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Fig. 1: We advance spatial supersensing beyond household object mod-
eling to world modeling across three anchors—agent, object, environ-
ment—using long-form, in-the-wild videos from diverse real-world scenes.

Abstract. Humans can efficiently parse continuous sensory streams,
from hours to years, scaffolding an internal world model that grounds
spatial reasoning and prediction. To mimic this capacity, spatial super-
sensing [59] challenges multimodal models to move beyond linguistic un-
derstanding toward true world modeling. However, their benchmark re-
lies on synthetic long videos—formed by concatenating random short
clips—and is mostly limited to household scenes, leaving real-world con-
tinuity and diversity underexplored. To address the gap, we introduce
VSI-Super-Wild, a large-scale spatial supersensing benchmark built
from genuinely long, in-the-wild videos across diverse scenarios. Notably,
inspired by cognitive studies on how humans structure experience, we
systematically probe the full triad of world state: the agent (observer),
objects (scene items), and the environment (places and global layout).
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In total, VSI-Super-Wild comprises 442 real-world long-form videos
across 8 scene categories and 6,980 human-verified question-answer pairs.
Evaluating multimodal models on VSI-Super-Wild exposes a funda-
mental disconnect: despite advances in static image understanding, mod-
els consistently fail at tasks that require coherent world-state tracking
over time. We characterize how performance degrades with world-state
complexity and temporal horizon, and diagnose four failure modes: spa-
tial collapse, semantic shortcuts, insufficient update, and instance con-
fusion. This taxonomy reveals that models lack the mechanisms to bind
objects, agents, and environments into a unified spatial world model—a
fundamental gap that defines the path forward for spatial supersensing.

Keywords: Spatial Supersensing · MLLMs · Video Understanding

1 Introduction

Humans bind what we see (e.g ., objects and places) with what we do (e.g ., ego
motion and actions) into a unified world model from continuous visual experi-
ence, enabling us to answer, days or months later, where we left our keys or
whether we turned off the stove [22, 23]. Cognitive science suggests that this
capability does not arise from recording a complete, verbatim stream of visual
input, but from constructing and maintaining internal representations that in-
tegrate external information (e.g ., object features and environmental geometry)
with self-related information (e.g ., ego pose and motion), thereby modeling how
the world evolves over space and time [5, 10,11,45].

How close are existing multimodal large language models (MLLMs) to build-
ing internal world models from streaming visual inputs? Despite rapid progress
on video benchmarks, many tasks can still be solved with sparse-frame evi-
dence, local matching, or textual priors—leaving true world modeling unex-
plored [9,24,27,30,37]. To push beyond language-only understanding, Cambrian-
S introduces spatial supersensing [59]: the ability of MLLMs to construct, update,
and predict with an implicit 3D world model from continual sensory experience.
Its benchmark, VSI-Super, defines two challenging tasks, i.e., spatial recall
(VSR) and continual counting (VSC), to test whether MLLMs can construct
and maintain world states across long horizons and changing viewpoints.

Despite its pioneering contributions, VSI-Super leaves several key dimen-
sions of spatial supersensing underexplored. First, it predominantly includes
household scenes, with limited exposure to in-the-wild diversity [63]. Second,
its long videos are synthesized by concatenating random short clips with in-
frame editing, departing from fully natural sensory streams. Third, it emphasizes
object-centric probing while underrepresenting agent- and environment-centered
aspects of world state. These limitations motivate a new benchmark moving spa-
tial supersensing toward real streams, real scenes, and full world-state coverage.

To bridge these gaps, we introduce VSI-Super-Wild, a large-scale video
benchmark for evaluating spatial supersensing in the wild. It comprises 442 real-
world videos (up to 4+ hours) across 8 scene categories, with 6,980 human-
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verified Q&A pairs. As illustrated in Fig. 1, VSI-Super-Wild advances beyond
prior work along two axes: real-world diversity and world-state coverage.

– For real-world diversity, we curate long-form in-the-wild videos spanning
diverse scene categories, camera movements, and object semantics—with
natural continuity and no generative editing or clip concatenation.

– For world-state coverage, we broaden evaluation beyond objects through a
cognitively grounded, multi-anchor design inspired by neuronal vector cod-
ing [8]. We view spatiotemporal world states as organized around three com-
plementary anchors—agent, objects, and environment.

