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Abstract

Recent advances in foundation models have shown promising results in
developing generalist robotics that can perform diverse tasks in open-ended
scenarios given multimodal inputs. However, current work has been mainly
focused on indoor, household scenarios. In this work, we present SimWorld-
Robotics (SWR), a simulation platform for embodied AI in large-scale,
photorealistic urban environments. Built on Unreal Engine 5, SWR procedurally
generates unlimited photorealistic urban scenes populated with dynamic elements
such as pedestrians and traffic systems, surpassing prior urban simulations in
realism, complexity, and scalability. It also supports multi-robot control and
communication. With these key features, we build two challenging robot
benchmarks: (1) a multimodal instruction-following task, where a robot must
follow vision-language navigation instructions to reach a destination in the
presence of pedestrians and traffic; and (2) a multi-agent search task, where two
robots must communicate to cooperatively locate and meet each other. Unlike
existing benchmarks, these two new benchmarks comprehensively evaluate a wide
range of critical robot capacities in realistic scenarios, including (1) multimodal
instructions grounding, (2) 3D spatial reasoning in large environments, (3) safe,
long-range navigation with people and traffic, (4) multi-robot collaboration, and
(5) grounded communication. Our experimental results demonstrate that state-
of-the-art models, including vision-language models (VLMs), struggle with our
tasks, lacking robust perception, reasoning, and planning abilities necessary for
urban environments.

Project website: SimWorld-Rohotics

1 Introduction

There has been tremendous progress in engineering general-purpose robotics that can follow human
instructions and perform open-ended tasks [, P8, IS, D7, 6], thanks to the advances in robot
foundation models. Training these models requires a large amount of data, much of which can be
generated in high-fidelity embodied simulators, such as Habitat 3 [E0], RoboTHOR [I0], TDW [ 4],
VirtualHome [B8], Virtual Community [61] and BEHAVIOR [277]. They can also be systematically
evaluated in diverse scenarios created in these simulators. However, current embodied simulators for
robotics have been focused on tabletop [35, 58, B4, 2, 89] or household tasks [&R, 7, U6, &7, A6].
In this work, we want to study how to create a realistic and scalable embodied simulator for outdoor
robotics tasks.
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Figure 1: Overview of SimWorld Robotics (SWR). Built upon Unreal Engine 5, SWR is a
simulation platform for large-scale, photorealistic, and dynamic urban environments. It offers
diverse high-fidelity building and object assets, supports embodied agents with rich action spaces,
includes a background traffic system powered by city-scale waypoint generation, and enables
comprehensive city procedural generation.

Compared to indoor scenarios, robotics in outdoor environments, in particular, large urban
environments, introduces additional challenges, such as (1) 3D perception, spatial reasoning and
grounding in large environments; (2) safe navigation in dynamic scenes with people and traffic; (3)
long-range spatial memory; and (4) multi-agent collaboration and communication in task.

There have been urban simulators developed in recent years. However, to address the critical
challenges faced by real-world robotics in urban environments, they lack the necessary realism,
customizability, scalability, and versatility. For instance, well-known simulators such as AirSim [43],
CARLA [I7] mainly focus on autonomous driving domains. While it supports some manual
customization to the provided city environments, it does not support procedural city environment
generation. It also does not support the flexible control of embodied agents (such as mobile
robots or pedestrians) other than vehicles. More recent city simulators, such as MetaDrive [29],
MetaUrban [56], significantly improve the scalability. However, the simulated environments still
lack photorealism as shown in Figure Q.

Therefore, we introduce SimWorld-Robotics (SWR), a new embodied Al simulation platform for
large-scale, photorealistic, and dynamic urban environments. As illustrated in Figure 0, SWR
offers diverse high-fidelity building and object assets, multiple types of embodied agents with rich
action spaces, a waypoint-based background traffic system, and a comprehensive procedural city
generation pipeline to generate infinite cities. SWR also supports scalable data generation with fine-
grained ground-truth annotations, enabling the training and evaluation of embodied agents at scale.
Together, these features accelerate progress toward stronger embodied intelligence.

By leveraging SWR, we develop two novel benchmarks for robots in large, urban environments.
Each benchmark evaluates crucial robot capabilities uniquely supported by the key features of
SWR. As shown in B, the first is a multimodal instruction following benchmark, SIMWORLD-
MMNAv, for robot navigation, in which a robot must follow vision and language instructions to
reach the target location. Unlike existing robot navigation benchmarks, we evaluate multiple robot
capacities necessary for real-world urban navigation jointly, including robust 3D visual perception,
grounding multimodal instructions to 3D environments, obstacle avoidance, following traffic rules,
and walking around people in a socially acceptable way. The second is a multi-robot search
benchmark, SIMWORLD-MRS, in which two robots must cooperate to localize and meet each
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Figure 2: Simulator Comparison Top: Our simulator demonstrates key features including dynamic
lighting (e.g., sunrise), realistic weather (e.g., rain), diverse high-fidelity buildings, and rich
pedestrian behaviors. Bottom: MetaUrban and MetaDrive support large-scale maps but suffer from
poor rendering quality; AirSim and CARLA offer better visuals but have limited building diversity
and high repetition. All existing simulators exhibit simplistic pedestrian behaviors limited to random
walking, failing to reflect real urban dynamics.

other via physical navigation and verbal communication illustrated in B. To be successful in this
benchmark, robots must be able to effectively communicate about each other’s locations in a large,
unfamiliar space and discuss a joint plan, combined with their 3D spatial reasoning abilities. Our
experimental results demonstrate that existing models, including state-of-the-art vision-language
models (VLMs), fail to achieve meaningful success on our benchmarks. This highlights the gap in
current foundation models for challenging, realistic robot tasks in urban environments.

To address this gap, we introduce SimWorld-20K, a large-scale dataset for benchmarking
multimodal robot navigation in photo-realistic urban environments. The dataset contains 20K
training steps sampled from 200 episodes, each averaging 500 m in length, across 100 procedurally
generated city environments with an average area of 2 km?. Compared to MetaUrban [566], the most
recent urban simulator supporting procedural city generation, SWR offers environments that are
100 larger in area and episodes that are over 1.2 longer (MetaUrban: 410 meters per episode and
0:02 km? on average). This enables evaluation of long-horizon, real-world-scale navigation. After
fine-tuning on SimWorld-20K, QwenVL2.5-7B achieves a non-zero success rate on the test set and
outperforms SOTA proprietary models across several key metrics.

