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Figure 1. We introduce Capability-Conditioned Navigation (CapNav), a benchmark designed to evaluate how well VLMs can navigate
complex indoor spaces given an agent’s specific physical and operational capabilities. CapNav inputs (1) a tour video of an indoor space,
(2) nodes of its navigation graph, (3) an agent’s mobility profile, and (4) a navigation task, and evaluates VLM outputs in task feasibility,

path validity, route traversability, and reasoning validity.

Abstract

Vision-Language Models (VLMs) have shown remarkable
progress in Vision-Language Navigation (VLN), offering
new possibilities for navigation decision-making that could
benefit both robotic platforms and human users. How-
ever, real-world navigation is inherently conditioned by

the agent’s mobility constraints. For example, a sweeping
robot cannot traverse stairs, while a quadruped can. We
introduce Capability-Conditioned Navigation (CapNav), a
benchmark designed to evaluate how well VLMs can navi-
gate complex indoor spaces given an agent’s specific phys-
ical and operational capabilities. CapNav defines five rep-
resentative human and robot agents, each described with



physical dimensions, mobility capabilities, and environ-
mental interaction abilities. CapNav provides 45 real-
world indoor scenes, 473 navigation tasks, and 2365 QA
pairs to test if VLMs can traverse indoor environments
based on agent capabilities. We evaluate 13 modern VLMs
and find that current VLM’s navigation performance drops
sharply as mobility constraints tighten, and that even state-
of-the-art models struggle with obstacle types that require
reasoning on spatial dimensions. We conclude by dis-
cussing the implications for capability-aware navigation
and the opportunities for advancing embodied spatial rea-
soning in future VLMs. The benchmark is available at
https://github.com/makeabilitylab/CapNav

1. Introduction

As vision—language models (VLMs) advance in visual
grounding [47] and spatial reasoning [11], they are now
commonly used as drop-in “navigation assistants” or plan-
ning modules for robots and assistive systems [16, 46, 66].
Guiding people to reach destinations [16, 30] and control-
ling robots in movement decisions [20], they are widely ap-
plied in open-ended scenarios where solutions can be plu-
ralistic, and their plausibility depends on the agents’ move-
ment capabilities.

Consider the multi-story building shown in Figure 2. To
go from the basement foyer to the top-floor rest area, a
wheelchair user should use the elevator, but a quadruped
robot can only go up the stairwell (since it cannot operate
the elevator). Similarly, a non-disabled human may squeeze
through a cluttered corridor, while a wide humanoid robot
cannot. Without awareness of capability, VLM may recom-
mend routes that are infeasible or even unsafe for a given
agent [17, 31].

Such mobility constraints and the pluralistic nature of
navigation remain underexplored in prior vision—language
navigation research. Existing frameworks and benchmarks
evaluate embodiment-agnostic goal-reaching in simulated
or graph-based environments [2, 25, 49, 54], or reduce nav-
igation to simplified VQA-style spatial reasoning tasks [14,
57, 61, 63]. Moreover, evaluation protocols typically mea-
sure trajectory fidelity against a single annotated ground-
truth path [1, 21, 22]. Consequently, these paradigms over-
look the capability-conditioned validity and solution multi-
plicity that characterize real-world navigation — limitations
that become increasingly critical as VLMs are deployed in
embodied control and assistive scenarios.

We introduce CapNav, a benchmark for VLM’s naviga-
tion validity across varying mobility constraints. We con-
sider five representative embodiments: adults with no motor
disabilities, wheelchair users, sweeping robots, humanoid
robots, and quadrupedal robots. We use real-world 3D scans
[8, 41] and annotate navigation graphs [2, 25, 44] to allow

plural solutions and per-edge traversability analysis. Cap-
Nav inputs the agent description, realistic indoor videos,
key spatial reference nodes, and a navigation task as“from
A to B”. We then examine VLM outputs for the prediction
of feasibility, the navigation path, and reasoning validity.
In total, CapNav contains 45 scenes, 2365 navigation tasks,
and 5075 traversability annotations as ground truth.

Using the CapNav benchmark, we systematically study
13 opensource and proprietary VLMs under varying infer-
ence settings. Through quantitative and qualitative analysis,
we diagnose three major observations: (1) mobility degra-
dation: navigation performance drops significantly when
considering mobility capabilities; (2) visual bottleneck: in-
creasing visual input does not always lead to a performance
boost in CapNav; (3) spatial dimension blindness: all
models fail to detect non-traversability arising from insuf-
ficient spatial clearance (e.g., narrow passages or limited
turning radius).

