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M A C H I N E  L E A R N I N G

Transferable generative models bridge femtosecond to 
nanosecond time-step molecular dynamics
Juan Viguera Diez1,2, Mathias Schreiner1, Simon Olsson1*

Understanding the molecular structure, dynamics, and reactivity requires bridging processes that occur across 
widely separated timescales. Conventional molecular dynamics simulations provide an atomistic resolution, but 
their femtosecond time steps limit access to the slow conformational changes and relaxation processes that gov-
ern chemical function. Here, we introduce a deep generative modeling framework that accelerates sampling of 
molecular dynamics by four orders of magnitude while retaining physical realism. Applied to small organic mol-
ecules and peptides, the approach enables quantitative characterization of equilibrium ensembles and dynamical 
relaxation processes that were previously only accessible by costly brute-force simulation. The method general-
izes across chemical composition and system size, extrapolating to peptides larger than those used for training, 
and captures chemically meaningful transitions on extended timescales. By expanding the accessible range of 
molecular motions without sacrificing the atomistic detail, this approach opens opportunities for probing confor-
mational landscapes, thermodynamics, and kinetics in systems central to chemistry and biophysics.

INTRODUCTION
Many of the most important observables in statistical mechanics—
such as the stability of a folded protein, the conformational transi-
tions underlying allosteric regulation, or the unbinding rate of a 
drug from its target—are central to understanding chemical and 
biological function. These processes span timescales from nanosec-
onds to seconds, and while they are directly accessible through ex-
periments such as spectroscopy (1) and single-molecule techniques 
(2), their atomistic origins are often hidden.

Molecular dynamics (MD) offers a powerful complement to such 
experiments. By simulating the trajectories of atoms and molecules 
at an atomic resolution, MD connects the fundamental interatomic 
forces that govern molecular motion to the statistical behavior ob-
served in bulk. In this way, simulations provide a mechanistic bridge 
between microscopic physics and macroscopic phenomena (3).

Yet, MD comes with a fundamental limitation. To ensure numerical 
stability, simulations must take time steps small enough to resolve 
the fastest motions in the system, such as bond and angle vibra-
tions. This requirement restricts MD to femtosecond update steps, 
even though many processes of chemical and biological interest—
protein folding, conformational transitions, and ligand binding—
unfold over microseconds to seconds. These processes are typically 
governed by rare transitions between metastable states (4), creating 
a persistent gap between simulation and experiment that limits our 
ability to characterize slow molecular processes with statistical con-
fidence (5).

This challenge, known as the “sampling problem,” continues to 
inspire a growing array of strategies aiming at accelerating the ob-
servation of rare events. Most approaches either bias the underlying 
dynamics or simulate multiple coupled replicas in parallel, both de-
signed to make infrequent transitions occur more often (6). Biasing 
methods rely on the definition of collective variables that capture 

the progress of a process of interest (7–9). However, identifying suit-
able collective variables for complex, high-dimensional systems re-
mains difficult: Variables that accelerate one process may obscure 
others, and their design has become a discipline in its own right 
with numerous options (10), including ones derived using machine 
learning–based strategies (11–13). Furthermore, given that these 
methods bias the dynamic behavior of the system, estimation of ki-
netic properties is only possible under restrictive conditions (14). A 
complementary line of work seeks to increase the integration time 
step directly, reducing the number of integration steps per unit time. 
Despite decades of intense research in this direction (15–17), inte-
gration steps remain on the femtosecond scale, leaving even the 
most efficient simulations orders of magnitude too slow to capture 
experimentally relevant molecular processes.

