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ABSTRACT: Understanding how protein structures dictate their diverse biological functions remains one of the central and
enduring challenges in structural biology. The development of AlphaFold and ESMAtlas marks a significant advance in protein
science, enabling the reliable prediction of protein structure directly from amino acid sequence. This advance in structure prediction
underscores the need for complementary methods that can explore conformational space and enable efficient sampling of dynamic
trajectories. Here, we present TSS-Pro, a conditional generative diffusion framework that enables efficient sampling of protein
conformational trajectory space. TSS-Pro takes the initial frame as conditional input and generates protein conformational
trajectories. It supports two sampling strategies: (1) consecutive sampling, where each trajectory segment is generated step by step
by conditioning on the final frame of the previously generated segment, enabling temporally coherent propagation of structural
transitions; (2) parallel sampling, where multiple trajectory branches are independently generated from initial conditions to enhance
conformational diversity. We validate TSS-Pro on three representative systems of increasing complexity: alanine dipeptide, ubiquitin,
and Drosophila cryptochrome (dCRY). TSS-Pro reproduces the free energy landscape of alanine dipeptide. In the case of ubiquitin,
consecutive sampling with TSS-Pro overcomes local minima and uncovers distinct conformational states of the C-terminal region.
For the large protein dCRY, TSS-Pro achieves high efficiency through parallel trajectory sampling, enabling conformational and
dynamic exploration typically accessible only through extensive simulations. TSS-Pro paves the way for high-throughput exploration
of protein trajectories and conformational landscapes for large and complex systems.

1. INTRODUCTION

Proteins, as fundamental molecular workhorses of life,
underpin virtually all biological processes, supporting organ-
ismal growth, reproduction, and homeostasis."”” The diverse
biological functionalities of proteins depend on the precise
folding of the amino acid sequences into three-dimensional
(3D) structures. The relationship between protein structure
and function is fundamental to life," > orchestrating processes
ranging from enzyme catalysis’ and signal transduction’ to
molecular transport® and disease development.” Experimental
methods including X-ray crystallo%raphy,10 nuclear magnetic
resonance (NMR) spectroscopy, "> and cryo-electron mi-
croscopy (cryo-EM)"”'* have been widely used to determine
protein structures.

While 3D structures provide a foundation for understanding
proteins, sampling their dynamics is essential to capture the
conformational flexibility that enables their function. Compre-
hensive characterization of protein dynamics provides critical
insights into mechanisms of catalysis, regulation, and molecular
recognition. Computational approaches, including molecular
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dynamics (MD)"® simulations, coarse-grained MD simula-

. 16,17
tions, ’

and enhanced sampling techniques, enable explora-
tion of protein functional states and their underlying
conformational landscapes. Machine Learning-assisted Force
Fields (MLFF) have emerged as promising tools to enhance
sampling efficiency.'®'” The AI’BMD model was developed
using the ViSNet graph neural network,”® and a fragmentation
method was employed to enable ab initio accuracy in all-atom
biomolecular simulations.”’ Despite significant advances in
computational methods, dynamical sampling of biomolecular

systems remains challenging because biologically relevant
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Figure 1. Architecture of TSS-Pro. Molecular dynamics (MD) trajectories were used as training data. During the backward diffusion process, the
initial frame was incorporated as a conditional input to guide trajectory generation. The framework was evaluated on three systems: (1) alanine
dipeptide; (2) ubiquitin; (3) Drosophila cryptochrome (dCRY). Two sampling strategies were implemented: consecutive sampling, which generates
trajectories stepwise by refining the last frame of each segment and using it as the starting condition for the next segment, ensuring temporal
continuity; and parallel sampling, which generates multiple trajectory segments independently from one or more reference frames, thereby
increasing structural diversity and accelerating exploration of conformational space.

processes often occur on long time scales, ranging from
microseconds to milliseconds, and even seconds.

The recent revolution in protein sequence-to-structure
prediction, led by AlphaFold,””~** has significantly advanced
protein conformational prediction and sampling. Since its
release in 2020, AlphaFold has advanced from a convolutional
neural network (CNN) architecture to a diffusion-based
framework with substantial improvements in predictive
accuracy.”* Meta launched ESM Metagenomic Atlas, employ-
ing large language models to predict protein structures from
primary sequence data.”> Baker and coworkers developed
RoseTTAFold, a generative diffusion model designed to
address a broad range of protein design challenges, including
de novo binder design, active-site scaffolding, and the
engineering of functionally specialized protein structures.”®
These developments provide a strong foundation for protein
conformational space sampling.

