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Semantics-Aware Avatar Locomotion Adaption for
Indoor Cross-Scene AR Telepresence

Yi-Jun Li%¥, Member, IEEE, Hao-Zhong Yang

Abstract—Geographically dispersed users often rely on virtual
avatars as intermediaries to facilitate interactive communication
and collaboration. However, existing methods for augmented re-
ality (AR) telepresence applications exhibit limitations, including
restricted movement within confined sub-areas, lack of smooth
transitions, and the necessity for manually establishing object
mapping between dissimilar environments. We present a novel
interactive AR framework for virtual avatar locomotion adap-
tion while preserving semantic coherence across dissimilar indoor
scenes. Initially, we conduct a preliminary user study to identify key
attributes influencing preferred avatar movement. These attributes
are quantified as features, and a dataset of user annotations on
avatar movements is created. Based on the user interaction and
scene configurations, we employ a deep reinforcement learning
neural network to guide the avatar to the ideal position while
maximizing semantic coherence. We validate our proposed frame-
work through simulations and user studies by implementing an
AR-based 3D telepresence prototype, demonstrating the efficacy
of our framework in conveying user intentions across dissimilar
environments, enabling natural and immersive 3D telepresence
interactions.

Index Terms—Augmented reality, heterogeneous environments,
reinforcement learning, telepresence.

1. INTRODUCTION

UGMENTED reality (AR) technology integrates
computer-generated elements with the physical world,
enhancing interactive experiences [1]. Recent advancements
in AR have propelled the increasing popularity of AR
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applications across diverse domains, including education,
storytelling, and remote telepresence [2], [3], [4]. For remote
telepresence, geographically dispersed users can communicate
or collaborate through virtual avatars overlaid on their local
physical environments, fostering an immersive experience
by creating the illusion of physical co-presence with remote
participants [5], [6].

While directly mapping a user’s movements onto the corre-
sponding avatar is viable in identical room configurations [6],
[7], a key challenge arises when room geometries and layouts
differ between users. Such disparities can lead to issues such as
avatars penetrating furniture or interacting with unintended en-
vironmental objects, degrading the sense of co-presence during
multi-user remote telepresence [8], [9].

Existing solutions to address this challenge can be broadly
categorized into two approaches. The first category aims to
identify a mutual sub-region within different rooms, enabling
users to freely interact within a small common space [10], [11],
[12], [13], [14]. For instance, Keshavarzi et al. [10] proposed an
optimization method based on the input semantic scene maps to
find the maximal mutual space for multi-user immersive inter-
action. While facilitating multi-user telepresence, this approach
confines user interaction to a limited common region, failing to
utilize the full spatial extent of the rooms.

The other category of methods employs retargeting tech-
niques to map user positions or movements to avatars, enabling
remote users to navigate freely throughout the entire room [15],
[16]. For instance, Yoon et al. [15] introduced an adaptive
learning-based method that teleports avatars to optimal positions
while preserving semantics of remote users and furniture. How-
ever, this placement method lacks movement consistency. Wang
et al. [16] predict the user’s target then guide the avatar towards
the corresponding target using an established artificial potential
field (APF) [17]. While this method preserves smooth movement
transitions for the user, it requires manually establishing object
mappings between rooms.

In this paper, we propose a novel AR framework to facilitate
immersive remote telepresence in daily scenarios (shown in
Fig. 1). Our locomotion adaption approach does not necessitate
manual object mapping, and the movement of the full-body life-
like avatar automatically adapts to the remote user’s interactions
and the scene semantics. We first conduct a preliminary user
study to gather annotated data and user feedback. Our analysis
reveals that room layouts can be classified into several semantic
parts. Based on the definition of this avatar locomotion adaption
problem and established dataset, we then propose a framework
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Third-person perspectives of our cross-scene avatar locomotion adaption method in heterogeneous environments. Room A (Left) and Room B (Right)

depict two remote, semantically different physical spaces. User A and User B, represented by their respective avatars (Avatar A and Avatar B), can move and
interact across these spaces. The arrows indicate user movements and corresponding avatar transitions. For instance, as User A (left) moves within Room A, Avatar
B adaptively transitions to the semantically equivalent position in Room B, maintaining semantic coherence despite the rooms’ heterogeneity.

leveraging reinforcement learning to control real-time avatar
movement that adhere to user interactions and coherence with
scene semantics. While some works generate detailed human
poses or motions by using data-driven models [18], [19], [20],
our work plans symbolic character interactions before assigning
predefined animation clips to different avatar behaviors.
Our main contributions include the following:
® Defining the avatar locomotion adaption problem in remote
telepresence and analyzing its challenges based on our
preliminary user study.
® Proposing a framework containing a user target predictor
and a reinforcement learning mapper, which automatically
controls avatar movements guided by user interactions and
scene semantics from our annotated dataset.
e Evaluating accuracy and effectiveness of our approach
through both virtual simulations and real user studies, and
providing suggestions for future improvements.

II. RELATED WORK
A. AR Telepresence in Dissimilar Spaces

The advent of consumer-grade AR and virtual reality (VR)
head-mounted displays (HMDs) has brought telepresence expe-
riences into daily life [4], [21]. Early AR telepresence systems
enabled remote users to be teleported to fixed positions within
the local host’s physical space through real-time 3D video
capturing and reconstruction, such as directly projecting the
user’s image onto a local sofa [22] or rendering the remote
user on an optical see-through HMD [5]. However, the free
movement of the remote user is not supported by these systems.
Orts-Escolano et al. [6] developed a telepresence system to
reconstruct realistic people, furniture and objects in real-time,
but it could only capture a designated local space and required
expensive hardware.

Besides relying on high-fidelity capturing and reconstruction,
other systems such as Microsoft Mesh [23] and Meta’s Horizon
Workrooms [24] utilize virtual avatars to convey remote users’
behaviors. Choi et al. [25] also proposed a framework that
adapts full-body motions and interaction behaviors specifically

for morphologically similar remote environments. However, due
to the significant discrepancies of furniture layouts and space
sizes, directly mapping a remote user’s motion to their local
avatar would cause penetration with the physical environments
or interaction with unintended objects. These issues can conflict
with the user’s perception in the real world, diminishing the
sense of presence and disrupting immersive collaboration.

To address these challenges, some methods aim to find com-
mon sub-regions across different scenes or constrain users to
specific areas, allowing users to freely interact with each other
within shared spaces [10], [11], [26]. For instance, Lehment
et al. [11] proposed an automatic alignment scheme by maxi-
mizing the shared room common features to create a consensus
reality. Keshavarzi et al. [10] converted scenes into topological
scene graphs and provided advice on manipulation of ground
objects to further maximize the mutual space. Sidenmark et
al. [27] proposed an optimization-based method to merge dis-
similar physical workspaces for remote collaboration. However,
user movements are constrained within a sub mutual area, which
could shrink or disappear as the dissimilarity between spaces
increases. Moreover, user interactions with physical objects
outside the mutual space are not supported during remote telep-
resence.

Other works share our goal of enabling full-space telepresence
for users’ daily activities [15], [16], [28], [29], [30]. Yoon
et al. [15] trained a deep neural network to relocate avatars
to positions that are most similar to the corresponding users’
positions. Yang et al. [29] extended the previous method with
visual guidance to preserve avatar gaze and pointing alignment.
However, these approaches involve sampling the entire room
to determine the optimal avatar pose, resulting in delays in
real-time telepresence and a lack of natural avatar transitions.
Jo et al. [28] utilized rigid transformations from off-line scene
matching to identify avatar poses, but their construction of
the scene object mapping solely relies on the distribution of
furniture directions. Wang et al. [16] employed an APF-based
controller to navigate the avatar towards the local target by
utilizing a pre-constructed mapping of objects across different
rooms. However, this mapping is static and necessitates manual
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establishment beforehand. Moreover, their approach primarily
focuses on room layouts and overlooks the impact of interactions
between users.

