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ABSTRACT

Redirected Walking (RDW) enables users to walk in both virtual
and physical tracking spaces simultaneously, which is an effec-
tive method to increase presence in Virtual Reality (VR). Recently,
RDW technologies have been developed in a multi-user environment
where multiple users share the same physical tracking space and
simultaneously explore the same virtual space. Meanwhile, in the
Steer-To-Optimal-Target (S2OT) method, user actions are planned
in RDW by introducing machine learning models such as reinforce-
ment learning. In this paper, we propose a new predictive RDW
algorithm “Multiuser-Steer-to-Optimal-Target (MS2OT)” that ex-
tends the S2OT method into an environment with multiple users and
various types of tracking space. In addition to the steering actions
used in S2OT, MS2OT considers pre-reset actions and uses more
steering targets and an improved reward function. The locations of
multiple users and tracking space information are treated as visual
information to be the state of the reinforcement learning model in
MS2OT. Hence, the artificial neural network of a multilayer three-
dimensional convolutional neural network with a dueling double
deep network architecture is learned through Q-Learning. MS2OT
significantly reduces the total number of resets compared to the
conventional RDW algorithms such as S2C and APF-RDW in a
multi-user environment and improves the total distance and aver-
age distance between resets during the same period. Experimental
results show that MS2OT can process up to 32 users in real-time.

Index Terms: Redirected walking, resetting, virtual environments,
multi-user, collision avoidance, reinforcement learning

1 INTRODUCTION

In immersive Virtual Reality (VR), the virtual space that users expe-
rience is infinite, while the physical tracking space is limited. This
spatial difference may increase the risk of physical collisions in the
user experience of VR. Therefore, virtual space manipulation meth-
ods such as Redirected Walking (RDW) [26,27] and teleportation [7]
are used in VR applications. Among them, RDW is a walking manip-
ulation method that solves the spatial constraints of physical spaces
by mapping virtual and real spaces non-identically [26, 27]. RDW
uses the fact that a user wearing a Head-Mounted Display (HMD)
does not recognize that their walking in the virtual world is different
from that in the physical world, thereby preventing the user from a
collision [26]. Typically, the RDW manipulates the user’s path by
continuously applying a level of rotation not perceived by the user at
the user’s viewpoint. The real walking-based manipulation provided
by RDW provides a higher presence in the VR [15, 17].
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Many studies have proposed various effective RDW algorithms.
Most of them have been conducted in a single user environment with
rectangular physical tracking space [5, 6, 24, 31]. RDW algorithms
are classified into two types, reactive and predictive [25]. Reactive
algorithms adjust the redirection techniques (RETs) immediately
in the user’s current state, including the famous Steer-To-Center
(S2C) [26] and APF-RDW [3] algorithms. The predictive algorithms
such as Model Predictive Control Redirection (MPCRed) [37] and
Steer-to-optimal-target (S2OT) [19] select the best RET by consider-
ing the user’s future path. In a single-user environment, predictive
algorithms reported better collision avoidance performance than
conventional reactive algorithms, but require a higher computation
time [24, 37].

Recently, few studies on reactive RDW algorithms that work
in multi-user environments [2–4, 21] and various physical track-
ing spaces [8, 21] have been conducted. Although the predictive
RDW algorithms in single-user environments demonstrate excellent
collision avoidance performance, they are challenging to scale to
multi-user environments with various physical spaces of different
shape types. This is because the time complexity for selecting the
best RET for each user by combining the users’ future path, state
of the physical space, and RETs increases exponentially with the
number of users and the type of physical space.

In this paper, we present a new predictive algorithm, Multi-user-
Steer-to-Optimal-Target (MS2OT), that uses a machine-learning
model trained using deep reinforcement learning [23] in a multi-user
environment with various types of physical spaces. MS2OT is an
extension of S2OT that considers a multi-user environment in a
physical space of various shapes. In addition to the steering action
used by the existing S2OT, MS2OT considers the pre-reset action
and achieves an improved performance by using a large number
of more general steering targets and an improved reward function.
MS2OT comprises 2048 actions, including 1024 steering actions
and 1024 pre-reset actions. The location of users and physical space
information are treated as visual information to be the state of the
reinforcement learning model, and the best action to be performed
in this state is selected. Hence, the artificial neural network of a
multilayer 3D Convolutional Neural Network (CNN) [13] with the
Dueling Double Deep Network (D3QN) [34] architecture is learned
through Q-Learning [35]. MS2OT is a fully functional multi-user
RDW algorithm and is the first predictive RDW algorithm that takes
into account multi-users.

For performance comparisons, we conducted two live-user ex-
periments and two simulation experiments. MS2OT significantly
reduces the total number of resets compared to S2C, S2OT and APF-
RDW in a multi-user environment. In particular, MS2OT exploits a
pre-reset action that resets users in advance to avoid resetting both
users when they collide with each other, which reduces the number
of resets between users significantly. Experimental results show that
MS2OT works well in untrained physical spaces and can process up
to 32 users in real-time.
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2 BACKGROUND

RDW was first proposed by Razzaque et al. [27], which adds imper-
ceptible rotation to a virtual environment, allowing a user to follow a
curved path or perform a magnified or reduced rotation. In this way,
the user can remain in the physical tracking space even if the virtual
space is much larger than the physical tracking space. This approach
has since been extended variously by other studies. Williams et
al. [36] proposed reset techniques such as freeze-backup, freeze-
turn, and 2:1 turn. The reset technique reorients the user’s direction
when the RDW technique fails to prevent user’s collision. Typically,
the 2:1 turn method physically rotates a user by 180 degrees but 360
degrees in a virtual space. By doing so, the user’s orientation in the
virtual space is maintained, and the user’s orientation in the physical
space is reversed.

