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Abstract: The remarkable advancements of embodied navigation, the process of physically situated agents
perceiving and reasoning through egocentric observations to reach target locations, have recently been reshaped
by the emergence of foundation models. Departing from traditional, task-specific policies trained from scratch
on limited datasets, this new paradigm leverages the reasoning and multimodal capabilities of Large Language
Models (LLMs), Vision-Language Models (VLMs), and Video Generation Models (VGMs), achieving superior
generalization and flexible decision-making in unseen environments. For the first time, this survey systematically
reviews the landscape of foundation models for embodied navigation, focusing on systems where these models
play a central role in perception, long-horizon memory management, and action generation. The survey aims
to categorize and interpret existing embodied navigation research through the lens of design paradigms, data
sources, and training strategies. Through this analysis, we offer a synthesized outlook on the evolution of
navigation brains, highlight the bottlenecks of dataset bias, and contribute guidance for future research, hoping
to bring the field closer to robust, general-purpose embodied intelligence.
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Figure 1 | Embodied navigation systems allow robots autonomously navigate to desired physical locations by
understanding task instructions and comprehending environmental information. These systems are typically
supported by architectural designs that integrate perception, memory, reasoning, and control, and are deployed
across diverse embodiments, scenes, and task settings, with performance evaluated along multiple dimensions.
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1. Introduction
Embodied navigation, the process by which an autonomous agent moves through a physical environment to
reach a designated target while perceiving its surroundings through on-board sensors, is a fundamental building
block of physical intelligence. Embodied navigation enables agents to transition from digital environments to the
real world, facilitating critical applications in daily life and industry. These range from domestic service robots
assisting in households and logistics robots managing warehouse inventories, to unmanned aerial vehicles
(UAVs) performing search-and-rescue missions in hazardous terrains. Mastering it is essential for achieving
truly autonomous systems that can interact intelligently and safely with human-centric spaces.
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Figure 2 | Timeline of representative foundation models for embodied navigation and their associated tasks.

Despite decades of intensive research [1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11], embodied navigation remains an
unsolved and challenging task due to several inherent complexities. First, it demands a seamless integration
of “low-level” reactive control, such as immediate obstacle avoidance and motion stability, with “high-level”
cognitive reasoning, such as semantic path planning and mission decomposition. Second, navigation operates
in vast, large-scale geometric spaces with nearly infinite variations, making it exceptionally difficult to collect
the diverse, high-quality data necessary for robust training. Meanwhile, using simulation data struggles with
the “sim-to-real” gap, where models trained in controlled simulations often fail to generalize to the noise,
dynamic changes, and physical unpredictability of real-world environments. Third, real-world applications
require a sophisticated balance of both temporal and spatial memory: an agent must not only remember where
it has been (spatial) but also understand how the environment changes over time (temporal) to avoid getting
stuck or repeating errors. Finally, the field is fragmented into an array of different sub-tasks, such as Point-Goal
Navigation (PointNav), Object-Goal Navigation (ObjectNav), and Vision-and-Language Navigation (VLN), which
has historically led to ad-hoc, specialized solutions that fail to generalize across different navigation challenges.

Recently, a transformative shift has occurred with the rise of foundation models for embodied navigation.
These models are typically built atop large-scale pre-trained systems, i.e., Large Language Models (LLMs),
Vision-Language Models (VLMs), and World Models (WMs), enabling agents to leverage vast prior knowledge
to generalize across diverse scenarios [12, 13, 14, 15, 16]. The primary advantage of these foundation models
lies in their ability to inject vast world knowledge and advanced logical reasoning into the navigation process,
allowing agents to “think” through complex multi-step missions. Beyond simple zero-shot generalization to
novel objects and environments, these models provide a shared semantic understanding that bridges the gap
between various navigation sub-tasks. By moving away from brittle, hand-crafted pipelines toward these
generalist architectures, embodied agents can achieve a level of autonomy and cognitive adaptability that was
previously unattainable.

The Scope Compared with prior studies that focus on specific tasks or settings [17, 18, 19], this work provides
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a more comprehensive and systematic overview of foundation models for embodied navigation. We explicitly
define foundation models for embodied navigation as those that leverage pre-trained language or multimodal
foundation models as the core backbone of their decision-making pipeline. Consequently, our scope is defined
by two key exclusions: (1) we omit methods that treat LLMs/VLMs merely as external, modular tools for
auxiliary tasks (such as captioning or object detection) without integrating them into the central control
logic [20, 21, 22]; and (2) we exclude the field of autonomous driving, as it represents a mature, distinct
domain with environmental constraints and safety requirements that differ significantly from the general
embodied navigation tasks focused on in this survey [23, 24, 25].

The Outline We begin by establishing a clear taxonomy of navigation tasks, including semantic, geometric,
and interactive navigation, and the diverse robotic embodiments they support, such as wheeled robots, legged
robots, and UAVs (§ 2). We then dive into the core design paradigms, covering state representations, memory
mechanisms, and decision-making architectures (§ 3). Finally, the survey explores critical practical aspects,
including data collection pipelines, training strategies (§ 4), and the challenges of efficient deployment (§ 5)
and standardized evaluation in real-world benchmarks (§ 6).

The Takeaways Through our in-depth investigation of existing literature, we obtain many valuable insights
that could guide future research on this domain. Here, we present a few of them.

• Foundation models are shifting embodied navigation from task-specific policy learning toward a more
generalist multimodal decision-making paradigm, where a shared backbone can support transfer across
diverse navigation tasks, goals, and robotic embodiments.

• The central bottleneck is no longer semantic understanding alone, but the joint management of long-
horizon memory, future anticipation, and real-time embodied execution under partial observability and
dynamic environments.

• Strong benchmark performance should not be conflated with real-world capability, because current
progress is still constrained by dataset biases, static-world assumptions, embodiment mismatch, and
evaluation protocols that often under-emphasize safety, robustness, and deployment latency.

• Future advances will likely depend on joint progress in data engines, memory- and prediction-aware
architectures, and hardware-aware deployment, so that embodied navigation systems can preserve the
reasoning capacity of foundation models while remaining reliable and efficient on physical agents.

2. Problem Formulation and Taxonomy
In this section, we first formalize the embodied navigation problem and distinguish it from other embodied
intelligence tasks, such as locomotion and manipulation. We then present taxonomies of navigation tasks and
robotic embodiments, which serve as the basis for the design paradigms, training strategies, and evaluation
settings discussed in the following sections.

2.1. Problem Formulation
Embodied navigation studies how an agent physically situated in an environment perceives its surroundings
from an egocentric perspective, reasons about a navigation objective, makes sequential decisions, and executes
actions to reach a target location. Specifically, at each timestep 𝑡 the agent receives an observation 𝑜𝑡 and selects
an action 𝑎𝑡 according to a policy 𝜋(𝑎𝑡 | 𝑜≤𝑡, 𝑔) to progress toward a specified goal 𝑔. After executing the selected
action, the environment transitions from the current state 𝑠𝑡 to a new state 𝑠𝑡+1. This interaction continues
until the agent reaches the desired destination or a termination condition is triggered. The formulation of
embodied navigation problems depends on several key factors, including how the navigation goal is specified,
what observations are available to the agent, and what actions the agent can execute. Different forms of goal
specification give rise to different navigation tasks, while the observation modalities and action spaces are
closely related to the sensing configurations and motion capabilities of the robotic platform.

From a broader perspective, embodied navigation is closely related to other core sub-tasks of embodied
intelligence, especially locomotion and manipulation [26, 27, 28, 29, 30], but it operates at a different level of
abstraction. Locomotion focuses on how a robot moves through the physical world, emphasizing low-level motor
control problems such as balance maintenance, gait generation, terrain adaptation, and collision-free motion.
Manipulation focuses on how a robot interacts with objects, requiring fine-grained perception, grasp planning,
contact reasoning, and force control. Compared with these two skills, embodied navigation is centered on
goal-directed movement at the scene level: the agent must interpret the task objective, explore a partially
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Navigate to and stop inside a target 
region, such as a room or area category.

Definition: 
Multiple agents coordinate to navigate, 
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Semantic Navigation Geometric Navigation Interactive Navigation

Figure 3 | Taxonomy of embodied navigation tasks organized by goal specification. Semantic navigation
defines goals through high-level semantic concepts. Geometric navigation specifies goals through geometric
or perceptual signals. Interactive navigation considers environments with dynamic entities or multiple agents.

observed environment, construct spatial representations, and plan long-horizon action sequences toward a
potentially distant target. In real-world systems, these capabilities are tightly coupled rather than isolated,
because effective navigation depends on reliable locomotion, and many practical tasks require the agent to first
navigate to a target before performing manipulation. As a result, embodied navigation serves as the bridge
between low-level physical execution and high-level goal-directed interaction in physical intelligence.

2.2. Task Taxonomy
Embodied navigation tasks can be categorized according to the type of navigation goal, which determines
the form of instruction that an agent must interpret. Based on this criterion, navigation tasks can be broadly
grouped into three categories: semantic navigation, geometric navigation, and interactive navigation. Figure 3
illustrates representative examples of each task category.

2.2.1. Semantic Navigation
Semantic navigation refers to tasks in which the navigation goal is specified through semantic information,
including natural language instructions, object categories, and region categories. In these tasks, an agent must
interpret high-level semantic concepts, ground them in the perceived environment, plan a feasible navigation
trajectory, and ultimately reach the target goal.

• Vision-and-Language Navigation (VLN) [31] requires an agent to interpret natural language instructions
(e. g. “Walk through the hallway, go to the bedroom, and stop near the bed.”), perceive the environment from
an egocentric perspective, and navigate to a destination described in the instruction. Early VLN settings
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assume navigation on a predefined topological graph with accurate localization [31, 32]. Subsequent
work extends this formulation to continuous environments, referred to as VLN-CE [33], where the agent
navigates in a three-dimensional scene without relying on a predefined graph. Further extensions consider
physically realistic deployment with robot-controlled locomotion, known as VLN-PE [34]. Success is
typically defined as stopping within a predefined distance of the target location while following a trajectory
consistent with the instruction.

• Object-Goal Navigation (ObjectNav) [35, 36, 37] requires an agent to navigate within an unseen
environment to locate an instance of a specified object category and stop within a predefined distance of
it (e. g. “Find a laptop.”). Any instance of the specified category is considered a valid goal.

• Region-based Navigation (RegionNav) [35, 38] requires an agent to navigate to a region or area
category (e. g. “Go to the living room.”). The task is considered successful when the agent stops within
the target region.

2.2.2. Geometric Navigation
Geometric navigation refers to tasks in which the navigation goal is specified through geometric or perceptual
signals rather than semantic descriptions. In these tasks, the agent must reason about spatial relationships and
navigate toward targets defined by coordinates or visual observations.

• Point-Goal Navigation (PointNav) [35, 39] specifies the navigation goal using metric coordinates relative
to the current position of the agent. Given an instruction (e. g. “Go to (𝑥, 𝑦).”), the agent must navigate
to the specified point in the environment. Success is typically defined as stopping within a predefined
distance of the target coordinates.

• Image-Goal Navigation (ImageNav) [40] specifies the navigation goal using a target image captured at
the desired destination. Given an instruction (e. g. “Go to the place shown in this reference image.”), the
agent must navigate to the location and viewpoint from which the target image was originally taken. A
related variant, Instance-specific Image Goal Navigation (InstanceImageNav) [41], requires the agent
to navigate to the location where a particular object instance shown in the target image can be observed.
Compared with ObjectNav, InstanceImageNav provides detailed visual context of the goal location and
constrains the goal to a specific object instance rather than any instance of a category.

• Frontier-based Navigation (FrontierNav) [42] considers navigation in previously unknown environ-
ments, where the frontier refers to the boundary between explored space and unexplored space. Given
only the current observations and an incrementally constructed map, the agent selects a frontier region
as the next exploration target and navigates toward it at each step, so as to expand the explored area
and gradually build a more complete map until no unexplored frontiers remain.

2.2.3. Interactive Navigation
Interactive navigation considers navigation tasks in environments that contain dynamic entities or interactive
agents, such as humans, vehicles, or other robots. Compared with static navigation settings, this category
requires the agent to continuously adapt its motion in response to moving obstacles and interactions with other
agents in the environment.

• Embodied Visual Tracking (EVT) [43, 44, 45] requires an agent to follow a moving target using
egocentric visual observations while maintaining a desired distance or viewpoint. Given a tracking goal
(e. g. “Follow the person in the red coat.”), the agent must continuously perceive the target, estimate its
motion, and plan actions to keep the target within view while maintaining an appropriate distance.

• Socially-aware Navigation (SocialNav) [46, 47, 48, 49] studies navigation in environments densely
populated by humans, such as hospitals or urban streets. Given an instruction (e. g. “Go to the reception
desk through a crowded hallway.”), the agent must reach its destination while respecting social conventions,
such as maintaining appropriate interpersonal distance and following traffic regulations.

• Multi-Agent Navigation [50] considers scenarios in which multiple agents operate simultaneously in
a shared environment to accomplish a common task. Given a collaboration instruction (e. g. “Search
different rooms for a fire extinguisher.”), agents must coordinate their behaviors through communication
or implicit interaction while jointly exploring the environment or searching for targets. Although such
cooperation can improve robustness compared with navigation performed by a single agent, it also
introduces additional challenges in communication and coordination among agents.
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Figure 4 | Embodiment taxonomy in embodied navigation. Wheeled robots, legged robots, and UAVs differ
in locomotion mechanism, terrain accessibility, operating space, and control complexity, leading to different
requirements for perception, action design, and navigation planning.

2.2.4. Composite and Generalist Navigation
Although existing benchmarks typically isolate specific tasks to facilitate evaluation and comparison, real-world
embodied navigation scenarios are often more complex and require an agent to integrate multiple navigation
capabilities within a single episode. For example, under a VLN instruction such as “Walk along the hallway,
enter the living room, and find my keys.”, the agent may interpret entering the living room as a RegionNav
objective, reformulate the route from the hallway to the living room as a PointNav problem, follow the planned
waypoints to reach the living room, and then use ObjectNav to locate the keys. This process may also involve
Interactive Navigation to avoid nearby people and, in the end, deliver the keys to the user.

More broadly, many practical instructions are high-level and complex, so the agent must determine how to
decompose them into appropriate sub-tasks rather than follow a single fixed task formulation. This requires
the continuous integration of spatial planning, semantic grounding, and context-aware action adaptation as
the environment and the objective evolve. Recent developments in foundation models [12, 13, 14, 15, 16]
make this broader setting increasingly feasible, because large-scale multimodal pre-training provides stronger
semantic understanding, more flexible instruction following, and better transfer across different task formats.
As a result, embodied navigation is gradually moving from narrowly defined benchmark tasks toward more
open-ended and realistic scenarios that require seamless integration of multiple navigation capabilities.

2.3. Embodiment Taxonomy
Embodied navigation systems are deployed on robotic platforms with diverse physical embodiments to interact
with the real world. Different embodiments introduce distinct sensing configurations, mobility capabilities, and
forms of interaction with the environment, which further determine observation modalities, the design of the
action space, and the physical constraints of motion. According to the locomotion mechanisms of the robotic
platform, this section categorizes the embodiments commonly adopted in embodied navigation research into
three groups: wheeled robots, legged robots, and UAVs. Figure 4 illustrates representative examples of each
type of embodiment.
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2.3.1. Wheeled Robots
Wheeled robots [51] are mobile platforms that rely on wheels for locomotion and are primarily designed to
operate in flat or structured environments. A variety of wheeled configurations exist, including differential-
drive, skid-steer, and omnidirectional designs, each providing different trade-offs in maneuverability, terrain
adaptability, and motion precision. Such platforms generally have a simple mechanical structure and typically
provide stable motion, low energy consumption, and efficient traversal on planar surfaces. These characteristics
collectively contribute to the widespread adoption of wheeled robots not only in embodied navigation research
but also in industrial automation, logistics, and service robotics. However, reliance on wheels constrains
mobility in environments that contain stairs, obstacles, or highly uneven terrain, which limits the applications
in complex outdoor scenarios.