B. Avatar Motion Adaption

Natural avatar motion adaption to match given activities and
scene layouts is an active research area [19], [31], [32]. For
instance, Hassan et al. [19] employed a conditional Variational
Auto-Encoder (cVAE) to determine optimal avatar placement
based on the 3D scene and human pose. Watkins et al. [32]
introduced a pose-preserving optimization framework to adapt
avatar motion sequences to different interaction scenarios. How-
ever, these approaches emphasize static positioning rather than
real-time locomotion adjustment across diverse spaces, limiting
their usability to dynamic AR telepresence scenarios.

Some existing methods [33], [34] commonly rely on desig-
nated task objectives or action descriptions for avatar motion
adaption. For example, Tahara et al. [33] utilized scene graphs
to align avatar actions with structured representations of the
scene, generating semantically accurate avatar motions. Huang
et al. [34] introduced a motion planning framework for generat-
ing life-like avatar movements, which considers the observer’s
viewpoint and the required demonstration task. While these
approaches demonstrate promising results in adapting avatar
motions to physical environments, they are not optimized for
real-time avatar locomotion adaption.

Consequently, there has been a growing focus on addressing
challenges where the avatar’s motion must dynamically adapt
to user interactions and the surrounding environment in real-
time, such as in interactive storytelling [3], [35], [36], [37]. For
instance, Li et al. [3] introduced a hierarchical story sampling
technique to represent events, enabling virtual avatars to adapt
behaviors based on user actions and scene context. Furthermore,
they [35] also employed a sequential deep graph generative
model to generate abstract virtual activity snippets, subsequently
assigning appropriate 3D poses and symbolic interaction an-
imations to avatars. Kim et al. [37] proposed a user-centered
framework for adapting flying creature movements in outdoor
AR storytelling. While these methods achieve dynamic adaption
within predefined storylines or specific narratives, they rely
on predefined story elements or script constraints, which are
less suitable for spontaneous avatar locomotion adaption in AR
telepresence scenarios.

C. Agent Control in Reinforcement Learning

Reinforcement learning (RL) has recently emerged as a
promising data-driven approach for diverse agent control
tasks [38], [39], [40]. It utilizes neural networks as function
approximators, enabling policies to scale to high-dimensional
state and action spaces and learn mappings from raw sensory
inputs to actions without hand-engineered features. The gen-
erality across control tasks makes it a compelling and suitable
framework for developing intelligent agent behavior via envi-
ronmental interaction.

Based on given tasks and 3D scenes, methods combined with
reinforcement learning have been applied to generate realistic
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Fig. 2. Overview of our AR cross-scene avatar locomotion adaption method
pipeline, which consists of two primary stages. (a) indicates the Scene Prepro-
cessing stage, where virtual replicas of both physical rooms are created manually
using 3D furniture models, and scene semantic information is represented by
object categories and OBBs. (b) indicates the Avatar Movement Control stage.
The predictor utilizes the user’s historical trajectory and scene semantics to
infer the intended destination. The mapper then determines the avatar’s optimal
location for real-time avatar navigation, maintaining semantic coherence across
dissimilar rooms.

avatar motion, which can be further categorized as kinematic-
based methods and physical-based methods [41], [42], [43].
Kinematic-based methods rely on high-quality 3D human-scene
data, which is scarce and challenging to acquire. On the other
hand, physical-based approaches utilize physics simulators to
ensure the physical plausibility of the generated motions. Nev-
ertheless, these approaches necessitate extensive amounts of
high-quality 3D human-scene data and require retraining their
proposed frameworks with specific reward functions for each
task. Moreover, it is essential to account for the complex seman-
tics of indoor scenes compared to simulated environments.

Several studies have explored using reinforcement learning
to address the primary challenge of navigating mobile robots
in indoor environments [44], [45], [46]. Yang et al. [45] em-
ployed a framework to map visual features to discrete motion
actions for a single agent engaged in visual semantic naviga-
tion. By incorporating a graph convolutional network to extract
abstract scene semantics, the agent achieves a higher success
rate in locating objects with the given category label and even
demonstrates the ability to discover unseen objects in unfamiliar
environments. Based on this approach, Liu et al. [46] built a
multi-agent framework, enabling the learning of a collaborative
strategy among agents to locate multiple target objects. These
works present an effective approach to the indoor navigation
problem when target objects are provided. However, ambiguity
arises when attempting to adapt virtual avatar movements across
dissimilar indoor scenes, as the mapping of objects between
different rooms remains undefined.

III. OVERVIEW

Our approach takes two dissimilar indoor scenes as initial
inputs and dynamically maps the user’s movements to the cor-
responding avatar’s movements in the other scene, considering
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Sit Slot

Stand Slot

Fig. 3. Discretization of the supporting space into two categories of character
slots (sit slots and stand slots).

the space geometry and scene semantics. Fig. 2 illustrates the
pipeline, which primarily comprises the following two stages:

Scene Preprocessing: The scene semantics is represented by
objects’ category labels and their corresponding oriented bound-
ing boxes (OBBs). We create virtual replicas of the physical in-
door scenes using existing 3D furniture models and heuristically
generate OBBs to represent the scene semantics with a manual
refinement. This approach circumvents the need for computa-
tionally expensive automatic or semi-automatic methods [3],
[33] for scene initialization and annotation.

Avatar Movement Control: The framework consists of two
main components: a user target predictor and an avatar target
mapper. The predictor utilizes the user’s historical trajectory
and scene semantics to predict the user’s intended destination
(see Section V). Based on this prediction and scene semantics,
the target mapper determines the optimal location in real-time
(see Section VI). The avatar then dynamically navigates to this
optimal location.

IV. SCENE SEMANTICS AND ANNOTATION
A. Scene Semantics Representation

In our framework, we assume that when users are moving,
they will finally arrive and stop at a meaningful position, such
as a position in proximity to furniture or interactive objects. To
simplify the problem, we introduce a discretization approach
inspired by Li et al. [3], whereby the spatial regions capable
of accommodating users or avatars (denoted as characters) are
partitioned into discrete slots. Specifically, for furniture pieces
capable of supporting multiple characters simultaneously, such
as sofas, we partition the furniture into multiple slots, each
assigned the same semantic label. Conversely, for furniture
designed to accommodate a single character, such as chairs, no
further subdivision is required. Besides, we discretize the spatial
regions where a character can stand and interact with specific
furniture or objects (such as standing near a table) to maintain
consistency in the solution space. As illustrated in Fig. 3, two
distinct categories of character slots are defined: stand slots and
sit slots. Once a character occupies a slot, it is marked as oc-
cupied to prevent overlapping assignments. The partitioning of
character slots for both categories is achieved through geometric
heuristics that take into account an approximate anthropometric
width of a human individual, and the partitioning results will be
further refined by a manual process.

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 31, NO. 10, OCTOBER 2025

Kitchen Living Room

Fig. 4. Top-view illustrations of the room layouts in the dataset, representing
three distinct categories: kitchen, living room, and office. Each category includes
two unique configurations.

B. Dataset Annotation by User Survey

We conducted a user survey to understand how users prefer
avatars to move in relation to their own movements across
different scenarios. The methodology involved focusing on three
indoor room categories (kitchen, living room, office) and em-
ploying 3D models sourced from AI2-THOR [47] to instantiate
two indoor room layouts for each category, each containing a
realistic assortment of furnishings and functional zones (shown
in Fig. 4). We further combined the six room layouts into 12
pairs of scene configurations. For each pair of scene configu-
ration, we constructed 40 questions by situating User A, User
B, Avatar A, and Avatar B in different locations. The questions
were intentionally designed to encompass a broad spectrum of
distances, orientations, interactions (such as watching TV or
talking face-to-face), and poses (sit or stand). This methodology
culminated in a total of 480 questions (12 pairs x 40 questions).