Specifically, VSI-Super-Wild includes four tasks that target different anchors
of world state: VMR (motion orientation recall) probes the agent by testing
camera motion orientation; VPO (place temporal ordering) probes the environ-
ment by testing memory of place order under varying viewpoints; VOO (object
temporal ordering) probes objects by requiring temporal reasoning about when
specific items appear; and VOC (continuous object counting) integrates across
anchors by requiring persistent tracking of objects as the agent moves through
the environment. Together, these tasks require true world modeling that can
unify agent, object, and environment across space and time.

We evaluate 13 mainstream MLLMs on VSI-Super-Wild, where they ex-
hibit consistently weak performance—often near chance, suggesting that they
still struggle to maintain coherent, recallable world states under the real, diverse
in-the-wild settings. To pinpoint where this gap is most pronounced, we con-
duct quantitative analyses on task demands and temporal horizon. Across tasks,
models are relatively more reliable on object-centric state queries, but degrade
noticeably on queries that require stronger 3D spatial cognition about the en-
vironment or agent. Across temporal horizons, performance drops substantially
as videos become longer, indicating difficulty in sustaining world-state updates
over extended streams and a tendency for errors to accumulate rather than be
corrected with additional evidence. We further conduct qualitative error anal-
yses to understand why these failures occur, and observe recurring patterns
of spatial collapse, semantic shortcuts, insufficient update, and instance confu-
sion, reinforcing that today’s MLLMs often default to frame-level semantics and
lack stable spatiotemporal representations that support long-horizon reasoning.
Taken together, these observations suggest that progress on spatial supersensing
in the wild may hinge on more principled spatiotemporal world modeling—i.e.,
representations that move beyond frame-level semantics while remaining consis-
tent and coherent under long-horizon, continually updated streams.

In summary, our contributions are:

– In-the-Wild Video Benchmark. We curate 442 long-form videos across
8 scene categories, with 6,980 human-verified Q&As, providing a large-scale
benchmark for spatial supersensing in unconstrained, real-world settings.

– Multi-Anchor Task Suite. We design four cognitively grounded tasks that
probe world states beyond objects, spanning agent, object, and environment
anchors, to systematically evaluate implicit world modeling.
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– Diagnostic Insights. We benchmark thirteen mainstream MLLMs on VSI-
Super-Wild, delivering task- and horizon-wise quantitative analyses and
qualitative error diagnoses that expose recurring failure modes and identify
open challenges for spatial supersensing.

2 Related Work

Video Multimodal Large Language Models. Recent Multimodal Large Language
Models (MLLMs) signify a strategic paradigm shift from static image compre-
hension [1,19,29,34,66] to complex video streams understanding [16,21,28,65,67].
This modality shift from image to video naturally introduces temporality, cre-
ating growing demands for memory and streaming mechanisms that can retain,
update, and process information over extended visual sequences [20,42,47,56,64].
Organized as sequences of 2D frames, videos also push models beyond frame-wise
understanding and infer an underlying 3D spatial world, motivating recent ef-
forts on spatial understanding and reasoning [12,15,17,35,38,53,61]. Building on
progress in temporal modeling and spatial reasoning, several recent works have
begun to further explore whether MLLMs can model the world by constructing
and updating the world states over continuous visual experience [33, 59]. How-
ever, current validation of such world-modeling ability remains underexplored on
several key dimensions with simplified evaluation settings, leaving the need for
more rigorous evaluation of how MLLMs construct and update spatiotemporal
world states from real-world continuous visual experience.

Video Understanding Benchmarks for MLLMs. Existing video benchmarks for
MLLMs already span a broad landscape, including general video understand-
ing [24, 27, 30, 41, 46], long-horizon video evaluation [14, 50, 54], and 3D spatial
reasoning [26,31,43,49,57,58,62]. However, empirical results show that they still
highly rely on linguistic priors [44, 55, 60], and often answer QAs correctly by
semantic shortcut rather than establishing a coherent world representation [9].
VSI-Super therefore marks an important step by evaluating the spatial super-
sensing capability of MLLMs, which explicitly aims to reduce such shortcuts and
push evaluation toward implicit 3D world modeling and predictive world-state
understanding [59]. Yet several important dimensions remain underexplored, as
its evaluation primarily focuses on object-centric states, while its data are built
from relatively synthetic and scene-restricted settings rather than diverse real-
world continuous videos. These limitations motivate the need for a more rigorous
benchmark that evaluates MLLM world modeling over broader world-state cov-
erage and more diverse in-the-wild scenes.

