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Abstract

Protein function depends on transitions among conformational states, but gen-

erating long, ordered structural sequences by molecular dynamics (MD) remains

computationally expensive at the scale of large protein panels. Many genera-

tive approaches emphasize conformational ensembles, whereas sequential trajectory

generators must also control error accumulation over long rollouts. We present

TEMPO, a hierarchical autoregressive model trained on MD trajectories to gener-

ate ordered protein-backbone conformations at two temporal resolutions. A slow-

scale model advances anchor conformations at the 20-ns sampling stride used for

training, and a fast-scale model generates 1-ns-spaced frames conditioned on the

slow-scale context. On held-out mdCATH and ATLAS proteins, TEMPO repro-

duced MD-derived ensemble observables. On ATLAS, Pearson correlations were

0.91 for ensemble-averaged pairwise RMSD and 0.89 for residue-level RMSF; the

leading principal-component direction agreed with MD in 76% of cases, compared

with 44% for AlphaFlow. Relative to a single-scale autoregressive model, the hi-

erarchy reduced long-horizon RMSD error from 8.62 to 1.78 Å, and a 400-frame

rollout required less than 1 min. Across 10 endpoint-conditioned adenylate ki-

nase rollouts, progression along a shared time-lagged coordinate was accompanied

by progressive contact exchange during opening. Inference-time steering yielded

conformations satisfying predefined DFG-in- and DFG-out-like local backbone cri-

teria in 68 of 100 kinases. Across 252 kinases, fluctuation profiles showed variable

agreement with crystallographic B-factors (mean Spearman ρ = 0.358; 22% with

ρ ≥ 0.5). TEMPO provides a framework for generating and comparing ordered

protein conformational sequences.
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Main Text

Proteins are dynamic molecular machines whose functions depend on coordinated struc-

tural changes. Local fluctuations tune active-site geometry, whereas larger loop and

domain rearrangements regulate binding, catalysis, and signaling [1–3]. Static structures

can define the endpoints of such motions, and ensembles can describe populated confor-

mations, but mechanisms also depend on how those conformations connect [4]. For many

questions, the relevant description is therefore an ordered sequence of changes: which con-

tacts exchange first, which regions move cooperatively, and which intermediates connect

functional states.

Molecular dynamics (MD) simulations provide atomically resolved trajectories un-

der physics-based models [5], but their cost limits repeated sampling and systematic

comparisons across proteins, mutants, or ligand states. Deep generative models such

as AlphaFlow and BioEmu can rapidly sample diverse protein conformational ensem-

bles [6, 7], and recent methods such as MDGen have begun to model sequential trajec-

tories [8]. Ensemble generation seeks to reproduce a distribution of structures, whereas

trajectory generation must also preserve temporal dependence among frames. A smooth

sequence may drift from MD-like conformational statistics, while an accurate ensemble

need not provide meaningful ordering. Both ensemble-level and sequence-level evidence

are therefore required.

Sequential generation becomes increasingly difficult with rollout length because each

prediction becomes part of the context for the next, allowing geometric errors to accumu-

late. Protein motions are also organized across temporal scales, with local fluctuations

embedded within slower collective rearrangements on a hierarchical conformational land-

scape [9]. A single update scale must therefore balance short-range variation against

stable long-range evolution. A multiscale generator can separate these roles while retain-

ing an explicitly ordered output.

Here we introduce TEMPO, a hierarchical autoregressive model trained directly on

MD trajectories (Fig. 1). A slow-scale model advances anchor conformations at the 20-ns

sampling stride represented during training, and a fast-scale model generates 1-ns-spaced

frames conditioned on the slow-scale context. The slow anchors organize longer-range

evolution, whereas the fast-scale model resolves structural variation between anchors.

This decomposition is designed to limit long-rollout drift without reducing trajectory

generation to independent sampling around each predicted state.