2.3.2. Legged Robots
Legged robots [52, 53] employ articulated limbs for locomotion and are designed for environments that are dif-
ficult for wheeled systems to traverse. By adjusting footholds and body posture, these platforms can move across
irregular terrain, climb obstacles, and maintain stability on uneven surfaces. Such capabilities provide greater
terrain adaptability than wheeled robots, but they also introduce increased mechanical complexity, higher
energy consumption, and more demanding control requirements. Legged robots are commonly categorized
according to the number of legs used for locomotion. Most research in embodied navigation focuses on two
representative forms: quadruped robots with four legs and humanoid robots with two legs. Quadruped robots
typically maintain a stable support polygon during locomotion by moving one leg at a time while the remaining
legs support the body, which enables stable gait patterns and robust movement on uneven terrain. Humanoid
robots resemble the kinematic structure of the human body and are designed to operate in environments
originally built for humans while interacting with human tools and infrastructure. However, such systems
involve many degrees of freedom and require continuous balance control and coordinated body motion, which
introduces significant challenges for perception, planning, and control.

2.3.3. Unmanned Aerial Vehicles (UAVs)
UAVs [54, 55], commonly known as drones, are aerial robots that generate lift through aerodynamic forces and
operate without onboard human pilots. Compared with ground-based robotic platforms, UAVs navigate in fully
3D space and can move freely in both vertical and horizontal directions. This capability enables applications such
as infrastructure inspection, search-and-rescue operations, and aerial exploration in both indoor and outdoor
environments. At the same time, aerial navigation introduces additional challenges, including altitude-sensitive
perception, energy-constrained flight, and precise control under aerodynamic disturbances.

2.3.4. Shared Objectives and Embodiment-Specific Constraints
Despite their different physical forms, wheeled robots, legged robots, and UAVs address the same high-level
navigation problem: an embodied agent must perceive a partially observed environment, maintain spatial
awareness, plan a feasible route toward a goal, and execute actions safely and efficiently. From this perspective,
all embodiments require the integration of perception, mapping, memory, decision making, and control. They
also share several core challenges, including partial observability, long-horizon planning, obstacle avoidance,
and the need to align high-level task objectives with low-level physical execution.

Beyond these commonalities, the practical form of navigation differs substantially across embodiments because
each platform is subject to different motion constraints, sensing configurations, and operating spaces. Wheeled
robots usually navigate on planar surfaces with relatively stable and efficient motion, but their mobility is
limited by stairs, gaps, and uneven terrain. Legged robots offer stronger terrain adaptability and can access
more complex environments, yet they require more sophisticated whole-body coordination and balance control.
UAVs extend navigation into fully 3D space and can bypass many ground-level obstacles, but this advantage
comes with stricter energy constraints, stronger sensitivity to control errors, and greater demands on 3D
perception and trajectory planning. Therefore, while these embodiments share a common navigation objective,
they differ in observation design, action space definition, and planning complexity, which should be taken into
account when analyzing embodied navigation systems.

3. Key Design Dimensions
Based on the problem formulations and taxonomy in §2, this section examines the core design dimensions of
embodied navigation systems, from sensory input to final action execution. We first analyze how agents encode
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Figure 5 | Key design choices in embodied navigation from perception to action, including observations and
representations, memory mechanisms, decision making and motion control, and their interactions within the
embodied navigation system.

observations and spatial structure (§3.1), how they maintain and update memory under partial observability
(§3.2), and how they translate accumulated information into navigation decisions and executable motion
(§3.3). We then extend the discussion to the system level and examine what architectural designs are used to
coordinate these input, memory, and output components, including modular systems, single-policy systems,
dual-system designs, and world-model-based variants (§3.4). Figure 5 provides an overview of the main
input, memory, and output forms, and Table 1 further summarizes how different embodied navigation systems
instantiate these design choices.

3.1. Observations and Representations
An embodied agent’s ability to navigate depends fundamentally on what it perceives and how that perception is
represented. We organize observation and representation designs along three axes. First, we consider raw visual
observations, including the egocentric RGB and depth signals that serve as the primary sensory input. Second,
we discuss map-augmented representations that lift these per-step observations into structured spatial maps for
explicit geometric and semantic reasoning. Third, we describe the role of camera intrinsics and extrinsics, the
geometric metadata that enables spatially consistent fusion across viewpoints and time steps.

3.1.1. Raw Visual Observations
RGB-based observations. Embodied navigation typically begins with egocentric visual input. The most
common choice is the current RGB frame, which provides direct information about the current state. To
incorporate temporal context, some methods use a short sequence of recent RGB frames or an egocentric video
clip [1, 4, 5, 45, 62, 75]. In addition, some methods use multi-view RGB observations [9], such as directional
images or panoramic views, to enlarge the field of view and provide broader context for action selection.

Depth-aware observations. While RGB captures appearance, it often lacks explicit geometric cues, which can
limit the model’s ability to estimate free space and reason about spatial relationships. Many methods therefore
incorporate depth maps or point clouds to represent scene structure more explicitly [5, 7, 57, 58, 61, 69, 74].
These geometric signals may come from RGB-D cameras, stereo vision, LiDAR, or monocular depth estimation.
Compared with RGB alone, they offer stronger support for free-space estimation, obstacle reasoning, geometric
grounding, and downstream planning and control.
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Table 1 | Comparison of representative embodied navigation systems across observation representations, memory
mechanisms, decision making strategies, and task coverage. For Map, fixed global maps are categorized as
Observation, while maps updated during navigation are categorized as Memory. Cam.Params denotes camera
intrinsics and extrinsics. D. and C. denote discrete and continuous actions, respectively.

Model
Observation Memory Decision

Task
2D Depth Map Cam. Params Visual Text Map Reasoning Action

Modular Systems

CogNav[56] ✓ ✓ D. ObjectNav

InstructNav[57] ✓ ✓ ✓ ✓ D. VLN, ObjectNav

WMNav[58] ✓ ✓ ✓ D. ObjectNav

Single-policy systems

NaVid[59] ✓ ✓ D. VLN

Uni-NaVid[60] ✓ ✓ D. VLN, EVT, ObjectNav

NaVid-4D[61] ✓ ✓ ✓ D. VLN

VLN-R1[62] ✓ ✓ D. VLN

JanusVLN[5] ✓ ✓ ✓ D. VLN

OctoNav[63] ✓ ✓ ✓ D. VLN, Object-, Point-, ImageNav

Hydra-Nav[10] ✓ ✓ ✓ ✓ D. ObjectNav

Nav-R2[64] ✓ ✓ ✓ D. ObjectNav

NavForesee[65] ✓ ✓ ✓ D. VLN

MapDream[66] ✓ ✓ D. VLN

FloorPlan-VLN[38] ✓ ✓ ✓ D. VLN

StreamVLN[67] ✓ ✓ D. VLN

MapNav[68] ✓ ✓ D. VLN

NaVILA[1] ✓ ✓ D. VLN

FOM-Nav[69] ✓ ✓ ✓ ✓ ✓ D. ObjectNav

ABot-N0[2] ✓ ✓ ✓ C. VLN, EVT, Object-, PointNav

TrackVLA[45] ✓ ✓ C. EVT

NavFoM[9] ✓ ✓ C. VLN, EVT, ObjectNav

VLingNav[11] ✓ ✓ ✓ ✓ C. EVT, Object-, ImageNav

AstraNav-Memory[3] ✓ ✓ ✓ C. ObjectNav

RoboTron-Nav[70] ✓ ✓ ✓ C. ObjectNav

FantasyVLN[8] ✓ ✓ ✓ C. VLN

UrbanVLA[71] ✓ ✓ C. Point-, SocialNav

SocialNav[72] ✓ ✓ ✓ C. Point-, SocialNav

AutoFly[73] ✓ C. VLN

VLA-AN[7] ✓ ✓ ✓ C. VLN, EVT, ObjectNav

SparseVideoNav[6] ✓ ✓ C. VLN

Dual-system Architectures

Nav-R1[74] ✓ ✓ ✓ ✓ D. VLN

InternVLA-N1[4] ✓ ✓ C. VLN, Point-, ImageNav

DualVLN[75] ✓ ✓ C. VLN

OmniNav[76] ✓ ✓ ✓ ✓ C. VLN, Object-, Point-, FrontierNav
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3.1.2. Map-augmented Representations
Several works transform raw visual observations into structured spatial maps to provide more explicit geometric
and semantic support for navigation. These maps are often represented in a bird’s-eye-view (BEV) layout, a
top-down projection that naturally encodes spatial relationships among obstacles, free space, landmarks, and
the agent itself. Common map forms include floor maps, occupancy maps and value maps. A floor map provides
a global structural prior of the environment, such as room layouts, walls, and connectivity [38]. An occupancy
map records whether each spatial region is free, occupied, or unknown, supporting traversability estimation
and FrontierNav [56]. It is typically constructed from depth, RGB-D, LiDAR, stereo, or fused multi-view
observations. A value map instead assigns task-related utility scores to candidate locations, guiding the agent
toward promising areas [57]. It is typically derived from observations, goals, semantic cues, exploration status,
or estimated future reward, and provides more task-specific semantic guidance than floor maps or occupancy
maps.

3.1.3. Camera Intrinsics and Extrinsics
Beyond semantic content, embodied navigation also relies on geometric metadata that describes the imaging
geometry and the spatial configuration of each observation. Camera intrinsics (focal length, principal point, and
distortion coefficients) govern the projection from 3D scene points to 2D pixel coordinates, and are essential
for recovering metric depth and building spatially consistent maps. Camera extrinsics specify the 6-DoF pose
(position and orientation) of each camera in a common coordinate frame, enabling observations captured at
different viewpoints and time steps to be registered into a shared 3D space.

Recent embodied navigation systems exploit such geometric information in different ways. Some methods use
camera parameters as explicit geometric conditions for visual encoding. For example, RoboTron-Nav [70]
feeds camera parameters, including intrinsic and extrinsic matrices, into its 3D visual encoder to align 2D
image features from different viewpoints and project them into a unified 3D representation. Other methods
incorporate pose information to support temporal-spatial reasoning. NavForesee [65] encodes the agent’s
relative pose, including relative position and orientation, with an additional position encoder, and combines it
with visual observations and dream queries in the world-model branch, helping the model capture temporal
spatial relations and environment dynamics. Geometric information can also support online map construction
and memory organization. For instance, FOM-Nav [69] uses camera extrinsics to back-project the current
depth map and segmented objects from the camera view into the world coordinate frame, enabling online map
building during navigation. AstraNav-Memory [3] organizes historical observations as camera-pose and
image pairs, where the pose of each frame is serialized as text tokens and inserted before the corresponding
visual tokens, enabling the model to recover spatial structure and reason over multi-view relations across
long-horizon visual histories.

Overall, these examples show that camera intrinsics and extrinsics are important geometric cues for visual
encoding, spatial memory, and world modeling in embodied navigation.

3.2. Memory Mechanisms
While observation and representation define what information is available to the agent at each step, memory
mechanisms determine which information from current and past observations should be retained, how it should
be compressed or structured over time, and how it should be recalled to support long-horizon navigation under
partial observability. Existing methods differ primarily in the form in which historical information is preserved.
Some methods directly retain visual observations or compress them into textual summary. Others externalizes
history into maps or graphs to support explicit spatial reasoning. These directions reflect different design
choices in the representation, maintenance, and use of historical information.

3.2.1. Visual-based Memory
Visual-based memory treats past observations as an extended visual context, retaining historical visual inputs
or their compressed representations so that the agent can combine past perceptual evidence with the current
view. The main design questions are therefore which visual history to keep, how to compress it efficiently, and
how to reuse it without excessive computational cost.
Historical frame selection. The most straightforward design retains a subset of historical frames and feeds
them together with the current view, thereby providing temporal continuity and contextual cues. The main
variation across methods lies in the strategy used to select historical frames. Some methods retain the most
recent frames with a sliding window [4, 75], some sample frames at regular intervals from the beginning of
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the episode [59, 60], and others adopt non-uniform sampling that preserves distant history more coarsely
and recent history more densely [11, 62]. For example, VLingNav [11] follows the last strategy through
a dynamic sampling scheme inspired by the Ebbinghaus forgetting curve, allowing the agent to maintain a
compact record of earlier observations while preserving finer detail for more recent ones.

Visual memory compression. However, directly accumulating visual history quickly leads to excessive
token length and substantial redundancy. To address this issue, many methods further compress historical
frames, often assigning different compression levels to frames with different temporal roles. For example,
NavFoM [9] allocates many more tokens to the current frame than to previous frames, so that the model
preserves fine-grained information about the present state while still retaining a lightweight record of the past.
Uni-NaVid [60] explicitly separates current observations, short-term history, and long-term history, and further
reduces redundancy through online visual token merging. In contrast to NavFoM [9] and Uni-NaVid [60],
which retain visual history by incrementally incorporating new observations and compressing them over time,
Nav-R2 [64] extends visual observation memory to goal-aware maintenance by compressing, merging, and
updating tokens of historical RGB observations according to their relevance to the current target. Instead of
modifying the vision encoder, AstraNav-Memory [3] introduces an additional plug-and-play visual tokenizer
before the VLM, which compresses visual tokens without changing the subsequent modules.

Efficient memory storage. To reduce the cost of repeatedly encoding long visual histories, some methods
store visual memory in the form of KV cache. JanusVLN [5] encodes historical visual observations into KV
states produced by a semantic visual encoder and a spatial geometric encoder, and incrementally maintains
this memory through an initial window and a sliding window. In this way, visual history is represented as
a fixed-size implicit neural memory that avoids repeatedly re-encoding historical frames. StreamVLN [67]
adopts a related strategy through a fast-streaming dialogue context with a sliding-window KV cache, where
only the KV states from a fixed-size active window of recent dialogue rounds are retained. This design serves
as a reusable inference cache across interaction turns and avoids prefilling the entire historical context at every
step. Similarly, Hydra-Nav [10] and OmniNav [76] use KV cache in their fast systems, allowing the model to
encode only the latest observation at each step while continuously decoding low-level actions.

While visual-based memory is direct and intuitive, the retained memory remains a sequence of views rather
than an explicit model of the environment, which makes long-horizon planning difficult.

3.2.2. Text-based Memory
Text-based memory builds on historical observations but represents retained history in natural language, often
by summarizing past perceptions, actions, or intermediate conclusions. Existing approaches can be broadly
divided into two groups: methods that let the model generate textual memory during reasoning, and methods that
explicitly serialize historical information into structured textual records.
On-the-fly textual memory. One design allows the model to form textual memory as part of the reasoning
process. OctoNav [63] follows this strategy through a Think-Before-Action mechanism, in which the model
summarizes historical information and evaluates task progress before predicting the next action. This design
encourages the model to make direct use of historical context during decision making, but its effectiveness
depends on whether the model can accurately interpret and summarize past observations.

Serialized textual memory. Instead of relying on model-generated summaries, another design explicitly
constructs textual memory through template-based serialization of historical information, which is then provided
to the model as long-term memory for subsequent planning and decision making. Hydra-Nav [10] follows
this strategy by organizing exploration history through serialized landmark nodes connected with executed
actions. Although this design provides a more structured and objective form of memory, directly incorporating
executed actions into textual memory often results in relatively low information density and may introduce
additional noise or misleading signals.

Overall, text-based memory provides a flexible and interpretable way to exploit the language prior of foundation
models. However, textual memory often omits fine-grained spatial and geometric details, which can reduce
reliability in tasks that require precise geometric consistency.

