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Abstract

Vision-and-Language Navigation (VLN) aims to develop embodied agents that
navigate based on human instructions. However, current VLN frameworks of-
ten rely on static environments and optimal expert supervision, limiting their
real-world applicability. To address this, we introduce Human-Aware Vision-
and-Language Navigation (HA-VLN), extending traditional VLN by incorporat-
ing dynamic human activities and relaxing key assumptions. We propose the
Human-Aware 3D (HA3D) simulator, which combines dynamic human activities
with the Matterport3D dataset, and the Human-Aware Room-to-Room (HA-R2R)
dataset, extending R2R with human activity descriptions. To tackle HA-VLN
challenges, we present the Expert-Supervised Cross-Modal (VLN-CM) and Non-
Expert-Supervised Decision Transformer (VLN-DT) agents, utilizing cross-modal
fusion and diverse training strategies for effective navigation in dynamic human
environments. A comprehensive evaluation, including metrics considering human
activities, and systematic analysis of HA-VLN’s unique challenges, underscores
the need for further research to enhance HA-VLN agents’ real-world robustness
and adaptability. Ultimately, this work provides benchmarks and insights for future
research on embodied AI and Sim2Real transfer, paving the way for more realistic
and applicable VLN systems in human-populated environments.

1 Introduction
The dream of autonomous robots carrying out assistive tasks, long portrayed in "The Simpsons,"
is becoming a reality through embodied AI, which enables agents to learn by interacting with
their environment [43]. However, effective Sim2Real transfer remains a critical challenge [3, 53].
Vision-and-Language Navigation (VLN) [2, 7, 9, 40] has emerged as a key benchmark for evaluating
Sim2Real transfer [23], showing impressive performance in simulation [9, 21, 38]. Nevertheless,
many VLN frameworks [2, 12, 21, 44, 46, 52] rely on simplifying assumptions, such as static
environments [25, 39, 50], panoramic action spaces, and optimal expert supervision, limiting their
real-world applicability and often leading to an overestimation of Sim2Real capabilities [51].

To bridge this gap, we propose Human-Aware Vision-and-Language Navigation (HA-VLN), extending
traditional VLN by incorporating dynamic human activities and relaxing key assumptions. HA-VLN
advances previous frameworks by (1) adopting a limited 60◦ field-of-view egocentric action space,
(2) integrating dynamic environments with 3D human motion models encoded using the SMPL
model [31], and (3) learning to navigate considering dynamic environments from suboptimal expert
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Figure 1: HA-VLN Scenario: The agent navigates through environments populated with dynamic human
activities. The task involves optimizing routes while maintaining safe distances from humans to address the
Sim2Real gap. In this scenario, the agent encounters various human activities, such as someone talking on the
phone while pacing in the hallway, someone taking off their shoes in the entryway/foyer, and someone carrying
groceries upstairs. The HA-VLN agent must adapt its path by waiting for humans to move, adjusting its path, or
proceeding through when clear, thereby enhancing real-world applicability.

demonstrations through an adaptive policy (Fig. 6). This setup creates a more realistic and challenging
scenario, enabling agents to navigate in human-populated environments while maintaining safe
distances, narrowing the gap between simulation and real-world scenes.

To support HA-VLN research, we introduce the Human-Aware 3D (HA3D) simulator, a realistic
environment combining dynamic human activities with the Matterport3D dataset [6]. HA3D utilizes
the self-collected Human Activity and Pose Simulation (HAPS) dataset, which includes 145 human
activity descriptions converted into 435 detailed 3D human motion models using the SMPL model
[31] (Sec. 2.1). The simulator provides an interactive annotation tool for placing human models in
29 different indoor areas across 90 building scenes (Fig. 12). Moreover, we introduce the Human-
Aware Room-to-Room (HA-R2R) dataset, an extension of the Room-to-Room (R2R) dataset [2]
incorporating human activity descriptions. HA-R2R includes 21,567 instructions with an expanded
vocabulary and activity coverage compared to R2R (Fig. 3 and Sec. 2.2).

Building upon the HA-VLN task and the HA3D simulator, we propose two multimodal agents to
address the challenges posed by dynamic human environments: the Expert-Supervised Cross-Modal
(VLN-CM) agent and the Non-Expert-Supervised Decision Transformer (VLN-DT) agent. The
innovation of these agents lies in their cross-modal fusion module, which dynamically weights
language and visual information, enhancing their understanding and utilization of different modalities.
VLN-CM learns by imitating expert demonstrations (Sec. 2.2), while VLN-DT demonstrates the
potential to learn solely from random trajectories without expert supervision (Fig. 4, right). We also
design a rich reward function to incentivize agents to navigate effectively (Fig. 5).