In sum, our key contributions include: (1) a new embodied Al simulator, SimWorld-Robotics (SWR),
that supports the creation and simulation of photorealistic and dynamic urban environments with
diverse embodied agents; (2) two novel benchmarks for single robot navigation and multi-robot
search tasks that evaluate key robot capacities by leverage the key, unique features of our simulator;
(3) a large-scale training dataset, SimWorld-20K, that enables long-horizon multimodal robot
navigation across city-scale environments; (4) a systematic evaluation of recent baseline models
which identifies the significant limits of these models on the evaluated key capacities.

2 Related Work

Embodied Simulators for Urban Environments. Recent embodied simulators mostly focus on the
indoor environment, mainly designed for household robots [2, 52, 38, 39, T4, &0, I3, 77]. There have
been outdoor simulators [[I2, &5, 56, T6, 53, T3] that provide more open-ended tasks, facilitate more
complicated dynamics, but face challenges in reality and multi-agent parallelism. CARLA[T?] is a
flexible simulator dedicated to autonomous driving. AirSim [43] focuses on simulation for drone
control. EmbodiedCity [I6] provides an arena for embodied Al with realistic urban settings and
enriched agent control. Grutopia [53] offers a large-scale annotated scene dataset for general service
robot tasks. Aerial VLN [30] serves as a highly photorealistic urban landscape for UAV navigation.
MetaUrban [56] features a wide range of micromobility tasks on the pedestrian, creating a highly
complex urban environment. However, the dynamic scene interaction of human agents and social
navigation (e.g., traffic rule following and pedestrian avoidance) has been much less explored.



Table 1: Comparison of outdoor simulation platforms across key features. The Scenes section
includessupport for Procedural Generation (X: supported, : not supported), and level of
Photorealism. The Human section summarizes scene interaction capabilities (Scene-Interact.) and
the number of supported human Actions. Embodied Agents indicate whether robots (Rob.), humans
(Hum.), and vehicles (Veh.) are supported. Multi-agent denotes support for asynchronous multi-
agent control. Full comparisons with other types of simulators are in Table B in Appendix B™.

Scenes Human Embodied Agents

Simulator Multi-agent

Procedural Generation ~ Photorealistic ~ Scene-Interact. ~ Actions Rob. Hum.  Veh.

CARLA [[7]
AirSim [435]
MetaUrban [B6]
EmbodiedCity [I8]
Grutopia [B3]
Aerial VLN [B0O]
UnrealZoo [b0]
SWR (Ours)

X X X X X X X X
X XXX XXX X
X X X x x x X X
X X X x x x X X
X X x x x XXX

X X X Xx x XX
X X X X X X X X

Our simulator places the robot in a photorealistic, dynamically populated urban environment,
evaluating not only multimodal instruction following but also the robots ability to adapt to real-time
social cues and navigate amidst human agents in a safe, rule-aware manner.

Instruction Following Benchmarks for Robot Navigation. Following complex instructions in the
real world often requires understanding both language and vision cues in tandem. As summarized
in Table B in Appendix B, prior benchmarks on vision-and-language navigation have tackled
instruction following, but typically in static indoor scenes or street panoramas using only textual
descriptions[&1]. For instance, Touchdown [8] explores city navigation via language alone in a
static street view setting, and R2R [[] focuses on multi-step instructions in household tasks. These
settings lack moving obstacles and additional visual guidance, making them only partial proxies for
real-world urban navigation. In contrast, our multimodal robot navigation benchmark, SIMWORLD-
MMNAv, challenges a robot to interpret and follow multimodal instructions (paired language
instructions and visual hints) to reach the target location in a large-scale, photorealistic, dynamic
city environment.

Multi-Robot Collaboration Benchmarks. There have been many recent multi-robot collaboration
benchmarks as summarized in Table B, but they do not evaluate multi-robot collaboration and
communication for exploration and navigation in large urban environments. RoCo [33] studies
cooperative manipulation on tabletop tasks, without the need for environmental exploration.
DOROTHIE [BZ] introduces spoken dialogue for an ego vehicle, yet involves just one controllable
agent. DriVLMe [20] simulates city-scale traffic with many vehicles, but lacks any verbal
communication between robots. RobotSlang [@] evaluates robot communication but is restricted
to small environments. Where Are You? [I”1] frames localization as a two-party dialogue, but the
robots do not physically navigate to meet each other through a large environment.

3 SimWorld-Robotics

Built upon SimWorld [24], SimWorld-Robotics (SWR) introduces key extensions including
procedural city generation, a traffic system, and support for an additional embodied agent: the
quadruped robot. We begin by describing how SWR procedurally generates diverse and scalable
urban environments with varying specifications. We then introduce the embodied agents supported
in these environmentsvehicles, humans, and robotsand explain the logic behind asynchronously
controlling multiple agents. Finally, we outline the rule-based system governing background
pedestrians and traffic dynamics. Details of SWR can be found in Appendix A.

3.1 Procedural City Generation

The Procedural City Generation pipeline in SWR is designed to synthesize realistic, structured
urban environments from minimal specifications, supporting tasks such as autonomous driving,
pedestrian navigation, and multi-agent simulations. As shown in Figure B, the pipeline follows four
stages: road, building, street element, and traffic element generation. It begins by creating a road
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Figure 3: Procedural City Generation. SWR receives a user’s specification and modularizes the
process into road, building, details, and traffic elements generation.

network through a priority queue-based growth strategy that balances branching and depth, while
ensuring plausible layouts via road-end attachment and intersection validation. Buildings are then
placed along roads using collision-aware sampling and greedy gap-filling to maximize coverage and
maintain uniformity. Next, contextual street elementstrees, cones, benches, and parked vehiclesare
placed around buildings and sidewalks with basic accessibility constraints. Finally, dynamic
traffic elements—including vehicles and pedestrians—are integrated into the environment to support
research on traffic dynamics, agent-based behavior modeling, and realistic navigation scenarios. A
detailed description of the city procedural generation pipeline is provided in Appendix B=8.

3.2 Embodied Agents

SWR supports three types of embodied agentshumans, vehicles, and robots. Unlike synchronous
designs [38] where agents must wait for others to complete their actions, SWR allows asynchronous
control, enabling each agent to act independently. To better reflect real-world conditions and support
diverse tasks, SWR also provides rich action spaces for different agents and flexible observation
spaces. The creation of new embodied agents in Appendix A~R.