To bridge the gap between protein structural prediction and
functional understanding, Frank Noé&’s team developed
BioEmu,”” which identifies key conformational changes such
as the open-closed motions of Adenylate Kinase*® and the
conformational transitions of loops in Tetraspanin CD9.”
Taking advantage of prevalent conditional diffusion model, Xu
and Wang integrated protein state classifier, membrane
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constraint, and sequence conditioner as conditioning factors
to guide the sampling of biologically relevant conformations of
P-type ATPases.”’ Beyond discrete conformational sampling,
other researchers have shifted their attention toward capturing
the continuous protein trajectories and the transition pathways
that connect distinct functional states. Liu et al. developed a
deep learning framework following out-of-distribution detec-
tion methods for transition state identification based on MD
simulations.”’ Ingolfsson et al. developed an automated
multiscale framework incorporating machine learning—driven
sampling and feedback, demonstrating its ability to efficiently
capture lipid—protein interactions and conformational dynam-
ics of the RAS—RAF signaling complex.””

Recently, a denoising diffusion probabilistic model (DDPM)
has emerged as a powerful generative tool for enhancing the
exploration of biomolecular conformational space. However, it
still faces challenges, including underrepresentation of low-
probability states and occasional production of physically
implausible structures.> Extending this approach, Stirnemann
and colleagues integrated solute-tempered Hamiltonian replica
exchange with DDPMs, enabling markedly improved sampling
across effective temperatures.”® Despite such strengths in
constructing conformational ensembles, efficient exploration of
short-timescale protein dynamics remains an open challenge.

https://doi.org/10.1021/acs.jctc.5c01579
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Given the strong performance of generative models in
exploring protein dynamics and conformational space, we
hypothesize that such models can be extended to sample
protein trajectory space directly. This approach could enhance
sampling efficiency with time-dependent information about
conformational transitions often sought in MD simulations.
Building on this idea, and drawing inspiration from the
conditional diffusion model framework® and its implementa-
tion for protein backbone structure generation,”® we introduce
a conditional generative diffusion framework for sampling
protein trajectory space, termed TSS-Pro. The framework
supports two modes of implementation—consecutive and
parallel—as illustrated in Figure 1. In consecutive sampling
mode, trajectory segments are generated sequentially. Each
new segment is derived from the final frame of the previous
one, ensuring smooth and temporally consistent conforma-
tional evolution. In contrast, parallel sampling generates
multiple trajectory segments from one or more reference
frames, broadening the range of accessible conformations. To
enhance sampling flexibility, TSS-Pro introduces a tunable
pseudotemperature coefficient to modulate conformational
variability.

To evaluate TSS-Pro, we selected three model systems of
increasing size and complexity: alanine dipeptide, ubiquitin,
and Drosophila cryptochrome (dCRY). For alanine dipeptide,
TSS-Pro reconstructed a conformational landscape consistent
with MD simulations. For ubiquitin, it overcame thermody-
namic barriers and accessed additional conformational states
beyond the MD ensemble. Finally, for JCRY, TSS-Pro scaled
effectively to large proteins, generating physically plausible
structures with a low atomic clash rate. Extending generative
modeling to trajectory space, our work opens a new direction
for molecular sampling in biomacromolecule systems.

2. METHODS

2.1. Molecular Dynamics Simulations

MD simulations were performed using the GPU-accelerated
Amber22 pacl<age.37’38 For dCRY, the AMBER ff14SB force
field was applied to the protein, while the generalized AMBER
force field (GAFF)® was used for the fully oxidized FAD
cofactor, with RESP charges40 assigned to its oxidation state.
For ubiquitin and alanine dipeptide, the AMBER ff19SB*'
force field was applied. All simulations were carried out in
explicit solvent using the TIP3P water model.*” Covalent
bonds involving hydrogen atoms were constrained using the
SHAKE algorithm™ to improve numerical stability. Energy
minimization and equilibration protocols followed our
previous work.”* For ubiquitin and dCRY, the first 100 ns of
the production trajectory were used for model training, and an
additional 100 ns were used for analysis and conditional frame
extraction, unless otherwise specified.

2.2. Data Preparation

The central idea of the TSS-Pro method is to combine
sequential snapshots from MD trajectories to form a single
training example. Therefore, each data point in both the
training and generated data sets explicitly encodes temporal
information about the system’s dynamics.

We generated the training data by encoding each residue as
six angular values: three torsion angles (®,y,@) and three
bond angles (6°,6",6"), as described in a previous study.”® The
complete trajectory was divided into segments of 5, 10, 20, and
50 snapshots, respectively. In each partition, the first frame of
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every segment was designated as the reference structure

y € [RLXé, where L denotes the number of residues, and the six
angles are stacked along the second dimension in the order
<D,l//,a),9“,9b,9”. The angular values of all subsequent frames
were computed as differences from the reference frame. The

remaining frames of each segment were represented as a two-

dimensional array x € R™, where k is the number of

predicted snapshots in the segment (e.g., k is 4 for segments
with S snapshots), and L is the number of residues. As is
depicted in Figure S12, frames were concatenated along the
second dimension (e.g, [frame llframe 2l ... lframe k]), with
each frame containing six angles. The reference frame of each
segment x, denoted y, served as the conditioning input during
training. This formulation yields angular trajectories computed
relative to the initial frame, providing a compact and
transformation-invariant representation well-suited for trajec-
tory learning.

