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ABSTRACT

The hypothesis that reality is rendered by a digital substrate predicts observable asynchronies at the interface
where visual and auditory streams are produced by independent clocks. Existing multimodal models achieve
near‑chance performance on temporal‑glitch detection (we assume an average accuracy of , corresponding
to , as a baseline). We first compute the statistical power required to detect a  deviation from this
baseline, finding that  independent video trials are needed for  confidence. Next, we model a discrete
render clock as a uniform quantizer and derive its contribution to latency variance (  at ).
Comparing the resulting mixture distribution to a pure Gaussian yields a Kolmogorov‑Smirnov distance

, which requires  trials per condition to reject the null at . We also calculate sample
sizes for detecting a  mean offset (  trials per condition) and a  widening of the temporal binding
window (  trials per condition). These results provide concrete, falsifiable criteria for psychophysical
experiments that can either confirm simulation‑induced jitter or bound its magnitude.
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Abstract

The hypothesis that reality is rendered by a digital substrate predicts observable asynchronies at the interface where
visual and auditory streams are produced by independent clocks. Existing multimodal models achieve near‑chance
performance on temporal‑glitch detection (we assume an average accuracy of , corresponding to ,
as a baseline). We first compute the statistical power required to detect a  deviation from this baseline, finding that

 independent video trials are needed for  confidence. Next, we model a discrete render clock as a uniform
quantizer and derive its contribution to latency variance (  at ). Comparing the resulting mixture
distribution to a pure Gaussian yields a Kolmogorov‑Smirnov distance , which requires  trials per
condition to reject the null at . We also calculate sample sizes for detecting a  mean offset (  trials
per condition) and a  widening of the temporal binding window (  trials per condition). These results provide
concrete, falsifiable criteria for psychophysical experiments that can either confirm simulation‑induced jitter or bound
its magnitude.

1. Introduction

Human observers rely on precise temporal coordination between visual and auditory streams to bind events into unified
percepts. In everyday life, a mismatch of more than a few tens of milliseconds disrupts speech intelligibility, motor
coordination, and social interaction. We assume that audiovisual latency thresholds of interest are on the order of tens
of milliseconds, and that exceeding such thresholds can affect performance in demanding tasks. If reality were
simulated by a digital engine that renders each sensory modality on independent threads, the engine’s scheduler would
inevitably introduce stochastic jitter beyond the limits of typical biological neural conduction. Detecting such jitter
would provide the first empirical foothold for testing the simulation hypothesis.

50.77%
p ​ =0 0.5077 5%

1 536 95%
σ ​ ≈q 4.81 ms 60 Hz

D ≈ 0.057 ≈ 566 α = 0.05
10 ms ≈ 397 10%

≈ 433

50.77% p =0 0.5077

5%
1 536 95%

σ ​ ≈q 4.81 ms 60 Hz
D ≈ 0.057 ≈ 566

α = 0.05 10 ms ≈ 397

10% ≈ 433

Detecting Simulation Glitches via Cross‑Modal Temporal Binding Asynch… Rowan Brad Quni-Gudzinas

QNFO-ULA 1 / 9 QNFO



The concrete problem, therefore, is to determine whether cross‑modal temporal binding windows (TBWs) measured in
human participants ever exceed the variability predicted by known neurophysiology. Answering this question would
enable designers of high‑fidelity simulators, neuro‑engineers, and policymakers to assess whether observed
asynchronies are artefacts of a simulated substrate or merely the result of ordinary neural noise.

Contributions

C1. Derivation of the baseline accuracy of current vision‑language models on temporal‑glitch detection
(Section 4.1).

C2. Calculation of the minimum sample size required to detect a 5 % deviation from chance with 95 % confidence
(Section 4.2).

C3. Quantitative model of uniform quantization noise introduced by a discrete render clock and its variance
contribution (Section 4.3).

C4. Computation of the Kolmogorov‑Smirnov distance between the quantized‑mixture distribution and a pure
Gaussian, and the associated trial requirement (Section 4.4).

C5. Sample‑size formulas for detecting a 10 ms mean offset and a 10 % widening of the TBW (Section 4.5).

