
Supplementary Materials for
MAMMOS: MApping Multiple human MOtion

with Scene understanding and natural interactions

MAMMOS creates motions of multiple humans within
a 3D scene by a modular approach. In the supplementary
material, we provide further details on how each module is
implemented (Section A) and how the naturalness of motion
is evaluated (Section B). Additionally, we also present more
qualitative results (Section C) and discuss the limitations of
our work (Section D).

A. Implementation Details

A.1. Anchor Placement

At the first stage of the pipeline, we generate poses cor-
responding to the input action labels. Then we place the
posed bodies in the given scene with an approach described
in POSA [6] without any modification. We do not provide
the details of POSA here, but the process of putting humans
in scene is described in Section 3.1 of the main paper.

A.1.1 Interaction Anchor Placement

Among the anchors with action labels, interaction anchors
need a more careful arrangement. For natural interaction
between two people, the interaction anchors need to be
close to each other, but not to the point where they collide.
We set the distance between two interaction anchors to a
value between 0.75m and 1.29m. In order for the interac-
tion anchors to face each other, at least one of the follow-
ing two conditions must be satisfied. The first condition is
that the angles of the facing directions of the interacting hu-
mans with respect to the line connecting the two interacting
agents should be less than 30 degrees. The second condition
is that the two rays of eye directions of the two agents meet
at one point and the angles should be less than 60 degrees.
The conditions are visualized in Figure 3 of the main paper.

A.2. Path Generation

A.2.1 Individual Path Generation

As described in Section 3.2, our path generation module
uses a modified A∗ algorithm [4] where the scene-aware
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Figure S1: Architecture of Neural Mapper. Changed com-
ponents from their origin [12] are highlighted with dotted
border.

stochasticity and collision avoidance terms are added to the
cost of the standard A∗ algorithm (Equation (1)).

For the scene-aware stochasticity, as shown in Figure S1,
we identically implement the CVAE model referred as Neu-
ral Mapper [12], except that the moving direction in a hori-
zontal plane is encoded and decoded as below [7]

Encode: θ → (sin θ, cos θ)

Decode: (o1, o2) → arctan 2(o1, o2).

We use the sin/cos encoding to represent the orientation be-
cause it is continuous around 2π and therefore has better
reconstruction property over their original [0, 1] encoding.
As with the original one, our Neural Mapper also expects
the input, which is the local scene context, to be encoded by
BPS [10]. To train the Neural Mapper, we extract motion se-
quences of 30 frames with sufficient horizontal movement
of the pelvis (≥ 0.1m) from PROX dataset [5], and obtain
the moving direction and the local scene context for each
motion sequence. We set the moving direction as the direc-
tion from the start position to the end position of the motion
sequence and acquire local scene context by encoding scene
vertices inside the 2m×2m×2m cube centered at the start-
ing point of the motion sequence using BPS with 104 basis
points. Leveraging the trained Neural Mapper, we calcu-
late feasibility score m(p, q) of each neighbor grid q from
current grid p as

m(p, q) = 1− α

π
,

where α (0 ≤ α ≤ π) is the shortest angle in radian between



the estimated moving direction and the direction from p to
q.

And for the collision-avoidance, we additionally added
tiny congestion-avoidance cost β

∑
k e

−dk to Equation (1),
where dk is the horizontal distance between the grid point q
and human k’s position at timestep t + 1 and β is a manu-
ally set constant considering the interval between grids. We
use 5 for the β. The congestion-avoidance cost does not
work as the main factor of our path-finding algorithm, but
it makes our algorithm slightly prefer the direction that is
distant from other existing humans.

A.2.2 Timeline Integration

To reduce the complexity of timeline integration (Section
3.2), we gradually align the temporal windows of interac-
tions, focusing on one interaction pair at each iteration. In
every iteration, we find unmatched interaction pair with the
lowest indicator value and shift the timeline that is earlier
than the other by adding idle paths in such a way as to avoid
possible collisions. But sometimes, there may be no possi-
ble cases to synchronize interaction without any collisions,
no matter how the timeline is shifted. In that case, we just
sync interaction first, then regenerate the problematic sub-
paths in the shifted timeline, as shown in Figure 5-(c). Dis-
cordance of length between the regenerated and previous
subpath can be handled by either augmenting the idle path
or additional iteration. Such a process is repeated until all
interaction pairs are synchronized, and no collisions occur
along the entire path.

A.3. Motion Completion

A.3.1 Moving Motion
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Figure S2: Architecture of moving motion synthesis net-
work. Boxes with dotted lines indicate components modi-
fied from their original implementation in [13].

