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Abstract

Multimodal Large Language Models (MLLMs)
have made rapid progress toward unified Omni
models that integrate language, vision, and au-
dio. However, existing environments largely
focus on 2D or 3D visual context and vision-
language tasks, offering limited support for
temporally dependent auditory signals and se-
lective cross-modal integration, where different
modalities may provide complementary or in-
terfering information, which are essential capa-
bilities for realistic multimodal reasoning. As
a result, whether models can actively coordi-
nate modalities and reason under time-varying,
irreversible conditions remains underexplored.
To this end, we introduce EscapeCraft-4D', a
customizable 4D environment for assessing se-
lective cross-modal perception and time aware-
ness in Omni models. It incorporates trigger-
based auditory sources, temporally transient
evidence, and location-dependent cues, requir-
ing agents to perform spatio-temporal reason-
ing and proactive multimodal integration under
time constraints. Building on this environment,
we curate a benchmark to evaluate correspond-
ing abilities across powerful models. Evalua-
tion results suggest that models struggle with
modality bias, and reveal significant gaps in cur-
rent model’s ability to integrate multiple modal-
ities under time constraints. Further in-depth
analysis uncovers how multiple modalities in-
teract and jointly influence model decisions in
complex multimodal reasoning environments.

1 Introduction

In recent years, Multimodal Large Language Mod-
els (MLLMs) (Alayrac et al., 2022; Liu et al., 2023;
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OpenAl, 2025; Team, 2025a,c) have made rapid
progress in effectively bridging heterogeneous per-
ceptual modalities and enabling coherent reasoning
across them, facilitating the application of MLLMs
to a wide range of tasks, especially in Vision-
Language (VL) including visual commonsense rea-
soning (Zhou et al., 2024a; Kil et al., 2024), spatial
reasoning (Yang et al., 2025; Zhan et al., 2025)
and embodied manipulation and planning (Driess
et al., 2023; Li et al., 2024b). Toward more realistic
scenarios involving more than two modalities and
time-aware interactions, prior work has commonly
adopted agentic approaches that integrate isolated
modules for different modalities (Wu et al., 2023;
Shen et al., 2023; Huang et al., 2024). More recent
advances have shifted towards Omni models that
process multiple modality streams within a unified
architecture (Xu et al., 2025; Wang et al., 2025a;
Team, 2024a; Zhang et al., 2025b).

Despite this progress, the ability of current mod-
els to deeply integrate multiple modalities while
preserving sensitivity to temporal signals remains
underexplored. Existing evaluation paradigms fo-
cus primarily on static settings of 2D images or 3D
volumetric scenes, often omitting the dimension
of time. This deficiency motivates the develop-
ment of a 4-dimensional (4D) setup that incorpo-
rates dynamic and time-dependent factors to fully
evaluate the capabilities to handle realistic tasks
of Omni models. Furthermore, current multimodal
benchmarks primarily emphasizes VL contexts, fre-
quently relying on silent video clips and thereby
overlooking the participation of auditory modal-
ity (Li et al., 2023, 2024a; Fu et al., 2024). These
benchmarks present two major shortcomings: First,
they fall short on adequately evaluating active per-
ception across modalities (Bajcsy, 1988; Chaplot
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Figure 1: Our EscapeCraft-4D environment setup. It incorporates auditory, visual, and time-aware clues to evaluate
multimodal reasoning. The system is designed to test the abilities of agents to coordinate cross-modal perception,
such as leveraging spatially grounded auditory cues and visually presented clues or making time-aware decisions
under strict temporal constraints. This figure illustrates the sequencially arranged tasks according to three stages:
exploration, time-aware search, and finally escape, with dynamic auditory cues playing central roles in guiding the
decision-making process. The trigger system dynamically introduces time-aware clues that challenge the agent to
act within limited timeframes, showcasing the integration of auditory and visual modalities.

et al., 2020; Wilson et al., 2025), an essential ca-
pability that proactively determines when, where,
and how to selectively acquire multimodal informa-
tion and suppress misleading information. Second,
they overlook a critical aspect of real-life environ-
ments, time awareness, the ability to reason and
act upon time-varying cues and irreversible infor-
mation availability (Wang and Zhao, 2024; Chen
et al., 2025), beyond conventional temporal ground-
ing of events to timestamps or intervals (Gao et al.,
2017; Cai et al., 2024). Yet, dedicated evaluation
and development of such time-aware reasoning, act-
ing and planning capabilities remain limited in the
current scope.

In this paper, we address the above limitations
by introducing EscapeCraft-4D, a simulated envi-
ronment that augments a 3D world with an explicit
temporal dimension. It serves as a testbed for more
realistic 4D tasks and advanced multimodal reason-
ing and acting. Specifically, we incorporate time
awareness through time-varying visual cues and
auditory signals, both of which naturally encode
temporal information and require agents to reason
under dynamic and irreversible conditions.

Moreover, EscapeCraft-4D is a highly customiz-
able environment with more than two modalities,

i.e., language, vision, and particularly audio. No-
tably, the inclusion of audio enables more com-
plex design of cross-modal active perception where
not all modalities are equally informative, requir-
ing selective multimodal integration. Our environ-
ment design establishes the 4D paradigm through
two key mechanisms as visualised in Figure 1,
specifically: 1) It is temporally dynamic, requir-
ing MLLMs to model temporal variations when
aligning information across modalities; 2) It con-
tains continuously active audio sources that provide
location-dependent cues. Together, these properties
require models to ground visual and auditory inputs
within a unified spatio-temporal coordinate system
and to selectively integrate multimodal information
during decision making. Our contributions can be
summarized as follows:

* We introduce EscapeCraft-4D, a 4D environ-
ment that enables explicit evaluation of active
cross-modal perception and time-aware rea-
soning in Omni models and agents.

* Our results reveal significant gaps in current
Omni models when incorporating multiple
modalities under time constraints, such as sus-
ceptibility to misleading auditory cues, and
limited time-aware interaction.
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* Analysis shows auditory cues strongly guide
exploration and multi-hop reasoning, while
failures stem from missed spatio-temporal trig-
gers, highlighting the need for cross-modal,
time-aware coordination in complex tasks.

2 Related Work

2.1 Multimodal Large Language Models

Multimodal large language models (MLLMs) build
on earlier vision-language models (VLMs) and
audio-language models (ALMs). A representa-
tive early milestone is CLIP (Radford et al., 2021),
which learns aligned image-text representations via
contrastive training in a shared embedding space.
Subsequent work Flamingo (Alayrac et al., 2022)
augments a pretrained language model with vi-
sual conditioning modules, enabling in-context few-
shot learning from interleaved image-text prompts.
More recent open-source systems, BLIP (Li et al.,
2022), LLaVA style visual instruction tuning (Liu
et al., 2023), MiniCPM-V (Yao et al., 2024), and
Qwen2.5-VL (Bai et al., 2025), further advance
toward general purpose understanding and gener-
ation. Proprietary models such as GPT-4V (Team,
2023) and Gemini (Team, 2024b) also demonstrate
robust multimodal capabilities at scale. In parallel,
ALMs condition language understanding and gen-
eration on audio signals, enabling models to hear
speech and general sounds (Zhang et al., 2023b;
Ghosh et al., 2024; Chu et al., 2024; Tang et al.,
2024; Kong et al., 2024; Zhang et al., 2023a).
These efforts move toward unified language-centric
frameworks that integrate heterogeneous percep-
tual modalities.

Recent research has further progressed toward
an Omni paradigm that unifies vision, audio, and
language with agentic pipeline (Tao et al., 2026)
or within a single model (e.g., GPT-40 (Ope-
nAl, 2024), Qwen3-Omni (Xu et al., 2025), and
VITA-1.5 (Fu et al., 2025)). By jointly model-
ing these modalities, Omni models capture richer
contextual cues, such as StreamOmni (Zhang et al.,
2025b), MGMOmni (Wang et al., 2025a), LongCat-
Flash-Omni (Team, 2025b), and Gemini 2.5 (Team,
2025a). This trend represents a key step toward
general purpose multimodal intelligence.

2.2 Time-Aware Benchmarks and Perishable
Evidence Collection

In interactive and embodied reasoning tasks, infor-
mation is frequently transient rather than persistent.

In many scenarios, critical evidences and cues are
triggered only after specific events and remains ac-
cessible for a limited time (Zhou et al., 2024b), e.g.,
a notification briefly appearing on a phone screen
before disappearing. (Zhang et al., 2025a) intro-
duces causal dependency that ties decision quality
to decision timing. Such constraint on sequential
actions requires the agent to reason on both ac-
tion selection and prioritization, where misaligned
decisions on the sequence can lead to irreversible
information loss and mistakes. Meanwhile, ex-
isting environments and benchmarks incorporate
time mainly for action ordering (Shridhar et al.,
2020; Srivastava et al., 2021), where task-relevant
information (e.g. actions required) remains sta-
ble rather than shaped by decision timing. The
agent thus can defer exploration without lasting
consequences, leaving time-aware reasoning and
perishable evidence collection underexplored. In
contrast, time-aware benchmarks evaluate whether
agents recognize and respond to temporal changes
in evidence availability, where delayed decisions
can lead to irreversible information loss (e.g. a
password that will disappear forever after a period
of time).

3 Environment and Task

3.1 Overview of EscapeCraft-4D

The room-escape task in this study is inspired by
real-world escape room games and built on prior
multimodal settings introduced in (Wang et al.,
2025b; Lim et al., 2025). It is designed to evaluate
the multimodal reasoning and planning capabilities
of MLLMs. Following the 3D EscapeCraft envi-
ronment (Wang et al., 2025b) that requires mod-
els to autonomously explore, perceive, and interact
with the environment to achieve long-horizon goals,
we introduce a fourth dimension, time, by incor-
porating audio components as shown in Figure 1.
Vision, language, and audio are three most com-
monly perceived and used modalities in human
activities (Stein and Meredith, 1993; Baltrusaitis
et al., 2018; Liang et al., 2024). However, most cur-
rent frameworks fail to address the time-awareness
and lack mechanisms to integrate these modalities
over time. Our integration of the audio signals
and time-variant cues forces models to reason, act
and planning within a specific duration, bridging
the gap between static multimodal perception and
dynamic, time-sensitive agency.

We especially include audio modality through
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two distinct categories, ambient audio and trigger
audio. Specifically, following the task design pro-
tocol in (Wang et al., 2025b), auditory cues are
integrated directly into the prop chain so that each
reasoning step may depend on both visual evidence
and spatially grounded audio signals. To account
for the temporal nature of these signals, we further
expand the escape tasks to include time-variant
cues, enabling the evaluation of time-awareness of
models during acting and planning. This section
details the integration of the audio modality and
the design of corresponding tasks.