To comprehensively evaluate the performance of the HA-VLN task, we design new metrics consider-
ing human activities, and highlight the unique challenges faced by HA-VLN (Sec. 3.2). Evaluating
state-of-the-art VLN agents on the HA-VLN task reveals a significant performance gap compared
to the Oracle, even after retraining, thereby underscoring the complexity of navigating in dynamic
human environments (Sec. 3.3). Moreover, experiments show that VLN-DT, trained solely on random
data, achieves performance comparable to VLN-CM under expert supervision, thus demonstrating
its superior generalization ability (Sec. 3.4). Finally, we validate the agents in the real world using
a quadruped robot, exhibiting perception and avoidance capabilities, while also emphasizing the
necessity of further improving real-world robustness and adaptability (Sec. 3.5).

Our main contributions are as follows: (1) Introducing HA-VLN, a new task that extends VLN by
incorporating dynamic human activities and relaxing assumptions; (2) Offering HA3D, a realistic
simulator, and HA-R2R, an extension of the R2R dataset, to support HA-VLN research and enable
the development of robust navigation agents; (3) Proposing VLN-CM and VLN-DT agents that utilize
expert and non-expert supervised learning to address the challenges of HA-VLN, showcasing the
effectiveness of cross-modal fusion and diverse training strategies; and (4) Designing comprehensive
evaluations for HA-VLN, providing benchmarks and insights for future research.
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2 Human-Aware Vision-and-Language Navigation
We introduce Human-Aware Vision-and-Language Navigation (HA-VLN), an extension of tradi-
tional Vision-and-Language Navigation (VLN) that bridges the Sim2Real gap [3, 23, 53] between
simulated and real-world navigation scenarios. As shown in Fig. 1, HA-VLN involves an em-
bodied agent navigating from an initial position to a target location within a dynamic environ-
ment, guided by natural language instructions I = hw1; w2; : : : ; wLi, where L denotes the total
number of words and wi represents an individual word. At the beginning of each episode, the
agent assesses its initial state s0 =



p0; �0; �0;�

60
0

�
within a �t = 2 seconds observation win-

dow, where p0 = (x0; y0; z0) represents the initial 3D position, �0 the heading, �0 the elevation,
and �60

0 the egocentric view within a 60-degree field of view. The agent executes a sequence
of actions AT = ha0; a1; : : : ; aT i, resulting in states and observations ST = hs0; s1; : : : ; sT i,
where each action at 2 A = haforward; aleft; aright; aup; adown; astopi leads to a new state st+1 =

pt+1; �t+1; �t+1;�

60
t+1

�
. The episode concludes with the stop action astop.

In contrast to traditional VLN tasks [2, 13, 26, 40, 45], HA-VLN addresses the Sim2Real gap [3, 23, 53]
by relaxing three key assumptions, as depicted in Fig. 1:

1. Egocentric Action Space: HA-VLN employs an egocentric action space A with a limited
60◦ field of view �60

t , requiring the agent to make decisions based on human-like visual
perception. The state st =



pt; �t; �t;�

60
t

�
captures the agent’s egocentric perspective at

time t, enabling effective navigation in real-world scenarios.

2. Dynamic Environments: HA-VLN introduces dynamic environments based on 3D human
motion models H = hh1; h2; : : : ; hN i, where each frame hi 2 R6890×3 encodes human
positions and shapes using the Skinned Multi-Person Linear (SMPL) model [31]. The agent
must perceive and respond to these activities in real-time while maintaining a safe distance
dsafe, reflecting real-world navigation challenges.

3. Sub-optimal Expert Supervision: In HA-VLN, agents learn from sub-optimal expert
demonstrations that provide navigation guidance accounting for the dynamic environment.
The agent’s policy �adaptive(atjst; I;H) aims to maximize the expected reward E[r(st+1)],
considering human interactions and safe navigation. The reward function r : S ! R
assesses the quality of navigation at each state, allowing better handling of imperfect
instructions in real-world tasks.

Building upon these relaxed assumptions, a key feature of HA-VLN is the inclusion of human activities
captured at 16 FPS. When human activities fall within the agent’s field of view �60

t , the agent is
considered to be interacting with humans. HA-VLN introduces the Adaptive Response Strategy, where
the agent detects and responds to human movements, anticipating trajectories and making real-time
path adjustments. Formally, this strategy is defined as:

�adaptive(atjst; I;H) = arg max
at∈A

P (atjst; I) � E[r(st+1)]; (1)

where E[r(st+1)] represents the expected reward considering human interactions and safe navigation.
To support the agent in learning, the HA3D simulator (Sec. 2.1) provides interfaces to access human
posture, position, and trajectories, while HA-VLN employs sub-optimal expert supervision (Sec. 2.2)
to provide weak signals, reflecting real-world scenarios with imperfect demonstration.

