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ABSTRACT

Many biomolecular processes are governed by conformational dynamics: proteins fold through metastable intermediates,
receptors cross activation barriers, and ligands bind and dissociate through transient contacts. Molecular dynamics (MD)
simulations resolve atomic motion at femtosecond time steps but remain limited in the timescales they can access. Predictive
and generative deep models are reshaping this paradigm by replacing or augmenting the explicit integration of Newton’s
equations with neural transition kernels and path distributions, thereby recasting trajectory generation as a probabilistic
sampling problem. These models can accelerate conformational exploration and trajectory simulation, although thermodynamic
accuracy and kinetic consistency remain difficult to guarantee. Central to this Review is a comprehensive and actionable
roadmap for biomolecular simulation, providing guidance on how to utilize the state-of-the-art deep models in accelerating
molecular simulation and how to evaluate the deep learning methods with comprehensive metrics. Specifically, we organize
recent advances into three foundational paradigms: sequential predictive models, trajectory-segment generative models, and
latent-space dynamics models. Viewed through this taxonomy, a central trade-off emerges: models optimized for sampling
efficiency are often the hardest to interpret kinetically, whereas those most faithful to classical dynamics inevitably inherit
the sampling limitations and force-field biases of their training data. Looking ahead, we outline future directions, highlighting
the vast potential of deep learning to revolutionize dynamic simulation and expedite drug development, positioning it as a
transformative force at the forefront of drug discovery.

Key points
• Predictive and generative trajectory models move beyond static structure and conformational ensembles by learning

finite-lag transitions, multi-frame path distributions, or latent dynamics with explicit temporal ordering.

• Biomolecular trajectory models can be organized into three broad paradigms: sequential prediction, trajectory-segment
generation, and latent-space dynamics, according to their primary probabilistic objects and representations.

• Structural realism and ensemble agreement do not establish kinetic fidelity; quantitative interpretation requires time-
dependent observables, sufficiently sampled reference trajectories, and careful treatment of heterogeneous simulation
protocols.

• Trajectory models can broaden conformational and pathway exploration and support dynamic screening in drug discovery,
but remain learned surrogates rather than general molecular simulators; quantitative use requires validated kinetics and
robust transfer across molecular systems and environmental conditions.

1. Introduction
Molecular dynamics (MD) simulation provides an atomistic description of how chemical and biological systems evolve
over time. Molecular function often involves transitions among conformational states, including protein folding1, allosteric
regulation2, enzymatic catalysis3, and ligand binding and dissociation4. Classical MD resolves these processes by propagating
molecular states through Newton’s equations of motion under an explicit physical model5–7. Long-timescale simulations
have revealed transient intermediates and rare transitions that are difficult to resolve from static measurements, particularly in
protein folding and conformational dynamics1, 8. Their reach nevertheless remains limited by the femtosecond integration steps
required for atomistic simulation, leaving many biologically and chemically relevant processes beyond routine sampling.
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Figure 1. Historical development of deep learning for molecular trajectory prediction. Selected milestones are organized
into three stages: molecular-dynamics and kinetic foundations, structure and ensemble AI, and trajectory modeling. Early
developments established stochastic sampling, numerical integration, biomolecular force fields, and Markov-state or
transfer-operator descriptions of slow molecular kinetics. Structure-prediction and ensemble-generation models subsequently
provided accurate structural anchors and conformational priors. More recent trajectory-focused methods learn long-lag
transition kernels, autoregressive rollouts, trajectory-segment distributions, endpoint-conditioned bridges, and latent dynamics
with atomistic decoding. The timeline highlights the broader transition from exact short-step MD integration and static or
unordered structural sampling toward learned time-ordered molecular paths. The central unresolved challenge is whether these
generated trajectories preserve kinetic fidelity. Representative methods are selected to illustrate major conceptual developments
rather than provide an exhaustive chronology.

Recent advances in Artificial Intelligence (AI) have substantially improved structural modelling but do not remove the need
for explicit dynamical descriptions. AlphaFold29 and AlphaFold 310 provide accurate structural anchors, while AlphaFold2-
based sampling strategies have begun to expose conformational heterogeneity11–13. Such approaches do not, however, define a
calibrated molecular clock, assign transition probabilities, or establish whether an interpolated route is kinetically accessible.
These distinctions matter for highly dynamic systems such as G-protein coupled receptor (GPCR) signalling complexes14–16

and kinase active sites17, 18, where function depends on transitions among conformational states rather than on individual
structures alone19, 20.

Deep generative models have extended structural prediction towards conformational ensembles. AlphaFlow21, AnewSam-
pling22, BioEmu23, and energy-feedback alignment24, for example, sample broad distributions of plausible or equilibrium-like
conformations. Ensemble agreement is an important step, but it does not determine how these conformations are connected
in time: the same equilibrium distribution can support different transition rates, residence times, and pathways. Trajectory
modelling therefore introduces a stronger objective in which temporal ordering and transition statistics become part of the
prediction rather than an annotation added afterwards (Fig. 2).

This shift has motivated a rapidly growing class of models that learn molecular trajectories directly. Since 2024, approaches
based on transition kernels, multi-frame generation, and learned latent dynamics have expanded alongside increasingly large
public MD repositories (Fig. 1). We organize these methods by their primary probabilistic object and representation: (i)
sequential predictive models learn state-level or finite-lag transition distributions and construct trajectories through causal
rollout, including TimeWarp25, ConfRover26, STAR-MD27, and ATMOS28; (ii) trajectory-segment generative models learn joint
or endpoint-conditioned distributions over finite-horizon paths, including MDGen29, BioMD30, and ScooBDoob31; and (iii)
latent-space dynamics models evolve learned representations before reconstructing atomistic trajectories, including GLDP32,
DynaFold33, and GPCRLMD34. These categories describe the dominant modeling abstraction rather than mutually exclusive
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architectures: diffusion and flow objectives can parameterize either state transitions or multi-frame segments, while latent
representations can support both sequential and segment-level generation.

Several reviews have covered related areas, including classical MD workflows35, 36, AI methods for protein dynamics37, 38,
and conformational ensemble generation39. Here, we focus specifically on predictive and generative trajectory models and on
the physical interpretation of their outputs: when a generated path provides a useful mechanistic hypothesis, what evidence
is needed for quantitative dynamical interpretation, and how such models can complement biomolecular simulation and
downstream applications. Accordingly, we organize recent methods by their modelling paradigm, examine current approaches
to kinetic evaluation, and discuss their practical integration with molecular simulation, experiment, and AI-assisted drug
discovery.
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Figure 2. From classical molecular dynamics and conformational ensembles to learned molecular trajectories. a,
Classical molecular dynamics (MD) propagates atomistic configurations through femtosecond-scale integration under a
specified physical model, providing physics-based trajectories and an explicit molecular clock, but leaving long-timescale
barrier crossing computationally demanding. b, Conformational ensemble models learn a marginal distribution p(x | c) over
molecular structures, where c denotes conditioning information such as the environment, ligand identity or external forces.
These models capture structural diversity without specifying temporal ordering, a molecular clock or path probabilities. c,
Trajectory models instead represent time-ordered molecular motion through finite-lag transition kernels pθ (xt+τ | xt ,c), jointly
generated trajectory segments pθ (xt+1:t+L | xt ,c) or endpoint-conditioned segments pθ (xt+1:t+L−1 | xt ,xt+L,c). Representative
kinetic and path observables include transition rates, implied timescales, committor probabilities, dwell times and pathway
diversity. Here, xt denotes the molecular configuration at physical time t, τ the lag time, L the trajectory-segment horizon and θ

the model parameters. Free-energy landscapes are schematic; A and B denote metastable conformational basins.

The kinetic gap in molecular simulation
Molecular dynamics is determined not only by which conformations are accessible, but also by how they are connected in
time. A useful way to see this distinction is through a free-energy landscape: an ensemble model may correctly reproduce
the Boltzmann-weighted populations of low-free-energy basins, yet this distribution alone does not specify how the system
moves between them. The same equilibrium distribution can be consistent with very different residence times, transition
frequencies and pathways. A trajectory model makes the stronger claim of describing these temporal connections. At an
appropriate lag time, transitions among metastable states can often be summarized by an approximately Markovian process,
making state-to-state probabilities, relaxation times and pathway fluxes natural kinetic quantities40, 41.

This distinction is increasingly important as predictive and generative models move from conformational ensembles to
time-ordered molecular trajectories25, 28–31. Many current evaluations still emphasize structural diversity or agreement with
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Table 1. Representative deep generative and predictive models for molecular trajectory prediction and transition-path
generation, organized according to the three-part taxonomy used in the main text. Target systems indicate the intended
application scope, whereas training data list the principal structural or trajectory sources used for model development, and the
details of these data can be found in Table 2.

Category Model Representation Method Target systems Training data

TimeWarp25 All-atom Normalizing flow + MH correction Peptides Peptide MD
ConfRover26 All-atom AR + diffusion Proteins ATLAS
STAR-MD27 All-atom Spatiotemporal AR + diffusion Proteins ATLAS
MD-LLM-142 Latent / tokens Latent LM Proteins Mad2 and T4 lysozyme MD
EquiJump43 All-atom Stochastic interpolant Proteins Fast-folding protein MD
TEMPO44 Backbone Hierarchical two-timescale

stochastic autoregression
Proteins ATLAS; mdCATH

MARS-FM45 All-atom MSM-guided flow matching Peptides; proteins Peptide MD; mdCATH
ATMOS28 All-atom SSM + diffusion Proteins; P–L complexes PDB; mdCATH; MISATO
TrajCast46 All-atom Autoregressive equivariant GNN System-specific small molecules,

solids
System-specific MD trajectories

DiffMD47 All-atom / geo-
metric

GNN + diffusion System-specific small molecules;
C7O2H10

MD17; C7O2H10 isomer MD

GGND48 All-atom / geo-
metric graph

Geometric graph diffusion System-specific molecules 3BPA49 and SAMD23 SiN and
HfO50(separate system-specific)

NeuralMD51 All-atom Neural ODE + GNN P–L complexes MISATO
ITO52 All-atom / Cα Conditional diffusion Peptides; fast-folding proteins Peptide and fast-folding MD
PLaTITO53 Cα Conditional flow matching + pLM

conditioning
Proteins mdCATH

F3low54 Backbone Guided flow matching Proteins Fast-folding protein MD
DeepJump55 All-atom Conditional flow matching Proteins; fast-folding MD mdCATH
UniSim56 All-atom / latent Stochastic interpolants + force

guidance
small molecules, peptides, and pro-
teins

Multi-domain pretraining; PepMD57; AT-
LAS; MD17

PVB58 All-atom / latent Variational encoder + augmented
bridge matching

Small molecules; proteins; P–L com-
plexes

PCQM4Mv259; ANI-1x60; PDB; PDB-
Bind (pretrain); ATLAS; mdCATH; MIS-
ATO (MD finetune)

UnbindingFlow61 All-atom / coarse-
grained

Flow matching P–L unbinding DD-13M

DynamicsDiffusion62 All-atom Trajectory-level DDPM Toy systems; peptides Double-well trajectories; alanine-
dipeptide MD

