
SI Appendix
Multiscale autoregressive modeling generates ordered protein conformational trajectories
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Part I: Representation, Methods, and
Evaluation Protocols

S1 Protein Structure Representation

We represent protein structures using a combination of local reference frames and torsion angles,
resulting in a rotation and translation equivariant representation. For a protein with L amino acids,
our tokenization procedure is as follows:

S1.1 SE(3) Frame Representation

For each residue i, we construct a local reference frame using the backbone atoms (N, Cα, C).
Specifically:

• The origin Oi is placed at the Cα atom position

• The x-axis x̂i is aligned with the normalized Cα-N bond vector

• The temporary vector v⃗i is the normalized Cα-C bond vector

• The z-axis ẑi is computed as ẑi =
x̂i×v⃗i
|x̂i×v⃗i|

• The y-axis ŷi completes the right-handed coordinate system: ŷi = ẑi × x̂i

Each SE(3) frame consists of a rotation matrix Ri ∈ SO(3) and a translation vector ti ∈ R3:

Ri = [x̂i, ŷi, ẑi], ti = Oi (S1)

For computational efficiency, we represent rotations using unit quaternions:

qi =


qw,i
qx,i
qy,i
qz,i

 =


1
2

√
1 +Ri[0, 0] +Ri[1, 1] +Ri[2, 2]

Ri[2,1]−Ri[1,2]
4qw,i

Ri[0,2]−Ri[2,0]
4qw,i

Ri[1,0]−Ri[0,1]
4qw,i

 (S2)

Combined with the translation vector, this yields a 7-dimensional vector [qw,i, qx,i, qy,i, qz,i, tx,i, ty,i, tz,i]
for each residue, resulting in a tensor of shape [L, 7] for the entire protein.

S1.2 Torsion Angle Representation

We complement the SE(3) frames with the backbone torsion angles (ϕ, ψ, ω), which define the
protein’s conformation. For residue i, these angles are defined as:

ϕi = dihedral(Ci−1, Ni, Cαi, Ci) (S3)

ψi = dihedral(Ni, Cαi, Ci, Ni+1) (S4)

ωi = dihedral(Cαi, Ci, Ni+1, Cαi+1) (S5)

Rather than using the raw angles, we represent each angle as a 2D vector [sin(θ), cos(θ)] to
avoid discontinuities at ±π. This results in a 6-dimensional vector per residue:

vtorsion,i = [sin(ϕi), cos(ϕi), sin(ψi), cos(ψi), sin(ωi), cos(ωi)] (S6)
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S1.3 Final Representation

We concatenate the SE(3) frame and torsion angle representations to obtain a comprehensive
protein structure encoding of shape [L, 13], where a 13-dimensional vector represents each residue:

vi = [qw,i, qx,i, qy,i, qz,i, tx,i, ty,i, tz,i, sin(ϕi), cos(ϕi), sin(ψi), cos(ψi), sin(ωi), cos(ωi)] (S7)

S1.4 Rotation and Translation Equivariance

Our final protein representation is equivariant to global rigid-body motions. Specifically, a global
rotation Rg ∈ SO(3) and translation tg ∈ R3 transform each local frame (Ri, ti) as (RgRi, Rgti+tg).
When using unit quaternions qi to represent Ri, this corresponds to a left quaternion multiplication:

q′i = qg ⊗ qi, t′i = Rgti + tg (S8)

where qg is the unit quaternion corresponding to Rg, and ⊗ denotes quaternion multiplication.
The torsion angles (ϕ, ψ, ω), represented as [sin(θ), cos(θ)] pairs, are internal degrees of freedom

and remain invariant under global SE(3) transformations.

S2 Model Architecture, Training, and Task-Specific Generation

S2.1 Multiscale training

The slow- and fast-scale models use the same training procedure but differ in how the trajectory
frames are sampled:

Slow-scale Training. For the slow-scale model (∆ts = 20 ns), we sample frames from the full
trajectory at 20-ns intervals so that the prediction targets span the 20-ns training stride.

Fast-scale Training. For the fast-scale model (∆tf = 1 ns), we randomly sample continuous
20-ns trajectory segments at 1-ns intervals. Each segment is treated as an independent training
sequence at the 1-ns training stride.

S2.2 Notations

• gt ∈ SE(3)L: The frame sequence at time t, where each frame consists of rotation and
translation components (R, t) in SE(3) space

• Xt ∈ RL×13: Protein conformation at time t, where each residue includes 13 features as
described in Section S1

• T : Number of frames used for both input and prediction windows

• K: Total number of frames in the training trajectory (differs between scales)

• σnoise: Noise scale in our SDE formulation

Each model update maps a window of T input snapshots to a window of T predicted snapshots.
The conditional generator therefore uses finite structural history and is not treated as a first-order
Markov process in the current conformation Xt alone.

