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Abstract

Foundation models for functional magnetic resonance imaging (fMRI) show great
potential in recognizing cognitive states and supporting disease diagnosis. How-
ever, current approaches predominantly focus on modeling extrinsic functional
fluctuations, with limited attention to the holistic modeling of intrinsic brain
state dynamics. This gap constrains both interpretability and generalization to
neuroscience-driven applications. To address this limitation, we introduce Brain-
Mech, a Koopman-structured fMRI foundation model designed to learn an analyz-
able stochastic latent dynamical representation of fMRI signals, enabling explicit
analysis of latent spectra, temporal evolution, and region-level dynamical pat-
terns. The architecture integrates a population-level Koopman operator, which
maps functional dynamics into a linear latent state space, with a subject-specific
stochastic component to account for individual variability. By leveraging intrin-
sic spatiotemporal dependencies, BrainMech learns stable spatiotemporal latent
dynamics that transfer across heterogeneous lifespan cohorts and downstream
neuroimaging tasks. Experimental results on multiple downstream neuroimaging
tasks (including >130K fMRI scans) show that BrainMech improves predictive
performance under the evaluated protocols while providing spectral, temporal,
and region-level analyses of the learned latent dynamics. Code is provided in
Supplementary Materials.

1 Introduction

Understanding brain dynamics from functional Magnetic Resonance Imaging (fMRI) data is critical
in computational neuroscience, yet remains challenging due to the complex mapping between high-
dimensional neuroimaging signals and heterogeneous behavioral phenotypes across individuals. In
parallel, sample sizes in clinical neuroimaging studies are often limited (Marek et al., 2022). For
example, many pilot studies may recruit only a small number of patients. This data scarcity makes
it difficult to reliably test hypotheses or assess the diagnostic utility of fMRI using conventional
learning-based approaches. In this context, there is a critical need for foundation models trained
on large-scale public datasets to facilitate current neuroscience studies and clinical applications by
providing a generalizable understanding of functional dynamics for human brains.

Recent advances in foundation models have substantially promoted the modeling of brain function
using an unprecedented amount of existing fMRI data (Caro et al., 2023; Dong et al., 2024; Yang,
2024). However, existing approaches predominantly cast brain dynamics as time series modeling
problems, providing limited access to explicit dynamical quantities such as latent spectra, time
constants, and region-level mode loadings that can be compared across cohorts and clinical groups.
This disconnect undermines predictive accuracy for phenotypical traits while also limiting model
interpretability, since the learned fMRI representations lack an explicit dynamical parameterization
that supports spectral, temporal, and region-level analyses of learned fMRI representations.
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To address this limitation, we propose a Koopman-structured stochastic latent dynamics foundation
model that represents fMRI signals in an analyzable latent state space. Since human brain function
operates in a nonlinear manner, the Koopman operator (Koopman, 1931) is employed to transform
nonlinear dynamical systems into linear latent spaces, thereby simplifying the learning of brain-
state dynamics. We specifically devise a diagonal-plus-low-rank (DPLR) decomposition on the
Koopman operator to enable computationally efficient linearization. In addition, we model the
temporal evolution of latent brain states with a stochastic state-space formulation. The deterministic
drift captures structured latent evolution, while the diffusion term accounts for intrinsic uncertainty
and inter-subject heterogeneity. The diffusion term in SDE explicitly captures uncertainty and latent,
unmodeled dynamics, enabling principled uncertainty quantification within the dynamical system. To
that end, the learned diffusion process captures time-varying uncertainty in latent neural trajectories,
improving robustness over conventional approaches that treat the variation as unstructured noise.
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BRAINMECH achieves strong downstream performance on sex classification and disease diagnosis

while providing analyzable latent dynamics.

2 Related Work

Brain dynamics modeling. Classical approaches include dynamic causal modeling (Friston et al.,
2003) and data-driven decompositions such as tensorial/group ICA (Beckmann and Smith, 2005),
as well as time-varying (dynamic) functional connectivity analyses (Hutchison et al., 2013; Preti
et al., 2017; Lurie et al., 2020). Deep learning methods, including RNNs/LSTMs (Dvornek et al.,
2017) and continuous-time models based on neural ODEs, have been applied to fMRI, but often
provide limited access to explicit spectral, stability, and region-level dynamical quantities that can be
compared across cohorts and clinical groups (Han et al., 2024).

Foundation models for learning functional dynamics. Recent foundation models have demon-
strated strong representation learning from large-scale brain imaging data. BrainLM (Caro et al.,
2023) uses transformer-based masked prediction on fMRI recordings but models signals as discrete to-
kens without a continuous-time structure. Brain-JEPA (Dong et al., 2024) learns latent representations
through future state forecasting but relies on implicit objectives without explicit dynamics. BrainMass
(Yang, 2024) applies masked auto-encoding to functional connectivity matrices but operates on
static representations. BrainHarmonix (Dong et al., 2025) explores multimodal brain foundation
modeling by unifying structural MRI morphology and fMRI functional dynamics into compact one-
dimensional brain tokens. These approaches share common limitations: they treat brain dynamics
as sequence or matrix prediction problems without explicit continuous-time dynamical structure.
Although graph-based approaches such as BrainGNN (Li et al., 2021) were not originally designed as
foundation models, their success underscores the importance of incorporating connectivity topology
when modeling functional dynamics. However, the inductive biases implied by connectivity topology
remain underexplored. We address these challenges by integrating Koopman operator theory with
graph-based representations and stochastic differential equations, as described below.



Koopman operator for brain dynamics. The Koopman operator framework provides a principled
approach to analyzing nonlinear dynamical systems by lifting them into an infinite-dimensional
linear space (Koopman, 1931; Mezié, 2005). For a deterministic nonlinear system z = f(z) with
state z € R?, where d represents latent dimension, the Koopman operator K* acts on observables
g:R? = R via

(K'g)(2) = g(¢'(2)), M
where ¢! is the state transition function. The key insight is that while the original dynamics f are
nonlinear, the Koopman operator is /inear in the space of observables, enabling efficient system
identification and behavior prediction.

On the other hand, neural dynamics are inherently noisy and subject to complex physiological
fluctuations, rendering strict deterministic models insufficient. In this context, for stochastic systems,
we apply the stochastic Koopman semigroup (Klus et al., 2020), which acts on observables via
conditional expectations over stochastic trajectories.

3 Method

We first introduce the Koopman-structured stochastic latent dynamics used by BRAINMECH (Sec. 3.1).
We then describe the network architecture that instantiates these dynamics, including the topology-
aware spatiotemporal embedding network (TASEN), the DPLR-Koopman core, stochastic decoding,
and stability-regularized self-supervised objectives (Secs. 3.2-3.3). Standard stochastic Koopman
and SDE derivations are provided in Appendix B.

Let 7, € RY denote the observed regional blood-oxygen-level-dependent (BOLD) signal from
fMRI at the 7-th time point, where IV is the number of brain regions, for 7 = 1,..., 7. Although
neural activity evolves in continuous time, fMRI provides discrete observations {z,}7_, obtained
by sampling the underlying process at regular acquisition intervals. We denote continuous sampling
times by {¢,} and assume approximately uniform sampling, i.e., t; = TAt. Here, At acts as a time-
scale factor *. We then construct the functional brain network by calculating Pearson’s correlation
coefficients between regional time series, yielding the functional connectivity (FC) matrix A.