We benchmark TEMPO on held-out mdCATH and ATLAS proteins and use a single-

scale ablation to assess the contribution of the multiscale hierarchy. We then examine

2



endpoint-conditioned adenylate kinase (ADK) opening, inference-time steering of local

DFG geometry, family-scale kinase variation, and exploratory transfer to six G protein-

coupled receptors (GPCRs). These analyses test ensemble fidelity, long-rollout stability,

and whether frame ordering carries interpretable structural information.
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Figure 1: TEMPO generates protein conformational trajectories hierarchi-

cally. (A) TEMPO advances conformations autoregressively to generate an ordered
structural trajectory. The schematics illustrate the three applications examined in this
study: endpoint-conditioned generation toward a specified conformation, inference-time
steering of local-motif geometry, and trajectory comparison across protein panels. (B)
TEMPO resolves motion hierarchically: a slow autoregressive model advances anchor
conformations at the 20-ns sampling stride used during training, whereas a fast autore-
gressive model generates intermediate frames at the 1-ns stride while conditioning on
the slow-scale context. During inference, slow-scale anchors are generated first, after
which the corresponding fast-scale segments are assembled into an ordered trajectory.
The lower landscape enlarges the highlighted region above, illustrating how fast local
fluctuations are resolved within slower collective conformational changes. (C) Network
architecture shared by slow- and fast-scale models. Sequence features, structural context,
and stochastic noise are embedded and processed using invariant point attention (IPA)
and multi-head attention. Further details of the representation, architecture, training
procedure, and loss functions are provided in Materials and Methods and SI Appendix.

Results

TEMPO was trained on mdCATH and evaluated on held-out mdCATH and ATLAS

proteins [10, 11]. The ADK analysis used the endpoint-conditioned model; the kinase and
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GPCR analyses used the mdCATH-trained base model, except for the explicit restraint

applied during DFG steering.

A multiscale hierarchy stabilizes long rollouts while preserving

MD-like conformational variation

We compared TEMPO with BioEmu [7], AlphaFlow, ESMFlow [6], and MDGen [8] using

measures of ensemble breadth, residue mobility, collective coordinates [12, 13], and weak

or transient contacts [14]. On ATLAS, TEMPO achieved Pearson correlations of 0.91

for ensemble-averaged pairwise RMSD and 0.89 for residue-level RMSF. It yielded the

lowest PCA-space 2-Wasserstein distance on both ATLAS and mdCATH, with values of

0.60 and 2.33, respectively (Fig. 2B and C). The leading principal-component direction

met the prespecified agreement criterion in 76% of ATLAS cases, compared with 44% for

AlphaFlow. Jaccard similarities for weak and transient contacts were 0.43 and 0.20 on

mdCATH and 0.74 and 0.30 on ATLAS, respectively. Metric definitions are provided in

SI Appendix, Section S3.

Relative to a single-scale model rolled out for 400 frames, the multiscale model reduced

long-horizon RMSD error from 8.62 to 1.78 Å, increased pairwise-RMSD correlation from

0.14 to 0.77, and increased global RMSF correlation from 0.15 to 0.67 (SI Appendix,

Table S2). A 400-frame TEMPO rollout required less than 1 min, approximately 750-

fold less time than AlphaFlow under the reported evaluation settings (Fig. 2A).
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Figure 2: TEMPO performance on MD-derived ensemble observables and gen-

eration time. (A) Reported inference time versus PCA-space Wasserstein distance (W2)
to the MD reference. Circle and square markers denote performance on the mdCATH
and ATLAS datasets, respectively. (B) Performance summary on mdCATH. (C) Perfor-
mance summary on ATLAS. Metric definitions and aggregation procedures are described
in SI Appendix, Section S3.

ADK opening links conformational coverage to temporal order-

ing

ADK opening involves coordinated motion of the NMP and LID domains around a com-

paratively stable CORE [15–18]. To test frame ordering during this transition, we gen-

erated 10 independent 500-frame rollouts from closed 1AKE conditioned on open 4AKE.

Generated conformations formed a continuous corridor between the endpoints in

RMSD space (Fig. 3A). Three recurrent regions represented progressively open NMP

and LID conformations, while the CORE remained comparatively stable (Fig. 3B).