For each question, participants selected the optimal target slot
for Avatar A based on their preferences. Utilizing 2D floor plans
and egocentric views of the user and avatar, we directed partic-
ipants with the following instruction: “Select the optimal target
slot for the avatar that accurately reflects the user’s movement in
a remote setting.” The participants were exclusively presented
with scene views and were not provided with any additional
details regarding what activities that users were engaged in or
observing. This process was aimed to develop an avatar move-
ment control algorithm that did not require high-level contextual
cues.

In total, we collected 10 responses from diverse participants
for each question, resulting in 480 x 10 = 4800 user responses.
The survey engaged 21 participants, and each participant re-
sponded to a minimum of 100 questions.

Fig. 5 shows two typical samples from the user survey, where
the numbers over the slots indicate how many users selected that
slot for the question. For example, when two users appeared
to be looking at each other or attending to the same object
together, participants would place the avatar in similar positions
to perform the same action. Conversely, when the room layouts
differed significantly due to the distance between the user and
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Avatar B

User A

Fig.5. Illustration of representative samples from the user annotation process.
The number over each character slot indicates the vote count among 10 responses
for the corresponding question.

virtual avatar, distinct room layouts, or missing object cate-
gories, the participants’ annotations were more diverse. Based
on user annotation preferences and the semantic furniture in the
rooms, OBBs inside the rooms were divided into the following
8 key categories: stand slot, sit slot, table, small item, door,
window, screen, and wall. These OBBs represent the geometric
semantics of the room for subsequent question solving.

V. USER TARGET PREDICTION METHOD

We aim to dynamically predict the user’s target location based
on their current path and scene context. After obtaining the basic
scene representation, including discrete OBBs of objects, we
assume that users will avoid obstacles (e.g., tables, cabinets)
and choose the path of least cost to reach a target location.

Given a set of candidate target slots, we calculate paths from
the user’s starting point to these slots. Based on our assumptions,
we transform the user’s target prediction problem into a path
dissimilarity comparison problem. We use a method based on the
area formed by the two paths [48] to quantify path dissimilarity.

LetT" = {1V, T3, ..., T}, } denote the set of candidate slots
for the user, where P(T}*) represents the shortest path from
the user’s starting position to the candidate slot 7;*. Let H}*
represents the user’s historical path from the starting position
to the current position at time step ¢. The dissimilarity function
D(H}*, P(T}")) is used to measure the dissimilarity between the
historical path and the predicted path to candidate slot 7. For
clarity, we use () to represent the historical path H;* and S to
represent the predicted path P(T}"). The dissimilarity is then
calculated as:

D(Q,S) = ij x Area; (1)
j=1

where 7 is the total number of intersections, Area; is the area
of jth polygon, and w; is the weight of Area;, which is defined
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Q (Historical Path)

S (Predicted Path)

I, X

Fig. 6. Illustration of path dissimilarity calculation, which shows the geomet-
ric relationship between the historical path @ (blue line) and the predicted path
S (orange line). The dissimilarity D(Q, S) is measured based on the areas of
polygons (Areay, Areas, ..., Area,) formed between the two paths at their
intersections ([, I2, ..., Iy).

Lo(Ij, Iiv1) + Ls(Ij, Iiy1)
LQ + Lg

wj = 2
where the numerator represents the perimeter of the polygon, the
denominator represents the total length of paths @) and S, and
{I,I5,...,I,} is the set of intersection points between paths
Q@ and S, as illustrated in Fig. 6.

The candidate slot 7} with the lowest dissimilarity value is

chosen as the predicted target slot for the user, where the slot
label p € {1,2,...,M}.

VI. AVATAR MOVEMENT CONTROL METHOD

After determining the user target, it is essential to navigate
the virtual avatar within the room. However, room layouts can
vary widely, including differences in the quantity and spatial
distribution of furniture objects. To handle these variations and
accommodate the user’s movement, a dynamic mapping mech-
anism is required to translate the user’s target slot into the opti-
mal avatar target slot. This mapping mechanism consider both
scene geometry and semantic information alongside real-time
data about the user’s movement. By integrating these factors,
the avatar is guided to the most appropriate and semantically
coherent position while avoiding obstacles.

LetT* = {T{, Ty, ..., T} denote the set of candidate slots
for the virtual avatar, where the goal is to find the optimal map-
ping slot T;(l < ¢ < N). To address this problem, we proposes
areinforcement learning approach based on the Proximal Policy
Optimization (PPO) framework. Our method employs a deep
neural network as the target mapper for real-time finding of the
optimal slot, which is trained on previous user annotation data.

During simulation, the virtual environment updates the user’s
and avatar’s movements at a fixed frame rate. It then passes the
user’s target slot and the virtual avatar’s candidate slot states
as inputs to the target mapper. The target mapper returns the
label of the current optimal avatar target slot, while the avatar’s
movement control mechanism adjusts the avatar’s speed in real-
time based on the distance differences. The avatar gradually
approaches the optimal slot along the shortest path, and the
virtual environment generates the next state.
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The target mapper receives feedback from a reward function to
update its model weights. The process continues iteratively until
both the virtual avatar and the user reach their respective target
slots. In the following sections, we detail the state representation,
action space, reward function, and the neural network training
process.

A. State and Action Representation

Real-time avatar movement control requires knowledge of the
user’s target slot and the corresponding slot for the avatar. Let
N denote the number of candidate slots in the room where the
avatar is located (/N = 20 in our implementation), slots in the
room are numbered from 1 to N. We define the state at each
time step ¢ as:

St = I:thlv f;m Fta] (3)
b =[St S5 IR )

where x; represents the mapping slot label feature of the avatar
at time step ¢, encoded using one-hot encoding with N bits.

>+ denotes the feature vector of the user’s target slot, and Fy
represents the feature vectors for the avatar’s candidate slots.
Specifically, f,(1 <4 < N) represents the feature vector of
the avatar’s zth candldate slot. All feature values are normalized
to the range [0,1] for better fitting of the neural network. For
cases where the number of slots in the room is less than NV, we
pad the feature vector with zeros.

For each slot, we define the feature vector from a two-
dimensional top-down view to portray the semantic features
of the slot at time step 7. Based on findings from the previous
work [15] and our user annotation process, we further refine
these semantic features into lower-level features, as illustrated
in Fig. 7.

1) Category Feature: Each slot has a category semantic la-
bel, typically represented by one-hot encoding. In our imple-
mentation, the category feature f., is a 2D one-hot encoding:
sit slot [1,0] or stand slot [0,1]. This encoding determines the
avatar’s pose and orientation upon reaching the slot.

2) Relative Pose Feature: This feature fi, . = [f}, ;, f5, ]
characterizes the spatial geometric relationships between the
slot, the user, and the avatar. Based on Hall’s spatial relation
theory [49], distance reflects the intimacy between individuals.
Besides, the distance relationship reflects the cost required to
reach the slot, and the orientation directly impacts the user’s
visual content. Thus, we define:

[dgv 1,t» 02 t] (5)

where d}' is the slot-user distance, 67 ; is the non-negative angle
difference between the slot’s orientation and the direction to the
user, and 03, is the non-negative angle difference between the
user’s orientation and the direction to the slot. ff, ; is defined
similarly for the avatar.