3.2.3. Map-augmented Memory
Instead of retaining memory as a sequence of views or language summaries, map-augmented memory maintains
a structured representation of the environment that is continuously updated during exploration to support
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long-horizon decision making. Existing approaches mainly differ in how the map is constructed, updated, and
integrated into the policy model.
Map memory as a parallel input branch. One common design maintains an explicit spatial map as a separate
memory representation and encodes it jointly with current observations. MapNav [68] follows this strategy by
building a top-down Annotated Semantic Map (ASM), which is initialized at the beginning of each episode
and progressively updated during navigation with obstacle distributions, explored regions, and semantic
object locations. During inference, the current observation frame and the ASM are encoded in parallel and
projected into the embedding space of the language model through modality-specific projectors. The resulting
embeddings are concatenated with instruction tokens to form a unified multimodal sequence for subsequent
action prediction. FOM-Nav [69] adopts a related design for object-goal navigation, but represents memory
through online frontier-object mapping. It maintains a scene point cloud for frontier extraction and an object-
centric point cloud for persistent object memory. These elements are further converted into structured spatial
embeddings that support high-level goal selection.

Relevant map memory injected into the current visual context. Another design integrates map-based
memory more tightly with the current visual context, rather than encoding the entire map as an independent
token sequence. Mem2Ego [77] follows this strategy by maintaining multi-level global memory, including a
global frontier map, visitation memory, and top-𝑘 landmark semantic memory. This global memory is projected
onto the four current egocentric views to form a memory-augmented observation with explicit markers of
relevant memory elements. The augmented visual input is then provided to the model together with the task
prompt, and the model selects the marker corresponding to the next navigation target. GSMem [78] takes a
further step by constructing an online map based on the 3D Gaussian Splatting (3DGS) technique[79], allowing
the agent to revisit candidate target regions by rendering novel views from selected viewpoints.

Although map construction and maintenance introduce additional computational cost and system complexity,
explicit map-based memory provides a more stable and geometrically grounded representation of the environ-
ment, which is beneficial for long-horizon planning and spatial reasoning. Improving the efficiency of map
construction, memory updating, and memory utilization therefore remains an important direction for future
research.

3.3. Decision Making and Motion Control
Based on the observation and memory mechanisms described above, the model must decide what action to
take and how that decision should be executed as robot motion. In existing embodied navigation systems, this
process is mainly shaped by two design dimensions: action space design, which defines the form of the predicted
action, and reasoning mechanisms, which determine how the decision is produced.
3.3.1. Action Space Design
Action space design defines the interface between high-level decision making and low-level robot execution,
and directly affects control granularity, motion flexibility, and learning difficulty. Existing methods mainly
adopt three formulations: semantic target or direction selection, discrete action prediction, and continuous action
prediction.
Semantic target or direction selection. In this formulation, the backbone model, such as a VLM or LLM, does
not directly predict executable robot actions. Instead, it identifies a semantic target or spatial direction in the
environment based on visual observations, and the selected target is then mapped to coordinates in the global
map and executed by a low-level control module. Methods such as Mem2Ego [77] and MapNav [68] follow
this design, which places greater emphasis on semantic understanding than on direct motion generation.

Discrete action prediction. In this formulation, the backbone model directly predicts discrete navigation
actions, including moving forward, moving backward, and turning left or right [5, 60, 67, 68]. Each action
corresponds to a predefined motion primitive, such as moving 0.25 meters for one forward action and rotating
30 degrees for one turning action, thereby enabling discrete robot control. Some methods further extend this
formulation by allowing the model to predict a discrete action together with a continuous parameter, including
the distance of forward movement or the angle of rotation [1, 10, 38, 59, 63, 74]. This design is simple and
naturally aligns with language-based action prediction. However, the limited action space often lacks the
flexibility required for complex environments or precise control.

Continuous action prediction. In this formulation, the model predicts continuous actions for finer motion
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control, typically represented in either 2D or 3D space [3, 4, 6, 7, 9, 11, 45, 75]. For example, DualVLN [75]
converts 3D trajectories into pixel-level goal grounding samples and trains the model to predict 2D pixel
coordinates, such as (𝑥, 𝑦), corresponding to the next waypoint from egocentric RGB observations. In contrast,
VLA-AN [7] adopts a 3D formulation in which the model predicts waypoints in 3D space together with desired
yaw angles. Many methods further introduce a learnable action module after the backbone model, such as an
multilayer perceptron (MLP) or a Diffusion Transformers (DiT), to convert predicted actions into executable
trajectories. Continuous action representations provide greater flexibility, but they also require stronger spatial
understanding and grounding, as well as carefully constructed training data to ensure meaningful waypoint
prediction. In addition, because VLM inference is often time-consuming, many approaches predict multiple
future waypoints in a single step to improve efficiency.

The choice of action space design depends on the specific task requirements, embodiment constraints, and
model capabilities. Semantic target selection emphasizes interpretability and semantic understanding, discrete
action prediction offers a balance between simplicity and control, and continuous action prediction provides
the greatest flexibility at the cost of increased complexity.

3.3.2. Reasoning Mechanisms
Beyond action space design, reasoning mechanisms determine whether the model makes decisions through
explicit intermediate reasoning or predicts actions more directly. Existing methods mainly differ in when
reasoning is invoked and whether explicit reasoning is retained during inference.
Explicit reasoning with CoT. One line of work incorporates explicit chain-of-thought (CoT) reasoning into
inference-time decision making [2, 63, 64, 65, 74, 76]. For example, Nav-R2 [64] explicitly decomposes
decision making into target-environment and environment-action relational reasoning chains before predicting
the next action, thereby linking semantic reasoning with action prediction. A similar idea appears in dual-system
architectures such as OmniNav [76], which introduces CoT reasoning into the slow system built on VLMs to
generate subgoals and plan paths.

Adaptive reasoning with CoT. While explicit CoT produces interpretable intermediate reasoning steps that can
improve decision transparency and reliability, it also increases computational cost and decision latency, which
can be problematic in navigation tasks that require rapid responses. To balance reasoning benefits and efficiency,
some methods adopt adaptive reasoning, in which the model dynamically decides whether explicit reasoning
is necessary according to current task demands and environmental complexity. Hydra-Nav [10] introduces
iterative rejection fine-tuning that allows the model to detect stagnation points, such as completion of a subgoal
in the high-level plan or invalidation of the current plan by new observations, and then trigger reasoning and
replanning. Similarly, VLingNav [11] constructs training samples with and without CoT, allowing the model
to learn a reasoning indicator token that determines whether reasoning should be activated.

CoT as training supervision. Another line of work uses reasoning only as an auxiliary signal during training,
rather than as an explicit inference-time process. Aux-Think [80] adopts this strategy by using CoT during
training to guide the internalization of reasoning patterns, while directly predicting actions during inference.
This design reduces the risk that low-quality reasoning degrades navigation performance at test time. Following
a similar idea, FantasyVLN [8] mixes training samples from four reasoning modes, including Non-CoT,
Textual CoT, Visual CoT, and Multimodal CoT, and uses a gating mechanism to switch across these modes
during training, while only the Non-CoT mode is activated during inference.

Reasoning mechanisms play a crucial role in shaping the decision-making process of embodied navigation
systems. Explicit reasoning can enhance interpretability and decision quality, but it also introduces additional
complexity and latency. Adaptive reasoning and auxiliary reasoning during training are promising strategies to
balance these trade-offs.

3.4. System Architectures
This section reviews embodied navigation systems from the perspective of architectural design, focusing on how
perception, memory, reasoning, and control are coordinated within the overall navigation pipeline. We organize
existing methods into three main architectural categories: modular systems, which decompose navigation
into explicit functional components and intermediate representations; single-policy systems, which use an
end-to-end policy to directly map multimodal inputs to navigation actions; and dual-system architectures, which
also follow the end-to-end paradigm but separate slow high-level reasoning from fast low-level control. Beyond
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Figure 6 | Representative architectures for embodied navigation. Modular systems decompose navigation
into explicit components for perception, mapping, reasoning, planning, and control. Single-policy systems
use a unified backbone to map observations and instructions directly to actions. Dual-system architectures
separate slow high-level reasoning from fast low-level execution and connect the two through intermediate
representations such as latent tokens and textual subgoals.

this architectural grouping, we further discuss world-model-based systems, which use predictive modeling of
future states, dynamics, or intermediate representations to support planning and action generation.

3.4.1. Modular Systems
Modular architectures decompose navigation into multiple functional components, such as perception, mapping,
planning, and control, with the foundation model typically embedded in the reasoning and planning loop to
coordinate these components.

A common modular pipeline first builds explicit intermediate states from sensory observations and then lets an
LLM or VLM reason over these states for high-level decision making [56, 57, 58]. CogNav [56] follows this
design by constructing an online cognitive map from posed RGB-D observations with a VLM and serializing
this map into textual prompts for an LLM, which then schedules exploration strategies and selects navigation
landmarks. InstructNav [57] adopts a similar idea: an LLM generates a Dynamic Chain-of-Navigation from
instructions and scene object labels to predict the next action and landmark, and these high-level decisions
are then grounded through RGB-D observations and semantic mapping to build multi-source value maps for
waypoint selection.

Modular systems improve interpretability by explicitly separating perception, memory, planning, and control,
making it easier to inspect failure sources and incorporate priors. Their main limitation is coordination overhead,
since overall performance depends heavily on the quality of individual components and their interfaces.

3.4.2. Single-policy systems.
Compared with modular systems, end-to-end systems learn a direct policy that maps multimodal observations
to navigation actions without relying on explicit intermediate modules. Single-policy systems represent the
most direct form of this paradigm, in which a single foundation model jointly handles perception, context
retention, and action generation within a unified policy. Within this setting, we first discuss methods that
predict discrete actions and then turn to methods that predict continuous controls.
Single-policy systems with discrete action outputs. Some methods directly use a single policy to map obser-
vations to discrete navigation actions. For instance, NaVid [59] and Uni-NaVid [60] take RGB video streams
together with language instructions as input and predict the next discrete action, whereas NaVid-4D [61]
strengthens spatiotemporal reasoning by incorporating RGB-D video inputs. VLN-R1 [62] follows the same
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formulation but further improves the policy through reinforcement fine-tuning (RFT).

The main bottleneck of this design is long-horizon decision making under partial observability. Accordingly,
several studies strengthen memory while preserving end-to-end training. StreamVLN [67] combines a fast
sliding-window dialogue context with a slowly updated compressed visual memory, whereas JanusVLN [5]
separates spatial-geometric and visual-semantic memories into two compact neural modules for long-horizon
memory management. Other works instead strengthen explicit reasoning. For example, OctoNav [63] trains
the model to reason before action prediction across diverse tasks and modalities, Nav-R2 [64] decomposes
reasoning into target-environment and environment-action relational chains, and Hydra-Nav [10] introduces
adaptive reasoning that switches between a fast action mode and a slow reasoning mode to reduce latency.

Single-policy systems with continuous action outputs. As discrete actions are often too coarse for precise
control, a growing number of studies instead use a single policy to map observations to fine-grained continuous
controls. These methods usually encode visual observations, language instructions, and historical context into
a unified representation space, use an LLM or VLM backbone to produce high-level action representations, and
then generate executable controls through different action decoding designs. According to the action decoding
design, existing methods can be grouped into three categories:

• Direct action prediction from backbone tokens. The simplest design does not introduce an explicit
trajectory decoder, but instead uses the backbone output itself as an action mapping space for continuous
control prediction. For example, AutoFly [73] adopts a UAV-oriented design by augmenting RGB
features with pseudo-depth features, mapping them together with language guidance into a unified
multimodal representation, and using the final token set as an action space for predicting continuous
velocity and direction commands.

• MLP-based action decoding. Some studies use MLP layers after the foundation model to map latent
action tokens to executable controls [9, 11]. NavFoM [9] processes visual and textual inputs, produces an
action hidden state through the LLM backbone, and decodes this state with a three-layer MLP planning
head into a sequence of eight continuous trajectory points in either 2D or 3D. Similarly, VLingNav [11]
and RoboTron-Nav [70] pass action tokens from the LLM to an MLP-based action module that converts
them into robot trajectories. UrbanVLA [71] follows the same pattern and further applies Implicit
Q-Learning (IQL) to fine-tune the action module.

• Diffusion-based action decoding. Other studies replace the simple MLP layers with more expressive
trajectory generators based on a diffusion policy, which can model richer trajectory distributions and
produce smoother action sequences [2, 45, 46, 76]. ABot-N0 [2] feeds VLM action tokens into a
diffusion-based action head that generates a short-term trajectory plan of five waypoints in the local BEV
frame, each with 2D position and yaw orientation. Similarly, SocialNav [72] uses conditional flow
matching to translate VLM semantic priors into executable trajectories that respect social interaction
constraints.

Overall, single-policy methods with discrete outputs are simpler and more naturally aligned with language-style
action prediction, but they are less flexible for precise control. Continuous-control methods provide finer motion
generation, yet they place higher demands on spatial grounding, action decoding, and training data quality.

3.4.3. Dual-system architectures.
Inspired by the separation between slow thinking and fast execution in human cognition, some recent end-to-
end methods adopt a dual-system architecture [4, 74, 75, 76]. These approaches decompose the navigation
policy into two coupled systems with complementary roles: a slow system responsible for high-level semantic
reasoning and long-horizon planning, and a fast system responsible for low-level action generation and real-time
control. Both systems can receive visual observations, but they usually operate at different frequencies and
communicate through intermediate latent or textual representations to accomplish long-horizon navigation.

Existing methods mainly differ in the implementation of the two subsystems and, more importantly, in the
interface through which slow reasoning guides fast control. In InternVLA-N1 [4], an LLM-based slow system
processes long-horizon multimodal observations at 2 Hz and produces mid-term latent plan tokens for a
diffusion-based fast system. The fast system operates at 20 Hz and generates continuous trajectories for
real-time navigation control. DualVLN [75] follows a similar asynchronous dual-system design but introduces a
different interaction interface between the two systems. Specifically, a set of learnable latent queries is appended
to the contextual hidden states of the VLM to extract task-relevant semantic information that conditions the
fast system.
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Some methods further reduce the separation between the two subsystems by sharing parameters across them.
OmniNav [76], for instance, employs a dual-system design in which the slow and fast subsystems share a VLM
backbone and a diffusion policy, and communicate through textual subgoals generated by the slow system.
Nav-R1 [74] adopts a different form of coupling, in which the final few blocks of the slow system are reused
as the fast system. In this design, the slow system performs long-horizon semantic reasoning through the full
computation path, whereas the fast system directly generates navigation actions without explicit reasoning.

The key benefit of dual-system design is a cleaner division between high-level reasoning and real-time control.
The main challenge is interface design: the two systems must exchange enough information to stay coordinated
without making training unstable or inference too expensive.

3.4.4. World-model-based systems.
Beyond VLM-based architectural designs, another important direction introduces world modeling into embodied
navigation [6, 58, 65, 66]. This design appears in both modular systems and end-to-end single-policy systems.
Existing methods mainly differ in what form of future information is modeled, such as dynamics, maps, or
predicted visual observations, and how these predictions are coupled with action generation.
In modular settings, world modeling is typically implemented through dedicated prediction modules that
estimate environmental states or support high-level planning. For instance, WMNav [58] integrates multiple
specialized VLM modules within a world-model-based navigation framework. PredictVLM estimates the
current environmental state from panoramic RGB-D observations and updates a Curiosity Value Map, while
PlanVLM and ReasonVLM use the selected view and memory signals to infer sub-tasks and generate the
final navigation action. Schrödinger’s Navigator [81] uses an occluder-aware trajectory sampler and a
trajectory-conditioned 3D world model to imagine multiple plausible future observations, and then fuses these
predictions into a Future-Aware Value Map for uncertainty-aware waypoint selection and action execution.