Using kinetic-map tICA [19], a model fitted jointly to the 10 rollouts identified tIC1

as the shared closed-to-open coordinate and tIC2 as a coordinate capturing variation

among generated routes (Fig. 3C). Across the 10 rollouts, tIC1 showed a consistent

overall progression with frame order. Closed-state-specific contacts decreased and open-

state-specific contacts accumulated across States 1–3, while shared contacts preserved

the intradomain scaffold (Fig. 3D). Mobility and deformation localized to the NMP/LID

domains, hinges, and interfaces (SI Appendix, Figs. S2–S3), and six additional systems

showed connected corridors in endpoint-RMSD space (SI Appendix, Fig. S4).
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Figure 3: Endpoint-conditioned TEMPO generates an ordered adenylate ki-

nase opening sequence. (A) Relative occupancy of 5,000 conformations from 10
closed-to-open rollouts projected by RMSD to closed 1AKE and open 4AKE. Color shows
− ln(P/Pmax), with zero denoting the highest generated density; stars mark three repre-
sentative state clusters. (B) Representative frames from States 1–3 aligned to the closed
and open structures. (C) Kinetic-map tICA at a five-frame lag, fitted jointly to all 10
rollouts. For clarity, contours show the two rollouts closest to the median route in tIC2;
stars mark the same representative frames as in B, and arrowheads indicate increasing
frame index. (D) Contact maps for States 1–3. Closed-specific contacts are shown in
blue and open-specific contacts in red. Dashed boxes mark the NMP and LID domains;
Cα–Cα cutoff, 10 Å.

Inference-time steering generates alternative local DFG back-

bone geometries

We next tested whether inference-time steering could generate alternative local DFG

backbone geometries across a kinase family. The DFG motif at the start of the activation

loop undergoes regulatory backbone rearrangements [20, 21], and DFG-out conforma-

tions are associated with the pocket recognized by type II inhibitors [22, 23]. Separate

rollouts were directed toward predefined DFG-in- and DFG-out-like criteria for each of

100 kinases; no model parameters were updated.

For 68 kinases, the DFG-in-guided and DFG-out-guided rollouts each yielded at least

one accepted frame (Fig. 4A). Accepted frame pairs occupied distinct regions of the DFG-

Phe Ramachandran plot and showed local backbone displacement (Fig. 4A and B). The

other 32 kinases did not yield both frame classes under the current rollout length and

steering protocol. Two large-separation examples are shown in Fig. 4C. Because both
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Figure 4: Inference-time steering generates alternative local DFG backbone

geometries across a kinase panel. (A) Ramachandran distribution of DFG-Phe for
the 68 kinases in which the DFG-in-guided rollout yielded an accepted in-like frame and
the DFG-out-guided rollout yielded an accepted out-like frame. Red circles denote DFG-
in-like frames, blue circles denote DFG-out-like frames, and gray lines connect paired
frames from the same kinase. (B) Maximal DFG-region backbone RMSD between ac-
cepted in-like and out-like frames for each kinase. (C) Local DFG structures from two
kinases selected for large separation between accepted frame classes. The DFG motif is
shown in blue (in-like) and red (out-like), and the remainder of the kinase is gray.

the steering and acceptance criteria target local DFG geometry, this analysis evaluates

controllability rather than spontaneous switching.

Kinase rollouts show directional variation in contact similarity

and B-factor agreement

We next used unguided rollouts to compare opposite-state contact similarity and residue-

resolved flexibility across kinase panels. For 104 kinases with paired active and inactive

structures, we generated 400-frame rollouts from each endpoint and calculated Q-scores

relative to the opposite-state reference [24] (Fig. 5A). Because active and inactive struc-

tures share a large contact core, Q-scores were treated as continuous similarity measures

rather than state assignments.

Directional differences in mean Q-score were at most 0.05 for 63% of kinases, 0.05–0.10

for 22%, and greater than 0.10 for 15% (SI Appendix, Fig. S5). These values describe

asymmetry in opposite-state contact similarity rather than transition barriers.