These results highlight that substantial progress is still
needed before VLM-based navigation can reliably support
embodiment-specific deployment, particularly in safety-
critical scenarios. Moreover, current VLM architectures
and training paradigms remain limited in their ability to
integrate spatial information across multiple visual frames
and to perform precise metric reasoning in complex en-
vironments. Advancing embodied navigation, therefore,
requires improvements in large-scale visual integration,
geometry-grounded reasoning, and training objectives that
explicitly encode mobility constraints and spatial dimension
awareness.

Our contributions are threefold:

1. The CapNav benchmark. We introduce CAPNAv, a
capability-conditioned VLN benchmark that evaluates
how VLMs navigate complex indoor environments un-
der realistic mobility constraints across five representa-
tive human and robot embodiments.

2. Comprehensive evaluation of VLMs. We conduct a
head-to-head assessment of 13 state-of-the-art VLMs
on capability-aware feasibility prediction, path validity,
route traversability, and reasoning quality.

3. Guidelines and resources. @ We analyze the ef-
fects of input frame rates, model settings, obstacle
types, and failure modes, providing actionable guide-
lines for capability-aware navigation. We release the
full dataset—videos, tasks, agent profiles, and Sk+
traversability annotations—along with an interactive an-
notation interface for extending CapNav to new agents
and environments.


https://github.com/makeabilitylab/CapNav

Figure 2. The CapNav benchmark evaluates whether VLMs can correctly ground differences in agent mobility capabilities when generating
navigation plans. This example demonstrates a navigation task that has different feasibility and path for different agents.

2. Related Work over recorded tours and scans. Under such passive formu-
lations, the task increasingly resembles route planning and
feasibility assessment; following prior work [5, 34], we still
Vision-Language Navigation (VLN) studies how an agent refer to this setting as navigation.
follows natural-language instructions using grounded vi-  Our goal—benchmarking VLM navigation validity un-
sual observations to traverse an environment and reach aer explicit mobility constraints—bene ts from global ob-
goal [2, 67]. Since the introduction of Room-to-Room servation, since it allows models to reason about traversabil-
(R2R) [2], which casts indoor navigation as step-by-step ac-ity and alternative routes across the entire scene while iso-
tion selection on a sparse connectivity graph, a wide rangelating embodiment constraints from exploration and exe-
of datasets and benchmarks have expanded VLN along mulcution noise. We further adopt a graph-based spatial ab-
tiple axes. Indoor instruction-following has been scaled in straction [2, 26] to support pluralistic solutions and en-
path length, diversity, and grounding density (e.g., R4R [22] able ne-grained evaluation of path feasibility and validity.
and RxR [26]); broader urban/street settings have alsoThis complements existing VLN benchmarks by enabling
been explored (e.g., TOUCHDOWN [9], StreetLearn [35], structured, capability-conditioned comparisons across real-
CityLearn [7], CityWalker [33], Talk2Nav [53]). Other world environments and embodiments.
benchmarks couple navigation with object grounding or L . . .
task execution (e.g., REVERIE [39], ALFRED [48], Ob- 2.2. Navigation with mobility constraints
jectNav [3], EmbodiedBench [64]), while newer efforts Past navigation research has modeled a wide range of mo-
probe long-horizon and open-ended embodied behaviorsbility constraints, including accessibility for wheelchair
(e.g., GOAT-bench [24] and NavBench [40]). users [15, 43, 65], assistance for people who are blind or
Beyond task variants, VLN benchmarks differ in their low vision [13, 36, 55], and robotics embodiments such as
observation and interaction assumptions. The canonicalquadrupeds[19, 27, 32], humanoids [10], and vehicles oper-
setting is interactive: an agent explores incrementally, re- ating over varied terrain [23, 29]. Some works also consider
ceiving egocentric observations and accumulating spatialsettings where multiple mobility pro les co-exist, either
knowledge step-by-step. In contrast, a passive formu-through simulator diversity [58—60] or by modeling user
lation provides global context, such as panoramic scanspreferences [28]. Collectively, these studies highlight that
or pre-recorded videos, aiming to evaluate high-level spa-embodiment constraints materially change feasible routes
tial reasoning while reducing confounds from exploration and navigation strategies.
and low-level control. For example, VideoNavQA [5] re- However, most evaluations remain siloed—focusing on
places interactive navigation with oracle trajectory videos a single embodiment, environment family, or constraint
to isolate embodied visual reasoning; NRNS [18] learns type—making cross-embodiment comparison dif cult on
image-goal navigation from passive roaming videos with- matched tasks. Recent efforts begin to address this gap:
out online RL or a simulator; and PONI [42] trains an VLN-PE (introduced with a holistic study of physical and
object-search module interaction-free from of ine semantic visual disparities) enables systematic cross-embodiment
maps. OpenEQA [34] further supports an episodic-memory evaluation in a physically grounded simulator setting [54];
(video) setting that evaluates spatial memory and reasoningNaviTrace [56] evaluates embodiment-conditioned naviga-

