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Abstract

Spatial embodied intelligence requires agents to actively
acquire missing information rather than passively consume
complete observations. While multimodal foundation models
excel at passive perception and reasoning, their ability to
support active, self-directed exploration to build and main-
tain a coherent spatial belief remains unstudied. We there-
fore propose THEORY OF SPACE, defined as an agent’s abil-
ity to construct, revise, and exploit a spatial belief through
self-directed active exploration under partial observability.
We implement THEORY OF SPACE using a benchmark with
textual and visual environments. Rather than solving specific
tasks, the goal is curiosity-driven exploration to build a com-
plete, accurate spatial belief. A core innovation is spatial
belief probing: we prompt the model to reveal its internal
cognitive map at each step, letting us measure its spatial
belief quality. Our evaluation of state-of-the-art models
on a suite of downstream tasks reveals critical bottlenecks:
(1) The Active-Passive Gap: Performance degrades when
agents must autonomously gather information (e.g., GPT-
5.2: 57.1-46.0); (2) Inefficiency: Models explore in an
unsystematic way and with high redundancy, failing to match
the efficiency of program-based proxies while producing no
better results. Through belief probing, we diagnose that
perception acts as an initial bottleneck, yet global beliefs
suffer further from instability that causes spatial knowledge
to degrade over time. Finally, a false belief paradigm reveals
Belief Inertia: agents fail to overwrite obsolete priors, an
effect especially severe in vision-based models'.

1. Introduction

Spatial embodied intelligence relies on active exploration.
Unlike disembodied systems that passively process fixed
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observations, an embodied agent could take actions to alter
its position in the environment as exploration, selectively
acquiring observations needed to construct spatial knowl-
edge for various spatial tasks. Cognitive science shows that
such active exploration leads to substantially better spatial
understanding than passively receiving the same informa-
tion, even when observations are identical [9, 10, 21]. But
exploration isn’t simply about collecting more observations.
It is about efficiency, acting under uncertainty to target what
is unknown or ambiguous in the agent’s spatial belief and
maximize information gain.

We propose THEORY OF SPACE as a framework that ex-
plicitly treats exploration as a first-class decision-making
problem, decoupled from any single downstream task, focus-
ing on opening the box of the agent’s internal spatial belief.
Just as Theory of Mind (ToM) measures how agents model
the hidden mental states of others, THEORY OF SPACE as-
sesses an agent’s ability to model the hidden physical struc-
ture of the world. We define THEORY OF SPACE as an
embodied agent’s ability to actively construct, revise in a
dynamic environment, and exploit an internal spatial belief
formed through active exploration. Beyond end-task eval-
uation, THEORY OF SPACE directly probes what the agent
knows, what remains uncertain, and how effectively its ac-
tions reduce those uncertainties, measured by the number
of exploration steps and the uncertainty resolved per action.
Figure | provides an overview of THEORY OF SPACE’s ac-
tive exploration, belief probing, and end-task evaluation.

We apply THEORY OF SPACE to evaluate multimodal lan-
guage models, which are promising candidates for embodied
agents. By integrating vision and language, they support
unified perception, reasoning, and action over time, yet ex-
isting foundation-model benchmarks offer little insight into
these capabilities. Most current benchmarks fall into two cat-
egories: passive [16, 44, 53, 58, 60], where the agent is only
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Figure 1. THEORY OF SPACE: active exploration, belief probing, and evaluation. Left: Agent trajectory under partial observability.

Middle: Action loop across text/vision environments with egocentric observations. Right: Evaluation via spatial task exploitation and

cognitive map probing.

asked to reason over given observations, and task-driverintroduce a False Belief paradigm that alters the environ-

[19, 30, 46, 59], where the agent must achieve a speci ¢ ment after initial exploration, uncovering spatial belief in-

goal (e.g., “ nd the red chair”). ertia: agents persistently retain obsolete spatial priors even
We propose to systematically evaluate the active processafter directly observing the updated con guration, revealing

of spatial belief construction. Unlike passive benchmarks, a critical failure in spatial memory revision.

our THEORY OF SPACE benchmark requires agents to ac- An important direction for future work is to extend THE-

tively explore via moving, rotating, and observing to build ORY OF SPACE beyond single-agent settings to multi-agent

coherent global beliefs. We implement a scalable environ-exploration, where additional challenges arise around co-

ment using ThreeDWorldlfl] and Objaversel[2] with text- ordination and aligning (or sharing) spatial beliefs across

based and vision-based worlds to localize perception versusagents.

