, accurately annotated hand contacts, and RGB-D images.
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{ To stimulate further research in controllable synthesis of human motion, we
release the COUCH model and dataset [1].

2 Related Work

Scene agnostic human motion prediction. Synthesizing realistic human
motion has drawn much attention from the computer vision and graphics com-
munities. However, many methods do not take the scene into account. Existing
methods on short (1 sec) [45,21,47,17,60,57,5,62,27] and long (>1 min) [31,19]
term 3D human motion prediction aim to produce realistic-looking human mo-
tion (typically walking and its variants). There also exists work on conditional
motion generation based on music [37]. These methods have two major limita-
tions, 1) except for work that use generative models [41,24,20,6,28], these methods
are largely deterministic and cannot be used to generate diverse motions and ii)
this body of work is unfortunately agnostic to scene geometry [36,44], which is
critical to model human scene interactions. Our method on the other hand can
generate realistic motion and interactions, taking into account the 3D scene.

A ordance and Static Scene Interactions. Although the focus of our work
is to model human-scene interactions over time, we find the works predicting
static affordances in a 3D scene [38] relevant. This branch of work aims at predict-
ing and reconstructing static humans in a scene [65,64,26,59,61] that satisfies the
scene constraints. More recently there have been attempts to model fine-grained
interactions (contacts) between the hand and objects [16,50,10,35,66,55].

The aforementioned methods focus on predicting static humans / human
poses that satisfy the scene constraints in case of affordances or grasping an
object in case of hand-object interactions. But these methods cannot produce a
full sequence of human motion and interaction with the scene. Ours is the first
approach that can model fine-grained interactions (contacts) between an object
in the scene and the human.

Dynamic Scene Interactions. Although various algorithms have been pro-
posed for scene-agnostic motion prediction, affordance prediction as well as the
synthesis of static human-scene interaction, capturing [22,23,40], let alone gen-
erating dynamic human-scene interactions is less explored. Recent advances in-
clude predicting human motion from scene images [11], and using a semantic
graph and RNN to predict human and object movements [15]. More recently,
Wang et al. [58] introduce a hierarchical framework that generates ‘in-between’
locations and poses on the scene and interpolates between the goal poses. How-
ever, it requires a carefully tuned post-optimization step over the full motion
synthesis to solve the discontinuity of motion between sub-goals and to achieve
robust foot contacts with the scene. Alternatively, Chao et al. [14] use a rein-
forcement learning based approach by training a meta controller to coordinate
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Right handed contacts

Contacts with both hands

Fig.2: (A) The COUCH dataset captures a diverse range of chair interaction
with an emphasis on hand contacts. It consists of RGB-D images, corresponding
MoCap in the SMPL [12] format, chair geometry and annotations on types of
hand interaction. (B) COUCH dataset captures natural modes of interactions
with a chair, as demonstrated by the heatmaps of contact clusters. Most common
contacts while sitting, include right hand support or both hands.

sub-controllers to complete a sitting task. An important category of human-
scene interaction involves performing locomotion on uneven terrains. The Phase-
functioned Neural Network [30] first introduced the use of external phase vari-
ables to represent the state of the motion cycle. Zhang et al. [63] applies same
concept for quadruped motion and further incorporates a gating network that
segments the locomotion modes based on foot velocities. Both works show im-
pressive results thanks to the mixture of experts [18] styled architectures.

The most relevant work to us, are the Neural State Machine (NSM) [52] and
SAMP [25]. While NSM is a powerful method and models human-scene inter-
actions such as sitting, carrying boxes and opening doors, it does not generate
motion variations for the same task and object geometry. SAMP predicts diverse
goal locations in the scene for the virtual human, which is then used to drive
the motion generation. Our work takes inspiration from these works, but it is
demonstrated qualitatively and quantitatively from our experiments that nei-
ther of the work enables control over the style of interaction (Section 5.2). Our
work focus on controllable, fine-grained interactions given on contacts on the
object. To the best of our knowledge, no previous work has tackled the problem
of generating controllable human-chair interactions.

3 The COUCH Dataset

Large scale datasets of human motion such as AMASS [43] and H3.6m [32]
have been instrumental to build models of human motion. Unfortunately, these
datasets only contain sequences of 3D poses but no information about the 3D
environment, making these datasets unsuitable for learning human interactions.
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Table 1: Comparison with existing motion capture datasets for human chair
interactions. The COUCH dataset features registered real chairs models, multiple
subject, and RGB-D data. The types of hand contact are also annotated.

