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Evacuation simulation is the main basis for determining safety margins in
performance-based fire design, and its reliability depends on assumptions
about the state of crowd information. Existing microscopic evacuation models
generally imply an omniscient assumption: individuals know the locations of
all exits and fire sources at any time, and information is received instantly.
This contradicts behavioral evidence from real fires, where perception is
limited, cognition is insufficient, and information is delayed. The prediction
errors caused by this assumption haven't been systematically quantified yet.
This paper breaks down the omniscience assumption into three orthogonal
information channels: perception, cognition, and delay, represented
respectively by the visual radius that diminishes with smoke density, the
completeness of knowledge about exits and fire sources, and the update
interval for decision information. On a multi-agent platform coupling fire,
smoke, and humans, we designed gradient ablation experiments: first
downgrading each channel separately to isolate their individual
contributions, then combining downgrades to identify channel interactions.
Deviations are measured across four aspects: evacuation time T95, number of
casualties, safety margin distribution, and balance in exit usage. Experiments
show that the cognitive channel is the most stable source of independent bias
(dominating 16 out of 18 scenarios), while the perception and delay channels
only appear under high-density conditions with few exits and smoke spread,
and the channels work together only when there's a cognitive gap. This
suggests that an all-knowing model is a pretty good approximation for normal
real-world scenarios, and its cost is mainly in the extreme cases where
information is completely missing, providing a quantitative basis for
prioritizing prediction corrections and information system investments.

1. Introduction

In performance-based fire design, whether a building design is safe depends on comparing the
required safe egress time (RSET) with the available safe egress time (ASET), where RSET is given by
an evacuation simulation model. Reviews by Gwynne and others show that evacuation modeling has
developed over the years into three main approaches: optimization, simulation, and risk assessment.
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Just the simulation models alone have dozens of implementations, and any model has to make
assumptions about the building space, the composition of people, and crowd behavior [1]. On a
microscopic level, cellular automata (CA) and floor field models describe individual movement and
competition at exits using local transition rules. Because the rules are simple and highly parallelizable,
they've become one of the most commonly used modeling paradigms [2, 3]. The model's outputs for
evacuation time, congestion spots, and casualty risks directly feed into the design criteria. Any
systematic deviation from real behavior would proportionally translate into misjudging safety
margins: for example, if the model consistently overestimates people's ability to process information,
the evacuation time it predicts will be systematically too short, and the design might be wrongly
considered safe.

The reliability of behavioral assumptions thus becomes the bottleneck for the predictive
capability of evacuation models. Wang and others, in a systematic review of human factors in
emergency evacuations, pointed out that behavioral uncertainty is one of the main sources of
prediction uncertainty [2]. Among various behavioral assumptions, this paper focuses on a type that
is common across models but rarely tested on its own: individuals having perfect information. This
isn't a choice of implementation for a specific model, but a default premise in classic constructs like
floor fields and distance fields, and its predictive cost hasn't been quantified so far. The omniscient
assumption means that a model assumes each individual has three types of information abilities:
perceptually, all exits and hazards throughout the building are visible; cognitively, the locations of all
exits, the building layout, and the fire status are known in advance; temporally, there's no delay in
acquiring or updating environmental information. In classic CA models, individuals choose which way
to move based on global static or dynamic fields, and the exit attraction field is equally visible to
everyone [2, 3], implicitly covering the first two abilities.

This paper formalizes omniscience into three orthogonal information channels: perception,
cognition, and delay, and defines a gradient degradation process from omniscience to scarcity,
making it possible to 'turn off a hypothesis' as a repeatable experiment; single-channel and combined
ablation tests are performed on a fire—smoke—people coupled simulation platform to quantify
prediction bias and attribute it to channels; matrix experiments with 18 basic scenarios are used to
characterize the conditions under which the dominant channel shifts.

2. Related Work
2.1 Evacuation Simulation Models

Evacuation simulation models can be divided into three types based on granularity: macroscopic,
mesoscopic, and microscopic. Microscopic models are further divided into continuous space models
(represented by social force models [3]) and discrete space models (represented by cellular automata
[4]). CA models are widely used because of their simple rules and good parallelism. Kirchner and
Schadschneider proposed a biomimetic CA evacuation model, which simulates congestion and
gueueing at exits through conflict resolution probabilities [5]. Burstedde and others proposed a 2D
CA model that uses a diffusive and decaying floor field to achieve self-organization of crowds, and
they specifically pointed out that this model can simulate evacuation in environments with reduced
visibility [6]. These classic models form the foundation of evacuation simulations, and their common
feature is that individuals perceive the environment globally and without noise: the floor field,
distance field, and exit field are equally visible to all individuals, and there is no information loss in
decision-making inputs.