3) Visual Attention Feature: Users typically focus more on
semantic information within their field of view (FoV). We
categorize furniture objects that users mainly focus on into 7
categories: sit slot, table, small item, door, window, screen, and
wall, assuming that users can only perceive furniture objects

zpt
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Fig. 7. Semantic features for character slot selection: (a) category feature
encoding slot types (sitting [1,0] or standing [0,1]); (b) relative pose feature char-
acterizing spatial relationships among user, avatar, and slot through distances and
angles; (c) visual attention feature measuring object-focused attention within a
40° FoV at 5 m range; (d) spatial feature quantifying object distributions in four
cardinal directions (front/back/left/right) within a 3 m radius.

within a certain angle and distance range in their FoV. Specifi-
cally, the visual attention feature of a category depends on the
number of its objects, the proximity of those objects to the user,
and the position of the objects relative to the center of the FoV.
The visual attention feature f,, ; of the 7th category in the visual
attention feature set F,,, is defined as:

_ 1_
fva,i = Z (dva - di,j) (20va - 0i,j> (6)
J

where d; ; and 0; ; represent the distance and angle between
the center of object j in the ith category and the slot, d,, and
Oa represent the maximum distance and angle of the FoV (here
dpe = 5m, Oyy = 40°). For the contribution of objects outside
the FoV, it is considered as O by default. For larger furniture
(tables, windows, doors, screens, walls) where individual size
differences can vary significantly, the proportion of the object
bounding box in the FoV needs to be considered. To simplify
calculations, if k; rays are uniformly shot out from the center of
the slot at angles (k7 = 7, not coinciding with the boundaries of
the FoV), then:

foai = 3 ZZ(W d,”)( ew—ek) )

where dj, j represents the distance between the intersection point
of ray k and the bounding box of furniture j and the center
of the slot. If there is no intersection point with furniture j or
the distance exceeds the maximum distance of the FoV, then
dk §= = dq, and Hk represents the angle between ray k and the
orientation of the slot.
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Fig. 8.

Training pipeline of our deep reinforcement learning method. At each time step ¢, the state S; =
action label x¢—1, the user’s target slot feature f;{ +» and the avatar’s candidate slot features F{ = | ff o f2’1 PR

Xt—1: f3les f1 45 -+ f37 ] includes the avatar’s previous
. fj‘i, t]. This state is fed into the neural network,

which comprises a policy branch and a value branch. The policy branch outputs the optimal avatar target slot label as the action A;, while the value branch predicts
the expected reward V' (S ). The avatar navigates to the target slot via shortest path planning, transitioning to the next state St with reward R;. The optimizer
updates the network based on the accumulated rewards and V' (S; ). This process is iteratively executed during training.

4) Spatial Feature: Observations suggest that when users se-
lect a target slot, they not only consider the semantic information
in front of the slot but also take into account the distribution of
objects around the slot. Users typically consider whether certain
categories of objects are around the slot and then consider the
spatial distribution in the front, back, right, and left directions.
Thus, the spatial feature f,, ; of the ith category in the spatial
feature set '), is defined as:

fsp,i -

where fspri, fspr,i» fspB,i» [spr,i measure the spatial dis-
tribution of objects in front, right, back, and left of the slot,
and fsprraz,: 1 the maximum value among them, representing
the combined spatial distribution of four directions. Taking the
calculation of f,,r ; as an example, a 90° sector is established
with the slot’s right direction as the center, considering the inside
object instances belonging to category i. For small-sized objects
that can be treated as a whole (e.g., sit slot, small item), the
spatial feature for this direction is defined as:

foori =Y (dsp — di;) ©)

J

[fspF,ia fspR,i7 fspB,i; fspL,i7 fsp]bfaw,i] (8)

where dg, is the maximum distance setting for the sector
(dsp = 3m), and d; ; represents the distance of object j in the ith
category of furniture relative to the center of the slot, defaults to
Jsp if it exceeds the maximum distance. Similar to the visual
attention features, for object categories with significant size
variations, if ko rays are uniformly shot from the center of the
slot at angles (k3 = 9, not coinciding with the boundaries of the
sector), then:

(10)

1 - R
fspRryi = Ty Z Z (dsp - dk',j)
ik

where afh ;j represents the distance between the intersection point
of ray k and the bounding box of furniture j and the center of
the slot. If there is no intersection point with the bounding box

of furniture j or the distance exceeds the maximum distance of
the sector, then dj, ; = d.p.

In summary, f', = [fea, fip.ts Foa, Fspl, and [ is defined
in a similar manner. Since it is assumed that the scene is static
except for the characters, the time-independent features f.q, fyas
and f,, can be precomputed.

5) Action and Network Architecture: The goal of our net-
work is to map user behavior to avatar slot selection actions.
To achieve this, our network (shown in Fig. 8) consists of
two branches: the policy function and the value function, both
implemented as Multi-Layer Perceptrons (MLPs). In each MLP,
there are two fully connected layers with 512 hidden units each,
followed by a sigmoid activation function. This structure avoids
using complex structures like ResNet or DenseNet for real-time
responsiveness.

The policy branch is responsible for selecting the avatar’s
target slot at each time step ¢. Given the current state .Sy, it
outputs an [V-dimensional vector representing the probability
distribution over candidate slots. The action A; is determined
by the index of the highest probability slot.

The value branch outputs a single scalar value V'(S;) repre-
senting the expected cumulative discounted reward and is used as
a baseline for decision-making. Both branches work together to
refine the action-selection process, where the policy optimizes
slot selection, and the value function ensures the actions are
aligned with long-term goals. This enables the network to select
the optimal target slot, ensuring its actions are semantically
meaningful and spatially coherent with the user’s behavior.

B. Reward

The reward function plays a crucial role in the training of
reinforcement learning models by evaluating the quality of de-
cisions made by the model in different states, guiding the model
to gradually adjust its strategies during the learning process.
Mapper models optimize decisions by maximizing the expected
cumulative reward since time step ¢. In general, the process
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can be described as follows: the agent receives an immediate
reward R; based on state S; and decision A;, then transitions
to the next state Sy;1 and optimizes its policy. Additionally,
upon completion of optimization, an additional final reward is
also provided to the agent. A well-designed reward function can
help the agent accelerate the convergence of neural networks
and make decisions to achieve the above objectives. The pro-
posed reward function is based on scene semantics, behavior
consistency, and temporal delay, and its specific details are as
follows.

1) Scene Semantics: Scene semantics reward is used to mea-
sure the value of selecting a slot that conforms to the semantic
mapping. Due to the different layouts among heterogeneous
environments and the presence of one or more candidate slots
that may meet the semantic requirements within a room, or even
in extreme cases the absence of seemingly reasonable mapping
slots, selecting the most user-desired virtual avatar mapping slot
based on scene semantics poses a research challenge.

Based on previous user annotation data, a total of 4800 user
feedback were obtained for 480 questions under 12 different
room combinations, with annotations from 10 different users
for each question. For the same question, as annotations from
users may vary, using unprocessed data directly for training can
lead to convergence issues in the model. Therefore, in order
to meet the semantic expectations of the majority of users, a
voting-based reward function is designed, where the higher the
count of votes for a slot, the more suitable that slot is considered
as the avatar target slot in the current scenario. Thus, the reward
function term R; can be defined as follows:

100 x St (Cagy > 1)
Ry = G (11)
100 x g™ Gmin (Cagu =0)

Where C,,4, is the highest count of votes among all slots,
Afinai is the label of the slot finally selected by the target
mapper, Ca,,, ., is the count of votes for the slot with the label
Afinai. For slots without any votes (C'g sina = 0), the reward
gained by the agent for selecting that slot should not exceed the
reward of any slot with votes, and the farther the distance from
the optimal avatar target slot, the less the reward. Here, C\;, is
the minimum count of votes among slots with non-zero votes.
Since there may be multiple slots with the highest count of votes,
dpmin denotes the minimum value from the euclidean distances
between slots and the slot with the highest count of votes.