PTraj-Diff63 Backbone SE(3)-parameterized diffusion P–P complexes 1HPV and 1BRS MD
AlphaFolding64 All-atom 4D diffusion Proteins ATLAS; DynamicPDB MD
GeoTDM65 All-atom / geo-

metric
GNN + diffusion System-specific small molecules MD17 (separate training for each

molecule)
EGInterpolator66 All-atom / geo-

metric
Structure-pretrained diffusion +
temporal interpolation

Small molecules; peptides; proteins GEOM-QM9/Drugs; QM9/Drugs MD;
TimeWarp; ATLAS

STFlow67 All-atom Flow matching + GNN System-specific small molecules MD17 (separate training for each
molecule)

DynaMode68 Cα / spectral Spectral diffusion + inverse DCT Proteins mdCATH
MDGen29 All-atom Flow matching Proteins; peptides ATLAS; peptide MD
GP-EquiFlow69 All-atom SE(3)-equivariant flow matching +

GP prior
N-body; small molecules MD17; synthetic N-body

GSE-Flow70 All-atom SE(3)-equivariant flow matching Small molecules; macromolecules;
human motion

MD17; MD22; CMU MoCap

BioMD30 All-atom DiT + flow matching + hierarchi-
cal modeling

P–L complexes DD-13M; MISATO

BioKinema71 All-atom Spatiotemporal diffusion + hierar-
chical modeling

Proteins; peptides; P–L complexes DD-13M; MISATO; ATLAS; MDposit;
MSR (CATH/MegaSim/octapeptide MD)

PIPS72 All-atom Stochastic optimal control + neural
bias force

Peptides; proteins On-the-fly biased OpenMM MD

Doob’s La-
grangian73

All-atom Variational Doob h-transform Peptides; proteins Simulation-free; AMBER14/OpenMM
energy model

TPS-DPS74 All-atom Off-policy diffusion path sampling
+ equivariant bias force

Peptides; fast-folding proteins On-the-fly biased OpenMM MD

ScooBDoob31 CV / MSM states Schrödinger bridge + Doob trans-
form

Peptides Peptide MD

TPS-Flow75 Backbone Flow matching + spatiotemporal
gated attention

Proteins; P–P complexes System-specific protein MD

DeepPath76 Reduced coordi-
nates / all-atom

Progressive GAN + active learning Proteins; protein complexes Endpoint structures; MM-guided active-
learning structures

DeepGenMSM77 All-atom latent MSM + decoder System-specific small molecules Alanine-dipeptide MD
LSS78 Cα MDN latent propagator + decoder System-specific proteins System-specific MD
GLDP32 All-atom Latent operator learning + decoder System-specific peptides/proteins System-specific MD
DynaFold33 All-atom Latent diffusion + backmapping Proteins PDB; AFDB; ATLAS; fast-folding MD
GPCRLMD34 All-atom Latent flow matching GPCR–ligand complexes GPCRMD

Sequential
predictive

models

Trajectory-
segment

generative
models

Latent-space
dynamics

Note: Categories reflect primary generative objects rather than mutually exclusive architectures. Hybrid methods are listed once according to their dominant
role: state-level prediction is classified as sequential, whereas joint generation of temporally coupled frames is classified as trajectory-segment generation.
Methods are ordered approximately by modeling family. AR, autoregressive; CV, collective variable; GNN, graph neural network; LM, language model; MH,
Metropolis–Hastings; MSM, Markov state model; P–P, protein–protein; P–L, protein–ligand; SSM, state-space model.
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reference ensembles, which establish where a model samples but not whether it reproduces how molecular states interconvert.
This review therefore places kinetic fidelity alongside structural and ensemble accuracy, asking which generated trajectories
can support mechanistic hypotheses, which preserve quantitative dynamics, and how these claims should be tested.

2. Theoretical Foundations: Formulating Dynamics as Predictive and Generative Tasks
This review focuses on models whose primary objective is to learn or generate biomolecular time evolution, rather than
methods designed primarily to learn interatomic potential-energy surfaces or force fields79–81. Although learned force fields
can substantially reduce the cost of force evaluation, they retain the underlying integration-based formulation and do not
by themselves remove the long-timescale sampling bottleneck. We therefore treat force-field learning as a complementary
route to accelerated simulation and concentrate on models that directly parameterize finite-lag transitions, trajectory-segment
distributions, or latent dynamics.

2.1 Trajectories as Stochastic Processes and Path-Space Distributions
For a molecular system with coordinates xt ∈ RN×3, a trajectory is a time-ordered random object X0:T = (x0,x1, . . . ,xT ) rather
than a bag of structures. Classical simulation defines this object through an integrator, force field, thermostat, barostat, solvent
model, and boundary conditions. A trajectory model replaces part of this machinery with a learned distribution. We denote
a finite-horizon trajectory segment by Xt:t+L = (xt ,xt+1, . . . ,xt+L), where L is the segment horizon and need not span the
complete physical trajectory. Three recurring formulations are useful. First, sequential prediction learns a time-coarsened
conditional distribution pθ (xt+τ | xt ,c) or pθ (xt+τ | x≤t ,c) and constructs longer trajectories through causal rollout, where c
denotes optional conditioning information such as environment, ligands, and forces. Second, trajectory-segment generation
learns a coupled multi-frame distribution such as pθ (Xt+1:t+L | xt ,c) or pθ (Xt+1:t+L | x≤t ,c). Third, endpoint-conditioned
generation models pθ (Xt+1:t+L−1 | xt ,xt+L,c), which is natural for transition-path sampling between prescribed basins (Fig.
2c).

These formulations differ primarily in their temporal factorization and scientific claim, rather than in the neural architecture
alone. A reusable transition kernel can be tested as an accelerated simulator, but repeated rollout accumulates its own errors.
A trajectory-segment generator can couple fluctuations and transitions across several frames within one finite horizon, yet
computational limits may require long trajectories to be extended autoregressively from one segment to the next, reintroducing
drift or boundary inconsistencies. An endpoint-conditioned bridge can efficiently propose rare routes, but the resulting path
distribution is conditional on reaching the target and does not by itself determine the unconditioned transition rate. Throughout
this Review we therefore separate structural validity from kinetic fidelity. Structural validity asks whether frames are chemically
plausible. Kinetic fidelity asks whether the generated process reproduces transition probabilities, implied timescales, committor
structure and time-correlation functions. Much of the field currently has evidence for the former and only partial evidence for
the latter.

2.2 Physical Symmetries and Equivariance in Time Evolution
Translations and rotations of the input coordinates should produce corresponding transformations of the generated trajectory.
Permutations of identical atoms should likewise preserve its probability distribution. These requirements motivate E(3)- or
SE(3)-equivariant neural networks, tensor-product attention, equivariant generative kernels and geometric message passing.

Equivariance constrains molecular geometry but does not ensure thermodynamic or kinetic fidelity. Faithful dynamics also
depend on equilibrium or controlled irreversibility, conservation behaviour and coupling between slow collective modes and
fast local fluctuations. Time-coarsened predictors are particularly sensitive to this coupling. Mean-only updates can suppress
fluctuations, while incompatible stochastic drift can alter energies or move trajectories away from thermodynamically relevant
regions. Additional constraints may enter through equilibrium corrections, energy or force guidance, conservation objectives,
and dynamical-consistency losses. Their value should be judged through the physical observables they preserve, rather than
through the presence of a nominal physical prior. These constraints remain conditional on the selected physical model and may
inherit force-field, protocol and sampling biases from the training trajectories.

2.3 An Operational Taxonomy
These distinctions determine how the following sections are organized. Sections 3 and 4 classify models by their primary
temporal object: a finite-lag transition or a jointly generated trajectory segment. Endpoint-conditioned paths are treated as a
specialized form of segment-level generation because conditioning changes the sampled path distribution but not the underlying
temporal object.

Section 5 considers latent-space models separately because encoding and atomistic backmapping introduce an additional
validation problem. Latent models may nevertheless use either sequential propagation or segment-level generation, so temporal
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factorization and molecular representation are not mutually exclusive classification axes. The same diffusion, flow or transformer
architecture may also parameterize different generative objects.

Hybrid methods make these overlaps explicit. BioKinema, for example, generates frames jointly within each segment and
extends successive segments autoregressively71. Other methods, including BioMD, PVB and MD-LLM-1, combine choices
across forecasting, endpoint conditioning, autoregressive extension or molecular representation30, 42, 58. We assign each method
to the category that best reflects its primary scientific claim and validation burden. These burdens concern rollout stability
for sequential models, segment-level path fidelity for joint generators, and kinetic preservation plus atomistic backmapping
for latent models. The taxonomy of representative methods is shown in Fig. 3, Table 1 and Sup. Fig. 1. For the validation
coverage, such as Structural fidelity, Thermodynamic fidelity, and Kinetic fidelity, please refer to the Sup. Table 2
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Figure 3. Taxonomy of deep learning methods for molecular trajectory modelling. Methods are organized by their
primary probabilistic object and representation of dynamics. Sequential predictive models learn finite-lag transitions and
construct trajectories through causal rollout, with long-horizon error accumulation as a central limitation. Trajectory-segment
generative models use diffusion, flow matching or bridge formulations to model temporally coupled finite-horizon paths,
raising the question of whether generated paths reproduce physical dynamics rather than smooth structural interpolation.
Latent-space approaches learn dynamical representations or operators before reconstructing atomistic trajectories, coupling
latent kinetic fidelity to the quality of backmapping. The categories denote the dominant modelling abstraction rather than
mutually exclusive architectures, as diffusion, flow, and autoregressive mechanisms can occur across different formulations.
The bottom panel summarizes cross-cutting considerations discussed in Sections 6–8, including kinetic fidelity, physical
validity, and challenges arising from finite sampling, heterogeneous simulation protocols and the development of calibrated
trajectory generators. Examples are representative rather than exhaustive.

3. Sequential Predictive Models: Transition Kernels and Autoregressive Rollouts

Sequential predictive models make the most direct bargain with MD: exchange many small integration steps for a larger learned
update. If this bargain holds, a model can act as a time-coarsened simulator. If it fails, the error is not a local imperfection but
a dynamical bias that compounds with every generated frame. The most important question for this family is therefore not
whether a single predicted step is close to a reference frame, but whether repeated steps preserve the slow processes that define
the system.
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3.1 Time-Coarsened Transition Kernels and Sequence Forecasting
Time-coarsened models learn a stochastic propagator pθ (xt+τ | xt ,c) at a lag time τ substantially larger than the integration step
of classical MD, allowing trajectories to be constructed from a sequence of learned coarse updates. Existing approaches mainly
differ in how this transition distribution is parameterized. TimeWarp combines normalizing-flow proposals with Metropolis–
Hastings correction25, while TEMPO separates slow and fast molecular modes within the learned dynamics44. Diffusion-based
formulations include ITO and its protein-language-model extension PLaTITO, which model transition densities over multiple
lag times52, 53. EquiJump and UniSim instead use stochastic interpolants, with UniSim further incorporating force guidance43, 56.
PVB takes a related bridge-based approach, using augmented bridge matching to unify structural pretraining with finite-lag
transition learning from MD trajectories58. Flow-based objectives are adopted by F3low, DeepJump and UnbindingFlow for
conformational transitions or ligand dissociation54, 55, 61.