3.1 Koopman-Structured Stochastic Latent Dynamics

BRAINMECH uses a Koopman-inspired stochastic latent state-space model rather than claiming
to recover exact finite-dimensional Koopman observables. Given an fMRI sequence {z,}Z_; and
its functional connectivity matrix A, TASEN maps the observed BOLD signals into latent states
2. € R?. We model the continuous-time evolution of the corresponding latent process Z; € R? as

dZ; = (KZy+ Cup+ ) dt + So(Zy,ur) dW, )

where K € R%*4 ig a learnable continuous-time latent drift/generator, u; € R4 is a continuous-time
control process, C' € R4*- maps the control signal into the latent dynamics, 3 € R¢ is a bias vector,
W is Brownian motion, and (-, -) parameterizes stochastic diffusion. For a fixed control signal
over [t, t-1), the corresponding sampled-time deterministic transition is ®A; = exp(AtK), while
Euler-Maruyama uses I + AtK only as a first-order numerical approximation for training on the
fMRI sampling grid. Therefore, stability and spectral analyses of K are interpreted through the
real parts Re(\;(K)); spectral-radius criteria apply only to the sampled transition ® ;. A detailed
discussion is provided in Appendix B.6. The central inductive bias is that nonlinear fMRI dynamics
can be represented by approximately linear evolution in a learned latent coordinate system, while the
diffusion term captures residual stochasticity and subject-level variability.

For an SDE-driven Markov process, the associated stochastic Koopman semigroup acts on observables
through conditional expectation,

(K'g)(z) == Elg(Z) | Zo = 2], 3)
for any observable g : R? — R. We therefore use the term Koopman-structured to describe the
operator-theoretic inductive bias imposed on the learned latent dynamics, not to assert that the encoder

'We set At = 1 and report normalized frame-time dynamics; TR calibration is discussed in Sec. F.
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Figure 2: BRAINMECH includes three learning components. Left. TASEN maps BOLD signals
and functional connectivity into latent features. Middle. A Koopman-structured stochastic latent
dynamics module models state transitions through linear drift, control, and diffusion. Right. Stability-
regularized self-supervised objectives support forecasting and downstream adaptation.

exactly recovers Koopman eigenfunctions. Under standard Lipschitz and growth conditions, Eq. 2
induces a well-defined stochastic process and a valid stochastic Koopman semigroup; these standard
results and proofs are provided in Appendix B.

Our model-specific contributions are the learnable control-aware latent SDE in Eq. 2, the diagonal-
plus-low-rank (DPLR) parameterization of K for scalable brain-network modeling, and a stability
regularizer motivated by mean-square dissipativity of the latent process. These components make the
learned dynamics analyzable through spectra, eigenmodes, and mediation effects.

3.2 Network architecture: Mechanistic Foundation Model of Functional Dynamics

Latent dynamics instantiation. Eq. (2) defines latent stochastic dynamics with drift (K, C, 3)
and diffusion Xy, and Eq. (4) connects latent states to fMRI observations. In our implementation,
TASEN encodes (z1.7, A) — z1.7 (Sec. 3.2.1), the control head maps latent trajectories and context
variables into u1.7 (Eq. 6), and the low-rank parameterizations realize (K, C') (Egs. 9 and 10). Euler—
Maruyama discretization yields a tractable Gaussian transition density p(z,+1 | 2-,u, ), enabling
likelihood-based dynamics learning; the full derivation is provided in Appendix B.

Observation model. We connect latent states z, to discrete fMRI observations {x, } via a stochastic
measurement model:

Ty | 2r ~ N(Mgl(ZT), Ugl(zT)I), Zr =2y “4)

where the stochastic decoder outputs a mean pig, (z,) and a variance 031 (zr) in the observation space.

3.2.1 Spatial Brain Mapping: Topology-Aware Spatiotemporal Embedding Network

The spatial brain mapping module TASEN projects discrete fMRI observations onto the latent
dynamical manifold, decomposing the encoding process into spatial feature extraction and temporal
integration. Given the inputs {x, }Z_;, TASEN computes embeddings through a graph spatial encoder
followed by a temporal model:

tem(fqpa(x‘rv ))a (5)

where the spatial encoder f (e.g., ChebNet (Defferrard et al., 2016) or GAT (Veli¢kovi¢ et al.,
2018)) leverages the functlonal connect1v1ty matrix A to aggregate local topological information.

Subsequently, the temporal encoder ftem, implemented as a Transformer-based module, captures
long-range dependencies across the sequence of spatial embeddings (as shown in Fig. 2, left).



We construct the control signal by combining short-range trajectory history with global subject-level

context (Fig. 2, middle):
ur = fik (fii(2<f)7 fﬁi(v)), (6)

where v denotes phenotypic covariates that condition the dynamics. We instantiate v with age,
as it constitutes a major variation in functional brain organization throughout development and
aging (Betzel et al., 2014). The episodic encoder ffp"; summarizes the recent latent trajectory before
time 7, capturing transient dynamical state and short-term history. In contrast, the contextual encoder
fg,‘i uses the covariates v to estimate subject-level factors. The fused control u., therefore modulates
the latent dynamics using both local temporal evidence and global contextual information.

For discrete fMRI samples, we use a piecewise-constant control interpolation, u; = tr,t € [t;,tr41),
so the continuous-time dynamics evolve under a fixed control between adjacent frames.

3.2.2 Parameterization of Functional Dynamic: Euler-Maruyama on Sampling Times
To learn from discrete sequences, we discretize Eq. (2) at {¢,} using Euler-Maruyama:

Zrp1 =2 + (K2 + Cup + B) At + Sp (2, ur )WALE, & ~ N(0,1). @)

With normalized frame time At = 1, Eq. 7 defines the Euler-Maruyama training transition used
to evaluate the one-step likelihood on discrete fMRI samples. This discretization does not change
the stability notion of the underlying model: K remains a continuous-time drift/generator, while
I + AtK is only the first-order Euler approximation to the sampled transition exp(AtK).

This discretization gives the Gaussian one-step transition density
P(ri1 | 20ur) = Nz + (Kzr + Cup + B)AL AL Qy(2r,ur)), @®)

where Qg (2, u,) = Yo(2r,u,) Y0 (2, u,) . We use this transition density to define the dynamics-
consistency loss Lqyy as a negative log-likelihood. The derivation is provided in Appendix B.

3.2.3 DPLR-Koopman Core: Structured Parameterization for Efficiency

The DPLR-Koopman core is our efficient parameterization of the latent drift operator, combining
Koopman-structured stochastic dynamics with a diagonal-plus-low-rank (DPLR) representation. To
reduce parameter complexity, we parameterize the drift matrix with a DPLR form:

K = diag(k)+ UV, )

where k € R? specifies the diagonal component diag(k) € R4, and U,V € R¥*" withr < d
form the low-rank correction. This parameterization reduces the parameter complexity from O(d?)
to O(dr). Equivalently, UV T can be interpreted as a rank-r low-rank correction to the residual

R:=K — diag(k). ie., R~ P, J) with U := P,5/? and V := J,5/2.

For stable, data-agnostic initialization, we initialize the diagonal drift £ with small negative values
so that diag(k) is initially contractive, while U and V" are initialized with small zero-mean random
entries so that UV T starts as a small perturbation. During training, the low-rank correction is
amplified only when supported by the data.

Low-rank control. The control signal contributes the term Cu; with C' € R%* % mapping the d,.-
dimensional continuous-time control process into the d-dimensional latent dynamics. Directly learn-
ing C requires O(d d,.) parameters. To reduce complexity and encourage a shared low-dimensional
control subspace, we factorize C' at rank r. = min(r, d.):

C =00f, € eRYe Oy e REXTe, (10)

so that rank(C') < r. and the parameter count becomes O((d + d..)r.). Equivalently, Cy u; € R"
produces compact control coordinates and C projects them into latent-state directions, meaning the
control influences the dynamics through . shared latent modes. The factors C; and C5 are initialized
with small random values and are optimized end-to-end during training. See Algorithm 1 in the
appendix for a high-level summary.



3.3 Loss Function: Stability-Regularized Dynamics Learning

To learn Koopman-governed latent dynamics from discrete fMRI sequences, we optimize objectives
that directly supervise Koopman transitions and their observable forecasting behavior, as shown in
Fig. 2-right.