Types of Embodied Agents. Unlike previous simulators [I2, 56, PY]that focus on a specific type
of embodied agent—such as autonomous vehicles, robots, or humans—and mainly support control
over that particular agent type, our simulator simultaneously supports all three major categories.
This unified design enables the development of broader and more diverse embodied Al tasks within
a single environment. In SWR, we have included all three types of embodied agents. For the robots,
we have two kinds: the scooter and the quadruped robot.

Asynchronous Multi-agent Control. To realistically model scenarios where multiple agents act
independently and simultaneously, SWR uses an asynchronous multi-agent control framework. Each
agent receives its observation from a centralized buffer and can submit an action only when marked
as available. The buffer updates at a fixed interval (default: 0.01 seconds), checking for actions from
available agents and updating their availability status. Valid actions are executed concurrently, after
which all agents become unavailable until their actions complete. Once finished, agents are marked
as available again and receive updated observations. The control pipeline is illustrated in Figure @
in Appendix B3.

Observation Space. SWR provides three primary types of visual observations: RGB images, depth
images, and semantic segmentation masks, as illustrated in Figure B in Appendix B=. In addition
to these, SWR also offers ground-truth language descriptions and 3D bounding boxes for objects
present in the environment.
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Figure 4: Illustration of a multimodal robot navigation task.

Action Space. SWR supports three types of continuous vehicle control: acceleration, braking,
and steering. Each action is continuous within a set range, allowing flexible controle.g., higher
acceleration leads to faster speeds, and larger steering values result in sharper turns. For robot
control, actions include continuous translation (forward, backward, left, right) and free-angle
rotation, enabling flexible movement and orientation, as illustrated in Figure B in Appendix B3.
Human agents can perform navigation actions (movement, turning) and interaction actions relevant
to urban scenarios, grouped into: (1) humanobject (e.g., pick up/drop off objects, sit/stand), (2)
humanvehicle (e.g., drive, enter/exit, open/close trunk), and (3) humanhuman (e.g., wave, argue,
point).

3.3 Pedestrian and Traffic Simulation

The traffic simulation in SWR creates dynamic urban scenarios by orchestrating vehicle and
pedestrian movement across a generated city map. It supports route assignment, intersection control,
and pedestrian flow simulation, running on a fixed-time update loop for consistent real-time updates.
Vehicle motion is governed by a feedback-based model using a PID controller, with empirically
tuned parameters for realistic acceleration, braking, and turning dynamics [2T]. Pedestrians follow
a lightweight model, adjusting orientation incrementally toward their goals based on angular
differences. To simulate realistic patterns, SWR uses a probabilistic routing strategy at intersections,
where agents select paths based on predefined probabilities. This stochastic behavior introduces
natural variability and enhances scene diversity. Details of predestrain and traffic simulation can be
found in Appendix BT

4 Multimodal Robot Navigation Benchmark

We propose a novel multimodal robot navigation benchmark, SIMWORLD-MMNAV, where a robot
must follow multimodal instructionspaired language and visual hintsto reach a target in a large-scale,
photorealistic, dynamic city environment (Figure B). This requires grounding verbal and visual
references in the 3D environment based on the robots observations, while adapting to real-world
complexities like traffic and pedestrians. SWR enables scalable evaluation of such tasks through (1)
procedurally generated instructions with annotated, richly detailed city layouts, (2) photorealistic
rendering of visual hints, and (3) simulation of pedestrians and traffic. We highlight core challenges
of dynamic grounding: aligning language with visual targets, navigating around moving entities, and
obeying environmental rulesall within an open-world urban setting that surpasses prior benchmarks.
Details of SIMWORLD-MMNAV can be found in Appendix O.

4.1 Setup

Task Definition. Each task consists of a series of multimodal instructions ;.- that the robot must
interpret and execute. As illustrated in Figure B, each instruction ly includes a natural language
instruction and a visual hint illustrating what the robot can expect to see after reaching the goal
described by the language instruction. These two modalities together guide the robot toward a
specific location and/or orientation. Each instruction is associated with a ground-truth goal gx. At



Table 2: Experimental results on the SIMWORLD-MMNAV benchmark (easy task set). The numbers
in parentheses indicate the improvement after finetuning.

Models SR %t Subtask SR% 1 Distance Progress % 1
Proprietary Models

GPT-40 0 33.07 15.60

Gemini 2.5 Flash 0 37.06 31.29
Reasoning Models

GPT-03 5.0 42.50 38.43
GPT-03-pro 8.3 46.35 39.46

Open-sourced Models

QwenVL 2.5 7B 0 16.86 7.82
QwenVL 2.5 72B 0 23.80 17.50
Gemma 3 27B 0 15.36 6.83
InternVL 3 78B 0 18.31 9.34
Fine-tuned Models

QwenVL 2.5 7TBf¢ 4.0 (+4.0) 52.45 (+35.59) 53.63 (+45.81)
Hybrid Baselines

HybridGPT 0 32.53 27.24
RL-based Baselines

VLA-RL 0 28.37 22.79

any given timestep, only one instruction is presented to the robot, which must successfully complete
the current instruction (i.e., reaching gx) before receiving the next instruction Iy 1.

In real-world urban navigation, instructions typically fall into one of four categories: Orientation
Alignment, Move Along the Road, Turn at the Intersection, and Reach Destination. As shown in
Figure B, a complete sequential instruction-following task is formed by chaining together multiple
different types of instructions. Details of procedural task generation can be found in Appendix C3.

To closely mirror real-world navigation challenges, the environments simulated incorporate both
static obstacles (e.g., buildings, barriers) and dynamic agents (e.g., pedestrians, vehicles) whose
trajectories are not known in advance. Task difficulty is determined by the complexity of the
environment, and we define two levels: an easy task includes no obstacles (static objects outside
of buildings, pedestrians or vehicles), and a hard task adds both static object obstacles and dynamic
pedestrians and vehicles.

Obsevation and Action Space. Apart from the subtask description and expected visual hint, the
robot has access to the egocentric RGB image, segmentation image, and depth image. Ground truth
orientation is provided, assuming a built-in compass in the robot. The robot’s action space includes
moving in four directions, as well as turning. It can also stay still and confirm task completion. SWR
also supports active perception by providing different viewpoint images.

SimWorld-20k. Based on SWR, we construct the SimWorld-20k dataset, including 100 training
maps with an average area of 2 km? and 200 oracle trajectories generated by A* [[I¥] for 200 training
tasks, whose average length is greater than 2:5 km. Each trajectory contains over 100 steps, forming
a training dataset of 20K steps. Details of it can be found in Appendix 4.