The conditioning need not be restricted to the current molecular state. ConfRover incorporates latent trajectory history
with diffusion decoding26, STAR-MD uses spatiotemporal diffusion for history-conditioned forecasting27, and MD-LLM-1
represents molecular trajectories as token sequences for language-model-style prediction42. Longer temporal context can
capture correlated motions and help resolve transitions whose direction is ambiguous from a single conformation.

The main advantage of these models is that a learned transition kernel can be repeatedly applied beyond the training horizon.
Long-time behavior, however, depends on repeated composition of this approximate propagator, so even small finite-lag errors
can alter its stationary distribution, rare-event fluxes and slow dynamical modes. Good one-step prediction is therefore not
sufficient to establish that the learned process remains faithful after many transitions. Evaluation should examine how errors
evolve with rollout length and whether stationary populations, multi-step transition probabilities, Chapman–Kolmogorov
consistency and implied timescales remain consistent with the reference dynamics40.

3.2 State-Space and Graph-Based Rollouts
Other sequential models introduce more explicit structure into how molecular states are represented and propagated. ATMOS
uses state-space modelling to retain temporal information over extended trajectories28, while TrajCast directly forecasts
molecular positions and velocities without repeated force evaluation46. MARS-FM performs generative modelling over MSM-
defined metastable states45. NeuralMD combines graph-based modelling of molecular interactions with neural differential-
equation integration to propagate protein–ligand dynamics under Newtonian constraints51. Graph representations are also used
in UnbindingFlow61, DiffMD47 and GGND48, where geometric interactions and diffusion-based refinement are incorporated
into the rollout. These structured representations can provide useful inductive biases for local interactions and temporal
evolution, although accurate geometry or short-term forecasting does not ensure that the resulting process preserves equilibrium
populations or long-timescale kinetics.

3.3 Mitigating Error Accumulation in Long-Horizon Rollouts
Long-horizon rollout amplifies small prediction errors because models increasingly condition on states generated by themselves
rather than reference trajectories. This distribution shift affects history-conditioned models such as ConfRover26, STAR-MD27

and ATMOS28, while repeated application of time-coarsened kernels can similarly distort populations and slow dynamics.
Stochastic updates, refinement mechanisms, physical constraints and rollout-aware training can reduce such drift, with broader
strategies for long-horizon generation discussed in Section 8.2. Their effectiveness should ultimately be assessed over increasing
rollout horizons through structural stability and kinetic observables such as transition probabilities, Chapman–Kolmogorov
consistency and implied timescales.

4. Trajectory-Segment Generative Models: Diffusion, Flow and Conditional Path Synthesis
Unlike transition-kernel models, which propagate trajectories one state at a time through repeated rollout, trajectory-segment
models jointly generate a finite block of future conformations conditioned on an anchor state. Given xt ∈ RN×3, a model
samples the subsequent segment Xt+1:t+L ∼ pθ (Xt+1:t+L | xt ,c) or pθ (Xt+1:t+L | x≤t ,c) through a coupled denoising, transport
or bridge process. This batchwise formulation captures correlations across frames and amortizes computation over the segment,
improving parallelism and sampling throughput. Sup. Table 1 summarizes the Sampling Efficiency of these methods. Longer
trajectories can still be assembled autoregressively from successive segments. The approach is particularly useful for rare
events, where alternative paths are more informative than a single future state. Validation must address frame-level physical
validity, segment-level distributional fidelity and calibration to molecular time.

4.1 Diffusion Models for Trajectory Segments
Trajectory diffusion models treat multiple temporally ordered conformations as a coupled generative object rather than predicting
each future state separately. DynamicsDiffusion provided an early formulation by applying denoising diffusion directly to
molecular trajectory segments for unconditional generation and rare-event sampling62. Subsequent work has largely focused on
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introducing molecular geometry and temporal structure into this formulation. PTraj-Diff uses SE(3)-parameterized diffusion
for protein and protein–protein complex trajectories63, GeoTDM combines equivariant diffusion with temporal attention65, and
AlphaFolding incorporates reference and motion guidance into four-dimensional diffusion of all-atom trajectories64. BioKinema
extends spatiotemporal diffusion to continuous-time all-atom biomolecular trajectories and combines coarse forecasting with
interpolation for long-horizon generation71. Other approaches modify the representation or supervision used for trajectory
generation: EGInterpolator couples diffusion-based structural pretraining with an MD-trained temporal interpolation module66,
while DynaMode performs diffusion over discrete-cosine-transform representations of finite trajectories, providing a spectral
decomposition of slow motions and faster fluctuations68. Across these formulations, the diffusion variable spans multiple
physical frames, which distinguishes them from the finite-lag transition models in Section 3. Latent trajectory diffusion, such as
DynaFold, is discussed in Section 5 because reconstruction from the latent representation introduces an additional modelling
challenge. Further details of diffusion formulations are provided in Sup. S.5.1.

Joint generation is particularly useful when similar initial conformations can lead to different dynamical outcomes, such as
local fluctuations, productive transitions or unsuccessful transition attempts. Modelling these alternatives within a multi-frame
distribution can retain temporal correlations and multimodality that are difficult to capture with a single-state prediction. The
generated segment, however, is not necessarily sampled with the probability or timescale of the underlying molecular process:
accurate denoising and structurally realistic trajectories can coexist with distorted pathway frequencies or transition durations.
Kinetic assessment therefore requires comparison of basin populations, transition probabilities, time-correlation functions and
committor structure, together with tests of continuity and dynamical stability when successive segments are connected into
longer trajectories.

4.2 Flow Matching over Trajectory Segments
Flow matching learns a time-dependent vector field that transports a simple prior toward the distribution of molecular trajectory
segments82. Because the transport path can be trained without explicitly simulating its intermediate distributions, generation
proceeds by integrating the learned field with an ODE solver and can potentially require fewer network evaluations than iterative
denoising. MDGen introduced this formulation for molecular dynamics by treating a trajectory segment as a spatiotemporal
generative object29. The subsequent model, BioMD, has adapted the same principle to more complex molecular settings,
combining hierarchical forecasting and interpolation for all-atom protein–ligand trajectories30. A second line of development
has focused on making the transport itself better matched to trajectory geometry and temporal correlations. STFlow introduces
conditioned random-walk priors and spatiotemporal graph structure67; GP-EquiFlow uses vector-valued Gaussian processes
to construct SE(3)-equivariant, temporally correlated priors69; and GSE-Flow combines equivariant flow matching with
history-aware spatiotemporal representations70. Although these formulations differ in their priors and architectures, they
generate multiple physical frames as a coupled segment, with longer trajectories obtained when needed by connecting successive
segments. Further details of flow-matching formulations are provided in Sup. S.5.2.

Like diffusion models, flow-matching generators can reproduce a joint distribution over several frames, but this does not
guarantee recovery of the physical dynamics that produced it. An additional distinction arises from the vector field itself: the
ODE coordinate parameterizes generative transport rather than molecular time, so the learned field should not be interpreted
as a molecular force or velocity. Consequently, a model may reproduce structural diversity and state populations while still
distorting temporal correlations, residence times or transition probabilities. Kinetic assessment should therefore include implied
timescales, transition probabilities, time-correlation functions and dwell-time statistics, together with tests of their stability
when finite segments are extended into longer trajectories40, 41.

4.3 Bridge-Based and Transition-Path Generation
Bridge-based and transition-path models focus on the endpoint-conditioned trajectory-segment distribution p(Xt+1:t+L−1 |
xt ,xt+L,c), describing pathways between prescribed molecular states such as bound and unbound ligand configurations, active
and inactive receptors, or folded and unfolded basins. One line of work seeks to approximate the conditioned path measure
through controlled stochastic dynamics. PIPS combines transition-path sampling with Schrödinger bridges and stochastic
optimal control to learn collective-variable-free bias policies72; Doob’s Lagrangian develops a variational approximation to the
Doob h-transform73; and TPS-DPS amortizes sampling from a target transition-path distribution through off-policy diffusion-
path training74. Related ideas can also be applied at coarser resolution, as in ScooBDoob, which combines Schrödinger bridges
and the Doob transform over MSM-defined metastable states31. A different route generates the intermediate conformations
more directly: TPS-Flow uses physics-guided endpoint-conditioned flow matching for multi-frame protein pathways75,
while DeepPath learns structural progressions between known endpoints through progressive adversarial training76. These
formulations differ in resolution and sampling procedure, but all place the transition path, rather than an unrestricted future
trajectory, at the centre of the generative task.

Endpoint conditioning narrows the path ensemble and can make rare transitions substantially easier to sample, but it also
changes the interpretation of the resulting trajectories. A conditional path distribution does not determine the equilibrium
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populations of the endpoint states or the rate at which the unconditioned system moves between them, and the sampled routes
may depend strongly on endpoint definitions, state representations, reference dynamics and imposed physical constraints.
Narrow conditioning can also exclude alternative channels, while progression along a generated path need not provide a
calibrated molecular clock. Where kinetic interpretation is intended, structural plausibility should therefore be complemented
by committor probabilities, transition-path fluxes, pathway diversity and free-energy profiles, together with comparison against
independent molecular simulations.

5. Latent-Space Dynamics and Spatiotemporal Coarse-Graining
Latent-space models seek representations in which molecular dynamics can be described more compactly or with a simpler
transition structure. Although these representations are often lower-dimensional, compression is not essential; latent variables
may instead provide stochastic, geometry-aware or otherwise structured reparameterizations of Cartesian coordinates. This
perspective cuts across the temporal formulations introduced above, because latent states can be propagated sequentially or
generated jointly over finite segments. Their interpretation nevertheless introduces an additional layer of uncertainty: the learned
representation must preserve the dynamical information of interest, and decoding must recover chemically and temporally
consistent atomistic structures. Slow collective coordinates may dominate the latent dynamics, while local packing, ligand
contacts, solvent exposure and side-chain rearrangements remain important after reconstruction.

5.1 Operator Learning: Koopman Theory and Deep MSMs
A natural use of latent representations is to describe dynamics through the evolution of probabilities or observables rather than
direct coordinate prediction. Markov state models (MSMs)41, transfer operators and Koopman formulations83 all follow this
principle. Given an encoder Eφ , a molecular state is mapped to zt = Eφ (xt ,c), after which the dynamics can be represented by a
latent transition model pθ (zt+τ | z≤t ,c) or, in the Koopman setting, by an operator Kτ satisfying (Kτ f )(zt) = E[ f (zt+τ) | zt ]
for observables f . Latent dynamics can then be formulated at different levels of resolution. DeepGenMSM models transitions
among latent metastable states and generatively maps them back to molecular conformations77. LSSs instead propagate
continuous slow coordinates learned with reversible VAMPnets and reconstruct the corresponding molecular conformations78.
GLDP further illustrates that the choice of latent representation can be separated from the propagator itself, comparing
autoregressive, Koopman and score-guided Langevin dynamics within a shared representation32. These formulations connect
learned trajectories to transition probabilities, slow modes and implied timescales without requiring dynamics to be propagated
directly in Cartesian coordinates.

The quality of these quantities, however, depends on the representation in which the dynamics are modelled. An encoder
that merges kinetically distinct states or removes variables needed for approximately Markovian evolution can yield accurate
reconstruction or short-lag prediction while distorting slow relaxation and transition pathways. Operator agreement should
therefore be tested in a common state space using kinetic observables, and conclusions drawn in latent space should, where
possible, be checked again after reconstruction into atomistic coordinates.

