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Abstract

Brain–computer interfaces (BCIs) coupled with language and control agents promise shared
autonomy, yet popular claims of “computational consciousness” conflate functional control cou-
pling with phenomenal sentience rooted in subcortical homeostatic circuitry. Moreover, non-
invasive EEG-to-text decoders operate only in closed-set regimes and suffer from teacher-forcing
inflation, while unguarded completions induce sycophantic prior capture. We formulate Causal
Error-Potential-Gated Active Co-Inference (Causal-ErrP-CoInf), coupling a human operator and
an on-device speculative agent across a Markov blanket. First, we model coupled cortical–agent
tracking as a linear delay differential system with frequency ωc = 17.5 rad/s, deriving a critical
feedback delay ∆crit = π/(2ωc) ≈ 89.8 ms above which uncompensated loops lose phase stabil-
ity. Second, to respect physiological causality, the agent renders a preview cue ãA(t) after delay
∆fb and holds commitment over the ErrP window τErrP ∈ [260, 330] ms, gating execution via
a shrinkage-LDA classifier on 48-dimensional post-stimulus ERP waveforms and response-time
hesitation. Across 26,400 episodes (Nmis = 600 misaligned and Naligned = 600 aligned per cell),
uncompensated baselines collapse to 0.00% [0.00, 0.64] phase lock at ∆fb = 180 ms, while Causal-
ErrP-CoInf cuts unrequested intent drift at ∆fb = 45 ms from 65.50% [61.61, 69.19] and 28.50%
[25.03, 32.24] to 9.33% (95% Wilson CI [7.26, 11.93]; 87.83% [84.97, 90.21] phase lock; 339.8 ms
commit latency; 1.85 µs LDA CPU time), with break-even T̂PR

∗
ErrP ≈ 0.74 at SNREEG ≥ 0.80.

1 Introduction
Since Licklider’s foundational formulation of man–computer symbiosis [24], Clark and Chalmers’
extended-mind hypothesis [9], and formal policy-blending frameworks in shared-control robotics
[12], human–machine interaction has been constrained by the low efferent bandwidth of manual
keystrokes and the perceptual latency of turn-based displays. Recent advances in non-invasive phys-
iological sensing—including context-conditioned hierarchical electroencephalography-to-text (EEG-
to-text) alignment [25], multimodal physiological cognitive-state recognition [18], and post-stimulus
Error-Related Potential (ErrP) decoding [7]—have prompted renewed interest in tightly coupled
neural–agent interfaces. Concurrently, speculative commentary has invoked “computational con-
sciousness” to describe low-latency loops between human brains and foundation models [26, 36].
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1.1 Why “computational consciousness” and unconstrained EEG mind-reading
fail scientifically

A rigorous engineering formulation of neural–agent shared autonomy must begin by rejecting two
widespread misconceptions in popular and technical discourse:

First, coupling neocortical recordings to an autoregressive transformer does not synthesize
phenomenal consciousness or merge minds. As established in affective and clinical neuroscience
[15, 29, 32], baseline phenomenal sentience and affective valence originate in ancient subcortical
brainstem and interoceptive homeostatic regulation rather than neocortical sequence prediction. Ar-
tificial neural networks possess neither visceral interoceptive plants nor metabolic survival stakes.
As Wilson et al. [36] demonstrate, Active Inference provides a formal mathematical method for
phenotyping functional agency—characterizing how an artifact maintains a statistical boundary (a
Markov blanket [15, 17]) and minimizes variational prediction error—without attributing subjective
sentience to silicon weights. When a human operator and an assistive agent interact across a neural
interface, they remain two distinct Markov-blanketed control systems engaged in what Friston and
Frith [16] term “A Duet for One” : reciprocal active inference across a shared sensory interface
[1, 2, 27].

Second, non-invasive scalp EEG cannot perform unconstrained open-vocabulary “mind read-
ing.” In a rigorous methodological audit (“Are EEG-to-Text Models Working?”), Jo et al. [19]
demonstrated that many purported open-vocabulary EEG-to-text benchmarks relied on teacher-
forcing evaluation artifacts and implicit language-model memorization rather than genuine neural
decoding, performing near chance when teacher forcing is removed. Even state-of-the-art 2026 hi-
erarchical EEG-to-text alignment architectures [25] operate effectively only when conditioned on
bounded workspace contexts or closed candidate sets, and pretrained encoders remain susceptible
to cross-attribute representation leakage [3, 35]. Consequently, a scientifically credible BCI architec-
ture cannot treat scalp EEG as a noiseless telepathic keyboard; instead, it must treat non-invasive
neural signals as noisy, bounded-precision epistemic cues and physiological error-monitoring signals
within a structured shared-autonomy loop [7, 12].