Across 252 kinases, generated and crystallographic flexibility profiles had a mean

Spearman correlation of 0.358 and a mean z-score RMSE of 1.16; 66.3% had ρ ≥ 0.3,

and 22% had ρ ≥ 0.5 (Fig. 5B and C). Agreement varied across the panel, with PDB ID

5TQ8 shown as a high-correlation example (Fig. 5D and E).
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Figure 5: Kinase rollouts show directional variation in contact similarity and

B-factor agreement. (A) Opposite-state contact similarity for 104 kinases. Each point
represents one 400-frame rollout initiated from an inactive (blue) or active (red) conforma-
tion and is plotted by its mean and maximum Q-score relative to the opposite reference.
Dashed reference lines, if retained in the artwork, are visual guides only and are not used
for state assignment. (B) Agreement between residue-level fluctuations from generated
rollouts and crystallographic B-factors across 252 kinases, summarized by Spearman cor-
relation (ρ) and z-score RMSE. Larger ρ denotes greater rank agreement, and smaller
RMSE denotes closer normalized profiles. (C) Fractions of kinases within the displayed
Spearman-correlation ranges; these bins are descriptive and do not define validated per-
formance categories. (D) High-correlation example, PDB ID 5TQ8. Top, per-residue
B-factors derived from the generated rollout; bottom, z-score-normalized experimental
and generated profiles (Spearman ρ = 0.766, z-score RMSE = 0.845). (E) Residue-wise
B-factor patterns mapped onto the generated (left) and experimental (right) structures.

Exploratory transfer to GPCR backbone variability

To test transfer beyond soluble proteins, we applied the mdCATH-trained model without

GPCR-specific updates to six receptors spanning Classes A–C [25]. TEMPO generated

one 500-frame backbone rollout per receptor. In the two examples shown, generated con-

formations overlapped prominent regions of the receptor-only MD projection; variation

was concentrated in the N terminus, extracellular loops, and intracellular helix 8, while

the transmembrane core remained comparatively stable (Fig. 6). Results for the other

four receptors are shown in SI Appendix, Fig. S6.
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Prostaglandin D2 receptor 2 Metabotropic glutamate receptor 5

Figure 6: Exploratory transfer to GPCR backbone conformational variabil-

ity. Two receptors from the six-protein test set are shown: prostaglandin D2 receptor 2
(left) and metabotropic glutamate receptor 5 (right). Purple contours denote the pro-
jected density of the receptor-only MD reference in PC1–PC2 space, blue points denote
TEMPO-generated conformations, and green stars mark three generated conformations
selected for structural visualization. Regions that vary most among the displayed con-
formations are highlighted in green.

Discussion

TEMPO is a hierarchical autoregressive model for generating ordered protein-backbone

sequences. Across benchmark proteins, it reproduced several MD-derived ensemble ob-

servables, and the single-scale ablation showed that slow anchors substantially reduce

drift during long rollouts.

The application studies illustrate complementary uses of the generated sequences.

Endpoint conditioning organized ADK opening along a shared time-lagged coordinate

with progressive contact exchange, whereas inference-time steering generated alternative

local DFG geometries across a kinase panel. Unguided kinase and exploratory GPCR

analyses further showed that the same mdCATH-trained model can support family-scale

comparisons and transfer to proteins not used for training. Conditioned and steered

rollouts assess structural ordering and controllability; unconditioned rollouts characterize

the learned conformational prior.

TEMPO remains backbone-centric and omits side chains, ligands, membranes, ions,

and solvent. Its 1- and 20-ns frame labels reflect the sampling strides used in training

rather than calibrated kinetic time, and conditioned or steered rollouts are not unbiased

samples. Extending the model to include environmental context and validating generated
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states with state-discriminating observables, energetic calculations, or experiments will be

important. Within these limits, TEMPO provides a rapid complement to physics-based

simulation for comparing ordered conformational changes across proteins.

Materials and Methods

Protein backbone representation

Consistent with standard representations in protein modeling [26], each residue is rep-

resented by an SE(3) backbone frame and backbone torsion angles; full definitions are

provided in SI Appendix, Section S1. The SE(3) frame defines a local coordinate system

through a rotation, represented by a unit quaternion q ∈ R
4, and a translation t ∈ R

3,

both constructed from the backbone N, Cα, and C atoms. Backbone torsions (ϕ, ψ, ω)

are encoded as sine–cosine pairs to avoid discontinuities at ±π. The per-residue state at

time t is

X l
t = [qw, qx, qy, qz, tx, ty, tz, sinϕ, cosϕ, sinψ, cosψ, sinω, cosω], (1)

where l indexes residues.