A parallel line of progress has focused on harnessing ever-larger 
computational resources. Specialized compute architectures (18, 19) 
have achieved continuous millisecond-scale trajectories for small 
proteins, revealing a mechanistic detail inaccessible to conventional 
hardware (20). Distributed platforms such as Folding@home lever-
age millions of short trajectories contributed by volunteers (21), 
while modern graphics processing unit (GPU)–based algorithms 
have brought comparable acceleration to widely used MD engines 
(22–25). Together with statistical frameworks such as Markov state 
models (26–29), these efforts have enabled the reconstruction of 
long-timescale kinetics from massive ensembles of short simulations. 
Yet, all remain bound by the need to generate femtosecond-resolved 
trajectories, keeping progress tied to extreme computational resources. 
A conceptually different approach would be to model the effective 
long-lag dynamics directly without resorting to brute-force sampling 
or biasing (30).

MD simulations function through the numerical integration of 
the Langevin equation (31). As we move along the simulation trajec-
tory, MD generates statistical samples from a transition probability 
distribution p

(

xt+τ∣xt
)

 where τ is on the order of femtoseconds, and 
xt and xt+τ are points in the phase space. Crucially, this distribution 
is not ad hoc: It approximates Green’s function of the Fokker-Planck 
equation governing Langevin dynamics, providing the theoretical 
foundation for viewing MD trajectories as stochastic samples from 
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an underlying probabilistic process (32). It follows that analogous 
transition probability distributions exist for much larger Δt and that 
these can, in principle, be learned directly for a given molecular sys-
tem (33). Learning such long-lag transition densities offers a direct 
route to coarse-grained yet statistically faithful dynamics, sidestep-
ping the need for explicit time integration.

Here, we introduce Transferable Implicit Transfer Operators 
(TITO), a deep generative framework that learns these transition 
probability distributions across molecular systems. TITO allows us 
to choose the simulation step size freely, whether to match the char-
acteristic timescales of experiments or to accelerate sampling of 
slow conformational transitions. Trained on MD data from small 
molecules and short peptides, TITO simultaneously learns transi-
tions at multiple step sizes, ensuring consistency with the underlying 
stochastic process. As a result, it preserves key statistical properties 
such as Boltzmann equilibrium, Markovianity, and relaxation dynam-
ics, suggesting approximate energy conservation and equipartition.

TITO demonstrates quantitative transferability to molecular sys-
tems of similar size as in the training data and provides qualitative 
insights for molecules twice as large. Unlike conventional simulation-
based sampling, TITO offers explicit control over the trade-off be-
tween accuracy and computational cost, enabling speedups of up to 
15,000-fold. By learning effective long-lag dynamics directly, TITO 
takes a step toward bridging the long-standing gap between atomis-
tic resolution and experimentally relevant timescales. More broadly, 
it establishes a previously unidentified paradigm for accelerating 
molecular simulations, with the potential to extend atomistic mod-
eling to processes previously beyond reach.

Transferable Implicit Transfer Operators
At its core, TITO (Fig. 1) learns the effective rules of molecular mo-
tion: predicting how atomic configurations evolve over time without 
explicit time integration. Rather than advancing dynamics through 
numerous femtosecond scaled steps, TITO draws statistical samples 

directly from the transition distribution p
(

xt+Δt ∣xt
)

 , capturing how 
configurations change over a specified lag time Δt , which may be 
arbitrarily long. Trained across diverse molecular systems and lag 
times, TITO generalizes both across chemistry and temporal scale.

Training proceeds from reference MD trajectories simulated with 
a small integration step τ

collected across a diverse set of molecules. From these data, the 
model learns to reproduce the time-integrated transition statistics 
that would arise if the dynamics were propagated at much larger ef-
fective steps Δt = mτ , where m is an arbitrary large integer.

We parametrize the transition probability distribution using a 
continuous normalizing flow (CNF) through the equivariant flow 
matching (34, 35) objective. A CNF consists of an ordinary differen-
tial equation (ODE) and an easy-to-sample “base distribution,” p0 , 
such as a Gaussian (36). The velocity field of the ODE is parameter-
ized with a neural network model, which is trained to ensure that 
the resulting flow transports samples from p0 to a distribution p1 
closely matching the target data distribution, here, the transition 
probability distribution. The flow is then the set of all integral paths 
x
T
t+Δt

 , where T ∈ [0, 1] is the ODE integration time. Throughout this 
work, superscripts denote ODE integration time, while subscripts 
indicate MD simulation time.