2.3. Augmented Dickey-Fuller (ADF) Test for Protein
Trajectory Data

The ADF test™*® was performed on the protein trajectory
data to test for stationarity. The general form of the ADF
regression is

k-1
Ax, =p +yt+ ax,_; + Z ﬂ}.Axt_j + u,
j=1 (1)
where Ax, = x, — x,_; denotes the first difference of the time-
series data (the five temporal features mentioned in the time-
series analysis for the protein trajectory section), y is a
constant, and u, is white noise. The lagged differences Ax,_
account for higher-order serial correlation, while the
coefficients f§; capture the short-run dynamics of the differ-
enced series.
The ADF function is computed as

A

—
SE(Q)

()

where @ is the Ordinary Least Squares (OLS) estimate of a.
This statistic tests the null hypothesis Hy: @ = 0 (presence of a
unit root, nonstationarity) against the alternative H;: @ < 0
(stationarity). When a > 0, the process is explosive and
nonstationary, with variance growing without bound. The
associated p-values represent the probability of observing the
test results under the null hypothesis; p < 0.05 suggests
rejection of Hy, supporting the stationarity of the data.

2.4. Autocorrelation Function (ACF) and Partial
Autocorrelation Function (PACF)

The ACF and PACF functions are used to characterize
temporal dependencies in protein trajectories. The ACF
measures the correlation between observations and their
lagged counterparts, quantifying the persistence of patterns
over time. Given a time series with N observations, let x

denote the sample mean. The autocorrelation at lag k is
defined as

Zf:lk (2, = %) (%, — %)
Zil (%, — %)’ (3)

The PACF quantifies the direct relationship between x, and
x,_;. after removing the linear effects of all intermediate lags

ACF(k) =

https://doi.org/10.1021/acs.jctc.5c01579
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from 1 to k — 1. Formally, the PACF at lag k is given by the
last coefficient @y in the autoregressive model of order k:

X, = ¢k1xt—1 + ¢k2xt_2 + ..+ ¢kkxt_k + ¢ (4)

where ¢, represents the white noise error term. The coeflicient
®@,; corresponds to the partial autocorrelation at lag k. In this
study, PACF values are estimated using the Yule-Walker
equations with unbiased autocovariance estimates,’’ as
implemented in the statsmodels package.*®

2.5. Conditional Generative Diffusion Model in TSS-Pro

To generate protein trajectories, we adopted a conditional
Denoising Diffusion Probabilistic Model (cDDPM), extending
the framework of the previously reported unconditional
FoldingDift model.** Each segment (as described in Section
2.2) serves as the ground-truth sample in the diffusion model.
During training, the model learns a Markovian forward noising
process in which Gaussian noise is gradually added to a
ground-truth sample, denoted x,, over a total of T steps.
Simultaneously, it learns a corresponding reverse denoising
process, parametrized by a trainable neural network, that
progressively reconstructs x, from the noisy inputs. The overall
objective is to model py(xo.7ly), where xg.r = {xgx1,%p X7}
denotes the sequence of data points in the diffusion process,
with progressively increasing noise at each step. The structure
of each data point in xy, follows the same format as described
in Section 2.2, Data preparation: the reference frame y € RN,
corresponding to x,, serves as the conditioning input to train
the denoising network.

During the forward diffusion process, at each step t €
{0,1,2,..,T}, the protein trajectory as segment data x,_; is
corrupted by Gaussian noise to produce x,, defined as

q('xtl'xt— 1) = Nwmpped(xt; Xt—14/ 1 - ﬁt ’ ﬂtl) (5)
where f, refers to the variance schedule at step t, and Nwmpped

indicates that angular values are wrapped into the principal
interval range (—7,7]. Using the closed-form expression for the
marginal distribution q(xlx,), the forward process trans-
formation is

x, = wrap(\[@,xy + /1 — @,€), e ~ N(0, I)

where @, is derived from the cosine schedule, similar to S,
The wrapping function ensures angles remain within the
principal interval:

wrap(X) = [(X + #)mod27x] — =

(6)

36,49

)

The diffusion model is trained to predict the noise term &, as
defined in eq 6, rather than directly reconstructing x, The
neural network &(x,, y, t) is conditioned on three inputs: the
noised protein trajectory x,, the reference frame y, and the
diftusion step t. The loss function for training is defined
following the previous study:*®

d2
- ld,| <n
2n ) dy,

ld,| — 0.5n otherwise

Is

moothL1,wrapped =

(8)

where # = 0.1 denotes the transition threshold between the
L2 and L1 loss regimes. In the L1 regime, large errors are
penalized linearly, reducing sensitivity to outliers, whereas in

wrap(e — é(xt, ¥, t))
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the L2 regime, small errors are penalized quadratically,
encouraging precision.