3.2 Auditory Modality Integration
3.2.1 Ambient Audio

This audio signal is continuously emitted from a
designated object (e.g., the sound of wind blowing
outside the exit door) and spatially grounded to
that object, as illustrated by the “Ambient Sound”
example in the upper right part of Figure 1. Its per-
ceived loudness is a deterministic function of the
relative position from the agent to the source object,
monotonically increasing as the agent approaches
the source and attenuating with distance until in-
audible beyond a predefined range. Although these
sounds do not directly reveal symbolic content (e.g.,
passwords), they provide a gradient signal that can
be exploited to (i) guide the direction of search,
(i1) prioritize exploration targets, and (iii) coordi-
nate visual attention with spatial movement. Thus,
exploration shifts from purely visual scanning to
selective cross-modal perception guided by audio.

3.2.2 Trigger Audio

This represents the time-variant signal in our en-
vironment that enables the evaluation of time-
awareness. It is bound to specific interactable ob-
jects (e.g., a recorder, as visualized in the “Trig-
gered Sounds” example in the upper left part of
Figure 1), and is activated only when the agent
issues an explicit trigger request while remaining
inactive for the rest of time. To make it a non-trivial
prop-chain element rather than a information chan-
nel that can be triggered randomly and unexpect-
edly, activation is gated by physical conditions, the
agent must satisfy proximity and orientation thresh-
olds before interaction. Once triggered, the object
plays a short speech message that may contain (a)
password to or instruction for following steps or
(b) auditory deceptive content (e.g., plausible but
irrelevant numbers).

Compared to visually dominant setups (Wang
et al., 2025b), our audio- and time-augmented set-
ting shifts the challenge from passive visual search
to selective cross-modal perception and also has
the ability to evaluate dynamic audio-visual fusion
under deception. This design stresses (i) proximity-
conditioned information acquisition, (ii) embodied
verification of auditory claims, and (iii) strategic
exploration policies that integrate continuous guide
(ambient) and discrete prompt (triggered) auditory
cues in the multi-hop reasoning.
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3.3 Time-aware Tasks and Levels

We introduce time-aware levels where task-critical
evidence (e.g., the password to unlock the exit)
is explicitly time-varying or non-persistent rather
than statically available throughout exploration. In
these scenes, interacting with specific trigger ob-
jects (e.g., a recorder) initiates temporal events that
cause evidence to appear, alter, or disappear within
a limited time window. For instance, activating
a recorder may reveal that a password will tem-
porarily emerge on a wall for a limited time be-
fore vanishing permanently. This design enforces a
strict coupling between perception, memory, and
timing: agents must not only identify relevant in-
teractions but also recognize the transient nature
of the evidence and act before it expires. By in-
corporating design elements such as passwords dis-
appearing over short periods, the availability of
evidence changes over time. These designs in the
time-aware level go beyond temporal action order-
ing, and allow direct evaluation whether models
can reason under irreversible and time-conditioned
information loss.

3.4 MM-Escape4D Benchmark

Built on the “prop chain” framework (Wang et al.,
2025b) extended with our auditory clue designs
(Section 3.2), MM-Escape4D defines three stan-
dardized difficulty levels and two stress-test vari-
ants. Appendix B documents the full pipeline,
including the configuration schema, the ambient-
attenuation and trigger-gating formulas, the dis-
tractor and time-window settings, and per-scene
statistics. By treating auditory clues as an addi-
tional reasoning hop, the basic levels form a clean
progression in cross-modal demand:

* Difficulty-1: A single-hop level requiring no
props; the agent escapes by directly identify-
ing and interacting with the door, evaluating
basic spatial grounding and navigation.

* Difficulty-2: A two-hop level adding an au-
ditory hop on top of Difficulty-1. The agent
must first locate a sound-emitting object, trig-
ger it to obtain the spoken password, then use
that password to unlock the door (Figure 2(a)).

* Difficulty-3: A three-hop level requiring both
auditory clues and physical props (e.g., keys),
explicitly evaluating how well a model syn-
thesises visual and auditory evidence into a
coherent plan.

On top of these, Difficulty-2-M and Difficulty-3-
M preserve the same hop structure but introduce
a parallel distractor sound source playing irrele-
vant numerical content (Figure 2(b)); a model that
attempts to act on the distractor’s content is con-
sidered misled. Numerical distractors are one con-
crete realisation of a general interference mecha-
nism, chosen because acting on them is unambigu-
ous and reproducible; wrong-location instructions,
false temporal hints, and multi-stage semantic dis-
tractors are expressible in the same configuration
pipeline. Full discussion of the misleading design
is provided in Appendix A.

We instantiate 11 scenes per level, giving 66
scenes in total. This suite is the analysed sample
rather than the extent of the environment: layouts,
prop chains, audio bindings, distractors, and time
windows are configuration-driven, and we release
the generation scripts so further scenes can be pro-
duced automatically (Appendix C).

Time-aware level design Time-aware levels, de-
noted as Difficulty-2-T, extend Difficulty-2 with
perishable, action-triggered clues: triggering a
recorder makes the password to the exit appear at a
specified position only briefly before permanently
disappearing (Figure 2(c)). All agent actions carry
time costs (linear/angular velocity for movement
and rotation, fixed cost for grab/trigger), so the
model must locate the password before it expires.
Detailed time-cost configuration and the audio-type
taxonomy are listed in Appendix A, Table 3.

4 Experiments

4.1 Evaluation Metrics

We follow (Wang et al., 2025b) and adopt Escape
Rate (ER), Prop Gain, Grab Success Rate (GSR),
Grab Ratio (Ry.qp), and Intent-Outcome Consis-
tency (Cro). On top of these, we introduce five
metrics tailored to auditory signals, cross-modal
active perception, and time-awareness, whose roles
differ and which we therefore state explicitly. ER
is the outcome measure, the fraction of scenes es-
caped. TR (Trigger Ratio) is the fraction of an
episode’s steps that are triggering actions, and TSR
(Trigger Success Ratio) the fraction of triggering
actions that successfully fire an audio source; both
are behavioural measures of whether the agent
seeks out and activates audio, and neither is a
task-success rate. MAT (Misleading Audio Trig-
gered) is the exposure rate, the fraction of mislead-
ing scenes in which the distractor was triggered

50805



\ Difficulty-1 \ Difficulty-2 \ Difficulty-3 \

AVG
Models ‘ ER Steps! GSR GR ER Steps! GSR GR TSR TR ER  Prop Steps) GSR GR TSR TR | ER (%)t
(SO (%)t %) | (%) (%)t (%) (%)t (%) [COINNCO @)t (%) (%)t (%)
Agentic Approach
GPT-40 Omni-Agent ‘ 9091 16.82 48.52 24.58 ‘ 81.82 3882 1275 33.66 5530 9.15 4545 4545 5927 839 3473 3485 24.09 ‘ 72.73
Omni Models
Gemini3-Pro-Preview 100.00 16.82 59.25 21.95|72.73 27.73 37.12 2267 81.82 642 2727 2727 5036 7.82 29.69 5511 4.52 66.67
Qwen3-Omni-Thinking | 63.64 24.00 24.80 54.97 | 2727 56.73 550 29.97 39.86 2224 0.00 0.00 81.00 0.00 27.27 4229 19.53 | 30.30

18.18 4755 6.82 9.24
2121

2727 6027 1221 7.99
0.00  66.00 0.00

81.00 0.00 9.09 2952 6.06 15.15
81.00 0.00 17.51 18.69 2381 9.09

56.06 2.67 0.00 0.00
17.08 1455 1.10 0.00 0.00

Qwen3-Omni-Instruct

MGM-Omni-32B 39.55 1091 17.14

Table 1: Results of basic game setting. Prop: Prop Gain; Steps: average steps used to complete the game; GSR:
Grab Success Rate, the precision of grabbing; GR: Grab Ratio, the portion of grabbing actions regarding the
total consumed steps. TSR: Trigger Success Rate. TR: Trigger Ratio. The max allowed steps are 50, 65, 80 for
Difficulty-1, -2, -3 respectively. The best score of each metrics is bolded and the second is underlined. The GPT-40
Omni Agent refers to our agentic approach built on GPT-40 models, gpt-4o for vision and language, together with
gpt4o-audio-preview for audio. We use Qwen3-Omni-30B-A3B version for Qwen3-Omni models in this table.

Models Time-Aware Misleading Levels

TCSSt MAT| AMR| D2-M-ERT D3-M-ER?T D2-M-Steps, D3-M-Steps]
Agentic Approach
GPT-40 Omni-Agent 67.95% 63.64% 100.00% 72.73% 63.64 % 40.55 60.09
Omni Models
Qwen3-Omni-Thinking 55.87% 59.09%  23.08% 0.00% 0.00% 66.00 81.00
Gemini-3-Pro-Preview 47.04% 4091% 22.22% 63.64% 63.64 % 28.82 53.82
MGM-Omni-32B 0.00% 13.64% 0.00% 0.00% 0.00% 66.00 81.00
Qwen3-Omni-Instruct 0.00% 40.91% 0.00% 0.00% 0.00% 66.00 81.00

Table 2: Comprehensive Experimental Results on MM-Escape4D. (I) Performance on Time-aware Levels measured
by TCSS. (II) Robustness against Misleading Auditory cues: MAT refers to ratio of scenes where misleading audio
was triggered; AMR represents the ratio of scenes where the agent was deceived given that the misleading cue
was triggered, within 3 following steps. Dn-M-ER and Dn-M-Step denote the Escape Rate and average steps for
Difficulty-n Misleading levels. The best and second-best results are highlighted in bold and underline, respectively.

at all, while AMR (Audio Misguidance Rate) is
susceptibility given exposure, how often the agent
then acts on the distractor’s content; a near-zero
MAT thus signals interaction failure, not robust-
ness. TCSS (Time-Constrained Search Score) is
how early a model finds the transient target rela-
tive to the time limit, and zero if it is not found in
time; it is measured against the environment’s simu-
lated action clock (Table 3) and excludes inference
and audio-processing latency, quantifying search
efficiency under embodied action costs rather than
real-time responsiveness. Formal definitions are in
Appendix D.

4.2 Evaluation Setup

We evaluate proprietary models, GPT-40 (Ope-
nAl, 2024) and Gemini-3-Pro (Team et al., 2025),
and open-source Omni models, MGM-Omni-
32B (Wang et al., 2025a), Qwen3-Omni-30B-A3B-
Thinking and Qwen3-Omni-30B-A3B-Instruct (Xu
et al., 2025). As the official GPT-40 API does
not accept text, image and audio simultaneously,
we build a GPT-40 Omni-Agent that pairs gpt-4o

(VL) with gpt4o-audio-preview (audio). We
stress that this agent is a system-level baseline,
not a controlled architectural counterpart to the na-
tive Omni models: its behaviour is entangled with
backbone capability, planning policy, and audio-to-
text routing, none of which is matched across the
two groups. We therefore do not read the agentic-
vs-Omni gap as an architecture ranking, only as
evidence that the two paradigms fail in different
ways (Appendix C). Decoding is fixed for all mod-
els (temperature 0, top-p 1, max output 8192 to-
kens), and each model is run once per scene. Maxi-
mum interaction steps follow (Wang et al., 2025b)
(50/65/80 for Difficulty-1/2/3, identical for mis-
leading and time-aware variants). Full templates
and additional setup details are in Appendix E and
Appendix J.