S2.3 Training Algorithm

Algorithm S1 describes our autoregressive training procedure with teacher forcing.
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Algorithm S1: Autoregressive Training with Multiple-Frame Windows

Input: ground truth frame sequences {gt}K−1
t=0 ∈ (SE(3)L)K ,

ground truth trajectories {Xt}K−1
t=0 ∈ (RL×13)K ,

amino acid identities A ∈ {1, . . . , 20}L,
teaching force probability ptf ,
number of frames T (for both input and prediction)
Output: trained model parameters θ

1 for each training iteration at epoch e of E do
// Initialize input buffers with first T frames

2 Initialize Xbuffer ← {Xi}T−1
i=0 ;

3 Initialize gbuffer ← {gi}T−1
i=0 ;

4 Ltotal ← 0 ;
5 for t = 0 to ⌊K/T ⌋ − 2 do
6 z ∼ Beta(1, 5(1− e/E) + 1); σnoise ← 0.01 + 0.99z ;
7 ϵ ∼ N (0, I) ;
8 hlatent ←Wproj(Xbuffer + σnoiseϵ) ;
9 s← Embed(A) ;

10 for i = 1 to nipa do
11 hframe ← InvariantPointAttention(s, gbuffer, σnoise) ;

// spatial processing

12 hspatial ← hlatent + hframe + Embed(σnoise) ;
13 for j = 1 to natt do
14 hspatial ← MultiHeadAttention(hspatial) ;

// temporal processing

15 htemporal ← hspatial ;
16 for k = 1 to nGRU do
17 htemporal ← GRU(htemporal) ;

18 Xpred ←Wproj(htemporal) ;
19 gpred ← RigidTransformDecode(Xpred) ;
20 Lmse ← ∥Xpred −X(t+1)T :(t+2)T ∥2 ;

21 Lclash ← ComputeClashScore(Xpred) ;
22 Ltotal ← Ltotal + Lmse + λLclash ;

// Update buffers

23 r ∼ U(0, 1) ;
24 if r > ptf then
25 Xbuffer ← Xpred ;
26 gbuffer ← gpred ;

27 else
28 Xbuffer ← X(t+1)T :(t+2)T ;

29 gbuffer ← g(t+1)T :(t+2)T ;

30 Update model parameters θ using ∇θLtotal ;
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S2.4 Hierarchical Inference

Algorithm S2 details our hierarchical inference strategy. During inference, the slow-scale model
fsθ predicts anchor conformations at the 20-ns sampling stride (∆ts = 20 ns). These predictions

provide slow-scale context for the fast-scale model ffϕ , which generates intermediate frames at
the 1-ns sampling stride (∆tf = 1 ns). This hierarchy is designed to reduce drift during long
autoregressive rollouts while retaining local variation between successive anchors.

Algorithm S2: Multiscale Inference for Conformational Sequence Generation

Input: initial frames {Xi}T−1
i=0 , {gi}

T−1
i=0 , ; // T frames as initial buffer

1 slow-scale sampling stride ∆ts = 20 ns,
2 fast-scale sampling stride ∆tf = 1 ns,
3 requested rollout length Ntotal (frames),
4 trained slow-scale model f sθ ,

5 trained fast-scale model ffϕ
Output: complete trajectory X = {Xt}Ntotal−1

t=0

6 Xs
buffer ← {Xi}T−1

i=0 ;

7 gsbuffer ← {gi}
T−1
i=0 ;

8 X ← {Xi}T−1
i=0 ;

9 for t = 0 to ns do
10 Xs

pred, g
s
pred ← fsθ (X

s
buffer, g

s
buffer);

11 Xf
buffer ← Xs

pred;

12 gfbuffer ← gspred;

13 Append Xs
pred to X ;

14 for k = 0 to nf do

15 Xf
pred, g

f
pred ← ffϕ (X

f
buffer, g

f
buffer) // Model forward pass

16 Append Xf
pred to X ;

17 Update Xf
buffer, g

f
buffer with prediction;

18 Update Xs
buffer, g

s
buffer with prediction;

19 return X

S2.5 Model Architecture Parameters

Table S1 summarizes the architectural hyperparameters of TEMPO. Both the slow-scale and fast-
scale models share the same architecture but are trained independently on trajectories sampled at
their respective temporal resolutions.

The spatial encoding module employs Invariant Point Attention (IPA), which operates on SE(3)
frames to extract rotation- and translation-equivariant geometric features. Each IPA layer combines
scalar attention over residue embeddings with point attention in 3D space, enabling the model to
reason about both sequence-level and spatial relationships. The multi-head self-attention layers
that follow capture long-range inter-residue interactions beyond local neighborhoods.

The temporal encoding module uses gated recurrent units (GRUs) to model frame-to-frame
dependencies. Hidden states provide finite-memory temporal conditioning across autoregressive
prediction steps, distinguishing the output from independently sampled conformations.
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The output layer projects the combined spatial-temporal representations back to the 13-dimensional
per-residue state space (7D for SE(3) frame + 6D for torsion angles). During training, we employ
teacher forcing to balance stability with the model’s ability to recover from its own prediction errors
during inference.

Table S1: TEMPO model architecture and implementation parameters.

Component Parameter Value

Spatial Encoding (IPA)
Hidden dimension d 256
Number of IPA layers 4

Number of attention heads 8
Query/key/value dimension 32
Number of query points 8
Number of value points 8

Temporal Encoding (GRU)
GRU hidden dimension 256
Number of GRU layers 2

Dropout rate 0.1

Output Layer
MLP hidden layers [256, 128]
Output dimension 13 (per residue)

Activation GELU

Input Features
Sequence embedding dim 128

Maximum training sequence length 240 (full-length inference)

Training and Inference
Noise scales (training; fast inference) [0.01, 1.0]; 5.0

Algorithm S1 samples noise over [0.01, 1.0] with beta shape 5(1− e/E) + 1, shifting from lower
values toward uniform sampling as training proceeds. At inference, slow-scale noise remains in this
range and the fast-scale model uses σnoise = 5.0 for local diversity; these are nonphysical sampling
hyperparameters. The 240-residue cap applies only to training, whereas inference uses full-length
sequences.