In practice, we learn the weights θ of a neural network, vθ
(

x
T

t+Δt
; 

x
t
,Δt,T

)

 , to match a conditional flow, which approximates the tran-
sition probability distribution, by minimizing the conditional flow 
matching loss

During training, we sample molecules and lag times jointly, en-
abling TITO to generalize across both the chemical composition 
and temporal scale. After training, new trajectories are generated by 

X={xτ,… , x
Nτ}, x

nτ ∼p
(

x
nτ∣x(n−1)τ

)

, n=1,… ,N (1)

(θ)=�
xt ,xt+Δt∼X,T∼ (0,1)

[

∥vθ
(

x
T

t+Δt
; x

t
,Δt,T

)

−
(

x
1

t+Δt
−x

0

t+Δt

)

∥2
]

(2)
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Fig. 1. Transferable Implicit Operators (TITO). A multitimescale surrogate model for MD that is transferable across systems. Starting from an initial condition (black 
cross), TITO generates MD ensembles for diverse molecules at arbitrary lag times.
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sampling from p0 and integrating the learned ODE defined by vθ . 
Full model details are provided in the “Model” section.

We train TITO models on two datasets. The first, MDQM9-nc 
(37), contains MD simulations of small organic molecules, while the 
second, Timewarp (38), provides tetrapeptide trajectories. Together, 
these datasets enable training across a range of molecular sizes and 
chemistries. We provide details on dataset generation and prepro-
cessing in the “Data” section.

RESULTS
Integrity of the Boltzmann distribution under TITO dynamics 
in unseen small molecules and peptides
A defining property of molecular systems undergoing Langevin dy-
namics is convergence to the Boltzmann distribution. In contrast, 
when a generative model is trained to approximate time-integrated 
transition probabilities, this guarantee is no longer automatic. The cen-
tral question is therefore whether TITO preserves physical realism—
whether it samples configurations consistent with the Boltzmann 
distribution—or instead produces unphysical states, analogous to large 
language models generating text that is fluent but factually incorrect.

To test this, we examined whether the Boltzmann distribution, 
μ ∝ exp

[

−βU(x)
]

 , of the potential energy function, U, at inverse 
temperature β is the invariant measure (i.e., stationary distribution) 
of the transfer operator implicitly learned by TITO (39). Because the 
learned operator is not directly accessible, we assessed this property 
numerically. Specifically, we drew initial conditions x0∼μ from long 
unbiased MD simulations, generated trajectories using p

(

xΔt ∣x0
)

 
with TITO, and compared the empirical distributions of x0 and xΔt 
using the Jensen-Shannon divergence (JSD) (40). Across a broad set 
of small molecules and tetrapeptides unseen during training, TITO 
reproduced the Boltzmann distribution obtained from reference 
MD simulations (Fig. 2). A small fraction of cases exhibited elevated 
JSD values, indicating discrepancies that could reflect either spuri-
ous (hallucinatory) samples or genuine metastable states not ex-
plored by reference simulations (fig. S1).

To probe these outliers, we constructed Koopman operator mod-
els from long unbiased MD and from TITO trajectories. These mod-
els characterize the system’s slowest dynamical modes and associated 
metastable states. We found that TITO generally reproduced relax-
ation timescales of MD, suggesting that much of the JSD tail arises 
from minor numerical mismatches. However, a subset of systems 
displayed substantially slower relaxation times under TITO, as re-
vealed by notably larger VAMP (variational approach to Markov 
processes) scores (41). Because theoretical results show that times-
cales are bounded from above (42), this indicates that TITO sam-
pled metastable states not observed in the MD trajectories.