In the reverse diffusion process, the model iteratively
denoises the trajectory x; to reconstruct x,_;, conditioned on
the reference frame y. The reverse transition distribution is
defined as

qg(xt—lly’ x,) = Nwmpped(xt—li /’lt(xt’ ¥ t), O}ZI) (9)

The posterior mean 4, and variance 6, are determined by
the noisy trajectory x;, the conditioning reference frame y, and
the diffusion step t:

ﬂt(xu t,y) = . X — ﬂt —&(x,, 5, t)
N Vi-& (10)
1-a
i 1 —Gtt_tlﬁt (11)
At each reverse step, x,_; is sampled as
x,_y = wrap(u,(x,, y, t) + (oz) 2z~ N(0, I) (12)

where { is a stochastic coefficient that controls the degree of
randomness during sampling. A setting of { = 1 yields fully
stochastic sampling, whereas { = 0 produces a deterministic
trajectory, similar to Denoising Diffusion Implicit Models
(DDIMs).*° Here, z ~ N(0, I) represents independent stand-
ard Gaussian noise, which injects stochasticity into each step
when ¢ > 0. The process is initialized by drawing N(0, I), and
eq 12 is then applied iteratively in reverse order, from t = T
down to t = 1, to progressively denoise the trajectory and
reconstruct x,. During the denoising process, x; is generated
via Gaussian noise sampling. At each step t € [0,T], x,_; is
computed by the Denoising Diffusion Probabilistic Model
(DDPM), using the noise term & predicted by the BERT
network, as defined in eq 12. This iterative process continues
until an estimate of the clean sample x, is obtained. Note that
the index t refers to the diffusion time step, not the physical
time step index in the MD trajectory. A denoising diffusion
process with T = 1000 is illustrated in Figure S3 of the
Supporting Information. It starts with angular values sampled
from Gaussian noise at diffusion time t = 1000 and gradually
regains protein folding and conformational plausibility as ¢
decreases to 0.

2.6. Neural Network Architecture

A BERT-based Transformer encoder’’ was employed as the
learnable denoising network. The noisy trajectory x, the
conditioning reference frame y, and the diffusion time step ¢
(embedded using random Fourier features) are projected into
a shared 384-dimensional space and then summed to form the
input representation:

h= xtemb + yemb + temb e [Rd (13)

The BERT encoder was implemented with 12 Transformer
layers, each containin§ 12 attention heads, following previous
studies (Table $4).°*>* This architecture integrates temporal,
structural, and conditional information and provides output
&(x,, y, t) with the same dimensionality as x;.

2.7. PyRosetta Optimization

As a postprocessing step during sequential sampling, the last
frame of each trajectory segment was refined with PyRosetta>’
using harmonic coordinate constraints applied to backbone

https://doi.org/10.1021/acs.jctc.5c01579
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heavy atoms. This refinement improved local geometry,
reduced steric clashes, and preserved the overall backbone
conformation. The all-atom Rosetta Energy Function 2015
(REF15)>* was applied in conjunction with a constraint-
weighted relaxation protocol, where harmonic coordinate
constraints were gradually relaxed over 1,000 iterations.

2.8. Latent Space Distribution and Clustering Analysis

To visualize the protein conformational landscape, we
employed two approaches for comparison: a feedforward
autoencoder’” and time-lagged independent component
analysis (t-ICA).>° Following our previous study,’* the
autoencoder architecture was implemented with an encoder
and a decoder, using Rectified Linear Unit (ReLU) activations
in all hidden layers and a sigmoid output layer to constrain
reconstructions within the [0,1] range. The network was
trained by minimizing the mean-squared reconstruction error,
augmented with an additional L2 penalty on the latent
variables to favor a compact and well-structured latent space. t-
ICA was implemented using the PyEMMA 2 package’’
following standard protocols, and the resulting trajectories
were projected onto the first two time-lagged independent
components to yield a two-dimensional kinetic embedding.>®

Protein trajectory conformations were clustered using the
MDSCAN package,52 which is designed to analyze long MD
trajectories based on the root-mean-square deviation (RMSD).
MDSCAN enhances the HDBSCAN algorithm by introducing
a memory-efficient RMSD-based implementation that uses
vantage-point tree encoding to speed up nearest-neighbor
searches and a dual-heap approach to build a quasi-minimum
spanning tree. HDBSCAN>” is a hierarchical density-based
clustering algorithm that identifies clusters of varying densities
by building a hierarchy of connected regions in data.
Compared with HDBSCAN, MDSCAN dramatically reducing
time and memory complexity for clustering long molecular
dynamics trajectories.