Evacuation simulation in fire scenarios needs to capture the interaction between fire, smoke, and
people at the same time. Fire hazard environments are usually described by visibility, temperature,
radiation, and toxic gas concentration. The cumulative effects of toxicity and heat exposure are often
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assessed using the Fractional Effective Dose (FED) model, where an individual's FED reaching 1 at any
moment is considered incapacitation [7]. In terms of coupling methods, Zhai Yue and others built a
dynamic coupled model for fire and mixed pedestrian-vehicle evacuation in underground parking lots
based on a cellular automaton background field and PyroSim fire data. They found that the necessary
safe evacuation time in mixed pedestrian-vehicle cases is 20% to more than twice as long as that of
purely pedestrian evacuation [8]. Marlow and others coupled computational fluid dynamics (CFD)
based on the lattice Boltzmann method with the social force model to simulate pollutant dispersion
in evacuation scenarios, allowing environmental exposure parameters to be given for each individual
during evacuation [9]. Mirahadi and colleagues proposed an IFC-driven performance-based
evacuation assessment framework that combines fire dynamics simulation with agent-based
modeling to support multi-scenario evaluation during the design stage [10]. Xie and others conducted
coupled simulations of agent behavior and CFD for fires on subway platforms, pointing out that the
interaction between fire and crowds cannot be ignored, and that the fire source location and crowd
density significantly affect evacuation outcomes [11]. The indoor evacuation model developed by
Cao and others quantifies the local fire risk individuals face along evacuation routes and looks at how
evacuation performance changes at different stages of fire development [12], with fire scene
simulations mainly represented by computational fluid dynamics tools like FDS [13].

Looking at this approach, the dynamics of fire scenes have been pushed down to the level of
individual units, yet the way individuals get information about the fire still follows a global, real-time
idealized setup. The gap between a dynamic environment and all-knowing individuals is exactly the
opening this article dives into.

2.2 Modeling Incomplete Information and Bounded Rationality

The route closest to this study explicitly introduces incomplete information into individual
decision-making. Liu and others incorporated gas concentration gradients into exit choice models,
taking into account individuals' perceived distance of danger and their trust in others' information.
The results showed that increasing perceived distance or trust could improve individual safety, while
higher crowd density weakens the effects of perception and trust, leading to more exit-switching
behavior [14]. Wang and others proposed a bounded rationality route choice model, using two
parameters—level of caution and congestion sensitivity—to describe how individuals balance
distance and crowding. They found that different combinations of bounded rationality significantly
change the equilibrium of exit usage, which in turn affects the ranking of importance for evacuation
facilities [15]. Yen and others proposed algorithms for individual evacuation based on smoke
perception and group evacuation based on congestion perception, incorporating real-time smoke
toxicity information into route planning and evacuation scheduling [16]. Ji and colleagues combined
an improved CA model with 10T systems to provide dynamic evacuation guidance based on real-time
fire and crowd data, and experiments showed that optimal real-time guidance can significantly
shorten evacuation time [17]. More recent progress has brought large language models (LLMs) into
evacuation decision simulation: Mendoza and others developed a hierarchical generative agent
framework to simulate sequential decision-making with personalized agents, partly because existing
models assume rational and homogeneous behavior, leading to overly optimistic predictions [18].

Although behavioral uncertainty has long been recognized as a key issue in evacuation modeling
[2, 19], the existing approaches actually sidestep the omniscient assumption itself: one approach
adds more detailed behavioral mechanisms within the model, like perception modeling and limited
rational route choice, making individuals behave more realistically in specific scenarios; the other
estimates output ranges through multiple random runs, capturing the discreteness of results [19].
Neither of them answers the question, 'lf we stick to the omniscient assumption, how much would
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predictions be off and where would the deviations come from?' This article breaks this overall issue
down into three research questions that can be tested: RQ1 is about the scale of bias, meaning
compared to an all-knowing baseline, how much do incomplete perception, cognition, and delay
cause deviations in evacuation time, casualties, and safety margins, and whether the direction of the
bias is consistently overly optimistic; RQ2 is about the attribution of bias, that is, how much each of
the three channels contributes, whether there are interactions between channels, and how the
dominant channel shifts depending on the fire source location, exit configuration, and crowd density;
RQ3 is about outcome translation, meaning how the quantified breakdown of biases can be used to
correct predictions from the all-knowing model and guide priority investments in evacuation
information systems.

3. Formalization of the Omniscience Assumption and Its Decomposition into Three Channels
3.1 Definition of the Omniscience Assumption

Suppose the building space S contains a set of exits E and a set of fire sources F. The information
state of individual i at time t is represented as a triple, as shown in Equation (1).

1(G,t) = (P(,t), K@), D(i, 1)) (1)

Here, P is perceptual information, referring to the environmental state that an individual can
observe at the current moment; K is cognitive information, referring to the spatial and hazard
knowledge that the individual already has, independent of time; D is temporal information, indicating
how outdated the individual's information is relative to the current environmental state. The
omniscient assumption is that the three elements take their optimal values:

P = P*: unrestricted visibility, without occlusion or noise;

K = K*: all exits and fire sources are known;

D = 0: information is updated in real time.

The distance between a real individual's information state and the optimal value is basically how
incomplete the information is. This incompleteness can happen in several ways, like wrong
information or asymmetry between individuals. In this article, we only focus on three dimensions:
perception, cognition, and delay; the other aspects are left for future research.