In end-to-end single-policy systems, world modeling is incorporated more tightly into policy learning. In
these methods, the model not only predicts the next action, but also models future states, scene dynamics,
or intermediate spatial representations to guide action generation. NavForesee [65] integrates hierarchical
language planning and predictive world modeling within a unified VLM backbone, where the model autore-
gressively generates milestone-level subgoals while predicting short- and long-horizon environmental dynamics
through dream queries to guide the final navigation action. MapDream [66] adopts a learned map-in-the-loop
design that jointly generates a multi-channel BEV map and predicts actions, thereby incorporating a spatial map
representation into end-to-end training. SparseVideoNav [6] introduces a video generation backbone to
produce sparse video latents that represent predicted environmental changes, and these latents are combined
with language instructions and fed into a DiT-based action head to generate navigation actions.

Overall, world-model-based systems strengthen anticipation by incorporating future-oriented prediction into
navigation. Their main challenge lies in the coupling between prediction and control: when predicted futures
are inaccurate, unstable, or poorly aligned with downstream decision making, navigation performance can
degrade accordingly.

3.5. Takeaway Insights
The design choices discussed in this section reveal a persistent trade-off among expressiveness, efficiency, and
control reliability. Richer observations and structured representations, such as depth, maps, and calibrated
multi-view geometry, provide stronger support for spatial reasoning, but they also increase perception and
fusion cost. More powerful memory mechanisms improve long-horizon consistency under partial observability,
but must balance information retention against redundancy, compression overhead, and retrieval difficulty.
At the decision layer, simpler action spaces and direct policies are easier to train and deploy, but they often
sacrifice flexibility or precision, whereas more expressive action formulations and explicit reasoning can improve
planning quality at the cost of additional latency and system complexity.

These trade-offs extend naturally to the architectural level. Modular systems improve interpretability by
separating perception, memory, planning, and control through explicit intermediate representations, but their
performance is highly dependent on the coordination of multiple components. End-to-end systems offer a
more direct policy interface, yet place a greater burden on the foundation model to absorb perception, memory,
reasoning, and control within a unified policy. Within this paradigm, single-policy systems emphasize simplicity,
whereas dual-system designs introduce functional separation between slow reasoning and fast control. World-
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Figure 7 | Summary of embodied navigation data and representative datasets.

model-based designs further strengthen anticipation through prediction of future states, dynamics, or spatial
representations.

Taken together, recent progress suggests that embodied navigation is moving away from purely reactive policies
toward more selective use of geometry, memory, reasoning, and prediction. The central challenge is no longer
simply to add more capability, but to introduce the right amount of structure at the right level, so that planning
and long-horizon consistency improve without undermining efficiency and real-time control.

4. Data Collection and Training Strategies
Navigation foundation models require large-scale and diverse data to acquire robust embodied navigation
capabilities, and, once such data are available, a variety of training strategies can be used to turn them into
effective policies. Accordingly, this section reviews the topic from two complementary perspectives: data
collection (§4.1) and training (§4.2). We first summarize the major data sources that support navigation models,
then discuss representative learning paradigms built on them, finally highlighting dataset biases and leakage
issues that remain key obstacles to real-world generalization.

4.1. Data Source
Navigation data for foundation models mainly fall into three categories, as summarized in Figure 7. The
following subsections review synthetic and simulation data, real-world and web video data, and general
multimodal data, respectively. Together, these sources provide scalable trajectory supervision, realistic embodied
experience, and auxiliary semantic and reasoning knowledge for navigation foundation models.

4.1.1. Synthetic and Simulation Data
Synthetic and simulation data are generated in virtual environments for navigation learning. They are mainly
defined by three aspects: scene assets, simulation backends, and trajectory generation pipelines. Representative
indoor and outdoor synthetic/simulation datasets are summarized in Table 2 and Table 3, respectively.

Scene assets. Synthetic and simulation data for embodied navigation are fundamentally built on top of a diverse
bank of scene assets, which can be obtained from several distinct sources. For indoor navigation, a major class of
environments comes from real-world 3D reconstruction, where scanned buildings are converted into navigable
digital scenes with realistic geometry and appearance. Representative examples include MP3D[103], HM3D[104],
Gibson[105], and Replica[106], which provide reconstructed homes, offices, and other indoor spaces. A
complementary class consists of synthetic indoor environments, such as HSSD[107] and 3D-FRONT[108],
which are generated from high-quality 3D assets or procedural interior layouts, offering better scalability,
controllability, and diversity of object arrangements. More recently, some works have further introduced
high-fidelity reconstructed scenes based on modern rendering techniques such as 3D Gaussian Splatting
(3DGS)[79] to narrow the visual gap between simulation and reality. For outdoor and aerial navigation,
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Table 2 | Summary of representative indoor datasets for embodied navigation. Here, inst. denotes instruction,
and traj. denotes trajectory.

Name Description Quantity Data Structure Scene Backend Used by

Vision-and-Language Navigation

R2R[31] Canonical indoor VLN
benchmark

7,189 traj. / 21,567
inst. / 90 scenes

Panoramic RGB,
inst., traj.

MP3D Matterport
Simulator

Nav-R1[74]

RxR[32] Multilingual
long-horizon VLN
benchmark

16.5K traj. / 126K
inst. / 90 scenes

Panoramic RGB,
inst., traj.

MP3D Matterport
Simulator,
Habitat

NaVILA[1], Uni-NaVid[60],
StreamVLN[67], NavFoM[9],
InternVLA-N1[4], ABot-N0[2],
MapDream[66], Nav-R1[74]

VLN-CE R2R[33] Continuous VLN
version of R2R

4,475 episodes /
13.4K inst.

RGB, inst., traj. MP3D Habitat NaVILA[1], Uni-NaVid[60],
StreamVLN[67], NavFoM[9],
InternVLA-N1[4], ABot-N0[2],
MapDream[66], Nav-R1[74]

R2R-
EnvDrop[99]

Augmented R2R with
synthetic inst. and
dropout

60 scenes / 14K inst. RGB, inst., traj. MP3D Habitat NaVILA[1], StreamVLN[67],
ABot-N0[2], InternVLA-N1[4]

ScaleVLN[82] Large synthetic VLN
pretraining corpus

4.9M inst.–traj.
pairs / 1200+
scenes

RGB, inst., traj. HM3D, Gibson Habitat StreamVLN[67],
InternVLA-N1[4]

InternData-
N1[4]

Large synthetic
navigation corpus with
VLN-N1, VLN-CE, and
VLN-PE subsets

53.5M images /
0.8M inst. / 3,154
scenes

RGB-D, inst., traj. Replica,
MP3D, Gibson,
3D-FRONT,
HSSD, HM3D

BlenderProc,
Habitat, In-
ternUtopia

InternVLA-N1[4],
DualVLN[75]

Goal-Driven and Target-Centric Navigation

SOON[100] Scenario-oriented
object navigation
benchmark from
arbitrary starts

40K traj. / 4K inst. /
90 scenes

Panoramic RGB,
target description,
traj.

MP3D Matterport
Simulator

Nav-R1[74]

HM3D-
OVON[37]

Open-vocabulary
object-goal benchmark

145 scenes / 280
categories

RGB-D, target
description, traj.

HM3DSem Habitat AstraNav-Memory[3],
NavFoM[9], ABot-N0[2],
VLingNav[11], Hydra-Nav[10],
Nav-R1[74], Nav-R2[64]

GOAT-
Bench[101]

Lifelong multi-goal
navigation benchmark
with persistent memory

725K episodes / 145
scenes / 50–500
step memory

RGB-D, multimodal
goals, traj.

HM3D Habitat AstraNav-Memory[3]

Habitat-
Web[102]

Large teleoperated
simulator corpus for
embodied tasks

80K demonstrations RGB, traj., inst. MP3D, Gibson Habitat VLingNav[11]

EVT-Bench[45] Language-described
embodied visual
tracking benchmark

804 scenes / 26K
episodes / 100+
avatars

RGB video, target
description, traj.

Indoor avatar-
populated
scenes

Habitat
3.0

NavFoM[9], ABot-N0[2],
VLingNav[11], TrackVLA[45]

Nav-AdaCoT-
2.9M[11]

Multi-task embodied
navigation corpus with
adaptive CoT labels

2.9M traj. / 718
scenes / 472K CoT
samples

RGB video, inst.,
CoT, traj.

HM3D, MP3D Habitat VLingNav[11]

scene sources are broader and often city-scale: they include handcrafted or asset-based urban environments in
Unreal Engine [109], large-scale semantic urban reconstructions such as SensatUrban[110], open-world
game environments such as Grand Theft Auto V (GTA V) [111], and geographically grounded visual
assets from Google Earth [112]. Compared with indoor scene banks, these outdoor assets emphasize
long-range topology, large navigable areas, building-scale landmarks, and altitude-dependent viewpoints,
making them particularly suitable for urban and UAV navigation.

Simulation backends. Once scene assets are available, they must be instantiated in a simulation backend that
allows an embodied agent to move, sense, and interact with the environment so that navigation trajectories
can be collected at scale. For indoor embodied navigation, Habitat[114] is the most widely used backend, as
it provides fast rendering and supports embodied-AI simulation in rich indoor scenes, while recent versions
further extend to humanoids, avatars, and collaborative human–robot settings. When stronger physical realism
and robot-centered control are required, Isaac Sim[115] is increasingly adopted, since it is designed as a
physically based robotics simulator and provides physics engines, realistic sensor simulation, and robot testing
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Table 3 | Summary of representative outdoor datasets for embodied navigation. Here, inst. denotes instruction,
and traj. denotes trajectory.

Name Description Quantity Data Structure Scene Backend Used by

AerialVLN[83] Human-piloted aerial
VLN benchmark

8,446 traj. / 25,338
inst. / 25 scenes

RGB, inst., traj. UE city, factory,
park, and village
scenes

AirSim+UE4 OpenFly[85];
mentioned by
OpenUAV[113],
AutoFly[73]

CityNav[84] Aerial VLN benchmark
over real-world scanned
cities

32,637 traj. / 2 cities RGB, inst., traj. SensatUrban
point clouds

CityFlight /
Potree

CityNav[84]

OpenUAV[113] Realistic UAV
object-search VLN
dataset with 6-DoF
dynamics

12,149 traj. / 22
scenes / 89 objects

Multi-view
RGB, target
description,
inst., traj.

UE4 scenes AirSim+UE4 NavFoM[9]

OpenFly[85] Multi-engine aerial VLN
corpus

100K traj. / 18 scenes /
15.6K vocabulary

RGB, inst., traj. UE4/UE5, GTA V,
Google Earth,
and 3DGS scenes

UE4/UE5, GTA
V, Google Earth
Studio, 3DGS
toolchain

OpenFly[85]

AutoFly[73] Hybrid sim-to-real UAV
autonomy dataset with
coarse instructions

13K+ episodes / 2.5M
image–language–
action triplets / 1K real
episodes

RGB-D, inst.,
traj.

12 AirSim scenes
+ real outdoor
flights

AirSim+UE4 AutoFly[73]

capabilities that are useful for collecting control-aware navigation rollouts. For outdoor and aerial navigation,
Unreal Engine and AirSim-style stacks are commonly used as they support large-scale 3D worlds, flexible
camera viewpoints, and programmable vehicle control, making them well suited for UAV trajectory generation
and aerial visual observations [83, 85, 113]. Finally, Google Earth and related geospatial 3D renderers are
often used as large-scale geographic backends, providing photorealistic 3D city views and broad real-world
coverage for collecting urban or aerial navigation data in geographically grounded environments [85].

Trajectory synthetic engines. Given scene assets and simulation backends, a trajectory data engine typically
needs to construct three core components for navigation learning: the trajectory, the observations collected
along that trajectory, and the associated instruction or task annotation. In practice, the pipeline usually
starts by selecting several task-relevant key locations, such as a start point, a goal point, intermediate rooms,
object instances, or semantic regions. The exact sampling strategy depends on the target task. For VLN-CE
R2R[31, 33] and VLN-CE RxR[32, 33], each episode is primarily defined by a start location, a goal location,
and an associated reference path, which is then paired with route instructions. For HM3D ObjectNav[104]
and HM3D-OVON[37], the goal is selected around a target object category or an open-vocabulary object instance.
In aerial settings such as AerialVLN[83], UAV-Need-Help[113], OpenFly[85], and CityNav[84], key
locations are often defined by landmarks, regions, or target waypoints in large outdoor scenes. Once these
key locations are fixed, trajectory construction can proceed in different ways: benchmark-style engines such
as R2R[31], RxR[32], VLN-CE, and large-scale synthetic pipelines such as ScaleVLN[82] mainly rely on
shortest-path search or graph-based planning to densify them into executable trajectories, whereas aerial
datasets such as AerialVLN, UAV-Need-Help, and CityNav rely more heavily on human piloting or human
demonstration trajectories collected in simulation environments. ScaleVLN[82], for example, reuses HM3D
and Gibson scenes to synthesize 4.9M instruction–trajectory pairs over 1200+ photorealistic environments.
More recent engines push this formulation further. R2R-EnvDrop[99] applies environmental dropout and
back-translation to synthesize additional navigation training triplets; InternData-N1[4] unifies VLN-N1[4],
VLN-CE, and VLN-PE[34] into a large simulated navigation corpus with over 50M egocentric images from
3000+ scenes and 4839 km of navigation experience; and ABot-N0[2] scales this idea into a unified trajectory
engine spanning Point-Goal, Object-Goal, Instruction- Following, POI-Goal, and Person-Following, yielding
16.9M expert trajectories over 7802 high-fidelity scenes. After trajectories are defined, the backend is used to roll
out the agent and record observations at each step, including RGB images, camera pose, depth, segmentation,
and other embodiment-specific signals. Finally, annotations are attached either manually or automatically:
human annotation remains central in R2R, RxR, AerialVLN, and CityNav, whereas synthetic engines such
as ScaleVLN, R2R-EnvDrop, InternData-N1, and OpenFly rely more heavily on automated instruction
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generation, rewriting, filtering, and augmentation. Overall, despite substantial variation across datasets, most
synthetic navigation data engines follow the same underlying workflow: task-aware key-location sampling,
trajectory construction through planning or human demonstration, simulator-driven observation rollout, and
finally human or automated annotation.

4.1.2. Real-world and Web Video Data
Real-world and web video data provide navigation supervision beyond simulation. They mainly include directly
recorded real-world trajectories and large-scale web videos from which navigation-relevant signals can be
recovered. Representative datasets in these two categories are summarized in Table 4.

Trajectory data directly collected in the real world. Besides simulation-generated supervision, recent
navigation models also benefit from real-world trajectory data in which the trajectories are directly observed
rather than synthesized. One important source is robot or vehicle logs, where a physical platform moves
through the world and records egocentric observations, actions, poses, and sometimes human guidance or
interaction signals. Representative examples include autonomous driving datasets such as nuScenes[87] and
OpenScene[116], which provide real-world driving trajectories together with rich multi-sensor observations,
as well as robot-navigation corpora such as HuRoN[117], RECON[86] and SCAND[49]. This type of data is
especially valuable because it contains genuine embodiment noise, actuation errors, sensor artifacts, and
environment dynamics that are difficult to model faithfully in simulation. Compared with synthetic corpora,
the key advantage of this class is not annotation scale but behavioral realism: the recorded trajectories reflect
how real embodied agents actually move, recover, and interact under deployment constraints.