4.3 Experimental Results

Basic game settings. Table 1 reveals a substan-
tial and widening gap as difficulty increases. GPT-
40 Omni-Agent leads with average ER 72.73%,
followed by Gemini-3-Pro (66.67%), both more
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Figure 3: Path density analysis for different levels in our MM-Escape4D benchmark. Exits of different scenes
are aligned as mentioned in Appendix I.1. The heatmaps represent the log-normalized density (log(1 + density)) of
agent positions, with blue gradients for successful runs and red for failed ones. The dashed contours represent the
spatial distribution of key items (e.g., recorders for auditory clues and boxes).

than double the strongest open-source candidate
Qwen3-Omni-Thinking (30.30%). At Difficulty-3
the gap becomes most pronounced: every open-
source model drops to 0.00% while proprietary
models still complete a non-trivial fraction (GPT-
40 45.45%, Gemini-3-Pro 27.27%). This indi-
cates MM-Escape4D probes capabilities not well
captured by conventional multimodal benchmarks:
completing a level requires active 3D exploration,
triggering object-conditioned auditory cues, and
reasoning over transient and irreversible signals,
demanding tight coupling between perception, rea-
soning and action.

Strong performance on static multimodal bench-
marks does not necessarily transfer. Although re-
cent open-source Omni models report competitive
numbers on MMMU (Yue et al., 2024), Math-
Vista (Lu et al., 2024), and AIME25%, Qwen3-
Omni-Thinking drops to 27.27% ER on Difficulty-
2 and 0% on Difficulty-3, and MGM-Omni-32B
fails on Difficulty-2 entirely, implying persistent
limitations in spatial reasoning and cross-modal co-
ordination once time-sensitive, modality-intensive
interaction is required.

Beyond raw escape rates, trigger metrics sep-

2American Invitational Mathematics Examination (AIME) 2025, https:
//maa.org.

arate the two paradigms behaviourally. Qwen3-
Omni-Thinking and Gemini-3-Pro both reach
higher TSR than the GPT-40 Agent on Difficulty-3
(42.29% and 55.11% vs. 34.85%), i.e., the native
Omni models activate auditory sources more reli-
ably even where their escape rates are lower. Since
the agentic pipeline is a system-level baseline rather
than a matched architecture (Section 4.2), we read
this as a difference in failure profile rather than as
evidence that either design is superior.

Modality bias. A consistent pattern across diffi-
culties is a behavioural modality bias: agents act
on visual evidence far more readily than on audi-
tory evidence, even when audio is the only path to
success. We use the term strictly as an observed ten-
dency under our interactive interface, not as a claim
about any internal mechanism, since the activations
of the proprietary systems cannot be inspected.
On Difficulty-2, where the password requires trig-
gering a sound source, open-source Omni mod-
els exhibit very low Trigger Ratios (Qwen3-Omni-
Instruct TR 2.67%, MGM-Omni-32B TR 1.10%),
almost never attempting the auditory channel; the
agentic GPT-4o pipeline triggers more often (TR
9.15%), as audio is routed through a separate tool.
On Difficulty-3 the ratios stay very low, 6.06% and
2.81% respectively, with both models at 0% ER.
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A low audio-usage number is ambiguous on its
own, since it may equally reflect navigation, local-
isation, or triggering failure. We therefore charge
every failed run to the earliest stage it cannot pass,
from navigation through triggering and audio use to
downstream reasoning (Appendix F), which splits
the models into two regimes. For MGM-Omni-
32B, the weakest system, the bottleneck is navi-
gation: it brings a sound object into view in only
29.5% of runs on the audio-gated levels, so its low
audio usage is a navigation and localisation failure,
and we report it as such rather than as modality bias.
The remaining models clear that stage, bringing a
source into view in 70.5-95.5% of runs and trig-
gering successfully in 84.6-97.4% once localised,
yet pooled over the five models only 17.2% of the
runs that heard a clue converted it into the corre-
sponding action. Qwen3-Omni is the clearest case:
it localises and triggers on par with the frontier
systems, with TR 22.24% on Difficulty-2 against
GPT-40’s 9.15%, while converting almost none of
what it hears. Misleading levels sharpen the point,
pushing audio-use failures to 28.4% from 15.9—
22.7% on the non-misleading counterparts, which
tracks AMR and is thus a decision-level rather than
a perception-level effect. Current Omni models do
not yet treat modalities as interchangeable channels:
they can reach and open the auditory channel, but
often fail to bind its content to the correct action.

Misleading and time-aware settings. Table 2
reports the corresponding metrics. Misleading lev-
els. Robustness factorises into exposure (MAT) and
susceptibility (AMR), and the two factors expose
very different failure modes. GPT-4o0 is exposed
often and fully susceptible (MAT 63.64%, AMR
100%), suggesting it actively interacts with audio
sources but lacks any internal cross-checking once
a plausible-sounding clue is heard. Qwen3-Omni-
Thinking has comparable exposure but its rea-
soning chain partially filters the deception (AMR
23.08%); yet the underlying spatial reasoning is
too weak to convert this resistance into success,
so its misleading-level ER stays at 0%, showing
that resistance to deception alone is not sufficient.
Gemini-3-Pro achieves the best balance (MAT
40.91%, AMR 22.22%, D2/D3-M-ER 63.64%),
being both selective about when to trigger an
auditory source and able to discount its content
when triggered. MGM/Qwen3-Instruct’s near-
zero MAT reflects interaction failure rather than
genuine robustness; disambiguation never gets a

chance to happen. Time-aware levels. TCSS
spreads sharply: GPT-40 67.95%, Qwen3-Omni-
Thinking 55.87%, Gemini-3-Pro 47.04%, while
MGM/Qwen3-Instruct fail to find the clue in time
at all (0%). Higher TCSS is significantly asso-
ciated with final success (Spearman r = 0.433,
p = 9.56 x 10~%; permutation test on success vs.
fail p = 0.0016). Because the transient password
is the only route out, losing it is irreversible: no
run that failed to obtain the clue in time ever es-
caped (0 of 30). Together these reveal the gap that
strong performance on static multimodal bench-
marks does not directly transfer to embodied, time-
variant cross-modal decision making and being
fast to a transient clue is the bottleneck under ir-
reversible time constraints. We note the scope of
this result: it holds for the single time window and
deterministic action-cost setting of Difficulty-2-T,
held fixed so that temporal sensitivity is the only
variable, and TCSS is defined on the simulated
action clock rather than wall-clock latency. The
window and costs are configuration values, so the
same probe extends to other regimes, which we
leave to future work.

Overall, we summarise the following takeaways:
(1) Active perception under irreversible constraints
exposes fundamental weaknesses. When agents
must explore, trigger object-conditioned auditory
cues, and reason over transient information, cur-
rent Omni models exhibit pronounced degradation.
(i1) 3D spatial reasoning and cross-modal temporal
integration remain underdeveloped. Coordinating
vision, language, and audio in dynamic settings is
significantly more challenging than solving static
or time-invariant multimodal reasoning tasks. (iii)
The two available paradigms fail differently. Native
Omni models activate auditory sources more reli-
ably (higher TSR) yet convert less of what they hear
into action, whereas the agentic pipeline reaches
higher system-level escape rates but is fully suscep-
tible to misleading audio. Because the two are not
architecturally matched, we report this as distinct
failure profiles rather than a ranking of designs.

5 Analysis

We further analyse the exploration behaviour of the
agents and how auditory cues shape their trajecto-
ries from three complementary perspectives: exit-
aligned path density, an audio/no-audio ablation on
Difficulty-1, and a paired audio-vs-non-audio com-
parison on Difficulty-2/3. Full details, hypothesis
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tests, and figures are in Appendix L.

Exploration patterns vary with difficulty
(Sec. I.1). Exit-aligned path density heatmaps
(Figure 3) reveal a clear progression. In Difficulty-
1, successful runs concentrate tightly on the di-
rect path from start to exit, while failed ones show
sparse, near-uniform exploration suggesting an ab-
sence of basic spatial grounding. As complexity
increases in Difficulty-2/3, success requires deviat-
ing from the exit-ward heading to interact with key
items (recorders, boxes), and the heatmaps confirm
successful runs exhibit higher density around those
items than failed ones do. Failed runs are typically
trapped near the centre or in corners and often fail
to transition from exploration to goal-directed mo-
tion, with lower escape rates correlating with more
fragmented path distributions. The discrepancy is
most pronounced in Difficulty-3, where success-
ful runs display a clean multi-hop pattern, first lo-
calising the recorder then proceeding to the exit,
whereas failed ones miss the trigger zone or the
timing window. The bottleneck thus appears less
about raw perception and more about committing
to a multi-hop plan that interleaves visual search
with auditory interaction.

Ambient sound improves navigation (Sec. 1.2).
On Difficulty-1, comparing a spatialised ambient-
sound condition with a silent baseline isolates the
effect of audio on pure navigation. Across nine met-
rics, audio reduces all burden-related ones (Steps,
Time, PathLen, Turn, Frechet), lifts efficiency ones
(ProgEff, PathEff, Mono), and improves proxim-
ity to the exit (MinDist), winning in over 60% of
trials. The non-audio group exhibits consistently
higher Frechet values, reflecting more wandering
and path distortion. Aligned distance-to-exit curves
further show the audio group consistently closer
to the exit through the central portion (0.2-0.8)
with lower variance, so the gain comes from the
middle of the trajectory. Paired Wilcoxon tests on
AUC (PRUC A = 0.042) and terminal non-arrival
(Pghd (A = 0.0125), plus a point-label permu-
tation test on path density (P[;"™" = Pjsp" =
0.00019), confirm the effect is systematic. Spa-
tialised audio thus acts as a continuous proximity
signal rather than a destination beacon.

Auditory clues concentrate exploration (Sec. 1.3).
A normalised Herfindahl-Hirschman occupancy
index (HII) over the trajectory shows audio-
active segments are significantly more concentrated
than non-audio segments across both outcomes

(Difficulty-2: p = 0.0004,/0.0215 for success/fail;
Difficulty-3: p = 0.0039/0.0028): hearing a rel-
evant clue prompts a tighter local search rather
than continued wide exploration. A success-vs-
fail gap emerges only in Difficulty-2 audio seg-
ments (p = 0.0088); in Difficulty-3 it disap-
pears (p = 0.4001). A Mantel permutation test
(r = 0.1548, p = 0.0047) attributes this to the
additional visual key object, whose varying loca-
tion dilutes the auditory contrast. Sign-flip permu-
tation tests further confirm the auditory effect is
robust (p = 0.0003). Omni agents thus exploit
audio when present, but the same signal can be
drowned out by a competing visual cue, indicating
that cross-modal interference, not raw perception
strength, drives failure when modalities compete.
This is the most actionable finding: scaling either
visual or auditory encoders in isolation will yield
diminishing returns, and the next gains likely come
from mechanisms that decide when each modal-
ity should dominate, dynamically reweighting at-
tention as the agent moves between exploration,
evidence collection, and time-bounded action.