reasoning failures. After exploration, we evaluate along

two axes: belief exploitation via spatial downstream tasks 2. Theory of Space

probing route-level and survey-level knowledgss,[47],

and exploration ef ciency via steps taken and information

gain over time. We further design scripted proxy agents to directed construction of spatial belief from partial obser-

disentangle exploration from reasoning. Our evaluation of —__. .
g P 9 vations. We introduce THEORY OF SPACE, a conceptual

state-of-the-art foundation models reveals promising capa- . .
bility in the text world but striking limitations in the vision counterpart to Theory of Mind (ToM). While ToM models

world. Active exploration remains a primary bottleneck: hidden mental states of others, THEORY OF SPACE models
: . ' uncertain, currently unobserved structure of space.

models perform reasonably well passively but degrade when

actively gathering information (e.g., GPT-527:1 ! 46:0 ;

GEMINI-3 PRO:60:5 ! 57:3 ). Moreover, we also nd a Ability to construct, revise, and exploit an internal

major ef ciency gap: rule-based proxy agents reach target]  gpatial belief.

coverage in9 steps, whereas foundation models explore

redundantly, requiringl4 steps without improving belief

accuracy.

Beyond downstream task scores, a core contribution of
THEORY OF SPACE is explicit cognitive-map probing,
which directly exposes the agent's evolving spatial belief
during exploration rather than treating the model as a black
box. This enables ne-grained diagnosis of how models
represent space, revealing that while perception acts as aklVe propose a new paradigm for Assessing THEORY OF
initial bottleneck, global beliefs further suffer from insta- SPACE of large foundation models, which consists of three
bility, causing knowledge to degrade over time. We also essential components below.

To build agents with spatial intelligence, we argue for eval-
uating not merely passive reasoning, but the active, self-

Here, an internal spatial belief is a mental modelq)
of spatial layout and relations maintained in working mem-
ory and updated from partial observations. We provide the
formal de nition of THEORY OF SPACE in Appendix A.1.
2.1. A Paradigm for assessing HEORY oF SpPAcEOf
Large Foundation Models



Task-Agnostic Active Exploration. Evaluating THEORY  3.1. Spatial Environment Construction

S)Fei Pﬁ)(?:tiroeguvl\:ﬁzg ?Egt;r%r:t?j%vzaségev%?aﬁzkszc;ﬂzi“c\)/?/él'o ensure controlled experimentation, we procedurally gen-

P T 9 . " ' erate multi-room indoor layouts on & M grid. Each
place the agent in a partially observable environment and . o . )

. : ; . : scene is populated with indoor objects, each assigned a

challenge it to actively select actions (moving, rotating, ob- . A . . .
serving, and terminating) to build a general-purpose internal 2D integer coordinate and a cardinal orientation froing,
s atialgr,nodel through s?alf-directed gx IoraticF))n ?I'his rocess E, W. The agent begins at a random position, is informed of
egcompasses bottheIief COﬂStI’UCtiO?\ and Bélief Repvision the total number of rooms and the names of all objects in
Inspired by the false belief paradigm in Theory of Mirid] the scene, and then starts exploration. Following the Gym-

) . - style interface §], we de ne highly scalable environments

and spatial bel!ef revisioref], we evaluate whether agents .in which each random seed deterministically instantiates a
can detect environmental changes and correctly revise thelrdistinct multi-room lavout
internal beliefs during exploration. The agent must identify Action Space in tze Iénvironment The agent's in-
what' remaips uncertain and terminate'only upon vaUiringteraction with the world is designed t6 focus on high-level
suf C|gnt ewder?ce.to form an accurate internal map. decision-making rather than low-level motor contr@loto

Belief Exploitation Assessment. To translate THEORY to move directly to a currently visible objed®otate  to
OF SPACE into concrete evaluation tasks, we draw insightsturn in place by90 : 180 ; or 270 ; Observe to perceive
gﬁ?;gig?ﬁﬁ?& nIOO:nSé):St:?rlerZ?]rzszr:?;'(;ﬁﬁi tg?o eX_visible objects in th®0 eld of view; and Query to obtain