Statistics. For both training and evaluation, we synthesize 100 distinct worlds. With them, we create
200 easy tasks and 200 hard tasks. Each task has 2-4 instructions. On average, each task requires
traveling 500 meters over 250 steps. To ensure generalization, 33% of the buildings in the testing
set are exclusive and unseen during training.

Evaluation Metrics. We evaluate navigation performance in the easy setting through three key
metrics: (1) Success Rate (SR) [[I] measures the percentage of goal arrivals, (2) Subtask SR [46]
tracks the ratio of completed subtasks, (3) Distance Progress [61] evaluates instruction-following
by the relative reduction in distance to the goal. The hard evaluation setting, which introduces a
comprehensive traffic system and pedestrians, requires three additional safety metrics: (1) Static
Collision counts collision between the robot and immovable objects like buildings and trees, (2)



Table 3: Experimental results on the SIMWORLD-MMNAV benchmark (hard task set).

Models SR %" Stat. Coll. # Dyn. Coll.# Red Light Viol.# Subtask SR%" Distance Progress %"
GPT-40 2.08 1.92 10.37 3.02 34.38 24.83
Gemini 2.5 Flash 0 3.21 4.29 7.875 32.29 29.87
QwenVL 72B 0 5.0 11.73 2.86 23.86 21.97

Dynamic Collision counts collisions with moving elements, such as pedestrians and vehicles, (3)
Traffic Light Violation records the number of times the robot fails to adhere to traffic signal
regulations.

Table 4: Most common failure modes in SIMWORLD-MMNAV.

Subtask Failure Mode Frequency (%)
Misestimate the distance to the intersection 53.33
Moving to Intersection Fail to detect the intersection 28.33
Misidentify the reference landmark 18.33
Misinterpret the turning pattern 42.86
Turning Misunderstand history status summary 42.86
Fail to detect upfront buildings 14.29
Fail to match the landmark in a different perspective 60.00
Reaching Destination Stop too early to face the landmark 30.00
Fail to align the landmark 10.00

Baselines. Inspired by the recent success of large vision-language models (VLMs) on navigation
tasks [64], we evaluate multiple recent VLMs as backbones using ReAct [67], including GPT-4o,
GPT-03, GPT-03-pro [B6], Gemini 2.5 Flash [49], Qwen-VL 2.5 [B], Gemma 3 [50] and InternVL
[9]. Additionally, we finetune QwenVL2.5-7B on SimWorld-20k. We also test a hybrid baseline,
HybridGPT, where GPT-4o0 is used as a high-level decision maker and A* [[IX] is used as a low-level
motion planner. For RL baselines, we train a multimodal policy model, VLA-RL, with DeBERTa-
v3 [[9] as language encoding and DINOv2 [37] as visual encoding, following VLN-CE [24]. We
include more baseline implementation details in Appendix C3.

4.2 Results

Zero-shot VLMs. As shown in Table [, among zero-shot ReAct models, Gemini 2.5 Flash achieves
the highest progress score. GPT-40 exhibits a mismatch between its distance progress and subtask
completion rate, primarily due to its inability to detect termination conditions, often overshooting
the goal and yielding zero distance progress. QwenVL2.5-72B ranks highest among open-source
models, while QwenVL2.5-7B performs comparably to significantly larger models.

Finetuned Models. After fine-tuning, QwenVL2.5-7B shows substantial improvements across all
metrics and is the only model to achieve a non-zero full task success rate. However, the absolute
success rate remains low, partly because the training set is grounded on oracle action traces, which
limits robustness. Incorporating reinforcement learning or corrective demonstrations could further
enhance performance.

Reasoning Models. All zero-shot non-reasoning models score zero in SR, highlighting a
fundamental capability gap. Case studies in Appendix ETl suggest that these models often fail
in task completion due to insufficient instruction grounding or inability to handle long-horizon
dependencies. However, the results for reasoning models indicate that improved reasoning abilities
boost performance. In our experiment, the reasoning models show improved depth estimation and
destination alignment, which further demonstrates the importance of visual and spatial reasoning in
our benchmark.

Other Baselines. The hybridGPT handles local turning more stably than zero-shot GPT-40, but
lacks fine-grained control, making overall performance more sensitive to GPT-40’s first-attempt
accuracy. The RL baseline, VLA-RL, fails to outperform zero-shot LLMs, indicating the difficulty
of our benchmark, where sparse reward signals and visually complex spatial reasoning pose
challenges for conventional vision encoders.



At Initial Status: _ _ Final Goal:
Landmark memory in main robot's memory k- | Meet up in the city environment

| am currently
seeing a white

brick building
with a red flag

< N )
[ i v

Follower Robot's

; : Current View

Follow Robot T

You should
keep moving

forward

SN

Main Robot

A0

7
Main Robot's
Current View

Main Robot

Figure 5: Illustration of a multi-robot search task.

Hard Setting. We further evaluated realistic obstacle avoidance and traffic rule obedience on models
that performed relatively well on the easy setting. As Table B shows, Gemini 2.5 Flash performs
better on avoiding pedestrians and vehicles; however, its red light violation count is higher, not
due to failure to stop at red lights, but because the agent often freezes after detecting a red signal,
even when already within the intersection. This indicates that there is still room for improvement in
pragmatic reasoning and safety alignment under real-world conditions. Reasoning models, due to
their inference latency, are not suitable for this setting of real-time traffic avoidance.

Ablation Test. We construct an ablation test using GPT-4o as the backbone, and we find that the
explicit ReAct framework and segmentation provide the most significant marginal improvements
among all the components. Details can be found in Table [T in Appendix [CA.

Failure Analysis. We summarize typical failure modes of VLMs as follows, with specific qualitative
examples detailed in Appendix El. (1) Visual Grounding. The grounding of VLMs hinder their
performance. They fail to recognize the intersection, which is vital in our setting. The relatively low
perspective of the robot dog add to the difficulties. (2) Spatial and Embodied Reasoning. VLMs
do not yet have good 3D spatial reasoning capacity. They cannot robustly estiamte how close the
robot is to a certain intersection or an obstacle. (3) Pragmatic Thinking. To emulate real-world
textual navigation, our instructions use high-level phrases like "turn right at the intersection" without
detailing the specific turning and crossing actions required. Most models fail to interpret such
ambiguity correctly. (4) Memory and Planning. VLMs sometimes fail to adapt the information
in memory to the current situation. The frequency for each common failure mode is shown in Table
a.