Prediction loss (L,,). Let -1 be the one-step forecast decoded from the Koopman-predicted
latent state 2. We minimize the one-step forecasting negative log-likelihood:

=
Lore = —7 1 ; log (rq1 | Zr41),

with Gaussian output parameterization p(z+11 | 2-41) = N (g, (2-41), 05, (Zr41)1).

Dynamics consistency (Lqyr). We require the Koopman-predicted next latent to match the temporal
encoder’s next-step estimate via mean-squared error Layn = 7 .. |[2r41 — 2r+41/|3, where
Zr41 = zr + (Kz; + Cu, + b) At is the Euler step in Eq. 7 of the DPLR-Koopman drift.

Spectral stability regularization (L,1,). For discrete-time stability of the Euler iteration we
penalize the spectral radius of K exceeding a target p < 1: Lgpap = ( ReLU(|A(K)|max—p )) 2, with

p = 0.95 in our experiments. We additionally apply a hard projection k < sk, U,V + /sU,/sV
with s = p/|A(K)|max Whenever the bound is violated during training.

Total objective. The final loss function is a weighted sum of the three terms:
L= Epre + /\lﬁdyn + )\2‘Cstab7

where \; and )\, are hyperparameters balancing dynamical consistency and system stability.

4 Experiments

4.1 Datasets and Setup

We evaluate BRAINMECH on six large-scale fMRI cohorts spanning development, aging, population
neuroscience, and neurological disorders (age distributions in Appendix D.1). The Adolescent
Brain Cognitive Development study (ABCD; (Casey et al., 2018)) provides a large longitudinal
neurodevelopmental cohort (N = 49,147 fMRIs) and is used primarily for pretraining and sex
classification. The Human Connectome Project Aging (HCPA; (Elam et al., 2021)) contains high-
quality fMRI scans from N = 720 middle-aged and older adults and is used to evaluate transfer to
aging-related brain dynamics and sex prediction in a non-clinical population. The UK Biobank (UKB;
(Miller et al., 2016)) provides population-level fMRI data (N = 76,603 fMRIs) with rich phenotypic
annotations, serving as both diverse pretraining data and a benchmark for demographic prediction.
For clinical evaluation, the Autism Brain Imaging Data Exchange (ABIDE; (Heinsfeld et al., 2018))
includes multi-site fMRI data from 2,072 young adults and is used for binary typical-control versus
ASD classification; the Alzheimer’s Disease Neuroimaging Initiative (ADNI; (Petersen et al., 2010))
contains 2,126 older-adult fMRI scans and is used for cognitively normal versus mild cognitive
impairment classification; and the Parkinson’s Progression Markers Initiative (PPMI; (Marek et al.,
2018)) includes 418 unique subjects across normal control, SWEDD, prodromal, and Parkinson’s
disease groups, which we formulate as a four-class classification task.

Experimental setup. BRAINMECH is pretrained on a pooled, lifespan cohort combining existing
fMRI data of healthy subjects from HCPA, UKB, and ABCD. For each dataset, we use the publicly
released preprocessed fMRI (Xu et al., 2023; Dan et al., 2024) and extract fixed-length segments of
length 7' = 300 using a sliding window with stride S = 300 (see Appendix D.2). All experiments
default to the Automated Anatomical Labeling (AAL-116) atlas (Tzourio-Mazoyer et al., 2002),
yielding 116 brain regions. For each window, we construct both the BOLD time series 21,77 € RT <116
and its FC matrix A € R6%116 a5 input. To bridge the developmental gap across the lifespan, we
incorporate age labels to condition the model’s dynamics on developmental stage. Specifically, we
normalize each subject’s age to [0, 1] based on the full age range (8-100 years) and embed it as the
first dimension of context vectors v (i.e., external control input in Eq. 6), which are then processed
by the context encoder ff[i to produce age-conditioned context embeddings, which are fused with

episodic feedback via ft%ie to generate control signals u. that modulate the Koopman dynamics.



Table 1: Disease diagnosis performance. Mean = std across folds. Bold denotes best; * denotes
significant improvement over competing methods (p < 0.05).

Method ABIDE ADNI PPMI
ACC F1 ACC F1 ACC F1

BrainGNN 62.83+2.77 61.73+3.83 83.484+6.99 78.69+8.25 76.92+15.60 75.24+16.43
BrainLM 53.2544.00 51.514+5.67 83.304+4.71  75.79+6.63 50.53+19.59 45.83+23.41
BrainMass-SVM 62.4442.71 62.51+2.67 82.964+5.02 75.32+7.06 63.55+14.00 55.67+16.50
BrainMass-MLP 67.2243.88 66.97+4.04 83.704+6.02 77.59+8.41 67.38+10.97 61.37+13.41
Brain-JEPA 63.8440.82 61.53+1.35 76.84+1.00 86.32+0.50 82.09+9.58 77.16+12.34
BrainHarmonix 55.96+3.68 52.07+4.15 76.75+2.97 44.044+0.60 58.33+3.41 24.1943.58
BRAINMECH (Ours) 72.83%+6.61 72.70"+6.51 87.85"+2.87 73.22+7.80 84.07+29.55 87.63+22.34

Table 2: Biological sex classification accuracy across four cohorts. Results are mean =+ standard
deviation across folds. Bold denotes the best result.

Method HCPA ADNI ABIDE PPMI

BrainLM 40.68+4.03 41.724+7.19 78.59+4.98 42.03+9.21
BrainMass-SVM 69.44+1.69 45.40+12.80 73.84+3.49 48.83+6.27
BrainMass-MLP 69.93+1.64 65.74+7.66 T74.73+4.20 67.73+12.60
Brain-JEPA 43.53+0.65 62.344+6.51 78.11+6.41 48.46+7.09
BrainHarmonix 54.65+1.28 52.35+5.65 78.18+2.74 57.14+4.39
BRAINMECH (Ours) 77.88+2.81 66.24+2.04 82.21+1.88 68.48+4.80

Pretraining optimizes a composite objective that combines forecasting (see section 3.3), along
with dynamics consistency and stability regularization over resting-state (rs)-fMRI segments. The
graph-based spatial encoder fg,% consumes BOLD signals and FC matrices, the temporal module

ffiﬁ, summarizes dynamics, and the DPLR-Koopman core imposes a structured stochastic latent
transition while predicting next-step latent states under an uncertainty-aware decoder. We train
BRAINMECH with AdamW (Loshchilov and Hutter, 2017), ReduceLROnPlateau scheduling; detailed
hyperparameters are listed in Appendix D.2. During pretraining, BRAINMECH achieves an R? as
high as 98.3% on held-out validation data, demonstrating strong self-supervised learning of functional
dynamics. By doing so, BRAINMECH can learn a latent dynamical representation that exhibits
interpretable and structured behavior across both task-agnostic and task-specific analyses.

4.2 Downstream Task Performance Comparisons

We pretrained BRAINMECH using a forecasting-based objective to emphasize latent dynamical
prediction. BRAINMECH contains approximately 110M parameters with training hours ~12 on 8
H100 NVL, making it substantially more compact than existing brain foundation models. For sex
classification, we freeze the backbone and train only an MLP head on pooled latent features, where the
MLP consists of fully-connected layers with LayerNorm, GELU activation, and dropout. For disease
diagnosis, we perform full fine-tuning of the entire model with stratified cross-validation to capture
intricate pathological patterns while ensuring comparability with previous work (see Appendix D.3
for details).