S2.6 Endpoint-conditioned generation

For targeted transition analyses, generation is conditioned on a user-specified endpoint X⋆. A
learnable encoder Eψ maps the endpoint to a per-residue embedding e⋆ = Eψ(X

⋆) ∈ RL×d, which
is added to the latent state before spatial and temporal encoding:

hcond
latent = hlatent + e⋆. (S9)

The endpoint embedding is held fixed throughout inference. Thus, these rollouts are directed
toward a specified structure and are analyzed as endpoint-conditioned conformational sequences
rather than unbiased equilibrium trajectories.
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S2.7 Inference-time steering of DFG-local geometry

For the DFG analysis, a local refinement step is applied after each autoregressive update without
changing model parameters. The optimized region R = {iD − 1, iD, iF , iG, iG + 1} contains the
DFG triplet and one flanking residue on each side. Within R, Cα translations and sine–cosine
representations of ϕ and ψ are optimized while quaternion orientations and all other residues
remain fixed. The objective is

L = λtorsLtors+λposLpos+λbondLbond+λangLang+λbndLbnd+λclashLclash+λsmoothLsmooth. (S10)

Torsion guidance. The torsion term biases the DFG residues toward the prespecified in-like
or out-like Ramachandran targets (ϕ⋆r , ψ

⋆
r ):

Ltors =
∑

r∈{D,F,G}

wr

[(
∆ϕr
180◦

)2

+

(
∆ψr
180◦

)2
]
, (S11)

where ∆ϕr and ∆ψr are periodic angular distances to the target values and wF = 2wD = 2wG
gives greater weight to DFG-Phe.

Position displacement. For out-like steering, the DFG Cα positions are additionally biased
toward target displacements δ⋆r relative to the conformation entering the refinement step:

Lpos =
∑

r∈{D,F,G}

wr

∥∥∥tr − t(0)r − δ⋆r

∥∥∥2
2
, (S12)

where t
(0)
r is the initial Cα position for that refinement step. The target for DFG-Phe includes an

approximately 4–5 Å Cα displacement.
Local geometry and boundary continuity. Soft quadratic penalties constrain consecutive

Cα distances to 3.5–4.1 Å and Cα–Cα–Cα angles to 90◦–150◦:

Lbond =
∑
i

[
ReLU(3.5− di,i+1)

2 +ReLU(di,i+1 − 4.1)2
]
, (S13)

Lang =
∑
i

[
ReLU(90◦ − θi)2 +ReLU(θi − 150◦)2

]
, (S14)

where the sums include consecutive bonds or angles within R. The boundary term Lbnd applies
the same distance limits to the connections between R and its fixed flanking residues.

Clash avoidance and temporal smoothness. Nonlocal Cα pairs are penalized when sepa-
rated by less than 3.0 Å:

Lclash =
∑

|i−j|≥3

ReLU(3.0− dij)2. (S15)

The temporal term Lsmooth penalizes large changes in the optimized translations and torsions
relative to the preceding generated frame.

We minimized Eq. S10 with Adam for 300 iterations per generated step at a learning rate of 0.3.
The weights were λtors = 0.95, λpos = 5.0, λbond = 50.0, λang = 10.0, λbnd = 30.0, λclash = 5.0, and
λsmooth = 0.01; the position weight was increased progressively over three phases, and torsion sine–
cosine pairs were renormalized after each update. The relatively large bond weight was used to limit
local structural collapse during refinement. Accepted frames were identified using the prespecified
DFG-Phe Ramachandran-basin and local-geometric criteria used throughout the analysis.
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S3 Evaluation Metrics and Analysis Protocols

This section defines the quantitative metrics used throughout the manuscript. For the benchmark
comparisons in Fig. 2B–C, we follow the ensemble-evaluation protocol used in AlphaFlow/ESMFlow,
with metrics grouped into three categories: (i) flexibility, (ii) distributional agreement in Cartesian
and principal-component spaces, and (iii) higher-order ensemble observables such as weak and tran-
sient contacts. We additionally define the analysis-specific metrics used in subsequent applications,
including the contact-based Q-score for kinase cross-state comparisons and the B-factor agreement
metrics for crystallographic flexibility. These metrics assess agreement with MD-derived ensemble
statistics and provide descriptive comparisons of contact similarity and residue-level variability.
Relative temporal ordering is evaluated separately for the ADK case using tICA (Section S5).

S3.1 Notation and preprocessing

For a protein with N evaluated atoms or residues, let

M = {Mt}TMt=1, G = {Gs}TGs=1 (S16)

denote the MD reference ensemble and generated ensemble, respectively. Each conformation is
represented by Cartesian coordinates X = {xi}Ni=1, where xi ∈ R3. Unless otherwise specified,
benchmark calculations use Cα coordinates so that all compared methods are evaluated on the
same atom set. If a metric is computed on backbone or all-atom coordinates, the same equations
apply after replacing the evaluated atom set.

Before computing ensemble metrics, each frame is aligned to the same reference structure using
the Kabsch algorithm. For ATLAS, the reference is the experimental structure used to initialize
the MD simulation. For mdCATH, we use the first MD frame as the reference when no separate
experimental initializer is provided. Residue indices are matched by sequence alignment when
needed, and residues absent from any compared structure are excluded from all methods for that
target.

The rigid-body-aligned RMSD between two conformations X and Y is

RMSD(X,Y ) = min
R∈SO(3), t∈R3

[
1

N

N∑
i=1

∥Rxi + t− yi∥22

]1/2
. (S17)

For a collection of test proteins indexed by p, Pearson correlation between two target-level quantities
ap and bp is computed as

r(a, b) =

∑
p(ap − ā)(bp − b̄)√∑

p(ap − ā)2
√∑

p(bp − b̄)2
. (S18)

Unless otherwise noted, the aggregate number reported in the heatmaps is the mean across test
proteins for distance metrics and the Pearson correlation or Jaccard similarity defined below for
agreement metrics.