To evaluate whether these previously unobserved states were 
physically meaningful, we performed extensive replica exchange 
(RE) MD simulations (43). On average, TITO covered all density 
regions visited by RE MD, whereas long conventional MD failed to 
do so in a significant fraction of systems (Fig. 3A). States detected by 
TITO but absent in long MD were consistently recovered in RE MD 
(fig. S2), confirming that they correspond to genuine metastable ba-
sins. In one representative example, a propiolamide, TITO uncov-
ered a metastable basin absent from long MD but corroborated by 
both ultralong unbiased MD and RE MD simulations (Fig. 3C and 
figs. S3 and S4). This metastable basin was not sampled when the 
model was trained on a training set-length trajectory of this molecule 

(fig. S5), showing that it emerges from multimolecule training. Al-
though trained only on nanosecond MD data, TITO correctly inferred 
an exchange timescale between basins on the order of microseconds—
consistent with estimates from ultralong trajectories.

Intriguingly, TITO also predicted additional states not observed 
in either reference method (Fig. 3B). To further investigate these 
cases, we initialized ensembles of nanosecond-length unbiased MD 
trajectories from TITO-generated configurations. These simulations 
exhibited a small but systematic improvement in agreement with RE 
MD (fig. S6), indicating that TITO samples near-physical configura-
tions capable of relaxing into correct basins under explicit dynamics. 
We then assessed the stability of these identified states in ensemble 
simulations and found that the configurations remained metastable 
(fig. S7), suggesting that they represent physically valid states rather 
than artifacts of the learned dynamics. Collectively, these findings dem-
onstrate that TITO not only preserves the integrity of the Boltzmann 
distribution but also uncovers metastable states that would likely 
remain undetected using conventional methods within practical com-
putational limits.

We further examined whether TITO’s generalization correlates 
with chemical similarity between training and test molecules. Unex-
pectedly, no such correlation was observed in either of the datasets 
(figs. S8 and S9 and table S1). This lack of correlation suggests that 
chemical composition alone provides limited signal for guiding itera-
tive refinement or active learning of generative dynamical models, un-
derscoring the need for alternative strategies to improve generalization.

TITO faithfully reproduces relaxation transients in unseen 
molecular systems
Next, we investigate whether the dynamics generated by TITO is sta-
tistically equivalent to that generated by numerical MD simulations. 
Given that we here target MD in the NVT ensemble—keeping the 
number of particles (N), volume (V), and temperature (T) constant 
during a simulation—the dynamics are stochastic, and consequently, 
we use statistical tools to quantitatively compare the two approaches.

A stringent test of dynamical fidelity is whether a model can re-
produce relaxation processes across systems that differ vastly in their 
intrinsic timescales. As noted, TITO accurately recapitulates relax-
ation dynamics in molecules and peptides outside its training set and 
crucially provides quantitative predictions spanning over three or-
ders of magnitude in characteristic times (fig. S10). Predicted times-
cales remain faithful with reference to MD and consistent with the 
variational principle for Markov processes (42) across different lag 
times (fig. S11). This level of agreement indicates that TITO has 
learned an effective and generalizable representation of the underlying 
stochastic dynamics rather than merely fitting short-time correlations.

Still, matching timescales alone does not guarantee that the asso-
ciated motions are physically meaningful. To examine this, we per-
formed extensive TITO simulations and compared the full relaxation 
transients of slow dynamical modes with those obtained from long, 
unbiased MD trajectories. Across two orders of magnitude in times-
cale, the agreement was notable, suggesting that TITO reproduces 
both the rate and mechanism of the underlying MD (Fig. 4A). This 
demonstrates that the learned transition operator generalizes dynam-
ically, faithfully capturing the hierarchy of molecular motions that 
govern relaxation kinetics.

A further requirement is internal consistency across time resolu-
tions. Because TITO predicts time-integrated dynamics at multiple 
timescales, the resulting transients must be consistent regardless of 
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position of the example molecule within each histogram.