Steinicke et al. [29] generalized the subtle changes used in RDW
techniques into translation, rotation, and curvature, and identified
the user’s detection threshold for the gain of each action. Langbehn
et al. [18] proposed a bending gain that, when it is moving along
a curve in virtual space, it could be bent 4.4 times more than in
a physical space. Subtle continuous RDW algorithms generally
specify the amount of gain to be applied for translation, rotation, and
curvature. These RDW algorithms are classified into reactive and
predictive algorithms according to their characteristics.

Reactive algorithms are a way of redirecting users according to
generalized rules or patterns, specifically adjusting the redirection
technique (RET) immediately in the current state [25]. Typical ex-
amples of the reactive algorithms include Steer-to-Center (S2C) [26]
that always leads the user to the center of the physical tracking
space, Steer-to-Orbit (S2O) [26] that guides the user to orbit along
a circle centered on the center of the physical tracking space, and
APF-RDW algorithm [3,21,33] that applies Artificial Potential Field
(APF) [16] to RDW. The APF-RDW algorithm treats other users
and the boundaries of the physical tracking space as obstacles and
induces users by using the repulsive force fields generated by the
obstacles. The APF-RDW algorithm has significantly reduced the
number of resets compared to S2C in multi-user environments and
has shown a significant reduction in the number of resets in various
shapes and sizes of physical space.

The predictive algorithm is a method proposed by Zmuda et
al. [37]. Typical predictive algorithms include Fully Optimized
Redirected Walking for Constrained Environment (FORCE) [37],
Model Predictive Control Redirection (MPCRed) [24], and Steer-to-
Optimal-Target (S2OT) [19]. FORCE evaluates the cost of possible
RETs based on a search technique such as a search tree in a con-
strained space and selects the optimal RET. MPCRed sets 14 RETs
as actions. One action is no redirection, two are general redirections
for left and right, and the other 11 actions are the resets to different
angles. Each action has a different cost for each type, and the actions
are evaluated through the cost-to-go function, which is a probabilis-
tic cost expectation. In particular, by separating the collision and
reset situation, the infinite cost for the collision and the cost of 500
for the spontaneous reset are priortized for the spontaneous reset
over the collision. We call these spontaneous resetting actions “pre-
reset” to differentiate them from resets due to collisions. However,
because of the high computation time complexity of MPCRed, a
limitation exists for applying it in a real-time environment [24]. To
solve this problem, S2OT [19] introduced deep Q-Learning that is
a type of reinforcement learning to the RDW planning problem to
enable real-time planning, resulting in improved performance in a
single-user environment.

3 VALUE BASED REINFORCEMENT LEARNING FOR RDW
The predictive RDW system must select and apply one of several
actions that the user can take at any moment. For example, the
system may allow a user to move forward with some degree of
curvature gain, or pre-reset to change a user’s forward direction

Figure 1: RDW system utilizing reinforcement learning model

to prevent future collisions with obstacles. When the user reaches
the wall, the system may have to select an explicit reset, such as a
2:1 turn. Suppose there is a model G in our RDW system that can
determine which action the user takes at any moment. The final
goal of model G is to allow the user to explore the virtual space for
a finite amount of time, minimizing the number of collisions and
subsequent resets in the physical tracking area. How can we build
this powerful model G? The effective way to construct model G in
this type of problem is ‘reinforcement learning.’ [32]. Reinforcement
learning builds up gradually the model G, which can be used to make
decisions to reach the final goal every moment.

Lee et al. [19] proposed a Steer-To-Optimal-Target (S2OT) model,
formulating RDW as a Markov Decision Process (MDP) and imple-
menting deep Q-Learning which is a type of value-based reinforce-
ment learning. For a RDW system using reinforcement learning, a
variable xn(∈ X) represents the particular state of the user (“agent”
in general reinforcement learning system) at any time n. The system
decides to take a specific action an(∈ A) at time n, which is one of
several actions the user can choose. The selected action an causes
the user to have a new state xn+1 at the next time step n+ 1. The
mechanism used to determine the user’s actions from the user’s
current state and environment is called policy π(xn) = an. Policy
π uses the reward function R : X ×A⇒ R to select an action. The
reward function computes the score that a user with current state xn
receives when the user takes action an.

The policy π should be able to predict all the cumulative rewards
that will eventually be earned in the future when the user performs
any action at any moment. This allows the system to choose the
action that is most advantageous in its current state by considering
the future. The following formula represents a cumulative reward:

V π (xn) =
∞

∑
t=0

(γtR(xn+t ,π(xn+t))

= R(xn,π(xn))+ γ V π (xn+1),

(1)

where γ(∈ [0 : 1]) is the discount factor, which allows the system to
consider the rewards of the currently selected action the most, and to
gradually reduce the proportion of rewards earned over time when
calculating the cumulative reward.