World Modeling over Video Streams. World models, broadly understood as
neural systems that internalize and simulate the spatiotemporal dynamics of
the physical world, have recently gained renewed attention in both generative
paradigms [6, 40, 52, 61] and representation-learning paradigms [2, 7, 36, 39]. In
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Fig. 2: Overview of VSI-Super-Wild. We extend spatial supersensing from synthetic
indoor scenes to real-world, 360° outdoor environments with better data quality and
more task types. Our benchmark probes the agent-object-environment triad through
four tasks: VMR (motion orientation recall), VPO (place temporal ordering), VOO
(object temporal ordering), and VOC (continuous object counting). Together, these
tasks demand coherent world modeling across diverse, unconstrained scenarios.

parallel, large-scale pretraining could also endow MLLMs with knowledge about
spatiotemporal dynamics of the real world, and yet their capability of world
modeling has not yet been fully examined. Cambrian-S [59] takes an important
step in this direction by introducing MLLM-based predictive world modeling,
where models must construct and update world states over continuous video
streams. Nevertheless, several important dimensions remain underexplored, as
it primarily centers on object-level state modeling and synthetic long-video con-
struction. This raises a natural question: how should MLLM-based world mod-
eling be evaluated more comprehensively? Theories in cognitive science, such as
neuronal vector coding [8], suggest that biological spatiotemporal cognition is
organized around three anchors: the agent, the object, and the environment. This
perspective motivates the evaluation of world modeling in MLLMs with richer
world states and more diverse real-world scenes.

3 VSI-Super-Wild

To bridge the gap between existing benchmarks and the real-world spatial super-
sensing, we introduce VSI-Super-Wild, constructed from genuinely long-form,
in-the-wild videos. This section details the design and construction of our bench-
mark. We first motivate the four tasks (§3.1) through the lens of cognitive science.
We then describe the semi-automatic data curation pipeline with human-in-the-loop
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verification (§3.2) and present comprehensive dataset statistics that highlight the
scale, diversity, and complexity of VSI-Super-Wild (§3.3).

3.1 Task Motivation and Setup

To evaluate spatial supersensing in unconstrained settings, VSI-Super-Wild
is designed around the triad of world modeling: the agent, objects, and the en-
vironment. By leveraging genuinely long-form, unedited panoramic videos and
comprehensive tasks, our benchmark enables broader world state probing and
improved real-world diversity compared to prior benchmarks. We define four cog-
nitively grounded tasks to systematically assess how well MLLMs can construct
and maintain these specific world states.

VMR: Motion Orientation Recall. After observing a long video, VMR requires
MLLMs to infer the motion orientation relative to its viewing direction at a
queried moment, which is specified by the frame sampled there. Such task can-
not be solved by frame-level matching on the queried moment, since a single
frame is often insufficient to determine motion orientation. Instead, the model
must recall the latent world state at that moment to decode the corresponding
motion orientation. The VMR benchmark therefore probes spatial supersens-
ing by requiring implicit world modeling over long-horizon observations, without
which such implicit motion states cannot be reliably recalled.

VPO: Place Temporal Ordering. After observing a long panoramic video, VPO
asks the model to determine the temporal order of four query frames sampled
from different moments representing different places. Each query frame is yaw-
rotated to a different viewing direction, preventing trivial frame matching so-
lution. We construct VPO benchmark from panoramic videos so that these ro-
tations are lossless and realistic. With the same place presented under different
headings, VPO thus probes spatial supersensing by testing whether models can
maintain implicit, heading-invariant place representations and use them to re-
construct the observer’s experience over space and time.

VOO: Object Temporal Ordering. After observing a long video, VOO queries a
set of objects and asks the model to output their temporal order conditioned
on the queried occurrence type, i.e., the first or last time each object becomes
visible. Compared to the VSR benchmark in VSI-SUPER, VOO differs in two
key aspects: (i) it uses real, unedited object observations, whereas VSR relies on
generative, non-natural objects inserted via in-frame editing; and (ii) it explic-
itly requires distinguishing first-versus-last occurrences of queried objects within
a continuous stream. Consequently, VOO probes spatial supersensing by test-
ing whether models can perform self-updating world modeling—maintaining a
dynamically updated world state of object encounters over time and space to
support occurrence-conditioned queries.
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Fig. 3: Data construction pipeline of VSI-Super-Wild. We design a semi-automatic
pipeline including video collection, metadata generation, Q&A generation, with human-
in-the-loop verification.