6 Conclusion

We presented EscapeCraft-4D, a novel 4D multi-
modal environment for evaluating time-aware rea-
soning and active cross-modal perception in Omni
models and agents. Our experiments across 66
scenes of different difficulties reveal that even state-
of-the-art models struggle with modality bias, tran-
sient cues, and misleading information, highlight-
ing substantial gaps in real-world multimodal rea-
soning. Incorporating auditory signals and tempo-
ral constraints significantly improves navigation
efficiency, cue utilization, and multi-hop reason-
ing, as measured by TCSS, AMR, and HII metrics.
Effective modality selection and time-sensitive
decision-making remain challenging, which re-
veal the gap between the performance on static
multimodal benchmarks and emobodied, time-
variant and cross-modal decision making. Over-
all, EscapeCraft-4D provides a comprehensive plat-
form to advance Omni models toward realistic, dy-
namic, and temporally-aware multimodal intelli-
gence, supporting future research on embodied rea-
soning and proactive perception in complex and
dynamic 4D environments.
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Limitations

EscapeCraft-4D is a controlled simulated envi-
ronment rather than a real-world deployment, so
the conclusions drawn here should be interpreted
within that scope. Auditory cues are restricted to
spatialised ambient sound and short trigger speech,
and the time-aware setting uses a single fixed win-
dow with deterministic action costs; richer acoustic
conditions (overlapping speech, reverberation, non-
speech semantic events) and nested or stochastic
timers are left to future work. Our findings are
based on a representative selection of current pro-
prietary and open-source Omni models; while con-
sistent across this slice, they should not be taken as
a universal ordering over all Omni systems. Gener-
alisation to physical embodied agents, where sens-
ing noise and continuous control introduce further
challenges, also remains an open direction. We
view extending the environment to broader settings
and evaluating a wider range of models as natural
follow-ups that build on, rather than contradict, the
findings reported in this paper.
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A Level Design

This section provides the full level design that is
briefly summarised in Section 3.4.

Basic game design By incorporating the auditory
clue designs described in Section 3.2, we lever-
age the “prop chain” framework following MM-
Escape (Wang et al., 2025b) to facilitate the batch
generation of scenarios containing auditory modal-
ities. By treating auditory clues as an additional
reasoning hop, we define three standardized diffi-
culty levels for each room:

* Difficulty-1: The single-hop reasoning path,
requiring no visual props to escape. Models
can exit by identifying and interacting directly
with the door.

* Difficulty-2: This level adds one additional
reasoning hop compared to Difficulty-1. The
model must additionally locate a specific
sound-emitting object and trigger the audio
to obtain the password, which is then used to
unlock the door (example in Figure 2(a)).

* Difficulty-3: A reasoning path with one ad-
ditional hop beyond Difficulty-2 is required.
It asks for both auditory clues and physical
items (e.g., keys or passwords). This level
integrates visual and auditory cues to evalu-
ate the cross-modal synthesis capabilities of
models under complex environments.

Misleading level design To evaluate the robust-
ness of models against interference, we particularly
design “misleading” versions for Difficulty-2 and
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Difficulty-3, named Difficulty-2-M and Difficulty-
3-M. While maintaining the same hop-wise struc-
ture, we introduce a parallel distractor sound source
to the hop containing auditory information. This
distractor plays irrelevant audio containing numeri-
cal data intended to confuse the judgement of the
model, as displayed by Figure 2(b). Misleading
is measured by the ability of model to disregard
this irrelevant information; if the model attempts to
utilize the content of the distractor, it is considered
misled by irrelevant modal.

Time-aware level design Time-aware levels, de-
noted as Difficulty-2-T, extend Difficulty-2 by in-
troducing perishable clues, which are time-variant
and action-related. Specifically, the first hop in this
level involves an object, such as a recorder, that pro-
vides audio instructions guiding the agent to find
the password within the subsequent constrained du-
rations. The second hop is time constrained, requir-
ing the model to be aware of this limited duration.
As illustrated in Figure 2(c), after the recorder is
triggered, the password to the exit appears at a spec-
ified position only temporarily before permanently
disappearing. To realistically simulate the passage
of time within our environment, we assign specific
time costs and corresponding speeds to all actions:
linear velocity for movement, angular velocity for
rotations (turning or looking up/down), and fixed
time intervals for grabbing and triggering interac-
tions. Detailed configurations and examples are
shown in Table 3.

Category Specification / Value
Forward Speed 2.0 m/s

Rotation Speed 60°/s

Grab/Trigger 0.5 s (fixed cost)
Audio Types Examples

Ambient Sound Wind sound from exit
Auditory Clues Passwords or prompts
Misleading Audio  Distractors

Table 3: Time-cost Configuration and Audio Categories.

B Benchmark Construction Details

This section documents the full construction
pipeline behind the suite summarised in Sec-
tion 3.4, separating the parts inherited from the
first-generation environment from the audio-and-
time layer that is new to EscapeCraft-4D.

Inherited components Scene generation and
reasoning-chain generation are taken unchanged
from EscapeCraft (Wang et al., 2025b), and we fol-
low that work rather than reimplementing the pro-
cedure; we refer the reader to its Sections 3.2-3.3
and Supplementary C.1-C.2 for the complete speci-
fication. Concretely, (1) room and scene generation
uses an automated 3D generation pipeline extended
from ProcTHOR and Legent, driven by a configu-
ration file that specifies room scale, room type, the
furniture and object set, and each object’s position,
size, style, and interactivity. Placement draws from
per-scene-type object collections (e.g., office ver-
sus living room), so layouts remain diverse but plau-
sible, and both the agent starting position and the
object distribution are randomised, which prevents
layout memorisation. (ii) Reasoning-chain genera-
tion defines each room’s task as a Prop Chain, a
singly linked list whose nodes are interactive ele-
ments (key, locked box, note or password, exit) and
whose links encode unlock conditions and contain-
ment, e.g., a key placed inside a password-locked
box. Difficulty is set by chain length, and pass-
words and keys are the payloads attached to nodes.
Because the chain defines a valid solution path by
construction, solvability is guaranteed at generation
time rather than checked post hoc.

Audio and time layer What is new in
EscapeCraft-4D is the audio-and-time layer built
on top of this chain, declared in the same per-object
scene configuration.

Ambient sources (e.g., wind at the exit) carry a
sound file, a volume v, and a maximum audible dis-
tance d .. Perceived loudness is a deterministic
function of the agent-to-source distance d,

t(d) = v - p(d),

where the rolloff p is monotonically non-increasing
in d, so loudness grows as the agent approaches
the source and the source is inaudible beyond d,ax.
This monotonicity is the property the ambient chan-
nel relies on: it turns loudness into a usable prox-
imity gradient rather than a destination beacon.
Trigger sources are bound to interactable ob-
jects (e.g., a recorder) and specify the sound file,
a trigger mode, and interaction distance and angle
thresholds. Activation cannot fire by accident. The
agent must satisfy the proximity and orientation
thresholds, and an intent score must additionally
exceed a fixed threshold 7 before the audio plays,

p(d) =0 for d > dpax, (1)

W4 Pdist + W Pdwell + Wa Pappr = 7, (2)
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a weighted combination of a distance term @gjst,
a dwell term ¢gwen capturing how long the agent
remains engaged with the object, and an approach
term ¢,ppr capturing whether the agent is actively
moving toward it. Triggering is therefore a delib-
erate act, which is what makes trigger audio a gen-
uine prop-chain element rather than an information
channel that can be opened at random.

Misleading variants add a parallel distractor
source on the audio-bearing hop, playing plausible
but irrelevant numerical content. Time-aware vari-
ants attach a time-limited reveal to a chain node:
triggering the recorder causes the exit password
to appear on a wall for a bounded window before
disappearing permanently.

Level Type Scenes Total Objs Avg/Scene
Difficulty-1 11 152 13.82
Difficulty-2 11 151 13.73
Difficulty-3 11 186 16.91
Difficulty-2-M 11 188 17.09
Difficulty-3-M 11 192 17.45
Difficulty-2-T 11 163 14.82
Total 66 1032 15.64

Table 4: Per-scene statistics of the analysed MM-
Escape4D suite. “Total Objs” counts all objects in-
stantiated in the scenes of a level, and “Avg/Scene” the
resulting average per scene.

Statistics of the analysed suite We generate 11
scenes for each of the three basic difficulties, the
two misleading variants, and the time-aware vari-
ant, giving 66 scenes in total for standard evalua-
tion of auditory and visual abilities. Table 4 reports
the number of scenes and instantiated objects per
level.

C Benchmark Scope and Baseline
Interpretation

Scope of the 66-scene suite The 66 scenes
should be read as a reproducible instantiation for
controlled diagnosis, not as the upper bound of
the environment’s diversity. We use this com-
pact suite for the main experiments precisely be-
cause its controlled design isolates specific abil-
ities: spatial audio following, trigger-based per-
ception, misleading-audio suppression, and irre-
versible time-dependent evidence collection. The
benchmark is not limited to these scenes. Room
layouts, prop chains, audio bindings, distractors,

and time windows are all configuration-driven (Ap-
pendix B), and we release the generation scripts
and configuration files, so additional scenes can be
produced automatically under customised settings.
The suite is thus the analysed experimental sam-
ple, while the environment itself is designed to be
extended to larger-scale evaluations.

Status of the GPT-40 Omni-Agent The GPT-
40 Omni-Agent is a system-level agentic baseline,
not a controlled architectural counterpart to the na-
tive Omni models, and the comparison between
them should not be read as an architecture rank-
ing. Two points make this concrete. First, GPT-40
cannot currently be run as a native Omni model
in our setting: although public demonstrations
show omni-style behaviour, the accessible APIs
do not accept image, audio, and text simultane-
ously, so the only way to give GPT-40 audio capa-
bility here is to compose gpt-4o (vision-language)
with gpt4o-audio-preview (audio). We there-
fore report it strictly as an agentic pipeline, while
Gemini-3-Pro, Qwen3-Omni, and MGM-Omni are
native-Omni baselines. Second, the pipeline’s per-
formance is entangled with backbone capability,
planning policy, and audio-to-text routing, none
of which is matched across the two groups. Ac-
cordingly, the only comparative reading we draw
is that the two paradigms exhibit distinct failure
profiles, reported in Section 4.3 and Appendix F:
the agentic pipeline attains strong system-level es-
cape rates but is fully susceptible to misleading
audio, whereas native Omni models show different
trigger behaviour yet convert less of what they hear
into action. Neither regime is close to solving the
task, which is itself one of our findings. Our sub-
stantive conclusions rest on controlled variants and
diagnostic metrics computed within each system,
especially TR, TSR, AMR, and TCSS, rather than
on the cross-paradigm gap.