2.9. Conversion between Backbone Angles and 3D
Coordinates

To represent a protein backbone in a compact yet informative
manner, each residue is encoded using six internal angles: three
torsion angles (®@,y,w)and three bond angles (6°,656°), as
illustrated in Figure S7 of the Supporting Information. For a
protein of L residues, this yields an angle matrix of dimensions
equal to L X 6. However, the first residue lacks the ® torsion
angle, and the terminal residue lacks y, ®, 0", and €. The
values of these angles are initialized to zero during training and
excluded during the reconstruction of the protein structure
from the output. The reconstruction of Cartesian coordinates
from these internal coordinates follows the Natural Extension
Reference Frame (NeRF) algorithm.60 Given three backbone
atoms in residue i: N, C(i,, C' € R}, the position of the next
backbone atom N'' can be determined using the NeRF
algorithm. Iteratively applying this transformation reconstructs
the backbone coordinates following the repeating atomic order
N—-C,—C. This formulation ensures that the protein structure
can be faithfully regenerated from the internal angle
representation while maintaining geometric continuity. To
evaluate reconstruction accuracy, RMSD values were calcu-
lated for alanine dipeptide, ubiquitin, and dCRY by comparing
structures before and after reconstruction. The results are
reported in Table S2 of the Supporting Information. The
consistently low RMSD values indicate that the reconstructed
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structures closely match the original conformations, thereby
confirming the reliability of the reconstruction process.

2.10. Potential of Mean Force (PMF)

The PMEF is the free energy profile of a system as a function of
a chosen reaction coordinate or collective variable,

W(z) =~k TInb(2) (14

where kp is the Boltzmann constant, T is the ambient
temperature 300 K, and P(z) is the probability distribution
of the conformation at bin z. In this study, the configuration
space is discretized into 100 uniform bins along each
dimension.

2.11. Kullback—Leibler (K-L) Divergence

To quantify the deviation between two probability distribu-
tions, we computed the K—L Divergence following established
practices in prior work. Given two discrete distributions P and
Q, the K—L Divergence is defined as:

al P
Dy (PIIQ) = Z Pilog[al]

1

(15)

Where N denotes the number of histogram bins used to
represent the distributions. A lower Dy, value indicates greater
similarity between P and Q, while higher values reflect
increased divergence.

2.12. Signal-to-Noise Ratio (SNR) Calculation

To quantitatively evaluate the overlap between the ¢p—y angle
distributions sampled by TSS-Pro and MD, we computed the
Signal-to-Noise Ratio (SNR)®"*” based on the popularity
density over ¢— space, as given by the following equation:

(P ]
((Prss—pro — PMD)2> (16)

where (-) denotes the mean over all histogram bins in the ¢p—y
dimension space. Prgs_p, and P, denote the probability
densities obtained from sampling with TSS-Pro and from MD
simulation, respectively. The MD distribution is taken as the
signal, and the deviation of the TSS-Pro distribution from it is
considered the noise.

SNR; = 1010g10[

3. RESULTS AND DISCUSSION

3.1. Overall Architecture

Training of the conditional diffusion framework was performed
using molecular dynamics trajectories from three model
systems (Figure 1). During the forward diffusion step,
Gaussian noise was added to the trajectory based on the eq
6, transforming it into the noisy trajectory xr. The model was
trained to predict the noise by &(x,, y, t).

During inference, the initial frame y is provided as a
condition, together with the diffusion time embedding g =
[sin(27@;t),cos(2zw;t)] and the protein trajectory angular
values x, at diffusion time t. A transformer-based network then
predicts the noise and iteratively denoises the trajectory,
reconstructing physically meaningful conformational dynamics.

We implemented two sampling strategies. Consecutive
sampling—illustrated in the green panel (bottom left) of
Figure 1—is initialized from a single conformation and
generates the protein trajectory one segment at a time. The
final frame of trajectory segment i is refined using PyRosetta,
with harmonic coordinate constraints applied to backbone
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Figure 2. Autocorrelation function (ACF) and partial autocorrelation function (PACF) for alanine dipeptide, ubiquitin, and dCRY trajectory data.
Temporal features analyzed include: (1) Root-mean-square deviation (RMSD, mint green), quantifying structural deviation relative to the initial
frame; (2) Mean backbone dihedral angle @ (torsion around peptide bond N—Ca, lavender); (3) Mean backbone dihedral angle y (torsion
around peptide bond Ca—C, pink); (4) Mean dihedral angle @ (torsion around the peptide bond C—N, Beige); and (5) One-dimensional protein
coordinate representations derived from the autoencoder (AE) model (sky blue). The ACF measures both direct and indirect correlations between
a variable and its past values, providing an overall assessment of temporal dependence across lag times. In contrast, the PACF isolates the direct
contribution of each lag after accounting for the effects of shorter lags.