VOC: Continuous Object Counting. After observing a long video stream, VOC
queries an object category and requires the model to output its unique-instance
counting number. This task follows the VSC setup in VSI-SUPER, but is in-
stantiated on real, unedited long in-the-wild videos, where the visual evidence
for counting is more natural and video streams are more coherent. Consequently,
VOC probes spatial supersensing by testing whether models can perform long-
horizon, self-updating world modeling that maintains a consistent latent state of
object counts over time and grounding it into an accurate numerical answer.

3.2 Dataset Construction

As shown in Fig. 3, the construction of our dataset follows a scalable, semi-
automatic pipeline with human-in-the-loop verification, consisting of three stages:
video collection, metadata generation, and question-answer generation. We de-
scribe each stage in detail below.

Video Collection. We crawl in-the-wild panoramic videos from YouTube span-
ning eight scene categories (culture & entertainment, industry, medical, office &
education, residential space, retail space, street view, and transportation hubs).
To ensure data quality, we manually filter the crawled videos and retain predom-
inantly egocentric and dynamic recordings. As panoramic videos are typically
stored in an equirectangular format, we project each panorama into four orthog-
onal perspective views (Front/Back/Left/Right) and treat perspective videos as
independent inputs for subsequent processing. Unless otherwise specified, the
term “video” hereafter refers to these perspective videos.

Metadata Generation. From each video, we generate temporal and spatial meta-
data to support downstream Q&A construction. First, temporal metadata cap-
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Fig. 4: Statistics of VSI-Super-Wild. The figure reports scene-category duration
statistics, object-frequency statistics from VOO/VOC tasks, video-count distributions
over duration bins for each scene category, object-concept frequencies, overall single-
video duration and QA task distributions, and QA task counts by duration bin.
tures object appearances over time by (i) video-specific candidate objects pro-
posed by human experts and an MLLM, (ii) filtering candidates with YOLO-
World [18] based on their temporal occurrence statistics, and (iii) applying
Segment-Anything-3 (SAM3) [13] to produce timestamped instance masks for
the retained objects. Second, spatial metadata consists of time-varying camera
poses estimated across the video using Depth-Anything-3 (DA3) [32].

Question-Answer Generation. Given the videos and their temporal and spatial
metadata, we synthesize Question–Answer (Q&A) pairs for four tasks: VMR
(motion orientation recall), VOO (object ordering), VPO (place ordering), and
VOC (object counting), where the prefix “V” denotes VSI-Super-Wild. Our
Q&A construction is rule-based, with answers provided in either multiple-choice
(MC) or numeric formats. Finally, we incorporate human verification to ensure
Q&A correctness, rolling back to refine metadata or Q&A when necessary.

3.3 Benchmark Statistics

After we detail the rigorous curation and synthesis pipeline, the intrinsic value
of VSI-Super-Wild lies in the empirical complexity, multi-dimensional dis-
tribution, and cognitive difficulty of the video data and tasks. In this section,
to demonstrate the scale, diversity, and complexity of VSI-Super-Wild, we
present a statistical analysis of the VSI-Super-Wild dataset (see Fig. 4). We
deconstruct the data to provide a more comprehensive understanding, including
video & meta information, question-answer pairs.

Video & Meta Information. In total, VSI-Super-Wild collects 442 high-quality
view-level videos, yielding 284.52 hours (17,071.32 minutes) of egocentric expe-
rience in the wild. To ensure that the benchmark accurately reflects open-world
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Table 1: Performance on VSI-Super-Wild. We report task scores as mean ±
standard error of the mean (SEM) for VMR, VPO, VOO (accuracy, %), and VOC
(MRA, %). Overall denotes the question-level aggregate score across all tasks. (Bold:
best, underline: second best)

Model Base LM VMR VPO VOO VOC Overall

Proprietary Models
GPT-5.4 UNK. 37.76±3.02 24.87±2.63 37.62±3.13 32.94±1.11 34.52±1.68
Gemini-3.1-Pro UNK. 34.21±2.26 63.84±4.46 42.54±1.35 38.16±5.13 44.36±1.39
Gemini-3.1-FlashLite UNK. 28.96±2.30 23.81±1.75 23.17±0.85 20.35±1.80 23.85±0.72