D Evaluation Metrics

Follow (Wang et al., 2025b), we also use average
escape rate (ER) as the indicator of game comple-
tion, and five more metrics for measuring inter-
mediate interactions, including prop gain, average
steps, grab count, grab success rate, and grab ratio.
Denoting the total steps as .S, amount of succeeded

grabbing action as Ngﬂfb, grab success rate as GSR,
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grab ratio as Ry, we have,

NTP

Prop Gain = 2% 3
rop Hain > Prop count ©)
NTP
GSR = grab 4
>~ Grabbing actions’ @
Grabbing actions
Rgrab = Z Sg ) (5)

We also follow (Wang et al., 2025b) and use
the metric Intent-outcome Consistence, denoted by
Cro, ranging [0,1] to evaluate how often the suc-
cessful interaction was triggered by accident rather
than the origin intention of the model. For example,
a model aims at trying to open the refrigerator but
opening a box instead. We use GPT-40 for auto-
evaluation, and the prompt template was shown in
Appendix J. We calculated the C'ro for Difficulty-3
across GPT-40 Omni-Agent, Gemini3-Pro-Preview
and Qwen3-Omni-Thinking. Results in Table 5 im-
plies that many completed sub-goals are triggered
by accident, where Gemini3 achieves a best C'jp
with 53.75%, while GPT-40 achieves only 37.08%
despite a best GSR of 8.39%, indicating the gap
between reasoning and perception.

Models ‘GPT—A()Omni Agent  Gemini3-Pro-Preview ~Qwen3-Omni-Thinking

Scores: C1o(GSR) ‘ 37.08 (8.39) 53.75(7.82) 27.55 (0.00)

Table 5: Consistency compared with GSR on Difficulty-
3.

D.1 New Metrics for Auditory and
Time-aware Settings

In addition to the metrics adopted from (Wang et al.,
2025b), we design metrics dedicated to auditory
signals, cross-modal active perception, and time-
awareness, as referenced in the main text. Specif-
ically, we introduce (i) Audio Misguidance Rate
(AMR) to quantify how often models are distracted
by irrelevant modality, (ii) Time-Constrained
Search Score (TCSS) to measure how early a model
finds the target relative to the time limit, with zero
score assigned if the target is not found within the
time budget, (iii) Trigger ratio (TR), (iv) Trigger
success ratio (TSR), and (v) Misleading Audio
Triggered (MAT), the exposure rate that AMR con-
ditions on. Denoting the total steps as S, the num-
ber of scenes in which the model is misled by irrele-
vant audio cues as Ny;sguided> amount of succeeded

. . TP .
trigger action as Ny, .., trigger success rate as

TSR, trigger ratio as Ry ijgger, and Ny the num-
ber of scenes where misleading cue was triggered,
out of Nycenes misleading scenes in total. Let toung
denote the consumed time duration when the target
is found, and 7y, the time limit for each episode.
We have,

tTP
TSR — rigger ’ 6
> Triggering actions ©
Triggering actions
Rtrigger = Z g8 S g ) (7)
N, misguided
AMR = —— (8)
N total
Ntotal
MAT = , ©
Nscenes
tfound . Cy .
— , if found within Tj;p,,
TCSS = Tiim fim
0, otherwise.

(10)

Two clarifications about these definitions are
worth stating explicitly, since the metrics play dif-
ferent roles. First, TR and TSR are behavioural
measures of auditory perception, not task-success
measures: TR is the fraction of an episode’s steps
that are triggering actions, and TSR the fraction
of triggering actions that successfully fire an audio
source. The task outcome measure is ER. A model
can therefore post a comparatively high TSR while
its ER stays near zero, and that dissociation is pre-
cisely the evidence we use in Section 4.3. Second,
MAT and AMR factorise robustness on misleading
levels into exposure and susceptibility: MAT is the
fraction of misleading scenes in which the distrac-
tor was triggered at all, whereas AMR conditions
on that exposure and measures how often the agent
then acted on the distractor’s content within the fol-
lowing three steps. A near-zero MAT thus indicates
that the agent never reached the distractor, which
reflects interaction failure rather than genuine ro-
bustness, and AMR is undefined in the limit where
no distractor is ever triggered.

Finally, TCSS measures time-constrained search
efficiency under the environment’s simulated ac-
tion clock, defined by the per-action time costs in
Table 3, and not wall-clock responsiveness. We
deliberately exclude model inference and audio-
processing latency from tgoung, since those quanti-
ties confound model capability with hardware, API
load, and deployment conditions, and would make
results incomparable across proprietary and locally
hosted systems. TCSS should accordingly be read
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as “how economically did the agent spend its em-
bodied action budget before locating the target”,
not as a measure of real-time latency.

E Evaluation Setup Details

We evaluated a range of open-source and propri-
etary models of varying scales, utilizing the tiered
methodology described in Section 3.4 to assess
their multimodal reasoning capabilities. Open-
source models include MGM-Omni-32B (Wang
et al., 2025a), Qwen3-Omni-30B-A3B-Thinking
and Qwen3-Omni-30B-A3B-Instruct (Xu et al.,
2025); proprietary models include GPT-40 (Ope-
nAl, 2024) and Gemini-3-Pro (Team et al., 2025).
For GPT-40, we implement an agentic approach to
enable Omni ability, as the officially provided APIs
do not support simultaneously inputting all three
modalities, text, image, and audio. Specifically, we
employ gpt-4o as the VL backbone, and equip it
with gpt4o-audio-preview to process any audi-
tory information when required.

Detailed evaluation templates are provided in
Appendix J. Following the experimental design
in (Wang et al., 2025b), we set the maximum
number of interaction steps to 50, 65, and 80 for
Difficulty-1, Difficulty-2, and Difficulty-3, respec-
tively, including their misleading and time-aware
variants. This configuration ensures that models
are granted sufficient opportunities to explore and
interact with the environment, while preventing
excessively long trajectories that could obscure per-
formance differences across difficulty levels.

Trials, decoding, and versions Before the main
evaluation we ran a repeatability check with five
repeated runs on representative Difficulty-1 and
Difficulty-2 levels, using Qwen3-Omni-Instruct
and Gemini-3-Pro-Preview; both task performance
and the diagnostic metrics were stable across these
runs. Given that stability and the substantial API
and compute cost of interactive multi-step evalu-
ation, the full benchmark was then run once per
model for each difficulty level and variant, i.e., one
trajectory per scene, giving 11 runs per model per
level. Decoding was held fixed for every model
throughout the benchmark, with temperature 0, top-
p 1, and a maximum output length of 8192 tokens;
we did not tune decoding per scene, difficulty, or
variant. The evaluated versions are gpt-4o paired
with gpt4o-audio-preview for the GPT-40 Omni-
Agent, Gemini-3-Pro-Preview, Qwen3-Omni-30B-
A3B in Thinking and Instruct modes, and MGM-

Omni-32B.

F Stage-wise Failure Decomposition

A low audio-usage number on its own is ambigu-
ous: it could arise from navigation, localisation, the
triggering interface, or genuine modality selection.
To separate these, we decompose failures over the
trajectory logs and action traces, reusing the signals
that already underlie our TR/TSR and HII analyses.
Each failed run is charged to the earliest stage it
cannot pass, so the categories are mutually exclu-
sive and, together with success, exhaust the runs:

* NAV: never brings a sound object into view or
audible range.

* TRIG: a sound object is in view, but triggering
fails (intent score below threshold, or the agent
stays too far).

* AUDIO: the trigger succeeded and the clue was
heard, but it was never used (no password entry,
no box unlocked).

* REASON: the key was obtained, yet the run
still did not escape.

NAV and TRIG absorb exactly the navigation, lo-
calisation, and interface confounds; whatever re-
mains under AUDIO is not explained by them. Ta-
bles 6 and 7 report the breakdown by level and by
model.

Level N
Difficulty-1 88

Success NAV
36.4%

TRIG AUDIO REASON
63.6% - - -

Difficulty-2 88 239% 557% 4.5% 15.9% -
Difficulty-2-M 88  17.0% 51.1% 3.4%  28.4% -
Difficulty-3 88 102% 602% 68%  22.7% -
Difficulty-3-M 88 159% 489% 45%  28.4% 2.3%

Difficulty-2-T 88 9.1%  90.9% - - -

Table 6: Stage-wise failure decomposition by level.?
Each run is charged to the earliest stage it fails, so rows
sum to 100% up to rounding. “~” marks stages that the
level does not expose, e.g., Difficulty-1 has no audio-
gated hop.

Navigation-controlled funnel The decomposi-
tion above charges each run to one stage, which
answers where runs stop but not how much is lost
at each step once navigation succeeds. We there-
fore also compute a conditional funnel that follows

3We ran eight Omni models on the benchmark in total.
Three of them are omitted from the main experiment because
their performance was too poor to support effective quanti-
tative analysis, but its behavior is sufficient for behavioral
analysis here, so N = 88 here pools 8 models over 11 scenes
per level, whereas Table 7 covers the five models reported in
the paper.
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Model N Success NAV TRIG AUDIO REASON
GPT-40 Omni-Agent 66 62.1% 182% 9.1% 9.1% 1.5%
Gemini-3-Pro 66 62.1% 167% 1.5% 19.7% -
Qwen3-Omni-Thinking 66 13.6% 333% 6.1% 47.0% -

34.8% 1.5%
16.7% -

50.0%  6.1%
75.8%  3.0%

Qwen3-Omni-Instruct 66 7.6%
MGM-Omni-32B 66 4.5%

Table 7: Stage-wise failure decomposition by model on
the audio-gated levels.

the surviving runs through three successive stages,
restricted to the four audio-gated levels (Difficulty-
2, -3, and their misleading variants) and to the five
models reported in the paper, giving 4 x 11 = 44
runs per model and 220 in total. Difficulty-1 and
Difficulty-2-T are excluded because neither routes
the password through a triggered sound source.

The three stages are read off the same trajectory
logs that produce TR and TSR, using the engine’s
audio-trigger verdicts:

* Localised: the run contains at least one trigger
verdict indicating the source was in view, i.e.,
either a successful trigger or a failure attributed
to the intent-score or distance gate rather than
to the absence of a source in view. Runs whose
only verdicts report no sound object in view are
not counted.

* Heard (given localised): at least one trigger
fired successfully, so the agent actually received
the spoken clue.

Used (given heard): the clue was converted into
the action it unlocks, evidenced by the corre-
sponding password entry or box unlock.

Each stage conditions on the previous one, so the
denominators shrink down the funnel; Table 8 re-
ports the counts alongside the rates so every figure
can be recomputed.