3.2 The Perception, Cognition, And Delay Channels

The three channels are classified according to the information lifecycle: perception determines
what can be seen right now, cognition determines what is known beforehand, and delay determines
how often information is updated. The three are orthogonal, meaning that downgrading one doesn't
change the meaning of the other two, which provides independent variables for ablation
experiments.

The perception channel P is characterized by an individual's visible radius rv, which decreases
with the local smoke concentration C, as shown in equation (2). There is experimental evidence that
smoke visibility affects evacuation speed [20], and Isobe and others' zero-visibility room evacuation
experiments further confirmed that loss of visibility has a significant impact on exit choice and
evacuation time [21].

7, = Ry - exp(—a C) (2)

Here, Rop is the maximum visible radius when there's no smoke, and a is the attenuation
coefficient. The perception channel has three levels: the omniscient level with an infinite r,, which is
like global awareness; the partial level, where r, has a finite value and varies with the local smoke
concentration; and the scarce level, where ry is almost just one cell, so individuals can only sense their
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immediate surroundings, needing to follow walls or stick with others. The downgrade in perception
directly affects whether someone can find exits, fire sources, or smoke boundaries in time.

The cognitive channel K is represented by the set of exits Eknown that an individual knows and a
flag indicating fire source knowledge. In the all-knowing case, Eknown = E and the fire source location
is known; in the partial case, Eknown is a subset of exits familiar to the individual and the fire source
location is unknown, so the individual prefers to head to familiar exits; in the scarce case, Eknown is
empty, so the individual can only choose a direction at random or follow nearby people. Cognitive
degradation determines the quality of an individual's initial path choice, and previous studies have
shown that exit selection behavior is significantly influenced by spatial familiarity and fire source
knowledge [22].

The delay channel D is characterized by the decision information update interval t. The
omniscient setting is T = 0, meaning individuals use the latest environment state at each decision
step; the partial setting has t ranging from a few seconds to tens of seconds, during which individuals
use the last captured snapshot of the environment; the scarce setting occurs when t approaches
infinity, so individuals rely on the initial information from the start of evacuation throughout. Delay
degradation reflects the lag in individuals’ responses to environmental changes. The three channel
settings correspond to the heterogeneity in real populations: the perception setting corresponds to
differences in eyesight and field of view, the cognition setting to differences in familiarity with the
building, and the delay setting to differences in reaction times. Therefore, ablation results can be
directly mapped to modeling population heterogeneity.

3.3 Metrics Of Prediction Bias
Using the omniscient baseline as a reference, we define the prediction error for the ablation
scenario. The main metric is the relative evacuation time deviation, as shown in Equation (3).

AT — T95,ablation _T95,baseline (3)

T95,baseline

Tos is the time it takes for 95% of people to complete the evacuation. We use Tgs instead of the
average to avoid individual extremely slow cases from skewing the mean. Other indicators include:
casualty difference AN, which is the difference between the number of people whose FED reaches
the incapacitation threshold and the baseline; safety margin distribution, which is the distance
between an individual's FED value and 1 when they reach the exit—smaller margins mean they're
closer to incapacitation; and exit usage balance, measured by the coefficient of variation of people
passing through each exit, reflecting how uneven exit use is due to incomplete information. These
four indicators cover three levels: AT measures overall efficiency deviation, AN and safety margin
distribution measure the severity of consequences, and exit balance measures how the deviation is
distributed spatially. Only by looking at all three can we distinguish between "slower evacuation" and
"evacuation becoming more dangerous," which are two different types of prediction biases.

To quantify a channel's contribution, the channel's marginal contribution is defined as the
proportion of the deviation caused by downgrading that channel alone relative to the deviation
caused when all three channels are downgraded together; the channel interaction term is defined as
the difference between the combined downgrade deviation and the sum of the individual channel
deviations, and a positive interaction term indicates that there is a synergistic amplification between
channels.
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4. Simulation Platform and Ablation Experiment Design
4.1 Simulation Core Coupling Fire, Smoke, And Occupants

The experimental setup in this paper is a multi-agent evacuation simulation platform that couples
fire, smoke, and human factors. The platform discretizes the building into a cellular space with a 0.5
m resolution. The flame field evolves using a non-linear growth CA model, and it is calibrated by cross-
checking with typical fire scenarios simulated with FDS. The smoke field simulates the diffusion and
settling of smoke, providing input for visibility attenuation. Each agent has a state machine with four
states: normal walking, obstacle avoidance, detouring, and incapacitation. Path decisions use a risk-
weighted approach, combining target distance, fire risk, and smoke risk weighted linearly into a
movement cost. Agents move in the direction of the lowest cost while updating their environmental
observations. Damage accumulation for agents exposed to fire is calculated using the FED model,
with FED reaching 1 indicating incapacitation. The FED value at the exit time represents the
individual’s safety margin [7]. The method of quantifying local fire risk along the path is consistent
with Caoet al[12], and overall, it follows a multi-agent modeling paradigm [23].