Open-Source Models
Cambrian-S-0.5B Qwen2.5-0.5B 24.36±1.23 10.14±0.84 20.87±0.70 33.30±0.95 21.46±0.46
Cambrian-S-3B Qwen2.5-3B 25.68±1.25 25.42±1.21 38.63±0.84 34.06±0.96 33.18±0.54
Cambrian-S-7B Qwen2.5-7B 26.91±1.27 25.58±1.21 40.36±0.85 33.81±0.97 34.22±0.54
Cambrian-S-7B-LFP∗ Qwen2.5-7B 28.62±1.20 26.06±2.46 39.26±3.69 26.17±7.98 32.86±2.24
Cambrian-S-7B-LFP Qwen2.5-7B 26.58±1.27 26.11±1.22 40.27±0.85 28.36±0.94 33.35±0.54
InternVL3.5-8B Qwen3-8B 27.90±1.29 24.65±1.19 35.13±0.82 36.74±0.96 32.18±0.53
Qwen2-VL-7B Qwen2-7B 27.41±1.28 23.66±1.18 30.21±0.79 18.72±7.98 26.67±1.37
Qwen2.5-VL-7B Qwen2.5-7B 31.52±1.33 26.11±1.22 35.61±0.83 22.11±0.87 30.98±0.53
Qwen3-VL-8B Qwen3-8B 25.60±1.25 24.35±1.19 40.36±0.85 32.73±7.98 33.59±1.37
Qwen3.5-9B Qwen3.5-9B 25.68±1.25 25.19±1.20 41.25±0.85 30.76±0.95 33.87±0.54
Spatial-TTT-nano∗ Qwen3-2B 24.53±1.23 24.12±1.19 27.82±0.77 35.93±0.96 27.85±0.51

complexity, the videos span 8 distinct scene categories. Commercial retail ac-
counts for 16.29% of videos by count and 18.95% by duration, while transporta-
tion hubs account for 13.80% by count and 10.38% by duration. Unlike highly
edited indoor clips, our videos have an average duration of 38.62 minutes (rang-
ing from 0.87 to 261.08 minutes), preserving the natural temporal continuity
required for implicit 3D world modeling.

Question-Answer Pairs. Our pipeline yielded a total of 6,980 high-quality Q&A
pairs. To ensure a comprehensive evaluation of the agent-object-environment
triad, the questions are distributed across the four proposed tasks: VMR (1,215
pairs), VPO (1,302 pairs), VOO (3,350 pairs), and VOC (1,113 pairs). The VOO
split contains two balanced subtypes, with 1,675 first-appearance recall questions
and 1,675 last-appearance recall questions. Furthermore, we strictly controlled
the answer distributions to prevent models from exploiting statistical shortcuts.

4 Experiment

4.1 Experimental Setup

Models. We benchmark 13 representative MLLMs on VSI-Super-Wild to as-
sess their spatial supersensing capabilities in diverse real-world settings. The
evaluated models include 3 proprietary MLLMs, namely GPT-5.4 [48], Gemini-
3.1-Pro [25], and Gemini-3.1-FlashLite [25]. We also evaluate 11 open-source
MLLMs: Cambrian-S-0.5B/3B/7B(-LFP) [59], Qwen2-VL-7B, Qwen2.5-VL-7B [4],
Qwen3-VL-8B [3], Qwen3.5-9B, InternVL3.5-8B [51], and Spatial-TTT-nano [33].



10 T. Gu et al.

Table 2: Performance across temporal horizons on VSI-Super-Wild. The
left panel reports overall scores grouped by video duration (minutes). The right panel
visualizes per-task scores of four representative models using line charts. (Bold: best,
underline: second best)

Model/Duration (min) 0–10 10–30 30–60 60–120 120+

Proprietary Models
GPT-5.4 32.8 39.7 30.8 35.2 35.1
Gemini-3.1-Pro 51.9 42.6 40.1 46.9 41.2
Gemini-3.1-FlashLite 26.9 24.2 21.8 23.3 20.2