L : ; gent: Y 10 €X-4 visible object's absolute 2D coordinates. We additionally
ploit its internal belief for goal-directed behavior: (1) Belief assign a cost of 1 @bserve and 2 toQuery , encouraging
on unte evaluates a path-based under; tapdmg OT Spac‘?)uery to be used only when necessary to resolve ambiguity.
organized around landmarks such as pairwise spatial relaHowever across all mode@uery is rarely invoked, so we
tionships along a egocentric havigation; (2) Belief on Survey ' '

SR S only focus onObserve and measure exploration ef ciency
assesses a map-like “bird's-eye view” that represents spac

) ; ) . eoy step count instead of cost.
:Iriiopc:ntncally, allowing for the inference of global relation Observation Eeedback from a Text-Vision Parallel

Explicit Probing of the Internal Spatial Belief. Be- Environment. We offer both text- and vision-based envi-

havioral success cannot directly reveal the quality of an ronments, enabling diagnostic analysis of spatial reasoning.
. . y q y EachObserve action returns both textual and visual feed-
agent's internal spatial model. We therefore require the

. o . L0 back from a90 eld of view. The Text World provides
agent to explicitly externalize its belief by probing its cog- ; ; o . L
e . symbolic observations with discrete bins for direction and
nitive map at each turn. Cognitive maps are structured allo-: G N .
: . . . distance (e.g., “chair is front-left and near”, detailed be-
centric representations of space, well-established in neuror

. : low), isolating pure spatial reasoning. The Visual World
science PO, 38, 50], and serve as our canonical representa-. - . . .
: . ; instead supplies ego-centric RGB images rendered in Three-
tion of hidden spatial structure. We evaluate map correctnes

. . ) S . Dworld [14] with Objaverse asset§ ], requiring perception
and diagnose reasoning with dynamic signals capturing how : : ! S
) . . . to recover spatial relations. To calibrate perception in the
reliably observations are integrated, tracked over time, and_. . . . S
visual setting, we provide two reference images, indicating
kept coherent across local and global structure. We further’ .~ . ) : )
. ) - . .. unit distance 1 grid unit) / angle (22:5 angular cone), and

probe uncertainty modeling by requiring the agent to identify . . , e o . ;

. . . . : showing all objects with their “front” orientation respectively.
unobserved regions. This shifts evaluation from behavioral

4 . Details are shown in Appendix B.1
success to a direct assessment of representational compe- . . .
tence Spatial Relation Representation. To ensure that agents

perceive and communicate about space using a consistent

3. Benchmarking Theory of Space Ability for language across tasks and modalities, we discretize spatial
Foundation Models relationships for directions and distances. For allocentric

direction, we discretize into eight5 bins aligned with
Unlike task-driven benchmarks that only test task comple-the four cardinal and four intercardinal directions, denoted
tion, we aim to answer “can the agent form a global envi- compactly asfN; NE; E; SE; S; SW;W; NWg Each bin
ronmental belief through exploration?”. We structure the spans45 around its heading (e.gN = [22:5 ;22:5)).
benchmarking into two phases. In the Exploration Phase |, For egocentric direction, within a90 forward eld
the agent interacts with the environment to construct spatialof view (FOV), we use ve labels: front-left

belief by selecting and executing actions in the action space[ 45 ; 22:5 ), front-slight-left [22:5 ;0),
in x 3.1, and gather a sequence of local observations to infront 0 , front-slight-right (0;22:5 ], and
tegrate them into a uni ed spatial belief. In the Reasoning front-right (22:5 ;45 ]. For distance, measured in

Phase Il, the agent is asked to conduct spatial tasks (detailedmap units independent of direction, we de ne six bins: same
inx 3.2). = 0, near (0; 2], mid (2; 4], slightly far (4; 8], far (8; 16],



and very far (16; 32]. 3.4. Exploration Strategies

To rigorously evaluate spatial cognition, we distinguish be-
tween two capabilities: the ability to acquire information
We use open-ended questions rather than multiple-choicgexploration) and the ability to synthesize it (reasoning).
questions to reduce the risk of knowledge leakage. Drawingwe present two evaluation settings: (i) Active Exploration,
on prior work [36, 47], we de ne tasks to evaluate an agent's where the agent must plan actions to reduce uncertainty, and
Route and Survey knowledge. Route belief captures how (ji) Passive Comprehension, where the agent reasons over
an agent encodes paths and spatial relations from an egoceRtandardized logs generated by scripted proxies.