S3.2 Flexibility metrics

Pairwise RMSD diversity. For an ensemble E = {Et}Tt=1, the overall conformational diversity
is the average pairwise Cα RMSD:

DpRMSD(E) =
2

T (T − 1)

∑
1≤a<b≤T

RMSD(Ea, Eb). (S19)
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For each protein p, we compute DpRMSD(Mp) and DpRMSD(Gp). The heatmap entry labeled
“RMSD r” is the Pearson correlation across test proteins:

rpRMSD = r ({DpRMSD(Gp)}p, {DpRMSD(Mp)}p) . (S20)

This metric asks whether proteins that are more flexible in MD are also more flexible in the
generated ensembles.

Root-mean-square fluctuation. For each residue or atom i, RMSF measures the spatial
fluctuation around its ensemble-mean position after alignment:

RMSFi(E) =

[
1

T

T∑
t=1

∥xt,i − x̄i∥22

]1/2
, x̄i =

1

T

T∑
t=1

xt,i. (S21)

We report two RMSF agreement summaries. First, the global RMSF correlation pools residue-level
RMSF values across all proteins:

rglobalRMSF = r ({RMSFi(Gp) : p, i}, {RMSFi(Mp) : p, i}) . (S22)

Second, the per-target RMSF correlation is computed within each protein and then summarized
across proteins:

rtargetRMSF(p) = r
(
{RMSFi(Gp)}

Np

i=1, {RMSFi(Mp)}
Np

i=1

)
. (S23)

The heatmap entry labeled “RMSF r” reports the global RMSF correlation unless explicitly marked
as per-target. This metric evaluates whether the generated ensemble places residue-level mobility
in the same regions as MD.

S3.3 Distributional accuracy metrics

Root mean Wasserstein distance. Following AlphaFlow’s ensemble evaluation, we general-
ize RMSD to ensembles by fitting a three-dimensional Gaussian positional distribution to each
evaluated atom or residue. For atom i in ensemble E , let

N E
i = N (µE

i ,Σ
E
i ) (S24)

be the Gaussian fitted to {xt,i}Tt=1. The squared 2-Wasserstein distance between two three-
dimensional Gaussians is

W 2
2 (N1,N2) = ∥µ1 − µ2∥22 +Tr

(
Σ1 +Σ2 − 2

(
Σ

1/2
2 Σ1Σ

1/2
2

)1/2)
. (S25)

The root mean Wasserstein distance (RMWD) between generated and MD ensembles is

RMWD(G,M) =

[
1

N

N∑
i=1

W 2
2

(
N G
i ,N

M
i

)]1/2
. (S26)

This quantity reduces to conventional RMSD when each ensemble contains a single structure.
When reported, we also decompose RMWD into a mean-position contribution and a covariance
contribution:

RMWDmean =

[
1

N

N∑
i=1

∥µG
i − µM

i ∥22

]1/2
, (S27)

RMWDvar =

[
1

N

N∑
i=1

Tr

(
ΣG
i +ΣM

i − 2
(
(ΣM

i )1/2ΣG
i (Σ

M
i )1/2

)1/2)]1/2
. (S28)
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Lower RMWD indicates closer agreement with the MD positional distribution.
PCA-space Wasserstein distance. To compare collective conformational distributions, each

aligned conformation is flattened into an RMSD-normalized coordinate vector

zt = N−1/2 vec(Et) ∈ R3N . (S29)

For the metric reported as “PCA W2” or “PCA Diff”, we compute principal components from the
MD ensemble alone. Let UM

2 ∈ R3N×2 contain the first two MD principal directions. MD and
generated conformations are projected onto the same two-dimensional coordinate system:

uM
t = (UM

2 )⊤(zMt − z̄M), uG
s = (UM

2 )⊤(zGs − z̄M). (S30)

The empirical 2-Wasserstein distance between the two projected ensembles is

Ŵ2,PCA(G,M) =

[
min

π∈Π(a,b)

TG∑
s=1

TM∑
t=1

πst
∥∥uG

s − uM
t

∥∥2
2

]1/2
, (S31)

where a and b are uniform weights over generated and MD frames, and Π(a,b) is the set of
couplings with these marginals. Lower values indicate that the generated ensemble occupies the
same dominant low-dimensional conformational basins as MD. A joint-PCA variant is computed
analogously after fitting U2 to the pooled MD and generated ensembles with equal weighting; unless
specified, Fig. 2 reports the MD-PCA version.

Dominant principal-component similarity. The leading principal component describes the
dominant direction of collective motion. For each protein, we compute the first principal component
of the MD ensemble, vM

1 , and the first principal component of the generated ensemble, vG
1 , in the

same aligned coordinate space. Because principal-component signs are arbitrary, we use unsigned
cosine similarity:

sPC(G,M) =

∣∣∣∣∣ (vG
1 )

⊤vM
1

∥vG
1 ∥2∥vM

1 ∥2

∣∣∣∣∣ . (S32)

A target is counted as successfully recovering the dominant collective motion if sPC > 0.5. The
heatmap entry “PC-sim” reports

%PC-sim = 100× 1

P

P∑
p=1

1 [sPC(Gp,Mp) > 0.5] , (S33)

where P is the number of test proteins. Higher values indicate better recovery of the MD dominant
motion direction.

S3.4 Contact-dynamics metrics

Contact-based observables test whether the generated ensemble reproduces higher-order rearrange-
ments of residue-residue interactions. We use Cα–Cα contacts with an 8 Å distance threshold,
following the AlphaFlow MD-ensemble evaluation. Local sequence neighbors are excluded by re-
quiring |i− j| > 2.