Q-function represents the expectation of cumulative discounted
rewards when selecting action an in state xn to configure the policy
π , which is defined as Qπ (xn,an) = R(xn,ab)+γ maxan+1

V π (xn+1).
The optimal Q-value function Q∗ recursively satisfies the following
Bellman equation:

Q∗(xn,an) = R(xn,an)+ γ max
an+1

Q∗(xn+1,an+1). (2)

Thus the optimal policy π∗ can be derived as π∗ : x �→
argmaxa Q∗(x,a). In other words, the optimal policy π∗ for state
x selects the action a from the optimal Q-value function Q∗ that
derives the maximum expected Q-value. Therefore, in Q-Learning,
it is crucial to derive the optimal Q-value function Q∗. Q-Network
can be used to approximate the optimal Q-function to neural net-
work [11]. Q-Network is defined as Q(x,a;θ)≈ Q∗(x,a), where θ
represents the weights in the network.
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Table 1: Comparison between S2OT and MS2OT

S2OT MS2OT

# of Users single user multi-users

Input for Model numerical data images

Shape of Phy. Space rectangular any types

Actions steering steering +
pre-reset

Steering Targets inside tracking
area

inside + outside
tracking area

# of Steering Targets 25 1024

# of Pre-reset Targets – 1024

Q-Learning model Double Deep
Q-Learning

D3QN
architecture

4 METHODOLOGY

In this paper, we propose MS2OT, which improves S2OT in sev-
eral aspects. First, unlike S2OT, which considers only one user,
MS2OT can handle the case where two or more users existing in the
same physical space. To introduce an unfixed number of multiple
users into the reinforcement learning model, MS2OT represent input
information such as the user’s positions and the boundary of the
tracking space as an integrated input image, which allows us to build
the model based on CNN, a powerful deep learning component.
MS2OT also considers the cases where tracking spaces have various
shapes and sizes. While S2OT considers only the steering action
by the user, MS2OT allows the user to receive more rewards by
selecting pre-reset actions as well as the steering actions, which
helps to improve various performance indicators. MS2OT defines
physical space by dividing it into an area that can be tracked and an
area that is not tracked. While S2OT considers the steering actions
into the targets only in the tracking area, the MS2OT allows for more
efficient redirection by further considering the steering actions to
guide the user to the non-tracking area. Finally, while S2OT uses
the double deep Q-Learning model, MS2OT is implemented using
the more advanced D3QN model [34] to compensate for the short-
comings of the existing method. Table 1 summarizes the differences
between S2OT and MS2OT.

4.1 States
The state X(= {Xv,Xs}) used in the system contains visual infor-
mation Xv about the users and the physical space as well as the
state Xs used by the S2OT [19]. This information consists of a total
of 64 consecutive frames and the interval between frames is 0.02
seconds. The total amount of physical space used by the MS2OT is
100×100 m2. The total physical space P consists of the tracking
area Pa and non-tracking area Pb (P = Pa∪Pb and Pa∩Pb = /0).

Xs includes the sequences of the user’s location and direction
in virtual space and the user’s location and direction in physical
space. For the visual information Xv, locations of users and physical
space information are all represented as binary images of 64×64
in the preprocessing step (see Figure 2). User’s position in a map is
indicated by the pixel zero, as shown in Figure 2(a). The locations
of other users are also represented by zeros, as in Figure 2(b). In the
physical space information, as shown in Figure 2(c), Pb is indicated
by pixels with zero values. Each piece of information is represented
by one single channel, resulting in image data with three channels.
Figure 2(d) shows the integrated image data.

4.2 Actions
The actions A(= As ∪Ar) used in MS2OT are classified into two
types: steering actions As and pre-reset actions Ar. There are a total

(a) (b) (c) (d)

Figure 2: Representation of visual information Xv: (a) user’s posi-
tion, (b) other users’ positions, (c) boundary (wall) of the tracking
space, and (d) integrated image by combining three channels (a), (b),
and (c).

Figure 3: Steering and pre-reset action: a point in the physical space
becomes the optimal target (red point), the steering action leads
the user to the optimal target through redirection, and the pre-reset
action ‘resets’ the user to the optimal target.

of 2048 possible actions, and each action computes the reward for
the action through different reward functions.

4.2.1 Steering Actions
Steering action As consists of 1024 actions, which are actions that
induce the user to one of the different steering targets (see steering
action in Figure 3). In S2OT [19], the future paths are predicted
based on the user’s route information, and one of 25 different candi-
dates is selected as the optimal steering target. This method differs
from the approach of traditional RDW algorithms, such as S2C and
S2O [26], which always hold the fixed steering target. In MS2OT,
the steer-to algorithm and dampening method proposed by Hudgson
et al. [12] are used to guide the user to the steering target.

In MS2OT, the total physical space P is expressed as a grid of
uniform cells of 32×32, and the center coordinates of each cell are
set as candidate targets of the steering action. Since the total physical
space P is divided into the tracking area Pa and the non-tracking
area Pb, the steering action target may be within Pa, or within Pb (i.e,
outside Pa) (note that in the case of S2OT [19], the steering target
is always inside the tracking area). If we select a steering target
inside Pb, the user is not able to proceed and reach that target point.
This is because the user reaches the wall, the boundary of Pa, in
the middle of the user’s progress to the target point. However, in
certain situations, selecting a steering target in a non-tracking area
can reduce the number of times a user hits a wall in the long run.
Figure 4(a) shows the moving path of a user that is redirected to a
steering target within Pa. In Figure 4(a), the user collides with the
wall three times if the user does not change the steering target while
moving. On the other hand, in Figure 4(b), when the steering target
is in Pb, the user collides with the wall only twice in the same time
interval as in (a).