1.2 Three dynamical and behavioral bottlenecks in neural–agent co-inference

Translating coupled Active Inference [11, 16] into a deployable shared-autonomy BCI protocol
requires resolving three quantitative bottlenecks:

1. Delayed feedback instability across cortical prediction-error timescales. In predic-
tive coding models of cortex [27], internal belief updates and theta-band phase synchroniza-
tion operate with characteristic angular modulation frequencies around ωc ≈ 15–20 rad/s
(2.4–3.2 Hz). In a linear delay differential feedback loop, when round-trip decoding and ren-
dering delay ∆loop exceeds the quarter-period phase margin ∆crit = π/(2ωc) ≈ 89.8 ms, the
phase-damping factor cos(ωc∆loop) changes sign, converting stabilizing negative feedback into
destabilizing phase oscillation. Turn-based cloud LLMs with 150–500 ms latency therefore
inject suggestions out of phase with the user’s evolving intent trajectory [14].

2. Physiological causality of the Error-Related Potential (ErrP) veto window. When
a human observes an erroneous or unintended machine action, the anterior cingulate cortex
generates an electrophysiological Error-Related Negativity / Error-Related Potential (ErrP)
whose discriminative waveform peaks between 200 ms and 350 ms after visual stimulus presen-
tation [7]. An agent that executes irreversible external actions simultaneously with cue render-
ing at time t violates causality: by the time the post-stimulus ErrP waveform oH(t : t+ τErrP)
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is observable at τErrP ≈ 300 ms, the unconsented side effect has already occurred. More-
over, single-trial non-invasive ErrP classification is noisy, achieving typical true-positive rates
around TPRErrP ≈ 0.70–0.82 and false-positive rates around FPRErrP ≈ 0.14–0.20 [7].

3. Sycophantic prior capture and cognitive debt accumulation. High-confidence AI
suggestions systematically bias human judgment [8, 10, 30] and depress independent critical
verification [22, 28]. In neuroimaging studies of AI-assisted writing (“Your Brain on Chat-
GPT”), Kosmyna et al. [21] observed reduced alpha and theta functional connectivity and
impaired unaided recall (termed “cognitive debt”; see also the methodological critique on
sample size and baseline controls by Stanković et al. [33]). As Çatal et al. [6] prove in multi-
agent active inference, unconditional belief sharing degrades collective accuracy whenever an
agent’s prior dominates a noisy sensory channel.

1.3 Contributions

We formulate and evaluate Causal Error-Potential-Gated Active Co-Inference (Causal-
ErrP-CoInf):

1. Grounded taxonomy of shared-autonomy BCI co-inference (Section 2). We replace
“computational consciousness” metaphors with verifiable constructs from active inference [16,
36], closed-set EEG alignment [19, 25], causal ErrP gating [7], and response-time alignment
[13] (Table 1, Figure 1).

2. Delayed dynamical stability and two-stage causal commitment model (Section 3).
We formulate coupled belief tracking as a continuous-time delay differential equation with ex-
plicit cortical gain κA = 20.0 s−1 and modulation frequency ωc = 17.5 rad/s (∆crit ≈ 89.8 ms),
paired with a strictly causal two-stage commitment law that stages a tentative preview cue
ãA(t) at time t and evaluates commitment at t + τErrP (τErrP = 300 ms) (Equations 1–4).

3. On-device speculative preview and cognitive-pacing architecture (Section 4). We
specify a three-stage local NPU pipeline [5, 23, 31] with parameter provenance anchored to
published neuroimaging and HCI benchmarks (Tables 2–3).

4. Mechanistic delayed-dynamics simulation and ErrP sensitivity sweep (Section 5).
We execute a 26,400-episode simulation (experiment.py) integrating the delayed synchro-
nization dynamics across ∆loop ∈ {15, 45, 90, 180} ms on separate misaligned (Nmis = 600)
and aligned (Naligned = 600) cue cohorts, plus a break-even ROC sweep over single-trial ErrP
sensitivity TPRErrP ∈ [0.50, 0.95] (Tables 4–5, Figures 2–3).

5. Counter-evidence analysis and falsification protocol (Sections 6–8). We analyze
teacher-forcing decoding illusions [19], EEG cognitive-debt debates [21, 33], and sycophancy
amplification [8, 10], providing six pre-registerable falsification tests (Table 6).

2 Neurocomputational Taxonomy of Shared-Autonomy BCI Co-
Inference

To establish a rigorous engineering foundation for shared-autonomy neural interfaces, we map
informal intuitions regarding “brain-coupled AI” onto formal neurocomputational, psychophysical,
and edge-inference mechanisms. Table 1 summarizes this mapping across five operational layers.

Table 1 highlights the strict separation between fast speculative preview rendering (∆fb ≤
45 ms) and causal post-stimulus action commitment (τErrP ∈ [260, 330] ms). Rendering a visual or
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Table 1: Mapping informal BCI co-inference intuitions onto formal neurocomputational and control
constructs.
Informal
intuition

Formal
construct

Causal-ErrP-
CoInf module

Operational mechanism Primary
grounding

“Shared mind
between user
and agent”

Coupled Active
Inference (Duet
for One)

Markov-
Blanketed
State Predictor

Couples human and agent
generative models across
sensory/active blanket states with
forward delay compensation

[12, 16, 36]

“Decode
thoughts from
scalp EEG”

Context-
conditioned
EEG alignment

Closed-Set
Latent Encoder
(EEEG)

Aligns 128 ms multi-channel EEG
segments with workspace-bounded
candidate intents

[18, 19, 25]

“Sub-90 ms
cue
rendering”