tric step-by-step perspective. Survey belief is a map-like,  yncertainty-Driven On-Policy Exploration. We con-
allocentric representation. Under route belief, the static gyt active evaluation to understand agent ability in explor-
task requires reporting direction and distance between tWojng the environment to gather necessary information in
objects (direction); forward dynamics tasks ask the model pjjiging spatial belief. In this setting, the evaluated agent
to adopt an object's perspective (persp.take) or predict they st plan and execute its own information-gathering pol-
nal observation after executing@oto /Rotate  sequence jcy. At each step, the agent selects an action based on its
(act2view); backward dynamics tasks infer which perspec-gpservation history and current objective, then receives new
tive is currently adopted (perc.dec) or recover the action gpseryations (text or image). Exploration continues until the
sequence yielding a target observation (view2act). Underagent issues an exploration termination or reaches the step
survey belief, the static task reconstructs global coordinates j,,qget. Success requires balancing two goals: maximizing
for all objects (alloc.map); forward dynamics tasks predict ¢qoyerage of unknown relations while minimizing action cost.
front-facing objects during a full self-rotation (ment.rot) or - Thjs setting directly reveals whether the agent can recognize

infer the observation from a given global pose (loc2view); yhat it does not yet know and actively reduce uncertainty
the backward dynamics task localizes the agent from a targethrough exploration.

observation (view2loc). Details of these downstream tasks Passive Exploration via Scripted Proxy Agents. Eval-
are shown in Appendix A.2.

3.2. Downstream Spatial Tasks

uating THEORY OF SPACE also requires disentangling ex-

3.3. Assessment Dimensions ploration quality from spatial reasoning ability. To isolate

) ) ) ) the latter, we introduce proxy agents that supply a xed ob-
We de ne assessment dimensions that align with the coregeyation stream to evaluated models, eliminating variance
THEORY OF SPACE abilities: construction and revision are  fom exploration failures and enabling fair comparison of
evaluated via exploration ef ciency and belief quality, while e reasoning across architectures. We design two scripted
exploitation is evaluated via task success. The detailed yroxies: ScouT (visual environments) rotates exhaustively
de nition of assessment dimensions is shown in 8A.3 at each location to ensure full object coverage, and STRATE-

(D1) Belief Construction Ef ciency. Measures how st (text environments) follows a belief-driven viewpoint

possible object positions, ranging from 0 to 1).

Belief Representation and Quality Assessment. We de-
compose the cognitive map into: (D2) Cognitive Map (Ob-
served), measuring delity and coherent integration of obser- We evaluate a set of state-of-the-art proprietary and open-
vations, evaluated via Correctness (composite of positional source foundation models. They are evaluated on both pas-
directional, and facing accuracy) and dynamic diagnostics;sive and active settings described in § 3.4. Unless otherwise
and (D3) Uncertainty Map (Unobserved), measuring how  speci ed for ablations, all experiments use three connected
well the agent identi es unobserved regions, evaluated viag 6 rooms with4 objects in each (total2 objects). To
F1 of selecting unexplored over candidate positions. enable a like-for-like comparison between the text and vi-

(D4) Belief Revision. Measures the agent's ability to sion settings, we instantiate identical room layouts across
revise spatial beliefs under covert environmental changesmodalities. We us&84 384 images in the vision set-
Evaluated via the False Belief task (85.2), scored by de-ting. We generate 100 scenes and create three questions per
tectionF; (identity and transformation type), with Belief task per scene, yieldingy 9 100 = 2700 questions per
Inertia quantifying bias toward obsolete priors. setting. We mainly evaluate six foundation models: GPT-

(D5) Belief Exploitation Success. Measures task success 5.2 [39], GEMINI-3 PRO [L8], CLAUDE-4.5 SONNET P],
when the agent must utilize its spatial belief. Relation-basedGLM-4.6V [64], QWEN3-VL [3] (235B-A22B-Thinking),
tasks (direction, perspective-taking, action2view) score di-and INTERNVL-3.5 1] (241B-A28B). For closed-source
rection and distance separately (0.5 each); coordinate-outputeasoning models GPT-5.2, GEMINI-3 PRO, and CLAUDE-
tasks (view2loc, alloc.map) use coordinate similarity. 4.5-SONNET, we set the temperatureltand the maximum

4. Evaluation and Analysis



number of tokens t82768 For all other models, we set
the temperature to 0. INTERNVL-3.5 supports at mt3t
images, so we omit it for the vision-based world setting.