atoms during optimization. This produces a physically
plausible structure that serves as the starting condition for
the subsequent segment i + 1. This approach ensures temporal
continuity across the generated trajectories. In contrast, parallel
sampling—illustrated in the orange panel (bottom right) of
Figure 1—generates trajectory segments independently from
one or more reference frames. This design supports rapid
diversification of sampled conformations through concurrent
trajectory expansion, resembling a breath-first search (BFS)
strategy.63

3.2. Time-Series Analysis for the Protein Trajectory

To investigate temporal dependencies in protein trajectories,
we conducted time series analysis on the generated data.
Because both autocorrelation function (ACF) and partial
autocorrelation function (PACF) assume stationarity, we first
tested the trajectory data to confirm this condition. Five
temporal features were then extracted as functions of time: (1)
RMSD calculated relative to the first frame; (2) Mean
backbone dihedral angle @® (torsion around peptide bond
N—Ca); (3) Mean backbone dihedral angle ¥ (torsion around
peptide bond Ca—C); (4) Mean dihedral angle @ (torsion
around the peptide bond C—N); (5) One-dimensional protein
coordinate representations derived from the autoencoder (AE)
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model. Dihedral angles were averaged across all residues. The
backbone dihedral angles are depicted in angular tokenization
process in Figure S7.

To clarify the stationarity of the five time-dependent
features, we applied the Augmented Dickey-Fuller (ADF)
test. The ADF statistics and corresponding p-values are
reported in Table S1 of the Supporting Information. Across
all three systems, alanine dipeptide, ubiquitin, and dCRY, the
five features consistently exhibited negative ADF statistics and
significantly low p-values (<0.05), demonstrating their
stationarity. Notably, the ADF statistics for alanine dipeptide
are substantially lower (i.e, more negative) than those of
ubiquitin and dCRY, indicating a higher degree of stationarity
in this smaller dipeptide system. This stationarity supports the
validity of subsequent time series analyses using ACF and
PACEF.

After verifying stationarity, we calculated the ACF and
PACEF coefhicients. The ACF captures both direct and indirect
correlations between observations at different time lags; for
example, the effect of x,_, on x, may be mediated through x,_,.
In contrast, the PACF measures the direct linear relationship
between «x, and x,_ after accounting for the influence of all
intermediate lags by conditioning on the values of
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Figure 3. Average RMSD values for generated trajectories of varying lengths for (a) alanine dipeptide, (b) ubiquitin, and (c) dCRY, computed

from 20 generated segments per system.

X 1yXe_gpesXi_r1. As formalized in eq 4, the coefficient @y
denotes the partial autocorrelation at lag k.

Both ACF and PACF coeflicients for all five time-dependent
protein trajectory features decrease with increasing lag time
(Figure 2). Among these features, the AE-projected
coordinates, RMSD, and dihedral angle @ exhibit a slower
decay rate compared to the other two features. For alanine
dipeptide, the ACF and PACF coeflicients decline much more
rapidly with lag time than those of the larger proteins. Across
all the three systems, PACF coefficients fall below 0.2 within
five steps and below 0.1 within ten steps, indicating that
protein dynamics are predominantly influenced by the
preceding 5—10 frames. This faster decay in smaller systems
reflects their shorter memory and faster relaxation dynamics,
whereas larger proteins exhibit longer temporal correlations
due to their greater structural complexity.

3.3. Trajectory Generation by TSS-Pro

Since the protein conformations are predominantly influenced
by the preceding 5—10 frames, we focused on the S-frame and
10-frame segment models for all three model systems, which
correspond to sequences of a reference frame followed by 4 or
9 subsequent frames, respectively. The performance of the
conditional diffusion model was assessed based on the average
RMSD of frames in each segment relative to the reference
frame (Figure 3). For alanine dipeptide, the average RMSD
relative to the first frame remained largely unchanged with
increasing trajectory length, consistent with the PACF results
(Figure 2), which show that correlations vanish after
approximately five steps. In contrast, ubiquitin and dCRY
exhibited increasing RMSD with longer trajectories, reaching
approximately 3.5—4 A for dCRY in the SO-frame trajectory
segments. These results indicate that while the model captures
short-term dynamics reliably (4—5 frames ahead), its accuracy
declines over longer horizons due to error accumulation and
the broader conformational space of larger proteins.