Model Localised Heard | Loc. Used | Heard
GPT-40 Omni-Agent 42/44 (95.5%) 36/42 (85.7%) 13/36 (36.1%)
Gemini-3-Pro 39/44 (88.6%) 38/39 (97.4%) 10/38 (26.3%)
Qwen3-Omni-Thinking ~ 37/44 (84.1%) 33/37 (89.2%) 1733 ( 3.0%)
Qwen3-Omni-Instruct 31/44 (70.5%) 27/31 (87.1%) 1727 ( 3.7%)
MGM-Omni-32B 13/44 (29.5%) 11/13 (84.6%) 0/11 ( 0.0%)

Pooled 162/220 (73.6%)  145/162 (89.5%)  25/145 (17.2%)

Table 8: Navigation-controlled funnel on the audio-
gated levels, over the five models reported in the paper.
Each stage conditions on the preceding one. Localisa-
tion varies widely across models, and triggering given
localisation is uniformly high, whereas converting a
heard clue into the corresponding action collapses for
every model.

Two patterns stand out. Localisation separates
the models sharply, from 95.5% for the GPT-40
Omni-Agent down to 29.5% for MGM-Omni-32B,

S0 navigation is a genuine bottleneck for the weak-
est system but not for the others. In contrast, trig-
gering given localisation is uniformly high, be-
tween 84.6% and 97.4%, indicating that the trigger
interface itself is not what limits performance once
a source has been found. The collapse is at the
final stage: pooled over the five models, only 25
of 145 runs that heard the clue converted it into
the corresponding action (17.2%), and no model
exceeds 36.1%.

Reading of the decomposition Three observa-
tions follow, and we keep them deliberately tenta-
tive. First, the weakest system fails predominantly
at navigation: MGM-Omni-32B brings a sound
object into view in only 29.5% of its runs on the
audio-gated levels, so its low audio usage is a nav-
igation and localisation failure, and we report it
as such rather than as modality bias. Second, for
the remaining models navigation, localisation, and
the trigger interface are largely cleared (70-96%
of runs bring a source into view), and the residual
loss concentrates at the heard-to-used step, where
the conversion rate falls to 3-36%. Qwen3-Omni
is the clearest case: it localises and triggers on
par with the frontier systems, with TSR 22.24%
on Difficulty-2 against the GPT-40 Omni-Agent’s
9.15%, yet converts almost none of what it hears.
Third, misleading levels push AUDIO-stage fail-
ures up to 28.4%, against 15.9-22.7% on their non-
misleading counterparts, which tracks AMR and is
therefore a decision-level rather than a perception-
level effect. This is consistent with the HII analy-
sis in Appendix 1.3, where audio-active segments
are significantly more concentrated than non-audio
ones: models do move toward the sound, but in
complex scenes visually salient objects dilute the
auditory contrast and the heard content is not bound
to the correct action.

G Measurement Foundations

G.1 Discrete Fréchet Distance

To quantify the global structural similarity between
the traversed trajectory P of the agent and the opti-
mal reference “beeline” path @) (which is exactly
the line connecting the start point of the agent and
the coordinate where the exit is located), we em-
ploy the discrete Fréchet distance (dg). Unlike
the standard Euclidean distance between endpoints,
dr accounts for the specific sequencing and spatial
flow of the movement. Formally, for two polygonal

curves P = (p1,...,pn) and Q = (q1,-..,4qm),
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the distance is defined as:

dp(P,Q) = inf max |[P(a(t))=Q(B(2))[ (11)
a,B t€[0,1]

where o and 3 are continuous, non-decreasing repa-

rameterizations. A lower dr value indicates that

the agent’s navigation strategy closely adheres to

the geometric optimum. Detailed description for

discrete Fréchet can be found in (Eiter et al., 1994).

G.2 HHI-based Occupancy Index (HII)

We measure the spatial focus of the naviga-
tion of the agent using a normalized Herfindahl-
Hirschman Index (HHI) applied to a discretized
occupancy grid. The environment is partitioned
into IV equal-sized cells, where p; represents the
proportion of total episode time the agent occupies
cell 7. The raw HII is defined as:

N
HIIraw = Zp? (12)
=1

To ensure comparability across different room
scales, we normalize the index which is broadly
used in calculating hii with in the grid range such
that HII € [0, 1], which is defined as:

HIl oy — 1/C

HlHhorm = =770

€ [0,1]. 13)
We interpret a higher HI1 as the evidence of sig-
nifying that the agent has developed a consistent,
low-entropy navigation policy. Conversely, a lower
H I indicates a high-entropy search pattern, often
seen in agents lacking sufficient sensory guidance.
However, it is also possible that the model is actu-
ally stuck in a certain area, causing an abnormally
high HII. Therefore, we subsequently used var-
ious hypothesis tests to rule out the influence of
extreme cases on the analysis results. Detailed de-
scription for the original definition of HII index can
be found in (Hirschman, 1964).

G.3 Path Efficiency

Path efficiency (1,q:n) assesses the economy of
movement by normalizing the theoretical short-
est navigable distance L,,;, by the actual distance
Lgcruar traversed by the agent:

Tpath I

(14
actual

A value of 1.0 represents a strictly optimal trajec-
tory. This metric isolates the ability of the agent to
translate sensory inputs into direct kinetic progress.

G.4 Monotonic Progress Ratio

The Monotonic Progress Ratio (R;,on0) €valuates
the degree of hesitation or backtracking during an
episode. Let D(t) be the Euclidean distance to the
exit at timestep ¢. We define the progress increment
as AD; = D(t — 1) — D(t). The ratio is the
proportion of the episode duration 7' where the
agent successfully reduces the distance to the goal:

T

1
Riono = 7 ;H(ADt > 0)

(15)

where I is the indicator function. A high R,on0
indicates a persistent, goal-oriented heading.

G.5 Survival Analysis of Exit Proximity

To evaluate the temporal efficiency of navigation,
we model the probability of an agent not reaching
the exit zone using a survival analysis framework.
An agent is considered to have survived (failed
to escape) at normalized time ¢ if its distance to
the exit remains above a critical threshold 7 (e.g.,
1.5m). The survival function S(t) is given by:

S(t) = P(D(t) > 1) (16)
By analyzing the decay rate of S(¢) and the re-
sulting Area Under the Curve (AUC), we can sta-
tistically determine—via Wilcoxon signed-rank
tests—whether auditory guidance significantly ac-
celerates the arrival of the agent at the exit zone
compared to baseline conditions.

G.6 Calculation of distance between
trajectories

Jensen-Shannon Distance To quantify the dis-
similarity between two trajectories P and () of
arbitrary lengths, we first discretize the room into
a grid of M x M cells. Each trajectory is trans-
formed into a discrete probability distribution, P
and Q, where the value of each cell represents the
normalized residence steps of the agent within that
spatial bin.

The divergence between these distributions is
measured using the Jensen-Shannon (JS) diver-
gence, which is a symmetrized and smoothed ver-
sion of the Kullback-Leibler (KL) divergence. It is
defined as:

1 1
IWAPM@=§DKMWM®+§DKM@M@
(17)
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where M = (P + Q) is the average distribution.
The D, term represents the relative entropy:

M2 P.
Dgr(P|M) =) Pilog <M> (18)
i=1 ¢

In our analysis, we utilize the Jensen-Shannon dis-
tance, defined as d ;s = \/D g, which satisfies the
triangle inequality. Unlike simple Euclidean dis-
tance among discrete points, d jg captures the com-
plete topological difference between paths, making
it highly sensitive to detours, wall-following be-
haviors, and local search patterns.

L1 Distance Use the same definition of discretiz-
ing the room into a grid of M x M cells, and
denote p. and ¢, as the probability the trajectory
of the agent falls into each cell. The L, distance is
then calculated as follows:

Li(P,Q) =) Ipc — 4 (19)

H Hypothesis tests

We performed a series of hypothesis tests to ex-
amine differences across various conditions (e.g.,
success vs. failure, audio vs. non-audio) and met-
rics (e.g., Hitnorm, path density). The following
sections provide a detailed description of the spe-
cific tests employed. A comprehensive mapping of
the hypothesis tests is presented in Table 10.

H.1 Mann-Whitney U Test

The Mann-Whitney U test (also known as the
Wilcoxon rank-sum test) is a non-parametric statis-
tical method used to determine whether there is a
significant difference between the distributions of
two independent groups. Unlike the ¢-test, it does
not assume a normal distribution of the data. The
calculation involves the following steps:

1. Ranking: Combine all observations from
both groups and rank them by ascending order,
assigning average ranks in the case of ties.

2. Test Statistic (U): The U statistic is calcu-
lated based on the sum of ranks for each group.
For a group with size n; and rank sum R;, the
statistic is defined as:

nl(nl =+ 1)

2 —

Ui =ning + (20)

3. Evaluation: The smaller of the U values from
the two groups is compared against a critical
value table or used to calculate a p-value. A
small p-value suggests that one distribution is
stochastically greater than the other.

H.2 Wilcoxon Signed-Rank Test

The Wilcoxon signed-rank test is a non-parametric
alternative to the paired ¢-test, designed to compare
two related samples or repeated measurements on
a single sample to assess whether their population
mean ranks differ. The procedure is as follows:

1. Difference Calculation: For each pair ¢, cal-
culate the difference d; = x1; — x2;. Pairs
with d; = 0 are typically excluded based on
the “Wilcox™ zero-handling method.

2. Ranking of Absolute Differences: Rank the
absolute values |d;| from smallest to largest.

3. Signed Ranks: Attach the sign of the original
difference to each rank. Let W be the sum
of ranks where d; > 0, and W~ be the sum
of ranks where d; < 0.

4. Test Statistic (1/): The test statistic W is
the smaller of the two sums calculated before:
W = min(W*,W~). The p-value is then
derived from the distribution of W, indicating
whether the median of the differences signifi-
cantly deviates from zero.

H.3 Permutation-based Resampling Test

When standard rank-based tests are unavailable,
a permutation-based resampling approach is em-
ployed as a robust estimation of the p-value. This
method does not rely on any specific distribution
parameters. The process involves:

1. Observed Statistic: Calculate the observed
difference in means Apiops = |Z4 — Tp|.

2. Shuffling: Under the null hypothesis that
the two groups are identical, the group la-
bels are randomly permuted N = 5000 times.
For each permutation, a synthetic difference
Afiperm is computed.

3. Probability Estimation: The p-value is es-
timated as the proportion of permutations
where Apiperm > Aftobs:

_ ZH(Aﬂperm > A,Uobs) +1
P N+1

21
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where I is the indicator function. The “+1”
serves as a pseudo-count to prevent a p-value
of zero.

H.4 Group-level Permutation Test

To determine if the observed spatial distribution
difference between two independent cohorts (e.g.,
successful vs. failed runs) is statistically significant,
we perform a non-parametric permutation test. Let
P4 and Pp be the mean occupancy probability
maps of the two groups. The observed test statistic
is defined as the JS distance between these mean
distributions: Sups = djs(Pa, PB).