4.2.2 Pre-reset Actions
Pre-reset action Ar was first introduced in MPCRed algorithm [37].
In predictive algorithms, even if the user is not faced with a collision
right now, sometimes there is a lot more benefit to doing a pre-
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(a) (b)

Figure 4: User’s path of travel based on the steering target’s location:
Black dots indicate the user’s initial physical location. (a) shows the
user’s movement path (blue line) steering to the steering target (blue
‘x’ mark) in the tracking area, and (b) indicates the user’s movement
route (red line) steering to the steering target (red ‘x’ mark) in the
non-tracking area. In both cases, the green asterisks indicate the
collisions between the user and the walls. At the point of collision,
a reset using a normal 2:1 turn occurs.

reset now when the algorithm can predict that the pre-reset prevents
multiple collisions that may occur later. The pre-reset action of the
MS2OT is a reset action performed toward one of 1024 different
pre-reset targets. These pre-reset targets are the center coordinates of
each cell dividing the physical space P by 32×32, as in the steering
targets. The user is reorientated to the pre-reset target through the
pre-reset action. That is, in the virtual space, the user rotates 360◦
to maintain the direction of progress, and at the same time, in the
physical space, the user rotates toward the corresponding pre-reset
target (see pre-reset action in Figure 3). In MPCRed, a pre-reset
action can occur at 11 fixed angles, but MS2OT can generally take a
pre-reset action in much more directions.

4.3 Reward Function
The reward function R used in the system is composed of two reward
functions, Rs for steering action and Rp = 0 for pre-reset action,
depending on the type of action applied:

R(at−1, xt , at , xt+1) =

{
Rs, for at ∈ As

Rp = 0, for at ∈ Ar.
(3)

The reward function Rs for steering action is reclassified accord-
ing to whether the current action is causing the user to collide with
something. If the current steering action does not cause a collision
with the wall or other users, Rs is computed as the sum of the reward
Rw for the distance between the user and the wall in the physical
space, Ru for the density of the total users, Rr for the amount of
change in the RET of the selected action, and the constant R0(= 5).
Conversely, if the current steering action causes a collision with the
wall or other users, a constant penalty of Rc =−10 is given:

Rs(at−1, xt , at , xt+1) =

{
Rw +Ru +Rr +R0, for pt+1 ∈ Pa

Rc =−10 for pt+1 ∈ Pb.
(4)

The three constant values of R0(= 5), Rp(= 0) (in Equation (3)),
and Rc(= −10) ensure the relationship among the three kinds of
rewards: steering action without collision > pre-reset > reset with
collision.

Let us consider the more details about each reward terms. First,
in RDW, the farther the user is from the wall of the tracking area,
the safer the user is. In consideration of the safety of the user, Rw
derives a higher reward value as the distance between the user and

Figure 5: The Q-Network structure used in MS2OT model.

the wall increases. Let i be one of the line segments that make up
the wall of the tracking area, and li is a point on i that is closest to
the user’s physical location p. Then, Rw is defined by:

Rw(at−1, xt , at , xt+1) =
∑i ‖p− li‖

Mw
, (5)

where, Mw represents the largest sum of the distances from the
walls among all possible positions p in the physical space. Due to
the denominator, the reward Rw can always be normalized to the
range [0 : 1]. Note that Mw can be precomputed before starting the
simulation.

Similar to Rw, the further away the user is from other users,
the less likely they are to collide, and the more secure the user is.
Therefore, we assign the reward term Ru to reduce the possibility of
collision between a user and other users. Ru yields a higher value as
the distance between the user and other users increases. When the
user’s physical location is p and other users’ physical locations are
o j , Ru is defined as follows:

Ru(at−1, xt , at , xt+1) =
∑ j ‖p−o j‖

Mu
, (6)

where Mu is a value introduced for normalization that represents
the maximum of all possible sums of distances among users in the
physical space. Mu can also be computed before the simulation.

S2OT reported that when the steering target changes drastically,
the user was able to recognize that he/she was being redirected [19].
This limitation can become more severe when there are many dy-
namic moving targets such as multiple users. To remedy this prob-
lem, our system assigns a reward term Rr to minimize the difference
between the previous and subsequent steering targets. Rr derives the
value closer to zero as the position difference between the previous
steering target and the current steering target becomes larger, and is
defined as follows:

Rr(at−1, xt , at , xt+1) = 1− ‖Sat −Sat−1
‖

32
√

2
, (7)

where ‖ · ‖ denotes Euclidean distance, Sa is a target position of

action a, and 32
√

2 in the denominator is the maximum of the
distances between the two possible steering targets in the 32×32
grid, which is used for normalization.

4.4 Network and Training
In the Q-Network used in the system (see Figure 5), Xs through the
GRU layer is tiled and embedded in the rest of the preprocessed
information Xv and input into a multi-layer 3D CNN having a D3QN
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architecture. The 3D CNN extracts features between contiguous
visual information in three dimensions through convolution, which
leads to good performance in processing video that is a contiguous
image frame [20]. MS2OT extracts state data into (4×32×32×64)
features through four 3D CNNs. The extracted features are used to
derive Adv(x,a) in (1×32×32×2) and Val(x) in (1×1×1×2)
dimension of D3QN through two 3D CNNs, respectively. Adv(x,a)
computes the evaluation scores of each of the steering actions and
the pre-reset actions, and Val(x) derives an evaluation score on how
good the state x is for applying steering and pre-reset actions. Finally,
Q-value of each steering and pre-reset actions is derived through
Q(x,a) = Adv(x,a)+Val(x).