We chose a discrete cellular space instead of a continuous space model because ablation
experiments need to be repeated dozens of times across 198 combinations formed by 18 scenarios
and 11 operating conditions, and the millisecond-level single-step cost of the CA model makes this
scale computationally feasible. We opted for continuous FED rather than a binary casualty flag
because comparing the distribution of safety margins requires a continuous measure, while binary
flags would hide individual differences that are high-risk but not fatal.

4.2 Logic of the Ablation Experiments

The experiment was carried out in three stages. Stage one established an all-knowing baseline to
serve as a common reference for all ablation conditions. Stage two involved single-channel ablation,
where perception, cognition, and delay were each reduced from the all-knowing level to partial and
scarce levels, giving 3 channels x 2 levels = 6 conditions, isolating the independent contribution of
each channel. Stage three involved combined ablation, where under the scarce level, channels were
paired, or all three were downgraded simultaneously, giving 4 conditions to capture channel
interactions. All scenarios are paired under the same fire source, number of people, and exit
configurations, using the same random seed sequence, so the differences between scenarios only
come from the information channel settings. The overall process of the ablation experiments is
shown in Figure 1. The 'partial' level corresponds to the basic information ability of a real crowd, and
the 'lacking' level corresponds to a complete absence of information ability. These two levels are used
as a contrast to capture the non-linear bias as information degrades; the combined ablation is carried
out at the 'lacking' level to check if there are super-additive interactions between channels.

4.3 Benchmark Scenario and Experimental Matrix

The baseline scenario is a single-story rectangular space measuring 24 m x 15 m x 3 m, with a grid
resolution of 0.5 m. There are three candidate fire source locations in the space (near the exit side,
the center of the space, and the far exit side) and two exit configurations (2 exits, 4 exits). The crowd
size has three levels (60, 120, 240 people), covering low, medium, and high density. The fire source
location, exit configuration, and crowd size make up 18 basic scenarios, and each basic scenario is
combined with 11 ablation conditions. The values for the three-channel parameters are shown in
Table 1, and the scenario and ablation condition matrix are shown in Table 2. A three-factor
orthogonal combination can separately isolate how the relative position of the fire source, exit
redundancy, and crowd density affect the bias under incomplete information. The scene size is based
on the scale of a typical single-story commercial space. Each basic scenario is combined with 11
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operating conditions (1 baseline, 6 single-channel, 4 combinations), resulting in a total of 18 x 11 x
30 = 5940 paired runs.

_______________ ~
| Omniscient baseline | = (P*, K*, 0)l
R /
4 ¥
Perception channel P Cognition channel K Delay channel D
What is visible now What is known in advance How often info is updated
s N h'd )
Omniscient: unlimited global visibility Omniscient: E_known = E, fire known Omniscient: tau = 0, updated every step
- ; N ' N ; J
' P '
- N N\ A
Partial: r_v decays with smoke Partial: familiar exit subset only Partial: tau = 10 s info snapshot
. R AN N AN N J
' ¥ '
s N a'e ~
Scarce: single-cell view, wall-following Scarce: E_known = empty set Scarce: tau -> inf, initial info only
L : AN L AN ’ v

| ' |

[ Ablation (11 conditions): single-channel 3 x 2 =6 | combined pairwise + all-three =4 | omniscient baseline =1 J

Bias metrics: AT evacuation-time bias - AN casualty difference
safety margin distribution - exit usage balance

[] omniscien{ ] Partial []scarce

Information completeness (Omniscient -> Scarce)

Fig. 1. Decomposition of the omniscience assumption into three channels and the ablation experiment

procedure
Table 1
Definitions of parameter levels for the three channels
Channel Parameter Omniscient Partial Deprived
Decreases with
. T . Unrestricted global smoke One cell; wall-
Perception Visibility radius rv . . .
perception concentration; lower following search
limit2 m
N . Al exits and fire Fa.milia.r subset of Empty set; random
Cognition Known exits Eknown exits; fire source movement or
source known .
unknown following others
Information update . No updates
Delay interval T Updated at every step  Fixedat 10 s throughout evacuation
Table 2
Scenario and ablation matrix
Dimension Values
Fire-source location Near exits/center of space / far from exits
Exit configuration 2 exits / 4 exits
Population size 60/ 120 / 240 occupants
Baseline; partial perception; deprived perception; partial cognition; deprived cognition;
Ablation condition partial delay; deprived delay; deprived perception + cognition; deprived perception +

delay; deprived cognition + delay; all three channels deprived

4.4 Statistical Reporting and Convergence
Each scenario was run 30 times in pairs using the same random seed sequence, recording the
T95, number of casualties, and exit usage for each run, and reporting the results as the mean and

7
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95% confidence interval. The number of runs was determined based on Ronchi and others' discussion
on the number of runs for stochastic evacuation models: we first checked the stability of the T95
mean under the baseline scenario, and if the mean drifted by more than 2% between consecutive
batches, we added more runs until it converged [19]. Comparisons between operating conditions are
based on whether the confidence intervals overlap, only reporting the interval relationships without
claiming significance tests. The paired design uses the same random seed sequence across all
conditions, with identical individual initial positions, random disturbances, and fire evolution
disturbances, so that differences between conditions can be cleanly attributed to the information
channel settings.