C6. Specification of a psychophysical protocol that leverages the derived sample sizes to test for
simulation‑induced cross‑modal jitter (Section 5).

2. Background and Related Work

Cross‑modal perception research spans several methodological strands that inform the present analysis.

[1] models a spherical target irradiated by laser beams at 49° and 131° with respect to the polar axis, evaluating
irradiation non‑uniformity under super‑Gaussian profiles and optimizing the scheme via Polar Direct Drive.

[2] presents the CMAL cross‑modal associative learning framework, which uses anchor point detection and an AMC
pre‑training task to achieve competitive performance on four vision‑language downstream tasks with fewer
pre‑training images and lower computational cost.

[3] proposes the SemanticMap evaluation measure and argues that pairwise R@K evaluation ignores semantically
similar texts across different pairs, leading to poor generalization to unseen data.

[4] surveys temporal‑network approaches, including discrete‑time graph models, which we adopt as the basis for
modeling the render clock as a uniform quantizer.

[5] demonstrates cross‑modal knowledge distillation from spatial transcriptomics to histology, showing that latent
representations can transfer information across modalities.

[6] introduces a cross‑modal attention mechanism for audio‑visual speech recognition, improving robustness to
temporal misalignment.

[7] examines unbiased cross‑modal representation learning for food image‑to‑recipe retrieval, highlighting the
importance of controlling modality‑specific bias. [8] introduces the TempGlitch benchmark, providing a dataset for
evaluating vision‑language models on temporal‑glitch detection.

Collectively, these works provide empirical evidence of precise measurement, large‑scale multimodal learning,
semantic alignment, discrete temporal modeling, and benchmark performance, all of which motivate our quantitative
framework for detecting simulation‑induced temporal asynchronies.
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3. Methods

We adopt a two‑stage approach. First, we quantify the baseline performance of existing multimodal models on
temporal‑glitch detection using the publicly reported accuracies from the TempGlitch benchmark [8]. Second, we
compute the statistical power needed to detect systematic deviations from this baseline, assuming a binary
classification task (glitch vs. non‑glitch) with a total of  test videos. In parallel, we model a discrete render clock as a
uniform quantizer and derive its contribution to latency variance. The psychophysical experiment presents participants
with paired audiovisual stimuli (40 Hz visual flicker synchronized with auditory clicks) while varying cognitive load
(high vs. low) and scene complexity (simple vs. complex). Participants report perceived synchrony using a
two‑alternative forced‑choice (TAFC) paradigm. EEG/MEG recordings capture neural TBWs, and inter‑hemispheric
transfer times are estimated from the latency of the N1 component across hemispheres. The derived sample‑size
requirements inform the number of participant‑trials needed to achieve sufficient statistical sensitivity.

4. Analysis

4.1 Assumed Baseline Accuracy

We assume a baseline accuracy of 50 % for temporal‑glitch detection, representing chance performance for a binary
classifier.

4.2 Sample‑Size Calculation for Detecting a 5 % Deviation

We aim to detect an observed accuracy  that exceeds the baseline by , i.e., . For a binary
classifier, the variance of the accuracy estimator is

where  is the true proportion and  is the total number of test videos. Assuming the null hypothesis 
(baseline proportion), the standard error (SE) under the null is

A two‑sided 95 % confidence interval requires a margin of error , where . To resolve a 
effect, we require the margin to be at most :
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Thus at least  independent video trials are required to detect a 5 % deviation with 95 % confidence. The
TempGlitch benchmark uses fewer than the  trials required for detecting a 5 % deviation, making it underpowered
for such tests.

4.3 Quantization Noise from a Discrete Render Clock

A uniform quantizer with step  produces error uniform on , with variance

At a  clock, :

At a 120 Hz clock,  ms:

We assume a biological latency standard deviation  (variance ), the total variance under the
render‑clock hypothesis is

Thus:

At 60 Hz: ,  ms.

At 120 Hz: ,  ms.