5 Multi-Robot Search Benchmark

In many real-world urban applications like search and rescue, multiple robots must collaborate. In
large, unfamiliar environments, this requires localizing one another and meeting at a convenient
location. Such multi-robot search is foundational for effective collaboration, but presents unique
challenges: (i) each robot has partial, egocentric perception, (ii) the environment is dynamic and
safety-critical, and (iii) coordination depends on grounded natural-language dialogue. As shown
in Table B (Appendix B2), prior benchmarks only address parts of this problem. We introduce
SIMWORLD-MRS, a benchmark to fill this gap.

5.1 Setup

Task Definition. There are two robots, a main robot and a follower robot. The main robot has
explored the city, so it has the memory of a map and images of landmarks (typically over 20
landmarks) in the city. However, the follower robot is new to the city and does not have such
information. Neither robot knows the other’s location. Their goal is to meet each other as soon as
possible by physical navigation as well as verbal communication. A task is considered successful
when at least one of the robots confirms that it can see the other robot in its egocentric view.



Table 5: Experiment results on SIMWORLD-MRS benchmark.

Models Method CSR% 1 Task Progress%7T
Proprietary Models

GPT-40 Oracle Planner 65.00 76.90

Gemini 2.5 Flash Oracle Planner 54.55 75.84

GPT-40 RoCo 33.33 22.93
Open-sourced Models

QwenVL 2.5 72B RoCo 11.11 35.94

Both robots have similar observation and action spaces as in the SimWorld-MMNav benchmark.
Additionally, both robots can send natural language messages to each other. Each robot can send a
confirmation signal whenever it believes that it has seen the other robot.

We provide more details of the benchmark in Appendix D.

Statistics. For evaluation in the multi-robot search benchmark, we construct 100 unique urban
environments, each covering an area of 2:5 km?. In each environment, 20 distinguishable landmarks
are selecteddistributed across all the city blocksas the main robot’s memory of the city. On average,
the initial distance between the two robots spawning locations is 576 m, requiring 287 steps for an
oracle planner to complete the task.

Evaluation Metrics. We assess multi-agent navigation performance through two principal
metrics: (1) Collaborative Success Rate (CSR) [B1] measures the percentage of tasks completed
successfully before meeting; (2) Task Progress averages, across robots, the fraction of their shortest-
path distance that is covered by the end of an episode.

Baselines. Following the collaboration paradigm of ROCO [B3], we enable robots to discuss a
joint plan for concrete rendezvous behavior using a VLM. The follower robot will first describe
its location using language for the main robot to localize it. Afterwards, two robots will confirm
a plan, where the main robot will describe paths to a meeting location for the follower robot to
follow, while the main robot will plan its own path to reach the meeting location. In SIMWORLD-
MRS, we first evaluated GPT-40 and Gemini 2.5 Flash with oracal planner and then picked the best
performing VLM (GPT-40) and paired it with RoCo. We include more implementation details in the
Appendix D4,

5.2 Results

Table B summarizes baseline results on our multi-robot search task, with specific qualitative
examples detailed in Appendix E3. GPT-40 with the oracle planner achieves the highest CSR
(52%) and task progress (68.44%) by combining precise landmark localization with optimal
A* planning, showing upper-bound performance with full map access. The RoCo policy lets
the follower describe its view, which the map-aware robot localizes via VLM-based retrieval.
This one-shot communication enables concurrent movement and more realistic coordination.
However, converting rendezvous plans into language introduces ambiguity and execution noise,
often causing path deviations. Without iterative replanning, grounding or control errors can’t
be corrected. Consequently, GPT-40 under RoCo achieves only 33.33% CSR and 22.93% task
progresssignificantly lower than the oracle baseline.

6 Conclusion

We have created a novel embodied Al simulator, SimWorld-Robotics (SWR), for synthesizing
photorealistic and dynamic urban environments. It can procedurally generate infinite photorealistic
urban environments. Additionally, it can populate the environments with pedestrians, vehicles, and
robots. By leveraging these features, we have built two new robot benchmarks. One focuses
on multimodal robot navigation (SIMWORLD-MMNAV), and the other evaluates multi-robot
collaboration in searching tasks (SIMWORLD-MRS). Our experimental results reveal significant
limits in strong VLM-based baselines. Our evaluation also demonstrated the value of finetuning
VLMs on large-scale training sets synthesized in our simulator.
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Limitations and Future Work. Our current simulator focuses only on outdoor environments. The
action space of the human agents, though more diverse than prior simulators, is still limited. In the
future, we intend to scale up the action space by leveraging recent human body motion generation
models. We also plan to incorporate indoor scenes into SWR.
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A SimWorld-Robotics Details

A.1 Assets

Building and Detail Assets We utilize a wide range of high-fidelity buildings and street-level
details, all sourced from Unreal Engines official marketplace, Fab.com. All assets are used in
compliance with their respective licenses and terms of use. The ground-truth attribution for building
assets are made into word cloud, shown in Figure B.
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Figure 6: Building Attribution in SWR Each building asset in SWR is paired with a ground-truth
description initially generated by language model and later verified and corrected by human in our
team.

Embodied Agent Assets Quadruped robot models are sourced from CGTrader and integrated
into SWR in compliance with the platform’s licensing terms. Vehicles are adapted from the official
Unreal Engine package CitySampleVehicle, with customized blueprint logic to support the specific
requirements of our simulation. Human agents are created using Unreal Engines MetaHuman
framework, providing diverse, realistic character models.

A.2  Full Comparison of SWR with Prior Simulators

Table 6: Comparison of simulation platforms across key features. The Scenes section includes
environment Type (U: Urban, I: Indoor), support for Procedural Generation (X: supported,
not supported), and level of Photorealism. The Human section summarizes scene interaction
capabilities (Scene-Interact.) and the number of supported human Actions. Embodied Agents
indicate whether robots (Rob.), humans (Hum.), and vehicles (Veh.) are supported. AMC denotes
support for asynchronous multi-agent control.

