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Abstract
Awareness emerges from large-scale patterns of neural ac-
tivity, yet modeling the interplay between conscious and un-
conscious dynamics remains elusive. Leading techniques for
data-driven analysis of neural signals rely on Koopman op-
erator theory (KOT) which lacks mechanisms to disentangle
conscious and unconscious modes of awareness. We leverage
Mori-Zwanzig formalism to separate unconscious and con-
scious modes as resolved and unresolved states, respectively.

Introduction
Artificial intelligence driven analysis of neuroscience en-
ables new insights into neural processing. Advances in
neuroimaging, deep learning, and representational similar-
ity analysis (RSA) now enable unprecedented insight into
how awareness modulates neural representations across the
brain, revealing distinct patterns associated with conscious
and unconscious processing(Mei and Soto 2025; Weber
et al. 2024). Methods based on Koopman-operator theory
(KOT), including dynamic mode decomposition (DMD),
model neural activity as evolving dynamical systems, and re-
cover coherent spatiotemporal modes underlying perception
and cognition (Brunton, Proctor, and Kutz 2014; Casorso
et al. 2019). However, KOT approaches assume Marko-
vian dynamics–the evolution of the system is entirely self-
contained–lacking principled mechanisms to separate the
perceptively distinct modes of conscious and unconscious
awareness. Recent work studying the effects of propofol
anesthesia on the loss of consciousness (LOC) provides em-
pirical access to the split between conscious and uncon-
scious dynamics (Eisen et al. 2024; Xiong et al. 2024). These
studies examined propofol-induced LOC as a source of dy-
namical instability in neural activity, using the Hankel al-
ternative view of Koopman (HAVOK) framework (Brunton
et al. 2017) to analyze the forcing mechanisms driving such
instabilities. In this work, we aim to extend these insights by
applying the Mori–Zwanzig (MZ) projection-operator for-
malism (Mori 1965; Zwanzig 2001), which distinguishes
between resolved (conscious) and unresolved (unconscious)
components of neural dynamics.

Background
Our approach is based on a hierarchy of operator theories.
Closed KOT is purely Markovian and enables the analysis

of coherent neural dynamics. KOT incorporates a stochas-
tic forcing term, enabling the study of dynamic instabilities.
MZ incorporates separate neural dynamics for resolved and
unresolved states, resulting in forcing and dissipative terms.

Koopman Operator Theory (KOT)
The Koopman operator K is a linear operator describing the
temporal dynamics of a neural state given by g. If the dy-
namics are closed then the evolution of g is given by

d

dt
g(t) = Kg(t). (1)

DMD generates a matrix approximation K ≃ K given a
history of states {g(ti)}ni=1. This is achieved by generating
snapshot matrices

X =
[
g(t1) · · · g(tn−1)

]
, Y =

[
g(t2) · · · g(tn)

]
,

and finding the least squares solution A = Y X+, where
X+ is the Moore–Penrose pseudoinverse. Coherent modes
are recovered as the leading DMD eigenvectors.

General Koopman operator theory. If the dynamics are
driven by an external force η(t) the evolution equation is

d

dt
g(t) = Kg(t) + η(t). (2)

From the singular decomposition of the Hankel matrix

H =


g(t1) g(t2) · · · g(tm)
g(t2) g(t3) · · · g(tm+1)

...
...

. . .
...

g(tℓ) g(tℓ+1) · · · g(tℓ+m−1)

 = UΣV ⊤,

HAVOK models the forcing term as the right singular vec-
tor of H . A linear model is fit on the reduced coordinates
g̃n+1 = Kg̃n + bun where the right singular vector un is a
low-rank approximation of the residual.

Mori–Zwanzig Operator Theory (MZ)
MZ models the residual term explicitly using resolved and
unresolved subspaces. In particular, g is decomposed by or-
thogonal subspaces P and Q so that g = ĝ+g̃ where ĝ = Pg



and g̃ = Qg are resolved and unresolved components. The
evolution of a resolved observable ĝ(t) is given by

∂

∂t
ĝ(t) = PLĝ(t)︸ ︷︷ ︸

Markov

+

∫ t

0

PLe(t−s)QLQLĝ(s) ds︸ ︷︷ ︸
Dissipative Memory

+ PLetQLQg(0)︸ ︷︷ ︸
Fluctuating Force

.