5.2 Generative Backmapping from Latent Kinetics
For models that generate trajectories in latent space, kinetic fidelity and atomistic reconstruction are closely coupled. A latent
process may preserve the desired slow dynamics, yet decoding can alter local geometry, molecular interactions or temporal
continuity; conversely, accurate reconstruction cannot compensate for incorrect latent kinetics. GPCRLMD generates latent
trajectory segments with flow matching before decoding them into all-atom GPCR–ligand conformations34, while DynaFold
applies diffusion to latent trajectories followed by atomistic reconstruction33. GLDP couples learned latent dynamics to an
all-atom decoder32. Related backmapping problems also arise in methods classified elsewhere by their primary temporal
formulation: PVB bridges latent and coordinate representations58, and MD-LLM-1 reconstructs molecular dynamics from
tokenized states42. Further details of latent generative model formulations are provided in Sup. S.5.3.

Compression or reparameterization can make slow dynamics easier to model, but decoding may reintroduce degrees of
freedom that were only weakly constrained in latent space. Stereochemistry, side-chain packing, ligand contacts, solvent-
mediated interactions and temporal continuity can therefore deteriorate even when the latent trajectory reproduces the intended
slow modes. Evaluation should consequently examine both kinetic observables before and after decoding and the physical
quality of the reconstructed trajectory, including local geometry, thermodynamic plausibility and continuity across successive
frames or segment boundaries.

6. Benchmarking and Critical Evaluation of Kinetic Fidelity
Evaluation of molecular trajectory models should proceed through progressively stronger levels of evidence. Frame-level
metrics test whether individual conformations are reconstructed accurately, ensemble metrics test whether the distribution of
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sampled structures is reproduced, and kinetic metrics test whether those structures are connected with the correct temporal
statistics. These levels are complementary but not interchangeable: agreement at a lower level does not by itself establish
agreement at a higher one.

6.1 From Ensemble Agreement to Trajectory Fidelity
A first level of evaluation asks whether generated conformations reproduce the structural statistics of a reference ensemble.
Existing ensemble benchmarks, such as those introduced for AlphaFlow21, combine pairwise RMSD and RMSF correlations
with Wasserstein distances in Cartesian or principal-component spaces and higher-order observables such as inter-residue
contacts, solvent exposure, and correlations between structural features. Together, these metrics assess conformational breadth,
flexibility, collective variation, and correlated structural fluctuations, and are substantially more informative than frame-wise
reconstruction error alone.

However, ensemble agreement does not establish trajectory fidelity because these observables generally do not depend on
temporal ordering. Randomly permuting the frames of a trajectory would leave its RMSF, conformational distribution, contact
frequencies, and most other ensemble statistics unchanged, while altering or destroying its autocorrelation decay, dwell times,
transition rates, and reactive pathways. In probabilistic terms, ensemble metrics primarily characterize the marginal distribution
p({xt} | c), while a trajectory model makes the stronger claim of learning a transition kernel p(xt+τ | xt ,c) or a path distribution
p(X0:T | c). This imbalance is reflected in current validation practice. Of the 41 representative trajectory models summarized in
Sup. Table 2, 39 (95%) include explicit structural evaluation, but only 14 (34%) report explicit quantitative kinetic validation;
the remainder rely on partial or indirect tests or report no kinetic evaluation.

Agreement with ensemble benchmarks should therefore be treated as necessary evidence of conformational coverage, but
not as evidence of kinetic fidelity. The appropriate evaluation also depends on the intended use of the model. Conformational
sampling requires accurate state populations and structural diversity; pathway proposal requires plausible intermediates and
alternative routes; and quantitative kinetic inference additionally requires a calibrated time mapping and transition statistics.
The following section introduces time-dependent observables for testing this stronger claim. Regardless of the intended use,
generated frames must also satisfy basic geometric and stereochemical checks before ensemble or kinetic agreement can be
considered meaningful.

6.2 Kinetic and Temporal Metrics
Once conformational coverage has been established, the stronger test is whether generated structures are connected with the
correct temporal statistics. The appropriate observables depend partly on the molecular system. Velocity autocorrelation
functions, mean-squared displacement and diffusion coefficients are informative for small molecules and materials, while
protein conformational dynamics are often analysed through metastable-state kinetics and slow collective coordinates. Markov-
state analysis therefore provides a useful common framework, complemented by representations such as TICA or VAMP40, 84.
Relevant kinetic tests include40:

• implied timescales, quantifying relaxation of slow dynamical processes;

• continuous-time transition rates, quantifying state-to-state kinetics;

• dwell-time distributions, measuring persistence within metastable states;

• mean first-passage times, measuring the average time required to first reach a target state;

• TICA autocorrelation functions, measuring relaxation along shared slow coordinates;

• Chapman–Kolmogorov consistency, testing whether short-lag dynamics predict longer-time evolution; and

• committor probabilities and reactive fluxes, characterizing transition progress and dominant pathways.

For these comparisons to reflect differences in dynamics rather than differences in representation, reference and generated
trajectories should be analysed in the same dynamical state space. Let xn denote the conformation at frame n, separated by
∆t, and assign each frame to a metastable state sn = g(xn) ∈ {1, . . . ,M}. The mapping g, including input features, TICA or
VAMP projection, clustering and state definitions, should be constructed from the reference data and then applied unchanged
to generated trajectories, as adopted in recent kinetic evaluations of trajectory generators71. A model may reproduce the
occupancy of these states while still assigning incorrect transition probabilities, dwell times or relaxation times, making
temporal ordering essential to the comparison. Quantitative kinetic interpretation additionally requires a calibrated physical
interval ∆t; coordinate-only paths without such calibration can support pathway analysis, but not direct estimates of rates or
timescales. Detailed definitions of these metrics are provided in Sup. S.6.
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6.3 Current Datasets and the Need for Dynamic Benchmarks
Available trajectory resources cover three broad dynamical regimes. Small-molecule datasets such as MD17 and MD22 provide
high-quality trajectories for force learning and geometric prediction, but offer limited access to rare biomolecular events85, 86.
Protein datasets span conformational fluctuations, folding and slow collective motions, from large-scale resources such as
ATLAS and mdCATH to the longer DESRES and Anton trajectories that remain particularly valuable for kinetic analysis1, 8, 87, 88.
A third group targets interaction-driven dynamics, including protein–ligand and membrane systems represented by MISATO,
DD-13M, MemProtMD, and GPCRmd61, 89–91. Broader repositories such as MDRepo and DynaRepo complement these
curated datasets by collecting trajectories across systems and simulation protocols92, 93. Their scope and simulation settings are
summarized in Table 2.

Table 2. Selected public molecular-dynamics datasets, trajectory repositories, and MD-derived conformational resources
relevant to molecular trajectory modelling.

Dataset Molecular scope Scale / duration Protocol snapshot Use case

MD17 / MD22 85, 86 Molecular and
supramolecular
systems

Original MD17: 8 systems, ∼
105–106 conformations per molecule;
MD22: 7 systems, ∼5k–85k systems

DFT-based ab initio MD with energy/force labels;
MD17: PBE+vdW-TS, 500 K, 0.5 fs; MD22:
PBE+MBD, 400–500 K, 1 fs

Force learning; tra-
jectory benchmarks

DESRES fast-folding 8 Fast-folding proteins 12 proteins; 100 µs–1 ms/system;
∼8.2 ms aggregate

Anton all-atom explicit-solvent MD; CHARMM22*
with modified TIP3P; protein-specific temperatures

Folding kinetics

Shaw2010 1 Small proteins FiP35: 2×100 µs; BPTI: 1 ms Anton long-timescale all-atom explicit-solvent MD;
system-specific Amber force fields, water models, and
temperatures

ms dynamics

ATLAS 87 Protein monomers Main set: 1,390 chains; 4,170 trajec-
tories; 3×100 ns/chain; 417 µs

GROMACS; CHARMM36m/TIP3P; 0.15 M NaCl; 300
K; three independent 100 ns replicas

Monomer dynam-
ics

DynamicPDB 94 Protein monomers 12,643 protein chains; 1 µs/chain; 1
ps output interval

OpenMM; Amber ff14SB/TIP3P; 0.15 M NaCl; 300 K;
1 fs; coordinates and physical properties every 1 ps

Dynamics pretrain-
ing

mdCATH 88 CATH domains 5,398 domains; 134,950 trajecto-
ries; > 62 ms aggregate; mean 464
ns/trajectory

CHARMM22*/TIP3P; 0.15 M NaCl; 5 temperatures
(320–450 K) × 5 replicas; coordinates and forces every
1 ns

Domain pretraining

ProteinConformers 95 Protein conformers 87 CASP14/15 targets; 40,387 seed
decoys; 381,546 MD-refined confor-
mations

Short all-atom MD refinement of structural decoys; 125–
375 ps unrestrained runs; snapshots every 25 ps

Landscape diver-
sity

DynaRepo 93 Proteins and macro-
molecular complexes

∼450 complexes + ∼270 single
chains; mostly 3×500 ns/system; >
1.1 ms aggregate

Standard protein protocol: GROMACS 2024.2;
CHARMM36m/TIP3P; 0.15 M NaCl; 310 K NPT; 2
fs; coordinates every 100 ps; nucleosome subset uses a
distinct protocol

Curated MD reuse

MISATO 89 Protein–ligand com-
plexes

16,972 complexes; 10 ns simu-
lated/complex; 8 ns retained (100
snapshots); ∼170 µs simulated

Amber20; ff14SB protein, GAFF2 ligand, TIP3P; 300
K NVT; first 2 ns discarded and final 8 ns retained

Pocket dynamics

Octapeptides 23 8-residue peptides 1,100 peptides; 5 new 1 µs
runs/system; 8.0 ms aggregate
including original data

Amber ff99SB-ILDN; explicit TIP3P; 0.1 M NaCl; 300
K, 1 bar; 4 fs production timestep

Peptide ensembles

CATH1 23 Selected CATH do-
mains

50 domains; 100 µs/domain in new
simulations; 5.2 ms total including
original data

Amber ff99SB-ILDN; explicit TIP3P; 300 K; adaptive
sampling with 1–5 µs trajectories

Long domain dy-
namics

CATH2 23 Broad CATH domains 1,040 domains; ∼39 µs/domain; 41.0
ms aggregate

Amber ff99SB-ILDN; explicit TIP3P; 300 K; adaptive
sampling with 1 µs trajectory segments

Broad pretraining

ManyPeptidesMD 96 2–8 AA peptides 21,700 training peptides; 200
ns/system (4.34 ms aggregate);
evaluation: 5 µs/system

OpenMM; Amber14/OBC1 implicit solvent; 310 K; 1
fs Langevin dynamics; positions/velocities every 1 ps
(train) and 10 ps (validation/test)

Peptide samplers

GPCRmd91, 97 GPCR monomers and
complex

190 experimental structures; 371 sys-
tems (181 holo + 181 matched apo +
9 apo-only); 3×500 ns/system; 556.5
µs total

POPC/TIP3P; 0.15 M NaCl; CHARMM36 (July 2020),
CGenFF/ParamChem for ligands; ACEMD3; 310 K
NVT; 4 fs; three independent 500 ns replicas

GPCR signalling

MemProtMD 90, 98 Membrane proteins 2015 release: 2,294 structures iden-
tified, 2,219 completed 1 µs CGMD
simulations; current database >8,000
structures

MARTINI coarse-grained membrane self-assembly;
100 ns initial insertion + 900 ns extension; final CG
frame backmapped to atomistic resolution

Membrane dynam-
ics

MDRepo 92 Public protein MD Initial imports: 2,798 ATLAS + 1,457
GPCRmd simulations; community
repository continues to grow

No uniform simulation protocol; force fields, sol-
vents, temperatures, and trajectory lengths are source-
dependent; metadata retained per entry

Public MD reuse

DD-13M 61 Ligand dissociation 565 complexes; 26,612 dissociation
trajectories; 12.79M frames; median
21.8 ps/trajectory

Regular metadynamics; 50 parallel runs/complex with
different seeds; 3D ligand COM coordinates (x,y,z)
used as CVs; coordinates recorded every 0.1 ps

Unbinding paths

Note: Aggregate simulation times are rounded. Counts for evolving repositories such as ATLAS, DynaRepo, GPCRmd, MemProtMD, and MDRepo refer to
publication or release snapshots and may increase over time. ProteinConformers is an MD-refined conformational benchmark rather than a conventional
long-timescale equilibrium trajectory dataset. MD17/MD22 were originally developed primarily as energy/force-learning benchmarks but are also widely used
for geometric trajectory prediction.