T95 is defined as the time it takes for 95% of individuals to evacuate. If the evacuation rate in a
certain scenario is below 95%, then T95 is set to the maximum simulation time of 450 s as a right-
censored value. In this case, AT95 only reflects the proportion of censored data and is not interpreted
as a time multiple. The severity of the scenario is determined by the evacuation rate and the number
of casualties.

5. Results and Analysis

This chapter is organized by research questions: 5.1 Check the omniscient baseline and show the
bias magnitude for single-channel ablation (RQ1); 5.2 Answer RQ2 about channel interactions and
dominant shifts through combined ablation, spatiotemporal distribution, and dominant channel
classification; 5.3 Compare the three types of information states: general, practical, and incomplete.
5.4 Answer RQ3 by transforming the bias decomposition into the basis for prediction adjustments in
a fully informed model and the investment priorities for the evacuation information system, and
provide a unified mechanism explanation. All results come from 18 scenarios, 11 working conditions,
with 30 paired runs per condition (a total of 5,940 runs), reported as means with 95% confidence
intervals; when the escape rate for a condition is below 95%, T95 is censored at about 450 s. In such
cases, the combination is mainly judged by escape rate, casualties, and average evacuation time of
those who escaped, and AT95 only notes the proportion censored.

5.1 Omniscient Baseline Check and Single-Channel Ablation

The baseline scenario is used to verify the platform's output under normal conditions without
information degradation. In 30 paired runs, for the 2-exit, 120-person, central fire source baseline,
T95 was 76.1 s (95% confidence interval 74.7-77.5 s), while for 4 exits of the same size it was 38.1 s
(37.2—39.0s). The evacuation rates for both baseline types were 100%, with zero casualties, which is
in the same ballpark as evacuation times in classical CA model literature [5]. Across all 18 scenarios,
baseline evacuation rates ranged from 99.7% to 100%, with only the worst-case scenario (2 exits,
near fire, 240 people) averaging 0.73 casualties. This sets the premise for all subsequent deviation
calculations: if the baseline deviates from literature scales, the ablation deviations lose their
reference point. Baseline verification results are shown in Table 3.

Table 3
Omniscient baseline check results (n = 30)

Order of magnitude in
reference literature /s
Tens to over one hundred

Scenario Mean T95 /s 95% confidence interval / s

2 exits; 120 occupants;

. 76.1 74.7-77.5 seconds; same order of
central fire source .
magnitude
4 exits: 120 occupants: Tens to over one hundred
- P ! 38.1 37.2-39.0 seconds; same order of
central fire source .
magnitude
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Single-channel ablation addresses RQ1. The biases of the six conditions relative to the baseline
are summarized in Table 4.

Table 4
Relative evacuation-time bias AT under single-channel ablation (pooled across 18 scenarios; n = 540 pairs)
. 95% confidence Difference in Change in margin
Condition Mean AT/ % interval of AT / % casualty count AN distribution
Partial perception -0.10 -0.28-0.08 +0.02 -0.001
Deprived perception 2.93 0.53-5.33 +0.52 -0.003
Partial cognition 1.28 0.73-1.83 -0.02 +0.001
Deprived cognition 28.23 24.45-32.01 +0.58 -0.014
Partial delay -0.14 -0.34-0.06 +0.01 -0.001
Deprived delay 17.14 11.06-23.22 +1.55 -0.002

The real experimental results show clear channel layering. Cognitive scarcity is the only
independent bias with a significant magnitude across scenarios, with the pooled T95 across 18
scenarios increasing by an average of 28.23% (95% confidence interval 24.45%~32.01%). The
cognitive partial quota is only 1.28%, suggesting that whether an export prior exists is far more
important than how complete it is. Biases in perception and latency partial quotas do not exceed
0.2%, while scarcity quotas are 2.93% and 17.14%, respectively. The wider confidence interval for
latency scarcity is due to right-censoring in the scenario with 2 outputs and 240 people. Breaking it
down by group size, we can see that perceived scarcity bias goes from 0.00% at 60 people and 0.09%
at 120 people up to 8.69% at 240 people. Delay scarcity rises from 0.03% and 0.09% up to 51.30%
(on average, 240 people have 4.65 more casualties, with 17% right-censored in pairs), while cognitive
scarcity is the highest across all three density levels (28.12%, 23.06%, 33.52%). This result revises the
initial expectation: low-density scenarios are also driven more by cognition than perception, because
low-density crowds leave before smoke develops, leaving little opportunity for the perception
channel to play a role; the delayed channel doesn't increase just because exit configurations get more
complex—it only overtakes when there are fewer exits, higher density, and congestion blocks
alternative routes. The mean safety margin changes for six single-channel conditions are all within
0.014, showing that single-channel degradation mainly affects evacuation efficiency rather than
individual harm, with its consequences mostly emerging cumulatively in combined scenarios.