2.1 HA3D Simulator: Integrating Dynamic Human Activities
The Human-Aware 3D (HA3D) Simulator generates dynamic environments by integrating natural
human activities from the custom-collected Human Activity and Pose Simulation (HAPS) dataset
with the photorealistic environments of the Matterport3D dataset [6] (see Fig. 2 and Fig. 12).

HAPS Dataset. HAPS addresses the limitations of existing human motion datasets by identifying 29
distinct indoor regions across 90 architectural scenes and generating 145 human activity descriptions.
These descriptions, validated through human surveys and quality control using GPT-4 [5], encompass
realistic actions such as walking, sitting, and using a laptop. The Motion Diffusion Model (MDM)
[17] converts these descriptions into 435 detailed 3D human motion models H using the SMPL model,
with each description transformed into three distinct 120-frame motion sequences1. The dataset also

1H ∈ R435×120×(10+72+6890×3), representing 435 models, 120 frames each, with shape, pose, and mesh vertex parameters. See
Realistic Human Rendering for more details.
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Figure 2: Human-Aware 3D (HA3D) Simulator Annotation Process: HA3D integrates dynamic human
activities from the Human Activity and Pose Simulation (HAPS) dataset into the photorealistic environments of
Matterport3D. The annotation process involves: (1) integrating the HAPS dataset, which includes 145 human
activity descriptions converted into 435 detailed 3D human motion models in 52,200 frames; (2) annotating
human activities within various indoor regions across 90 building scenes using an interactive annotation tool; (3)
rendering realistic human models; and (4) enabling interactive agent-environment interactions.

includes annotations of human-object interactions and the relationship between human activities
and architectural layouts. After manual selection, approximately 422 models were retained. Further
details on the dataset are provided in App. B.1.

Human Activity Annotation. An interactive annotation tool accurately locates humans in different
building regions (see Fig. 12). Users explore buildings, select viewpoints pi = (xi; yi; zi), set
initial human positions, and choose 3D human motion models Hi based on the environment of pi.
To follow real-world scenarios, multiple initial human viewpoints Prandom = fp1;p2; : : : ;pkg are
randomly selected from a subset of all viewpoints in the building. The number of people in each
building is estimated by dividing the building area by the average area per capita in the U.S. (2021,
67m2) [35] and rounding up. In the Matterport3D dataset, these viewpoints are manually annotated
to facilitate the transfer from other VLN tasks to HA-VLN. This setup ensures agents can navigate
environments with dynamic human activities updated at 16 FPS, allowing real-time perception and
response. Detailed statistics of activity annotation are in App. B.2.

Realistic Human Rendering. HA3D employs Pyrender to render dynamic human bodies with
high visual realism. The rendering process aligns camera settings with the agent’s perspective and
integrates dynamic human motion using a 120-frame SMPL mesh sequence H = hh1; h2; : : : ; h120i.
Each frame ht = (�t; �t; 
t) consists of shape parameters �t 2 R10, pose parameters �t 2 R72, and
mesh vertices 
t 2 R6890×3 calculated based on �t and �t through the SMPL model. At each time
step, the 3D mesh ht is dynamically generated, with vertices 
t algorithmically determined to form
the human model accurately. These vertices are then used to generate depth maps Dt, distinguishing
human models from other scene elements. HA3D allows real-time adjustments of human body
parameters, enabling the representation of diverse appearances and enhancing interactivity. More
details on the rendering pipeline and examples of rendered human models are in App. B.3.

Agent-Environment Interaction. Compatible with the Matterport3D simulator’s configurations [2],
HA3D provides agents with environmental feedback signals at each time step t, including first-person
RGB-D video observation �60

t , navigable viewpoints, and a human "collision" feedback signal
ct. The agent receives its state st =



pt; �t; �t;�

60
t

�
, where pt = (xt; yt; zt), �t, and �t denote

position, heading, and elevation, respectively. The agent’s policy �adaptive(atjst; I;H) maximizes
expected reward E[r(st+1)] by considering human interactions for safe navigation. The collision
feedback signal ct is triggered when the agent-human distance da;h(t) falls below a threshold dthreshold.
Customizable collision detection and feedback parameters enhance agent-environment interaction.
Details on visual feedback, optimization, and extended interaction capabilities are in App. B.4.
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