As shown in Tables 1 and 2, BRAINMECH achieves strong downstream performance on both sex
prediction and disease diagnosis under the evaluated protocols, outperforming the compared graph-
based baselines and recent fMRI foundation models. For sex classification, BRAINMECH consistently
exceeds the best competing methods across all cohorts. For disease diagnosis, our BRAINMECH
achieves 72.83% accuracy on ABIDE, improving over both graph-based and foundation model
baselines. For ADNI, BRAINMECH delivers competitive performance while complementary models
(e.g., Brain-JEPA). Finally, for PPMI, BRAINMECH reaches 84.07% accuracy and 87.63% FI1,
showing favorable performance among the evaluated approaches and suggesting that the learned
latent dynamics transfer across the evaluated non-clinical and clinical cohorts (see Sec. 4.3).
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Figure 3: ABIDE eigen-spectrum and decoded eigenmode analysis. (a) Complex eigenvalue spectrum
of the learned DPLR-Koopman latent operator. Points denote eigenvalues; the stable region is shown
for reference. The spectrum is predominantly real-dominated with small imaginary components,
suggesting bounded latent evolution. (b) Decoded eigenmode heatmap in the AAL-116 ROI space.
Rows correspond to the top discrete eigenmodes sorted by decreasing eigenvalue magnitude; columns
correspond to AAL-116 ROIs grouped by functional subnetworks; colors denote row-normalized
signed loadings. (c¢) Anatomical projections of representative eigenmodes and aggregate mode-
density summaries, where node size denotes absolute loading magnitude and color denotes signed
contribution. Additional datasets are shown in Appendix E.5.

4.3 Interpretable Analysis on Eigenmode Dynamics

A key advantage of BRAINMECH is that the learned DPLR-Koopman core enables direct eigenmode
analysis, decomposing brain dynamics into interpretable spectral components. We analyze the learned
Koopman matrix K via eigenvalue decomposition (Fig. 3a) for ASD since Autism is strongly associ-
ated with altered functional dynamics. On the ABIDE dataset, the learned spectrum is predominantly
real-dominated with relatively small imaginary components. This pattern suggests bounded and
largely convergent latent dynamics with modest oscillatory structure, rather than strongly oscillatory
dynamics. We therefore interpret the spectrum conservatively as evidence of stable latent evolution,
not as direct evidence of a biological oscillatory mechanism. Each Koopman eigenmode corresponds
to a distinct dynamical component characterized by a specific timescale and frequency. The asso-
ciated spatial activation patterns (Fig. 3b) exhibit clear network-level structure, with differential
engagement of default mode, frontoparietal, ventral attention, and sensorimotor networks, indicating
that BRAINMECH decomposes whole-brain dynamics into interpretable functional building blocks.
Ordering eigenmodes from low to high frequency and projecting them onto the brain surface (Fig. 3¢c)
reveals a hierarchical organization, where low-frequency modes predominantly involve default mode,
frontoparietal, and cerebellar regions associated with global integration and internally oriented pro-
cessing (Raichle et al., 2001; Vincent et al., 2008), whereas higher-frequency modes are increasingly
localized to sensorimotor and ventral attention cortices, consistent with faster and more transient
functional processes (Cordes et al., 2001; Corbetta and Shulman, 2002). Finally, the aggregated
eigenmode contribution map highlights frontoparietal and cerebellar regions as major contributors to
the overall latent dynamics in ABIDE, consistent with converging clinical and neurodevelopmental
evidence of atypical frontoparietal control and cerebellar involvement in autism spectrum disorder
(Courchesne et al., 2001; Vasa et al., 2016).

4.4 Ablation Studies

Architectural component. To quantify the contribution of each architectural component, we conduct
systematic ablations across multiple datasets. The results are summarized in Fig. 4. Removing
temporal components (No Temporal) causes the largest performance drop on sex classification (67.1%
on HCPA), indicating that temporal modeling is critical. For disease diagnosis, the impact varies by
dataset, removing TASEN components causes the most severe degradation on ADNI (41.9%), while
spatial components are critical for ABIDE.

Koopman rank. Increasing the rank r of DPLR-Koopman core gradually improves performance,
with rank » = 16 achieving the best disease classification accuracy (74.86%) for latent dimension
d = 256 (see Table 5 for details). As shown in Fig. 5, our model benefits from the Koopman core
dynamics flexibility provided by higher-rank parameterization, with » = 16 representing a sweet spot
for this latent dimension. Beyond this spot, performance plateaus, indicating diminishing returns. In
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Figure 5: Effect of Koopman rank r on downstream accuracy. Disease performance peaks at r = 16.

practice, we scale the rank proportionally with the hidden dimension size to maintain a consistent
ratio between rank and latent dimensionality.

4.5 Mediation Analysis

Region-level mediation analysis. To understand how the learned latent representations capture
disease-relevant information, we perform region-level mediation analysis to examine whether model
features mediate the relationship between BOLD time series and disease diagnosis. For each region,
we test the indirect pathway: BOLD — learned features — disease, controlling for age and sex as
confounders. This analysis reveals which brain region contributes most significantly to disease pre-
diction through the learned features. Using the learned BRAINMECH representations, the mediation
analysis provides ROI-level evidence of disease-associated signals encoded by the latent features
across ABIDE, PPMI, and ADNI (Fig. 6): (1) Significant Mediation: We observe robust indirect
effects in specific regions (dashed contours, p < 0.05), indicating the model successfully encodes
spatially localized, disease-relevant signals. Compared with BrainJEPA and BrainMass, BRAIN-
MECH produces stronger and more spatially organized indirect effects across datasets. (2) Biological
Alignment: The spatial distribution of mediated effects aligns with known disease mechanisms. For
ABIDE, the features map to the default mode network, a hallmark of ASD dysfunction (Monk et
al., 2009). For PPMI, the model captures widespread involvement in the sensorimotor and visual
networks, reflecting the global functional disruptions characteristic of PD (Fiorenzato et al., 2019).
For ADNI, the mediated regions involve ventral attention and default-mode systems, consistent with
large-scale network disruption in Alzheimer’s disease (Li et al., 2012). (3) Signal Enhancement: The
indirect effects are consistently more widespread and significant than direct effects, suggesting that
the learned features encode disease-associated information beyond mean ROI-level BOLD signals
under the specified mediation model. More experimental results are shown in Appendix E.

5 Conclusion

We presented BRAINMECH, a Koopman-structured stochastic latent dynamics foundation model for
fMRI. Rather than treating fMRI solely as an implicit sequence representation problem, BRAINMECH
combines topology-aware spatiotemporal encoding, a DPLR latent operator, age-conditioned control,
and learned diffusion to obtain stable and analyzable latent dynamics. Across large-scale pretraining
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Figure 6: Mediation analysis across three disease datasets and three foundation models. For each dataset, we
compare direct effects from ROI-level BOLD signals to disease and indirect effects mediated through learned
features. Dashed red contours indicate ROIs with significant mediation effects (p < 0.05).

and multiple downstream evaluations, BRAINMECH improves predictive performance under the
evaluated protocols. More importantly, eigenmode analysis, component ablations, and region-level
mediation results suggest that the learned representation captures structured temporal and spatial
patterns relevant to clinical cohorts. The current evidence supports BRAINMECH as an interpretable
latent dynamics model, not as a causal discovery tool for neurobiological mechanisms. Future work
will focus on stronger cross-site validation, multimodal covariates, intervention-aware modeling, and
prospective clinical evaluation.
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A Appendix Overview

This appendix provides additional details that complement the main paper, including theory details for
the Koopman-structured stochastic latent dynamics, network architecture specifications, experimental
setup information, and further analyses that support the claims in the main text.

B Theory Details for Koopman-Structured Stochastic Latent Dynamics

This section provides the standard stochastic Koopman and SDE details underlying the compact
formulation in Sec. 3.1. These results are included for completeness and to clarify the assumptions
behind the latent stochastic process. They are not claimed as new mathematical contributions.
The model-specific contributions of BRAINMECH are the control-aware latent SDE, the DPLR
parameterization of the latent drift operator, and the stability-regularized learning objective.

B.1 Latent SDE and Stochastic Koopman Semigroup
‘We model the latent process as
dZt = (KZt —l—C’ut—l—B) dt + E@(Zt,ut) th (11)

For SDE-driven Markov processes, the stochastic Koopman semigroup acts on observables through
conditional expectation:

(K'g)(2) = E[g(Z:) | Zo = 2]. (12)

This provides an operator-theoretic view of the learned latent dynamics. Importantly, we do not
assume that the neural encoder recovers exact Koopman observables; instead, the Koopman structure
is used as an inductive bias for learning stable and analyzable latent dynamics.