This diversity is useful for training, but complicates benchmarking. Force fields, solvent models, temperatures, protonation
states, sampling schemes and saved frame intervals define different dynamical processes, so trajectories from different sources
cannot always be treated as samples from the same underlying distribution. Large pooled datasets may consequently improve
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structural coverage while blurring state populations or transition statistics. Dynamic benchmarks should therefore preserve
simulation metadata, separate train and test sets by both molecular identity and dynamical event, and distinguish interpolation
within sampled basins from transitions into previously unseen regions of conformational space. For kinetic evaluation in
particular, reference trajectories must also be sufficiently long and statistically rich to support the time-dependent observables
discussed in Section 6.2.

7. Discussion and Practical Guidance
The rapid development of molecular trajectory models has expanded the range of paths and conformational changes that
can be proposed computationally. However, the interpretation of these outputs depends on what the model has learned, how
its training data were generated, and which observables have been validated. Three distinctions are particularly important:
an ordered sequence of plausible structures is not necessarily a calibrated dynamical trajectory; interpolation within the
sampled data distribution is not evidence of generalization across the potential-energy landscape; and acceleration relative to
molecular dynamics does not imply that the generated path can replace physics-based estimation of thermodynamic or kinetic
quantities. We therefore discuss how kinetic evidence should be interpreted under finite sampling and heterogeneous simulation
protocols, and provide practical guidance on how trajectory models can be combined with molecular dynamics in simulation
and drug-discovery workflows.

7.1 What Constitutes Kinetic Evidence?
Kinetic interpretation requires more than a plausible ordering of molecular structures. Smooth transitions, realistic intermediates
and agreement with known endpoint conformations can support the plausibility of a pathway, but they do not establish that
successive frames correspond to a calibrated molecular timescale. This becomes consequential when generated trajectories
are used to infer transition rates, residence times or relaxation processes, for which both temporal ordering and the mapping
between generated steps and physical time must be supported by time-dependent observables.

The level of validation should therefore follow the intended use of the trajectory. For pathway discovery, recurrent
intermediates or alternative transition routes may already provide useful hypotheses for subsequent simulation or experiment.
Quantitative kinetic claims require stronger evidence, including consistency with the temporal observables discussed in
Section 6.2 and, where relevant, a validated molecular clock. Generated trajectories can consequently remain useful even when
this level of calibration has not been reached, provided that pathway hypotheses are distinguished from estimates of physical
kinetics.

7.2 Finite Sampling and the Limits of Generalization
Finite sampling limits both what trajectory models can learn and how reliably their dynamics can be evaluated. Typical MD
training data contain abundant local fluctuations but relatively few barrier-crossing events, leaving slow transitions weakly
represented during learning. The same limitation applies to the reference trajectories used for validation: estimates of transition
probabilities, implied timescales and dwell times become uncertain when metastable states are visited only a few times, and
Chapman–Kolmogorov tests may be inconclusive when the underlying transition statistics are poorly sampled. A generated
transition that is absent from the reference data is consequently difficult to interpret; it may reflect an unphysical extrapolation,
but it may also correspond to a rare event missed by the finite simulation.

Kinetic benchmarks are therefore most informative for systems with long trajectories, repeated transitions or multiple
independent replicas, such as well-sampled fast-folding systems and long-timescale Anton simulations1, 8. The reference data
should themselves support stable state populations and transition estimates across relevant lag times, with transition counts and
uncertainty reported where possible to separate model error from sampling noise. For generated pathways that extend beyond
events observed in the reference trajectories, independent MD, targeted sampling or experimental evidence is more informative
than treating a finite simulation as an exhaustive ground truth.

7.3 Force-Field Heterogeneity and Protocol Dependence
Heterogeneous trajectory collections need not be avoided, but their role in model development should be defined more carefully
than for static structural data. Mixing simulations generated under different physical models may be useful for learning
transferable representations of molecular geometry and motion, yet the resulting model does not automatically inherit a single
well-defined kinetic interpretation. This becomes particularly important for time-coarsened prediction, because the same
nominal lag time can correspond to different transition statistics under different force fields, thermostats or sampling protocols.
A model can therefore reproduce conformational diversity or MD-like paths within its training distribution without acquiring a
transferable molecular dynamics. Evidence for simulator-like behaviour would require preservation of thermodynamic and
kinetic observables on unseen systems, together with consistent responses to changes in temperature, solvent, ionic conditions
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or molecular composition. Such validation remains limited, leaving current trajectory models better viewed as proposal and
acceleration tools than as general replacements for physics-based simulation.

A practical strategy is therefore to separate broad representation learning from kinetic calibration. Diverse trajectories can
support pretraining or structural generalization, followed by fine-tuning on data generated under a consistent physical regime
when quantitative dynamics are required. If several simulation regimes are retained during training, force-field and protocol
information can instead be provided explicitly as conditioning variables, with kinetic performance evaluated separately for each
regime. Enhanced-sampling trajectories require additional caution because their temporal progression generally cannot be
placed on the same molecular clock as unbiased MD without an appropriate correction or reweighting procedure. The physical
meaning assigned to a generated trajectory should ultimately remain tied to the simulation regime from which its dynamical
supervision was learned.

7.4 Drug Discovery: From Trajectory Proposal to Physical Validation
In AI-assisted drug discovery, molecular dynamics can serve as a structural and dynamical filter between computational design
and experiment. Rather than relying on a predicted complex alone, MD can test whether the proposed binder remains associated
with the receptor, whether key interactions persist, and how the surrounding protein adapts during simulation. NeoPep,
for example, uses explicit-solvent MD to assess AI-designed peptide candidates99, while AnewOmni evaluates generated
biomolecular complexes through structural deviations and interaction persistence100. Similar workflows use MD-derived
stability to examine AI-prioritized small molecules, as in 5F-MDL101, with automated frameworks such as DynaMate aiming
to scale these simulation and analysis steps102. In this setting, MD helps reduce a large computational candidate set to a smaller
group with stronger physical support before downstream experimental characterization.

Trajectory AI models could add a dynamic screening stage before this physical validation. Rather than evaluating only a
single predicted complex, they can propose alternative binding modes, induced-fit rearrangements, receptor conformational
responses, transient intermediates, and ligand association or dissociation pathways. Such predictions are particularly useful
when activity depends on conformational change or binding kinetics that cannot be inferred reliably from a static pose.
Generated trajectories can then be used to rank dynamic hypotheses, select initial conformations for enhanced sampling, and
identify contacts or collective motions that should be monitored. In this role, trajectory generation broadens the range of
dynamical mechanisms considered during screening, while MD and experiment determine which proposals remain physically
and functionally supported. As these models become more reliable, their speed could make such dynamic screening feasible
across substantially larger candidate sets than can be examined routinely with classical MD alone.

7.5 When to Use AI and When to Use Molecular Dynamics
Classical MD remains the more appropriate choice when the objective is a quantitatively calibrated thermodynamic or kinetic
observable under a specified physical model. Quantities such as binding free energy ∆G, equilibrium populations, diffusion
coefficients and the dissociation rate constant koff cannot generally be inferred from a plausible binding pose or transition
pathway alone. Physics-based simulation is also preferable when predictions depend sensitively on solvent, ions, protonation,
polarization or other conditions poorly represented in the training distribution. Its main constraint is computational cost: with a
2-fs timestep, a 100-ns trajectory requires approximately 5×107 integration steps and, for an explicit-solvent biomolecular
system of roughly 105 atoms, can require on the order of hours on a modern GPU103. Direct sampling of slower rare events
therefore remains difficult at screening scale.

Trajectory models offer a different trade-off by amortizing this cost across many predictions. Once trained, they can rapidly
generate alternative conformations or pathways and thereby broaden the set of hypotheses considered before physical validation.
MDGen, for example, generated a 100-ns-equivalent tetrapeptide trajectory in approximately 60 GPU-s, compared with about 3
GPU-h for the corresponding MD simulation29; such comparisons are system dependent but illustrate the potential gain in
sampling throughput. In practice, the balance between AI and MD should follow the strength of the intended claim: rapid
proposal and prioritization can rely more heavily on learned models, whereas estimates of thermodynamic or kinetic quantities
require physics-based validation. Between these extremes, generated structures can seed MD or enhanced sampling, and
simulation feedback can in turn refine or redirect subsequent generation. Table 3 summarizes these complementary modes of
use.

8. Outlook: Toward Calibrated Molecular Dynamics Models
The next stage of molecular trajectory modelling will require progress along two related axes. Models must generate longer and
more diverse trajectories without accumulating structural or dynamical errors, while also becoming more tightly coupled to
physical simulation and experimental measurements. The objective is not simply to produce longer molecular movies, but to
extend the range of systems and timescales for which generated paths support testable mechanistic or quantitative conclusions.
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Table 3. Decision framework for choosing between AI trajectory models and traditional molecular simulation. Computational
costs represent approximate orders of magnitude rather than standardized benchmarks.

Scientific objective Primary bottleneck Preferred workflow Typical MD cost AI role / cost

Rare-event pathway discov-
ery104, 105

Barrier crossing AI → MD validation µs–ms Candidate paths (seconds–minutes)

Equilibrium conformational sam-
pling23

Basin coverage AI + MD 0.1 µs–ms Rapid exploration (seconds–
minutes)

Ligand or mutant screening106, 107 Throughput AI → MD/FEP 10–100 ns per candidate Pre-screening (seconds–minutes per
batch)

Binding free-energy estima-
tion106, 107

Thermodynamic conver-
gence

MD/FEP 10–100 ns per transfor-
mation

Pose/state proposal; no direct ∆G

Residence-time estimation105, 108 Rare-event kinetics MD or enhanced sampling µs–ms Path proposal; no direct rate
Mechanistic interpretation109, 110 Physical validation AI → MD/experiment 0.1–10 µs Hypothesis generation (seconds–

minutes)

Notes: AI → MD denotes a sequential workflow in which AI-generated candidates are subsequently validated by MD, free-energy calculations, or
experiments. AI + MD denotes iterative coupling in which MD results guide successive AI proposals. MD cost refers to aggregate simulated physical time.
For reference, 100 ns of explicit-solvent all-atom MD for a system of approximately 105 atoms commonly requires wall-clock time on the order of 10 h on a
single modern GPU103. AI costs exclude training and downstream physical validation.