SDE-inspired autoregressive dynamics

We parameterize conformational evolution with an SDE-inspired discrete update [27–29].

Given a two-frame context ctxt = (Xt−∆t,Xt) [30, 31], the model predicts

Xt+∆t = Xt + fθ(ctxt)∆t+ σ
√
∆t ϵt, ϵt ∼ N (0, I), (2)

where fθ is a neural network. Because each update is conditioned on multiple snapshots,

the formulation is not first-order Markovian in Xt alone. Full training and inference

procedures are provided in SI Appendix, Algorithms S1 and S2.

Multiscale hierarchical framework

TEMPO separates generation into slow and fast temporal resolutions, each represented by

an independently trained autoregressive network. The slow-scale model first generates

anchor conformations at the ∆ts = 20 ns sampling stride. Each 20-frame fast-scale

segment is initialized from the corresponding slow-scale anchor, after which the fast-scale

model generates the remaining frames autoregressively at the ∆tf = 1 ns stride. Frame

indices therefore follow the sampling strides used to construct the training trajectories.
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Spatiotemporal neural architecture

The slow- and fast-scale models share the same architecture but are trained separately.

Spatial encoding uses Invariant Point Attention (IPA) [26] to extract geometry-aware fea-

tures from SE(3) frames and sequence embeddings, followed by multi-head self-attention

layers for inter-residue interactions. Temporal encoding employs gated recurrent unit

(GRU) layers to model frame-to-frame dependencies. The final output layer predicts

per-residue conformational updates, which are applied autoregressively to obtain Xt+∆t.

Training objective

The training loss combines mean-squared error reconstruction with a steric-clash penalty:

Ltotal = ∥Xt+∆t − X̂t+∆t∥2 + λ
∑

(i,j)∈Pnonadj

ReLU(1.2Å− ∥ri − rj∥), (3)

where ri denotes backbone atom positions and Pnonadj is the set of non-adjacent atom

pairs; the second term penalizes pairs closer than 1.2 Å. The model is trained autore-

gressively with teacher forcing using an epoch-dependent, beta-distributed noise schedule

over [0.01, 1.0]. The schedule initially favors noise scales near the lower end of this range

and gradually approaches uniform sampling across the full range as training proceeds.

At inference, the slow-scale model retains comparable noise levels, whereas the fast-scale

model uses σnoise = 5.0 to promote diverse local sampling. Here, σnoise is an internal model

hyperparameter rather than a physical temperature, displacement, or kinetic parameter.

Model parameters and additional implementation details are provided in SI Appendix,

Table S1.

Datasets and evaluation design

We trained on 320 K trajectories from 4,000 randomly sampled mdCATH proteins using

three independent seeds.

The ADK, kinase, and GPCR proteins used in downstream analyses were not included

in the mdCATH training set. The kinase panels were derived from a published collec-

tion of human kinase conformational ensembles [32]. ADK used the endpoint-conditioned

model described below. The kinase flexibility and cross-state analyses used the mdCATH-

trained base model, with an additional inference-time restraint only for DFG steering.

The exploratory GPCR analysis also used the base model without GPCR-specific param-

eter updates. This design tests transfer to proteins not used for training but does not,

by itself, establish homology-level out-of-distribution generalization.

Inference times in Fig. 2A correspond to the evaluation setting used for each compara-

tor; the approximately 750-fold ratio reported in the Results is relative to AlphaFlow.
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Endpoint-conditioned generation

For targeted transitions, generation is conditioned on a user-specified target conformation

X⋆. The endpoint-conditioned model uses the same prediction loss as the base model

while providing X⋆ as an additional input to the slow- and fast-scale networks at each

step. A learnable encoder Eψ maps the target structure to a per-residue embedding

e⋆ = Eψ(X
⋆) ∈ R

L×d, which is added to the latent state before spatial and temporal

encoding:

hcond
latent = hlatent + e⋆. (4)

At inference, X⋆ is held fixed throughout the rollout, biasing the generated sequence

toward the specified target conformation.