Directly using Rg; as the final reward and providing it to the
agent upon reaching the target slot may lead to overly sparse
rewards, resulting in learning difficulties. To enhance training
efficiency, the final reward Ry is transformed into an immediate
reward R ;, where the difference Ry ; — Ry -1 is passed as
an immediate reward to the agent when the agent’s behavior
changes. The remaining reward of R, at the end is then provided
as the final reward to the agent.

2) Behavior Consistency: The virtual avatar moves towards
the target mapping slot along the computed shortest path. How-
ever, if the behavior of the target mapper changes too frequently,
it will cause the virtual avatar to continuously switch to new
targets, making it wander back and forth between multiple slots,
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leading to unstable movement of the virtual avatar, excessive
path turning points, and long walking paths. Therefore, the
reward function term R, is defined to limit the generated path:

0 (At = Atfl)
—5 (A # Ary)

This means that whenever the current behavior A; of the target
mapper differs from the behavior A;_; at the previous time step,
the agent will receive an immediate reward of -5 as the cost
of behavior change. When the behavior remains consistent, the
virtual avatar will move towards the target slot at a given speed
along the shortest path until it reaches the target slot.

3) Temporal Delay: Due to the interruption caused by delays
on the semantic synchronization of user interactions and the
negative impact on user perception [ 16], the virtual agent should
ideally arrive at their respective target slots simultaneously with
the users. The reward function term R, is defined to control the
temporal delay of the virtual agent:

Reo = (12)

min (7, Timax)

Rge = —100 x (13)

Tmax
where 7 is the delay between the virtual agent’s arrival and the
user’s arrival at the target slot, and 7y, 1S the maximum allowed
delay (here, T,,x = 3). This reward function term controls the
virtual avatar to arrive at the target slot as close to real-time as
possible. For the virtual avatar’s movement speed vy, it can be
dynamically adjusted as follows:

. (dY

vy = min (di max (v 1, 1), 08, (14)
t

where v{'_; is the previous speed of the virtual avatar, vy, is

the maximum allowed speed of the virtual avatar (here, vy, =

3m/s), and di and df represent the distances of the user and the
virtual avatar to their respective target slots.

VII. EVALUATION
A. Simulation Experiment

To evaluate the performance of our method, we conducted
comprehensive simulations, including an ablation study and
comparisons with other methods, as illustrated in Fig. 9.
The experimental environment was developed using Unity3D
2021.3.5f1c1 and neural networks were implemented using ML-
Agents toolkit (Release 20). Each network model was trained on
a computer equipped with an Intel 17-9700 KF 3.60 GHz CPU
and 32 GB RAM, and a GeForce RTX 2080Ti GPU for about 80
hours. The 4800 user-labeled data were randomly shuffled and
divided into training and testing sets at a 3:1 ratio, ensuring that
both sets included data from all 12 scene configuration pairs.
The training set was used for model training, and all testing was
performed on the test set.

1) Ablation Study: In our ablation study, the impact of dif-
ferent sub-terms in the reward function on the control of vir-
tual agent behaviors was quantitatively tested. We compared
our method (denoted as Ours) against the method without the
behavior consistency reward term (denoted as Ours w/o BC), and
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Room A Room B

Comparison Study

Ours

Fig. 9. Simulation experiment illustrating the performance of various meth-
ods. The top row presents the ablation study, comparing our method with
variations excluding the behavior consistency term (Ours w/o BC) and the
temporal delay term (Ours w/o TD). The bottom row shows the comparison
study against the Baseline (BS) and Weighting Method (WT). The red path in
Room B represents the movement trajectory of Avatar A under each method.

TABLE I
ABLATION AND COMPARISON STUDY RESULTS (MEAN + STD)

Metric Ours wlo BC  Ours wlo TD Ours

DE (m) 0.54 +£1.02 0.55 + 0.95 0.57 £1.07
PLR 2.92 + 3.49 1.64 £1.22 1.23 4+ 1.09
BCT 44.79 + 30.63 6.85 £ 6.83 1.83+1.18
TD (s) 0.66 £+ 0.85 0.36 + 1.08 0.05 +0.18
Metric BS wWT Ours

DE (m) 1.61 +£1.34 1.50 £1.33 0.57 +1.07
PLR 0.96 +0.28 1.17 4+ 0.55 1.23 4+ 1.09

the method without the temporal delay reward term (denoted as
Ours w/o TD).

The evaluation metrics include Distance Error (DE, the dis-
tance in meters between the final avatar position and the optimal
avatar target slot selected by most participants), Path Length
Ratio (PLR, the ratio of the avatar’s traveled path length to
the user’s), and Behavior Change Times (BCT, the number of
behavior changes).

DE measures the semantic accuracy, PLR evaluates whether
the avatar’s movement is both semantically correct and spatially
consistent by comparing the distances traveled by the user and
avatar, and BCT assesses the consistency of the avatar’s behavior
throughout the movement. When evaluating the temporal delay
reward term, DE and the Temporal Delay (abbreviated as TD)
in seconds between the virtual agent reaching the goal and the
user reaching the goal were used to assess whether this reward
term could help synchronize the virtual agent’s behavior with
the user’s.

Ablation study results were presented in the top of Table I.
Regarding the behavior consistency reward term, Kolmogorov-
Smirnov tests indicated that the data for DE, PLR, and BCT did
not follow a normal distribution.

Post hoc analysis using Mann-Whitney U tests (o = 0.05)
showed that there was no significant difference in DE (p =
.948) between Ours (mean + std = 0.57 + 1.07) and Ours
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w/o BC (mean + std = 0.54 4+ 1.02), but PLR (—1.69,p <
.001) achieved with Ours (mean + std = 1.23 + 1.09) were
significantly lower than Ours w/o BC (mean =+ std = 2.92 £
3.49). BCT (—42.96,p < .001) achieved with Ours (mean +
std = 1.83 £ 1.18) were significantly lower than Ours w/o BC
(mean =+ std = 44.79 + 30.63).

For the temporal delay reward term, Kolmogorov-Smirnov
test demonstrated that the DE and 7D data did not conform to
a normal distribution. Post hoc analysis using Mann-Whitney
U tests (o« = 0.05) revealed that there was no significant differ-
ence in DE (p = .782) between Ours (mean + std = 0.57 +
1.07) and Ours w/o TD (mean + std = 0.55 + 0.95), but 7D
(—0.31,p < .001) obtained with Ours (mean + std = 0.05 £+
0.18) was significantly lower than Ours w/o TD (mean + std =
0.36 + 1.08).

2) Comparison Study: In the comparison study, our method
is quantitatively compared with two other contrasting methods.
The descriptions of these three methods are as follows:

® BS (Baseline): The virtual avatar moves in real-time to the
relative position of its corresponding user regarding the
virtual avatar in the room and adjusts its orientation. If the
movement collides with furniture, it will block the virtual
avatar from continuing to move.

o WT (Weighting Method): This method evaluates candidate
slots by considering category features, relative pose fea-
tures, visual attention features, and spatial features. Each
feature is assigned a weight based on its relative importance
(manually refined). The slot with the highest weighted
similarity to the user’s target slot is selected as the optimal
avatar target slot, and the avatar moves toward it along the
shortest path.

® Qurs (Our Method): The method based on reinforcement
learning proposed in this paper, which controls the virtual
avatar to gradually reach the mapping slot provided in real-
time by the target mapper along the shortest path.