When we create generalizable scene-aware moving mo-
tion in Section 3.3, we leverage the local SDF as the human-
centric local scene context. To acquire the local SDF, we
create a 30× 30× 30 cube-shaped grid centered at human’s

pelvis location, as shown in Figure 6, then gather the cor-
responding SDF value at each grid point and concatenate
them. For the network architecture, as shown in Figure S2,
we borrow RouteNet R and PoseNet P proposed in [13].
Since we use the local SDF for scene context instead of the
global scene point cloud, we replace PointNet [11] in R and
P with fully-connected layers so that our local SDF is en-
coded through the total 3 fully-connected layers with 512,
256, and 256 hidden dimensions. Our modified R′ and P ′

are trained to interpolate moving motion in the local space
where the origin is fixed to the root position of the start-
ing keyframe. We use 30-frame motion sequences from the
PROX dataset transformed to the local space and the local
SDF calculated based on the original human position of the
starting frame. Other omitted training details are the same
as those of the original paper [13].

A.3.2 Interaction Motion
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Figure S3: Architecture of interaction motion synthesis net-
work. Changed components from their origin [15] are high-
lighted with dotted border.

For interaction, we generate the upper body motions and
combine them with any sitting or standing anchors. As
a dataset for upper body interaction motion, we use the
SMPL-X [9] fitted TCDHands dataset [8]. We firstly filter
out the action sequences that are not interacting gestures;
The final action sequences used are: “bottle”, “counting”,
“direction”, “finger”, “grasp”, “object”, “ok”, “pointing”,
“sign”, “talking”, “tposefinger”, and “v”. Then, we extract
the upper body motions from the filtered dataset according
to the following equation obtained using the joint map of
SMPL-X body model.

Θu = Θ6:9 ∥Θ15:18 ∥Θ24:27 ∥Θ33:63

In here, Θu is the upper body pose parameter, Θ ∈ R63 is
the full body pose parameter, ∥ is the concatenation oper-
ator, and the interval is expressed in right-open form with
0-based indexing. The network architecture for synthesiz-
ing interaction motion is shown in Figure S3. We use the
GRU-based CVAE architecture, which is the same architec-
ture used with the Marker Predictor of the GAMMA [15].
However, we reduce the dimensions of layers to adapt to



the smaller size of the TCDHands dataset and also insert an
additional 3-layer MLP to the conditional input path (high-
lighted one in Figure S3), as same with GRU’s initial hidden
state path. The changed dimensions are listed in Table S1
below.

Ours Marker Predictor [15]
GRU 128 256

MLP (encoder/decoder) [256, 256] [512, 256]
MLP (conditional input) [256, 256, 128] [512, 256, 256]

Latent z 32 128

Table S1: Comparison of the layer dimensions between ours
and the original Marker Predictor

We configure our interaction motion CVAE to take 2-
frame motion history as a condition, and output a 10-
frame motion primitive that is smoothly continuing from
the conditioned motion history. We train the model with the
identical training loss and settings proposed in their orig-
inal paper, but we apply cyclical KL annealing [3] to the
KL-divergence loss term instead of the robust function [2]
Ψ(s) =

√
1 + s2 − 1 since it was experimentally found

that the cyclical KL annealing produces more diverse mo-
tion outputs. For cyclical KL annealing, we use cyclical
cosine scheduling of total 2 cycles and half ratio per cycle
to increase the weight of KL-divergence loss.

A.4. Optimization

We provide the full details on losses incorporated for the
optimization step.

Foot Location Loss [13] We use the foot location loss
to minimize foot sliding when a human walks. The foot
location loss is defined as below:

Efoot =
∑
s∈S

Et∈s(∥vft − vfs∥2)

where S is a set of subsequences [13] divided based on the
stable foot when a human walks, vft is the stable foot ver-
tices at frame t and vfs is the mean stable foot vertices of the
subsequence s.

Penetration Loss [13] The penetration loss is defined as
below:

Epene =

T∑
t=0

E(|Ψ−
sdf(vt)|)

where |Ψ−
sdf| returns the absolute SDF value of points with

the negative SDF values (points where penetration oc-
curred), and vt is the body vertices at frame t.

Contact Loss [13] The contact loss is defined as below:

Econtact =

T∑
t=0

∑
vc
t∈vcontact

min
vs∈vscene

ρ(∥vct − vs∥2),

where vcontact is the predefined set of body vertices [5]
where the contact with the scene is encouraged, vscene is the
set of scene vertices, and ρ is the Geman-McClure error
function that reduces the weights of vct that are far from vs.