Open-Source Models
Cambrian-S-0.5B 23.2 21.4 21.5 20.5 14.3
Cambrian-S-3B 37.3 34.4 30.1 29.7 28.7
Cambrian-S-7B 38.5 34.9 31.5 31.3 28.9
Cambrian-S-7B-LFP∗ 36.8 33.3 30.4 30.7 27.9
Cambrian-S-7B-LFP 39.4 32.7 30.0 32.2 29.7
InternVL3.5-8B 37.5 32.8 28.2 30.5 28.2
Qwen2-VL-7B 29.5 26.0 26.0 21.3 25.7
Qwen2.5-VL-7B 35.9 31.1 27.3 31.5 28.3
Qwen3-VL-8B 36.6 34.7 31.7 32.6 25.9
Qwen3.5-9B 40.1 35.5 29.4 29.3 26.0
Spatial-TTT-nano∗ 30.5 27.6 26.6 26.4 25.3

Average 35.0 31.3 28.4 28.7 26.3
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Evaluation Protocol. Following the evaluation protocol in VSI-Super [59], we
uniformly sample 128 frames at 1080P from each video for all models by default.
Models marked with ∗ in Table 1 are evaluated with streaming inputs instead of
the 128-frame sampled input. Query prompts for VMR, VPO, VOO, and VOC
are included in the task examples shown in the supplementary material.

Metrics. We evaluate all models on four tasks in VSI-Super-Wild: VMR,
VPO, VOO, and VOC. For VMR/VPO/VOO, each query is formulated
as a four-way multiple-choice (MC) question, where models select exactly one
answer from four candidate options. We report Accuracy (%), defined as the
fraction of queries whose selected option matches the ground-truth answer. For
VOC, each query is formulated as a numeric prediction problem, where models
directly output an integer count. We report Mean Relative Accuracy (MRA),
defined as MRA = 1

N

∑N
i=1

(
1− |ŷi−yi|

max(yi,1)

)
, where yi and ŷi denote the ground-

truth and predicted counts, respectively. This metric equals 1.0 for exact matches
and decreases smoothly with proportional counting errors.

4.2 Overall Performance and Key Challenges

Overall Performance. As shown in Tab. 1, current MLLMs still struggle substan-
tially with spatial supersensing in the wild. The strongest model, Gemini-3.1-Pro,
reaches an overall score of 44.36, while GPT-5.4 and the strongest open-source
model, Cambrian-S-7B, reach 34.52 and 34.22, respectively. In particular, the
numeric task VOC remains challenging even for strong models, with GPT-5.4
reaching 32.94 and the strongest open-source model, InternVL3.5-8B, reaching
36.74. Overall, these results indicate that current MLLMs still struggle to ro-
bustly construct, maintain, and query broader spatiotemporal world states under
improved real-world diversity.
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Challenges from World State Complexity. Beyond overall performance, the re-
sults vary systematically across tasks with different world-state anchors. For
a controlled comparison, we focus on VOO, VPO, and VMR, which are all
multiple-choice tasks evaluated with the same metric and respectively probe
object-, environment-, and agent-centric world states. As shown in Tab. 1, object-
state probing is often more tractable for open-source models: for example, Cambrian-
S-7B achieves 40.36 on VOO, compared with 26.91 on VMR and 25.58 on VPO,
while Qwen3.5-9B reaches 41.25 on VOO but only 25.68 and 25.19 on VMR
and VPO. These results suggest that agent- and environment-state modeling are
systematically harder than object-state modeling for current MLLMs. Moreover,
prior spatial supersensing benchmarks, which focus on object-centric probing,
may underexplore this systematic challenge from world-state complexity.

Challenges over Longer Temporal Horizons. We further analyze how perfor-
mance varies with temporal horizon. As shown in Tab. 2, longer videos are gen-
erally more challenging for spatial supersensing: the open-source average score
drops from 35.0 in the 0–10 min bin to 26.3 in the 120+ min bin, with the
highest average performance occurring in the shortest videos and the lowest in
the longest ones. This trend suggests that maintaining coherent world states
becomes increasingly difficult as temporal horizon increases. The degradation is
not perfectly monotonic for every model, but the overall trend shows that longer
video streams lower performance and expose weaknesses in different types of
world-state modeling. In particular, the drop across temporal bins suggests that
maintaining and updating object-, agent-, and environment-related states be-
comes harder as the observation horizon expands.