For each residue pair (i, j) and ensemble E , the contact probability is

pij(E) =
1

T

T∑
t=1

1
[
∥xt,i − xt,j∥2 < 8 Å

]
. (S34)
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Let c0ij = 1 if residues i and j are in contact in the reference structure and c0ij = 0 otherwise. With
a fluctuation threshold τ = 0.10, weak contacts are native/reference contacts that dissociate in
more than 10% of ensemble frames:

W(E) =
{
(i, j) : |i− j| > 2, c0ij = 1, 1− pij(E) > τ

}
. (S35)

Transient contacts are non-native/reference contacts that form in more than 10% of ensemble
frames:

T (E) =
{
(i, j) : |i− j| > 2, c0ij = 0, pij(E) > τ

}
. (S36)

Agreement between generated and MD contact sets is measured with the Jaccard similarity

J(A,B) =
|A ∩B|
|A ∪B|

. (S37)

Thus, the weak-contact and transient-contact metrics reported in the heatmaps are

Jweak = J (W(G),W(M)) , Jtransient = J (T (G), T (M)) . (S38)

If both sets are empty for a target, the target is omitted from the dataset average for that contact
metric. Higher values indicate better recovery of contact dissociation or formation events observed
in MD.

S3.5 Q-Score (Native Contact Fraction)

Q-score quantifies structural similarity based on the preservation of native inter-residue distances.
For a structure X relative to a native reference Xref with n residues:

Q(X,Xref) =
2

(n− 2)(n− 3)

∑
j>i+2

exp

(
−
(dij − drefij )2

2σ2ij

)
(S39)

where dij and drefij are the Cα–Cα distances between residues i and j in the query and reference
structures, respectively. The summation runs over all residue pairs with sequence separation |j−i| >
2.

The tolerance parameter σij depends on sequence separation:

σij = (1 + |i− j|)0.15 Å (S40)

Q = 1 indicates perfect agreement with the reference contact geometry. In the kinase cross-state
analysis, we report the continuous score because active and inactive references may share many
contacts; no universal Q-score threshold is used to infer a state transition.

S3.6 B-Factor Calculation and Comparison

B-factor from RMSF. We convert RMSF values from generated trajectories to B-factors using
the isotropic approximation:

Bi =
8π2

3
· RMSF2

i (S41)

where RMSFi is in Å and Bi is in Å2.
Z-score normalization. To compare profiles with different absolute magnitudes, we normalize

using Z-scores:

zi =
xi − µ
σ

(S42)

where µ and σ are the mean and standard deviation of the B-factor profile across all residues.
Comparison metrics:
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• Spearman correlation (ρ): Rank-based correlation between generated and experimental B-
factor profiles.

• Z-score RMSE : Root-mean-square error between Z-score normalized profiles:

RMSEz =

√√√√ 1

L

L∑
l=1

(zgenl − zexpl )2 (S43)

For the crystallographic comparison, Cα RMSF is computed after least-squares Cα superposi-
tion, converted with Eq. S41, and compared with experimental Cα B-factors. Spearman correlation
evaluates residue-rank agreement, whereas Z-score RMSE evaluates the shape of the normalized
profiles; neither metric equates crystallographic disorder with solution-state fluctuations.

S3.7 Kinase cross-state comparison protocol

For each of 104 kinases with paired active and inactive structures, we generated separate 400-
frame rollouts from the two endpoints. Every active-initiated frame was scored against the inactive
reference, and every inactive-initiated frame was scored against the active reference using Eq. S39.
We report the mean and maximum opposite-state Q-score for each rollout.

To summarize starting-state dependence, let Q̄active→inactive and Q̄inactive→active denote the two
mean opposite-state scores and define

|∆Q| =
∣∣Q̄active→inactive − Q̄inactive→active

∣∣ . (S44)

For descriptive aggregation, we use three bins: consistent (|∆Q| ≤ 0.05), moderate (0.05 < |∆Q| ≤
0.10), and directional (|∆Q| > 0.10). These bins quantify asymmetry between generated score
distributions and are not interpreted as physical transition probabilities or barrier estimates.

Part II: Extended Experimental Results

S4 Multiscale versus Single-Scale Ablation

Autoregressive generation can accumulate error over long rollouts because every prediction becomes
part of the context for subsequent updates. TEMPO addresses this problem with a hierarchy in
which slow-scale predictions provide structural anchors and the fast-scale model generates interme-
diate variation conditioned on those anchors. To determine whether this decomposition provides a
measurable benefit beyond the shared network architecture, we compared the full framework with
a single-scale baseline that directly generates all 400 frames at the 1-ns training stride without
hierarchical guidance.

Table S2 summarizes the comparison on the mdCATH test set. The multiscale model consis-
tently outperforms the single-scale baseline across all evaluated metrics. Most notably, the long-
horizon RMSD error is reduced from 8.62 Å to 1.78 Å, indicating substantially improved trajectory
stability over extended autoregressive rollout. The multiscale design also yields much better agree-
ment with MD-derived flexibility statistics, improving the Pearson correlation of pairwise RMSD
from 0.14 to 0.77 and the global RMSF correlation from 0.15 to 0.67. In addition, conformational
diversity and ensemble agreement are better preserved, with pairwise RMSD closer to the MD
reference (2.78 versus 7.46, compared with ground truth 3.26) and lower root mean Wasserstein
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distance (4.21 versus 8.27). Contact-dynamics agreement also improves, with weak-contact Jaccard
similarity increasing from 0.23 to 0.43 and transient-contact similarity increasing from 0.09 to 0.20.