We designed a simulation environment in which reinforcement
learning can occur. In each episode, simulated users walk toward
10 randomly occurring targets in a 100×100m2 virtual space. The
simulated users’ initial virtual location, virtual direction, physical lo-
cation and physical direction are randomly determined. Furthermore,
the number of users (1∼ 10), shape of the physical space (rectangle,
trapezoid, cross, L-shaped, and C-shaped), and size of the physical
space (400m2, 900m2, 1600m2, and 2500m2) are randomly deter-
mined. Each simulated user undergoes the MS2OT learning process,
and walking data to reach the goal are generated using the walking
model of Fink et al [10]. When they collide with the walls of the
physical space as they progress, they proceed with a 2:1-Turn, and
when the distance between users reaches 1.5m, they both proceed
with a 2:1-Turn. To learn the Q-function, we used L1-norm loss
function with learning rate 10−5. A total of 160,000 episodes were
performed in the learning. We used the discount factor γ = 0.999 in
all learning process, which showed the best performance experimen-
tally.

5 EXPERIMENTAL EVALUATION

We conducted live-user experiments and simulation experiments to
evaluate the performance of the MS2OT. Live-user experiments were
conducted to investigate if the MS2OT could be applied to the actual
environment and simulation experiments were conducted to analyze
the collision avoidance performance of the MS2OT. For comparison,
four RDW algorithms were considered: S2C, APF-RDW, S2OT, and
MS2OT. Since there are few RDW algorithms for multi-users, we
extended the single-user RDW methods S2C and S2OT to handle
multi-users for comparison. The S2C algorithm is based on the Redi-
rected Walking Toolkit [1], which implements Hodgson et al. [12]’s
enhanced implementations of the widely used S2C algorithm. In a
multi-user environment using S2C, users applied S2C independently
using a sharing strategy with a common center [2]. For APF-RDW,
Messinger et al. [21]’s APF-RDW with proximity scaling, which
can be used in physical spaces of various sizes and shapes, was used.
We implemented S2OT using the model proposed by Lee et al. [19].
Users executed S2OT independently in multi-user environment. The
curvature gain threshold used in all algorithms is 7.5m and the ro-
tation gain threshold is [−0.2,0.49] [30]. During the experiment,
when the distance between the user and the wall reached 1.5m, the
users performed a 2:1-Turn [36].

5.1 Live-User Experiments
We investigated whether MS2OT can be applied well in a live user
experiment (see Figure 6(a)). We performed two types of real user
experiments: one with a single user and another with two users.
Both experiments were conducted in a square-shaped tracking area
of 6×6 m2. The participants wore the HTC Vive HMD and were
tracked by lighthouse base stations. Figure 6(b) shows a virtual space
of about 1400 m2 designed for the experiment. The virtual space
comprised some passages (see Figure 6(b)), and the participants
were instructed to move around the virtual space freely for one
minute in both experiments. Pre-reset action in MS2OT showed
the guide screen of Figure 6(c) to a user with the direction to rotate.

(a)

(b) (c)

Figure 6: (a) Two users are being redirected to explore the virtual
environment. (b) Virtual environment used in live-user experiments.
(c) The guide screen is shown to the user during the pre-reset action
of the MS2OT algorithm, and the user is instructed to rotate in the
direction of the arrow.

Figure 7: Virtual environment for collecting navigational data from
simulated users. The user performs a task to get all of the indicated
objects.

For each trial, data was logged with the number of total resets, wall
resets, user resets, pre-resets and computation time. In particular,
we asked users to answer the Simulator Sickness Questionnaire
(SSQ) [14] before and after the experiment. In the multiple user
experiment, we experimented with two users, which is known as the
maximum number of users that can be placed in a square tracking
area 6× 6m2 [21]. We established two main hypotheses based
on the criteria we want to evaluate. The results of both live-user
experiments were used to test these hypotheses:

• H1: The increase of sickness produced by MS2OT will be the
same as the other three algorithms. Since all algorithms use
the same limit of redirection gains, the sickness provided by
the four algorithms will be the same.

• H2: For a single user, all four algorithms will perform similarly.
But for two users, the MS2OT will outperform the S2C and
S2OT.

5.2 Simulation Experiments
We performed simulation experiments to compare the performances
of various algorithms under various conditions. The data used in the
simulation experiment were the live data collected from actual user
walking paths. The virtual environment experienced by users was
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a 80×80m2 space, in which boxes with miscellaneous goods were
placed every 2m (See Figure 7). In this space, users performed tasks
that brought all of the indicated objects. Tasks were conducted in a
6×6m2 physical space, and the user overcame the space limitation
using a 2:1-Turn. A total of 44 real user walking paths were collected,
where one path comprises data sampled for 1 minute at 0.02 second
intervals for the user’s location and viewing direction except motion
data during 2:1-Turn resets. To compare the performance of the
MS2OT, we conducted simulation experiments with the following
two conditions:

• Experiments with Varied Room Sizes measured the perfor-
mance of the algorithms in varied room sizes. The room
sizes used in the experiments were 20× 20m2, 30× 30m2,
40× 40m2 and 50× 50m2 and the room shape was fixed as
square. Experiments were conducted for 1 to 10 users.