As shown in Figure 4a, RMSD trends for five representative
model-generated trajectories from each system indicate that
ubiquitin exhibits a clear monotonic increase in RMSD with
frame number in both the S-frame and 10-frame segment
models, suggesting the presence of time-correlated deviations.
In contrast, JCRY displays weaker and less consistent trends.
Representative structural snapshots in Figure 4b reveal modest
conformational differences between generated frames, con-
sistent with the limited structural changes expected for protein
dynamics at the picosecond time scale.
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To further assess the role of the stochastic coefficient { in eq
12, we analyzed the frame-dependent RMSD profiles of the
ubiquitin system under different ¢ values (Figures S1 and S2).
At very small values (e.g, { = 0.005), the sampled trajectories
showed minimal variance, yielding nearly identical RMSD
plots across batches. As { increases, the trajectories show
increasing diversity, with larger variability in RMSD values.
This behavior reflects the influence of the additive Gaussian
noise term {0,z in eq 12, which injects increasing randomness
into the sampling process at higher . At { = 0.1, the variability
among trajectories closely resembled that observed in real MD
simulations, particularly in the distribution of RMSD profiles
(Figure 4a). These results demonstrate that our conditional
diffusion framework provides tunable control over trajectory
diversity, enabling the generation of either highly consistent or
highly varied conformational pathways by tuning (.

3.4. Sampling the Free Energy Landscape of Alanine
Dipeptide

To evaluate the performance of the conditional diffusion
model in exploring conformational space, we compared its
sampled conformations with those from the corresponding
MD simulations across the three systems. For alanine
dipeptide, we computed the ® — y PMF based on the MD
simulation and generated trajectories using a consecutive
sampling scheme with segment lengths of S, 10, and 20 frames.
To match the length of the 100 ns MD simulations used in this
analysis, a total of 100 ns of trajectories was generated for each
scheme. The S-frame segment model produced the more rigid
landscape (Figure Sb) than MD simulation (Figure Sa). In
contrast, the 10-frame and 20-frame models exhibited greater
dispersion in conformational space. Overall, the model-
generated and simulated 100 ns trajectories showed consistent
trends, with high-density regions concentrated within ® €
[—175°-25°] and y € [—100°,150°]. Although the PMF
based on trajectories generated by the conditional diffusion
model does not fully overlap with the free energy surface
(FES) derived from density functional theory (DFT),** it still
captures much of the energetically favorable region in ® €
[—180°—60°] and w € [—100°150°]. Furthermore, these
PMFs align well with a previous study.”’

To quantify the overlap between the MD simulated
ensemble and consecutively sampled ensemble, we calculated
the K—L divergence, as described in Section 2.11. The K-L
divergence is much lower in the $-, 10-, and 20-frame segment
schemes compared to the SO-frame segment schemes (Table
S3 of the Supporting Information). This observation
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Figure 4. (a) RMSD as a function of frame number for the generated trajectories with S different batches. Colored lines represent individual trials,
highlighting run-to-run variability and the diversity of conformations generated by TSS-Pro. (b) Representative structure snapshots from the
generated trajectories, illustrating conformational changes over time (top: ubiquitin; bottom: dCRY).

demonstrates the capability of the new method developed in
this study to reliably reproduce the free energy landscape of
model systems obtained through conventional simulations.
Additionally, the Signal-to-Noise Ratio was used to quantify
the degree of overlap between conformational distributions
sampled by TSS-Pro and those from MD simulations. As
shown in Supplementary Figure S14, the SNR remains
consistently above zero, indicating that TSS-Pro sampling
captures key characteristics of the MD-derived distribution. It
increases moderately as the TSS-Pro segment length increases
from 5 to 20 frames, reaching a maximum of 3.98 dB. This
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trend suggests improved agreement with MD simulations as
the segment length increases. However, under the 50-frame
segmentation scheme, the SNR drops sharply to 0.97 dB,
indicating that the model may have limited capacity to
accurately sample long trajectories. While further evaluation is
needed to establish clear implementation guidelines, this falls
outside the scope of the present proof-of-concept study.

3.5. Exploration of Ubiquitin Conformational Space Using
TSS-Pro

3.5.1. Consecutive Sampling Model. We first applied
consecutive sampling to ubiquitin using TSS-Pro to generate a
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(CTT). The RGG (74—76) motif shows the highest fluctuations, consistent with its functional role.

100 ns trajectory. In addition to the 100 ns MD simulation
used as training data to develop the conditional generative
diffusion model, an independent 100 ns MD simulation was
generated for comparison. Following a previous study,”® both
MD simulations were used to build a t-ICA latent space from
which the potential of mean force was constructed for three
sets of ubiquitin trajectories: the training simulation, the
independent simulation, and 100 ns of consecutive samples
generated using TSS-Pro (Figure 6). The independent
simulation (Figure 6b) explores a broader region of the latent
space than the training simulation (Figure 6a). Interestingly,
the TSS-Pro consecutive sampling (Figure 6c) primarily
occupies the region sampled by the independent simulation,
rather than by the training simulation.