These results show that the benefit of the multiscale design is empirical rather than only con-
ceptual: relative to direct single-scale generation, the hierarchy substantially limits long-rollout
error while improving agreement with MD-derived ensemble geometry, flexibility, and contact ob-
servables.

Table S2: Ablation study comparing multiscale TEMPO with a single-scale baseline on mdCATH.
Ground truth values are shown in parentheses where applicable. The single-scale model directly
generates 400 frames without hierarchical guidance.

Metric TEMPO (Multiscale) TEMPO (Single-scale)

Pairwise RMSD (= 3.26) 2.78 7.46
Pairwise RMSD r ↑ 0.77 0.14
All-atom RMSF (= 1.64) 1.60 4.27
Global RMSF r ↑ 0.67 0.15
Root mean W2 ↓ 4.21 8.27
MD PCA W2 ↓ 2.33 2.53
Weak contacts J ↑ 0.43 0.23
Transient contacts J ↑ 0.20 0.09
RMSD Error ↓ 1.78 8.62

S5 Adenylate Kinase Transition Analysis

S5.1 Time-lagged independent component analysis

We applied tICA to the same 10 independently generated ADK trajectories used in main-text
Fig. 3, with 500 frames per trajectory. Frames were aligned to closed 1AKE using Cα atoms in the
ADK CORE, and the aligned Cα coordinates of all residues formed the feature vector xt. Each
seed was treated as a separate trajectory so that lagged pairs never crossed seed boundaries.

For a lag τ , let δxt = xt −µ, where µ is the pair-weighted mean. The symmetrized covariance
matrices are

C0 =
1

2

〈
δxtδx

T
t + δxt+τδx

T
t+τ

〉
pairs

, (S45)

Cτ =
1

2

〈
δxtδx

T
t+τ + δxt+τδx

T
t

〉
pairs

. (S46)

The tICA modes satisfy the generalized eigenvalue problem

Cτvi = λiC0vi, ξi(t) = λiv
T
i δxt, (S47)

where ξi is the kinetic-map-scaled tIC coordinate. We used a lag of τ = 5 generated frames,
corresponding to five 1-ns intervals under the training-data indexing but not to a calibrated kinetic
lag; the qualitative ordering of the leading mode was unchanged over lags of 1–10 frames.

The all-seed tICA fit identifies tIC1 as the common closed-to-open coordinate, whereas tIC2
mainly separates replicate-specific transverse routes. For clarity, main-text Fig. 3C displays the two
complete trajectories closest to the all-seed median tIC2 path (seeds 4 and 7), but the tICA basis
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Figure S1: Frame-wise progression of the leading ADK tICA coordinates across all 10
generated trajectories. Thin lines denote individual trajectory seeds, dark lines denote the
pointwise median, and shaded bands denote the interquartile range. tIC1 shows a reproducible
closed-to-open progression with generated frame index, whereas tIC2 captures route-to-route vari-
ation around the common transition coordinate.

was estimated from all 10 trajectories. States 1–3 were identified by clustering in the endpoint-
RMSD projection in main-text Fig. 3A; one representative frame selected from each cluster was
then projected and marked in the tICA space, without redefining the states by clustering in tICA
coordinates. The contour reports the relative occupancy

Uocc(ξ1, ξ2) = − ln

[
P (ξ1, ξ2)

Pmax

]
, (S48)

rather than an equilibrium free energy.
Across all 10 trajectories, tIC1 progresses consistently with generated frame index (pooled

Spearman ρS = 0.994), while tIC2 varies among seeds (Fig. S1). Together with the progressive
contact exchange in main-text Fig. 3D, this result supports an ordered conformational sequence
rather than an unordered collection of closed-, intermediate-, and open-like structures. Because
the trajectories are endpoint-conditioned, we do not interpret the tICA eigenvalues as equilibrium
relaxation times or as recovery of absolute kinetic rates.

S5.2 Residue-level flexibility

As a complementary local analysis, we calculated Cα RMSF after structural superposition and
converted it to an isotropic fluctuation-derived B-factor using Eqs. S21 and S41. The represen-
tative trajectory localizes the largest fluctuations to the NMP and LID domains while retaining
a comparatively rigid CORE (Fig. S2). Its B-factor profile also places several flexible regions at
positions similar to the crystallographic profile, although absolute magnitudes differ. We use this
comparison only as a qualitative residue-level consistency check because crystallographic B-factors
include crystal-packing, static-disorder, and refinement contributions.

S5.3 Strain-based PCA

Strain-based PCA provides a complementary view of the ADK transition by separating local me-
chanical deformation from rigid-body rotation and translation of the NMP and LID domains.
ADK opening involves coordinated rearrangements of the LID and NMP domains and can proceed
through multiple intermediate conformations [1, 2]. We applied the analysis to the same M = 10
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Figure S2: Residue-level flexibility along a representative TEMPO-generated ADK
transition. (A) Per-residue B-factors derived from the generated trajectory and the crystallo-
graphic ADK structure. (B) Per-residue Cα RMSF from the same trajectory, with CORE, NMP,
and LID annotations.

endpoint-conditioned trajectories used in main-text Fig. 3, with T = 500 frames per trajectory.
For a protein with L residues, let

rm,ti ∈ R3 (S49)

denote the Cα coordinate of residue i in replicate m at frame t, where i = 1, . . . , L, m = 1, . . . ,M ,
and t = 0, . . . , T − 1. Closed 1AKE was used as the reference conformation, with reference coordi-
nates r0i .