Active Exploration Results. We evaluate models as
active agents, where they must autonomously explore the
environment to build their spatial belief and terminate the
exploration process by their own. This setting tests the full
THEORY OF SPACE pipeline, requiring the agent to simul-
taneously plan an ef cient information-gathering trajectory,
integrate observations, and maintain a coherent cognitive
map under uncertainty. The agent's performance is mea-
sured by its Exploration Ef ciency as shown in § 3.3 and its
nal accuracy on the downstream spatial tasks. The agent
has a maximum o20 exploration steps. Table 1 presents Figure 2. Accumulated information gain over exploration steps
the active performance of the models, providing a holistic in the text world.
view of their ability to translate curiosity into knowledge.
Figure 2 illustrates information gain over the course of the more actions with no performance bene t. In the text do-
exploration turns. GPT-5.2 acquires substantial information main, we also conduct an extra experiment following the
early on, but its rate of gain slows in later turns, resulting ScouT trajectories (9 steps), and GPT-5.2 and GEMINI-
in lower cumulative information gain than GEMINI-3 PRoO 3 PRO achieve accuracies&8:9and86:7, surpassing their
and CLAUDE-4.5 SONNET. Moreover, none of the models active exploration score§2:0and81:5 Table 1). This con-
achieves full coverage relative to the proxy agent. We bench-rms that models perform better when guided by ef cient
marked three human subjects across ve text and ve vision proxy paths than when exploring autonomously.
scenes. Humans consistently outperformed foundation mod- Different Room Settings. For the two best-performing
els in both domains, particularly in vision. Intuitively, hu- models, GPT-5.2 and GEMINI-3 PrO, we further evalu-
mans scored higher in vision than text as visual information ate performance under multi-room con gurations (one four-
is easier to process. With tools, they achieved near-perfectoom and two three-room settings). As shown in Table 2,
accuracy. performance declines and the active—passive gap widens as
. . room count increases. Notably, GEMINI-3 PRO requires
Passive Exploration Results. We evaluate models on nearly the same exploration steps in text-only and vision-

trajectories generated by rule-based proxy agent to underk')ased environments. Detailed results are in Appendix C.2.

stand a model's core spatial reasoning ability regardless of

its exploration strategy. The last column of Table 1 reports
the average performance of each model in both text-basec « Performance Gap: Active agents show weaker
and vision-based environments. The detailed eXperimen‘ performance and less ef cient exp|oration.

tal results are shown in Appendix C.1. As evaluated, the

results show a clear separation: GPT-5.2 and GEMINI-3
PRro lead by a wide margin over other systems, particularly

« Incomplete Coverage: Active agents do not
reach full coverage.

open-source models. A substantial modality gap persists, » Complexity-Widened Gap: The active—passive
with text performance far better than vision performance for gap widens with scale
all models.

Key Findings: Modality Gap Exploration Pattern. Manual inspection reveals distinct
behavioral patterns. GPT-5.2 explores unsystematically,
prioritizing newly discovered doors and leaving rooms par-
tially unexplored, resulting in object omission and path re-
dundancy. GEMINI-3 PRO adopts a methodical “rotate-and-
scan” strategy before transitioning between rooms, mirroring
the ScouT proxy agent. Further examples are provided in
Appendix D.2.

» Modality Gap Exists: text signi cantly outper-
forms vision.