Web-scale video as implicit navigation supervision. A second source of real-world data comes from web
videos, which provide massive visual coverage but do not directly expose executable trajectories. In this case, the
core challenge is to recover navigation-relevant supervision from passive video. Recent works therefore convert
video into pseudo-trajectories using 3D reconstruction, camera pose estimation, SLAM-style processing, or
inverse dynamics. NaVILA[1] mines 2K YouTube room-tour videos and extracts 20K trajectories using entropy-
based sampling and MASt3R[118]-based pose estimation. RoomTour3D[90] reconstructs 3D geometry from
room-tour videos and derives trajectory-instruction pairs from the resulting camera motion. LeLaN[119] learns
from a mixed real-world corpus with synthetically generated action labels and language prompts, including
both robot data and YouTube videos, while CityWalker[88] turns large-scale urban walking and driving
videos into outdoor navigation supervision. NavFoM[9] further scales this paradigm with Sekai[120], a
large web-video corpus used for navigation-oriented pretraining. Conceptually, these methods do not provide
native simulator trajectories, but they recover enough motion, geometry, and scene structure to supply useful
navigation priors at web scale.

4.1.3. General Multimodal Data
General multimodal data are used as auxiliary supervision beyond navigation trajectories. They mainly
contribute general visual-language knowledge, semantic priors, and reasoning ability. Representative embodied,
video-QA, and general multimodal datasets are summarized in Table 5.

Not all data used by navigation foundation models are trajectory supervision. A growing fraction of recent
systems are trained with auxiliary multimodal data whose purpose is to preserve general visual-linguistic
competence, improve reasoning, or align behavior with social constraints. These data include general VQA,
image captioning, OCR, grounding, interleaved image-text corpora, video QA, and explicit reasoning annotations,
and they are typically mixed with navigation data rather than replacing it. For example, Uni-NaVid[60]
adds 2.3M public video question-answering samples on top of its navigation corpus; NaVILA [1] supplements
simulated and web-derived trajectories with auxiliary navigation datasets such as ScanQA[91], as well as
general VQA; StreamVLN[67] mixes video QA from LLaVA-Video-178K[95] and ScanQA with MMC4[97]-
style interleaved image-text data; and NavFoM combines 8.02M navigation samples with 3.15M image QA and
1.61M video QA samples to maintain broader multimodal knowledge. A newer trend is to make reasoning
itself part of the supervision recipe: ABot-N0 introduces 5.0M cognitive reasoning samples for navigable-
area analysis, social navigation CoT, instruction reasoning, object-goal reasoning, and POI grounding; and
SocialNav[72] builds a socially-aware data mixture that combines cognitive activation data with trajectory
supervision from simulation, internet videos, and real robots. Unlike synthetic or real trajectory corpora, these
datasets are not primarily used to teach low-level navigation trajectories, but to endow the model with richer
semantic priors, better instruction understanding, stronger decision-making ability, and more socially aligned
behavior.
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Table 4 | Summary of representative real-world and web-video datasets for embodied navigation. Here, inst.
denotes instruction, and traj. denotes trajectory.

Name Description Quantity Data Structure Used by

Real-World Data

GoStanford[121] Early large-scale robot
navigation logs

32 scenes / 24h /
256K images

RGB, traj. InternVLA-N1[4]

RECON[86] Autonomous real-world
exploration and navigation
logs

9 scenes RGB, traj. ABot-N0[2],
SocialNav[72]

SCAND[49] Socially compliant robot
navigation demonstrations

8.7h / 138 traj. RGB, pose, action traj. ABot-N0[2],
SocialNav[72]

HuRoN[117] Human–robot navigation
demonstrations in crowded
scenes

5 scenes / 3 buildings
/ 75h / 58 km

RGB, traj. ABot-N0[2],
SocialNav[72]

nuScenes[87] Large-scale autonomous
driving sensor-log dataset

1K scenes / 1.4M
images

Multi-view RGB, LiDAR,
radar, ego pose, map

NavFoM[9]

OpenScene[116] Large-scale real-world driving
occupancy and planning
corpus

654K samples Multi-view RGB, vehicle
state, traj.

NavFoM[9]

Web Video Data

CityWalker[88] Socially aware urban
navigation from web-scale city
videos

2000+h web videos Egocentric video, traj.,
urban control

ABot-N0[2],
SocialNav[72]

Youtube-HT[89] Internet video navigation
corpus with trajectories

1,387 scenes / 119h /
550K images

RGB video, traj. InternVLA-N1[4]

Youtube-
VLN[122]

Web-video VLN corpus with
instructions

4,078 scenes / 433h /
587K images / 14K
inst.

RGB video, inst., traj. InternVLA-N1[4]

RoomTour3D[90] Geometry-aware room-tour
video dataset for VLN tuning

100K traj. / 200K inst.
/ 1,847 scenes

RGB video, 3D
reconstruction, traj., inst.

RoomTour3D[90]

Sekai[120] World-exploration web-video
corpus for navigation
pretraining

182K videos / 2.03M
navigation samples

RGB video, traj., inst. NavFoM[9]

4.2. Training Strategies
This subsection reviews training strategies for navigation foundation models from three perspectives. We
first discuss how models learn navigation policies directly, then summarize auxiliary objectives that improve
intermediate reasoning and spatial learning, and finally examine how general vision-language tasks are
integrated to maintain broader multimodal capabilities.

4.2.1. Navigation Capability Acquisition
Discrete action learning. A large family of navigation models formulates action prediction as autoregressive
generation over a small discrete action vocabulary, typically including primitives such as FORWARD, TURN-
LEFT, TURN-RIGHT, and STOP. Since most recent navigation models are built on top of pretrained LLM/VLM
backbones, these actions are usually represented directly in textual form or as a small set of dedicated action
tokens, so that navigation can be naturally cast as standard next-token prediction (NTP) and directly reuse the
language modeling interface of the backbone. In this setup, the model predicts either the next single action or a
short future action sequence, and training reduces to language-model-style supervision on action tokens. This
formulation is attractive because it is simple, stable, and easy to integrate with instruction-conditioned visual
reasoning. Representative examples include Uni-NaVid and StreamVLN, which autoregress over discrete
navigation actions from video observations and instructions; VLN-R1[62] and Nav-R1[74], which combine
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Table 5 | Summary of representative general multimodal datasets for embodied navigation. Here, QA denotes
question-answering pairs.

Name Description Quantity Used by

Embodied Multimodal Data

ScanQA[91] 3D scene-grounded QA dataset for spatial
understanding

41K+ QA / 800 scans NaVILA[1],
StreamVLN[67],
Uni-NaVid[60],
VLingNav[11],
ABot-N0[2]

SQA3D[123] Situated 3D QA benchmark 33.4K QA / 6.8K situations Nav-R1[74]

MP3D-EQA[124] Embodied QA benchmark in MP3D scenes 1,136 QA / 83 environments Uni-NaVid[60]

OpenEQA[92] Embodied QA benchmark 1,600+ QA / 180+
real-world environments

Uni-NaVid[60]

Nav-CoT-110K[74] Embodied CoT corpus synthesized from
VLN and ObjectNav sources

110K CoT traj. Nav-R1[74]

Nav-R2 CoT
Dataset[64]

OVON-specific structured CoT corpus 300K CoT samples Nav-R2[64]

SocNav CAD[72] Social-alignment reasoning mixture for
navigation models

1.2M traversability / 825K
CoT / 1M VQA

SocialNav[72]

ABot-N0 Reasoning
Dataset[2]

Large-scale embodied cognitive reasoning
corpus

5.0M reasoning samples ABot-N0[2]

Video QA and Video Reasoning Data

LLaVA-Video-
178K[95]

Synthetic video instruction-tuning corpus 178K videos / 1.3M video
instructions

StreamVLN[67],
VLingNav[11]

Panda-70M[94] Large-scale video–text caption corpus 70M video–text pairs Uni-NaVid[60],
TrackVLA[45]

Video-R1[125] Video reasoning corpus for CoT-style
supervision

165K CoT SFT / 260K RL VLingNav[11]

MSVD-QA[93] Short-video QA benchmark 1,970 videos / 50.5K QA Uni-NaVid[60]

MSRVTT-QA[93] Video QA benchmark 10K videos / 243K QA Uni-NaVid[60]

ActivityNet-QA[126] Long-video QA benchmark 5.8K videos / 58K QA Uni-NaVid[60]

General Vision–Language Data

MMC4[97] Interleaved image–text web corpus 101.2M docs / 571M images
/ 43B tokens

StreamVLN[67]

COCO2014 /
COCO2017[96]

General image-caption and object-centric
visual corpora

330K images / >200K labels ABot-N0[2]

RefCOCO
Series[127, 128]

Referring expression grounding benchmarks 379K referring expressions ABot-N0[2]

Objects365[98] Large-scale detection and grounding corpus 600K images / 365 categories ABot-N0[2]

MAmmoTH-VL[129] Multimodal reasoning and instruction
corpus

12M QA pairs ABot-N0[2]

discrete action prediction with subsequent reinforcement fine-tuning; and a number of later VLN-style models
such as MapNav[68], JanusVLN[5], RynnBrain[130], Nav-R2[64], MapDream[66], and NaVid-4D[61],
all of which keep the action space close to language tokens rather than regressing continuous trajectories.
Overall, discrete action learning remains a competitive design when one wants to maximize compatibility with
pretrained LLM/VLM backbones and preserve a clean language-model-style training pipeline.
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Continuous action learning. Recent navigation foundation models increasingly move beyond small discrete
action vocabularies and instead learn to predict continuous actions or short-horizon trajectories. A common
way to do this is to keep the overall training interface autoregressive: continuous motions are expressed in a
text-like form, such as parameterized turning angles, movement distances, or waypoint coordinates, and are
then learned with standard NTP, much like ordinary LLM/VLM decoding. This strategy is adopted by models
such as NaVid[59], NaVILA, and Hydra-Nav[10], which represent motion continuously in textual form,
as well as OctoNav[63], OpenVLN[131], AstraNav-Memory[3], and VLA-AN[7], whose outputs likewise
remain close to an autoregressive token-prediction interface.

Some works retain this language-model-like interface while introducing an additional discretization step:
instead of expressing actions directly as natural text, they first tokenize a short continuous trajectory into a
sequence of action tokens and then train the model autoregressively over these tokens. This design still benefits
from the simplicity of NTP, while allowing richer control than a small fixed action vocabulary. AutoFly[73] is
a representative example of this tokenized continuous-action recipe.

Other models move away from token prediction more explicitly and predict continuous waypoints or trajectory
chunks through a dedicated regression head. In these cases, the hidden states of the VLM/LLM backbone are
passed to an MLP-style action head, and supervision is applied directly in continuous space, typically with regres-
sion losses such as MSE. This design appears in NavFoM, VLingNav, NavForesee[65], RoboTron-Nav[70],
UrbanVLA[71], and OmniVLA[132], all of which learn waypoint sequences or short trajectory chunks without
reducing the problem to pure token generation.

Beyond deterministic prediction, recent work increasingly formulates continuous navigation as a generative
trajectory modeling problem. Diffusion-style policies are particularly appealing because navigation is inherently
multi-modal: under the same observation and instruction, multiple future paths may all be plausible. In this
setting, the policy learns to generate a short continuous trajectory, rather than making a single deterministic
prediction. InternVLA-N1[4] employs a diffusion policy trained with a DDPM-style objective for continuous
action chunks conditioned on high-level goals, while TrackVLA[45] follows the same DDPM-style training
formulation but uses DDIM-style sampling at inference time for embodied visual tracking. More recently, several
navigation foundation models have shifted toward flow matching, including DualVLN[75], OmniNav[76],
ABot-N0, SocialNav, and SparseVideoNav[6], which generate continuous trajectory chunks under con-
ditioning signals such as intermediate goals, task decomposition, or future prediction.

Reward-driven policy refinement. Although supervised fine-tuning and imitation learning provide a strong
initialization for navigation policies, they optimize mainly stepwise imitation and therefore do not directly
address rollout errors, recovery behavior, or long-horizon control quality. Many recent works consequently use
reward-driven policy refinement as a post-training stage for action or trajectory generation itself. In discrete-
action settings, VLN-R1 applies GRPO-based reinforcement fine-tuning with a Time-Decayed Reward over
future action correctness, Nav-R1 optimizes navigation behavior with rewards tied to path fidelity and
endpoint accuracy, and OctoNav uses reward-based post-training to refine action and magnitude predictions
before a final online RL stage under environment feedback. Similar trends also appear in continuous-control
models: VLingNav adds an expert-guided reinforcement stage on top of direct trajectory supervision, while
OpenVLN and UrbanVLA use reinforcement-style post-training to improve long-horizon waypoint or trajectory
generation. This pattern also extends to recent flow-matching models: ABot-N0 adopts SAFE-GRPO as a
third-stage post-training alignment procedure, while SocialNav uses SAFE-GRPO to refine socially compliant
trajectory generation after imitation learning. In this sense, reinforcement learning is best understood here as
a later-stage mechanism for refining navigation policy quality.

4.2.2. Auxiliary Task Learning
Grounded intermediate targets and control-oriented auxiliaries. Many recent navigation models do not
learn action generation alone, but introduce auxiliary targets that bridge high-level planning and low-level action
generation. A representative example is explicit intermediate-goal grounding. InternVLA-N1 decouples
planning and execution via pixel-goal planning, and the released training pipeline directly supports System 2
training for 2D pixel-goal prediction before joint training with System 1 for action generation. DualVLN
follows the same overall philosophy: its slow system is trained for pixel-goal grounding and iterative view
adjustment, while the grounded outputs are not directly fed as raw coordinates into the trajectory generator.
Instead, they are transformed through learnable queries that extract the relevant information from the backbone
representations and generation outputs, and these query features are then used as conditioning signals for the
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diffusion-style trajectory model. More generally, this family of auxiliaries strengthens spatial alignment before
end-to-end action learning, making the final policy easier to optimize and more interpretable.

Reasoning, planning, and task decomposition. A second major auxiliary direction is to teach the model to
think before acting. However, recent work suggests that reasoning must be integrated carefully. Aux-Think[80]
shows that directly forcing test-time CoT can hurt VLN performance, and instead proposes using CoT as an
auxiliary supervision signal during training while keeping online inference action-centric. Building on this
intuition, several recent models introduce explicit reasoning supervision during training. Nav-R1 constructs a
cold-start CoT dataset and then jointly optimizes reasoning and action with rewards over format, semantic
understanding, and navigation quality. OctoNav introduces a Think-Before-Action CoT dataset and corre-
sponding TBA-SFT stage, using reasoning traces to improve generalist navigation before later policy refinement.
VLingNav proposes Adaptive CoT (AdaCoT), while Hydra-Nav adopts a slow-fast reasoning design that
learns not only how to reason but also when reasoning should be triggered. Other works specialize reasoning to
particular navigation regimes: ABot-N0 builds large-scale task-specific reasoning supervision for instruction
following, object search, social navigation, and POI grounding; SocialNav adds social reasoning signals
such as CoT explanations and social traversability prediction to encourage norm-aware behavior; Nav-R2 uses
structured CoT to model target-environment relations and environment-action planning for open-vocabulary
object navigation; and FantasyVLN[8] extends reasoning supervision to unified textual, visual, and mul-
timodal CoT, so that the model can learn grounded long-horizon reasoning beyond pure text. At a higher
level of abstraction, some models use auxiliary supervision for planning and task decomposition rather than
only stepwise CoT. OmniNav explicitly decomposes long-horizon navigation into subtasks across instruct-goal,
object-goal, point-goal, and frontier exploration, while NavForesee trains the model to decompose instruc-
tions, track progress, and generate concise textual sub-plans before action execution. Together, these works
indicate that reasoning auxiliaries are most effective when they are selective, structured, and grounded in
navigation-relevant abstractions such as subgoals, social norms, object-context relations, or future plans, rather
than simply increasing the amount of text emitted at inference time.