5.2 Channel Interactions, Spatiotemporal Distribution of Bias, And Changes in the Dominant Channel
The combined ablation addresses the channel interaction part of RQ2. Table 5 shows the
deviations of four combined scenarios from the baseline and the interaction terms. Considering that
some combined scenarios have escape rates below 95% and T95 is right-censored, Table 5 also
reports escape rates, casualties, and their super-additive interaction amounts, and uses the pairwise
interaction of average evacuation time per escapee as a robust measure for the time dimension.
The real results depict the structure of synergy amplification more accurately than the original
hypothesis: synergy assumes missing cognitive channels. When cognition is intact, even if both
perception and delay are lacking (perception-delay lacking), the escape rate still reaches 99.3%, with
casualty interactions close to zero and the interaction term for average evacuation time only 0.3%.
The two dynamic information channels are almost interchangeable when exit priors are complete,
producing no synergy. Once cognition is lacking, combined with a lack of perception, strong super-
additivity appears: every single channel on average only causes about 1.2 casualties, but together
they cause 63.89 casualties, with an interaction effect of 62.70; the interaction term for average
evacuation time of those escaping is 230.9% (95% confidence interval +10.3%, not including zero),
and the escape rate drops to 58.0%. The synergy from cognitive delay is weaker but in the same
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direction (interaction casualties 3.52, escape rate 96.9%). The simultaneous lack of all three channels
and the lack of perception and cognition are almost equivalent (escape rate 58.0%, casualties 63.9
people), which suggests that once cognition and perception are already gone, adding delay only gives
limited additional impact. It's worth noting that in the table, AT95 reaches a whopping 672% when
90% of pairs are right-censored, mainly due to the 450 s censoring upper limit, and this doesn’t reflect
the actual multiple of evacuation time. The strength of synergy should be based on the interaction
between casualties and average evacuation time; a positive interaction term means the combined
downgrade consequences are greater than the sum of downgrades in each channel separately, i.e.,
the bias isn’t simply additive, and single-channel experiments will underestimate the true deviation
in scenarios where information is incomplete.

Table 5
Combined ablation and channel interactions (pooled across 18 scenarios; escape rates, casualties, and
interactions in mean evacuation time provide the primary evidence for right-censored conditions)

ATOS / % ' Sum of single- Casualty Interaction in
-, Escape rate Casualties/ channel . . mean
Condition (censored . interaction/p . .
. /% persons casualties/pers evacuation time
proportion) ersons
ons /%
. . S
Deprived perception  +672.2(90% g 63.89 1.19 +62.70 +230.9
+ cognition censored)
. . 0
Deprived perception +17.1 (6% 993 1.60 216 057 103
+ delay censored)
. -, o
Deprived cognition + +97.9 (20% 96.9 574 222 +3.52 2.9
delay censored)
All th h I 71. 9
three channels  +671.0 (90% g 63.90 2.78 +61.11 +231.5
deprived censored)

Beyond the summary metrics, the spatial and temporal sources of deviations can be pinpointed
by the evacuation time of each grid and the spatial distribution of individual FED accumulation,
allowing us to tell whether the deviations come from initial route selection errors or from worsening
conditions during evacuation. The spatial and temporal distribution of deviations is shown in Figure
2, with darker colors indicating longer cumulative stay times in that grid compared to the fully
informed baseline. In the benchmark scenario (Figure 2a, 2 exits:-120 people-central fire source), only
cognitive deficiencies caused noticeable congestion in the converging corridor to the exits and the
detour areas on both sides of the fire, while spatial deviations from perception and delay deficiencies
were almost zero. In the worst-case scenario with 2 exits-240 people-fire source near the exit (Figure
2b), deviations appeared across all three channels, with dark spots concentrated in the initial crowd
areas far from the exit, the detour areas on both sides of the fire, and the exit queuing area, reflecting
the combined effects of initial wrong route choices, limited perception, and queuing.

By further classifying the 18 basic scenarios according to the dominant bias channel, we can
address the question of dominant channel shifts posed in RQ2. The rule for determining the dominant
channel is: if the bias caused by the lack of a single channel exceeds that of other channels by more
than 20%, the scenario is considered dominated by that channel; otherwise, it is judged as a
combined effect of multiple channels. The classification results can be seen in Figure 3.

The tested dominant channels show a clear two-level structure. Out of 18 scenarios, 16 are
dominated by cognitive channels, covering all low- to medium-density scenarios and all four-exit
scenarios. The cognitive deficiency bias is several to dozens of times higher than other channels. The
only two delay-dominated scenarios are both high-density setups with 240 people and two exits
(under a central fire source, the delay bias is 12.4%, surpassing cognitive at 4.9%; in near-fire
scenarios, delay, cognitive, and perception biases reach 295%, 153%, and 50%, respectively).
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Spatial distribution of evacuation-time bias vs. omniscient baseline (Benchmark: 2 exits - 120 pax - central fire)
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Spatial distribution of evacuation-time bias vs. omniscient baseline (Most adverse: 2 exits - 240 pax - near-exit fire)
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Fig. 2. Spatial distribution of evacuation-time bias by grid cell under deprivation of each of the three
channels relative to the omniscient baseline: (a) benchmark scenario (2 exits, 120 occupants, central fire
source); (b) most adverse scenario (2 exits, 240 occupants, fire source near exits)
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Fig. 3. Scenario dependence of the dominant bias channel (18 basic scenarios)