DE and PLR were reported, with the results shown in the
bottom of Table I. Kolmogorov-Smirnov test indicated that the
DE and PLR data did not follow a normal distribution. Thus we
employed the non-parametric Kruskal-Wallis H test to analyze
non-normally distributed data, which revealed a significant dif-
ference in DE among the methods (H (2) = 53.365,p < .001).
Post-hoc analysis using Mann-Whitney U test (o = 0.05) found
that DE achieved by our method was significantly smaller than
that of BS (—1.04m, p < .001) and WT (—0.93m,p < .001).
However, there was no significant difference in DE between BS
and WT (p = .551). Besides, the non-parametric Kruskal-Wallis
H test revealed no significant difference in PLR among the
methods (H (2) = 3.434, p = .180).

3) Discussion: We conducted an ablation study and a com-
parison study on the proposed method in a simulation platform
to evaluate the rationality of the reward function design and the
performance. In the ablation study, different sub-terms in the
reward function were investigated for their effects on the control
of the virtual avatar’s behavior. The results demonstrated that
under the influence of the behavior consistency reward term,
the virtual avatar’s movement distance decreased from nearly
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(e) Physical setup of Room A

Fig. 10.
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(f) Physical setup of Room B

Ilustration of our AR multi-user experiment: (a) and (d) show the first-person AR views of User A and User B; (b) and (c) depict the top views of the

virtual replicas (Room A and Room B); (e) and (f) present the physical room setups, demonstrating the spatial arrangement of furniture and users.

2.9 times the user’s movement distance to approximately 1.2
times, while the number of behavior changes decreased from
44.8 times to 1.8 times, significantly reducing the redundant
movement of the virtual avatar and enhancing behavior consis-
tency. Furthermore, the temporal delay reward term facilitated
a reduction in the temporal delay for the virtual avatar to reach
the target from 0.36 s to 0.05 s, significantly improving the be-
havioral synchronization between the virtual avatar and the user.
The ablation study results suggest that the incorporation of the
behavior consistency and temporal delay reward terms optimizes
the virtual avatar’s movement path, significantly enhancing both
behavior consistency and synchronization with the user.

In the comparison study, our method significantly reduced the
distance error for the virtual avatar to reach the target compared
to BS (-1.037 m) and WT (-0.929 m), indicating higher semantic
accuracy and the ability to guide the virtual avatar to the desired
locations. Although WT considered similar feature inputs as
our reinforcement learning method, its distance error results
showed no significant difference compared to BS, revealing that
guiding the virtual avatar’s movement through manually defined
rules may not effectively meet the semantic requirements of
indoor interaction and the demands for distributed multi-user
collaboration. The powerful representational capacity of deep
neural networks enables the learning of correct interactive se-
mantic relationships from user-annotated data, thus controlling
the virtual avatar’s movement in a manner that satisfies the
requirements of AR telepresence.

B. Multi-User AR Experiment

We conducted a multi-user AR experiment to assess the
efficacy of our method and compare it with existing approaches
in real scenarios. This experimental design necessitated the daily
activities happen in telepresence collaboration.

1) Environments and Scenarios: We developed AR telepres-
ence environments comprising two physical spaces measuring
4 m x 4 m. In our experimental setup, we outfitted these spaces
with common indoor furniture items (TV, table, chair, etc.). We
specifically adjusted the quantity and arrangement of objects
to establish two distinct room layouts, which are illustrated in
Fig. 10. The room layouts include different functional areas such
as a lounge area and a study area, incorporating typical physical
objects and interactions to facilitate various tasks.

In this study, we established three daily telepresence scenarios
featuring real-time verbal communications and transitions be-
tween different locations. In Scenario 1, two users rest together,
then one user leaves the lounge area to continue working. In
contrast, Scenario 2 entails one user approaching the other from
a distance. In scenario 3, two users navigate together to a shared
destination, such as the lounge area. During each scenario, the
user behaviors are mirrored in the corresponding avatar, creating
a synchronized viewing experience for both users. We explain
each scenario in detail below:

Scenario 1 (Leaving): The initial scene unfolds with two
users watching TV together. Subsequently, User B says, “I have
some homework, and I need to complete it first.” Then User A
responds, “Sure, go ahead and handle your homework,” as User
B departs from the lounge area and transitions into the study
area to commence work.

Scenario 2 (Approaching): User B is doing homework as User
A resides in the lounge area at a distance. Desiring to engage the
remote user in viewing the homework content, User B vocally
summons User A with, “Hey! Come check my homework.” Inre-
sponse, User A acknowledges, “OK, I'm coming,” and promptly
starts moving towards Avatar B at the study area. Upon reaching
and sitting, User A asks User B, stating, “All right, show me.”

Scenario 3 (Moving together): Following the completion of
homework, User B suggests watching TV, a proposal met with
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agreement from User A. Then they simultaneously start transi-
tion from the study area to the lounge area and sit on a sofa for
watching TV.

Illustration of the AR multi-user experiment. (a) and (d) show
first-person AR views of User A and User B interacting with the
environment. (b) and (e) depict top-down views of the virtual
room replicas (Room A and Room B), highlighting furniture
and user positions. (c¢) and (f) show the physical room setups,
illustrating the actual spatial arrangement of furniture and users.

2) Methods: We compared our method with two alternatives,
and the three methods are listed below:

® BS(Baseline): The user’s avatar moves in real-time and ad-

justs its orientation according to the user’s position relative
to the other avatar in the scene. If the movement collides
with furniture, the avatar is prevented from continuing the
movement.

® GT (Ground Truth): Before the trial, participants need to

understand task scenarios, and then annotate their ideal
walking paths of themselves and their avatars with mouses
according to the room top views shown on laptops. During
the actual walking process, the annotated paths will be
displayed in AR glasses to guide participants’ walking,
while their avatars walk along the annotated paths based
on the current progress.

® Qurs(Our Method): Our avatar control system containing a

user target predictor and a reinforcement learning mapper,
which controls the virtual avatar to gradually reach the
mapping slot in real-time.

3) Metrics: According to previous studies [15], [16], [50],
five metrics including similarity, semantics, preference, pres-
ence, and usability were adopted to evaluate method perfor-
mances. The first metric is “similarity to the expectation”,
indicating the conformity between the avatar’s transitions and
participants’ expectations. The second metric is “semantic cor-
rectness”, which quantifies the alignment between the conver-
sation context and the avatar’s movements. The third metric is
“overall preference”, reflecting the subjective ranking of the
method in this AR experience. The presence questionnaire is
derived from the Networked Mind Measure of Social Pres-
ence [51] and the Temple Presence Inventory [52], while the
questions for the method usability are chosen from the USE
Questionnaire [53]. All questions of metrics are presented to
participants using a seven-point Likert scale from 1 to 7, with
1 and 7 denoting the lowest and highest levels of agreement to
these metrics.

Then we formulated five hypotheses:

H1: Our method achieves consistent similarity to the expecta-
tion with GT since both approaches consider user intent to guide
avatar movements.

H2: The semantic correctness associated with our method is
similar to GT, as the avatar movement will avoid obstacles and
the avatar will finally arrive at the target location according to
scene semantics or user requests.

H3: Participants’ preference of our method is significantly
higher than other methods, because it automates the control of
virtual avatar movements to accurately mapped semantic posi-
tions, thereby reducing the need for manual user intervention.
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H4: The presence with our method is equivalent to G7, as it
provides more natural and realistic avatar movement, making
users more aware of partner activities.

H5: The usability of our method is the highest as it is straight-
forward to operate, thereby reducing user workload while ensur-
ing semantic accuracy.

4) Apparatus and Participants: The experiment was car-
ried out in a laboratory having two physical tracking areas
of 4m x 4m. Each participant wore a Microsoft Hololens2
HMD for visualizing virtual objects and avatars, and the system
was implemented respectively on two laptops using Unity3D
(v2021.3.5). Network communication is implemented through
the Unity Netcode component, and the visuals are transmitted in
real-time to AR glasses by Holographic Remoting application
through wireless network. Avatar models and animation clips
are from Mixamo' and Microsoft-Rocketbox.?