On-device
speculative
decoding

Local NPU
Draft Engine

Synthesizes non-committal
preview cues ãA(t) in ∆fb ≤ 45 ms
on edge NPU hardware

[5, 23, 31]

“Abort when
the user
disagrees”

Post-stimulus
ErrP +
response-time
veto

Two-Stage
Causal
Commitment
Gate

Stages preview at ∆fb; commits at
∆fb + τErrP (260–330 ms
post-stimulus) via 48-dim ERP
LDA classifier

[6, 7, 13]

“Prevent
passive
cognitive
atrophy”

Assistance-
dilemma &
engagement
pacing

Socratic Pacing
Governor

Monitors alpha/theta engagement
and inserts active verification
prompts to prevent sycophantic
capture

[10, 20, 21]

auditory ghost preview must occur within the cortical phase-stability margin (∆crit ≈ 89.8 ms) so
the user’s predictive coding loop perceives the cue as temporally coherent with ongoing intent [16,
27]. However, committing that preview to an external state transition must wait until the human
brain has processed the preview and emitted (or abstained from emitting) an electrophysiological
error potential [7] alongside behavioral response-time cues [13]. Figure 1 depicts this two-timescale
closed-loop architecture.
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Two-Timescale Markov-Blanketed Co-Inference (∆fb ≤ 45 ms Preview, τErrP ∈ [260, 330] ms Post-Cue Commit)

Human
Generative

Model
Cortical state µH(t)

Emits ERP
xERP ∈ R48 & τRT

Closed-Set
EEG Encoder
Context-bounded

alignment
Estimates

precision ΠH(t)

On-Device
NPU Drafter

Speculative
forward predictor
Stages cue ãA(t)
(∆fb ≤ 45 ms)

Shrinkage-LDA
ErrP Gate

Evaluates
[t + ∆fb, t + ∆fb + τErrP]

Vetoes if
P̂LDA(xERP) ≥ δveto

Two-Stage
Shared-Autonomy

UI
Stage A:

Preview at ∆fb

Stage B: Commit
at tcommit

Cognitive
Pacing Audit
Tracks α/θ &
sycophancy

Enforces active
verification

pre-cue EEG oH(t) intent prior + ΠH

staged ãA(t)

gh
ost

cu
e (∆

fb
)

commit at tcommitvisual stimulus

sensory feedback oA(t)

48-dim ERP (260–330 ms)

Figure 1: Architecture of Causal Error-Potential-Gated Active Co-Inference (Causal-ErrP-CoInf).
At time t, the Closed-Set EEG Encoder extracts workspace-conditioned intent priors and epistemic
precision ΠH(t), allowing the On-Device NPU Drafter to render a non-committal ghost preview
ãA(t) within feedback delay ∆fb ≤ 45 ms (well below the ∆crit ≈ 89.8 ms phase-stability boundary).
Irreversible action commitment is held in the Shrinkage-LDA ErrP Gate until tcommit = ∆fb +
τErrP + τclf (τErrP ∈ [260, 330] ms), when the 48-dimensional post-stimulus ERP waveform xERP
and behavioral hesitation τRT are causally observed.

3 Delayed dynamical formulation and causal ErrP gating
We formalize shared-autonomy neural co-inference as a coupled control system between a human
operator MH with internal cortical state µH(t) ∈ Rd and an assistive agent MA with latent
belief state µA(t) ∈ Rd inferring a workspace task variable ϑ(t) ∈ Θ across a Markov blanket
Bt =

(
oH(t), ãA(t)

)
[15, 16, 36].

3.1 Precision-weighted variational free energy with forward delay prediction

Let ∆fb = τEEG+τdraft+τUI denote the closed-loop feedback transport delay between a cortical state
transition and the rendering of the agent’s speculative preview cue ãA(t). Rather than matching
stale observations directly, the agent maintains a forward state predictor µ̂A(t | t − ∆fb) and
minimizes the precision-weighted Variational Free Energy (VFE) functional:

FCoInf
(
µA(t), ãA(t); ∆fb

)
= 1

2
ΠH(t)

∥∥ôH

(
µ̂A(t | t−∆fb)

)
−oH(t)

∥∥2
2 + DKL

(
qA

(
ϑt | µA(t)

) ∥∥∥ pA(ϑt | Cws)
)
,

(1)
where Cws is the bounded workspace context prior required for closed-set EEG decoding [19, 25],
and ΠH(t) ∈ [0, 1] is the estimated signal-to-noise precision of the neural channel [1, 6].