This structure offers two adjustments to the initial expectations: first, low-density scenarios are
also mainly guided by cognition rather than perception, because in low-density crowds people have
already evacuated before the smoke develops, leaving little chance for the perception channel to
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play a role; second, the delay channel doesn’t increase just because the exit layout is more complex—
it only overtakes when there are fewer exits, higher density, and congestion blocks rerouting spaces.
In the four-exit scenario, due to information redundancy and quick evacuation, the delay deviation is
always close to zero. The perception channel never dominates any scenario on its own; its role
becomes more noticeable in high-fire, high-density situations, but still mainly works through
interaction with cognition and delay. The shift of the dominant channel means that different building
scenarios need to prioritize strengthening different information systems.

5.3 Quantitative Comparison of General, Realistic, and Incomplete-Information Conditions

The ablation mentioned earlier degraded each channel using the omniscient baseline as a
reference. In this section, we categorize evacuation scenarios into three information states for
guantitative comparison: the general case, which is the omniscient baseline and corresponds to the
perfect information assumption in mainstream models; the realistic case, where all three channels
are only partially available (visible radius decreases due to smoke, only familiar exits are known,
information updates roughly every 10 seconds), corresponding to people with basic information
abilities; and the incomplete information case, where all three channels are severely limited,
corresponding to the worst scenario with strangers, nearly zero visibility, and no information
updates. The three scenarios are strictly paired under the same seed sequence, with results shown
in Table 6 and Figure 4.

The results show a two-stage structure. Generally, they’re close to the real height: across all 18
scenarios, the actual relative T95 compared to an all-knowing model only deviated by 1.31% (95%
confidence interval £0.57%), the escape rate was about 100%, and the average casualties barely rose
from 0.04 to 0.07 people. In other words, when basic informational ability is retained, the time error
of an all-knowing model doesn’t exceed roughly 8%, and it doesn’t change the safety conclusion. The
jump from reality to incomplete information is more like a cliff than a gradual change: the escape
rate drops to 58.0%, average casualties increase to 63.90, and T95 hits the 450 s cap due to a lot of
paired right-censoring. The cost of assuming an all-knowing model isn’t uniformly slightly optimistic—
it’s concentrated in scenarios where informational ability is completely missing.

Density affects the direction of adjustments, but the magnitude is within about 5%: at low density,
things are slightly slower (60 people: +5.77%), while at high density, some locking at exits reduces
door sway, making it slightly faster (240 people: -4.40%). Extra exits provide a buffer for missing
information: with the same lack of information, escape rate with 4 exits (75.0%) is higher than with
2 exits (41.0%) and casualties are lower. Overall, the all-knowing model is a good approximation for
typical real-world scenarios, and predictions and information investments should focus on worst-case
situations with unfamiliar crowds, few exits, high density, or proximity to fire.

Table 6
Comparison of general, realistic, and incomplete-information conditions (pooled across fire-source locations
and exit configurations within each density level; n = 180 pairs per cell)

T95: Escape rate: Casualties: .
. g e g Correction factor:
Occupant density general/realistic/inco general/realistic/inco  general/realistic/inco o
realistic/general
mplete /s mplete / % mplete / persons
L ity:
ow density: 60 49.5/52.3/376.8  100/100/75.7 0/0/14.4 1.057
occupants
Medium density: o7 1 cg 4 /4477  100/100/57.3 0/0/47.4 1.022
120 occupants ) ) ) ’ ' ’
High density: 240
'gh density 81.2/77.1/450.0  99.9/99.9/41.1 0.13/0.21/129.9  0.949
occupants
All scenarios 62.6/62.6/424.8 100/ 100/ 58.0 0.04/0.07 /63.9 1.000
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Note: Because escape rates under the incomplete-information condition are below 95%, most
T95 values are right-censored at 450 s. They are displayed for comparison only and must not be
interpreted as multiples of evacuation time. Severity is assessed using escape rates and casualties.