Features NSM[52] SAMP[25] Ours
Real Objects 7 3 3
Multiple Subjects 7 7 3
Contact Types 7 7 3
RGB-D 7 7 3

On the other hand, datasets containing human-object interactions are either
restricted to just grasping [10,56], contain only static human poses [26] without
any motion, or have little variation in motion [52].

We present a multi-subject dataset of human chair interactions (see Fig. 2).
Our dataset consists of 6 di erent subjects interacting with chairs with over 500
motion sequences. We collect our dataset using 17 wearable Inertial Measure-
ment Units (XSens) [4], from which we obtain high-quality pose sequences in
SMPL [42] format using Unity [34]. The total capture length is 3 hours.

Motion capture with marker-based capture systems is restrictive to captur-
ing human-object interactions because markers often get occluded during the
interactions leading to inaccurate tracking. IMU-based systems are prevalent
for large-scale motion capture, however, the error from its calibration can lower
the accuracy of the motion. We propose to combine IMUs with Kinect-based
capture system as an e cient trade-o between scalability and accuracy. Our
capture system is lightweight and can be generalized to capture many human
scene interactions. We use the SMPL registration method similar to [8,50,7,9] to
obtain SMPL ts for our data. The dataset is captured in four di erent indoor
scenes. The average tting error for the SMPL human model, and the chair scans
to the point clouds from the Kinects are 3.12 cm and 1.70 cm, respectively (in
Chamfer distance). More details about data capture can be found in supp. mat.
Diversity on Starting Points and Styles. We capture people approaching
the chairs from di erent starting points surrounding the chairs. Each subject
then performs di erent styles of interactions with the chairs during sitting. This
includes, one hand touching the arm of the chair, both hands touching the arm-
rests of the chair, one hand touching the sitting plane of the chair before sitting
down, and no hand contacts. It also includes free interactions such as crossing
legs or leaning forward and backward on the chairs. To ensure the naturalness
of motion, each subject is only provided with high-level instruction before cap-
turing each sequence and was asked to perform their styles freely. Annotations
of the direction of the starting points relative to the chair as well as the type of
hand contact are included in the dataset.

Objects. Our dataset contains three di erent chair models that vary in terms of
their shapes, as well as a sofa. The objects are 3D scanned [3,2] before registering
into the Kinect captured point clouds. To generalize the synthesized motion to
unseen objects, we perform data augmentation as in [52].
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Fig. 3: Given user speci ed or model generated contacts, our method which con-
sists of the ControlNet and the PoseNet, auto-regressively synthesizes contact
satisfying motion.

Contacts. Studying contact-conditioned interaction calls for accurate contacts
to be annotated in the dataset. Since we capture both the body motion and the
object pose, it is possible to capture contacts between the body and the object.
We detect the contacts of ve key joints of the virtual human skeleton, which are
the pelvis, hands, and feet. We then augment our data by randomly switching
or scaling the object at each frame. The data augmentation is performed on
30 instances from ShapeNet [13] over categories of straight chairs, chairs with
arms, and sofas. At every frame, we project the contacts detected from the
ground truth data to the new object, and apply full-body inverse kinematics to
recompute the pose such that the contacts are consistent, keeping the original
context of the motion.

4 Method

We address the problem of synthesizing 3D human motion that is natural and
satis es environmental geometry constraints and user-de ned contacts with the
chair. COUCH allows ne-grained control over how the human interacts with
the chair. At run-time, our model operates in two modes. First, a generative
mode where COUCH can automatically sample diverse intentional contacts on
the object with our proposed generative model. Second, an interactive mode
where the user speci es the desired contact points on the target object.

As illustrated in Figure 3, the input to our method is the current character pose,
the target chair geometry as well the target contacts for the hands that need
to be met. Our method takes these inputs and predicts the future poses that
satisfy the desired contacts auto-regressively.

4.1 Key Insights

While prior work generates human motion based on a single speci ed goal lo-
cation [52,25,30], our model is driven by a set of user-specied or predicted
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body contacts on the object. This signi cantly more challenging task allows ne-
grained control. Our model is motivated by the way humans execute complex
interactions e.g., to sit on the chair, we rst prepare a mental model (planning)
of how we will sit (place a hand on the arm-rest and sit, place a hand on the sit-
ting plane and sit or just sit without using the hands etc.) and then we move our
bodies accordingly. Hence, we propose two neural networkSontrolNet f N (),
and PoseNetf PN (), for motion planning and motion prediction respectively.
Furthermore, we observe that it is only useful to perform detailed hand mo-
tion planning only when we are close to the chair right before sitting. Thus, we
decompose the motion synthesis intaapproaching and sitting. The approaching
motion can be generated directly with PoseNet but both networks ControlNet
and PoseNet are required for generating thesitting motion that satis es the
given contacts.