Overall, active accuracies underperform the passive set
ting. As shown in Figure 2, models such as GPT-5.2 gather
information quickly but terminate prematurely, leaving un-
resolved uncertainty. Compared to the STRATEGIST proxy,
which achieves full certainty, autonomous models remain
less thorough. A second disparity is ef ciency. In the vi-
sion domain, the ScouT proxy reaches target coverage in

9 steps, whereas autonomous models expend signi cantly
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Static (S) Dynamic (D) Static (S) Dynamic (D)
Methods Avg.step Route Survey Avg. |Pass. Avg
Vision-based World
Proprietary Models
GPT-5.2 17.2 40.0 36.7 56.2 438 403 434 59.7 56.9 8 46.0 57.1
GEMINI-3 PRO 13.6 56.3 36.7 682 472 54.0 635 73.0 654 57.3 60.5
CLAUDE-4.5 SONNET 19.6 237 233 187 333 107 374 347 337 9 29.6 43.1
Open-source Models
GLM-4.6V 15.0 15.8 185 3.3 14.0 0.7 18.9 8.0 18.5 3| 144 16.7
QWEN3-VL 16.3 16.8 233 134 248 5.7 258 16.3 215 7l 21.3 249
HUMAN 9.8 94.5 100.0 100.0 100.0 93.4 93.4 100.0 100.0 86.7 96.4 -
HUMAN WITH TooL? 111 100.0 100.0 100.0 100.097.8 100.0 100.0 100.0 93.4 99.0 -
Text-based World
Proprietary Models
GPT-5.2 114 68.8 705 803 71.0 537 779 810 79.1 0 72.0 90.4
GEMINI-3 PRO 135 780 79.2 906 753 763 81.0 940 833 81.5 86.5
CLAUDE-4.5 SONNET 18.7 653 653 79.0 627 517 68.8 76.3 57.0 .0 65.9 73.6
Open-source Models
GLM-4.6V 145 208 19.7 127 218 3.7 139 93 227 2| 16.8 23.4
INTERNVL-3.5 15.0 288 448 260 368 7.3 31.0 27.7 338 3| 30.6 37.4
QWEN3-VL 14.1 323 457 482 333 117 36.4 347 357 9 36.8 45.6
HUMAN 10.8 87.8 821 100.0 855 86.8 66.6 100.0 95.6 75.¢ 86.7 -
HUMAN WITH TooL? 12.8 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.091.2 99.0 -

Table 1. Exploitation Performance $o) of Belief Construction via Active Exploration. Models autonomously plan actions and are
evaluated on exploration cost and reasoning across text- and vision-based environments. GEMINI-3 PRO leads almost every task. Humans
outperform in both settings, especially in visidiHumans can use instruments such as protractors and compasses to infer object positions

precisely. We also include passive (pass.) results here for comparison.

Text-based World

Methods 2-room 4-room

pass. act. stepg pass.  act. steps
GPT-5.2 923 778 6.2 86,5 66.0 16.4
GEMINI-3PRO  86.7 80.6 6.2 812 777 197

Vision-based World

Methods 2-room 4-room

pass. act. stepg pass. act. steps
GPT-5.2 59.3 515 10.8 52.6 403 23.2
GEMINI-3 PRO  58.3 57.8 6.6 | 56.2 51.5 19.7

Table 2. Exploitation Performance $6) for Multi-Room Settings
(2-room and 4-room). pass. for passive avg acc, act. for active avg
acc, steps for average steps.

Figure 3. Internal Spatial Belief Probing. At each step, the agent
executes an action, receives an observation, and updates its spatial
belief. We probe this belief by prompting the agent to (i) output
In this section, we use the THEORY OF SPACE belief-probing a JSON-structured cogr_ﬂtive map of all observe_d objgcts and (ii)

' select unexplored positions from a top-down view with labeled

mechanism (as proposed in §2.1) to diagnose how MLLMs . - jidate points.

manage internal spatial beliefs and move beyond treating the

agent as a black box. Figure 3 shows the example of how we Representation. For cognitive map, the agent presents

probe the belief of agent at each exploration step. its belief as a single, allocentric cognitive map serialized
» ) in structured JSON. The map maintains (i) a global layout

5.1. Cognitive Map Probing anchored to the agent's initial pose, and (i) a local snapshot

Instead of treating the spatial belief as a black box, we probethat records only the currently visible objects with the current
the agent's internal state to distinguish verifying known facts pose as origin to diagnose immediate perceptual errors.
from hypothesizing about the unknown. The agent external- Metrics. We evaluate cognitive maps along three axes:
izes its belief via a structured JSON containing a Cognitive positional accuracy (Euclidean similarity between predicted
Map, which records observed objects. and true coordinates, scaled by object coverage), directional

5. How do Foundation Models Manage Internal
Spatial Belief?
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