World models, future prediction, and map learning. A third auxiliary direction aims to improve navigation
by explicitly modeling what lies ahead or what intermediate spatial structure should be built. One branch focuses
on future prediction as an auxiliary signal for planning. NavForesee is a representative example: besides
hierarchical planning, it trains a dual-horizon predictive mechanism that models both short-term environmental
dynamics and long-term navigation milestones, effectively turning future prediction into an auxiliary signal for
downstream action generation. Along a similar line, SparseVideoNav uses sparse future video generation to
support beyond-the-view navigation, showing that imagined future observations can provide a long-horizon
planning prior without requiring dense step-by-step supervision. FantasyVLN extends this idea further by
introducing multimodal CoT supervision that includes not only textual reasoning but also image-level CoT, so
that the model can explicitly generate visual future hypotheses as part of navigation reasoning. Another branch
focuses on explicit spatial structure construction. MapDream treats map learning as an auxiliary objective
by training a dedicated map module to generate occupancy-style or BEV-like spatial representations, which
are then fed back to the navigation policy to improve action prediction. Although these methods differ in
representation—future trajectories, future frames, visual hypotheses, or explicit maps—they share the same
intuition: navigation can be improved by learning intermediate predictive or spatial structure, rather than
forcing the policy to infer everything implicitly from short-horizon observations alone.

Reward-based auxiliary alignment. Reward optimization is also increasingly used to align auxiliary objectives
that are hard to supervise with fixed labels alone. In reasoning-centric models, Nav-R1 uses reward signals
on output format and embodied understanding, so reinforcement learning directly regularizes the structure
and semantic quality of its reasoning traces. In socially aware navigation, SocialNav and ABot-N0 use
socially grounded rewards to reinforce norm awareness and social compliance, encouraging the model to
internalize social rules rather than merely imitate demonstrations. Reward-based alignment can also be applied
to intermediate representations: MapDream jointly fine-tunes its map module under navigation rewards so that
the learned spatial representation becomes more useful for downstream decision making. Overall, reinforcement
learning is valuable here because it can refine auxiliary targets such as reasoning coherence, social alignment,
and map usefulness, all of which are difficult to specify fully through static supervision.

4.2.3. Vision-Language Task Learning
Why navigation models still need general VLM tasks. Most recent navigation models are built on LLM/VLM
backbones whose main advantage is broad visual-linguistic generalization. However, direct adaptation to
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navigation introduces a clear capability gap: the model must preserve general semantics while also acquiring
embodied skills such as spatial grounding, egocentric perception, temporal memory, and instruction-conditioned
decision making. As a result, many works mix navigation training with additional vision-language tasks such
as VQA, EQA, captioning, grounding, OCR, or interleaved image-text modeling. The objectives are typically
twofold: first, to avoid degrading the pretrained VLM into a narrow action predictor; and second, to inject
embodied-relevant semantic and spatial priors that make navigation learning easier and more robust.

Typical integration patterns. One common pattern is joint multitask training throughout navigation learning.
Uni-NaVid supplements its navigation corpus with large-scale public VideoQA and embodied QA style data.
StreamVLN mixes navigation data with LLaVA-Video-178K, ScanQA, and MMC4-style interleaved image-text
data to preserve general multimodal competence while improving streaming navigation. NavFoM explicitly
combines millions of navigation samples with image QA and video QA, reflecting a strong commitment to
retaining broad VLM priors in a cross-task navigation model. NaVILA similarly mixes navigation supervision
with general VQA-style data and navigation-related auxiliary corpora to improve spatial reasoning and maintain
transferability across robots. Another common pattern is stage-wise warm-up. VLA-AN uses a progressive
multi-stage recipe that first strengthens scene comprehension and reasoning before full navigation learning;
ABot-N0 also includes an explicit cognitive warm-up through general VLM-style supervision before specializing
its action expert; and OmniNav argues that image captioning and visual recognition data are essential for
improving object understanding and instruction robustness in unified navigation. In short, modern navigation
models are rarely trained on trajectories alone. Instead, they are typically post-trained as navigation-specialized
VLMs, where trajectory learning, auxiliary reasoning, and general vision-language tasks are interleaved to
balance specialization and generalization.

4.3. Takeaway Insights
Despite the rapid growth of navigation datasets and data engines, current embodied navigation models still
face substantial generalization bottlenecks caused by dataset biases and leakage. These issues are particularly
important because many recent models are trained at scale and may achieve strong benchmark performance
while still relying on shortcuts induced by data construction rather than learning robust embodied navigation
skills.

Shortest-path bias. A large fraction of synthetic navigation data is generated from shortest-path or near-
shortest-path planners. This makes data collection efficient and evaluation well-defined, but it also biases the
training distribution toward overly optimal trajectories. In real environments, however, successful navigation
often requires behavior that deviates from the shortest path, such as pausing to observe, recovering from
execution errors, detouring around dynamic obstacles, or choosing safer and more socially acceptable routes. A
model trained predominantly on shortest-path demonstrations may therefore overfit to path optimality rather
than learning robust exploration and recovery strategies. This issue is especially relevant for benchmark-style
datasets such as R2R, RxR, VLN-CE, and many planner-generated ObjectNav corpora, where the expert policy
is strongly tied to shortest-path planning.

Static-world bias. Most current simulation-based datasets assume that the world is effectively static: objects
remain fixed, doors are typically in predefined states, pedestrians are absent or simplified, and the environment
does not change over time. Such assumptions make annotation and benchmarking easier, but they create a
mismatch with deployment settings in which embodied agents must interact with moving people, dynamic
obstacles, changing visibility, or environment state changes. Even when dynamic elements are added, they
are often much simpler than real human behavior. As a result, models trained on largely static worlds may
struggle with online adaptation, reactive avoidance, or socially compliant motion once transferred to real-world
operation.

Action-frequency mismatch. Another common issue is imbalance in the empirical action distribution. In many
navigation datasets, especially those derived from shortest paths, some actions such as moving forward occur
much more frequently than others such as stopping, rotating in place, or taking corrective maneuvers. This
induces a frequency bias in the learned policy: the model may become overly confident in frequent actions
while undertraining rare but important behaviors. The mismatch becomes even more problematic when the
deployment setting requires behaviors that are uncommon in the training data, such as frequent replanning,
waiting, obstacle negotiation, or fine-grained control near the goal.

Split leakage and weak generalization protocols. Navigation datasets can also suffer from leakage between

27



Foundation Models for Embodied Navigation: A Survey

training and evaluation splits. In the simplest case, the same or nearly identical scenes may appear across
splits. But leakage can also be more subtle: trajectories may overlap heavily in geometry, instructions may reuse
highly similar templates, or the same environment may appear under slightly different task instantiations.
Because navigation is inherently structured around scene layout, even partial overlap at the scene or trajectory
level can significantly inflate benchmark performance. In practice, scene-level leakage and trajectory-level
leakage are often entangled: a model that repeatedly sees the same environment may implicitly memorize its
layout, landmarks, or object priors, even if the exact test path is new. This weakens the reliability of reported
generalization results.

Biases in language and annotation. Instruction-conditioned datasets are additionally affected by annotation
biases. Human-written instructions often exhibit repeated templates, common reference patterns, and dataset-
specific lexical shortcuts. Synthetic instruction generation pipelines may introduce their own regularities, such
as overly literal descriptions, templated phrasing, or mismatches between language and embodied uncertainty.
As a result, models may partially solve the task through language priors or annotation artifacts rather than
grounded navigation. This issue is especially important for recent large VLM-based models, since they are
powerful enough to exploit correlations in wording without necessarily grounding them in the environment.

Embodimentmismatch and cross-embodiment transfer bias. A further bottleneck arises in cross-embodiment
settings. Navigation datasets are often collected under one embodiment assumption—for example, a wheeled
indoor robot, a legged robot, a first-person human camera, a UAV, or a car-like platform. Even when trajectories
are represented in a shared form, the underlying control constraints, sensing geometry, and feasible motion
patterns can differ substantially across embodiments. This mismatch is not limited to action space alone: it
also includes the sensing setup itself, such as the number of cameras, camera placement, field of view, height,
intrinsics, extrinsics, and the degree to which the platform observes the world panoramically or egocentrically.
As a result, a policy trained on one embodiment may inherit strong biases about what observations look like,
what actions are physically feasible, and how motion unfolds over time. These issues are especially pronounced
in recent generalist navigation models that attempt to unify VLN, ObjectNav, UAV navigation, tracking, and
driving within a single backbone. In such cases, the broader the embodiment space, the greater the risk that
the model learns shallow correlations tied to a particular embodiment or sensor configuration rather than
transferable navigation principles.

Consequences for real-world generalization. Taken together, these biases and leakage issues mean that
strong benchmark performance should not be interpreted as evidence of robust real-world navigation. A
model may perform well because it has learned shortest-path imitation, static-scene regularities, skewed
action statistics, partial scene memorization, dataset-specific annotation patterns, or embodiment-specific
sensing shortcuts, while still failing under realistic deployment conditions. This gap is especially important
for foundation-model-style navigation systems, since scaling data and model capacity does not automatically
remove underlying dataset biases. Instead, larger models may exploit them even more efficiently. Improving
real-world generalization therefore requires not only more data, but also better data construction protocols,
stronger split design, richer dynamic environments, broader embodiment coverage, and evaluation settings
that reduce shortcut learning.

5. Efficient Deployment
The deployment of foundation models for embodied navigation on physical agents faces strict Size, Weight,
and Power (SWaP) constraints. Unlike cloud-based methods that can tolerate high latency and rely on massive
computing clusters, physical robots operate in dynamic, irreversible environments requiring low inference
latency, high energy efficiency, and deterministic control. Therefore, bridging the gap between heavy foundation
models and constrained edge hardware has become a critical research frontier. This section reviews efficient
deployment for embodied navigation from two perspectives: real-world deployment across robotic embodiments
(§5.1), and acceleration techniques spanning model design and software-system optimization (§5.2).

5.1. Embodiment-Specific Deployment
Different robotic embodiments provide distinct real-world testbeds for embodied navigation, with differences
in payload, mobility, sensing, and control requirements. Existing work has been deployed across a range of
physical platforms, including wheeled robots, legged robots, and UAVs. Table 6 summarizes representative
deployment platforms and hardware setups reported in the literature.
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Table 6 | Summary of representative embodiment-specific deployment settings for embodied navigation.

Platform Computing Hardware Deployed Models

Wheeled Robots

WHEELTEC R550 Remote server Nav-R1[74]

Galbot G1 Remote server (RTX 5090) NavFoM[9]

Legged Robots

Unitree Go2 Remote server (RTX 4090 / RTX 5090 / A6000) InternVLA-N1[4], NaVILA[1],
VLingNav[11], MapNav[68], OctoNav[63],
UrbanVLA[71], NavFoM[9], TIC-VLA[133]

Unitree Go2 Remote server (RTX 4090), NVIDIA Jetson Orin NX ABot-N0[2]

Unitree G1 Remote server (RTX 4090 / RTX 5090) InternVLA-N1[4], DualVLN[75],
NavFoM[9]

WR-2 Remote server Quar-VLA[134]

UAVs

Micro Quadrotor NVIDIA Jetson Orin NX VLA-AN[7]

Standard Quadrotor Remote server (RTX 4090 / RTX 5090 / A40) AutoFly[73], SkyVLN[135], OpenVLN[131],
NavFoM[9], LongFly[136]

5.1.1. Wheeled Robots
Wheeled robots are common real-world platforms for embodied navigation deployment. Nav-R1 [74] is
deployed on the WHEELTEC R550 using a remote server for its Fast-in-Slow reasoning framework, while
X-Nav [137] reports local deployment on wheeled platforms such as the TurtleBot 2 and Clearpath Jackal. In
addition, NavFoM [9] is reported on the Galbot G1 platform with inference supported by a remote RTX 5090
server.

5.1.2. Legged Robots
Legged robots are another major platform category for real-world embodied navigation deployment. Among
them, the Unitree Go2 is one of the most frequently used quadrupedal platforms in recent work. Representative
Go2 deployments include models such as InternVLA-N1, NaVILA, and NavFoM [1, 4, 9], alongside many
other recent systems reported on the same platform [5, 6, 10, 11, 45, 60, 63, 67, 68, 71, 72, 75, 133]. Most of
these works are reported with remote-server support, while ABot-N0 [2] adopts a hybrid setup that combines
a remote RTX 4090 server with an onboard NVIDIA Jetson Orin NX.

Additional quadrupedal deployments are reported on other platforms. For example, Quar-VLA [134] is de-
ployed on the WR-2 platform, and OmniNav [76] is also reported on a quadrupedal platform with cloud-side in-
ference. Real-world legged deployment is also reported beyond quadrupeds. In particular, InternVLA-N1 [4],
DualVLN [75], and NavFoM [9] are reported on the Unitree G1 humanoid, while MapDream [66] demon-
strates zero-shot transfer on the Unitree G1 platform. In addition, NaVILA [1] evaluates real-world navigation
on the Booster T1 humanoid, and OmniVLA [132] reports deployment on the Unitree Go1.

5.1.3. UAVs
UAVs present the most extreme SWaP constraints, requiring a delicate balance between onboard real-time
control and off-board heavy reasoning. To minimize latency for high-speed flight, VLA-AN [7] is deployed
natively on a Micro Quadrotor powered by an NVIDIA Jetson Orin NX, achieving efficient closed-loop
control without external dependencies.

Conversely, for tasks involving complex 3D environments and long-horizon planning, many frameworks utilize
the Standard Quadrotor platform coupled with powerful ground stations. Models such as AutoFly [73],
SkyVLN [135], OpenVLN [131], NavFoM [9], and LongFly [136] offload their perception and planning
pipelines to remote servers equipped with RTX 4090, RTX 5090, or NVIDIA A40 GPUs. These setups enable the
generation of feasible aerodynamic trajectories within millisecond constraints by streaming sensory data to
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Figure 8 | Summary of acceleration techniques for embodied navigation systems and representative works.

high-compute clusters and returning velocity commands to the UAV’s flight controller.

5.2. Acceleration Techniques
Deployment-oriented acceleration has become an increasingly important design axis in navigation foundation
models, because embodied agents must maintain high control frequency, long-context perception, and hardware
feasibility under constrained deployment resources. Existing efforts can be organized into two broad directions.
The first accelerates inference through model architecture and algorithm design, including fast–slow system
decomposition, input compression, and context-aware cache optimization. The second improves software-level
deployment efficiency through edge–cloud collaboration and systems-level inference engineering. Figure 8
summarizes existing acceleration techniques and representative works.

5.2.1. Model Architecture & Algorithm Design
Fast–slow systems. The first line of work accelerates navigation through explicit separation between slow
deliberation and fast execution. Instead of requiring a single large model to handle long-horizon reason-
ing and high-frequency control at every step, these methods decompose the system into a low-frequency
planning module and a lightweight execution branch. Representative examples include DualVLN [75]
and InternVLA-N1 [4], which separate high-level grounding from fast trajectory generation, as well as
AsyncVLA [138] and OmniNav [76], which further emphasize asynchronous or fast–slow coordinated control.
Similar structural designs also appear in NaVILA [1], VLA-AN [7], and Hydra-Nav [10]. The common prin-
ciple is to avoid invoking expensive reasoning at every control cycle, thereby improving online responsiveness.

Input compression. The second family accelerates inference by reducing the amount of visual information
that enters the model. The core idea is to control the input token budget through token compression, frame
sampling, keyframe selection, or other compact history representations. NaVid [59] and Uni-NaVid [60] are
representative works on history compression, with the former using asymmetric token allocation for current
and historical frames, and the latter introducing online token merging for long-horizon video observations.
Later methods make budgeted compression more explicit: NavFoM [9] uses budget-aware temporal sampling,
VLingNav [11] combines dynamic FPS sampling with adaptive pooling, and AstraNav-Memory [3] aggres-
sively compresses each frame into a compact memory token set. Similar ideas also appear in AirUniNav [139],
OpenFly [85], and NaVILA [1], which reduce history cost through dynamic frame selection or history sam-
pling. SparseVideoNav [6] extends this line by sparsifying future modeling itself. Overall, these methods
accelerate deployment by shrinking the visual context before or during model ingestion.