4.2  Motion Planning with ControlNet

ControlNet is the core of our method and plays an important role in motion
planning, that is predicting the future control signals of the key joints which
are used to guide the body motions. At a high level, the contact-aware control
signal contains the local phases and the future locations of the key joints (in our
case, the two hands). The local phase is an auxiliary variable that encodes the
temporal alignment of motion for each of the hands and prepares for a future
contact to be made. When the virtual human is ready to make contact with the
chair, and at the beginning of the hand movement, the local phase is equal to O,
and it gradually reaches the value 1 as the hand comes closer to the contact. The
hand trajectory, on the other hand, encodes the spatial relationship between the
hand joint and the given contact location.

More formally, we de ne our spatial-temporal control signal at frame i +1 to
beC/,, = fhi,;; 5,0 whereh’,, 2 R? 3  represents the future position
of the two hand joints relative to their corresponding desired contact pointc 2
R? 3, and their local phases are represented by 2 R2 . We predict the
control signal for * =7 time stamps sampled uniformly between [0, 1] second
window centered at framei + 1.

We use an LSTM basedf “N () to predict the control signal,

Cly = FN(; ) (1)

whereh; 2 R2 3 ' denote * points interpolated uniformly on the straight
line from the current hand locations to their desired contact locationsc. Intu-
itively, these interpolated positions encourages the ControlNet to predict future
hand trajectories that always reach the given contacts. ;| 2 R?>  denotes the
local phases of the hands over = 13 frames sampled uniformly between the
[-1, 1] second window centered at framé.

The ControlNet is trained to minimize the following MSE loss on the future
hand trajectories and the local phase, which is formulated as follows:

L control = 1|(hi)f+1 ﬁi++1 k§+ 2K i++1 Ai++1 k%"’ 3lreg: 2)
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Here, h{,;; {.; are the network predicted future trajectories and local phases.
ﬁi"+1 ; "i"+1 are the corresponding GT. We also introduce an additional regular-

ization term Lyeg = kh',;, Hiky. Please see supplementary for implementation
details regarding the network architectures and training.

4.3 Motion Synthesis with PoseNet

ControlNet generates important signals that guide the motion of the person such
that user-de ned contacts are satis ed. To this end, we train PoseNetf PN (),
that takes as input the control signals predicted by the ControlNet along with
the 3D scene and motion in the past and predicts full body motion.

Jis1 Ty Ghy s i b Tiss i bisy = £PN(CH 30 TG ES 1) ()

where C;" is the control signal generated by theControlNet. We represent the
current state of motion for the human model: J; = (jP;jV;j{) contains root
relative position jP 2 Rl 3, rotation j} 2 RI © and velocity j | 2 Rl 2 of each
joint at frame i. We usej = 22 joints for our human model. T; = (tP;t?%;t2)
contains the root positionstP 2 R 2 and rotation t* 2 R ¢ for = 13
frames sampled uniformly between the [-1, 1] second window centered at frame
i.t2 2 R 2 are the soft labels which describe current action over ours three
action classes, namely, idle, walk, and sit. Inspired by Starke et al., [52], we also
use intermediate goalsG; = (gP; g% g?), whereg? 2 R 3, g2 R 6 are the
goal positions and orientations at framei. g2 2 R 2 are the one-hot labels
describing the intended goal action.

To accurately capture the spatial relation between the person and the chair, we
voxelize the chairintoan 8 8 8 grid and store at each voxel its occupancyR)
and the relative vector between the root joint of the person and the voxel R3).
This allows us to reason about the distance between the person and di erent
parts of the chair. We atten this grid to obtain our chair encoding |; 2 R?%48
at time-step i.

In order to explicitly reason about the collisions of the person with the chair,
we voxelize the region around the person into a cylindrical ego-centric grid and
store the occupancies corresponding to the chair (if it is inside the grid). We
atten the occupancy feature to obtain E; 2 R4%, |t is important to note that
although I; and E; are scene encodings, they serve di erent purposes. is chair-
centric and entails information about how far is the person from the chair and
the geometry of the chair, while E; is ego-centric and detects collisions in the
surrounding of the human model. In addition, we also introduce an auxiliary
variable 2 [0;1] as in [47,30], which encodes the global phase of the motion.
When approaching the goal, the represents the timing within a walking cycle,
for sitting the phase equals 0 when the person is still standing and reaches 1
when the person has sat.