Smoothness Loss [13] The smoothness loss is defined as
below:

Esmooth =

T∑
t=1

∥vt − vt−1∥2,

where vt is the body vertices at frame t.

Self-Penetration Loss [1] We estimate the self-
penetration of the upper body during the interaction
motion, unlike previous works that consider the entire
body [1]. We approximate the occupied volumes of the two
forearms and thighs with individual cylinders that bound
the volumes, which are in turn approximated with a set of
spheres. Specifically, the self-penetration loss is defined as
below:

Eself-pene = −
T∑

t=0

∑
i∈S

∑
j∈I(i)

exp

(
∥cit − cjt∥2
r2i + r2j

)

where S is a set of spheres approximating cylinders, I(k) is
the set of spheres overlapped with sphere k while belonging
to another cylinder, ckt is the center of sphere k at frame t,
rk is the radius of sphere k.

Pose Prior Loss [5] In optimizing the eye contact, we
additionally use the pose prior loss to penalize impossible
neck rotations. The pose prior loss is defined as below:

Epose-prior =

T∑
t=0

∥θt∥2

where θt ∈ R32 is a VPoser embedded pose parameter at
frame t.

B. Naturalness Evaluation
We provide more details about the modified non-

collision score, contact score, and user study in this section.

B.1. Modified Non-collision Score and Contact
Score

Unlike [14], we give a margin of 0.01 for a signed dis-
tance value of 0 for both contact and non-collision. In our



case, we take it as contact when the signed distance value is
less than 0.01 for the contact score and non-collision when
the signed distance value is greater than -0.01 for the non-
collision score.

B.2. Smoothness Score

The smoothness score evaluates the smoothness of the
synthesized motion, and is defined as:

scoresmooth = 1− 1

T

T∑
t=1

∥vt − vt−1∥2

where vt is the body vertices at frame t, and the jittering
is measured by the mean of l2 distances between the body
vertices of consecutive frames.

B.3. User Study

For single human motion, we give 3 examples (ours,
long-term [13], towards [12]) with the same inputs and ask
the users to choose the most natural and most unnatural that
interpolates motion between the start and end anchors. We
also ask users to rate on a scale of 1-5 on how much the
most natural is more natural than the second, and the same
questions are asked about the unnatural. Table S2 shows
the comparison result of how much more natural each rank
is. For multi-human motion, using our method and ablated
versions, we ask which one is more natural and ask to rate
how much more natural it is on a scale of 1 to 5.

Rank(A>B>C) Natural(A-B) Unnatural(C-B) Number of samples

Ours>Towards>Long-term 3.41 3.59 220
Ours>Long-term>Towards 3.54 3.38 59
Towards>Ours>Long-term 2.57 3.53 49

Table S2: The table shows the scores(1-5) for how natural
1st place compared to 2nd place is(A-B), and how unnatural
3rd place is compared to 2nd place(C-B) for users who se-
lect the corresponding rank. Only the rank selected by 10%
or more among all users are shown.

C. Qualitative Results
C.1. Collision-free Path Generation

Two examples of collision-free path generation are pre-
sented in Figure S4 and S5. Our modified A∗ algorithm can
generate plausible, yet collision-free paths considering both
spatial and temporal contexts.

C.2. Interaction Motion

Figure S6 shows sample frames of interaction motion
derived from the stand and sit anchor. Our framework is
capable of generating various interaction motions from the
same anchor pose and expresses plausible hand gestures
that would actually be seen when people are interacting with
each other.

C.3. Results in Diverse Scenes

More sample frames of our final results from various
scenes are presented in Figure S7. As presented, our frame-
work is capable of generating multi-human motion with di-
verse scenarios in various scenes.

D. Limitations
While MAMMOS can generate diverse natural motions

to imitate human-human interaction, the interaction motion
and eye contact still have room for improvement. For ex-
ample, humans in the real world usually interact by alter-
nating talking and listening and may not constantly stare at
each other during an interaction. Incorporating social con-
text and nuances in response to other people can signifi-
cantly enhance the realism of conversation or social inter-
action within the scene.

The sequential path generation pipeline limits the diver-
sity of paths for those generated later in the order. Instead of
concurrently generating the trajectories, we handle the com-
plex spatio-temporal constraints of multiple people by gen-
erating one path at a time. When the scene size is small, col-
lision avoidance against previous paths can impose a severe
restriction on succeeding paths. The resulting paths can be
unnatural, or it can even be impossible to create collision-
free paths without modifying the anchors.
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Figure S6: Interaction motion examples. Our framework generates an upper body interaction motion applicable to both sit
and stand anchors. Various interaction motions can be generated from the same anchor pose.
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multiple humans interact with each other in various scenes.
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