B.2 Well-posedness and Semigroup Property

Assumption 1 (Well-posed latent SDE). Assume the context process u, is progressively measurable
and bounded on finite horizons, and the diffusion 3¢ (z, u) is globally Lipschitz in z uniformly over u
and satisfies linear growth:

{IIEe(z,u) — % (" u)||P < Lijz = 2], (13)

120 (2, w) % < co + ex 2]

Then the latent SDE admits a unique non-explosive strong solution (Zy)y> for any initial condition
Z() = Z.

Assumption 1 ensures that the stochastic process used by BRAINMECH is mathematically well-defined
and that the stochastic Koopman semigroup is a valid object.

Proposition 1 (Linearity and semigroup property). Let (Z;):>o be the Markov process induced by the
latent SDE under Assumption 1. Define (K'g)(z) := E[g(Z:) | Zo = 2] for any bounded measurable
observable g. Then:

K'(agy + bgz) = aK' g1 + bK' g,
fora,b eR, and
Kits = Ko I8, K% =1d.

Proof. Linearity follows from linearity of expectation. For semigroup, apply the tower property and
Markov property:

(K"™**9)(2) = Elg(Zt+s) | Zo = 7]
E[E[g(Zi+s) | Z] | Zo = 7] (14)
E

(K*9)(Z1) | Zo = 2] = (K'(K*9)) (2).
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B.3 Generator View and PDE Interpretation

Theorem 1 (Infinitesimal generator of the stochastic Koopman semigroup). Let the drift be f(z,u) :=
Kz + Cu+ B and let Qy(z,u) := Sp(z,u)S¢(2z,u) . Forany g € CZ(RY), the generator G of
(Ict)tzo s

(G9)(2) = Vo(=) T F () + 5T Qo(z, ) V(=) ), (15)
and v(t, z) := (K'g)(z) satisfies the backward Kolmogorov equation
Bt 2) = (G)(,2),  v(0,2) = g(2).

Proof. Apply Itd’s formula to g(Z; ), substitute the latent SDE, and take conditional expectation given
Zy = z. The Itd integral term has zero mean, yielding the generator form and the backward equation
via standard semigroup arguments (Oksendal, 2013; Pavliotis, 2014).

This provides the operator-generator interpretation behind the PDE-based terminology: the learned
drift and diffusion define a generator for expected observables, although the model should not be
interpreted as solving a biologically specified PDE of the brain.

B.4 Linear Observables and Eigenmode Analysis

Proposition 2 (Closure of linear observables under linear drift). For the class of linear observables
Gin = {ga(2) = a'z: a e RY},

the stochastic Koopman semigroup maps Gy, to affine functions: there exist oy € R% and 3, € R
such that

(K'9a)(2) = o z + B
Proof. Since the drift is affine in Z;, E[Z; | Zy = 2] solves a linear ODE in z, with affine terms from
(3 and u;, and therefore remains affine in 2. Then (K'g,)(2) = aTE[Z; | Zy = 2] is affine.
This closure property motivates analyzing the learned latent drift through spectra and eigenmodes,

while keeping the interpretation limited to the learned latent coordinate system.

B.5 Mean-Square Stability Motivation

Theorem 2 (Mean-square dissipativity under negative symmetric drift). Assume u; =0 and 3 = 0.
Suppose there exists o > 0 such that

1
5(K+KT) =< —al.

Further assume ||Xg(z,0)||% < a + b||z||? with b < 2a. Then

(20— a
B[|Z;|]* < em® 0 Zo||* + -—

(1 — e~ (Gamtlty, (16)

200 — b

Proof. Let V(z) = ||z||%. By 1t&’s formula,

d
ZEV(Z) =E[22] KZ, + |26(Z:, 0)lI3].

Using Z'KZ =Z" (K + K")Z < —a||Z||? and the growth bound on Xy, we obtain

d
%EHZAI? < —(20 = DE|Z|? + a.

Applying Gronwall’s inequality gives the result.

This bound motivates regularizing the symmetric part %(K + KT) as a practical surrogate for
promoting stable continuous-time latent dynamics during training.

15



B.6 Continuous-Time Stability and Sampled-Time Spectra

The latent dynamics in Eq. 2 are formulated in continuous time:
dZy = (KZy + Cuy + B) dt + So(Zy, ur) AW,

Thus, K is a continuous-time drift/generator, not a discrete-time transition matrix. For a fixed control
signal over a sampling interval [t,,¢, 1), the deterministic homogeneous part induces the exact
sampled-time transition

Dar = exp(ALK).

Euler-Maruyama instead uses the first-order approximation 7+ At K of exp(AtK) when constructing
the likelihood on discretely sampled fMRI observations.

Accordingly, continuous-time stability of K is characterized by the spectral abscissa

a(K) = maxRe(\; (K)).
A sufficient dissipativity condition is

K+KT
NZ(K) = )\max<2> < 07

which implies a(K') < 0. In contrast, spectral-radius stability is a discrete-time criterion and should
be applied to the sampled transition:
p(Par) = plexp(AtK)) < 1.
Since the eigenvalues of exp(AtK) are exp(AtA;(K)), we have
plexp(AtK)) <1 <= mZaxRe()\i(K)) < 0.
Therefore, eigenvalue plots of K should be interpreted in the continuous-time complex plane, with

stability determined by Re()\) < 0. If sampled-time eigenvalues are plotted, they should be explicitly
labeled as ¢; = exp(AtA;(K)), for which the unit-circle criterion applies.

B.7 Euler-Maruyama Discretization

Using Euler-Maruyama discretization, the latent SDE becomes

Zr1 =2 + (Kzr + Cur + B)At + Sp (27, ur)VALE,, & ~N(0D).  (17)

Proposition 3 (Euler—Maruyama induces a Gaussian one-step conditional). Conditioned on fixed
(27, ur), the one-step transition is Gaussian:

Zr41 ‘ By Ur ™~ N(ZT + (Kzr + CU’T + B)At7 At QG(Z‘HUT)>7
where Qp(zr, ur) = Yo (27, ur)Xg (27, ur) .

Proof. Conditioned on (2, u, ), the only random term is & ~ N(0, I). Therefore Xg (2., u, )V ALE,
is Gaussian with covariance At Qg (2, ur).

C Model Architecture Details

C.1 Network Architecture Overview

To complement the methodological description and the high-level architecture in Fig. 2, we summarize
the encoder-side network flow and key hyperparameters of BRAINMECH in Fig. 7. The architecture
first receives the ROI time series x € RP*T*116 and an optional functional-connectivity adjacency
matrix fc_matrix € R'!6x116 or RE*116x116 The Spatial Encoder f,o* embeds each scalar
ROI value from 1 — 128, constructs or receives the graph adjacency, clips negative functional-
connectivity edges to zero, normalizes the adjacency, applies DropEdge with p = 0.1, and processes
the graph through the default ChebConv path with three Chebyshev graph-convolution layers of order
K = 3, each followed by residual addition, LayerNorm, and dropout. The resulting 116 x 128 node
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Algorithm 1 DPLR-Koopman Core

Require: Latent dimension d, control dimension d.., drift rank r < d, target spectral radius p
1: ¢ « min(r,d.)