Quantitative comparison of three information states (pooled across fire and exit configurations)

T95 evacuation time / s Escape rate / % Mean casualties / pax
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Fig. 4. Comparison of T95, escape rate, and casualties among general, realistic, and incomplete-information
conditions at three occupant-density levels

5.4 Mechanistic Explanation and Application of Results to RQ3

The expected differences in biases across the three channels can be explained according to the
timing of their influence on evacuation decisions, which also corresponds to the different paths
through which these biases get amplified. The cognitive channel affects the initial route choice before
the evacuation starts: individuals with insufficient cognition tend to choose directions randomly or
follow the crowd. In situations where the fire blocks an exit, or the exit layout is asymmetric, a wrong
initial choice forces people to backtrack, dramatically increasing the cost of the path, and this cost
can’t be offset by experience in unfamiliar settings. Perceptual channels act on path correction during
evacuation: smoke spread causes the visible radius to continuously shrink, making it impossible for
individuals to promptly detect changes in exit status and approaching danger, resulting in delayed
correction actions that compound existing cognitive errors. Therefore, the impact of perceived
deficiency increases in sync with smoke gas development speed and crowd density, directly driving
FED accumulation at high density. Delay channels act on the time rhythm of information refresh:
expired snapshots cause individuals to move toward areas that have already deteriorated, with
effects depending on environmental change rate and error-correctable space. At low densities,
individuals still have room to reroute, and delays are partially absorbed; at high density, congestion
alone blocks the possibility of rerouting and the consequences of delays become truly apparent.
When all three channels degrade at the same time, initial routing mistakes, the inability to correct
them midway, and continuous reaction delays can all link together within the same evacuation
segment, so the deviation might end up being greater than the sum of the deviations of each channel.
This kind of super-additivity isn’t just a statistical illusion: moving continuously in the wrong direction
increases both exposure time and backtracking distance, which together drive up the cumulative FED,
forming a physical source of synergistic amplification.

For the results of RQ3, there are two application paths for the ablation findings. The first is
prediction correction: if a certain type of building scene is confirmed through ablation to have bias
dominated by a specific channel, then the evacuation time output by the fully informed model
shouldn't be used directly as a safety criterion. Instead, it should be adjusted according to the
marginal contribution of that channel, with the correction coefficient corresponding exactly to the
bias decomposition structure given in this paper. For typical real-world scenarios, the correction
coefficient is around 1, and only in the worst-case situations—unfamiliar layouts, few exits, high
density, or proximity to fire—does it need to be significantly increased. Secondly, it's about
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information investment priorities: The ablation results from 18 scenarios provide a quantitative basis
for prioritization — most conventional scenarios and public buildings mainly visited by strangers are
dominated by the cognitive channel, so evacuation signs and exit guidance should be prioritized;
places with few exits and high density are guided by the delay channel, so the refresh and broadcast
intervals of environmental information should be shortened first; in high-density areas close to fire,
the contribution of the perception channel rises significantly, requiring visibility support and smoke
control to be strengthened at the same time. The ablation results can also be used to identify the
most unfavorable information conditions, which helps in prioritizing emergency drills and facility
inspections.

6. Conclusions and Future Work

This article tackles the commonly implicit omniscient assumption in evacuation simulations and
carries out a complete study from conceptual formalization to experimental verification: it breaks
down the omniscient assumption into three orthogonal information channels—perception,
cognition, and delay—describes them uniformly with an information state triplet, and defines a
gradual degradation operation from omniscience to scarcity. On a coupled fire-smoke-people
platform, we conducted ablation experiments across 18 scenarios and 11 conditions, with 30 paired
runs per condition (a total of 5,940 runs), and established a multi-level metric system based on
evacuation time deviation, casualties difference, safety margin, and exit balance. The results show
that the cognitive channel is the most stable independent source of bias. At low to medium density,
cognitive deficiencies increase T95 by about 18% to 31%. The effects of the perception and delay
channels grow stronger as crowd density increases and exits decrease, reaching 8.7% and 51.3%,
respectively at high density with 240 people. Channel synergy relies on cognitive deficits and shows
strong super-additivity—when cognitive deficiencies are combined with perception deficiencies, the
average casualties jump from about 1.2 in the two single channels to 63.9, and the interaction effect
on average evacuation time reaches 230.9%. In 16 out of 18 scenarios, the cognitive channel
dominates, while only 2 high-density, low-exit scenarios are dominated by the delay channel. The
dominant channel shifts depending on the scenario conditions. A comparison of the three states—
general, actual, and information-deficient—further shows that omniscient models are a pretty good
approximation for regular real-world scenarios with basic information capabilities (T95 deviation
around 1%, consistent safety conclusions). The downside mainly shows up in extreme cases where
information is completely lacking (escape rate drops to 58.0%, average casualties 63.9 people). This
framework turns the vague question of 'is the model too optimistic' into a repeatable, traceable
experimental procedure, giving a quantitative basis for correcting predictions in omniscient models
and prioritizing investments in evacuation information systems.

This paper has four limitations. First, the decay parameter for the perceptual channel's visual
radius is based on literature calibration and hasn't been directly calibrated with real human
experimental data. Second, the simulation platform does not include physical contact and pushing at
the social force level, so casualty assessments in high-density scenarios might be on the conservative
side. Third, the ablation study is based on a single rectangular reference scene, so before applying it
to multi-room, multi-story buildings, the scene matrix needs to be expanded. Fourth, the delay
channel only models information lag at the individual level and does not include system-level
information spread like broadcasting and command, which could partially offset individual
information deficiencies. Future work will expand the scene matrix to multi-room, multi-story
settings, test the robustness of dominant channel transfer patterns, and incorporate system-level
information propagation such as broadcasting and command into the delay channel modeling.
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