8.1 Foundation Models and Closed-Loop Experimental Coupling
A long-term goal for molecular trajectory modelling is a foundation model that transfers across proteins, ligands, chemical
environments and dynamical processes. Such transfer is unlikely to follow from model scaling or dataset aggregation alone,
because trajectory data also encode the force fields, simulation protocols and regions of conformational space from which
they were generated. A broadly transferable model will need to separate recurrent features of molecular dynamics from
protocol-specific effects, recognize predictions that extend beyond the dynamical support of its training data, and account for
changes in solvent, ions, temperature, pressure or membrane composition. Progress towards more general molecular simulators
will therefore depend on treating these environmental variables explicitly or through physically calibrated conditioning, rather
than tying the learned dynamics to a single simulation regime.

One route toward this broader transfer and calibration is to couple generation more closely to physical simulation. Proposed
conformational jumps, transition intermediates or rare pathways can be examined by short MD simulations, enhanced sampling
or energy evaluation, with the resulting information used to refine subsequent predictions. Experimental measurements
provide complementary constraints at different structural and temporal resolutions, including time-resolved cryo-EM111,
single-molecule FRET112, NMR relaxation113–115, hydrogen–deuterium exchange116, and kinetic binding measurements117.

Simulation and experiment could in this way become conditioning signals or constraints within the generative process
beyond their role as downstream validation tools. Each measurement provides an incomplete view of molecular motion, but
their combination can restrict the range of admissible atomistic pathways and favour mechanistic hypotheses that remain
compatible with observed dynamics.

8.2 Cross-Disciplinary Routes to Long-Horizon Generation
Long-horizon molecular trajectory generation shares an important challenge with long-form video and world models: small
prediction errors can accumulate over repeated generation and progressively erode long-range consistency. Recent advances in
these fields therefore offer several useful design principles for molecular trajectories, including long-context memory118, 119,
rollout-aware generation120–123, global–local temporal modelling124, 125, and context compression or sparse attention126, 127.
Adapted to molecular systems, these strategies could help retain information across extended trajectories, reduce rollout drift
and preserve long-range temporal structure, while the additional requirements of thermodynamic and kinetic fidelity introduce
constraints beyond temporal coherence alone.

Long-range consistency could also be combined with explicit guidance over which regions of path space are explored.
Preference-based and physically guided generation, drawing on ideas from reinforcement learning from human feedback and
direct preference optimization128, 129, has begun to appear in diffusion, flow-based and molecular generative models24, 130–133.
For molecular trajectories, such signals could encode stereochemical validity, energetic compatibility, preservation of key
contacts, progress toward a rare event58, committor-like scores or agreement with experimental restraints. Combined with
long-context modelling, this guidance could stabilize extended rollouts while directing sampling toward ligand unbinding,
receptor activation or folding transitions that are poorly represented in finite MD data. Because the guidance itself changes the
generated path distribution, however, these trajectories should be interpreted as biased mechanism proposals unless they can be
reweighted, refined through physics-based simulation or validated experimentally.
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8.3 From Trajectory Generators to Perturbation-Aware Simulators
An important next step is to move beyond reproducing dynamics under a single fixed condition and ask how molecular behaviour
changes under perturbation. In drug discovery and mechanistic studies, such perturbations include ligand substitution, mutation,
protonation state and thermodynamic conditions, all of which can reshape metastable populations, transition pathways and
kinetic observables. Models that capture these changes would offer a more informative notion of transfer than reproducing
held-out trajectories from the same physical regime. Recent work on temperature-controllable generative sampling and
transferable transition operators suggests that conditional dynamics of this kind may be tractable53, 134, although evaluation will
need to focus on whether the induced changes in populations, rates and relaxation processes are reproduced correctly.

A second opportunity is to make accelerated trajectory generation statistically correctable. Many current generators can
propose molecular paths efficiently, but their samples are not associated with an explicit correction to the path probability of a
target dynamics, which limits quantitative interpretation. Accept–reject schemes, likelihood ratios and path-space reweighting
offer possible routes to connect fast learned proposals with a defined physical ensemble. TimeWarp illustrates this idea through
Metropolis correction of learned molecular transitions25, while path-reweighting methods provide related machinery for biased
dynamical ensembles135. Bringing such corrections into modern trajectory generators would make it possible to quantify, and
in favourable settings reduce, the thermodynamic or kinetic bias introduced by accelerated generation.

9. Conclusions
Predictive and generative trajectory models are moving biomolecular modelling beyond static conformational ensembles
toward learned dynamical processes. Across sequential predictors, trajectory-segment generators and latent-space models,
their value lies in broadening the conformations and mechanisms that can be proposed and tested. The interpretation of these
trajectories must nevertheless follow the strength of the evidence: structural plausibility and ensemble coverage can support
exploration, whereas quantitative dynamics require validated transition statistics, thermodynamic consistency and a calibrated
molecular clock. With such evidence still limited across molecular systems and physical conditions, current trajectory models
are better regarded as learned surrogates of MD than as general molecular simulators; robust kinetic fidelity and transfer across
environments remain central requirements for broader quantitative use.

Progress will depend on better characterized trajectory data, explicit treatment of simulation conditions and uncertainty,
and closer coupling to physics-based simulation and experiment. These advances could make trajectory models more useful
for prioritizing mechanisms, directing simulation effort and extending dynamic screening in drug discovery. The longer-term
opportunity is to move from plausible molecular paths toward models whose generated trajectories remain transferable across
conditions and can, where sufficiently validated, support quantitative dynamical inference.
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Supplementary Figure 1. Taxonomy of trajectory-generation strategies and representative methods. Methods follow the
organization used in the main text and Supplementary Table 1. Asterisks (*) denote path-based methods whose path-level
formulation does not necessarily imply parallel frame generation; daggers (†) denote methods that combine mechanisms from
more than one category and are placed according to their primary role.

S.1 More Details of the related work
S.1.1 Time-Coarsened Transition-Kernel-Methods
Time-coarsened transition models learn a stochastic propagator pθ (xt+τ | xt ,c) at a lag time τ that is substantially larger than the
numerical integration step used in classical molecular dynamics. Repeated application of this kernel produces an autoregressive
trajectory and, in principle, replaces many short force-based updates with a single learned transition. TimeWarp combines a
conditional normalizing-flow proposal with a Metropolis–Hastings correction to improve equilibrium consistency25. Meanwhile,
EquiJump learns equivariant coarse-time transitions through stochastic interpolation43. TEMPO explicitly separates slow and
fast molecular modes within a time-coarsened autoregressive formulation44. UnbindingFlow uses flow matching for predicting
dissociation pathways61 frame by frame. Other diffusion- and flow-based models such as ITO52, PLaTITO53, F3low54 and
DeepJump55, also belong to this family when their primary output is a future state or finite-lag transition rather than a coupled
multi-frame segment. In particular, Implicit Transfer Operator (ITO) learning parameterizes conditional transition densities at
multiple lag times using equivariant diffusion models52. PLaTITO augments ITO with protein language-model embeddings to
improve cross-protein generalization while retaining finite-lag transition prediction and iterative rollout53. F3low similarly
learns a frame-to-frame transition using guided flow matching and constructs coarse-grained trajectories through autoregressive
sampling conditioned on the preceding frame54. DeepJump55 uses conditional flow matching to learn protein conformational
transitions over multiple jump times, while UniSim56 uses stochastic interpolants with force guidance to learn transferable
time-coarsened state transitions across molecular domains.

S.1.2 Diffusion Models for Trajectory Segments
Trajectory diffusion models treat multiple temporally ordered conformations as a coupled generative object. Dynamics diffusion
provides an early example by applying denoising diffusion directly to molecular trajectory segments, enabling both unconditional
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trajectory generation and rare-event sampling62. PTraj-Diff applies SE(3)-parameterized diffusion to protein and protein–
protein complex trajectories63; GeoTDM learns temporal distributions over geometric trajectories using equivariant diffusion
kernels and temporal attention65; and AlphaFolding uses four-dimensional diffusion to generate multi-step all-atom protein
trajectories with reference and motion guidance64. BioKinema extends spatiotemporal diffusion to continuous-time all-atom
biomolecular trajectories and combines coarse forecasting with interpolation for long-horizon generation71. EGInterpolator
combines diffusion-based structure pretraining with a temporal interpolation module trained on MD trajectories, supporting
unconditional generation, forward simulation, and endpoint-conditioned trajectory interpolation across molecular systems
66. DynaMode takes a complementary spectral approach, applying diffusion to discrete-cosine-transform representations of
finite protein trajectories and inverse-transforming generated spectral volumes into temporally ordered conformations68. This
representation provides an inductive bias for separating slow conformational modes from faster local fluctuations. Overall,
these methods differ from state-transition diffusion models in that the diffusion variable contains multiple physical frames,
allowing temporal correlations within a finite-horizon trajectory segment to be modelled jointly.

S.1.3 Flow Matching over Trajectory Segments
Flow matching provides a simulation-free objective for learning deterministic, time-dependent vector fields that transport
a simple prior distribution to the distribution of molecular trajectory segments82. At inference, samples are generated by
integrating the learned field with an ODE solver, potentially requiring fewer neural-network evaluations than iterative stochastic
denoising and thereby enabling efficient trajectory-segment generation. MDGen provides an early general formulation of this
approach by representing an entire trajectory segment as a spatiotemporal array and generating it using a stochastic-interpolant
flow model29. BioMD extends segment-level flow matching to all-atom protein–ligand trajectories through hierarchical
forecasting and interpolation30. These methods illustrate the extension of trajectory-level flow matching from general protein
dynamics toward all-atom biomolecular complexes and longer-horizon generation. More recent methods further incorporate
trajectory-aware priors, temporal structure, and geometric symmetries into the generative transport. STFlow introduces
data-coupled flow matching with conditioned random-walk priors and spatiotemporal graph architectures to model geometric
trajectory distributions67. GP-EquiFlow constructs SE(3)-equivariant, temporally correlated priors from observed trajectories
using vector-valued Gaussian processes69, whereas GSE-Flow combines SE(3)-equivariant flow matching with history-aware
spatiotemporal representations to jointly generate future trajectory segments70. In each case, multiple frames are coupled within
a generated segment, although longer trajectories may still be constructed through autoregressive extension across successive
segments.

S.1.4 Bridge-Based and Transition-Path Generation
Bridge-based and transition-path models specialize trajectory-segment generation p(Xt+1:t+L−1 | xt ,xt+L,c) to pathways
connecting prescribed molecular states. PIPS connects transition-path sampling with Schrödinger bridges and stochastic
optimal control, learning collective-variable-free neural bias policies for sampling rare molecular transitions72. Doob’s
Lagrangian learns a variational approximation to the Doob h-transform for endpoint-conditioned dynamics73, and TPS-DPS
formulates transition-path generation as amortized sampling from a target path distribution using off-policy diffusion-path
training 74. ScooBDoob combines Schrödinger bridges with Doob’s h-transform in an MSM-based state space 31. TPS-Flow
uses physics-guided, endpoint-conditioned flow matching to generate multi-frame conformational paths between predefined
protein states 75, and DeepPath uses progressive adversarial learning to predict intermediate conformations connecting known
endpoint structures76.