Under the null hypothesis that group member-
ship has no effect on spatial behavior, we pool all
runs and randomly redistribute them into two sur-
rogate groups of sizes n4 and npy. This process
is repeated for NV = 3000 iterations to construct
a null distribution of the test statistic Spe,m,,. The
p-value is calculated as the proportion of permuta-
tions where Sperm > Sops:

Zij\il H(Sperm,i > Sobs) +1
N+1

p= (22)
where I(+) is the indicator function. This way to
construct the test statistic ensures that the signifi-
cance is derived from the collective spatial pattern
of the group rather than being biased by individual
outlier trajectories.

H.5 Paired Sign-flip Test for Stimulus
Response

To isolate the direct impact of acoustic stimuli
while controlling for individual agent variance, we
employ a paired sign-flip test. For each run r,
we compute the paired difference in occupancy:
A = Paudior — Pron_audio,r- This represents the
spatial shift caused by the audio signal within run.

The null hypothesis states that the audio trigger
has no systematic effect on the path of the agent,
implying that the direction of the shift A, is purely
stochastic. To test this, we generate N = 3000
randomized samples where each difference map is
assigned a random sign s, € {41, —1}:

R
AilJGT‘m = % Z sp - Ay (23)
r=1

The significance is determined by comparing the
observed aggregate JS distance between the audio
and non-audio conditions against the distribution

of distances generated under random sign assign-
ments. This paired approach is highly sensitive to
subtle, consistent behavioral transitions that might
be masked in a standard group-wise comparison.

H.6 Mantel Test

The Mantel test is a statistical procedure used to
evaluate the correlation between two symmetric
distance (or dissimilarity) matrices, Dx and Dy,
derived from the same set of n samples. In the
context of spatial navigation, this test determines
whether the dissimilarity in agent trajectories corre-
lates with the dissimilarity in environmental config-
urations (e.g., target prop positions). The procedure
is defined as follows:

1. Matrix Construction: Two matrices are con-
structed such that Dx; ;) represents the dis-
tance between the i-th and j-th agent trajec-
tories (i.e. JS distance of occupancy proba-
bilities), and Dy (; ;) represents the Euclidean
distance between the corresponding target ob-
ject positions for those runs.

2. Observed Statistic (r,7): The Mantel corre-
lation coefficient is computed using the stan-
dardized Pearson or Spearman correlation
between the corresponding off-diagonal ele-
ments of the two matrices:

n—1 n
TV = ﬁ Z Z Std(DX(m-))

i=1 j=i+1
where m = n(n — 1)/2 is the number of
unique pairs.

3. Permutation Procedure: Since elements
within distance matrices are not independent,
a permutation-based approach is required for
significance testing. The rows and columns of
one matrix (e.g., Dx) are randomly shuffled
N = 3000 times while keeping the other ma-
trix Dy fixed. For each shuffle k, a permuted
statistic 7z, 18 calculated.

4. Significance Evaluation: The p-value is de-
fined as the proportion of permutations where
the absolute value of the permuted statistic
equals or exceeds the observed statistic:

p = 2okl 2 rason]) +1

N +1 3)
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A significant p-value indicates that the spatial
distribution of the trajectories is non-randomly
associated with the positioning of environmen-
tal landmarks.

I Detailed Analysis

This section provides the full analysis condensed
in the main-text Analysis section.

I.1 Analysis of Exploration Behavior and Path

To investigate the underlying exploration behav-
ior, navigation strategies, and the impact of cross-
modal cues on decision-making, we visualize the
movement patterns using exit-aligned path density
heatmaps in Figure 3. We rotate each trajectory by
90° increments so that the target exit is consistently
aligned at the top edge for easier comparison, and
then aggregate the spatial distributions of success-
ful and failed runs across different level families.

In Difficulty-1, successful escape exhibit a direct
and concentrated path towards the exit, whereas
failed runs show sparse exploration, suggesting a
lack of basic spatial grounding. As complexity in-
creases in Difficulty-2 and -3, the density maps
reveal a strategic shift, where models must devi-
ate from the exit-ward path to interact with key
items (e.g., recorders or boxes), as indicated by the
dashed contour overlays. Note that successful runs
in these levels show higher density around these
key items compared to failed runs, indicating more
effective active perception and target-oriented ex-
ploration. The lower ER in more complex levels
correlate with more fragmented and exploratory
path distributions.

A significant observation in failed runs for
Difficulty-2 and -3 is that these runs are often
trapped near the center or far-flung corners, where
models often wander aimlessly or fail to transition
from auditory-based exploration to final escape.
The discrepancy between success and failure is
most pronounced in Difficulty-3, where successful
runs demonstrate a clear multi-hop traversal pattern,
e.g., first localizing the auditory clue (recorder) and
then proceeding to the exit, while failed ones often
miss the crucial temporal or spatial trigger zones
of these objects.

I.2 Ablation Study of Ambient Sound

To analyze the specific impact of ambient sound
on active perception, we conduct an ablation study
using Difficulty-1, which is uniquely suited for the
analysis as it requires no complex prop chains or

specific clues (e.g., passwords) to escape, relying
solely on the ability to navigate toward the exit. By
comparing the standard Difficulty-1 setting with a
spatialized ambient sound source at the exit with a
silent version, the effect of auditory cues on spatial
reasoning and decision-making under uncertainty
can be isolated.

We conduct analysis across nine metrics, in-
cluding burden-related measures such as Steps,
Time, PathLen (the total actual path length), Turn
(turning back toward the opposite direction), and
Frechet, as well as efficiency indicators including
ProgEff (Progress Efficiency), PathEff (Path Effi-
ciency), Mono (Monotonicity Ratio of trajectory),
and MinDist (the closest proximity achieved to the
exit). Together, these metrics characterize explo-
ration behavior, path optimality, and progress to-
ward the goal. Detailed explanations on these mea-
surements can be found in Appendix G.

Results and Analysis Figure 5 compares the
results between the Audio and No-Audio condi-
tions in Difficulty-1. It shows that spatialized am-
bient sound significantly improves active percep-
tion and navigational efficiency. As illustrated
in the Delta Distributions (Figure 5 C), auditory
cues lead to a substantial reduction in Steps, Time,
PathLen. Path quality is further evaluated using
the Frechet. The Non-Audio group exhibits con-
sistently higher Frechet values compared to the
Audio group, reflecting significantly more wan-
dering and path distortion. Correspondingly, the
median deltas (A = Audio — No-Audio) for all
these burden-related metrics fall well below the
zero baseline, confirming that auditory feedback
helps bypass redundant search behaviors and act
with greater decisiveness and efficiency.

The performance gap is further highlighted by
the Audio Advantage Radar Chart (Figure 5 D),
which shows the win rate of audio-guided set-
tings across nine metrics. In this chart, the audio
group presents lower burden in burden-related met-
rics Steps, Time, PathLen, Turn, and Frechet, and
achieves higher efficiency in ProgEff, PathEff, and
Mono, suggesting a strong audio benefit. The high
better-rate in MinDist confirms that audio-guided
agents not only move efficiently but also approach
the exit more successfully. Overall, audio improves
performance in over 60% of trials across nearly all
dimensions, demonstrating robust multi-faceted ad-
vantages for navigation.

Temporal behavior analysis using Aligned
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Figure 4: Paired HII comparison under auditory conditioning for Difficulty-2 and Difficulty-3. Each row
corresponds to one difficulty level. Left column: unpaired success vs fail comparison in audio-active segments.
Middle and right columns: paired audio vs non-audio comparison within success and fail runs. Each dot is one
run-level HIL, ., ; lines connect paired points from the same run; error bars show mean =+ standard deviation. The
figure shows consistent concentration increase during audio-active periods, while success vs fail separation in audio
periods is significant in Difficulty-2 and not significant in Difficulty-3.

Test HII JS Distance Visual Effects
s s s/f s/f S S ante
leﬁculty PA vs NA P£ vs NA P{Mid Pnénfaud PLf1, AvsNA,S PJ§D7 A vs NAF P}I;\gm—t)plath
Difficulty-1 - - - 0.3612 - - -
Difficulty-2  0.0004*  0.0215*  0.0088* 0.2388 0.00033* 0.00033* -
Difficulty-3  0.0039*  0.0028*  0.4001 0.3568 0.00033* 0.00033* 0.0047*

* Note: P < 0.05 indicates a statistically significant difference.

Table 9: P-values for the hypothesis tests used.

Distance-to-Exit curves (Figure 5 E) shows the
Audio group consistently closer to the exit between
the central portion of the episode (0.2-0.8), with
lower variance than the No-Audio group. A Paired
Wilcoxon Signed-Rank Test on the AUC confirms
the statistical significance (P{U%, = 0.042* <
0.05), indicating that models actively leverage au-
ditory cues rather than random variation. Similar
trends appear in Kaplan-like Not-Reached survival
curves in Figure 5 F, where the Audio curve decays
faster, implying earlier entry into the exit zone.

To test the comprehensive behavior through the
whole path, a point-label permutation test was con-
ducted on the path density. By dividing the room
into a M x M grid, we get the path density dis-
tribution Pyqq and Ppon_aud- Since the levels of

audio and non-audio are exactly the same, we can
use both Ly and JS distance to calculate the gap
between the path density of each level. The point-
label permutation test reveals significant difference
between the path density (PP} = 0.00019* <
0.05, Pfggm = 0.00019* < 0.05), which confirms
that the ambient sounds had a significant impact on
the choice of agent path.

1.3 Influence of Auditory Clues

This subsection investigates how auditory clues
such as password emitted by recorder would affect
the trajectory of models. In this analysis, the trajec-
tory is processed using the same steps in Section I.1.
This normalization makes trajectories comparable
across levels with different settings and runs under
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Figure 5: Analysis of Ambient Sound via Audio and No-Audio settings. (A-B) Path density heatmaps showing
trajectory concentrations, using the same spatial aligning method as in Figure 3. (C) Delta distributions for sign-
aligned metrics (Steps, Timer, Frechet, PathLen); the red median lines below zero indicate the superiority of the
audio condition. (D) The winning rate of audio guidance across nine navigation metrics. Metrics where lower values
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standard deviation. (F) Kaplan-like survival plot showing the percentage of models that have not yet reached the

1.5m exit threshold.

a shared coordinate frame.