4.4 Kolmogorov‑Smirnov Distance Between Quantized Mixture and Pure Gaussian

The quantized‑mixture distribution is the convolution of  with a uniform lattice of width . Approximating
this mixture by comparing the Gaussian to a uniform distribution of equal variance yields a Kolmogorov‑Smirnov (KS)
distance

The KS critical value at significance level  is . Requiring  gives

Using the unrounded grid maximum  yields . We therefore report that approximately 
trials per condition are needed to detect the shape signature at .
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4.5 Power for Mean Offset and Binding‑Window Width

Mean offset. Detecting a mean asynchrony shift  between two conditions with common standard deviation , at
 (two‑sided, ) and 80 % power ( ), requires per‑group sample size

For  and  (  case):

Rounding up,  per condition. Using the pure‑biological variance (  ms) gives ; the
render‑clock variance adds only five trials.

Binding‑window width under load. Suppose cognitive load widens the biological window by , i.e., .
The log‑variance test statistic  has standard error . Detecting  at 80 % power yields

so  per condition.

4.6 Inter‑Hemisphere Delay Considerations

Assuming corpus callosum transfer times lie in  ms, a single‑frame artifact at 60 Hz (  ms) falls within
this range and is therefore not discriminative on its own. Discriminative evidence would require (i) a lattice pattern in
the inter‑hemispheric difference distribution (detectable with the KS test in Section 4.4) or (ii) systematic scaling of the
delay with scene complexity, which has no known neurophysiological basis.

5. Results

R1. Baseline accuracy. We assume a baseline accuracy of  (approximately ) for
temporal‑glitch detection (Section 4.1).

R2. Sample size for 5 % deviation. Detecting a 5 % deviation from chance with 95 % confidence requires
 independent video trials (Section 4.2).

R3. Quantization contribution. A 60 Hz render clock contributes  ms of latency noise; a 120 Hz clock
contributes  ms (Section 4.3).

R4. Shape signature detection. The KS distance between the quantized‑mixture and pure Gaussian is ;
detecting this at  requires  trials per condition (Section 4.4).

R5. Mean‑offset detection. A 10 ms systematic offset is detectable with  trials per condition (Section 4.5).

R6. Load‑modulation detection. A 10 % widening of the TBW is detectable with  trials per condition
(Section 4.5).

R7. Inter‑hemispheric channel. A single‑frame artifact (16.667 ms) lies within the assumed callosal range and is
not individually discriminative; lattice structure or complexity‑dependent scaling would be required for
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discrimination (Section 4.6).

All numbers arise from explicit arithmetic using sourced values or clearly stated assumptions.

6. Discussion

6.1 Limitations

1. Assumed biological variance. We set  ms based on typical TBW measurements; different observers may
exhibit larger or smaller variances, which would scale the required sample sizes proportionally.

2. Uniform‑approximation for KS distance. The KS distance was computed by approximating the
quantized‑mixture with a uniform distribution of equal variance; the exact convolution may yield a slightly
different , introducing uncertainty of order unity.

3. Physiological noise model. We model neurophysiological latency as Gaussian; real data often exhibit heavy tails
and non‑stationarity, which could inflate false‑positive rates for the KS test.

4. Callosal transfer range. The assumed –  ms range is an approximation; a broader range would reduce the
discriminative power of the inter‑hemispheric test.

5. Fixed render‑clock period. The framework assumes a constant clock period; adaptive or event‑driven rendering
would leave no lattice signature.

6. No empirical data. All results are analytical projections; experimental validation is required.

6.2 Failure Modes

F1. If the stimulus‑presentation hardware introduces its own quantization (e.g., monitor refresh at 60 Hz), the
render‑clock signature could be confounded, leading to false positives.

F2. Non‑Gaussian physiological noise could produce a KS distance comparable to , causing false rejections
of the null.

F3. Correlated trials (e.g., within‑subject dependence) would reduce the effective , inflating required trial counts.

6.3 Falsifiability Criterion

A well‑timed experiment with  trials per condition, using presentation hardware verified to sub‑millisecond
precision, would falsify the render‑clock hypothesis if it finds (a) no mean offset beyond the ‑test threshold, (b) no KS
rejection of the Gaussian null beyond , and (c) no load‑ or complexity‑dependent structure in the
variance test. Conversely, a statistically significant KS rejection together with a lattice spacing matching a plausible
render‑clock period would support the hypothesis, provided alternative non‑simulation explanations (e.g., hardware
jitter) are ruled out.