2: Parameters:
3 keRY UV eRXT, Cp € RIXTe, Oy € RdeXTe

4: Initialization:

5. k; ~U(—0.5p, 0.5p) fori =1,...,d

6: U « 0.1-Orth(d,r), V « 0.1-Orth(d,r)

7: C < XavierUniform(d, r.; gain = 0.1), Cy < XavierUniform(d,., r.; gain = 0.1)

8: function DRIFT(z;, ;)

9. K<« diag(k) + UV, C« C1Cy

10: pe — k© z + (2 U)VT + (uCo) O > matrix-free evaluation
11: return /i > used as deterministic drift in Eq. 2
12: end function

13: procedure SPECTRALPROJECT
14: K « diag(k) + UV, s+« p(K)
15: if s > p then

16: v p/(s+e¢)
17: k«~k, U+ AU VAV
18: end if

19: end procedure

20: for each training iteration do

21: Compute loss using latent SDE rollout with DRIFT(:, -)
22: Update {k, U, V, C1, C} by gradient descent

23: SPECTRALPROJECT

24: end for

representation is flattened into a 14848-dimensional vector, projected back to 128 dimensions with
Linear + GELU + LayerNorm, and combined with a learned temporal projection 128 — 128 to
produce zspatia) € REXTX128,

The Temporal Encoder fggm takes Zgpatial, adds sinusoidal positional encoding with dropout, applies
three Transformer encoder layers with eight attention heads and FFN dimension 512, and finishes
with Linear 128 — 128 + LayerNorm to produce Ztemporal € REXTx128 Tn parallel, the Episodic

Feedback Encoder fa SUMMArizes Ztemporal bY first applying an input projection 128 — 64, then
passing the sequence through two Transformer encoder layers with four heads and FEN size 128,
followed by global average pooling over time and Linear 64 — 64 + GELU + Dropout to produce
episodic_summary € R”*%4. The Task Context Encoder f§'™ maps task_vectors € RZ*7x32
through two Linear + GELU + LayerNorm + Dropout blocks followed by Linear 64 — 64,
yielding context_embedding € REXT*64 Together, these encoders transform raw ROI activity,
graph topology, temporal dependencies, episodic information, and task context into structured latent
representations used by the downstream forecasting module.

C.2 Scientific Data Flow

As shown in Fig. 8, BRAINMECH follows a structured data flow from observed brain activity to latent
dynamical evolution. The input BOLD signal X € RTXN and brain network adjacency A € RV*VN
are first processed by the spatial graph encoder f *(xr; A), which generates ROI-aware latent
features z, € RY. These embeddings are then passed into the temporal encoder ftem(hU:T,l) to
capture sequential dependencies across time.
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Figure 7: Encoder-side architecture of BRAINMECH. The model first extracts graph-aware spatial
embeddings from ROI time series and functional connectivity, then models temporal dependencies,
episodic summaries, and task-context embeddings for downstream latent forecasting.
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Figure 8: Scientific data flow of BRAINMECH. The model transforms BOLD signals, brain network
structure, and age/task context into spatial-temporal latent representations, combines episodic and
contextual information into a control signal, and uses the DPLR-Koopman core to govern latent
stochastic brain dynamics.

In parallel, the episodic feedback module fe:i(z<7) summarizes prior latent states into e, € R,
while the context encoder fCtX(vT) maps age or task vectors into ¢, € R%. The fusion head

f fuse(ef, c;) combines these signals into the control input u, € R%, which conditions the DPLR-
Koopman core and defines the latent stochastic governing law

dZ, = (KZy + Cuy + B) dt + So(Zy,uy) dW,, K =diag(k)+ UV, C=0C.Cy.

D Experimental Setup Details

D.1 Dataset Statistics

To provide additional context for the main experiments, we summarize the demographic characteristics
of each cohort used in this study. These statistics clarify the population coverage of our pooled
pretraining data and highlight potential distribution shifts across downstream evaluation cohorts.

Table 3 summarizes the demographic characteristics of all datasets used in this study. The combined
cohorts span a wide age range (8.9—-100 years), covering key developmental and aging periods across

18



Table 3: Demographic characteristics of the datasets used in this study. Age is presented as
Mean+STD in years. All datasets contain resting-state fMRI recordings preprocessed using standard-
ized pipelines.

Dataset #of fMRIs  Age (years) Age Range
ABCD 49,147 11.65+1.49 [8.9, 15.8]

Hcpa 720 60.34 +15.73  [36.0, 100.0]
UKB 76,603 66.02 +7.85 [45.0, 86.0]
ABIDE 2,072 16.46 +7.37 [6.0, 58.0]
ADNI 2,126 75.95 +7.44 [54.4,99.6]
PpMI 418 62.95+9.51 [38.0, 84.0]
Total 131,086 — [6.0, 100.0]

Table 4: Complete hyperparameter settings for model pretraining and downstream task evaluation.
These configurations were determined through systematic hyperparameter search and validated across
multiple random seeds.

Hyperparameter Pretraining Downstream
Optimizer AdamW AdamW
Initial Learning Rate 5x107° 1x1073
Weight Decay 2x 107" 2x 107"
Dropout Rate 0.2 0.1

LR Scheduler ReduceLROnPlateau  ReduceLROnPlateau
Scheduler Patience 5 epochs 10 epochs
Scheduler Reduction Factor 0.8 0.5
Sequence Length (1) 300 100
Sliding Window Stride 300 50
Batch Size (per GPU) 8-32 Variable

N = 131,086 fMRIs. Acquisition parameters (e.g., repetition time) vary across cohorts; accordingly,
we normalize the temporal scale in the model by working in normalized time units (Sec. 3.2.2).

D.2 Training Hyperparameters

For reproducibility and to facilitate future work building on BRAINMECH, we detail the complete
set of optimization and scheduling hyperparameters used in both pretraining and downstream stages.
The choices below were obtained via systematic hyperparameter search and were kept fixed across
all reported experiments unless otherwise specified.

Table 4 details the complete hyperparameter configuration for both pretraining and downstream
evaluation phases. We employ AdamW optimization with adaptive learning rate scheduling to
ensure stable convergence across different dataset scales. The learning rate for pretraining is set
lower (5 x 107°) to enable gradual learning of the complex Koopman dynamics, while downstream
tasks use higher learning rates (1 x 10~3) for faster adaptation to specific objectives. The code of
BRAINMECH can be found in the supplementary.

D.3 Downstream Evaluation Protocol

We follow standard subject-level cross-validation protocols from prior work to ensure a fair compar-
ison with existing fMRI foundation models. This section formalizes our splitting strategy, model
heads, and optimization choices for both sex classification and disease diagnosis, complementing the
high-level description in Sec. 4.

Following established protocols for comparability with the previous work (Xu et al., 2023), we
employ subject-level cross-validation (CV) for all downstream evaluations. To ensure fair comparison
with prior studies, ADNI uses 5-fold CV, while ABIDE and PPMI use 10-fold CV.

Sex classification. We evaluate the quality of learned representations by training a MLP head
classifier on frozen backbone features. For each subject, we extract latent features z € R”*¢ and
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compute pooled statistics (temporal mean and standard deviation), yielding a fixed-dimensional
feature vector. The MLP head consists of two hidden layers (512, 256 units) with LayerNorm, GELU
activation, and dropout (p = 0.3). We report accuracy averaged over 30 runs with different random
seeds.

Disease diagnosis. For clinical classification tasks (ASD vs. Control on ABIDE, CN vs. MCI on
ADNI, and 4-class Parkinson’s staging on PPMI), we perform full fine-tuning of both the backbone
and classification head. We use 10-fold stratified cross-validation to ensure robust evaluation, with
class-weighted cross-entropy loss and label smoothing (¢ = 0.1) to handle class imbalance. We
employ differential learning rates (lower for the pretrained backbone, higher for the classification
head) and early stopping based on validation F1 score. Results are reported as mean =+ standard
deviation across folds.