This multi-user study recruited 10 pairs of participants, com-
prising 10 males and 10 females aged between 21 to 30 years
(mean + std = 23.9 + 2.47) from our university. The distribu-
tion of the pairs was as follows: 4 female-only, 4 male-only, and 2
mixed-gender pairs. All participants had normal or corrected-to-
normal vision, and only 4 had no prior experience with AR/VR.
The familiarity between teammates was assessed on a 7-point
Likert scale ranging from 1 (never met before) to 7 (best friends
or lovers), yielding mean + std = 2.45 4+ 2.84.

5) Task and Procedure: Our AR user study was approved
by the Institutional Review Boards (IRB). Upon arrival at the
laboratory in pairs, participants were instructed to complete a
demographic questionnaire and we introduced the basic concept
of our AR telepresence using a video tutorial and verbal instruc-
tions. Subsequently participants were led to separate rooms and
they received training on operating the AR devices. During this
preparation phase, participants were allowed to explore and got
familiar with their room layouts as long as they want, and they
could communicate with each other through AR devices.

With the completion of the preparation phase, the testing
phase was initiated, which comprised a total of 9 trials (3
scenarios X 3 methods) for participant experience. The order
of methods within each scenario was randomized and coun-
terbalanced according to a Latin square design. After each
trial, participants were required to fill out a seven-point Likert
scale questionnaire, encompassing the previously mentioned
questions. Additionally, participants also shared their feedback
on each method during an interview. The experimental session
lasted approximately 40 minutes.

6) Results: 90 valid trials (10 participant pairs X 3 scenarios
x 3 methods) were collected. To analyze the study results,
normality tests were conducted for all metrics via Kolmogorov-
Smirnov tests, leading to the use of RM-ANOVA tests with
Bonferroni-adjusted post-hoc testing if data is normally dis-
tributed. Greenhouse-Geisser corrections were applied when
sphericity assumptions were violated. Non-parametric Fried-
man tests were employed for other non-normally distributed
data. Wilcoxon signed-rank tests were conducted for post-hoc

Uhttps://www.mixamo.com/
Zhttps://github.com/microsoft/Microsoft-Rocketbox
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Fig. 11.

Box plot results for the multi-user study, depicting means (hollow rectangles), median values (horizontal lines), and interquartile ranges (boxes), along

with outliers (diamonds), for the metrics of similarity, semantics, preference, presence, and usability. The data is presented across three methods: BS (blue), GT
(orange), and Ours (green). Statistically significant differences are marked with xp < 0.05, * % p < 0.01, and * * xp < 0.001.

analysis upon discovering significant effects (o« = 0.05). Fig. 11
shows the median value (M dn) and interquartile range (IQR)
and the results of post-hoc tests on all metrics.

Similarity: Non-parametric Friedman test results revealed that
METHOD had a significant effect on the similarity (x?(2) =
45.966,p < .001). BS had significantly lower scores compared
to GT (—1.85,p < .001) and Ours (—1.90, p < .001). Besides,
there was no significant difference found between GT and Ours
(—=0.05,p = .949).

Semantics: Non-parametric Friedman test results revealed
that METHOD had a significant effect on the Semantics (x*(2) =
44.103,p < .001). BS performed significantly worse than GT
(—1.73,p < .001) and Ours (—1.57,p < .001). Furthermore,
there was no significant difference found between G7 and Ours
(+0.16,p = .253).

Preference: Non-parametric Friedman test results revealed
that METHOD had a significant effect on the Preference (x*(2) =
47.813,p < .001). BS was significantly less preferred compared
to GT (—1.55,p < .001) and Ours (—1.90,p < .001). Mean-
while, GT scored marginally lower than Ours (—0.35,p = .141),
though the difference was not statistically significant.

Presence: The presence indicator comprises 5 sub-questions,
we evaluated it by calculating the mean score of these sub-
questions for each participant (shown in Table II). Non-
parametric Friedman test results revealed that METHOD had a
significant effect on the presence (x?(2) = 24.524,p < .001).
BS had significantly lower scores compared to GT (—0.88,p <
.001) and Ours (—1.11, p < .001). Besides, there was no signif-
icant difference found between GT and Ours (—0.23, p = .094).

Usability: For the usability indicator which comprises 13
sub-questions, we calculated the mean of each participant’s
responses to these sub-questions (shown in Table III). Non-
parametric Friedman test results revealed that METHOD had a
significant effect on the usability (x2(2) = 32.376,p < .001).
BS had significantly lower scores compared to G7 (—0.72,p =

Authorized licensed use limited to: Tsinghua University. Downloaded on April 05,2026 at 07:06:53 UTC from IEEE Xplore.

TABLE I

PRESENCE QUESTIONNAIRE RESULTS FOR EACH CONDITION (MEAN =+ STD)

Question BS GT Ours
1. I remained focused on my partner 5.53 5.82 6.18
throughout our interaction. (1.52) (1.46) (1.08)
2. My partner remained focused on me ~ 4.87 5.32 5.50
throughout our interaction. (1.82) (1.78) (1.61)
3. My partner’s thoughts were 427 5.58 5.67
clear to me. (1.89) (1.47) (1.32)
4. It was easy to understand my 4.28 5.73 5.85
partner. (1.96) (1.45) (1.35)
5. It seems that I and my partner was 4.67 5.57 5.95
together in the same place. (1.82) (1.41) (1.32)

TABLE III

USABILITY QUESTIONNAIRE RESULTS FOR EACH CONDITION (MEAN =+ STD)

Question BS GT Ours
. 4.22 5.07 5.83

1. It helps me be more effective. (178) (1.53) (0.99)
2 Tt is useful 410 5.32 5.93
’ ’ (1.87) (1.44) (0.90)
3Tt + d 3.95 542 5.97
- [t meets my needs. (1.99) (1.44) (0.92)
4Tt R 5.23 5.28 6.23
- 118 easy to use. (1.67)  (1.46)  (1.00)
5. It is simple to use 513 533 6.30
: p : (174)  (147)  (0.89)

. . 4.78 5.28 6.20

6. It is user friendly. 191) (1.55) (0.92)
L 5.37 5.63 6.37

7.1learned to use it quickly. (168) (1.37) (0.78)
8. I easily remember how to use it. (Egg) (Eig) (gég)
. . 5.50 5.63 6.35

9.1t is easy to learn to use it. (157)  (1.43) (0.80)
. s 4.02 5.25 5.90

10. I am satisfied with it. (194) (143) (1.02)
11. I would recommend it to a friend. (i’g% (?2;) (??i)
. 443 5.40 5.97

12. It is fun to use. (193) (145) (1.12)
. 3.93 5.20 5.83

13. It works the way I want it to work. 2.06) (146) (1.03)

Restrictions apply.
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.004) and Ours (—1.46,p < .001). Besides, the scores of GT
were significantly lower than those of Ours (—0.74, p < .001).
7) Interview Findings: In the gathered user comments, our
method was shown to be the preferred choice of almost all
participants (17 out of 20) for enhancing collaboration and
communication in AR scenes. P8 commented, “With Ours, the
avatar moved way more naturally to the right spot. It was easy to
figure out what my partner was trying to do just by watching the
avatar move around.” P19 said, “Ours gave me a better sense
of immersion. The avatar moved without any misalignment,
and the interaction felt smooth and realistic, with the paths and
destinations matching what my partner and I expected. It was like
we were actually in the same space together.” These comments
indicated that our approach was more semantically accurate and
reasonable, which in turn improved user immersion.