D
ow

nloaded from
 https://w

w
w

.science.org on A
pril 27, 2026



Diez et al., Sci. Adv. 12, eaed2333 (2026)     8 April 2026

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

5 of 11

whether they are generated in a single long step or as a sequence of 
shorter steps (nested sampling). We find that the relaxation transients 
remain self-consistent under this test (Fig. 4A), suggesting that the 
learned transition density satisfies the Chapman-Kolmogorov equa-
tion and thus encodes genuinely Markovian dynamics. We remark 
that even if Chapman-Kolmogorov consistency is not hard-coded 
into the model architecture, it is implicitly promoted by the Implicit 
Transfer Operator objective. Because the model is trained to learn 
conditional distributions at multiple lag times, the loss encourages 
coherence across compositions of the learned dynamics.

Last, we investigated whether the high fidelity of slow dynamics 
is achieved at the expense of accuracy in fast, rapidly relaxing modes. 
Despite operating at time steps orders of magnitude larger than 
those of bond and angle vibrations, TITO accurately reproduced equi-
librium properties (Fig. 4B) and generated conformations with po-
tential energies closely matching those from unbiased MD (Fig. 4C). 
The main deviation we observed was a slight underestimation of the 
variance of fast modes, which in turn leads to systematically lower 
potential energies relative to reference simulations.

Qualitative extrapolation to larger peptide systems
We next examined whether TITO can extrapolate beyond the molec-
ular sizes represented in its training data. This setting provides a strin-
gent test of transferability: A model trained on short peptides must 
infer effective dynamics at unseen length scales, where both the num-
ber of atoms and the hierarchy of internal motions increase substan-
tially. Specifically, we applied a model trained only on tetrapeptides to 
generate trajectories for penta-, hexa-, hepta-, and octapeptides.

Extrapolation introduces a scale mismatch in the latent base distri-
bution p0 , whose variance depends on system size. To mitigate this, 
we rescaled the standard deviation of p0 according to Flory’s scaling 
law for the radius of gyration of random polymers, 

⟨

Rg

⟩

∝ N0.688 (44), 
where N denotes the number of residues. Guided by this simple physi-
cal prior, TITO produced configurations with realistic local geometry 
and global compactness across peptide lengths; without this correc-
tion, stable extrapolation beyond pentapeptides was not achievable.

With the scaling correction in place, TITO approximately recov-
ered the conformational landscapes of larger peptides and repro-
duced relaxation times qualitatively consistent with explicit MD, 
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even when the sequence length was doubled relative to the training 
systems (Fig. 5). For the largest peptides, however, the generated trajec-
tories exhibited mild structural compaction (fig. S12) and a systematic 
downward drift in potential energy (fig. S13), leading to instability 
in long nested-sampling runs. These deviations likely arise from cumu-
lative local errors that are amplified at increasing system sizes. Never-
theless, the generated configurations remain physically meaningful 
and can be readily refined by short low-cost MD equilibrations.

Together, these results demonstrate that TITO captures transfer-
able physical principles sufficient to generalize far beyond its train-
ing domain while also delineating the limits of such extrapolation. 
The observed degradation at large sizes naturally motivates hybrid 

divide-and-conquer strategies, in which long TITO propagation steps 
are interleaved with brief MD equilibration phases—akin to hybrid 
Monte Carlo or multiresolution simulation schemes (37, 45, 46).

Calibration of simulation accuracy to compute budget
For practical impact, TITO must deliver substantially higher through-
put than conventional MD while retaining quantitative accuracy in 
equilibrium and dynamical properties. Two factors determine the ef-
fective simulation throughput: (i) the molecular size, which constrains 
the number of simulations that can be run in parallel on a GPU with 
fixed memory, and (ii) the number of ODE solver steps required for 
each CNF evaluation, which controls the cost per TITO step.
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We find that equilibrium properties can be reproduced at com-
paratively low computational budgets, whereas accurate estimation 
of relaxation timescales requires additional solver steps and, hence, 
higher cost (fig. S14). This trade-off implies that the compute budget 
can be calibrated to match the target application, for example, pri-
oritizing thermodynamic ensemble generation versus reproducing 
kinetic observables measured in experiment.