For each residue, we defined a reference neighborhood from Cα atoms within dc = 10 Å:

Ni =
{
j ̸= i :

∥∥r0j − r0i
∥∥
2
< dc

}
. (S50)

The reference and deformed neighbor vectors are

x0
ij = r0j − r0i , ym,tij = rm,tj − rm,ti . (S51)

For every residue, frame, and replicate, the local deformation gradient was estimated by least
squares using a local finite-strain formulation:

Fm,ti = arg min
F∈R3×3

∑
j∈Ni

wij

∥∥∥ym,tij − Fx0
ij

∥∥∥2
2
, (S52)

where uniform weights wij were used. The corresponding Green–Lagrange strain tensor is

Em,ti =
1

2

[(
Fm,ti

)T
Fm,ti − I

]
. (S53)
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Because this tensor removes the rotational component of the local affine transformation, it reports
deformation of the residue neighborhood rather than overall translation or rigid-body domain ro-
tation.

The six independent components of the symmetric strain tensor form a residue-level vector

em,ti =
[
Em,ti,xx, E

m,t
i,yy, E

m,t
i,zz, E

m,t
i,xy, E

m,t
i,xz, E

m,t
i,yz

]
. (S54)

Crucially, the residue vectors were concatenated within each conformation to obtain one frame-level
feature vector,

zm,t =
[
em,t1 , em,t2 , . . . , em,tL

]
∈ R6L. (S55)

Thus, residues are features of each frame rather than independent PCA samples. Each of the
6L features was standardized across the pooled set of M × T = 5,000 conformations, and PCA
was fitted to the resulting frame-by-feature matrix. The score of frame (m, t) on strain principal
component k is

pm,tk =
(
zm,t − z̄

)T
vk, (S56)

where z̄ is the pooled mean and vk ∈ R6L is the loading vector for component k.
Figure S3A shows the strain-PC scores (pm,t1 , pm,t2 ) of the generated conformations. Points are

colored by normalized transition progress,

τt =
t

T − 1
, (S57)

where τt = 0 and 1 denote the beginning and end of each generated path, respectively. Early and
late frames occupy different portions of the strain-PC projection, and the intervening frames form
a progression between them. The first two strain PCs explain 31.2% and 13.2% of the variance,
indicating that the leading components summarize a substantial, but not exhaustive, fraction of
the local-deformation variability.

To identify which residues contribute to the dominant strain mode, we grouped the six PC1
loading components associated with each residue and calculated

ℓ
(1)
i =

 ∑
c∈{xx,yy,zz,xy,xz,yz}

(v1,i,c)
2

1/2

, (S58)

where v1,i,c is the PC1 loading of strain component c for residue i. The residue-wise profile in
Fig. S3B therefore measures the contribution of each residue’s local strain components to PC1;
it is not a PCA performed independently over pooled residues. Prominent contributions occur in
the NMP and LID regions and at NMP–CORE and LID–CORE interfaces, whereas most of the
CORE has smaller loading magnitude. This pattern is consistent with domain opening coupled
through localized hinge and interface deformation rather than uniform deformation of the CORE
scaffold, and with prior evidence that localized conformational fluctuations contribute to ADK
allostery [3, 4].

For the residue-time map, scalar local strain was calculated as the Frobenius norm

sm,ti =
∥∥∥Em,ti

∥∥∥
F
=

 ∑
α,β∈{x,y,z}

(
Em,ti,αβ

)21/2

, (S59)
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Figure S3: Strain-based PCA of the TEMPO-generated ADK transition ensemble. (A)
Projection of the 5,000 generated conformations onto the first two strain PCs, colored by normalized
transition progress; the components explain 31.2% and 13.2% of the variance. Large green and red
markers denote the closed 1AKE and open 4AKE references projected using the same feature
transformation. (B) Residue-wise strain-PC1 loading magnitude, obtained by combining the six
PC1 loading components assigned to each residue, with CORE, NMP, and LID annotations. (C)
Residue-time map of the Frobenius norm of the local Green–Lagrange strain tensor, averaged across
the 10 trajectory seeds at each generated-frame index.
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1J9O 2QKE 3GMH

4QHH 5OND 2LHC

Figure S4: Projected relative occupancy for six additional endpoint-conditioned systems. The axes
are RMSDs to the two endpoint structures (green and red circles), and stars mark representative
generated conformations at intermediate RMSD combinations. Color denotes the dimensionless
occupancy-derived score − ln(P/Pmax) and is not interpreted as an equilibrium free energy. Top
row: 1J9O↔2N54, 2QKE↔5JYT, and 3GMH↔1S2H. Bottom row: 4QHH↔4QHF, 5OND↔6C6S,
and 2LHC↔2LHD.

and averaged across independent trajectories at each frame index:

s̄ti =
1

M

M∑
m=1

sm,ti . (S60)

The resulting heat map (Fig. S3C) localizes persistent deformation to specific residue bands, par-
ticularly within the NMP/LID regions and their interfaces with the CORE, rather than showing
diffuse strain throughout the protein. Together, the strain-PC projection, residue-wise loading pro-
file, and residue-time map provide a local-deformation complement to the global tICA progression
and contact exchange in main-text Fig. 3.

S6 Additional Endpoint-Conditioned Transitions

We applied the endpoint-conditioned procedure in Section S2 to six systems beyond ADK, initiating
each rollout from one experimental structure and conditioning on its paired endpoint. Figure S4
projects the resulting conformations onto RMSD to the two endpoints. All six cases contain gener-
ated frames spanning the endpoint-defined coordinate range and connected regions of intermediate
RMSD, including the larger excursions in 3GMH↔1S2H and 5OND↔6C6S. The representative
structures mark positions along these projected corridors; they are not assigned as metastable
states.
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1J9O↔2N54. The generated density forms a bent corridor between the two endpoint-defined
regions. The representative states follow the turn in this corridor: State 1 lies in the broad high-
occupancy region closer to the 1J9O side of the projection, whereas States 2 and 3 occupy progres-
sively more 2N54-like RMSD combinations.