E Additional Analyses

E.1 Mediation Analysis Details

To quantify how BRAINMECH’s representations mediate the relationship between regional BOLD
signals and disease diagnosis, we perform ROI-wise mediation analysis following the procedure
implemented in our mediation script. For each subject, we first compute the mean BOLD signal
per ROI by averaging over time, and extract subject-level latent features from the frozen foundation
model by pooling the latent trajectories z;.7 (default: temporal mean pooling, with optional variants
that concatenate mean and standard deviation). In implementation, we reduce the multi-dimensional
latent feature vector to a scalar mediator by averaging across feature dimensions and standardize
X, this scalar M, and the confounders C'; we reuse the symbols X, M, C below to denote these
standardized variables. Let X denote the mean BOLD signal of a given ROI, M the scalar mediator
derived from pooled latent features, Y the disease label, and C' the confounders (age and sex). We
estimate parh a via a linear regression of M on (X, C),

M = OJXX—FaEC—F&a,

and path b via a regression of Y on (M, X, C) (logistic for binary Y, linear for continuous Y; in the
continuous case, Y is standardized before fitting),

Y = BuM + BxX + BLC + .

The indirect (mediation) effect is defined as the product of the coefficient of X in the first regression
and the coefficient of M in the second regression,

Indirect effect = ax By,

while the direct effect corresponds to the coefficient of X in the second regression, Direct effect =
Bx; their statistical significance is assessed using a bootstrap procedure (typically 5000 resamples) to
obtain two-sided p-values. Finally, we correct ROI-wise p-values for multiple comparisons across
all regions using standard false discovery rate control and additionally report Bonferroni-corrected
values, yielding the ROI-level mediation maps shown in Fig. 6, where the node size encodes the
magnitude of the direct or indirect effect coefficient for each region.

E.2 Effect of Koopman Operator Rank

We provide more detailed results in Table 5.

E.3 Parcellation Generalization

A practical requirement for large-scale fMRI foundation models is robustness to the choice of brain
atlas. Although our main experiments use the AAL-116 parcellation, BRAINMECH is not tied to
a specific ROI dimensionality: the encoder maps an input time series with N regions into a fixed-
dimensional latent space, while the Koopman dynamics operate only in this latent space. This design
allows the same modeling framework to be applied across atlases with different spatial granularities
without modifying the operator-learning module.

To evaluate this property, we train BRAINMECH on UKB using four parcellation schemes: AAL-116,
Brainnetome-246 (Fan et al., 2016), Shen-268 (Shen et al., 2013), and AICHA-384 (Marc et al.,
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Table 5: Ablation study on the effect of Koopman operator rank r in the DPLR decomposition. Sex
classification accuracy is evaluated on HCPA; disease classification accuracy is averaged across
ABIDE, PPMI, and ADNI. Results are reported as mean =+ standard deviation over 30 independent
runs with different random seeds. The optimal rank » = 16 is highlighted.

Rank » Sex Accuracy (%) Disease Accuracy (%)

1 74.80 £ 2.86 69.79 £+ 2.58
2 76.06 £ 3.44 66.46 £ 2.53
4 76.95 £+ 3.60 67.99 £+ 3.03
8 76.67 £+ 3.41 67.08 £2.78
16 78.44 + 3.16 74.86 = 1.96
32 77.04 + 3.65 70.01 £+ 2.86
64 77.20 £ 2.21 66.82 4+ 2.23
128 7795 + 342 68.55 +2.17
256 78.32 +£3.37 74.23 £ 2.56
Atlas Full- Training Validation R2 Atlas Full-Training Validation MSE
0.80 060 — AAL116
o7s{ ~—— _ TTTTTTTTTTTTTTT 0351 : ::'carl‘:nsef:me
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Figure 9: Full-training validation performance across parcellation atlases. We compare validation R?
(higher is better) and validation MSE (lower is better) for AAL-116, Brainnetome-246, Shen-268, and
AICHA-384. The four atlases show broadly consistent training behavior, indicating that BRAINMECH
remains stable across different ROI granularities.

2015). All atlas variants use the same training and evaluation protocol, with latent dimension d = 768
unless otherwise specified. We compare both full-training validation behavior, measured by validation
R? and MSE, and downstream transfer performance on disease and biological sex classification. As
shown in Fig. 9, the different parcellations exhibit comparable validation trends, suggesting that
the model is not overly sensitive to the input atlas resolution. Downstream results further support
this conclusion: disease classification remains competitive across ADNI and PPMI (Table 6), while
sex classification performance is stable across UKB and HCPA (Table 7). Overall, these results
indicate that BRAINMECH generalizes across commonly used fMRI parcellations, with AAL-116
and Shen-268 often providing the strongest or near-strongest performance.

E.4 Model Scaling and Efficiency Analysis

Fig. 10 summarizes the pretraining efficiency of BRAINMECH. Compared with competing brain
foundation models under their standard training recipes, BRAINMECH requires substantially less
pretraining time while maintaining strong downstream performance. Across model sizes, pretraining
remains practical, ranging from approximately 7.3 to 12.4 hours. Overall, BRAINMECH achieves
an average 3.65x speedup over the compared baselines, suggesting a favorable accuracy—efficiency
trade-off for scalable representation learning without prohibitive computational cost.

E.5 Additional Eigenmode Dynamics Analysis

Beyond the ABIDE-specific analysis in the main text, we further probe the learned eigenmode
structure on ADNI and PPMI on Fig. 11 to assess whether the Koopman dynamics remain stable and
interpretable across clinical cohorts. In both datasets, the left panel visualizes the full spectrum of
learned eigenvalues, which lie within the stable region of the complex plane with negligible imaginary
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Table 6: Disease classification accuracy (%, 1) across parcellation atlases on ADNI and PPMI. Results
are reported as mean =+ standard deviation across folds. Bold denotes the best result.

Atlas ADNI PPMI

AAL-116 82.243.2 82.5+11.2
Brainnetome-246 76.6+4.5 79.8+13.5
Shen-268 80.5+3.6 82.0+11.6
AICHA-384 77.4+4.2 80.8+12.8

Table 7: Sex classification across parcellation atlases and datasets. All models are trained on UKB
with latent dimension d = 768. Results are reported as mean + standard deviation across folds. Bold
denotes the best result.

Atlas UKB Acc. UKB AUC HCPA Acc. HCPA AUC
AAL-116 74.2+0.8 0.81+0.01 77.54+2.9 0.85+0.03
Brainnetome-246 71.841.0 0.79+0.01 76.0+2.6 0.84+0.03
Shen-268 73.5+0.8 0.81+0.01 79.0+3.2 0.86+0.02
AICHA-384 71.241.0 0.78+0.01 77.242.6 0.85+0.03

components, indicating predominantly non-oscillatory but well-conditioned latent dynamics. The
middle panel then focuses on a subset of eigenmodes corresponding to the most inhibitory and
excitatory states, while the rightmost brain maps summarize the spatial density of these effects,
highlighting regions that exhibit particularly strong responses under these dominant modes. Notably,
as shown in panel (c), the regions most strongly associated with ADNI are primarily located within
the default mode network (DMN) and the ventral attention network (VAN), both of which are
critically involved in high-level cognitive processing. In contrast, the regions highlighted in the
PPMI cohort (panel (f)) are predominantly concentrated in sensorimotor areas. Importantly, these
network-level patterns are highly consistent with the distinct clinical phenotypes of the two cohorts,
reflecting cognitive impairment in Alzheimer’s disease and motor dysfunction in Parkinson’s disease,
respectively. This network-specific differentiation highlights the ability of the proposed framework
to disentangle distinct neurodegenerative signatures across cohorts. Taken together, these patterns
suggest that BRAINMECH consistently learns stable dynamical primitives whose spatial footprints
concentrate on disease-relevant networks, supporting the robustness and interpretability of the
governing-law formulation across disorders and cohorts.

F Limitations and Future Works

First, the Koopman-structured dynamics are defined in a learned neural latent space and should not
be interpreted as exact Koopman observables, causal neurobiological mechanisms, or biologically
specified PDEs of the brain. Second, normalizing the fMRI repetition time (TR) to At = 1 simplifies
physical sampling differences across cohorts; future work should explicitly model acquisition-specific
time scales and scanner effects. Although TR metadata are typically available in fMRI datasets,
our current experiments set At = 1 for all cohorts and therefore report normalized frame-time
dynamics. A TR-calibrated extension could use ' = exp(TR - Aphys), or equivalently rescale
Aphys = Anorm/TR for physical-time interpretation.