To quantify achievable throughput, we report the maximum sim-
ulation time reached on a single GPU. As shown in Table 1, TITO 
enables ~10 ms of physical simulation time per day of computa-
tion, representing a four-orders-of-magnitude improvement rela-
tive to standard unbiased MD simulations using the same resources. 
These results suggests that TITO can be tuned flexibly: Users may 

trade simulation fidelity against throughput depending on the level 
of accuracy required. Furthermore, we emphasize that these gains 
can potentially be even larger if the model is trained to predict larg-
er time steps, paving the way to study ultraslow processes in biology 
and materials science.

DISCUSSION
We introduce TITO, a chemically generalizable generative model 
that reproduces MD at a fraction of the computational cost of tradi-
tional simulations. TITO quantitatively recovers both the equilibrium 
probabilities of molecular configurations and the rates and mecha-
nisms of conformational exchange across diverse chemistries from 
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small molecules to peptides. In essence, it delivers the fidelity near 
that of MD at the cost of sampling a deep generative model.

TITO achieves this by learning the statistics of time-integrated 
dynamics directly from simulation data, allowing propagation over 
arbitrarily long lag times without explicit numerical integration at a 
femtosecond resolution. This formulation yields an acceleration of 
up to four orders of magnitude in the quantitative characterization 
of equilibrium states and relaxation kinetics at compute cost parity. 
Furthermore, TITO retains predictive power beyond its training re-
gime, qualitatively reproducing thermodynamic and kinetic behavior 
in peptides up to twice the size of those used for training, highlight-
ing its ability to extrapolate across molecular size.

TITO differs fundamentally from dominant paradigms in genera-
tive models of MD, Boltzmann Generators, which aim to quantitatively 
sample the independent equilibrium samples from the Boltzmann 
distribution (47), and Boltzmann Emulators, which sacrifice quantita-
tive alignment with MD to boost efficiency and scaling (37, 48, 49). 
These methods, and in particular, their transferable variants (37, 49, 
50), are rapidly becoming a viable complement to MD simulations 
when equilibrium properties are the target of investigation. How-
ever, these approaches cannot capture dynamic properties such as 
rates or mechanisms.

Other methods that aim to predict the dynamics provide mainly 
qualitative insights and at fixed timescales (38, 51–54) or enable much 
smaller time steps (55, 56). Recent work explored multitimescale 
training in small proteins (57). To our knowledge, TITO is the first 
framework to achieve physically realistic, multitimescale sampling 
with demonstrated transferability across both chemical composition 
and molecular size. Other complementary strategies, including ma-
chine learning–infused path-sampling (58) strategies or latent space 
simulators (56, 59, 60), show promise in scaling to larger systems, 
but generalization remains an open challenge requiring careful mod-
eling and calibration for every specific process of interest.

Machine-learned interatomic potentials (61, 62) and coarse-grained 
force fields (63, 64) have similarly shown impressive strides toward gen-
eral purpose transferability. These models can guarantee realistic physi-
cal dynamics depending on the integration strategy chosen. So, while 
they might boost the accuracy over current force fields and coarse-
grained models, they still rely on iterative numerical integration with 
tiny time steps, making their computational footprint substantial. TITO 
instead offers a paradigm shift: bypassing iterative integration together.

Despite these advances, important limitations remain. At pres-
ent, TITO is restricted to implicit solvent representations and sys-
tem sizes of at most a few hundred atoms. Extending the method to 
explicitly solvated biomolecules with tens to hundreds of thousands 
of degrees of freedom will require innovations in neural architectures 
(65–68), such as equivariant transformers (69), linear attention (70) 
or Euclidean fast attention (65), and/or hierarchical strategies such 

as coarse graining (71). In addition, periodic boundary conditions—
essential for realistic modeling of solvated systems—are not yet sup-
ported. While our experiments show promising extrapolation to larger 
and chemically distinct molecules, generalization performance still 
depends on the chemical similarity between target and training sys-
tems. Achieving broad chemical coverage will necessitate larger and 
more diverse training datasets. Last, TITO is presently limited to a 
single thermodynamic state (NVT ensemble at room temperature). 
Extending thermodynamic transferability, including across temper-
atures, pressures, or even force fields, would enable the study of the 
influence of thermodynamic perturbations on stationary and dynamic 
properties of molecular systems. Promising prior work has demon-
strated that thermodynamic transferability can be achieved by ad-
ditional conditioning variables through learned embeddings of the 
thermodynamic state (72, 73), which motivates its applicability to 
kinetic modeling as well.

