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Standard Flow Matching

® Two distributions: Source X, — Target X;

® Requires a path construction from source

predefined interpolation path
. . i x = (1 —t)xg +tx;
to target (usually linear interpolation)

usually simple /
linear interpolation |

® |earn dynamics along this path

® Usually, we care about only endpoints.

® But works fine for two marginals
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The Problem

Piecewise Linear

pairwise transitions on each interval
= (l-—a)z; + azit
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1. Longitudinal data — sparse, irregular, high-dimensional
2. Pairwise transitions — no global consistency and temporal alignment

3. Piecewise linear Interp. — Sharp transitions, bad behavior near intermediate marginals




The Problem

Spline-based fitting

global spline through all marginals

zy = S(t)

1. Longitudinal data — sparse, irregular, high-dimensional
2. Pairwise transitions — no global consistency and temporal alignment
3. Piecewise linear Interp. — Sharp transitions, bad behaviour near intermediate marginals

4. High-dimensional fitting — can be expensive, noisy, and unstable




Interpolative Multi-Marginal Flow Matching (IMMFM)

pg(Il.)_ > \Pf(xﬂ)

/ S / Quadratic Interp. with look-ahead

m(ro_)// pe(z) = x¢; +vi(E = t;) + 5 ar(v; — Vi) (E — L)

° unstable, expensive spline fitting via quadratic interpolation with look-ahead.
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Pt (z1)

S Quadratic Interp. with look-ahead
1
ue(z) = xg; +vi(t —tp) + 3 ar (Vi — vig)( — &)

error/
uncertainty

i ot B

o Tl

° unstable, expensive spline fitting via quadratic interpolation with look-ahead.

e Absorbs complex volatility ignored by the smooth drift — learned diffusion coefficient
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e Absorbs complex volatility ignored by the smooth drift — learned diffusion coefficient

e Learns globally consistent, stochastic dynamics from noisy sparse data.




Interpolative Multi-Marginal Flow Matching (IMMFM)
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° unstable, expensive spline fitting via quadratic interpolation with look-ahead.

e Absorbs complex volatility ignored by the smooth drift — learned diffusion coefficient

e Learns globally consistent, stochastic dynamics from noisy sparse data.

e Practical conditioning — via observed marginals, no explicit conditioning required!




Training Objective
Optimize three decoupled components: 1) Flow drift Vg, 2) Score Sg, 3) Diffusion Q’S.
Loavin(0) = Eep [[lvg — ug(z|2) 3] + —» O-IMMFM: Deterministic ODE

At)E; . [HS;; — V., logpt(.’ﬂz)ﬂa + - Stochastic SDE

BE:. [Ilg5 — 73ll3] —» SU-IMMFM: SDE + diffusion




Training Objective
Optimize three decoupled components: 1) Flow drift Vg, 2) Score Sg, 3) Diffusion gﬁ.
ﬁlmmpm(f?) = K , [”Ug —_— u?(ﬂz)“%] + — O-IMMFM: Deterministic ODE

At)E; . [HS;; — V., logpt(:dz)ﬂg} + - Stochastic SDE

—————————— ~

(
| BB [Ilgs — 73l13] | —» SU-IMMFM: SDE + diffusion
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Results on Synthetic Data

TFM L-MMFM MMFM IMMFM (ours)

MSE: 10.56 =+ 0.80 'MSE: 1.16 + 1.20 MSE: 0.95 + 1.02 MSE: 0.71 4 0.79

_MSE: 2.33 £ 2.97 MSE: 1. 28 + 1.20
."}: LR, .o : f':\.;’f" e \at .

e t=000 @ t=0.17 » t=0.29 t=045 ® t=065 » t=0.71 @ t=0.85 e t=1.00

e 8 time-points , each of the marginals is given by a Gaussian.

e TMF — Rolling window based, —P. Linear interp. MMFM — Spline



More Results

Input ImageFlowNet 12SB L-MMFM M-MMFM 0-IMMFM S-IMMFM SU-IMMFM
0.943/3.00/32.87 0.948/3.00/34.24 0. 944/1 oo/ss 07 0.940/3.00/35.87 0.939/3.00/35.66 0.962/4.12/32.40 0.962/4.12/32.40 0.962/4.12/32.41

DSC/HD/PSNR

Visit our project page
to watch these
simulations in action !!
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Early Alzheimer’s Detection

Observed Second Timepoint Predicted Last Timepoint
Overlap: 0.95 Overlap: 0.89 | W AD
: . m CN
B Overlap

Ventricle Area Ventricle Area

e Classification based on just one biomarker, the ventricle area.

o +9.1% on early Alzheimer's (with 18-month lead time) Classification.




Thank You !!

Drop by our Visit our paper
poster #180 this afternoon to learn more and GitHub! \J
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