These methods share a path-level objective but differ in how paths are sampled. PIPS, Doob’s Lagrangian, and TPS-DPS
approximate conditioned path measures through controlled stochastic dynamics and therefore generate paths sequentially. TPS-
Flow and DeepPath generate multiple intermediate conformations directly, and ScooBDoob operates on coarse metastable-state
paths. Their common feature is that the transition path itself is the primary generative object.

S.1.5 Latent-Space Dynamics and Spatiotemporal Coarse-Graining
GLDP explicitly compares transition operators in a learned latent space32, and MARS-FM places generative modelling on top
of MSM-defined states45. GPCRLMD34 generates latent trajectory segments for GPCR–ligand complexes with flow matching
and decodes the latent frames to all-atom conformations; DynaFold generates latent trajectories by diffusion before atomistic
reconstruction33; GLDP decodes learned latent dynamics to all-atom coordinates32; PVB learns variational bridges over latent
and coordinate representations58; and MD-LLM-1 reconstructs dynamics from tokenized molecular states42.

S.2 Sampling Efficiency Comparison
Because reported wall-clock speedups are difficult to compare across molecular systems, hardware, trajectory strides, and
post-processing protocols, we summarize sampling efficiency in Supplementary Table 1 using architecture-level cost proxies.
Specifically, we distinguish frame-to-frame generation from joint generation of trajectory blocks, indicate whether autoregressive
rollout or iterative diffusion/flow sampling is required, and report the resulting scaling with trajectory length. Here, n denotes the
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total number of generated frames, b the number generated jointly in one block, and K the number of diffusion- or flow-sampling
iterations.

The comparison highlights a basic trade-off between sequential generation and temporal parallelism. Frame-wise predictors
typically scale as O(n) or O(nK), while trajectory-segment generators can amortize iterative sampling across b jointly generated
frames, giving an approximate cost of O(nK/b). Path-level modelling does not, however, imply parallel frame generation:
several bridge-based methods define distributions over complete paths but still sample them sequentially. These proxies are
therefore intended to compare generation strategies rather than absolute runtime, which also depends strongly on model size,
molecular system, hardware, and any downstream refinement or correction.

S.3 Details of MD Datasets
Current trajectory resources cover several distinct regimes rather than a single benchmark setting. Small-molecule datasets
such as MD17 and MD22 provide high-quality quantum or near-quantum trajectories and remain useful for force learning and
geometric trajectory prediction, but their limited system size and timescale offer little access to rare biomolecular transitions85, 86.
Protein monomer and peptide datasets span a broader range of conformational dynamics. ATLAS provides standardized
all-atom trajectories across representative proteins87, while DynamicPDB and mdCATH increase the scale and diversity of
available simulations88, 94. Dense peptide resources such as ManyPeptidesMD support large-scale sampler training96, whereas
the DESRES fast-folding set and long Anton trajectories remain particularly useful for kinetic evaluation because they contain
repeated transitions or unusually long dynamical events1, 8. ProteinConformers serves a different purpose, emphasizing coverage
of conformational landscapes rather than long equilibrium trajectories95.

Protein–ligand and membrane systems add binding, dissociation, and environment-dependent dynamics that are largely
absent from monomer benchmarks. MISATO provides simulated protein–ligand complexes89, DD-13M concentrates on
ligand-dissociation pathways61, and GPCRmd and MemProtMD extend trajectory resources to membrane proteins and receptor
signalling90, 91, 98. Cross-system repositories such as MDRepo and DynaRepo complement these curated datasets by organizing
trajectories generated under a wider range of simulation protocols92, 93. Table 2 summarizes their molecular scope, scale and
simulation conditions.

S.4 Validation Coverage of Representative Molecular Trajectory Generation Models
Supplementary Table 2 summarizes the validation coverage of representative trajectory models across four levels: structural
fidelity, thermodynamic fidelity, kinetic fidelity, and application-level validation. Structural evaluation includes geometric
and conformational metrics such as RMSD, distance distributions, and contact recovery; thermodynamic evaluation considers
ensemble populations, free-energy landscapes, or related equilibrium observables; and kinetic evaluation requires time-
dependent quantities such as transition probabilities, implied timescales, first-passage times, or autocorrelation functions.
Application-level validation records whether the generated trajectories were further examined in biologically relevant processes
such as folding, conformational transitions, ligand binding, or unbinding.

The comparison reveals an uneven validation landscape. Structural fidelity is evaluated by most methods, and thermodynamic
tests are increasingly common, but explicit kinetic validation remains substantially less widespread. Importantly, the table
reports validation coverage rather than model performance: a filled circle indicates that a quantitative test was performed, not
that the corresponding method necessarily achieved better agreement with reference dynamics.

S.5 Formulation of the Trajectory Generative models
S.5.1 Trajectory Segment Generation with Diffusion Model
Throughout this section and sec S.5.2, t indexes physical trajectory frames, whereas s ∈ [0,1] denotes an artificial generative
time step used by diffusion or flow models.

Let X = Xt+1:t+L denote a reference trajectory segment. In the continuous-time formulation of score-based diffusion, a
forward stochastic differential equation gradually transforms the trajectory distribution into a tractable prior136:

dYs = f (Ys,s)ds+g(s)dWs, Y0 = X , s : 0 → 1, (1)

where f and g denote the drift and diffusion coefficients, respectively, Ws is a standard Wiener process, and Ys is the evolving
spatiotemporal tensor. The coefficients are chosen such that the terminal distribution p1(Y ) is close to a simple prior, typically
a Gaussian distribution. Here, Ys retains the full spatiotemporal dimensions of the trajectory segment, so the diffusion process
perturbs the segment as a coupled random object rather than independently generating one physical frame at a time.

The corresponding reverse-time process is also an SDE:

dYs =
[

f (Ys,s)−g2(s)∇Ys log ps(Ys | c)
]

ds+g(s)dW s, s : 1 → 0. (2)
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Supplementary Table 1. Qualitative comparison of trajectory-generation strategies. Methods are grouped according to the
taxonomy in Fig. 3. Here, n denotes the total number of generated trajectory frames, b denotes the number of frames generated
jointly in one block, and K denotes the number of diffusion- or flow-sampling iterations. Method references follow Table 1.

Model Frame-to-frame Batch frames Autoregressive Diffusion/flow
iterations

Scaling with trajectory
length

Sequential predictive models
Time-coarsened transition kernels & sequence forecasting

TimeWarp25 ✓ − − − ∼ O(n)
ITO52 ✓ − − ✓ ∼ O(nK)

PLaTITO53 ✓ − ✓ ✓ ∼ O(nK)

EquiJump43 ✓ − − − ∼ O(n)
TEMPO44 ✓ − ✓ − ∼ O(n)
F3low54 ✓ − ✓ ✓ ∼ O(nK)

DeepJump55 ✓ − ✓ ✓ ∼ O(nK)

UniSim56 ✓ − − ✓ ∼ O(nK)

PVB58 ✓ − ✓ ✓ ∼ O(nK)

UnbindingFlow61 ✓ − ✓ ✓ ∼ O(nK)

ConfRover26 ✓ − ✓ ✓ ∼ O(nK)

STAR-MD27 ✓ − ✓ ✓ ∼ O(nK)

MD-LLM-142 ✓ − ✓ − ∼ O(n)
State-space models and graph-based rollouts

ATMOS28 ✓ − ✓ ✓ ∼ O(nK)

MARS-FM45 − ✓ − ✓ ∼ O(nK/b)
TrajCast46 ✓ − ✓ − ∼ O(n)
DiffMD47 ✓ − − ✓ ∼ O(nK)

NeuralMD51 ✓ − − − ∼ O(n)
GGND48 ✓ − − ✓ ∼ O(nK)

Trajectory-segment generative models
Diffusion models

DynamicsDiffusion62 − ✓ − ✓ ∼ O(nK/b)
GeoTDM65 − ✓ − ✓ ∼ O(nK/b)
PTraj-Diff63 − ✓ − ✓ ∼ O(nK/b)
AlphaFolding64 − ✓ − ✓ ∼ O(nK/b)
DynaMode68 − ✓ − ✓ ∼ O(nK/b)
BioKinema71 − ✓ ✓ ✓ ∼ O(nK/b)

Flow matching
MDGen29 − ✓ − ✓ ∼ O(nK/b)
BioMD30 − ✓ ✓ ✓ ∼ O(nK/b)
STFlow67 − ✓ − ✓ ∼ O(nK/b)
GP-EquiFlow69 − ✓ − ✓ ∼ O(nK/b)
GSE-Flow70 − ✓ − ✓ ∼ O(nK/b)

Bridge-based and transition-path generation
PIPS*72 ✓ − ✓ − ∼ O(n)
Doob’s Lagrangian*73 ✓ − ✓ − ∼ O(n)
TPS-DPS*74 ✓ − ✓ − ∼ O(n)
TPS-Flow75 − ✓ − ✓ ∼ O(nK/b)
DeepPath76 − ✓ − − ∼ O(n/b)
ScooBDoob31 − ✓ − ✓ ∼ O(nK/b)

Latent-space dynamics
Operator learning and deep MSMs

DeepGenMSM77 ✓ − − − ∼ O(n)
LSS78 ✓ − − − ∼ O(n)
GLDP32 ✓ − ✓ − ∼ O(n)

Generative backmapping
GPCRLMD34 − ✓ − ✓ ∼ O(nK/b)
DynaFold†33 − ✓ − ✓ ∼ O(nK/b)

✓: used by the primary generation procedure; −: not used. n is the total number of generated trajectory frames, b is the number of frames jointly generated per block, and K is the
number of diffusion- or flow-sampling iterations. The scaling describes approximate sequential generation cost rather than total floating-point operations.
*Path-level modelling does not necessarily imply parallel frame generation: PIPS, Doob’s Lagrangian, and TPS-DPS model conditioned path measures but sample trajectories
sequentially through controlled stochastic dynamics.
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Supplementary Table 2. Validation coverage of representative molecular trajectory generation models. Filled circles (•)
indicate explicit quantitative evaluation, open circles (◦) indicate partial or indirect evaluation, and dashes (–) indicate that the
corresponding validation was not reported. Method references follow Table 1.