Intriguingly, we find that TITO’s generalization performance shows 
no clear relationship to the chemical similarity between training and 
test systems. This observation challenges the prevailing assumption 
that broader chemical coverage alone ensures generalization. Instead, 
it suggests that the structure and diversity of training data—how well 
they represent relevant dynamical motifs and energy landscapes—
may be more critical than sheer data volume. In this view, progress 
may hinge less on scaling to ever-larger simulation datasets and more 
on carefully curated, mechanistically diverse benchmarks that cap-
ture the essential physics of MD.

In summary, TITO establishes a previously unidentified paradigm 
for transferable generative modeling of MD, unifying thermody-
namic sampling and dynamical prediction in a singular generative 
surrogate. By enabling accelerated and chemically transferable esti-
mation of stationary and dynamic properties—such as free energies 
and rates—TITO paves the way toward practical deep learning–
based acceleration of molecular simulations.

MATERIALS AND METHODS
Data
We use three datasets covering different regions of the chemical space:

1) Small molecules: The MDQM9-nc dataset (37) contains MD 
simulations for 12,530 small noncyclic molecules from the QM9 da-
taset (74). Simulations are performed in a vacuum at room tempera-
ture using the generalized Amber force field (75). The simulation 
time is dependent on the molecule size with a median sampling time 
of 36.5 ns. We perform extra 1-μs RE simulations across eight tem-
peratures (300, 400, 500, 600, 700, 800, 900, and 1000 K). The aver-
age exchange rate is 58%.

2) Tetrapeptides: The Timewarp dataset (38) contains MD simu-
lations for tetrapeptides. It contains two tetrapeptide subdatasets, 

Table 1. Maximum simulation time throughput. Estimates using one NVIDIA A100 80-gigabyte GPU for 1 day.

Systems Method Simulation throughput per day in one GPU

 Small molecules MD 3.5 μs

TITO 11.3 ms

Tetrapeptides MD 0.67 μs

TITO 10.3 ms
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large, which contains 1457 training molecules, and huge, with 92 larger 
molecules. We use large as training data and huge as the test set. The 
simulations are performed in implicit water and at room tempera-
ture. Simulation times are 50 ns for training set molecules and 1 μs 
for test set molecules.

3) Larger systems: We performed 1-μs simulation of penta-, hexa-, 
hepta-, and octapeptides with the same simulation parameters as in 
the Timewarp dataset. For each peptide length, six sequences were 
randomly sampled on the basis of vertebrate amino acid frequencies.

Model
TITO uses equivariant optimal transport flow matching to parame-
terize the transition probability. Flow matching (34) provides an ef-
ficient framework for training CNFs by aligning a learnable velocity 
field with the optimal transport velocity field between an easy-to-
sample base distribution p0 and a target distribution p1 . Rather than 
directly minimizing a divergence between the generated distribution 
and p1 , flow matching constructs intermediate states along an inter-
polation between p0 and p1 . The neural ODE vector field is then trained 
to predict the conditional displacement between these paired states. 
We use linear interpolants (76)

with target velocity

Molecular distributions live in a space with inherent symmetries, 
such as rotational and permutational invariances of atomic coordi-
nates. Equivariant optimal transport (35) incorporates these sym-
metries to construct shorter paths by aligning sample pairs, x0 and 
x1 , along their symmetry orbits. In practice, this minimization is ap-
proximated sequentially: optimal permutation by solving a linear 
sum assignment problem (77), followed by optimal superposition-
ing through solving a Procrustes problem (78).