Third, although we evaluate multiple cohorts, multi-site fMRI remains vulnerable to scanner, pre-
processing, and site-related domain shifts, and stronger leave-one-site-out and prospective external
validation are needed. Fourth, age is used as the primary continuous control variable because it is
consistently available across cohorts, but other demographic, clinical, and acquisition covariates may
also influence functional dynamics. Finally, the model is intended for research support and hypothesis
generation rather than standalone clinical diagnosis.

Future work will extend the control/context pathway to incorporate multimodal covariates such as
genetic risk, environment, medication, therapy, or task stimuli. Such intervention-aware modeling
may enable controlled “what-if”” analyses, but will require careful treatment of confounding, missing
data, uncertainty calibration, fairness, and robustness under cohort shifts.
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Figure 10: Pretraining efficiency analysis. BRAINMECH achieves substantially shorter pretraining time than
competing foundation models, with an average 3.65x speedup.
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Figure 11: Eigenmode dynamics analysis of BRAINMECH on ADNI (top) and PPMI (bottom)
datasets.

G Notation Summary
For ease of reference, we summarize the main notation used throughout the paper in Table 8.

Table 8: Summary of notation used in BRAINMECH.

Notation Description Shape / Domain

Observed fMRI data and sampling

Tr Observed regional BOLD signal at discrete fMRI frame R
T.
T1.T Full observed BOLD sequence over 1" frames. RT*N
N Number of brain regions/ROIs under a chosen atlas. scalar
T Sequence length of an fMRI segment. scalar
S Sliding-window stride used to extract fMRI segments.  scalar
T Discrete fMRI sampling index. T=1,...,T
tr Continuous sampling time corresponding to frame 7. tr = TAL

Continued on next page
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Notation Description Shape / Domain
At Sampling interval or normalized frame-time scale. In scalar
experiments, At = 1.
A Functional connectivity matrix computed from regional R™ XY
time series.
v Phenotypic/context covariates used to condition dynam- task/context vector

ics, instantiated with age in this work.

Latent states and stochastic dynamics

Zy

E@ (Zt, ut)
Q9(ZT7 uT)
&r

YN

Continuous-time latent stochastic process.

Discrete latent state at sampling time ¢,, i.e., 2 := Z_.
Latent state dimension.

Continuous-time control/context process modulating the
latent dynamics.

Discrete control signal used on interval [t-,t-41).
Control/context dimension.

Continuous-time latent drift/generator matrix in the
Koopman-structured SDE.

Control matrix mapping u; into latent dynamics.

Bias term in the latent drift.

Standard Brownian motion driving stochastic latent dy-
namics.

Learnable diffusion coefficient modeling stochasticity
and subject-level variability.
Diffusion covariance,
Yo (zr, ur) S0 (2r,ur) "
Standard Gaussian noise used in Euler—-Maruyama dis-
cretization.

Exact sampled-time deterministic transition induced by
K.

defined as

Rd
Rd
scalar
R%

R
scalar
Rdx d

Rd Xde

Rd

R? or compatible dimen-
sion

compatible with Z;

Rd)(d

N(0,1)

Dar = exp(AtK)

Koopman and stability notation

g

K:t
(K'g)(2)
g

f(z,u)
Vg, VQg
Ai(K)
Re(Xi(K))
a(K)
pa(K)
()

I

Observable function on the latent state space.
Stochastic Koopman semigroup acting on observables
by conditional expectation.

Expected observable value at time ¢ given initial state
Z() = Z.

Infinitesimal generator of the stochastic Koopman semi-
group.

Latent drift function.

Gradient and Hessian of observable g.

i-th eigenvalue of the continuous-time drift matrix K.
Real part of an eigenvalue of K, used for continuous-
time stability interpretation.

Spectral abscissa of K.

Logarithmic norm/dissipativity surrogate from the sym-
metric part of K.

Spectral radius operator. For continuous-time systems,
it applies naturally to the sampled transition ®a¢.
Identity matrix.

g:R SR
operator

Elg(Z:) | Zo = 7]
differential operator

Kz+Cu+p
vector / matrix
complex scalar
scalar

max; Re(\;i(K))
Mo ( K+2KT )

scalar

dimension-dependent

DPLR and low-rank parameterization

K

k
diag(k)
uv

DPLR-parameterized approximation of the latent drift
matrix.

Diagonal parameter vector of the DPLR drift matrix.
Diagonal drift component.

Low-rank factors in the DPLR correction UV .

Rdxd

Rd
Rdxd
Rdxr

Continued on next page
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Notation Description Shape / Domain

T Rank of the low-rank Koopman correction. scalar, 7 < d

R Residual matrix approximated by the low-rank term. K — diag(k)

C Low-rank parameterization of the control matrix. Rxde

C1,Cs Low-rank factors of C = C1C} . C1 € R¥*e
Rdc XTe

Te Rank of the low-rank control factorization. re = min(r, d)

Network components

02
spa

03
tem

04
fuse

]
fe]:?i
06

ctx

1oy (ZT)

5, (2r)

p(zr | 2r)
p(ZTJrl | s u‘F)

Spatial graph encoder that maps ROI activity and FC
topology into node/graph-aware features.

Temporal encoder that models long-range dependencies
across spatial embeddings.

Fusion module combining episodic feedback and context
embeddings into the control signal.

Episodic feedback encoder summarizing recent latent

trajectory history.

Context encoder mapping phenotypic covariates or task
vectors into context embeddings.

Decoder mean for the observation model.
Decoder variance for the observation model.
Stochastic observation likelihood.

One-step latent transition density induced by Euler—
Maruyama discretization.

neural network

neural network

neural network

neural network

neural network

RN

positive scalar or vector

Gaussian density
Gaussian density

Training losses and evaluation

27+1
-%‘r-&-l
[fpre
[fdyn
[fstab

L
A1, A2

P

Koopman-predicted next latent state.
Forecasted next observation decoded from Z;41.
Forecasting negative log-likelihood loss in observation

space.

Dynamics-consistency
predicted and encoder-derived latent states.

Stability regularization term promoting bounded latent

dynamics.

Total training objective.
Loss weights for dynamics consistency and stability reg-

ularization.

Target spectral-radius threshold when using sampled-
time spectral projection.

Small positive stability margin or numerical constant,
depending on context.

loss

matching Koopman-

Rd
RN
scalar
scalar

scalar

scalar
scalars

scalar

scalar

Mediation analysis

X

axBu

Mean BOLD signal of a given ROI in mediation analysis.
Scalar mediator derived from pooled latent features.
Downstream label, e.g., disease status.

Confounders in mediation analysis, such as age and sex.
Regression coefficient for path X — M.

Regression coefficient for path M — Y controlling for
X and confounders.

Direct-effect coefficient for path X — Y controlling for
M and confounders.

Indirect mediation effect.

scalar
scalar
scalar / categorical
vector
scalar
scalar

scalar

scalar
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Figure 12: Group-level contrastive analysis of learned eigenmode dynamics between ASD and
normal control (CN) cohorts. (a) Normalized eigenmode activation heatmaps and corresponding 3D
spatial projections for the ASD (top) and CN (a) groups. The learned representations autonomously
highlight distinct network engagements: the ASD cohort exhibits concentrated activation within the
Cerebellum (green highlighting), whereas the CN cohort demonstrates dominant activation in the
Frontoparietal network (blue highlighting). (b) Quantitative subnetwork-level differences in total net
connectivity density (ASD - CN), revealing pronounced cerebellar hyperconnectivity (+660.0, ASD >
CN) alongside significant frontoparietal hypoconnectivity (-276.5, CN > ASD) in the autism cohort.
(c) Fine-grained, region-level breakdown of the connectivity differences within each subnetwork. This
detailed view confirms that the macro-level subnetwork alterations observed in (b) are consistently
driven by localized, region-specific density variations.
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