For ADK, we generated 10 independent 500-frame rollouts from closed 1AKE while

conditioning on open 4AKE. Generated-state occupancy was summarized in the two-

dimensional space defined by RMSD to the endpoints using the score − ln(P/Pmax). This

score summarizes occupancy within the endpoint-conditioned ensemble and is not an

equilibrium free-energy estimate. Clustering in the endpoint-RMSD projection identified

three representative states, and one frame from each cluster was used for structural

visualization, tICA projection, and contact-map analysis. For tICA, each seed was treated

as a separate trajectory, frames were aligned on CORE Cα atoms, and a common kinetic-

map basis was fitted at a lag of five frames. Detailed tICA, flexibility, and strain analyses

are provided in SI Appendix, Section S5.

Inference-time steering of local DFG geometry

To direct kinase rollouts toward alternative local DFG backbone geometries, we applied

a steering procedure after each autoregressive generation step without updating model

parameters. The procedure refines the DFG motif and neighboring residues with a multi-

term objective that biases local torsions and Cα displacements toward the specified DFG-

in- or DFG-out-like criterion while constraining peptide geometry, continuity to flanking

residues, steric overlap, and frame-to-frame changes. The remaining residues are held

fixed. Accepted frames were classified using prespecified Ramachandran-basin signatures

of DFG-Phe and additional local geometric criteria. Full objective definitions and hyper-

parameters are provided in SI Appendix, Section S2.

Kinase cross-state contact analysis

For 104 kinases with paired active and inactive structures, we generated rollouts from

each endpoint and calculated a Q-score relative to the opposite reference structure. We

report the mean and maximum opposite-state Q-score within each 400-frame rollout. To

summarize directional asymmetry, we classified the absolute differences between mean Q-
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scores from active- and inactive-initiated rollouts as ≤ 0.05, 0.05–0.10, or > 0.10. Because

the score includes contacts shared by both endpoint structures and the maximum is an

extreme-value summary, these measures are descriptive rather than direct evidence of

state transitions or dwell times. Q-score definitions are provided in SI Appendix, Section

S3.

Crystallographic flexibility comparison

For comparison with crystallographic B-factors, per-residue Cα RMSF values were com-

puted from TEMPO-generated ensembles after sequence alignment and least-squares Cα

superposition to a reference frame [33]. RMSF values were converted to predicted B-

factors using Bi =
8π2

3
RMSF2

i , and experimental Cα B-factors were extracted from the

corresponding PDB structures. Agreement was assessed using Spearman correlation be-

tween residue-wise profiles and RMSE between z-score-normalized profiles. Because crys-

tallographic B-factors also reflect crystal packing, static disorder, and refinement [34], this

comparison evaluates relative spatial patterns rather than absolute solution-state fluctu-

ations. Full definitions are provided in SI Appendix, Section S3.

Exploratory GPCR transfer analysis

We selected six GPCR complexes from GPCRmd, with two receptors each from Classes A,

B, and C. Nonprotein components were removed to form receptor-only reference trajecto-

ries, from which 500 frames at the 1-ns sampling stride were retained. Starting from the

first processed frame, the mdCATH-trained base model generated one 500-frame back-

bone rollout per receptor without GPCR-specific retraining. Principal components were

fitted to each receptor-only MD reference, and generated frames were projected into the

same PC1–PC2 coordinates for qualitative comparison. This analysis does not evaluate

membrane-, ligand-, solvent-, or ion-dependent dynamics.

Data Availability

TEMPO training and inference code and the analysis scripts are available in the TEMPO

GitHub repository https://github.com/LOGO-CUHKSZ/TEMPO. A time-stamped code

snapshot and the processed data underlying the figures, including generated-ensemble

summaries and evaluation outputs, will be deposited on Zenodo upon publication. During

peer review, these materials are available to editors and reviewers upon request.
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