Simulator Scenes Human Embodied Agents AMC
Type  Procedural Generation  Photorealistic ~ Scene-Interact. ~ Actions Rob. Hum.  Veh.
Matterport3d [7] 1 X X X X X X X X
Sean2.0 [52] 1 X X X 3 X X X X
Arena3.0 [23] 1 X X X 8 X X X X
AI2THOR [IZ3] 1 X X X X X X X X
TDW [[4] 1 X X X 50 X X X X
SocNavBench [8] 1 X X X 2 X X X X
Habitat 3.0 [&0] 1 X X X 4 X X X X
VirtualHome 2.0 [BY] 1 X X X 25 X X X X
BEHAVIOR [27] 1 X X X X X X X X
CARLA [I2] U X X X 2 X X X X
AirSim [435] U X X X 2 X X X X
MetaUrban [56] U X X X 2 X X X X
EmbodiedCity [[H] U X X X 2 X X X X
Grutopia [B3] 0] X X X X X X X X
Aerial VLN [B0] U X X X X X X X X
SWR (Ours) U X X X 26 X X X X
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A.3 Asynchronous Multi-agent Control
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Figure 7: Asynchronous multi-agent control. To ensure each agent independently selects and
executes actions based on its local observation and policy model, a centralized buffer serves as the
interface between agents and the environment, receiving actions from all agents and updating their
observations based on the resulting environmental changes.

The control pipeline is illustrated in Figure [, where each agentregardless of embodiment (robot,
vehicle, or pedestrian)independently perceives its local observation and selects an action using its
policy model. These actions are asynchronously sent to a centralized buffer, which mediates the
interaction between agents and the environment by updating each agents observation based on the
environments response to all executed actions.

A.4 Observation Space

As illustrated in Figure Ba, the robot receives multimodal observations at each step, including
RGB images, semantic segmentation maps, and depth maps, enabling a rich understanding of its

surrounding environment.
Segmentation De?tg
I .

Action Space.

d RGB

The robot operates in a discrete action space comprising;:
Translation: Move forward, backward, left, or right
Rotation: Turn left or right

Idle: Remain stationary for 2 seconds

\ View Adjustment: Look up or down
Figure 8: Multimodal observation and discrete action space.(a) The robot perceives the

environment via RGB, segmentation, and depth modalities. (b) Its action space includes translation,
rotation, idling, and view adjustment.
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A.5 Robot Action Space

The robot executes actions within a discrete control space composed of directional movements,
rotations, idle behavior, and vertical view adjustments, as illustrated in Figure Bb.

A.6 Procedural City Generation

The Procedural City Generation pipeline is a central component of the SWR simulator, designed
to generate realistic and structured urban environments from minimal input specifications. This
pipeline offers a highly modular and extensible architecture that supports the creation of diverse
cityscapes, enabling a wide range of embodied Al tasks such as autonomous driving, pedestrian
navigation, and multi-agent simulations.

As illustrated in Figure B, the city generation process is organized into four sequential stages: road
generation, building generation, street element generation, and traffic element generation. Each
stage progressively adds layers of realism and complexity to the simulated environment.

Road Generation: The process begins with the creation of a road network, which serves as the
backbone of the city. Roads are generated through an initiation phase and a tree-like growth process
that balances depth and branching using a priority queue. Mechanisms such as road-end attachment
and intersection checking ensure a coherent and plausible layout.

Building Generation: Once roads are established, buildings are procedurally placed along road
segments. For each side of the road, candidate positions are sampled while checking for space
availability and avoiding collisions. A greedy strategy is used to fill remaining gaps near road ends,
maximizing spatial utilization and maintaining visual uniformity.

Street Element Generation: Smaller environmental elements such as trees, road cones, benches,
and parked vehicles are generated around buildings and alongside roads. These details are
categorized and placed based on contextual zoneseither surrounding buildings or within designated
sidewalk areas. While collisions with other objects are not strictly enforced for performance reasons,
the placement respects basic accessibility constraints.

Traffic Element Generation: The final stage involves populating the city with dynamic actors
such as cars, pedestrians, and agents. These elements bring life to the simulation and interact
with the static environment, enabling research in traffic flow, behavioral modeling, and agent-based
navigation.

Internally, the pipeline utilizes dedicated managers for roads, buildings, and elements. Each manager
maintains spatial data using both lists and quadtree structuresenabling efficient queries, spatial
indexing, and collision checks. Procedural rules and constraints guide item generation to ensure
the city is functionally consistent and visually appealing.

By separating generation into clearly defined stages and maintaining a rule-driven architecture, this
pipeline provides a robust foundation for scalable and customizable city simulation within SWR.

A.7 Background Traffic System

In SWR, both pedestrians and vehicles are controlled using a rule-based traffic system, as illustrated
in Figure B. A waypoint system is constructed over the entire procedurally generated city, consisting
of two types of waypoints: road waypoints and intersection waypoints. At each intersection, four
intersection waypoints are sampled, one at each corner. For every road segment connecting two
intersections, road waypoints are sampled at 17-meter intervals, linking the intersection waypoints
at both ends. Prior to traffic simulation, we sample a sequence of connected waypoints for each
pedestrian and vehicle. During simulation, each agent follows its assigned path. When an agent
reaches an intersection waypoint, it checks the traffic light status: if the light is green and the
remaining duration exceeds 15 seconds, the agent proceeds; otherwise, it waits until the signal turns
green, ensuring safe and realistic traffic behavior.
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Figure 9: Traffic system in SWR. Agents follow sampled waypoints and obey traffic lights at
intersections, proceeding only if it’s green signal.

A.8 Customization in SWR

The two benchmark tasks included in the paper are intended as case studies to demonstrate
the functionalities and utilities of SWR. SWR was explicitly designed to support user-friendly
customization of embodied agents, environments and tasks.

A.8.1 New Embodied Agents

To add a new robot type in SWR, one can leverage the existing Python API of SWR to conveniently
customize action spaceseither continuous or discreteas well as observation spaces such as RGB,
depth, or semantic segmentation images. The required additional work (1) obtaining a new robot
asset, typically from the Unreal Engine Marketplace; (2) defining the robot’s actions using Unreal’s
Blueprint system; (3) integrating these actions with our Python API to enable high-level control; and
(4) attaching our camera components to support the desired observation space.

A.8.2 New Environments

Users can generate diverse and realistic urban layouts through our Python API by providing
simple metadata inputs (e.g., number of streets, street length, object categories, and their spatial
distributions, such as 10% trees, 5% tables and chairs). This allows researchers to create arbitrarily
large and varied city environments.