Model Structural fidelity Thermodynamic fidelity Kinetic fidelity App.-level validation

Sequential predictive models

Time-coarsened transition kernels
TimeWarp25 • • ◦ ◦
ITO52 • ◦ • ◦
PLaTITO53 • • • •
EquiJump43 • • • –
TEMPO44 • • • ◦
F3low54 • • ◦ –
DeepJump55 • • • •
UniSim56 • • ◦ ◦
PVB58 • • • •
UnbindingFlow61 • ◦ ◦ •
ConfRover26 • • • ◦
STAR-MD27 • ◦ • –
MD-LLM-142 • ◦ – ◦

State-space models and graph-based rollouts
ATMOS28 • ◦ ◦ –
MARS-FM45 • • ◦ ◦
TrajCast46 • • • –
DiffMD47 • ◦ – ◦
GGND48 • ◦ ◦ ◦
NeuralMD51 • ◦ – –

Trajectory-segment generative models

Diffusion models
DynamicsDiffusion62 ◦ • ◦ ◦
PTraj-Diff63 • ◦ – ◦
AlphaFolding64 • ◦ – •
GeoTDM65 • ◦ – –
DynaMode68 • • ◦ •
BioKinema71 • • • •

Flow matching
MDGen29 • • ◦ ◦
BioMD30 • • ◦ •
STFlow67 • – – –
GP-EquiFlow69 • – – –
GSE-Flow70 • – – –

Bridge-based and transition-path generation
PIPS72 • ◦ – •
Doob’s Lagrangian73 ◦ ◦ – ◦
TPS-DPS74 • ◦ – •
TPS-Flow75 • ◦ ◦ •
DeepPath76 • ◦ – •
ScooBDoob31 • ◦ • •

Latent-space dynamics

DeepGenMSM77 • • • –
LSS78 • • • –
GLDP32 • • • •
GPCRLMD34 • • ◦ ◦
DynaFold33 • ◦ – •

Structural validation includes metrics such as RMSD, structural similarity, distance distributions, and contact recovery. Thermodynamic validation includes conformational
populations, free-energy landscapes, equilibrium distributions, and ensemble observables. Kinetic validation includes transition probabilities, implied timescales, mean
first-passage times, autocorrelation functions, and other time-dependent observables. Application-level validation refers to biologically relevant processes, including folding,
conformational transitions, ligand binding, and unbinding.

26/28



Here, W s is a reverse-time Wiener process, ps is the marginal distribution induced by the forward SDE, and p0s(Ys | X) is
its perturbation kernel. Because the marginal score ∇Ys log ps(Ys | c) is unknown, a neural network sθ (Ys,s,c) is trained by
denoising score matching using samples from the forward process. At inference, one draws Y1 ∼ p1 and numerically integrates
the reverse-time SDE from s = 1 to s = 0, replacing the unknown score with sθ to obtain a generated trajectory segment X̂ =Y0.
Initial conformation, endpoint structure, or molecular context may be incorporated through conditioning, masking or guidance
during the reverse process.

S.5.2 Trajectory Segment Generation with Flow Matching
Let X = Xt+1:t+L denote a reference trajectory segment. Flow matching considers a continuous probability path ps that
transports a tractable prior p0 (typically a Gaussian distribution) at s = 0 to the target trajectory-segment distribution at s = 1.
The corresponding evolution is governed by a time-dependent vector field us:

dYs

ds
= us(Ys,s,c), Y0 ∼ p0, s ∈ [0,1], (3)

where Ys is the evolving spatiotemporal tensor. A neural vector field vθ is trained to approximate us. At inference, a prior sample
is transported from s = 0 to s = 1 by integrating the same ODE with vθ in place of us, yielding a generated trajectory segment
X̂ = Y1. Because Ys represents the complete trajectory segment, the learned field can couple all atoms and physical frames
within the finite horizon. Longer trajectories may be obtained by conditioning each newly generated segment on previously
generated frames. The learned vector field describes generative transport and should not automatically be interpreted as a
molecular force field or physical probability current. Structurally plausible segments therefore still require validation against
kinetic observables, including transition probabilities, committors, residence times and pathway fluxes.

S.5.3 Latent Trajectory Model formulation
More generally, a latent trajectory model first maps molecular conformations through an encoder Eφ , learns their evolution in
latent space, and reconstructs sampled states with a decoder Dψ . For a finite segment,

Zt:t+L ∼ pθ (Zt:t+L | c), x̂k = Dψ(zk,c), k = t, . . . , t +L,

with stochastic decoders instead sampling x̂k ∼ pψ(xk | zk,c). Sequential models apply the same principle to repeated latent
transitions pθ (zt+τ | z≤t ,c) rather than a jointly generated segment.

S.6 Definitions of Kinetic Metrics
Transition probabilities. For a lag time τ = ℓ∆t, the transition count matrix is Ci j(τ) = ∑

N−ℓ−1
n=0 1[sn = i]1[sn+ℓ = j], where

N is the number of frames, ℓ is the lag measured in frames, and 1[·] is the indicator function. The row-normalized transition
matrix is Ti j(τ) = Ci j(τ)/∑k Cik(τ). Here, Ti j(τ) is the conditional probability of observing state j after time τ , given that
the system starts in state i. State populations evolve according to p(t +nτ) = p(t)Tn(τ), where p(t) is the row vector of state
populations at time t.

Continuous-time transition rates. In a continuous-time Markov model, the state populations satisfy dp(t)/dt = p(t)K,
where K is the generator or rate matrix. Its entries are Ki j = ki j ≥ 0 for i ̸= j, and Kii =−∑ j ̸=i ki j. Here, ki j is the instantaneous
transition rate from state i to state j and has units of inverse time. The transition probability and rate matrices are related by
T(τ) = exp(τK). Therefore, Ti j(τ) is a finite-time transition probability, whereas ki j is an instantaneous transition rate. In
general, ki j ̸= Ti j(τ)/τ unless τ is sufficiently small.

Implied timescales. Let 1 = λ1(τ)> |λ2(τ)| ≥ |λ3(τ)| ≥ · · · be the eigenvalues of T(τ). The implied relaxation timescale
associated with eigenmode k is tk(τ) =−τ/ ln |λk(τ)| for k ≥ 2. Large tk values correspond to slowly relaxing conformational
processes. A kinetically accurate model should reproduce both the magnitudes and ordering of the reference timescales. For an
approximately Markovian state decomposition, tk(τ) should also become approximately independent of the chosen lag time τ .

Dwell-time distributions. A dwell event in state i is defined as a maximal contiguous segment of frames assigned to that
state. If event r contains L(r)

i consecutive time intervals, its duration is D(r)
i = L(r)

i ∆t. For Ni observed dwell events, the
empirical cumulative distribution is F̂i(t) = 1

Ni
∑

Ni
r=1 1[D(r)

i ≤ t], and the corresponding survival probability is Ŝi(t) = 1− F̂i(t) =
1
Ni

∑
Ni
r=1 1[D(r)

i > t]. The mean dwell time is Di =
1
Ni

∑
Ni
r=1 D(r)

i .
For a continuous-time Markov state, the total escape rate is qi = −Kii = ∑ j ̸=i ki j. The theoretical dwell-time survival

probability is Si(t) = exp(−qit), and the mean dwell time is E[Di] = 1/qi. For a discrete-time MSM sampled at interval τ , the
dwell-time distribution is geometric: P(Di = nτ) = T n−1

ii (τ)[1−Tii(τ)] for n = 1,2, . . ., with E[Di] = τ/[1−Tii(τ)]. The full
dwell-time distribution is generally more informative than its mean, because generated trajectories may reproduce the average
residence time while missing long-lived events.
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Mean first-passage times. For a target state or state set B, define the first hitting time as HB = inf{nτ ≥ 0 : snτ ∈ B}. The
mean first-passage time from state i to B is mB

i = E[HB | s0 = i]. For a discrete-time MSM, mB
i satisfies:

mB
i =

{
0, i ∈ B,

τ +∑ j Ti j(τ)mB
j , i /∈ B.

For a source state set A with initial distribution µA
i , the state-set mean first-passage time is MFPTA→B = ∑i∈A µA

i mB
i . A common

choice is the equilibrium distribution conditioned on A: µA
i = πi/∑ j∈A π j for i ∈ A, where the stationary distribution π satisfies

π = πT and ∑i πi = 1. Both MFPTA→B and MFPTB→A should be evaluated because the forward and reverse transitions may
occur on substantially different timescales.

TICA autocorrelation relaxation. Let zt = xt −µ denote centered molecular features, where µ is the mean feature vector. The
instantaneous and time-lagged covariance matrices are C00 = ⟨ztz⊤t ⟩t and C0τ = ⟨ztz⊤t+τ⟩t . The TICA directions are obtained
from the generalized eigenvalue problem C0τ wk = λ TICA

k C00wk, where wk is the kth TICA direction and λ TICA
k measures

its lagged autocorrelation. The corresponding TICA coordinate is yk(t) = w⊤
k zt . Its normalized autocorrelation function is

Ak(t) = ⟨yk(t0)yk(t0+ t)⟩t0/⟨y2
k(t0)⟩t0 . The TICA basis should be fitted using the reference MD data and then applied unchanged

to generated trajectories. Agreement of Ak(t) indicates that the generated trajectory reproduces relaxation along the same slow
collective coordinate. Matching only the distribution of TICA projections does not guarantee correct temporal dynamics.

Chapman–Kolmogorov consistency. For a Markovian state model, transitions over a longer lag time nτ should satisfy
T(nτ)≃ Tn(τ) for n = 2,3, . . .. The left-hand side is estimated directly using transitions separated by nτ , whereas the right-hand
side is predicted by repeatedly applying the MSM estimated at lag time τ . A normalized matrix discrepancy can be defined
as ECK(n) = ∥T̂(nτ)− T̂n(τ)∥F/∥T̂(nτ)∥F, where ∥ · ∥F denotes the Frobenius norm. Lower values indicate better agreement
between directly observed and MSM-predicted long-time dynamics.

Committor probabilities. For disjoint source and target state sets A and B, the forward committor probability is q+i = Pi(HB <
HA), where HA and HB are the first hitting times of A and B, respectively. Thus, q+i is the probability that a trajectory starting
from state i reaches B before reaching A. It satisfies:

q+i =


0, i ∈ A,
1, i ∈ B,

∑ j Ti j(τ)q+j , i /∈ A∪B.

For a continuous-time rate matrix, the corresponding equation is ∑ j Ki jq+j = 0 for i /∈ A∪B. States with q+i ≈ 0.5 are located
near the dynamical transition region. Comparing committor probabilities tests whether generated trajectories reproduce
transition progress and mechanisms, rather than only the endpoint populations.

Reactive flux and pathway diversity. Let πi denote the stationary population, q+i the forward committor, and q−i the backward
committor. The reactive flux from state i to state j for transitions from A to B is f AB

i j = πiq−i Ti j(τ)q+j . The effective directed
flux is f+i j = max(0, f AB

i j − f AB
ji ). These fluxes identify the states and transitions carrying the dominant reactive pathways. If the

total flux is decomposed into pathways γ with pathway fluxes Fγ , the normalized pathway weight is pγ = Fγ/∑γ ′ Fγ ′ . Pathway
diversity can then be summarized by the pathway entropy Hpath =−∑γ pγ ln pγ . A generated model should reproduce not only
the highest-flux pathway but also the relative probabilities and diversity of alternative transition pathways.

Quantitative comparison with reference kinetics. In practice, those MSM-based metrics will be computed in a shared
state space constructed from the reference MD trajectories. For positive kinetic quantities spanning several orders of mag-
nitude, such as implied timescales, transition rates, and MFPTs, a symmetric logarithmic error can be used: Elog(z) =∣∣ln[(zgen + ε)/(zref + ε)]

∣∣, where zgen and zref are the generated and reference values, respectively, and ε is a small constant for
numerical stability. Lower values indicate better agreement, and zero represents exact agreement. Distributional quantities
such as dwell times may instead be compared using the Wasserstein or Kolmogorov–Smirnov distance. Autocorrelation and
Chapman–Kolmogorov curves may be compared using integrated curve errors. Confidence intervals should be estimated using
trajectory-level or block bootstrap procedures because adjacent trajectory frames are temporally correlated.
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