KV-cache and context optimization. The third category focuses on optimizing how long context is maintained
and reused at inference time. Rather than directly reducing raw inputs, these methods improve cache efficiency,
context organization, and incremental update so that long-horizon reasoning does not induce linearly increasing
latency. StreamVLN [67] is the clearest example, combining slow–fast context modeling with sliding-window
KV-cache reuse and pruning strategies for streaming navigation. EfficientNav [140] improves on-device
planning through discrete memory caching, clustered memory organization, and semantics-aware retrieval.
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JanusVLN [5] introduces dual implicit memory and a hybrid cache update mechanism for spatial and semantic
history. The common objective of this line is to make context reuse efficient enough for long-horizon online
deployment.

5.2.2. Software Level Design
Edge–cloud collaboration. At the software level, one important direction is edge–cloud collaboration, where
heavy semantic reasoning or task planning is offloaded to a remote server while time-critical execution remains
on the edge device. AsyncVLA [138] is the clearest example: the large VLA runs remotely, whereas the edge-
side adapter executes fast local correction to mitigate both model and communication latency. ABot-N0 [2]
follows a related hybrid cloud-edge pattern in real-world deployment: although the navigation model itself
runs locally on Jetson Orin NX together with the neural controller, a cloud-side agentic planner performs high-
level planning and dispatches executable sub-tasks to the onboard system. AutoFly [73] adopts distributed
deployment for UAV navigation, offloading model inference to a remote server and combining it with multi-
process pipelined inference for real-time control. Overall, these systems improve deployment efficiency by
balancing semantic capacity, planning complexity, and control responsiveness across heterogeneous computing
nodes.

Systems-level optimization. The second software-level direction improves efficiency through systems engineer-
ing rather than model redesign. Typical techniques include accelerated kernels, operator fusion, pipeline schedul-
ing, and low-bit deployment. VLA-AN [7] is a representative example, reporting substantial onboard speedups
through Flash-Attention, fused operators, KV-cache preloading, and CUDA graph scheduling. AutoFly [73]
similarly combines ONNX conversion, TensorRT acceleration, custom CUDA operators, and multi-process
pipelining to reduce end-to-end latency. InternVLA-N1 [4] applies TensorRT and asynchronous execution
to speed up its fast control branch, while NaVILA [1] shows that quantization can significantly reduce mem-
ory usage and latency. Compared with architectural methods, this line of work is primarily concerned with
transforming navigation models into efficient real-world deployment systems.

5.3. Takeaway Insights
Efficient deployment in embodied navigation is fundamentally a co-design problem across embodiment, model
architecture, and inference systems. In practice, there is no single deployment recipe that works uniformly
across embodiments. Wheeled and legged robots often rely on remote or hybrid execution to sustain the
semantic capacity of large VLMs and VLAs, whereas UAVs face much tighter SWaP and control-frequency
constraints, making onboard efficiency and tightly pipelined execution especially critical. This means that
deployment choices are increasingly shaped by the physical properties of the robot itself, including payload
budget, locomotion dynamics, sensing layout, and acceptable control latency.

At the algorithmic level, recent acceleration methods reveal a common principle: computation should be
allocated selectively across time, context, and hardware. Fast–slow architectures reduce the frequency of expensive
reasoning, input compression controls the visual token budget before it becomes a systems bottleneck, and
KV-cache or memory optimization prevents long-horizon context from causing linearly growing inference cost.
At the software level, edge–cloud collaboration and systems-level engineering further show that deployment
efficiency is not determined only by model size, but also by how inference is partitioned, scheduled, quantized,
and executed across heterogeneous hardware. In this sense, practical embodied deployment is increasingly
shifting from monolithic inference toward hierarchical, asynchronous, and hardware-aware execution.
Taken together, these trends indicate that the central deployment trade-off is not simply between large models
and small devices, but among semantic capability, real-time responsiveness, and deployment autonomy. Stronger
reasoning and longer context generally improve navigation quality, but they also increase latency, energy
consumption, and dependence on external compute. Future progress will therefore depend on embodiment-
aware co-design of model architecture, memory management, and inference systems, so that navigation
foundation models can preserve long-horizon intelligence while remaining feasible for reliable real-world
deployment.

6. Benchmarks and Evaluation Metrics
Traditional navigation evaluation has largely emphasized whether the agent reaches the target and whether
the resulting trajectory is efficient. For embodied navigation, however, evaluation must cover a broader set
of capabilities. Beyond navigation success, a complete assessment should also examine whether the model
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Table 7 | Representative embodied navigation benchmarks. Embodi. denotes the embodiment type.

Benchmark Domain Embodi. Target Capability Evaluation Metrics

Instruction-Conditioned Navigation
R2R [31] Indoor Ground Canonical indoor VLN with route

following in scanned homes
SR, NE, SPL, nDTW, sDTW

RxR [32] Indoor Ground Multilingual route following with
dense spatiotemporal grounding

SR, NE, SPL, nDTW, sDTW

CityWalker [88] Outdoor Ground Urban real-world instruction following
from web-scale videos

navigation success rate, AOE,
MAOE

TravelUAV [113] Aerial UAV Assistant-guided aerial VLN with
realistic flight dynamics and 6-DoF
control

NE, SR, OSR, SPL

Goal-Conditioned Navigation
Habitat ObjectNav
v2 [36]

Indoor Ground Category-goal semantic search in
unseen indoor scenes

SR, SPL, DTS

HM3D-OVON [37] Indoor Ground Open-vocabulary object-goal
navigation under semantic shift

SR, SPL

GOAT-Bench [101] Indoor Ground Multimodal lifelong navigation across
category, image, and language goals

SR, SPL, GcS

NAVSIM [141] Outdoor Ground Driving-scale goal-directed planning
under urban open-world variation

PDMS, NC, DAC, TTC, EP

Navigation-Related Embodied Reasoning
OpenEQA [92] Indoor Ground Active exploration for open-ended

embodied question answering
LLM-Match, LLM-Match×SPL

MP3D-EQA [124] Indoor Ground Embodied question answering with
explicit exploration burden

answer accuracy, 𝑑𝑇 , 𝑑Δ, 𝑑min

Interactive and Dynamic Navigation
SocNavBench [142] Indoor &

Outdoor
Ground Crowd-aware motion under

social-compliance constraints
success, collisions, path quality,
interaction statistics

Social-VLN [75] Indoor &
Outdoor

Ground Instruction following amid dynamic
pedestrians and social rules

NE, OS, SR, SPL, HCR

Habitat 3.0 (Human
Following) [143]

Indoor Ground Moving-target finding and following
in human-populated scenes

find rate, follow success, tracking
error

Cross-Embodiment Evaluation
VLN-PE [34] Indoor Mixed Physically realistic VLN under

embodiment, controller, and lighting
shift

TL, NE, OS, SR, SPL

follows instructions faithfully, grounds its decisions in relevant semantics, generalizes across environments
and embodiments, operates safely under realistic constraints, and remains practical for real-time deployment.
As a result, benchmark design and metric selection in this setting are closely tied to the specific capabilities
that each task intends to test. This section first organizes existing benchmarks by task type and highlights the
distinct evaluation objectives associated with each category (§6.1). It then summarizes the major families of
evaluation metrics, including task success, trajectory quality, instruction or semantic alignment, generalization,
safety, and system efficiency (§6.2).

6.1. Benchmark Categories
This subsection organizes embodied navigation benchmarks by task type, namely, by the primary capability that
the agent is required to demonstrate. Specifically, the categories below cover instruction-following navigation,
goal-conditioned navigation, navigation-related embodied reasoning, interactive and dynamic navigation, and a
still-small set of cross-embodiment evaluation benchmarks. Table 7 summarizes representative benchmarks in
each category, along with their domain, embodiment type, target capability, and evaluation metrics.
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6.1.1. Instruction-Following Navigation
This category evaluates whether an agent can transform natural-language instructions into executable navigation
behavior. The core challenge is not merely to reach a destination, but to interpret landmarks, sequential
dependencies, and spatial constraints described in language, and to ground them into temporally coherent
actions in the environment. As a result, these benchmarks test the joint ability of the model to understand
linguistic intent, maintain alignment between language and perception over time, and decide when to continue,
adjust, or terminate navigation.

Representative benchmarks in this family remain centered on indoor settings, including R2R [31], RxR [32],
R2R-CE [33], REVERIE [144], CVDN [145], and SOON [100]. These benchmarks establish the canonical evalu-
ation settings for instruction-following navigation, while VLN-PE [34] extends the evaluation toward physically
realistic cross-embodiment transfer. More recent benchmarks preserve the same instruction-following objective
while broadening the deployment context. For ground platforms, CityWalker [88] and BridgeNav [146]
introduce weaker localization cues, greater appearance diversity, and longer real-world horizons. For aerial
platforms, OpenUAV and its UAV-Need-Help benchmark [113], together with related UAV benchmarks such
as AVDN, LHPR-VLN, and AerialVLN [83, 147, 148], extend the same task structure to full-3D flight and
realistic control.

The interpretation of results in this category should therefore go beyond simple completion statistics. Task
success remains important, but the more informative question is whether the executed trajectory faithfully
reflects the instruction, including intermediate waypoint alignment, ordering of subgoals, and appropriate
stopping behavior. In outdoor and aerial settings, this interpretation becomes even more demanding because
longer horizons, weaker localization support, and real-time execution constraints can substantially affect
performance. Consequently, instruction-following benchmarks are best understood through a combination of
success-based metrics, path-sensitive measures, and deployment-aware considerations rather than through
success rate alone.

6.1.2. Goal-Conditioned Navigation
This category evaluates whether an agent can search for and reach a target specified by a goal condition rather
than by a step-by-step instruction sequence. The goal may be provided as an object category, a reference
image, a region-level cue, or an open-vocabulary semantic description. Compared with instruction-following
navigation, the central challenge here is not faithful execution of a prescribed route, but semantic search under
partial observability. The agent must decide where to explore, what observations are relevant to the target,
and when the accumulated evidence is sufficient to approach or declare success.

Representative benchmarks include HM3D ObjectNav [104], HM3D-OVON [37], Habitat ObjectNav
v2 [36], and GOAT-Bench [101]. These benchmarks define the main evaluation settings for goal-conditioned
embodied search in indoor environments, while related benchmark variants broaden the task family to earlier
Habitat and Gibson protocols, image-goal formulations, and demand-conditioned object search [41, 103, 105,
149, 150]. The same task structure also extends beyond indoor scenes. In outdoor, driving-scale, and real-
world settings, benchmarks such as MetaUrban [151], NAVSIM [141], nuScenes [87], and LeLaN [119]
examine the same search-oriented capability under broader appearance variation, longer horizons, and more
realistic deployment conditions. Related open-set outdoor evaluations further stress semantic shift and regional
transfer [152].

The interpretation of results in this category should therefore emphasize more than completion and path
efficiency alone. Reaching the target remains a primary objective, but the more revealing question is whether
the agent explores in a semantically meaningful way, uses memory effectively to avoid redundant search, and
generalizes to previously unseen targets or environments. For embodied navigation, these benchmarks are
especially valuable because they test whether broad semantic priors acquired during pretraining can support
general-purpose embodied search, including open-set target grounding and robust search behavior under
distribution shift.

6.1.3. Navigation-Related Embodied Reasoning
This category evaluates tasks in which navigation is not the final objective by itself, but a means of acquiring
the evidence required for higher-level reasoning. In these benchmarks, the agent must move through the
environment to observe relevant regions, gather partial clues across time, and then complete downstream tasks
such as question answering, scene judgment, or decision making. The key challenge is therefore not only to
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arrive at a destination, but to navigate in a way that reveals the information needed for correct reasoning under
partial observability.

Representative benchmarks in this family are currently led by MP3D-EQA [124] and OpenEQA [92]. Both
require the agent to actively explore in order to gather the evidence needed for grounded question answering,
rather than answering from a static scene representation alone. Although the benchmark inventory in this
category remains smaller than in instruction following or object-goal navigation, the shared underlying structure
is clear: navigation serves as a means of acquiring the observations needed for grounded reasoning and final-task
completion.

The interpretation of results in this category should therefore not rely on navigation success alone. Reaching
a relevant area is only one part of the problem. What matters more is whether the visited states actually
reveal the critical evidence, whether memory preserves that evidence across the trajectory, and whether the
final prediction is grounded in observations collected during interaction with the environment. As a result,
these benchmarks are particularly useful for evaluating whether embodied navigation systems can coordinate
exploration, evidence retention, and answer generation within a single embodied reasoning process.

6.1.4. Interactive and Dynamic Navigation
This category evaluates navigation under conditions in which the environment cannot be treated as static
during execution. The source of dynamics may come from moving obstacles, other agents, human interaction,
social constraints, or targets that change position over time. In these settings, the agent cannot rely on a fixed
route planned in advance. Instead, it must continually update its decisions on the basis of newly observed
changes, maintain situational awareness, and replan online in order to remain effective and safe.

Representative benchmarks include Habitat 3.0 [143], SocNavBench [142], and Social-VLN [75].
Related benchmark protocols extend the same theme to human following, embodied tracking, social-navigation
scenario design, and audio-visual navigation [45, 48, 107, 130, 153, 154]. Although these benchmarks differ
in embodiment, sensing modality, and interaction structure, they share the same core requirement: navigation
must remain adaptive under evolving environmental and social conditions.

The interpretation of results in this category should therefore extend well beyond overall task success. Reaching
the target or maintaining task completion remains necessary, but the more informative questions concern
whether the agent can replan effectively, recover from disrupted trajectories, maintain stable tracking, comply
with social constraints, and avoid unsafe behavior during interaction. The main value of these benchmarks is
that they expose failure modes that static benchmarks often hide, including brittle plans, delayed response to
environmental change, unstable pursuit behavior, and violations of safety or social acceptability.

6.1.5. Generalist and Cross-Embodiment Evaluation
This category evaluates whether a model can preserve useful navigation capability across changes in em-
bodiment, controller, sensing interface, and deployment regime. The central question is not performance
within a single benchmark setting, but whether the same policy or architectural family remains effective when
morphology, observation geometry, or low-level execution assumptions change.

A strict benchmark-only view reveals that this category is still relatively sparse. Among currently available
resources, VLN-PE [34] is the clearest benchmark-style platform in this direction: it explicitly introduces a
physically realistic cross-embodiment VLN benchmark spanning humanoid, quadruped, and wheeled robots,
and evaluates transfer under controller engagement, lighting variation, and embodiment shift. Compared
with the richer benchmark ecosystems already available for instruction following or object-goal navigation,
cross-embodiment evaluation remains at an earlier stage of standardization.

The interpretation of results in this category should therefore emphasize transfer stability rather than isolated
in-domain scores. What matters is whether performance is preserved under embodiment shift, whether the
model degrades gracefully when observation geometry or locomotion changes, and whether the same navigation
policy remains usable once physical control and realistic sensing are introduced. Even though this benchmark
family is currently small, it provides the most direct test of the foundational claim behind embodied navigation
systems: that useful navigation competence should survive beyond a single robot form or simulator abstraction.

6.2. Evaluation Metrics
Embodied navigation benchmarks do not necessarily emphasize the same evaluation priorities. Some focus
on terminal success and efficiency, some place greater weight on trajectory fidelity and semantic grounding,
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and others additionally require robustness, safety, or real-time deployability. In this section, we organize
evaluation through four abstract metric layers: task completion, trajectory fidelity and grounding, robustness,
generalization, and safety, and real-time deployment. This abstraction does not force all benchmarks into a single
metric standard, but provides a common framework for analyzing which aspects of embodied performance
each benchmark measures.