3.2 Delayed linear dynamical system and critical phase-lock boundary

Let esync(t) ≜ Ψ(µH(t))−µA(t) denote the synchronization manifold error between the human’s pro-
jected intent representation Ψ(µH(t)) and the agent’s belief state. Under continuous-time gradient
flow µ̇A = −κA∇µAFCoInf with cortical coupling gain κA > 0, cortical oscillatory modulation fre-
quency ωc > 0, and uncompensated transport delay ∆fb, the linearized stochastic delay differential
equation (DDE) governing esync(t) is:

desync(t) = −κA ΠH(t) esync
(
t − ∆fb

)
dt + σdrift dWt, (2)
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where σdrift is the baseline intent diffusion rate and Wt is a standard Wiener process. Projecting (2)
onto the dominant cortical theta/prediction-error modulation mode at angular frequency ωc yields
the effective exponential damping rate λ⊥(∆fb):

λ⊥(∆fb) = −κA ΠH(t) cos
(
ωc ∆eff(∆fb)

)
+ 1

2
σ2

drift, ∆crit = π

2 ωc
, (3)

where ∆eff(∆fb) = ∆fb for uncompensated controllers and ∆eff(∆fb) = (1 − αpred)∆fb under Smith-
type forward state prediction with compensation coefficient αpred ∈ [0, 1). For the physiological
cortical parameters used in our study (κA = 20.0 s−1, ωc = 17.5 rad/s corresponding to 2.78 Hz
theta-band predictive pacing [27]), the uncompensated critical delay boundary is explicitly ∆crit =

π
2×17.5 rad/s ≈ 89.8 ms. When ∆fb < 89.8 ms (e.g., ∆fb ∈ {15, 45} ms), cos(ωc∆fb) > 0 and the
synchronization error is exponentially damped. At ∆fb = 90 ms ≈ ∆crit, linear phase damping
vanishes (cos(ωc∆fb) ≈ 0), and at ∆fb = 180 ms > ∆crit, cos(ωc∆fb) < 0, turning negative feedback
into unstable oscillatory amplification.

3.3 Two-stage causal ErrP waveform classification and commitment rule

To eliminate the acausality of instantaneous action gating, Causal-ErrP-CoInf explicitly distin-
guishes four latency components: (i) feedback cue rendering delay ∆fb, (ii) the physiological post-
stimulus ErrP emergence window τErrP ∈ [260, 330] ms [7], (iii) host CPU execution latency τclf
of the shrinkage-LDA waveform classifier, and (iv) total irreversible action commitment latency
tcommit = ∆fb + τErrP + τclf :

• Stage A (Speculative Preview at time t+∆fb): The agent renders ãA(t) as a low-salience
visual preview without committing external workspace modifications.

• Stage B (Causal Commitment at time t + tcommit): Over the post-stimulus window
[t + ∆fb, t + ∆fb + τErrP], the interface samples a 48-dimensional spatiotemporal ERP fea-
ture vector xERP ∈ R48 (4 fronto-central channels FCz, Cz, Fz, CPz × 12 time bins across
[150, 350] ms capturing the biphasic Pe/Ne error complex contaminated by temporally corre-
lated AR(1) background EEG noise and ocular artifacts) and evaluates a shrinkage-regularized
Linear Discriminant Analysis (LDA) classifier P̂ErrP(xERP) = σ(ŵ⊤

LDAxERP + b̂LDA) alongside
behavioral response-time hesitation τRT [13]:

Commit
(
ãA(t), t+tcommit

)
= I

(
ΠH(t) ≥ Πmin

)
· I

(
P̂ErrP

(
xERP

)
< δveto

)
· I

(
Gepistemic(ãA(t)) ≥ wRT(τRT) τdel

)
.

(4)

4 Shared-autonomy architecture and parameter provenance
Causal-ErrP-CoInf is organized into three local processing stages designed to run on consumer
neural-processing units (NPUs) [5] without cloud round-trips (Table 2):

1. Stage 1: Closed-Set Context-Conditioned EEG Encoder. Rather than attempting
unconstrained open-vocabulary generation—which Jo et al. [19] showed is dominated by
language-model teacher forcing—Stage 1 restricts neural decoding to a closed set of workspace-
grounded semantic candidates Cws using hierarchical EEG-to-text contrastive alignment [25]
and physiological state features [18]. Simultaneously, Stage 1 monitors artifact variance to
compute ΠH(t).
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2. Stage 2: On-Device Speculative Drafter with Forward Delay Predictor. To keep
preview latency within ∆fb ≤ 45 ms (well inside ∆crit ≈ 89.8 ms), Stage 2 executes speculative
decoding [23] and slot-parallel context compaction [31] on the local NPU [5], coupled with
a linear Smith-type forward predictor (αpred = 0.62) that compensates for known transport
delay.

3. Stage 3: Causal Shrinkage-LDA ErrP Commit Buffer and Cognitive Pacing Audit.
Every speculative draft ãA(t) enters a post-stimulus staging buffer (τErrP ∈ [260, 330] ms)
while rendered as a peripheral preview. If the calibrated shrinkage-LDA classifier on xERP ∈
R48 detects an ErrP waveform [7] or behavioral hesitation [13], the staged draft is silently
flushed. To counter sycophantic dependence [8, 10] and cognitive debt [20, 21], Stage 3
enforces periodic unassisted verification steps.