2QKE↔5JYT. This projection also contains a curved, connected corridor. Its width is greatest
around State 1 and narrows as the generated conformations progress through States 2 and 3 toward
the 5JYT-defined end of the coordinate range. The projected path therefore resolves intermediate
combinations of the two endpoint RMSDs rather than placing generated frames only near the
endpoints.

3GMH↔1S2H. The two endpoint structures are separated by an RMSD range approaching
20 Å. Generated conformations populate an elongated diagonal-to-curved corridor across this range,
and the three representative states mark early, middle, and later portions of the projected progres-
sion. Compared with the first two systems, the occupied region is broader and contains greater
variation transverse to the endpoint-connecting direction.

4QHH↔4QHF. The projected density follows a pronounced curved path: it first extends
mainly along RMSD to 4QHH and then turns toward lower RMSD to 4QHF. States 1–3 sample
successive portions of this bend, showing that the two endpoint distances do not change in a simple
linear proportion along the generated path.

5OND↔6C6S. This system spans the largest endpoint-RMSD range in the panel. The gen-
erated conformations form a broad arc with several regions of elevated occupancy, extending from
the 5OND side through States 1 and 3 to the 6C6S-proximal region containing State 2. The non-
monotonic geometry of the arc indicates substantial variation in the two endpoint distances across
the generated ensemble; it is not used to assign a unique sequence of microscopic structural events.

2LHC↔2LHD. The generated density is concentrated in a comparatively narrow diagonal
corridor between the endpoint-defined regions. The marked representative state lies in its highest-
occupancy portion, while the remaining generated conformations extend continuously toward the
2LHD side of the projection.

The shape and width of the occupied corridor differ among systems, indicating system-dependent
variation in the endpoint-conditioned rollouts. Because these ensembles are generated under fixed
endpoint conditioning and are not Boltzmann-weighted samples, the projected densities do not de-
termine equilibrium populations, barrier heights, interconversion rates, or a unique physical mecha-
nism. They provide a qualitative extension of the ADK result by showing that the same procedure
generates conformations spanning intermediate RMSD combinations for multiple endpoint pairs.

S7 Cross-State Q-Score Patterns

Figure S5 compares the mean opposite-state Q-scores from active- and inactive-initiated rollouts
using the protocol in Section S3. Across 104 kinases, 63% have |∆Q| ≤ 0.05, 22% have 0.05 <
|∆Q| ≤ 0.10, and 15% have |∆Q| > 0.10. Thus, most proteins show similar mean cross-state contact
similarity in the two rollout directions, whereas a subset shows stronger starting-state dependence.

S8 Exploratory GPCR Transfer Cases

Of the six GPCR systems analyzed (two from each of Classes A–C), the four not displayed in the
main text are C-C chemokine receptor type 5 bound to maraviroc, corticotropin-releasing factor
receptor 1 bound to CP-376395, apo corticotropin-releasing factor receptor 1, and metabotropic
glutamate receptor 5 bound to 2-[2-(3-methoxyphenyl)ethynyl]-6-methyl-pyridine. For each system,
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Figure S5: Starting-state dependence of opposite-state Q-scores for 104 human kinases. Each point
represents one kinase, with the mean Q-score of inactive-initiated frames against the active reference
on the x-axis and the mean Q-score of active-initiated frames against the inactive reference on the
y-axis. Colors denote the descriptive |∆Q| bins defined in Section S3; the diagonal denotes equal
mean scores in the two directions.

nonprotein components were removed from the reference trajectory, 500 receptor-only MD frames
spanning 500 ns were retained, and TEMPO generated a 500-frame backbone rollout from the first
processed frame without GPCR-specific parameter updates. Principal components were fitted to
the corresponding receptor-only MD ensemble, and generated conformations were projected into
the same PC1–PC2 coordinate system.

Generated conformations overlap portions of the corresponding reference projection in all four
cases (Fig. S6). For C-C chemokine receptor type 5 and CP-376395-bound corticotropin-releasing
factor receptor 1, the generated ensembles extend across multiple connected regions of the MD-
derived projection rather than collapsing to a single point. The apo corticotropin-releasing factor
receptor 1 ensemble covers the dominant central region and part of its surrounding projected
density, whereas the metabotropic glutamate receptor 5 ensemble is more localized. Across the
representative conformations, the largest structural differences occur mainly in extracellular loops
and terminal segments, while the transmembrane backbone remains comparatively stable. Together
with the two main-text examples, these results provide an exploratory test of receptor-backbone
transfer. The small panel, receptor-only representation, and two-dimensional projection do not
establish recovery of ligand-, membrane-, solvent-, or ion-dependent GPCR dynamics.
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Figure S6: Additional exploratory GPCR transfer cases. Purple contours denote the projected
density of each receptor-only MD reference in PC1–PC2 space, blue points denote TEMPO-
generated conformations, and green stars mark representative generated conformations. Top left:
C-C chemokine receptor type 5 bound to maraviroc. Top right: corticotropin-releasing factor recep-
tor 1 bound to CP-376395. Bottom left: apo corticotropin-releasing factor receptor 1. Bottom right:
metabotropic glutamate receptor 5 bound to 2-[2-(3-methoxyphenyl)ethynyl]-6-methyl-pyridine.
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