For the velocity field model, vθ , we use a modified SE3-ITO archi-
tecture (33) enriched with edge features encoding interaction types 
between atoms. Specifically, we distinguish single, double, triple, and 
through-space bonds or interactions. As in SE3-ITO, we assume a 
complete interaction graph where every atom interacts with all others, 
with bonded interactions prioritized according to the order listed 
above. Model training and inference parameters for different exper-
iments are included in tables S2 and S3, respectively.

Evaluation metrics
Jensen-Shannon divergence (JSD)
The Jensen-Shannon divergence provides a symmetric measure of 
similarity between two probability distributions. Given two distri-
butions p and q, the JSD is defined as

where m =
1

2

(

p+q
)

 and DKL denotes the Kullback-Leibler divergence. 
Unlike the KL divergence, the JSD is bounded between 0 and 1.
Free energy
The free energy (negative log-likelihood) of a subspace of the con-
formational space Ωi ∈ Ω is

Coverage and precision
Coverage and precision quantify the degree of overlap between the 
probability distributions generated by two sampling methods. Giv-
en two methods, m1 and m2 , the coverage of m1 with respect to m2 is 
defined as

where pmi
 denotes the probability mass sampled from method mi , 

and Ωpm1
∩pm2

={x: pm1
(x)>δ and pm2

(x)>δ} . Precision is defined ana- 
logously as

Intuitively, coverage measures how much of the probability mass 
of m2 is captured by m1 , while precision measures the fraction of m1’s 
probability mass supported by m2 . In practice, we estimate these 
quantities from empirical histograms, defining Ωpm1

∩pm2
 as the set of 

discrete states where both methods have nonzero counts.
Variational approach for Markov processes (VAMP)
The VAMP framework provides a principled method for evaluating the 
quality of dynamical models on the basis of the variational principle of 
conformation dynamics. We used the following VAMP-based metrics:

Implied timescales. The eigenvalues of the estimated transfer oper-
ator were used to compute implied timescales, defined as

where σi is the ith singular value of the Koopman operator approxi-
mation, and τ is the lag time.

Relative timescale discrepancy. We define the relative timescale 
discrepancy as

where tMD
i

 and tTITO
i

 are implied timescales predicted with MD and 
TITO, respectively, and are sorted in decreasing order. We use N = 10 
implied timescales throughout this work.

VAMP-2 score. The VAMP-2 score is the squared Frobenius norm 
of the singular value spectrum

Higher scores indicate that the model captures slow dynami-
cal modes.

VAMP-gap. We define the VAMP-gap as the difference in VAMP-2 
scores between TITO and the MD

Negative VAMP-gaps indicate that TITO predicts slower dynam-
ics and vice versa. Together, these evaluation metrics provide com-
plementary insights: The JSD and free energy excess measure how 
well the model reproduces equilibrium distributions, while VAMP 
metrics assess the model’s fidelity in capturing slow dynamical pro-
cesses and metastability.

x
T =(1−T)x0+Tx

1, T ∈[0, 1] (3)

v
T =

dxT

dT
= x

1 − x
0 (4)

JSD
(
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)
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2
DKL

(

p∥m
)

+
1

2
DKL

(

q∥m
)

(5)

F
(

Ωi

)

= −kBT log
[

p
(

Ωi

)]

with p
(

Ωi

)

=
∫Ωi

p(x)dx (6)

COVm1,m2
=

∫Ωpm1
∩pm2

pm2
(x)dx (7)

PREm1,m2
=

∫Ωpm1
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pm1
(x)dx (8)

ti = −
τ
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(9)
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N

N
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|
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i

− t
TITO
i

|

|

|

t
MD
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(10)

VAMP-2(k) =

k
∑

i=1

σ2
i (11)

VAMP-gap = VAMP-2-scoreMD − VAMP-2-scoreTITO (12)
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Figs. S1 to S14
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