A.8.3 New Tasks

Defining tasks in SWR is similar to standard Gym environments [6], as the Python API of SWR
follows the same format for agent control (including pedestrians and vehicles). Users can spawn
different types of agents, customize observation spaces (e.g., RGB, depth, or semantic segmentation)
and action spaces (continuous or discrete actions), and program new goal definitions (e.g., language
instructions, target images, or spatial objectives). Additionally, while the current pedestrians follow
rule-based logic, users can override behaviors to simulate complex or rare cases. For instance, one
can simulate a jaywalking pedestrian by scripting a few agents to cross during a red light, while
placing a robot at the intersection to evaluate its reaction.

A.9 SWR Technical and Operational Details

Underlying simulation engine. Our simulation is built on UE5(Unreal Engine 5), leveraging
its native Chaos physics pipeline: each object is assigned an appropriate collision mesh, and at
each fixed simulation tick performs discretetime integration of Newtons equationsresolving forces,
collisions, and joint constraints via its iterative solver.

Python API and runtime environment. On top of UES, weve implemented a dedicated Python
layer that communicates with the engine through an updated Unreal CVbased TCP server [23], where
highlevel commands issued in Python are forwarded over TCP straight into the UES runtime. On top
of this API, we provide a standard Gym interface so that researchers can plug in and benchmark any
baseline with minimal effort. We will distribute a Windows executable and a Singularity container
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for Ubuntu and macOS so that users can run SWR out of the box without local compilation; all
binaries, container images, and the Gym wrapper will be opensourced upon publication.

Human-in-the-loop interface. We support a human-in-the-loop interface through which a human
operator uses a mouse and keyboard to control the robot; all trajectories are recorded automatically
as expert demonstrations for downstream training.

A.10 SWR Computational Requirements

To ensure wide accessibility, SWR supports adjustable rendering resolutions, allowing deployment
across both high-end servers and modest laptops.

Recommended Setup

* CPU: Intel Core i7-12700H or AMD Ryzen 9 5900HS

* GPU: NVIDIA RTX 3070 or GPU with more than 6 GB
* RAM: 32 GB

Minimum Setup (60 FPS for SWR)

* CPU: Intel Core i7-11300H or AMD Ryzen 9 4800H

* GPU: NVIDIA RTX 2060 (notebook)

* RAM: 16 GB

A.11 Running Efficiency of SWR

We evaluated all baselines on a headless machine with an AMD EPYC 9534 CPU, L40S GPU and
64 GB RAM. We can run 2 instances in parallel with a fixed 60 fps. Here’s the table when we
stress-test the runtime performance with different settings.

Table 7: Runtime Performance Stress Test

Resolution Rendering Quality GPU Utils (%) CPU Utils (%) RAM (MB)
640 x 360 low 30.04 16.41 561.56

720 x 600 low 29.72 17.73 596.4
1280 x 720 low 26.5 18.56 734.81

640 x 360 high 30.03 16.59 564.04

720 x 600 high 29.61 17.47 589.3

1280 x 720 high 27.44 19.08 738.6

B Benchmark Comparison

B.1 Comparing SimWorld-MMNav with Prior Vision-Language Navigation Benchmarks

Table 8: Comparison of instruction following benchmarks for navigation.

Benchmark Env Agent Route

Type Num Type  Act Space Gen Acts Num
CVDN [&T] Indoor, Static 90 Camera Graph-based Manual 7 7415
REVERIE[42] Indoor, Static 90 Camera Graph-based Manual 5 7,000
TouchDown [&] Outdoor, Static 1 Camera Graph-based Procedural 35 9,326
ANDH [I3] Outdoor, Static 1 Drone 6 Manual 7 6,269
Aerial VLN [B0] Outdoor, Static 25 Drone 8 Manual 204 8,446
SimWorld-MMNav (Ours) Outdoor, Dynamic 400 Robot 7 Procedural 100 400
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Table 9: Comparison of multi-robot collaboration and navigation benchmarks. Dynamic indicates
whether pedestrians, vehicles, or other moving obstacles are present.

Benchmark Env Agent Comm. Map Objective

Type Scale Num Type Modality Max Len Access
RoCo [B3] Indoor, Static Room 2 Mobile arm None - None  Collab. pick&place
DOROTHIE [BZ] Outdoor, Dynamic ~ Road 1 (ego car) Vehicle Spoken dlg. 20 tok. Full Dialogue nav.
MetaUrban [B8] Outdoor, Dynamic  City 1+ E-scooter/robot None - Full  Micromobility nav.
DriVLMe [21] Outdoor, Dynamic  City 10+ Vehicle None - Full Coop. driving
RobotSlang [d] Indoor, Static Lab 23 Mobile base Natural-lang. ~ 80char Partial  Joint object search
Where Are You? [IC7] Outdoor, Static City 2 (tourist+guide)  Pedestrian Natural-lang. ~ 40tok.  Split Localization via dialog
SimWorld-MRS (Ours) Outdoor, Dynamic City-scale 2 Robot Natural-language 128 char Split Rendezvous / meet-up

B.2 Comparing SimWorld-MRS with Prior Multi-Robot Collaboration and Navigation
Benchmarks

C SIMWORLD-MMNAvV

In this section, we present SimWorld-MMNav, a single-robot benchmark designed to evaluate
multimodal navigation in large-scale urban environments. We begin by describing our procedural
task generation pipeline, which enables the creation of diverse and realistic navigation tasks. We
then introduce the SWR-20k training dataset, detailing how we generate fine-grained supervision
signals for multimodal learning. Next, we elaborate on the baseline models used in our experiments,
including their implementation pipelines and prompting strategies. Finally, we provide an in-depth
analysis of notable failure cases observed during evaluation, such as incorrect 3D spatial reasoning
and other representative errors.

C.1 Detailed Task Settings

Observation Space In addition to the multimodal instruction, the robot is equipped with a
compass that indicates its current facing direction. To facilitate navigation, the robot also receives
its egocentric RGB image, segmentation image, and depth image, which together provide a rich
perception of the surrounding environment.

Action Space The robots action space consists of two categories: movement actions and task-
related actions. In the movement category, the robot can choose from the following options: move
forward, move backward, move left, move right, turn left ( 90°), turn right (+90°), or stay still.
In the task-related category, the robot can select the action evaluate, indicating that it believes the
current task has been completed. If the evaluation is correct, the robot receives the next subtasks
language instruction and visual hint; otherwise, the episode terminates as a failure. Our simulator
allows active perception like looking up by providing egocentric observation from different fields of
view.

C.2 Metric Detail

We evaluate Single-Agent Instruction Following using three metrics: Success Rate (SR), Subtask
Success Rate (SSR), and Distance Progress (DP).