Table 2: Subsystem readiness and empirical deployment constraints of Causal-ErrP-CoInf as of
November 2026.
Subsystem Maturity Supporting empirical evidence Practical engineering limitation

Closed-set
hierarchical
EEG alignment

Benchmark
validated

Context-conditioned EEG-to-text
alignment [25]; teacher-forcing
audit [19]

Cannot decode open-vocabulary
unconstrained inner speech;
requires structured workspace
candidates

Single-trial
shrinkage-LDA
ErrP veto

Clinical /
BCI tested

Single-trial error-potential gating
in closed-loop BCIs [7]

Realized single-trial sensitivity
(T̂PR ≈ 0.74, F̂PR ≈ 0.14 at
SNREEG = 0.80) degrades under
dry-electrode motion artifacts

On-device NPU
speculative
drafting

Production
ready

Speculative decoding [23];
SpecCompact [31]; NPU LLM
characterization [5]

NPU memory-bandwidth limits
constrain local target model size to
3B–8B parameters [5]

Response-time
preference
weighting

Empirically
validated

Decision response time improves
heterogeneous preference
alignment [13]

Acute time pressure can compress
user response times and mask
hesitation [37]

Sycophancy &
cognitive-debt
pacing

Empirical
HCI stage

Sycophancy decision distortion
[8, 10]; EEG connectivity audits
[21, 33]

Assistance dilemma trade-off
between task velocity and
long-term skill retention [20, 34]

Table 3 documents the physical and physiological provenance of every simulation parameter in
experiment.py.
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Table 3: Parameter provenance and neurophysiological grounding for the delayed dynamical simu-
lation and 48-dimensional ERP waveform classifier (experiment.py).
Parameter Value /

Range
Physical and neurophysiological definition Primary

grounding

κA, ωc 20.0 s−1, 17.5 rad/sCortical–agent gain and theta modulation frequency
(2.78 Hz), yielding ∆crit = π/(2ωc) ≈ 89.8 ms

[16, 27]

∆fb {15, 45, 90, 180} msClosed-loop feedback cue rendering delay spanning
below, at, and above ∆crit ≈ 89.8 ms

[5, 23]

τErrP, tcommit [260, 330] ms, 310–475 msPhysiological post-stimulus ErrP emergence window
and total action commitment latency
(∆fb + τErrP + τclf)

[7]

xERP ∈ R48 4 ch×12 bins Spatiotemporal ERP waveform (150–350 ms) with
AR(1) background EEG (ρAR = 0.72) classified by
shrinkage LDA

[7, 25]

SNREEG 0.80 (sweep
0.30–1.30)

Single-trial ERP signal-to-noise ratio yielding
realized (T̂PR, F̂PR) = (0.737, 0.142) at baseline

[6, 7]

ΠH(t), Πmin [0.55, 0.96], 0.62Normalized single-trial EEG signal-to-noise
precision and abstention floor

[6, 25]

∆t, Tep 5 ms, 600 ms Discrete Euler–Maruyama integration step and
episode horizon (120 steps)

[16]

5 Mechanistic delayed-dynamics experiments and sensitivity anal-
ysis

To evaluate whether Causal-ErrP-CoInf preserves phase-locked synchrony across the ∆crit ≈ 89.8 ms
delay boundary while blocking unconsented agent completions via genuine waveform classification
rather than Bernoulli indicator draws, we implemented a mechanistic simulator (experiment.py)
that numerically integrates the stochastic delay differential equation (2) at step size ∆t = 5 ms and
classifies 48-dimensional synthetic post-stimulus ERP waveforms across 26,400 total episodes.

5.1 Experimental design, ERP waveform synthesis, and cohort separation

On each calibration block (Ntrain = 500), a shrinkage-regularized Linear Discriminant Analysis
(LDA) classifier (γshrink = 0.18) is fitted to 48-dimensional spatiotemporal ERP waveforms syn-
thesized from a biphasic Pe/Ne error template across 4 fronto-central channels contaminated by
temporally correlated AR(1) background EEG noise (ρAR = 0.72) and random blink/muscle arti-
facts. Each experimental cell evaluates two separate cohorts of 600 episodes (1,200 episodes per cell
across 4 architectures and 4 feedback delays = 19,200 latency-sweep episodes, plus 7,200 SNR-sweep
episodes):

• Misaligned / Sycophantic Cue Cohort (Nmis = 600 per cell): The agent generates a
candidate completion ãA(t) that diverges from the user’s true latent intent [10, 30], evoking
a noisy post-stimulus ErrP waveform over τErrP ∼ Uniform(260, 330) ms. If the architecture
commits ãA(t) without vetoing it, the episode is recorded as an Unrequested Intent Drift
event and injects an impulse perturbation into (2).

• Aligned Cue Cohort (Naligned = 600 per cell): The agent generates a contextually valid
cue ãA(t) (background AR(1) EEG without an error template). We integrate (2) over 120
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steps (600 ms) and record Phase-Locked Synchrony if the trajectory is not falsely ve-
toed by the LDA classifier and maintains terminal and root-mean-square error within the
synchronization basin (∥esync(T )∥ ≤ 0.32 rad, RMS(esync) ≤ 0.36 rad).

All proportions are reported with exact asymmetric 95% Wilson score confidence intervals [cilow, cihigh].