• Experiments with Varied Room Shapes measured the per-
formance of the algorithms in varied room shapes. The room
shapes used in the experiment were square, trapezoid, Cross,
L-shaped and circular, and the room size was fixed at about
400m2.

To create simulation data for a multi-user environment, we com-
bined the 44 live user walk paths without redundancy. The initial
positions and directions of the users were set to randomly selected
positions where no initial collision occurred. Of all these combi-
nations, we selected 50 random combinations and used them as
navigational data of simulated users. Therefore, the virtual space
used in the simulation experiment is the same open and unrestricted
space as Figure 7, where the actual user walks were collected. For
each trial, data was logged with the number of total resets, wall
resets, user resets, pre-resets and computation time. We established
two main hypotheses based on the criteria we want to evaluate.
The results of both simulation experiments were used to test these
hypotheses:

• H3: In the case of a single simulated user, MS2OT will perform
similarly to S2OT in a square physical space of the same size.
S2C will have lower collision performance than the other three
algorithms.

• H4: In the case of multiple simulated users, MS2OT will yield
better performance than S2OT because MS2OT considers other
users but S2OT does not consider other users. In addition,
MS2OT will perform better than RDW-APF and S2C because
collisions can be reduced through prediction-based actions
such as the pre-reset.

• H5: S2OT will perform similarly to MS2OT in the convex
space but will not perform well in the concave space. MS2OT
will perform well in the space of the shape used for learning,
but will perform poorly in spaces that were not.

6 RESULTS

6.1 Results of Live-User Experiments
A total of 24 users participated in the live user experiment. The
participants were 23 to 29 years old, 22 of whom were male, and
2 female. All participants had normal or corrected vision. Most
participants had little experience in VR. Each user performed one
trial for each algorithm of S2C, APF-RDW, and MS2OT in a single
user experiment. Therefore, a total of 72 trials were conducted
in the single user experiment. In the multiple user experiments, a
total of 12 pairs performed one trial for each of S2C, APF-RDW,
and MS2OT respectively. As a result, a total of 72 user trials were
conducted in the multi-user environment.

First, to verify the hypothesis H1, we conducted a one-way
ANOVA test on experimental results for SSQ differences of the

four algorithms. The mean of the pre-SSQ score was 1.00 out
of 48, and the post SSQ score was S2C(M = 2.125,SD = 0.971),
APF(M = 2.917,SD = 1.077), S2OT(M = 2.833,SD = 1.247), and
MS2OT(M = 2.792,SD = 0.957). No statistically significant dif-
ference was found in the change of SSQ scores among different
algorithms (F(3,92) = 1.582, p = 0.199). Therefore, the hypothesis
H1 was correct.

To verify H2, we performed a 4 (algorithm) × 2(number of
users) two-way ANOVA test for the total number of resets. The
algorithm (F(3,184) = 3.634, p < 0.05) and the number of users
(F(1,184) = 19.201, p < 0.05) had a large main effect on the to-
tal number of resets, and the interaction effect was also significant
(F(3,184) = 8.904, p < 0.05). As a result of multiple post hoc
comparison analyses through Tukey’s HSD test, for the single user,
MS2OT(M = 5.518) = S2OT(M = 5.742) = APF(M = 5.873) <
S2C(M = 6.711) (p < 0.05). For two users, the total resets in-
creased in the order of MS2OT(M = 5.981) = APF(M = 6.409) <
S2OT(M = 6.889) = S2C(M = 7.585) (p < 0.05). As a result, no
significant difference in performance was found for single users,
and for two users, MS2OT performed better than S2C and S2OT.
Therefore, hypothesis H2 was satisfied.

6.2 Results of Simulation Experiments
6.2.1 Experiments with Varied Room Sizes
In this experiments, we obtained 50 simulation results each ac-
cording to the algorithm, room size and number of users. The
samples from each group passed Shapiro’s normality test, which
satisfied the assumptions for the ANOVA test. First, to verify
hypothesis H3, we conducted a 4 (algorithm) × 4 (room size)
two-way ANOVA test for a single simulated user. The algo-
rithm (F(3,784) = 299.372, p < 0.001,η2

p = .534) and room size

(F(3,784) = 599.009, p< 0.001,η2
p = .696) had a large main effect.

Furthermore, there was also a significant interaction effect on the
algorithm and the room size (F(9,784) = 76.210, p < 0.001,η2

p =
.467). As a result of the multiple post hoc comparison analyses
through Tukey’s HSD test, the total reset count increased in the
order of MS2OT = S2OT < APF < S2C. MS2OT and S2OT were
the same homogeneous subset. In particular, the average number of
total resets in S2C was as high as 0.567, 0.538, and 0.147, compared
to MS2OT, S2OT, and APF, respectively. The larger the space, the
smaller the total number of resets, and the four spaces were all signif-
icantly different from each other(p < 0.05). These results satisfied
the hypothesis H3. In the case of single user environment, S2OT
and MS2OT had similar states and reward functions in the square
physical space, and as a result, the difference in the total reset count
was not significant(p = 0.592).