4.3 Failure Modes of Spatial Supersensing

Our results show that current MLLMs perform poorly across VSI-Super-Wild,
suggesting that spatial supersensing in the wild remains challenging under di-
verse scenes and longer temporal horizons. To better understand limitations and
provide a roadmap for future research, we conduct both qualitative and quanti-
tative analysis and summarize four recurring failure modes that hinder coherent
representations of the agent, objects, and environment.

Spatial Collapse. Spatial supersensing requires models to construct a stable spa-
tial world state in the 3D space, rather than relying on frame-level 2D seman-
tics. We examine this through the viewpoint robustness of VPO, which tests
whether models can recognize the same place under different viewpoints. Specif-
ically, we compare accuracy between the original and rotated views. Fig. 6
shows that SOTA models exhibit a clear performance drop after viewpoint
change (e.g., GPT-5.4: 26.0%→24.9%; Qwen3-VL-8B: 25.7%→24.4%; Cambrian-
S-7B: 26.2%→25.6%), even though the underlying physical location remains un-
changed. Such degradation reflects spatial collapse: models fail to maintain a
coherent spatial world state across views, and instead fall back to view-specific
2D frame matching rather than implicit 3D world modeling.
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Think: The video clip is a montage of various first-person 
perspective shots of someone walking through New York City. In 
every segment shown—walking past the bike rack, down the 
sidewalk past the bank, ……This is consistent with a person walking 
forward. Therefore, the direction of movement is forward.

Explanation: The model identifies landmarks and uses this scene-level recognition 
to conclude "the camera moves in the direction it is facing," a semantic shortcut that 
equates recognizing a walking-tour scene with forward motion. The back camera actually 
shows the scene receding (objects drifting away), but the model never analyses frame-
to-frame displacement — it substitutes scene identity for motion analysis. 

GT motion GT motionGT motion GT motion
pred. motion

Explanation: The cell phone actually appears earlier in the video in the hand of a 
man, but the MLLM is affected by partial occlusion in the earlier frame and recognize 
the cell phone later appeared in the hand of the woman. Due to this visual ambiguity, 
the MLLM fails to correctly recognize the corrected first occurrence moment of the 
cell phone, thereby shifting its temporal localization to a later frame. 

GT first occur After
31 min

pred first occur

Think: Cell phone: First appears in the ……. Inside the 
cafe/lobby, a woman seated on the right is looking down at a cell 
phone in her hand, …… Shelving unit (D):\n 00:19: The scene cuts 
to a bookstore. The frame is filled with rows of books on shelves. 
These are clearly shelving units.

Fig. 5: Top (semantic shortcut): The model predicts that the observer is moving
forward based on frame-level semantic cues (e.g., a typical walking-tour street scene),
rather than inferring motion from spatiotemporal evidence across frames. Bottom
(instance confusion): Under visual challenges such as motion blur and partial occlusion
in the wild, the model misses an earlier appearance of the queried object, leading to
an incorrect first-occurrence prediction and unstable instance-level tracking over time.

Semantic Shortcut. Existing models often rely on frame-level visual semantics in-
stead of continuous spatiotemporal reasoning, using semantic cues from individ-
ual frames as shortcuts for world-state inference. We illustrate this failure mode
with VMR, where motion orientation requires constructing an agent-centric state
from the video stream, yet models can still be misled by local semantic cues and
produce plausible-but-incorrect answers. As shown in the top of Fig. 5, the agent
is actually moving backward relative to its viewing direction, but the model pre-
dicts “forward” because the straight road ahead provides a strong semantic cue.
This failure suggests that models exploit semantic shortcuts instead of inferring
motion from spatiotemporal evidence and updating an agent-centric world state.

Insufficient Update. Beyond initial recognition, spatial supersensing requires
continuously updating world states as video streams arrive. We probe this using
VOO first- vs. last-occurrence ordering (Fig. 6), where first-occurrence mainly
tests registering objects at their initial encounter, while last-occurrence requires
updating world states to reflect later evidence. Across models, accuracy is sub-
stantially higher for first-occurrence than for last-occurrence ordering (e.g., GPT-
5.4: 31.3% vs. 22.1%; Qwen3-VL-8B: 50.2% vs. 30.5%; Cambrian-S-7B: 50.7% vs.
30.0%). This gap suggests that models can preserve early world states relatively
well, but struggle to sufficiently update world states as new evidence arrives.