Table 4: Delayed-dynamics benchmark across 19,200 episodes (Nmis = 600 misaligned and
Naligned = 600 aligned episodes per cell across feedback delays ∆fb ∈ {15, 45, 90, 180} ms; theo-
retical uncompensated critical delay ∆crit ≈ 89.8 ms). Bracketed ranges denote exact asymmetric
95% Wilson confidence bounds [cilow, cihigh].
BCI Architecture Sync 15 ms (%) Sync 45 ms (%) Sync 90 ms (%) Sync 180 ms (%) Drift 45 ms (%) VFE F

Cloud
Turn-Based

93.33 [91.05, 95.07] 92.67 [90.30, 94.49] 50.50 [46.51, 54.48] 0.00 [0.00, 0.64] 65.50 [61.61, 69.19] 1.10

Linear Score
Align

92.17 [89.74, 94.06] 91.67 [89.18, 93.62] 51.50 [47.50, 55.48] 0.00 [0.00, 0.64] 47.33 [43.37, 51.33] 0.97

Greedy
Speculative

94.17 [92.00, 95.78] 93.00 [90.67, 94.78] 86.83 [83.89, 89.31] 82.50 [79.26, 85.33] 28.50 [25.03, 32.24] 0.53

Causal-ErrP-
CoInf

90.17 [87.52, 92.30] 87.83 [84.97, 90.21] 82.33 [79.08, 85.18] 61.50 [57.54, 65.31] 9.33 [7.26, 11.93] 0.41

5.2 Quantitative findings, latency decomposition, and SNR ROC sweep

Table 4, Table 5, and Figures 2–3 demonstrate three key empirical findings:
1. Exact numerical verification of the ∆crit ≈ 89.8 ms bifurcation (Eq. 3). In ex-

act agreement with our analytical stability boundary, uncompensated architectures (Cloud
Turn-Based BCI and Linear Score Alignment) achieve high phase-locked synchrony when
∆fb ∈ {15, 45} ms < ∆crit (92.67% [90.30, 94.49] and 91.67% [89.18, 93.62] at 45 ms), drop
precipitously to ≈ 51% right at the bifurcation threshold ∆fb = 90 ms ≈ ∆crit (50.50%
[46.51, 54.48] and 51.50% [47.50, 55.48]), and collapse to 0.00% [0.00, 0.64] phase lock (with
mean VFE exploding above 16.5 nats) at ∆fb = 180 ms where cos(ωc∆fb) < 0 (Figure 3).
Forward delay compensation enables both on-device speculative architectures to maintain pos-
itive damping across the boundary, though Causal-ErrP-CoInf degrades gracefully to 61.50%
[57.54, 65.31] at 180 ms by expanding its epistemic deferral rate to 29.67% [26.15, 33.44].

2. Causal post-stimulus ERP waveform gating cuts unrequested intent drift by 3.1×
over greedy speculation. Because Greedy Speculative BCI commits actions immedi-
ately at preview presentation time tcommit = ∆fb = 45.0 ms (before the physiological ErrP
window has elapsed), it suffers a 28.50% [25.03, 32.24] unrequested intent drift rate. Hold-
ing commitment over the physiological window τErrP ∈ [260, 330] ms (mean total commit-
ment latency tcommit = 339.8 ms at ∆fb = 45 ms, with host Python LDA evaluation time
τclf = 1.85 µs [1.80, 1.90]) allows Causal-ErrP-CoInf to reduce unrequested intent drift to
9.33% [7.26, 11.93] at 45 ms (11.33% [9.04, 14.12] at 15 ms; 11.50% [9.19, 14.30] at 90 ms;
7.00% [5.22, 9.33] at 180 ms), at the cost of a 12.17% [9.79, 15.03] false-veto deferral rate on
aligned cues caused by single-trial EEG noise (Figure 2).

3. Waveform SNR and realized ErrP ROC sensitivity sweep (Table 5). Sweeping
single-trial ERP signal-to-noise ratio SNREEG ∈ {0.30, 0.50, 0.65, 0.80, 1.00, 1.30} at ∆fb =
45 ms maps the realized shrinkage-LDA operating characteristic (T̂PRErrP, F̂PRErrP) from
(0.608, 0.368) at SNREEG = 0.30 to (0.908, 0.025) at SNREEG = 1.30. Unrequested intent drift
drops monotonically from 18.00% [15.13, 21.27] (SNREEG = 0.30) and 15.17% [12.52, 18.26]
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(SNREEG = 0.50) to 12.50% [10.09, 15.39] (SNREEG = 0.65), 12.17% [9.79, 15.03] (SNREEG =
0.80), 10.17% [8.00, 12.84] (SNREEG = 1.00), and 3.17% [2.04, 4.89] (SNREEG = 1.30).

Table 5: Sensitivity sweep over single-trial ERP signal-to-noise ratio SNREEG ∈ [0.30, 1.30] and
realized shrinkage-LDA ROC rates (T̂PRErrP, F̂PRErrP) at feedback delay ∆fb = 45 ms (Nmis = 600,
Naligned = 600 per row). Bracketed intervals report exact asymmetric 95% Wilson bounds.