2.1. Vision Language Navigation and Benchmarks



tion via 2D trace prediction in real-world images; and target node (e.g., “From the wooden cabinet in the entrance
VAMOS [6] introduces an affordance-grounded hierarchi- foyer, go to the desk area in the master bedroom.”). For-
cal planner to modulate plans by embodiment capabili- mally, each goal can be expressed as a directed pair:
ties. Nonetheless, existing benchmarks either emphasize

simulator-centric embodiment effects or cast the problem t(Vsreidsie) T (VoqgriChgt); Vre; Vigt 2V
gs_trace/plgq predictiqn without explici_tly_va!idating pIur_aI— where & and g denote the source and target nodes in V,
istic, capabllltyjcondltl.or?ed rogte fea5|b|llty in complex N~ and d,. and dy are their corresponding natural-language
door spaces with realistic navigation obstacles (e.g., mu'“'descriptions specifying the precise starting and ending po-

oor transitions, bottlenecks, and accessibility-speci ¢ af- sitions within those nodes (e.g., “at the wooden cabinet

fordances). in the entrance foyer”, “beside the desk area in the mas-

ter bedroom”). This representation captures both the high-
3. The CapNav Benchmark level spatial nodes and the ner-grained textual localization

We introduce Capability-conditioned Navigation (Cap- Nneeded for realistic indoor navigation reasoning.
Nav), a benchmark for assessing how well can VLMs nav-
igate in built environments given particular physical capa- Agent Proles We specify the mobility capabilities a

bilities. with ve distinct but representative agent pro les that cover
human mobility and common robot platforms. Adult with
3.1. Problem Statement no motor disabilities represent a default condition where
In the CapNav task, each query instance is de ned by a allindoor routes can be achieved; Wheelchair users cannot
Space—Task—Capability triple use stairs and require clearance for passing and turning; Hu-
manoid robot cannot go up/down stairs and require clear-
hS; ;ai; ance for passing; Sweeping robots require a at oor sur-

face; Quadrupedal robots can traverse most indoor spaces
where the space S is represented by a touring video and aut cannot operate doors/elevators.
set of key spatial nodes; is a natural-language navigation  Each prole is described by a capability json a =
goal specifying the source and target locations; and ais an(: : ), where captures the physical footprint; cap-
agent pro le encoding physical dimensions and operational tyres vertical traversal limits, including vertical height of a
abilities. Given hS; ; ai, a vision language model produces single obstacle, and whether the agent can cross continu-
ous stairs; and captures operation/manipulation abilities.
;P =1 (Sisa); These attributes directly affect traversability on edges E and

where $ 2 f0; 1g denotes task feasibility (CAN / CANNOT on overall tasks . See Figure 4 for examples.

ing the proposed navigation path, and "is a concise ratio-
nale explaining infeasibility when $=0.

This formulation enables CapNav to holistically evalu-
ate a VLM's capability-aware navigation ability. We assess
performance from four complementary aspects: (i) naviga-
tion feasibility, (ii) path validity, (iii) traversability accu-
racy, and (iv) reasoning quality for infeasible cases.

Traversability is manually annotated per-task and per-agent
type. They are binary labels at the edge level, allowing mul-
tiple possible routes and providing more precise reasoning
if a route is not traversable. For each navigation task
and embodiment a, annotators iterate through each possi-
ble simple path that connectgand vy in G, and assign

géa) 2 f0;1g; to each edge e on these paths, indicating
whether e is passable under a given local spatial geome-
{ry and mobility capabilities. Reasons for non-traversability
re annotated as text descriptions (e.g., “cannot go up/down
tairs”). The annotation Ul visualizes 3D colliders match-
ing and supports manually controlled moving/turning to

Space. Each space S is a scanned 3D indoor environmen
comprising multiple interconnected rooms. As discussed in
subsection 2.1, we provide spatial information as a rendere
touring video X = fxgL; . To better ground the naviga-
t?o_n to language description, we ma_nually create a Connec'verify clearance and turning space (Fig. 3).
tivity graph G = (V; E) over semantically meaningful spa- Given per-edge labels, we can then de ne the feasibil-
tial nodes (e.g., kitchen, entry foyer, hallway) and edges that. '

denote directl kabl " betw th d At|ty ground truth for a task (s; g) as the existence of at least
denote directly walkable connections between the nodes. Al,,q simple path (an acyclic sequence of distinct nodes)
inference, we only provide the video and the node list.

P (Vsrc; Vigt ) that connects & and vy in G, where all

edges are traversable:
Task. A navigation task is a natural-language instruc-

tion specifying a movement goal from a source node to a y’=19 P (Vsre; Vigt ) :8(u; V) 2P; g ES;)\/) =1 ;
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