Instance Confusion. For spatial supersensing in the wild, models need to robustly
recognize objects under challenging real-world conditions, such as motion blur,
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Fig. 6: Left (spatial collapse): We compare VPO accuracy between original and rotated
views to test whether models can recognize the same place under viewpoint changes.
The drop after rotation suggests that models fail to model a consistent world state after
changing views despite the spatially unchanged location. Right (insufficient update):
We compare VOO accuracy between first- and last-occurrence ordering. The lower
performance on last-occurrence queries indicates that models struggle to update world
states as later evidence arrives.

partial occlusion, and viewpoint change. However, as shown in the bottom of
Fig. 5, the model misses an earlier appearance of the queried object under blur
and partial occlusion, leading to incorrect ordering. This indicates weak object-
level identity tracking and unstable object-centric state modeling under in-the-
wild visual noise and dynamics. Overall, these failures underscore that in-the-wild
visual complexity remains highly challenging for spatial supersensing.

4.4 Long-Video Benchmark: VSI-SUPER-WILD vs. VSI-SUPER
under Shuffle24

To examine whether VSI-SUPER-WILD introduces additional difficulty beyond
existing long-video benchmarks, we compare it with VSI-SUPER under Shuf-
fle24. For each multiple-choice question, we evaluate all 24 permutations of
the four answer options and report metrics that are invariant to option order.
This protocol reduces dependence on a specific option arrangement and reveals
whether model predictions are stable under semantically equivalent choices.

Fig. 7 reports four complementary views. Top-K measures the fraction of
questions with at least one correct prediction in the first K attempts, while
Pass@K measures the fraction with at least K correct predictions among all
24 permutations. For the same K, VSI-Super-Wild is consistently lower than
VSI-Super on both metrics and remains closer to the random-guess baseline,
indicating greater difficulty in recovering the correct answer even across shuffled
trials. We analyze option-order sensitivity: Fig. 7(c) shows higher option-order
bias on VSI-Super-Wild, measured by the standard deviation of accuracy
across permutations, and Fig. 7(d) shows a larger gap between the best and worst
permutations. Overall, VSI-SUPER-WILD is more challenging and less stable
under option shuffling, making Shuffle24 necessary to avoid overestimation.
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Fig. 7: VSI-SUPER-WILD vs. VSI-SUPER under Shuffle24 (long-video).
(a) Top-K: fraction of questions with at least one correct in the first K attempts.
(b) Pass@K: fraction with at least K correct in 24 attempts. (c) Option-order bias:
standard deviation of accuracy across 24 option permutations, and best vs. worst per-
mutation accuracy. VSI-SUPER-WILD shows lower Top-K and Pass@K, higher bias,
and a larger best–worst gap than VSI-SUPER, confirming it is more challenging and
that Shuffle24 evaluation is essential.

5 Conclusion

To assess whether MLLMs can conduct human-like implicit world modeling un-
der real-world in-the-wild streams, we introduce VSI-Super-Wild, a large-
scale benchmark for evaluating spatial supersensing in the wild. Compared with
existing supersensing benchmarks, VSI-Super-Wild advances evaluation along
two axes: real-world diversity and broader world-state probing. For real-world di-
versity, we curate 442 unconstrained online videos, spanning 8 scene categories
and lasting over 4 hours at maximum, without generative editing or clip con-
catenation. For broader world-state probing, we construct 6,980 human-verified
Q&As across four task types, forming a cognitively grounded task suite that
probes object-, agent-, and environment-centric components of world states.

We benchmark 13 mainstream MLLMs on VSI-Super-Wild and find that
current models still fall substantially short of robust spatial supersensing in
the wild. A closer look reveals clear performance disparities across supersensing
conditions: models are relatively more reliable on object-centric state queries,
yet struggle on agent- and environment-centric components that require stronger
3D spatial cognition; tasks that demand precise numeric answers under continual
state updates, such as continuous counting, are especially challenging. Moreover,
performance degrades markedly as the temporal horizon increases, suggesting
difficulty in sustaining consistent world-state updates over extended streams.
Qualitative error analyses further point to recurring failure patterns—spatial
collapse, semantic shortcuts, insufficient update, and instance confusion—which
help explain these disparities and indicate that current MLLMs still over-rely on
frame-level semantics rather than maintaining stable, queryable spatiotemporal
world representations. Together, these findings highlight the key bottlenecks that
future models must address to achieve reliable spatial supersensing in the wild.
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