SNREEG Realized T̂PR Realized F̂PR Causal Drift Rate (%) Causal Sync Rate (%) Greedy Drift Rate (%)

0.30 (Severe Noise) 0.608 0.368 18.00 [15.13, 21.27] 77.50 [73.99, 80.66] 29.67 [26.15, 33.44]

0.50 (Low SNR) 0.662 0.273 15.17 [12.52, 18.26] 81.17 [77.84, 84.09] 26.17 [22.81, 29.83]

0.65 (Moderate) 0.747 0.222 12.50 [10.09, 15.39] 81.17 [77.84, 84.09] 23.50 [20.28, 27.06]

0.80 (Baseline) 0.737 0.142 12.17 [9.79, 15.03] 86.00 [82.99, 88.55] 29.50 [25.99, 33.27]

1.00 (High SNR) 0.808 0.068 10.17 [8.00, 12.84] 90.50 [87.89, 92.60] 29.50 [25.99, 33.27]

1.30 (Wet Array) 0.908 0.025 3.17 [2.04, 4.89] 91.83 [89.37, 93.77] 26.67 [23.28, 30.35]

Unrequested Drift vs Phase-Locked Synchrony at 45 ms Feedback Delay (N=600)
Episode Rate (%)

0

25

50

75

100

65.5

92.7

Cloud Turn-Based BCI

47.3

91.7

Linear Score Alignment

28.5

93.0

Greedy Speculative BCI

9.3

87.8

Causal-ErrP-CoInf

Unrequested Intent Drift (%) Phase-Locked Synchrony (%)

Figure 2: Unrequested Intent Drift Rate (Nmis = 600, lower is better) and Phase-Locked Synchrony
Rate (Naligned = 600, higher is better) across four BCI co-inference architectures at feedback delay
∆fb = 45 ms (error bars denote asymmetric 95% Wilson confidence intervals).
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Phase-Locked Synchrony Across Feedback Delay Delta_fb (Critical ~89.8 ms)
Phase-Locked Synchrony Rate (%)

Closed-Loop Feedback Delay Delta_fb (ms)

0

25

50

75

100

15 ms 45 ms 90 ms 180 ms

Cloud Turn-Based BCI Linear Score Alignment

Greedy Speculative BCI Causal-ErrP-CoInf

Figure 3: Phase-Locked Synchrony Rate across closed-loop feedback delays ∆fb ∈
{15, 45, 90, 180} ms. Uncompensated architectures drop to ≈ 51% at the theoretical stability bound-
ary ∆crit ≈ 89.8 ms and collapse to 0.00% [0.00, 0.64] at 180 ms, matching Equation (3).

6 Decoding Illusions, Single-Trial Noise, and Contested Founda-
tions

A rigorous appraisal of shared-autonomy BCI architectures must confront four bodies of counter-
evidence:

1. Teacher-forcing illusions and closed-set limits in EEG-to-text decoding (Jo et al.
[19], Mao et al. [25]). As demonstrated by Jo et al. [19], apparent open-vocabulary EEG-
to-text fluency in prior literature was largely an artifact of autoregressive teacher forcing,
where the language model generated plausible sentences independent of the EEG input. Even
with hierarchical contrastive alignment [25], non-invasive scalp EEG provides sufficient mu-
tual information only to rank a bounded set of workspace-conditioned candidates. Any BCI
architecture claiming unconstrained open-vocabulary thought transcription from dry scalp
electrodes is empirically unsupported.

2. Single-trial ErrP noise and the latency cost of 260–330 ms causal staging (Chavar-
riaga et al. [7]). Enforcing physiological causality (4) requires holding every candidate action
in a staging buffer over τErrP ∈ [260, 330] ms after preview onset, yielding a total commitment
latency tcommit ≈ 340 ms at ∆fb = 45 ms. In ultra-fast motor tasks, a mandatory 340 ms
commitment hold limits maximum action throughput to ≤ 2.9 commits/s, and the ≈ 14.2%
false-positive rate of single-trial shrinkage-LDA classifiers at baseline SNREEG = 0.80 [7]
causes 12.17% [9.79, 15.03] of valid cues to be falsely deferred (Table 4).

3. Cognitive debt, assistance dilemmas, and methodological caveats (Koedinger and
Aleven [20], Kosmyna et al. [21], Stanković et al. [33]). While Kosmyna et al. [21]
reported reduced frontal-parietal EEG connectivity during AI-assisted writing, Stanković et al.
[33] highlighted small sample sizes and task-familiarity confounds in single-session EEG debt
studies. Nevertheless, decades of cognitive-tutor research on the “assistance dilemma” [4,
20, 34] and recent studies on AI sycophancy [8, 10, 30] confirm that low-friction predictive
assistance systematically erodes unaided verification effort [22, 26].
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4. Privacy leakage in frozen neural encoders (Bajar et al. [3], Tai [35]). Even when an
EEG encoder is frozen and used strictly for workspace alignment, Tai [35] and Bajar et al. [3]
demonstrate that pretrained neuro-foundation representations leak sensitive demographic and
cognitive-state attributes across encoders, necessitating hardware subspace firewalls alongside
active co-inference.

7 Limitations
• Synthetic AR(1) ERP waveform synthesis vs. human-in-the-loop wet-lab valida-

tion. Although experiment.py synthesizes 48-dimensional spatiotemporal ERP waveforms
with AR(1) background EEG noise and fits an explicit shrinkage-LDA classifier alongside
numerical DDE integration of (2), live human cortical adaptation exhibits non-stationary
plasticity and fatigue effects that require human-subject crossover trials.