6.2.1. Task Completion
Task-completion metrics form the first layer of embodied navigation evaluation because they capture the
minimum requirements that any navigation system must satisfy, namely, task completion, proximity to the goal.
Even when benchmarks require instruction grounding, semantic search, or embodied reasoning, evaluation
still begins with whether the agent reaches a valid terminal state under a reasonable motion budget. For this
reason, completion metrics remain the common baseline across benchmark families and provide the most basic
level of comparability.

Consider a benchmark with 𝑁 evaluation episodes. For episode 𝑖, 𝑣(𝑖)0 and 𝑣
(𝑖)
𝑇 denote the initial and terminal

agent states, respectively, and 𝐺 (𝑖) denotes the goal set or success region. The shortest-path distance from a
state 𝑣 to the goal set is defined as 𝑑(𝑣, 𝐺) = min𝑔∈𝐺 𝑑(𝑣, 𝑔), where 𝑑th denotes the success tolerance. Let 𝑝𝑖
denote the executed path length and ℓ𝑖 = 𝑑(𝑣(𝑖)0 , 𝐺 (𝑖) ) denote the shortest-path distance from the initial state to
the goal set. The episode-level success indicator can be defined as:

𝑆𝑖 = 𝟙
[
𝑑
(
𝑣
(𝑖)
𝑇 , 𝐺 (𝑖)

)
≤ 𝑑th

]
. (1)

The standard task completion metrics are then defined as [35]:

SR =
1
𝑁

𝑁∑︁
𝑖=1

𝑆𝑖, (2)

NE =
1
𝑁

𝑁∑︁
𝑖=1

𝑑
(
𝑣
(𝑖)
𝑇 , 𝐺 (𝑖)

)
, (3)

OSR =
1
𝑁

𝑁∑︁
𝑖=1

𝟙
[
min
𝑡
𝑑
(
𝑣
(𝑖)
𝑡 , 𝐺 (𝑖)

)
≤ 𝑑th

]
, (4)

SPL =
1
𝑁

𝑁∑︁
𝑖=1

𝑆𝑖 ·
ℓ𝑖

max(𝑝𝑖, ℓ𝑖)
. (5)

Here, Success Rate (SR)measures whether the agent terminates within the success region; Navigation Error (NE)
measures the terminal distance to the goal region; Oracle Success Rate (OSR) measures whether the agent ever
enters the success region under an oracle stopping rule; and Success weighted by Path Length (SPL) measures
path efficiency relative to the shortest feasible route. This formulation is more general than point-goal notation:
when the benchmark specifies a point target, one simply takes 𝐺 (𝑖) = {𝑣(𝑖)∗ }.

These metrics provide the common baseline for embodied navigation evaluation by measuring whether the
agent reaches the goal region, how close it gets to the goal, and how efficiently success is achieved. However,
they summarize performance mainly through terminal outcome and path length, and therefore provide only a
coarse account of navigation quality. In embodied navigation, they are necessary but not sufficient, because
they do not reveal whether the trajectory faithfully follows an instruction, whether the behavior is semantically
grounded, or whether the policy remains robust and usable under realistic execution constraints.

6.2.2. Trajectory Fidelity and Grounding
Task completion alone does not guarantee that navigation is semantically correct. In instruction-conditioned
benchmarks, an agent may still reach the goal by exploiting dataset regularities, following a shortcut, or
ignoring part of the instruction, even when its behavior does not faithfully reflect the intended route. For
this reason, evaluation in this setting requires path-sensitive metrics that examine not only whether the agent
arrives, but also whether the executed trajectory remains sufficiently consistent with the reference path implied
by the task specification.
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Let 𝑃 = (𝑝1, . . . , 𝑝𝑚) denote the predicted trajectory and 𝑅 = (𝑟1, . . . , 𝑟𝑛) the reference trajectory. A widely used
path-alignment metric is normalized Dynamic Time Warping (nDTW):

nDTW(𝑃, 𝑅) = exp
(
−DTW(𝑃, 𝑅)

𝑛 𝑑th

)
, (6)

where DTW(𝑃, 𝑅) is the dynamic time warping distance between the predicted and reference trajectories under
the benchmark-specific geodesic distance, and 𝑑th is the success tolerance. The success-weighted variant is
defined as:

sDTW(𝑃, 𝑅) = 𝑆(𝑃) nDTW(𝑃, 𝑅), (7)

where
𝑆(𝑃) = 𝟙[𝑑(𝑝𝑚, 𝐺) ≤ 𝑑th] (8)

is the terminal success indicator for the predicted trajectory with respect to the benchmark goal set 𝐺. Intuitively,
nDTW measures ordered trajectory similarity even when the endpoint is imperfect, whereas sDTW requires
both successful completion and trajectory alignment.

Another representative metric is Coverage weighted by Length Score (CLS):

CLS(𝑃, 𝑅) = PC(𝑃, 𝑅) · LS(𝑃, 𝑅), (9)

where path coverage is

PC(𝑃, 𝑅) = 1
|𝑅|

∑︁
𝑟∈𝑅

exp
(
−𝑑(𝑟, 𝑃)

𝑑th

)
, (10)

with
𝑑(𝑟, 𝑃) =min

𝑝∈𝑃
𝑑(𝑟, 𝑝), (11)

and the length score is

LS(𝑃, 𝑅) = EPL(𝑃, 𝑅)
EPL(𝑃, 𝑅) + |EPL(𝑃, 𝑅) − PL(𝑃) | , (12)

EPL(𝑃, 𝑅) = PC(𝑃, 𝑅) · PL(𝑅). (13)

Here, PL(𝑃) and PL(𝑅) denote the lengths of the predicted and reference paths, respectively. CLS therefore
rewards both adequate coverage of the reference route and a plausible trajectory length.

These metrics are more informative than task completion metrics because they evaluate whether the executed
trajectory remains close to the reference route in an ordered and length-aware sense. In this way, nDTW, sDTW,
and CLS provide useful proxies for trajectory fidelity and are often effective for diagnosing shortcut behavior or
incomplete route following.

6.2.3. Robustness, Generalization, and Safety
For embodied navigation systems, evaluation should extend beyond static task completion and trajectory fidelity
to test whether the policy remains reliable under longer horizons, distribution shift, embodiment change, and
dynamic interaction. This is especially important because embodied navigation systems are often motivated by
claims of stronger memory, more general reasoning, and broader cross-embodiment transfer, none of which
can be established by endpoint success alone. Therefore, they require evaluation protocols that test whether
capability is preserved once the environment becomes less predictable, the task becomes less myopic, or the
deployment condition departs from the training regime.

Long-horizon robustness is the first important dimension because binary success often becomes too sparse
to diagnose behavior in extended tasks. A useful complementary quantity is average goal progress (GP),
commonly used in dialogue-based or exploration-heavy settings:

GP =
1
𝑁

𝑁∑︁
𝑖=1

[
𝑑
(
𝑣
(𝑖)
0 , 𝐺 (𝑖)

)
− 𝑑

(
𝑣
(𝑖)
𝑇 , 𝐺 (𝑖)

)]
. (14)

This metric is informative when the agent is not expected to reach the target in every episode but should
nevertheless make meaningful progress toward it. More broadly, long-horizon evaluation should also examine
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subgoal completion, re-localization success, perturbation recovery, backtracking ability, and the consistency
of explicit or implicit spatial memory. In this sense, robustness under long horizons is not only a matter of
whether the agent eventually succeeds, but also of whether it can maintain coherent behavior when the task
requires memory, recovery, and continued progress over time.

The second dimension concerns transfer and generalization. Seen-to-unseen transfer within a fixed
simulator remains useful, but it represents only a relatively weak form of robustness. Stronger protocols test
whether performance is preserved across buildings, cities, weather conditions, object distributions, visual
styles, embodiments, sensing modalities, and the sim-to-real boundary. Benchmarks such as HM3D-OVON [37],
GOAT-Bench [101], CityWalker [88], and VLN-PE [34] illustrate why this broader notion of transfer
matters. Related benchmark settings further stress outdoor regional transfer, driving-scale shift, and realistic
aerial deployment [113, 141, 146, 151]. For embodied navigation systems, this family of metrics is especially
consequential because it most directly tests whether the model has learned reusable embodied priors rather
than benchmark-specific shortcuts.

Safety becomes equally central once navigation takes place in dynamic or socially constrained scenes. When
the environment contains moving obstacles, crowds, or human interaction, success alone is no longer an
adequate summary of policy quality. Relevant metrics include collision count, collision rate, minimum clearance,
near-miss frequency, time-to-collision, human-collision count, personal-space intrusion, and motion smoothness.
In target-following or tracking-oriented settings, target-following error and target reacquisition rate after
temporary loss are also informative. Benchmarks such as SocNavBench [142], Social-VLN [75], and
Habitat 3.0 [143] make clear that in dynamic and social navigation, safety is not an auxiliary consideration
but a primary metric family. More broadly, robustness, safety, and transfer metrics determine whether an
embodied navigation system remains reliable once evaluation moves beyond static shortest-path settings, and
therefore provide a necessary test of whether the model is genuinely deployable rather than merely successful
under controlled conditions.

6.2.4. Real-Time Deployment
The final layer of evaluation concerns whether a navigation policy remains usable under the timing and resource
constraints of real deployment. In embodied navigation, action quality and action timing cannot be separated:
a policy that produces semantically strong decisions but reacts too slowly may still be ineffective, unstable, or
even invalid once deployed on a physical agent. For this reason, real-time metrics should be treated as part of
the evaluation itself rather than as peripheral systems statistics.

Let 𝑡obs
𝑘

denote the time at which observation 𝑘 is received and 𝑡act
𝑘

the time at which the corresponding action
is produced. The per-decision end-to-end latency is defined as:

𝐿𝑘 = 𝑡act𝑘 − 𝑡obs𝑘 , (15)

and the average latency over 𝐾 decisions is:

𝐿e2e =
1
𝐾

𝐾∑︁
𝑘=1

𝐿𝑘. (16)

The corresponding policy frequency can be reported either as the measured average action rate over an episode
or, in a synchronous pipeline, approximated by:

𝑓𝜋 ≈ 1
𝐿e2e

. (17)

If the high-level policy is coupled to a lower-level controller with frequency 𝑓𝑐, it is also useful to report:

𝜌 =
𝑓𝑐

𝑓𝜋
, (18)

which measures how many low-level control cycles elapse per high-level decision. This quantity is especially
important for agile embodiments such as UAVs or legged robots, where delayed high-level actions can invalidate
otherwise strong semantic reasoning.
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Deployment-oriented evaluation should also report memory and compute constraints. A simple summary
statistic is the peak memory footprint:

𝑀peak =max
𝑡

𝑀 (𝑡), (19)

together with parameter count, VRAM usage, controller frequency, and, where relevant, sequence length or
cache-related memory budgets. These quantities should not be treated as engineering afterthoughts. For
embodied navigation, they are part of the practical meaning of benchmark results, because a navigation policy
is only genuinely competitive if it can operate at the timescale and resource budget required by the target
embodiment.

These metrics should therefore be interpreted as indicators of deployment validity rather than mere imple-
mentation details. High latency can reduce effective control responsiveness even when offline decision quality
appears strong, and limited policy frequency can make a method unsuitable for fast or unstable platforms.
Likewise, memory footprint and compute budget determine whether a reported result is feasible on the in-
tended hardware rather than only on oversized experimental setups. This perspective is especially important
when comparing large, reasoning-intensive models with lightweight reactive policies, since the comparison is
otherwise incomplete. In benchmarks and benchmark platforms such as OpenUAV/UAV-Need-Help [113],
VLN-PE [34], CityWalker [88], and NAVSIM [141], timing and system constraints are part of benchmark
validity itself rather than secondary appendix material. Real-time deployability should therefore be treated as
a core evaluation dimension whenever embodied navigation claims are intended to hold beyond controlled
offline settings.

6.3. Takeaway Insights
Embodied navigation evaluation should be interpreted as a joint problem of task type, metric choice, and
deployment condition, rather than as a comparison of isolated leaderboard numbers. A reported result only
becomes meaningful when it is tied to the capability that the benchmark is designed to test and to the metric
family that makes that capability visible. In this sense, benchmark taxonomy and metric taxonomy should be
read together: different tasks stress different aspects of embodied competence, and therefore require different
evidence for success.

This is why completion metrics alone cannot support a complete evaluation. In instruction-following navigation,
success must be interpreted together with trajectory fidelity and, where possible, explicit grounding. In goal-
conditioned navigation, the emphasis shifts toward semantic exploration, memory, and open-set generalization.
In navigation-related embodied reasoning, the critical issue is whether movement exposes the evidence needed
for grounded downstream inference. In dynamic, social, and cross-embodiment settings, the meaning of success
depends even more strongly on robustness, safety, transfer, and system-level viability.

What ultimately matters is not only whether a model solves a benchmark, but what kind of competence that
success actually demonstrates. A convincing embodied navigation evaluation should therefore show that success
remains faithful to task semantics, robust under shift and interaction, and feasible under realistic deployment
constraints. Progress is most credible when it is sustained across task families and under increasingly realistic
conditions, rather than concentrated in a single static benchmark setting.

7. Conclusions and Future Directions
The remarkable advancements of vision, language, and video foundation models have fundamentally reshaped
the landscape of embodied navigation. This survey has systematically categorized existing research through
the lens of design paradigms, data sources, and training strategies, offering a unified framework to interpret
how these models bridge high-level reasoning with low-level control. However, despite the rapid evolution
of this domain and the proliferation of sophisticated architectures like dual-system and end-to-end models, a
significant gap remains between benchmark performance and physical reality. As of the completion of this
survey, our own experiences in leveraging and deploying state-of-the-art methods reveal that real-world task
success rates remain strikingly low. These findings underscore that we are still far from truly “solving” the task
of embodied navigation.

To move the field toward general-purpose embodied intelligence, we identify several critical directions for
future research:
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• Establishing the scaling law for embodied navigation. While scaling has proven transformative for
language and beyond [155, 156, 157, 158], the path to a similar scaling law for navigation remains
obscured by a severe data bottleneck. Existing synthetic and simulation data suffer from a persistent
sim-to-real gap and the lack of data diversity, particularly in visual geometry and physical dynamics.
Conversely, there is a distinct lack of large-scale, diverse, and high-quality real-world navigation data to
provide the necessary supervision for multi-billion parameter models. Bridging this gap through better
data engines or massive-scale robot logs is essential.

• Converging VLM and VGM backbones. A fundamental question for future navigation foundation
models is whether to adopt VLMs or VGMs as the primary backbone. Theoretically, embodied navigation
requires both the strong semantic reasoning and instruction-following capabilities of VLMs, as well as the
world-modeling and physical-prediction capabilities of VGMs. Moving forward, the field should explore
architectures that fuse these strengths, enabling agents that can both understand complex linguistic goals
and predict the physical consequences of their movements.

• Developing next-generation benchmarks. Many existing benchmarks are increasingly outdated, failing
to capture the requirements of modern navigation foundation models such as open-vocabulary reasoning
and social compliance. Future benchmarks must move beyond terminal success rates to include rigorous
evaluation of instruction fidelity, real-time latency, and robustness under dynamic disturbances.

• Hardware-aware algorithmic optimization. Given the strict hardware constraints of physical robots,
future work must focus on bridging the gap between heavy foundation models and edge hardware.
This includes advancing asynchronous inference, algorithmic compression, and intelligent device-cloud
orchestration to ensure that reasoning does not come at the cost of reactive safety.
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