Next, to verify H4, we performed 4 (algorithm)× 4 (room size)×
9 (number of users) ANOVA tests for multiple users. The algorithms
(F(3,7056) = 46553.926, p < 0.001,η2

p = .952) and room sizes

(F(3,7056) = 159404.229, p < 0.001,η2
p = .985) and the number

of users (F(8,7056) = 31932.459, p < 0.001,η2
p = .973) had large

main effects. Additionally, all two-way and three-way interactions
were also significant (p < 0.001). As a result of the multiple post
hoc comparison analysis through Tukey’s HSD test, there was a
clear order of the total reset count in the order of MS2OT < APF
< S2OT < S2C (p < 0.05). Multiple linear regression analysis
was performed on the total number of resets for each algorithm
according to the size of the room and the number of users. Significant
regressions for the total number of resets of each algorithm were
obtained (p < 0.001):

• S2C: T =−0.003S+0.748U+3.723, (R2 = .871)

• S2OT: T =−0.003S+0.670U+3.383, (R2 = .841)

• APF: T =−0.002S+0.441U+2.367, (R2 = .655)
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Figure 8: Mean of total resets per minute with each algorithm for different numbers of users and varied room sizes.

Figure 9: Different types of space shapes were used in the ex-
periments with varied room shapes. The convex space included
rectangles, trapezoids, and triangles, whereas the concave space
has crosses, L-shapes, T-shapes. The shapes that were not used for
learning were triangle and T-shapes.

• MS2OT: T =−0.002S+0.374U+2.267, (R2 = .652)

, where T represents the number of total resets, S and U represent
the room sizes and the number of users respectively. R2 is a measure
of how well the estimated linear model fits the given data. Chin et
al. [9] recommended R2 values for endogenous latent variables based
on: 0.67 (substantial), 0.33 (moderate), 0.19 (weak). Therefore, the
above multiple regressions above were substantial. In all four algo-
rithms, the total number of resets decreased as the size of the space
increased, and the total number of resets increased as the number of
users increased. Especially for MS2OT, the beta coefficient for the
number of users was 0.374, which was significantly different from
that for the number of users of S2C, S2OT, and APF (p < 0.001).
That is, compared with the other three algorithms, the increase in the
total number of resets of the MS2OT was significantly smaller as the
number of users increased (See Figure 10). In case of S2C and S2OT
not considering other users, user resets occurs more frequently than
wall resets. In case of APF and MS2OT, user resets occurs more
rarely than wall resets. Consequently, MS2OT reduces the total
number of resets compared to the other three algorithms; therefore,
the hypothesis H4 was corrected.

6.2.2 Experiments with Varied Room Shapes

In this experiments, we obtained 50 simulation results for each
algorithm and the shape of the room. The six shapes of the room
used in the experiment were rectangle, trapezoid, triangle, cross,
L-shape and T-shape. Among them, rectangle, trapezoid and triangle
were used for the convex space, and cross, L-shapes and T-shapes for
the concave space. Furthermore, the shapes used for reinforcement

learning were rectangle, trapezoid, cross, and L-shape. The triangle
and T-shape were space shapes not used for learning (see Figure 9).
All spaces were scaled to approximately 400m2.

To verify H5, we performed a 4(algorithms) × 6(shapes of room)
two-way ANOVA test for the results of the total resets. The algo-
rithms (F(3,1176) = 430.475, p< 0.001,η2

p = .523) and the shapes

of the room (F(5,1176) = 1639.048, p < 0.001,η2
p = .875) had sig-

nificant main effects on the total number of resets. The interaction
effect between the algorithms and the shapes of the room was also
significant (F(15,1176) = 63.948, p < 0.001,η2

p = .449). As a re-
sult of the multiple post hoc comparison analysis through Tukey’s
HSD test indicated that; the total reset count was increased in the
order of rectangle < trapezoid = T-shape < triangle < L-shape <
cross. The total number of resets in trapezoid and T-shape was the
same homogeneous subset, while the total number of resets in differ-
ent shapes were significantly different in the homogeneous subsets.
In the concave space, the total number of resets increased compared
with that in the convex space except for triangle. The algorithm
increased the total number of resets in the order of MS2OT < APF
< S2OT < S2C (p < 0.05).

For the space that was not used for learning, the largest total reset
of convex space occurred in triangle space, but the smallest total
reset of concave space occurred in T-shape space. In the triangle
space, the total number of resets of the four algorithms differed
significantly (p < 0.05), and the total number of resets increased
in the order of MS2OT < APF < S2OT < S2C. In the T-shaped
space, the total number of resets increased in the order of MS2OT
= APF < S2OT = S2C. In conclusion, S2OT performed similarly
to MS2OT in the rectangular shapes of convex spaces, but generated
higher total reset counts than MS2OT in the trapezoid and triangle
shapes. In addition, MS2OT not only generated the lowest total reset
count for the space used for learning, but also generated the lowest
total reset count for the space not used for learning. The similarity
between the performances of MS2OT and S2OT in convex space in
Hypothesis H5 was partially correct, and the prediction that MS2OT
will not perform well for shapes that were not used for learning was
incorrect.