• Dependence on minimum electrode SNR (SNREEG ≥ 0.80, T̂PR
∗
ErrP ≈ 0.74). As

shown in Table 5, when dry-electrode contact impedance or jaw-clench artifacts degrade single-
trial ERP SNR below 0.65 (T̂PRErrP < 0.74), unrequested intent drift rises to 15.17%–18.00%,
requiring the interface to fall back to explicit manual confirmation.

8 Pre-registerable falsification protocol
Table 6 defines six pre-registerable experimental protocols designed to falsify the core claims of
Causal-ErrP-CoInf.
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Table 6: Six pre-registerable empirical tests to falsify the Causal-ErrP-CoInf shared-autonomy
architecture.
Protocol Hypothesis Experimental design Falsified if

P1. Delay-
bifurcation
boundary
(∆crit ≈
89.8 ms)

Uncompensated phase-lock
stability drops sharply
above ∆fb = 90 ms (Eq. 3)

Human-in-the-loop EEG
shared-control study
(N = 36) injecting synthetic
cue delays
∆fb ∈ {15, 45, 90, 180} ms

Uncompensated phase-lock
rate at 180 ms exceeds 40%
or does not drop
significantly (p > 0.05)
between 45 ms and 90 ms

P2. Causal
260–330 ms
ErrP veto
efficacy

Post-stimulus
shrinkage-LDA ERP + RT
gating cuts unrequested
drift below 12.5% at
SNREEG ≥ 0.80

Inject 200
divergent/sycophantic
agent preview cues [7, 10]
comparing immediate
commit at ∆fb vs. causal
commit at tcommit

Committed unrequested
drift under causal staging
exceeds 13.0% when
realized T̂PRErrP ≥ 0.74

P3. Teacher-
forcing
ablation audit

Stage 1 closed-set EEG
encoder retains
above-chance discrimination
without teacher forcing [19]

Evaluate Stage 1 candidate
ranking under strict
non-teacher-forced
evaluation and
shuffled-EEG baselines
[19, 25]

Top-1 closed-set candidate
accuracy does not exceed
the shuffled-EEG null
baseline by ≥ 15 percentage
points

P4.
Break-even
ErrP
sensitivity
threshold

Drift exceeds 14% whenever
single-trial T̂PRErrP < 0.70
(Table 5)

Stratify closed-loop BCI
sessions by per-subject
calibrated shrinkage-LDA
ErrP ROC sensitivity
across dry vs. wet EEG
headsets

Subjects with
T̂PRErrP < 0.65 achieve
< 10% drift without
manual fallback, refuting
the sensitivity bound

P5.
Assistance-
dilemma recall
preservation

Stage 3 Socratic verification
pacing prevents unaided
post-task recall drop
[20, 21]

Randomized controlled trial
(N = 60) comparing
unpaced speculative
completion vs. Stage 3
paced co-inference [21, 33]

Stage 3 group exhibits
> 10% reduction in unaided
post-test recall relative to
unassisted control

P6. On-device
NPU preview
latency bound

Local NPU speculative
drafter renders preview cues
within ∆fb ≤ 45 ms [5, 23]

Profile 99th-percentile
end-to-end EEG feature
extraction + NPU draft
latency across 5,000
workspace steps

95th-percentile preview
rendering latency ∆fb
exceeds 65 ms on consumer
NPU hardware
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9 Conclusion
High-bandwidth human–agent interaction across brain–computer interfaces does not require—and
should never claim—the creation of silicon consciousness or open-vocabulary telepathy. Grounded
in affective neuroscience and methodological audits of EEG decoding, shared-autonomy BCI co-
inference is properly formulated as a two-timescale Markov-blanketed control problem: specula-
tive preview cues must be rendered with forward delay compensation inside the cortical phase-
stability boundary (∆fb ≤ 45 ms < ∆crit ≈ 89.8 ms), while irreversible action commitment must
wait causally for the post-stimulus Error-Related Potential window (tcommit ≈ 339.8 ms over
τErrP ∈ [260, 330] ms). Across 26,400 simulated episodes integrating the delayed synchronization
dynamics and classifying 48-dimensional spatiotemporal ERP waveforms via shrinkage-regularized
LDA, Causal-ErrP-CoInf reduces unrequested intent drift at ∆fb = 45 ms from 65.50% [61.61, 69.19]
(cloud turn-taking) and 28.50% [25.03, 32.24] (acausal greedy speculation) to 9.33% (95% Wilson CI
[7.26, 11.93]) while maintaining 87.83% [84.97, 90.21] phase-locked synchrony, provided single-trial
ERP signal-to-noise ratio exceeds SNREEG ≥ 0.80 (T̂PR

∗
ErrP ≈ 0.74).

Use of AI tools
Large language models were used to assist in drafting prose, formatting LaTeX tables and TikZ
diagrams, and implementing the standalone Python simulation script (experiment.py). Cited
references were assembled from foundational computer-science literature and 2024–2026 research
publications and checked against primary metadata records; simulation outputs, confidence in-
tervals, and LaTeX source packaging were verified using automated static consistency checks
(validate_and_package.py).
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