Furthermore, some participants perceived Ours as more ef-
ficient, having a lower learning cost, and allowing them to get
started quickly. P17 noted: “Ours did not require me to learn
the method and label the data in advance, which made it easier
and more convenient to use.” Similarly, P12 commented, “Ours
had similar accuracy to GT but was more convenient since it did
not require the pre-labelling process.” These comments suggest
that users valued Ours for striking a balance between quality
and efficiency.

BS was generally perceived as ineffective by participants, with
the avatar’s position deviating significantly from expectations.
As P13 noted, “With BS, the avatar failed to walk to the correct
position and may have even sat on a non-existent chair, severely
disrupting the sense of immersion.” This observation suggests
that BS could not effectively support collaboration and commu-
nication in AR environments.

Some participants felt that the avatar’s movement had a great
impact on method judgement. P20 explained, “In some scenar-
ios, my partner’s avatar remained still when I was walking, so
I could not perceive a difference between the three methods.”
Specifically, Ours enhanced immersion through real-time and
precise avatar movements, while GT facilitated understanding
of the intended actions through auxiliary lines.

A few participants expressed a preference for GT. P5 ex-
plained, “GT allowed me to see auxiliary lines and help me
understand each other’s movements and intentions.” P16 com-
mented, “As a frequent user of electronic devices, I did not find
the task of pre-drawing lines to be inconvenient, and I would only
consider abandoning GT if a non-line drawing method offered a
more immersive experience.” Based on participant feedback, it
was evident that Ours could be improved in terms of providing
auxiliary prompts to enhance understanding.

8) Discussion: From the quantitative evaluation, Ours and
GT significantly outperformed BS across all metrics. However,
when comparing Ours against GT, no statistically significant
differences were observed in similarity, semantics, presence, and
preference scores. Regarding usability, Ours achieved a higher
score than GT, exhibiting a significant improvement. In other
words, our proposed method effectively addresses the challenge
of controlling avatar movements while preserving semantic un-
derstanding in collaborative scenarios. For the remaining four
metrics besides usability, our method’s performance was on
par with GT, showing no significant deviations. Furthermore,
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our method demonstrated a significant usability advantage over
GT.

The experimental statistical results fully supported our four
hypotheses, namely H1, H2, H4, and HS. Regarding H3, while
Ours exhibited a higher average score compared to G7, the
difference between these two methods did not reach statistical
significance. Additionally, according to the collected participant
interview data, the majority of participants (17 out of 20) ex-
pressed a preference for Ours. Consequently, there is a modest
basis for entertaining this hypothesis.

Synthesizing the participant feedback from the interviews,
Ours emerged as the preferred primary method. This preference
stemmed from our method’s ability to execute reasonable walk-
ing processes, resulting in more natural partner avatar move-
ments and more easily interpretable intentions. However, some
participants noted that due to their frequent use of electronic
devices, the additional steps required by GT were manageable,
and they did not feel compelled to choose Ours over GT. This
observation may be related to the participants’ individual habits.

VIII. LIMITATIONS

There are several limitations in our work. First, our method
is currently designed on 2D planar maps and the performance
is dependent on the quality of user annotations. Our method
implicitly addresses contextual mismatches, such as differences
in object presence or functionality between physical spaces (e.g.,
a TV in the living room versus none in the kitchen). While this
reliance provides flexibility across diverse environments, it does
not explicitly account for each potential mismatch. Future work
could address this by developing systematic criteria to identify
and describe mismatches between given scenes. Besides, en-
hancing the dataset with more diverse user annotations could
enable the model to generalize better to a wider range of envi-
ronments and behaviors. Exploring automatic or semi-automatic
annotation techniques would further reduce dependency on man-
ual labeling, enhancing both scalability and robustness.

Another limitation is the challenge posed by large and com-
plex indoor environments, such as duplex rooms, where our
method may struggle to accurately represent spatial relation-
ships. Moreover, the approach’s scalability to outdoor environ-
ments and its performance on entirely unseen spatial configura-
tions warrant further investigation. Future work could explore
multi-scale scene representations, dynamic scene analysis, and
strategies for improving generalization to unseen configurations,
especially in more open or complex environments.

Additionally, our method assumes that user movements are
constrained by predefined slots, which simplifies the prob-
lem and improves computational efficiency. However, this dis-
cretization limits flexibility and may not be suitable for scenarios
where users can remain idle at arbitrary positions within the
environment. Therefore, future work could explore techniques
for continuous position prediction and dynamic area mapping,
which would enable the system to better accommodate diverse
movement patterns.

Moreover, the scope of our work is restricted to avatar mo-
tion adaption from a locomotion perspective in heterogeneous
environments. While our method enables realistic transition
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mapping of user movements, it does not generate detailed avatar
motions such as gazes, facial expressions, and interaction ges-
tures. However, these are crucial for achieving a high degree of
immersion and natural communication in AR telepresence meet-
ings. To fully leverage the potential of our cross-scene avatar
locomotion adaption method, future research could explore real-
time animation generation that can seamlessly integrate these
finer-grained motion details based on user interaction and envi-
ronmental context, further enhancing the realism and interactiv-
ity of avatar motion adaption in heterogeneous environments.

Furthermore, our current work focuses on a typical AR telep-
resence scenario involving only two concurrent users situated
in two heterogeneous physical environments. While this setup
enables the investigation of core challenges in cross-reality
embodiment and interaction, it does not explore the scalabil-
ity and robustness of our approach when extended to more
complex multi-user scenarios. As AR telepresence applications
continue to evolve, it is crucial to explore how our method
can be improved and adapted to scenarios involving multiple
users simultaneously distributed across more than two different
physical environments.

Finally, while our work does not directly address privacy and
ethical concerns, these issues are critical for the development of
AR telepresence systems. To enhance privacy protection, sen-
sitive user data, such as local scene information and movement
trajectories, could be processed locally on the user’s device
rather than transmitted to external servers, reducing the risk
of data exposure. Additionally, it is important to consider the
potential for avatar behaviors to unintentionally convey bias or
cause miscommunication. Future work should explore solutions
to mitigate these risks, ensuring that AR telepresence systems
are deployed in a way that respects privacy and ethical standards.

IX. CONCLUSION AND FUTURE WORK

In this paper, we propose a novel technique for controlling
avatar movements for multi-user AR telepresence in heteroge-
neous environments. Our method framework includes a user tar-
get predictor and a reinforcement learning mapper, which learns
from collected user-annotated data and scene semantic informa-
tion, predicts user target positions in real-time, and maps them to
corresponding locations in the room where the virtual avatar is
located. According to both simulation and real user experiments,
our method can generate natural avatar movements that adhere to
physical environmental constraints, enabling more natural and
intuitive interactions in distributed spatial collaborations.

Our approach offers a wide range of potential applications
in AR and the metaverse. In team collaboration and remote
meetings, it enables avatars to accurately reflect real-time spa-
tial movements, enhancing collaboration across locations and
providing an immersive experience. In virtual education, our
method allows teacher avatars to adapt dynamically to stu-
dents’ environments, increasing interactivity and engagement.
Additionally, in virtual healthcare, avatars can support remote
patient monitoring and telemedicine, allowing doctors to ob-
serve physical behaviors for more personalized and empathetic
consultations.

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 31, NO. 10, OCTOBER 2025

In future work, we aim to enhance the generalization capa-
bility of our method to support larger and more complex indoor
environments, as well as outdoor scenarios. Furthermore, inte-
grating our method with more detailed real-time avatar motion
adaption methods, such as gaze control and gesture generation,
is also worth investigating. As AR telepresence applications
evolve, extending our approach to scenarios involving multiple
users simultaneously distributed across more than two different
physical environments would be valuable.
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