7 DISCUSSIONS

Based on the experimental results for live user experiments and
simulation experiments, the hypothesis H1, H2, H3, H4 were sat-
isfied and H5 was partially satisfied. In live user experiments, the
motion sickness produced by MS2OT was not significantly different
from the other three algorithms (H1). For the single user in the
6×6m2 physical space, all four algorithms showed similar collision
avoidance performance, but for two users, MS2OT and APF were
better than S2C and S2OT (H2). Simulation experiments showed
the collision avoidance performance of the algorithms according to
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Figure 10: Mean of total resets per minute with each algorithm for
different room shapes with the 95% confidence interval.

room size, room shape, and number of users. In the case of single
user, MS2OT exhibited a collision avoidance performance similar
to that of S2OT in a square physical space of the same size, and
S2C had lower collision performance than the other three algorithms
(H3). In the multi-user environment, the MS2OT performed signifi-
cantly better in collision avoidance than the other three algorithms
regardless of the size of the space (H4). Hypothesis H5 was partially
correct, because MS2OT provided the lowest overall reset counts
for the four types of physical space shapes used for learning and the
two types of physical space shapes that were not used.

The total reset count of MS2OT was significantly affected by
the number of pre-reset actions. Hence, compared with existing
algorithms, the number of resets due to collisions with other users
was reduced significantly than that with walls. During learning pro-
cess, the collision with the wall increases the reset frequency of one
user by one, but the collision with other users increases the reset
frequency of at least two users one by one. Therefore, the model was
trained to minimize the number of resets due to user collisions in
general. In a single-user environment, MS2OT has better collision
avoidance performance than S2OT because there are more actions
that MS2OT considers than actions of S2OT. Alternative reinforce-
ment learning methods such as PPO [28] and A3C [22] can handle
continuous action spaces. Using these methods, we could achieve
more precise planning by handling the redirecting gain directly into
the action space rather than the action that specifies the steering
target used by the MS2OT. As the number of users increases, the
MS2OT reduces the frequency of reset more significantly than S2C,
S2OT and APF. This is because the performance of all algorithms
decreases as the number of users increases, and the performance
of MS2OT, which suppresses reset between users through pre-reset
actions, is relatively higher than that of other algorithms. In live-user
experiments, MS2OT averaged 5.981 resets per minute for two users
in rectangular space of 6 × 6 m2. In other words, considering about
10 minutes of VR experience, we expect about 60 resets per user.
In the experiment, the reset time was averaged about 1 second, so
in the 10-minute VR experience, the time spent on reset was about
10%, which is about 1 minute.

The computational time of the MS2OT was 9.262 msec per frame
on average for all scenarios using 2 to 10 users, which was much
longer compared to 0.118 msec in S2C and 1.434 msec in APF.
However, 9.262 msec per frame can accommodate approximately
107 frames per second, which is sufficient to accommodate the 50

fps used in simulation experiments. As a result of analyzing the
computation time for the number of users and the size of the tracking
space through ordinary least square (OLS) linear regression, both
the constant term and the number of users had a significant effect
on the regression equation with p < 0.001. However, the size of
the tracking space was −2.483× 10−6, which had no significant
effect on the regression equation (p = 0.595). As a result, we get the
equation of linear regression: T = 0.3992U +6.8668, (R2 = 0.880),
where T is computation time, U is the number of users, and R2 ∈ [0 :
1] is the proportion of the variance in the dependent variable that is
predictable from the independent variables. In general, 0.3992 msec
of computation time is added for each additional user. According
to the regression equation, the MS2OT can accommodate 50 fps for
approximately 32 users, regardless of the size of the space.

8 CONCLUSION

In this study, we extended the RDW predictive algorithm to work
in multi-user environments with tracking spaces of various shapes
and sizes using reinforcement learning. Our MS2OT algorithm uses
1024 steering targets and 1024 pre-reset targets to select the optimal
steering or pre-reset action to avoid the collision as much as possible.
The selection policy was approximated by learning a multi-layered
3D CNN using Q-Learning with the D3QN structure. We conducted
simulation and live user experiments to compare the performance of
the MS2OT against those of S2C, S2OT and APF-RDW. Compared
to S2C, S2OT and APF-RDW, the MS2OT significantly reduces the
total number of resets in most situations. MS2OT could voluntarily
select a pre-reset action, avoiding many potential collisions in the
future. The total number of resets in MS2OT was affected by the
number of pre-reset actions. In addition, the steering action of
MS2OT was similar to that of APF-RDW.

In our work, due to the lack of experimental equipment and space,
live-user experiments could only be performed under limited con-
ditions (room-scale square-shaped physical space, up to two users).
More live-user experiments with more than two users and different
types of physical spaces are required. In some cases, inappropriate
behaviors were observed, such as three consecutive pre-reset oper-
ations during the operation of MS2OT. By adding some penalties
to the successive pre-reset operation, MS2OT could be improved to
perform more naturally. In addition, using the 3D CNN layers to
process a series of images required considerable computation time.
Using two GeForce 1080 GPUs, we obtain 9.262 msec per frame
on average. MS2OT could accommodate approximately 50 fps in
a multi-user environment of 32 or fewer number of users, but it is
hard to work in real-time in environments with more users than 32
or when GPU was not available. It is necessary to accelerate the
computation by improving the MS2OT model using more advanced
network structures. MS2OT did not consider the internal structure in
the virtual space and potential points of interest of the user. Taking
these factors into account can improve the performance of predicting
future user behavior, which allows us to design more efficient RDW
algorithms.
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