(3)

Mori-Zwanzig Approach to Neuroscience
Our approach utilizes equation 3 to describe how con-
scious and unconscious signals co-evolve. In particular, the
Markov term accounts for direct interactions within the un-
conscious baseline, the dissipative memory term captures
delayed influences of conscious processes (e.g., feedback ef-
fects reflecting awareness integration), and the fluctuating
force term reflects inherent noise in conscious states.

The MZ operator theory is closed by correlating the fluc-
tuating force and dissipating memory operators

PLetQLQL⟨Pg, Pg⊤⟩ = ⟨PLetQLQg, PLQg⟩.
This fluctuation-dissipation relation effectively couples the
noise and memory terms. The result is a practical mecha-
nism for modeling conscious influence as signal noise.

Recent work (Lin et al. 2021) provides data-driven meth-
ods for modeling the effects of unresolved variables from
snapshots of resolved variables. The evolution of ĝ is

ĝ
(
tn+1

)
=

ℓ∑
k=0

K(k) · ĝ
(
tn
)
+ F ,

where K(k) incorporates the Markov and dissipative mem-
ory terms and F incorporates the fluctuating force. We re-
mark on the connection between MZ and the extended DMD
via K(0) = (Y X)(XX)+; see (Lin et al. 2021) for details.

Experiments
Ornstein-Uhlenbeck (OU) process In anesthesia model-
ing, OU processes serve as interpretable drivers of the dy-
namics of the neural population. This is because the OU pro-
cess models conscious signals as deviations from the uncon-
scious mean, where there is a strong tendency to return to the
mean (Sleigh et al. 2004). Mathematically, the OU process
is a continuous-time mean-reverting SDE akin to equation 2

dxt

dt
= −θxt + ση(t)

where η(t) is the derivative of the Wiener process dWt/dt.
Figure 1 illustrates the advantages of using MZ in fore-

casting the OU process. In particular, we train on a trajectory
with 180 equally partitioned time steps, and then perform 20
step roll-out predictions. Moreover, we perform an ablation
of the MZ computation with and without the memory term
ℓ = 0. We observe that the forward evolution of the MZ with
ℓ = 18 outperforms the baseline methods. Additionally, the
error term remains reduced for time steps on the order of the
memory length ℓ = 18.
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Figure 1: A 20 time step roll-out of the DMD and MZ meth-
ods for the OU process, and the respective error. We observe
that MZ with memory adheres to the ground truth while the
time steps are on the order of the memory length l = 18.

Propofol induced loss of consciousness (LOC) Propo-
fol induces loss of consciousness (LOC) by amplifying in-
hibitory neurotransmission. In awake states, neural feedback
loops reduce signal noise so that the system can focus on
surprises (Xiong et al. 2024). Under propofol, this feedback
mechanism weakens so that sensory signals become louder,
but cross area coordination is reduced. MZ treats missing
feedback as a learnable memory kernel plus noise, so that
we can capture how past context influences new inputs.

Model Awake Anesthetized
DMD 3.140 0.620

MZ 0.101 0.011

Table 1: Mean squared error for the DMD and MZ methods
on the propofol induced LOC. We observe that MZ achieves
significantly improved results over the baseline DMD.

Table 1 reports the results for forecasting 13 unrolled time
steps using DMD and MZ with l = 10. Training is per-
formed on 728 time steps for the mean sensor data over
each of the 96 frequencies. In both awaken and anesthetized
states, MZ significantly improves over the baseline.
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Figure 2: The top three eigen values of the memory operators
at each order k. The modes all correlate in the anesthetized
state. In the awake state the dominant mode is oscillatory.

Figure 2 illustrates the top three eigenvalues of the MZ
memory kernel at each order k. We observe significant dif-
ferences in the dominant mode of the awake state corre-
sponding to the neural feedback loop. Meanwhile, we ob-
serve correlating modes in the anesthetized state.

Conclusion
We show that incorporating a separation of resolved and un-
resolved variables can boost the model’s interpretability of
conscious and unconscious modes. Our approach is limited
to available data on propofol LOC which separates awake
and anesthetic states. Future work aims at analyzing aware
and unaware levels of consciousness in multi-modal deep
learning approaches (Mei and Soto 2025)
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