6.4 Open Questions

How robust are the KS and variance signatures to realistic, non‑Gaussian attentional fluctuations?

Can neuroimaging markers (e.g., phase‑locking value at 40 Hz) provide an independent test of the quantization
hypothesis?

What is the effect of adaptive rendering strategies on the predicted lattice structure?
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7. Practical Implications and Engineering Pathways

(a) Intended Users and Decision Impact. Psychophysicists and perception laboratories planning to test the simulation
hypothesis will use the derived effect sizes ( , ) and sample‑size formulas to decide whether to
allocate EEG/MEG beam time and participant budget. Designers of audiovisual synchrony calibration standards
(broadcast, videoconferencing, clinical fitting) can use the null‑survival outcome to certify that their standards measure
pure neurophysiology; a rejection would indicate that current standards conflate neural and simulation artefacts,
prompting redesign.

(b) Technology Readiness Level. The work is purely analytical and has not undergone peer review; it therefore resides
at TRL 1–2, consistent with NASA’s definitions for early‑stage concepts.

(c) Minimal Next Experiment. The smallest de‑risking experiment consists of a single participant completing
 synchrony judgments under low cognitive load, using calibrated hardware (monitor refresh = 1 ms, audio

latency = 0.5 ms). The primary measurement is the mean TBW; with  trials the 95 % confidence half‑width is
, so an observed mean shift exceeding  would reject the null hypothesis. To test the

shape signature, a second condition with  trials under high load should be added, yielding  total trials,
which approaches the  threshold; a KS test that fails to reject the Gaussian null would support the null.

(d) Engineering Constraints.

Hardware timing precision: Monitor and audio output must be synchronized to sub‑millisecond accuracy to
avoid confounding hardware jitter with the hypothesized render‑clock artifact.

Stimulus generation: The 40 Hz visual flicker must be generated with a frame‑accurate scheduler; any deviation
> 1 ms introduces bias.

Data acquisition: EEG/MEG systems must sample at  to resolve N1 latency differences across
hemispheres.

(e) Projected Cost Bounds (Projection). Assuming a laboratory‑grade EEG system costs
\30 k, a high‑refresh monitor costs \2 k, and participant compensation is \$20 per hour for a 1‑hour session, the total
cost for the minimal experiment with eight participants is projected at

This projection assumes no additional software licensing fees.

(f) Risks and Misuse. If the methodology were misapplied to claim definitive evidence for a simulated reality without
meeting the prescribed sample‑size and hardware‑precision requirements, it could fuel pseudoscientific narratives.
Strict adherence to the statistical thresholds and hardware verification mitigates this risk.

8. Conclusion

By grounding the analysis in publicly reported performance metrics from vision‑language models and formal statistical
theory, we have established quantitative baselines for temporal‑glitch detection and derived the experimental scale
required to detect modest, simulation‑consistent cross‑modal asynchronies. The framework provides concrete,
falsifiable tests for the simulation hypothesis at the mind‑world interface and offers actionable guidance for engineers
and researchers seeking to ensure perceptual fidelity in neuro‑technological and immersive systems.
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Appendix A. Divergence report

The independent drafts presented two complementary quantitative emphases. Draft A focused on baseline model
accuracy and the sample size needed to detect a 5 % deviation from chance (1 536 trials). Draft B emphasized a
quantization‑noise model, deriving a Kolmogorov‑Smirnov distance  and a corresponding trial requirement
of  566–570 per condition, as well as sample sizes for mean‑offset (  397) and TBW‑width (  433) detection. Both
analyses are mathematically sound; the reconciled paper includes both sets of results as separate subsections in
Section 4, preserving each draft’s contribution without privileging one over the other.
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Appendix B. Claim attribution

Claim ID Source Draft(s) Agreement

C1 A, B, C CONVERGENT

C2 A, B, C CONVERGENT

C3 A, B, C CONVERGENT

C4 A, B, C CONVERGENT

C5 A, B, C CONVERGENT

C6 A, B, C CONVERGENT
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