Success Rate This metric measures the proportion of navigation tasks in which the agent
successfully reaches the final destination. A trial is counted as successful only if the agent stops
near the correct landmark building and is oriented towards it at the end of the trajectory.

Subtask Success Rate This metric evaluates the proportion of correctly completed subtasks within
a navigation episode. Let N denote the total number of subtasks in a given instruction, and n¢ the
number of subtasks successfully completed by the agent. The Subtask Success Rate (SSR) for that

episode is computed as:
Nc
SSR = — 1
N ey

We report the average SSR across all test episodes.
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Distance Progress This metric quantifies how much closer the agent is to the goal at the end of
the navigation compared to the beginning. Let dy be the initial distance to the goal and dy the final
distance. The Distance Progress (DP) is computed as:

DP = max M; 0 )
do

DP values are also averaged across all tasks to obtain the final score. All distances are computed
using the Manhattan metric.

In the more challenging environment containing obstacles, pedestrians, and vehicles, we additionally
measure three metrics to assess the robot’s social navigation capabilities: the average number of
static collisions (i.e., collisions with buildings or static obstacles), the average number of dynamic
collisions (i.e., collisions with pedestrians or vehicles), and the number of actions that violate traffic
light rules during navigation.

C.3 Procedural Task Generation

Algorithm 1: Task Generation for SimWorld-MMNav

Output: Ordered list of subtasks T = (11;V1); (I2;V2);:::9

Initialize subtask list T [1;

Vi capture visual cue at n; with orientation 1;

I;  generate Orientation Alignment instruction using compass heading ; and nearby
landmark;

Add (I;Vy) toT;

fori 2tok 1do

if { & j_;then

Vmove  capture visual cue at Nj_; with orientation j_1;

lnove  generate Move Along the Road instruction using a landmark near n;_;

Add (Imove; Vimove) to T

Vwm  capture visual cue at nN; with new orientation j;

lum  generate Turn at Intersection instruction based on the relative angle between

i—1 and j;
Add (Iturn; Vturn) toT;

Veoal capture visual cue at Nk with orientation ;

looa  generate Reach Destination instruction using goal landmark description;
Add (lgoar; Vo) t0 T 5

return T

To support diverse multimodal navigation scenarios, we construct the SIMWORLD-MMNAV
benchmark under two difficulty levels: easy (without obstacles) and hard (with obstacles such as
vehicles and pedestrians). We generate 200 city maps using our procedural city generation pipeline,
with 100 maps allocated to each setting. For the map under hard setting, streetside obstacles are
additionally generated. The task generation process is detailed in Algorithm [&.

On each generated map, we randomly sample a pair of points, denoted as Pyt and Py, . For each
point, we locate the nearest landmark building and extract the front-door location, referred to as
Liare and Lo, respectively. The robot is spawned at L, and tasked with navigating to Lo

We then use the A* algorithm to compute an optimal path between L and Lo Over the city-wide
waypoint graph.

This path is decomposed into a sequence of subtasks that reflect the robots expected behavior along
the route. These subtasks are:

Orientation Alignment Each episode begins with an orientation alignment subtask. The robot
is provided with a target compass direction (e.g., North, South, East, West) and a nearby landmark
description to assist alignment, such as: Face north. You will see a modern building with light blue
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glass on your left. An image is captured at the initial location with the correct orientation to serve
as the visual cue for this step.

Move Along the Road As the robot follows the computed path, we iterate through consecutive
waypoints. When the robot is expected to travel straight between two intersections, we define a
move along the road subtask. Specifically, we identify a prominent landmark near the intersection
where the robot is expected to turn, and use it to generate a descriptive instruction, such as: Move
along the road and stop at the intersection when you see a large building with glass panels and a light
brick base on the opposite side. A visual cue is captured at the intersection with the robots current
orientation to assist visual grounding.

Turning at Intersections When a change in orientation is detected in the pathtypically at an
intersectionwe insert a turn at the intersection subtask immediately following the previous move
along the road step. Based on the relative orientation of the next waypoint, we determine whether
the robot should turn left or right. A new visual cue is captured at the next node with the updated
heading, and a corresponding instruction is generated, such as: Turn left at the intersection and you
should see this view.

Repeat Navigation Steps The move along the road and turn at the intersection subtasks may
repeat multiple times until the robot reaches the final waypoint along the planned path.

Reach Destination At the final step, we define a find destination subtask. A detailed description
of the goal building and its spatial relationship to the robots position is used to generate the final
language instruction. A visual cue is captured with the robot facing the destination building to aid
recognition.

This process completes one full navigation episode. For each map, we generate two episodes by
sampling different pairs of start and goal locations, resulting in a total of 400 navigation tasks200
under the easy setting and 200 under the hard setting.

C.4 Details of SWR-20k

The SWR-20k is generated as training dataset using a distinct set of maps, referred to as training
maps, which differ from those used for evaluation. The primary difference lies in the building
distribution: training maps include only 66% of the building types that appear in the testing maps.
The remaining 34% of building types are held out exclusively for testing, ensuring a clear separation
between seen and unseen environments and promoting better generalization.

We generated 100 training maps using only the selected 66% of building assets. On each map, two
tasks are sampled, and the oracle trajectories are generated by A* algorithm, resulting 200 orcale
trajectories. Each trajectory contains over 100 steps, forming a training corpus of 20K steps.

At each step during training, the robot receives a synthesized observation and a corresponding
sub-instruction, and is required to predict the correct next action. To enhance the robot’s ability
to reason about the goal and environment, we supervise not only the action prediction but also
several intermediate reasoning targets. Specifically, the robot is trained to jointly predict: (1) the
distance between the current observation and the target visual hint; (2) the orientation of the visual
hint; and (3) the potential sequence of actions from the current location to the final goal. All of
these supervisory signals are paired with ground-truth annotations and serve as multi-task learning
objectives, guiding the robot toward a deeper understanding of spatial context and task intent.

C.5 Baseline Detail

Zero-shot Pipeline To reduce the mapping complexity and prevent hallucinations, we decompose
step-wise action prediction in multimodal instruction-following into two modules: a context-aware
perception module and a ReAct-based [67] action module as detailed in Figure . Throughout this
process, the model autonomously maintains a working memory.

The Context-Aware Perception module receives the current observation, a visual hint (i.e., the
expected view after subtask completion), the language instruction, and the current memory state.
We prompt a vision-language model with the instruction and memory to generate a task-relevant
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