The concentration of exploration is quantified by
the normalized Herfindahl-Hirschman Index (HII),
adapted from the Herfindahl concentration index
in economics. We divide the room into B x B
occupancy grid, and let p. denote the probabil-
ity mass of points on trajectories in cell ¢, with
>.pe = 1and C = B2 The raw index is
HIl,..w = Zle pg, and the normalized form is

Hllyorm = 7257 € [0,1]. A larger HlTorm,
indicates that trajectory occupancy is concentrated
in fewer regions, while a smaller value indicates
more spatially dispersed exploration. A detailed
description for HII can be found in Appendix G.
Two complementary hypothesis tests are de-
signed to separate within-run auditory effects from
between-outcome differences. (i) A vs N A (paired,
within run): each run provides two matched ob-
servations, the audio-active segment and the non-
audio segment. The test target is whether the
typical within-run difference (Apn = Hllyygio —
HITpon-audio) is centered at zero. A paired two-
sided Wilcoxon signed-rank test is used because
the two observations are dependent and come from

the same trajectory context. This design controls
run-level heterogeneity and directly tests the ef-
fect of auditory condition on concentration. (ii) S
vs F' (unpaired, between runs): success and fail
runs are independent groups, so that run-level HII
distributions are compared with a two-sided Mann-
Whitney U test.

The test is performed under three segment defi-
nitions (full steps, steps with audio playing, steps
with no audio) to identify where outcome sepa-
ration appears. This setup tests whether explo-
ration concentration differs by final outcome, and
whether that difference is specifically amplified
during audio-active periods rather than a global
trajectory difference.

Results from Table 9 show that audio-active seg-
ments have significantly higher HII than non-
audio segments across outcome classes, indicat-
ing more concentrated exploration with audi-
tory cues, indicating more concentrated explo-
ration under auditory clues (Difficulty-2: p =
0.0004* for success and p = 0.0215* for fail;
Difficulty-3: p = 0.0039* for success and p =
0.0028* for fail). The detailed run-level scatter-
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Test Symbol Test Type What Is Being Tested
PﬁgSCN A Paired Wilcoxon Whether audio changes the mid-trajectory
signed-rank Appendix H.2  distance-to-exit behavior between Difficulty-1
audio and non-audio settings (AUC on
normalized progress window).
Pji“ss NA Paired Wilcoxon Whether audio changes endpoint not-reached

signed-rank Appendix H.2

PP, PISH” Point-label permutation

test Appendix H.3

status between Difficulty-1 audio and
non-audio settings (Kaplan-like endpoint
comparison).

Whether the density between difficulty-1
audio/non-audio settings changes significantly
using L; and J.S distance.

PS%YS NA Paired Wilcoxon Within successful/failed runs, whether HII
signed-rank Appendix H.2 behaviors change among audio/non-audio
segments.
P;ﬁ; /Pnséfz_ aud Mann-Whitney U test Whether
Appendix H.1 audio-active-segment/non-audio-segment HII
differs between success and fail runs.
Png, A vs NA,S/F Paired sign-flip Whether density between audio and non-audio
permutation segments changes significantly within
Appendix H.5 successful/failed runs using J.S distance.
P%ig‘;}ath Mantel permutation test Whether run-to-run box-position distance is

Appendix H.6

associated with run-to-run path-distribution
distance.

Table 10: Tests used for analysis.

and-paired-line distributions are provided in Fig-
ure 4 and can further prove the consistency differ-
ences in path selection strategies. For .S vs F', a
significant gap appears only in audio segments of
Difficulty-2 (p = 0.0088*), with success runs more
concentrated than fail runs. However, Difficulty-3
shows no significant S vs F' gap in audio segments
(p = 0.4001). A plausible explanation is the ad-
ditional visual key object in Difficulty-3, which
dilutes isolated auditory contrast.

To verify this interpretation, a dedicated
Difficulty-3 box-position analysis is conducted
with a Mantel permutation test. This test is to
answer if box location changes across runs, does
agent path pattern change with it. The analysis com-
pares path differences and box-location differences
across runs, and also checks whether path centroids
move with box coordinates. For each run, full-
path distribution distance is computed by Jensen-
Shannon distance between run histograms, and box-
position distance is computed by Euclidean dis-
tance between aligned box coordinates. Additional
robustness tests evaluate whether the audio-related

shift is stable rather than random noise. The result
is significant (r = 0.1548, p = 0.0047*), show-
ing that visual clue position is associated with path
variation and affects Difficulty-3 auditory compar-
isons. This evidence supports strong cross-modal
coupling in EscapeCraft4D.

Further, to confirm that audio cues systemati-
cally affect behavior rather than reflecting ran-
dom variation, trajectory-level density distribu-
tions were analyzed with permutation tests. Jensen-
Shannon distance and L effect size were used,
and paired audio vs non-audio comparisons ap-
plied sign-flip permutations on within-run density
differences. Validation against thousands of ran-
domized permutations shows that observed shifts
are highly unlikely by chance, with P} . 4 and
P,fl vs N4 reaching the permutation lower bound
0.0003*, demonstrating a strong and robust audi-
tory impact on exploration strategies. All the tests
we have used for analysis are listed in Table 10.
For a detailed account of the statistical tests, see
Appendix H.
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J Prompt Template

We follow (Wang et al., 2025b) and define the fol-
lowing prompts.

System Prompt Compare to (Wang et al.,
2025b), we added one more action space for audi-
tory modality to the system prompt. The complete
prompt is shown in table 11.
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Instruction Prompt

You find yourself locked inside a room, and your ultimate goal is to escape the room, i.e., the room
escape game.
You can explore the room, interact with objects, inspect items, and resolve puzzles. You can adopt the
following actions to explore the room and interact with objects:

Operation Prompt

- move_forward: float, ranged between [-10, 10]. This is the number of meters you want to move
forward. Negative value means moving backward.

- rotate_right: float, ranged between [-180, 180]. This is the number of degrees you want to turn right.
Negative value means turning left.

- rotate_down: float, ranged between [-90, 90]. This is the angle you want to adjust your view
vertically. Positive value means looking downward, while a negative value means looking upward.
Angle 0 means looking straight ahead.

- jump: bool, whether you want to jump. This can be used together with moving forward, e.g., True
represents the action “to jump”.

- look_at: list[x: float, y: float], the range of x and y is [0, 1]. This parameter is the coordinates of the
point in the image you want to look at. For reference, the coordinates of the upper left corner of the
scene are (0, 0), and the coordinates of the lower right corner are (1, 1). Also note that there are no
clues on the ceiling.

- grab: bool, whether you require to interact with the object located exactly at the center of the scene,
marked by a red dot. For example, to grab the key or to interact with/open a box at the center of the
scene, set grab=True. The red dot assists in locating the object you require to interact with. You
might need to adjust the view or move closer to ensure the red dot is on your target object through the
rotate_right, rotate_down, and move_forward actions. To successfully grab an object, you should
center the object via the red dot and be within a certain distance to it. If the grabbing fails, try moving
closer toward the object. If it fails multiple times at the same position, you should be aware that not
all objects are interactable; do not get stuck in an uninteractable position.

- trigger: bool, whether you want to attempt to trigger the sound of a sound-emitting object, e.g.,
recorder/radiogram/musicbox, at the center of the scene. This ONLY works when you are close
enough and facing it; otherwise, it will fail and you should move closer or adjust your view.

- interactions: dict:{*“use_item_id”: str, this is the item_id you require to view or use. When used
together with grab=True, it means to use this item to interact with the target object you want to grab,
e.g., using the item_id of the key to open the door in the scene. “input”: str, this is the message you
want to input when interacting with the center object}.

- read: str, this is the item_id that you want to get detailed information from your bag.

- rationale: str, represents the rationale of your action. This should explain your decision-making
process and help the agent understand your thinking process.
You need to return data in the following format of JSON_string to interact with the scene:

{

“move_forward”: float,
“rotate_right”: float,
“rotate_down”: float,

“jump”: bool,
“look_at”: [x: float, y: float],
“grab”: bool,

“trigger”: bool,
“interactions”: {
“use_item_id”: str,

Continued on next page
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The System Prompt continued

“input”: str

IS

“read”: str,
“rationale”: str

b

All of the above operations are optional. If no value is passed in, the interactive operation will not be

performed.
You must follow the above instructions and do not say anything else except for the JSON_string of

operations.

Table 11: The System Prompt
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Step Prompt The complete prompt is shown in
table 12.

Interaction Result
{interaction_result}

Inventory
The items in your bag usable include:
{bag_desc}
Step Prompt

Please determine the next action(s) that could
help you observe the room or obtain useful
tools or clues.

If you find yourself stuck in a corner, try turn
around by passing rotate_right.

You need to return data in the following format
of JSON_string to interact with the scene and
don’t say anything else:

{

“move_forward”: float,

“rotate_right”: float,

“rotate_down”: float,

“jump”: bool,

“look_at”: [x: float, y: float],

“grab”: bool,

“trigger”: bool,

“interactions”: {
“use_item_id”: str,
“input”: str

1,

“read”: str,

“rationale”: str

}

Table 12: The Step Prompt

Prompt for Consistency Evaluation Compared
to (Wang et al., 2025b), we found that prevailing
models seem to prefer using more rationale to de-
scribe how to adjust the perspective, thus inter-
fering with the judgement of the scoring model.
Therefore, we added an additional special case to
accommodate this situation. The complete prompt
is shown in table 13.
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Consistency Evaluation Prompt

You are a reasoning consistency evaluator for a multimodal agent benchmark. Your task is to
determine whether the agent’s intention described in the “rationale” matches the actual interaction
result described in the “response”.

Specifically, you are given:

- The agent’s rationale for why it attempted an interaction, describing its goal or belief about the
current environment.

- The response from the environment after the interaction, which includes the actual result, e.g., what
item was interacted with and what was obtained.

Your goal is to determine whether the object the agent intended to interact with matches the object
that was actually interacted with according to the response.

If the agent tried to interact with object A, e.g., a microwave, but the response shows interaction with
object B, e.g., a box, and B was not the intended target, this is considered an inconsistent interaction,
i.e., accidental success or misaligned action.

Special Cases: if the response is “Escaped successfully!”, you should check whether the agent’s
rationale explicitly or implicitly indicates the intention to escape, e.g., trying to open the door to
leave. In another special case, if the agent is trying to adjust its view to align with the door, and it has
triggered the information of the door, this is considered consistent. If not, treat it as inconsistent.
You must give your feedback in the following JSON-string format and DON’T say anything else:

{

“Consistency”: 1 | @

3

Where:
- 1 means the rationale and interaction are consistent, i.e., aligned.
- @ means the interaction appears to be accidental, mismatched, or unintended.

Respond only with Consistency: 1 or Consistency: 0.

Example 1:

rationale: Moving closer to the microwave to try interacting with it one last time using '1264°. If this
doesn’t work, I'll need to explore other areas.

response: You used the correct password to unlock the box... You did not interact with any objects in
the last step.

Expected output: Consistency: @

Example 2:

rationale: I'll try using the key I just picked up on the door. Let’s see if I can escape now.
response: Escaped successfully!

Expected output: Consistency: 1

Example 3:

rationale: I want to check if the small box has any useful items inside.
response: You opened the box and found a screwdriver.

Expected output: Consistency: 1

Please score the following interaction:
rationale: {rationale}
response(s): {response}

Table 13: The Consistency Evaluation Prompt
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