The components of the output of the network di ers from the input to a small
extend by additionally predicting j‘ip+1 are the joint positions relative to future
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root 1 second ahead. To ensure the human model can reach the chair, we in-

troduce the goal-relative root trajectory Ti.« = fl‘ip+1 ;ﬁt1 g which include the
root positions and forward directions relative to the chair of framei + 1. The
rest of the components remain consistent with the input include the the future
poseldi.1, future root trajectory T, , the future intermediate goals G;,, , and
the future global phase ;.. The PoseNetf PN () adopts a mixture-of-experts
[30,25,52,53] and is trained to minimize the standard MSE loss.

4.4 Contact Generation with ContactNet

From the user's perspective, it is useful to automatically generate plausible con-
tact points on any given chairs. To this reason, we proposeContactNet. The
network adopts a conditional variational auto-encoder[51] architecture (cVAE)
which encodes the chair geometryl introduced in Section 4.3 and the contact
positions ¢ 2 R? 3 to a latent vector z. The decoder of the network then recon-
structs the hand contacts€ 2 R? 2. Note, the position of each voxel in the scene
representation | in this case is computed relative to the center of the chair in-
stead of the character's root. During training, the network is trained to minimize
the following loss,

Leonact = k& k3 + KL (qa(zjc;1)kp(z)); (4)

where KL denotes the Kullback-Leibler divergence. During inference, given the
scene representationl of a novel chair, we sample the latent vectorz from the
uniform Gaussian distribution N (0; 1), and use the decoder to generate plausible
hand contactsc 2 R? 3.

4.5 Decomposition of Approaching and Sitting Motion

Detailed hand motion planning is only required when the human model is close
enough to the chair right before sitting as sitting requires synthesizing more
precise full-body motion, especially for the hands, such that the person makes
the desired contacts and sits on the chair. For this reason, we decompose our
synthesis into approaching and sitting by only activating the ControlNet during
the sitting. When the ControlNet is deactivated the control signal or when a
\no contact” signal is present the control signal for the corresponding hand is
zeroed.

5 Evaluation

Studying contact-conditioned interaction with chairs requires accurately labelled
contacts and a diverse range of styled interactions. The COUCH dataset is cap-
tured to meet such needs. We evaluate our contact constrained motion synthesis
method on the COUCH dataset qualitatively and quantitatively. Our method is
the rst approach that allows the user to explicitly de ne how the person should
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contact the chair and we generate natural and diverse motions satisfying these
contacts. As such we evaluate our method on three axis, (i) accuracy in reaching
the contacts, (ii) diversity and (iii) naturalness of the synthesized motion. For
qualitative results, we highly encourage the readers to see our supplementary
video. It can be seen that our method can generate diverse and natural motions
while reaching the user-speci ed contacts. We quantitatively evaluate the accu-
racy of contacts and motion diversity on a total of 120 testing sequences on six
subject-speci ¢ models trained on corresponding subsets of our COUCH dataset.
Note that we evaluate raw synthesized motion without post-processing.

5.1 Baselines

To our best knowledge, the most related work to ours are the Neural State
Machine (NSM) [52] and the SAMP [25] since they both synthesize human-
scene interactions. However, neither of the methods allows the use of ne-grained
control over how the interaction should take place. We adapt these baselines for
our task by additionally conditioning on the contact positions and refer to these
new baselines as NSM+Control and SAMP+Control. Quantitative results are
reported for both the original baselines and their adapted version. For each of
the methods, we train subject-speci ¢ models with the corresponding subset of
our COUCH dataset using the code provided by the authors. Our experiments,
detailed below, show that naively providing contacts as input to existing motion
synthesis approaches does not ensure that the generated motion satis es the
contacts. Our method, on the other hand, does not su er from this limitation.

5.2 Evaluation on Control

In order to evaluate how well our synthesized motion meets the given contacts, we
report the average contact error (ACE) as the mean squared error between the
predicted hand contact and the corresponding given contact. We use the closest
position of the predicted hand motion to the given contact as our hand contact.
Since ACE might be susceptible to outliers and inspired by the literature on
object detection [40,49,48,12], we also reporaverage contact precision(AP@Kk),
where we consider a contact as correctly predicted if it is closer thak cm.

We compare our method with NSM+Control and SAMP+Control in Table 2.
It can be observed that COUCH outperforms prior methods by a signi cant
margin. Prior methods are trained to condition on the contact positions, however
it is shown (Figure 4) that they over-t to the training contacts and cannot
reason correctly about the given contacts during auto-regresssion. As a result
the constraints are often not met. This highlights the importance of motion
planning in form of trajectory predictors in order to reach the desired contacts.
Our ControlNet provides valuable information on how to synthesize motion such
that the given contacts are satis ed. Our motion prediction network PoseNet uses
these control signals to generate contact constrained motions.
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