Further structural analysis reveals that the differences among
these sampling results mainly originate from the C-terminal tail
(CTT), which is known to be flexible and critical for ubiquitin
function.”” We present the RMSD of the ubiquitin core
structure, comprising residues 1—73 and excluding the CTT,
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for all three samplings in Figure S9 of the Supporting
Information. As the RMSD of the ubiquitin core structure
remains under 1.75 A throughout all the sampling data, this
indicates that the TSS-Pro-generated sampling does not simply
replicate either simulation but instead yields complementary
sampling data, which is an expected outcome of independent
simulation methods. This is further supported by the
observation that the K—L divergence between the TSS-Pro-
generated trajectory and the independent simulation is smaller
than its divergence from the training simulation (Table S7).
Additionally, we performed Markov State Model (MSM)
analysis and computed the implied time scales for both TSS-
Pro and MD trajectories. The results show comparable
relaxation behavior (Figure $10) and metastable states (Figure
S11), confirming that the TSS-Pro—sampled trajectories
preserve the temporal correlations and kinetic properties
observed in MD simulations.

To evaluate the stability of consecutive sampling, we
computed both the RMSD between each frame and its
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successor (adjacent-frame RMSD) and the RMSD with respect
to the first frame (Figure 7a). The adjacent-frame RMSD
values remain below 1 A, indicating gradual and stable
structural evolution throughout the trajectory. In contrast,
the RMSD with respect to the first frame shows a significant
increase around 4 ns. Structural analysis reveals that this is
associated with a conformational transition, involving a change
in the orientation of the ubiquitin CTT (residues 74—76)
(Figure 7b). During this switch, the ubiquitin core structure
remains stable. This transition also corresponds to two distinct
regions in the PMF of the TSS-Pro-generated trajectory
(Figure 6¢). This type of structural change in the CTT is also
observed in the training simulation of ubiquitin (Figure 7d). It
should be noted that the changes in CTT orientation observed
in the TSS-Pro trajectory are physically plausible and distinct
from those seen in the training simulation, further supporting
TSS-Pro as an independent, and at least complementary,
approach to conventional MD simulation methods.
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We compared root-mean-square fluctuation (RMSF)
profiles of ubiquitin from the training simulation and TSS-
Pro consecutive sampling (Figure 7c). Consecutive sampling
reproduced the RMSF peaks observed in the flexible loops and
the CTT, showing agreement with the training simulation. The
observation that CTT exhibits pronounced flexibility in both
the training simulation and the TSS-Pro-generated sampling is
consistent with its known role in polyubiquitin chain assembly
during protein degradation’” and in mediating protein—
protein interactions.”*

We applied MDSCAN clustering to characterize the
structural diversity within the TSS-Pro-generated consecutive
sampling of ubiquitin, resulting in six distinct clusters.
Clustering quality is validated by comparing the average
pairwise RMSD values within (intracluster) and between
clusters (intercluster): intracluster RMSD values are substan-
tially lower than intercluster values (Figure 8a), confirming
that MDSCAN effectively grouped structurally similar
conformations. The centroid structures of each cluster are
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Figure 10. Parallel sampling distribution based on the conditional frames for (a) dCRY S-frame and (b) dCRY 10-frame methods.

shown (Figure 8b). While all clusters preserve the overall
ubiquitin fold, notable CTT conformational diversity is
observed, highlighting the sampling efficiency of the TSS-Pro
method.

We also plotted the Potential of Mean Force (PMF)
distributions of ¢p—y angles for Ubiquitin and dCRY based on
the TSS-Pro—generated trajectories and the 100 ns MD
simulations used for model training (Figure S8). These plots
provide a more detailed representation of the backbone
conformational space sampled for each system. While minor
under-sampling is observed in the TSS-Pro results likely due to
model limitations, the overall w—¢ distributions for both
systems, show substantial similarity with the MD simulations.
To quantify this agreement, we computed the SNR by treating
the MD distribution as the signal and the deviation of the TSS-
Pro distribution from it as noise. The SNR values for both
Ubiquitin (4.50) and dCRY (3.95) are significantly above zero
(Table S8), supporting the conclusion that TSS-Pro effectively
captures structural features represented in the MD reference
distributions.

3.5.2. Parallel Sampling Model. We also evaluated the
diversity of trajectory segments generated by TSS-Pro in
parallel sampling mode. To do this, we randomly selected
multiple frames from the independent simulation to serve as
conditioning inputs and generated multiple trajectory segments
using both S-frame and 10-frame schemes. The resulting
trajectories from both schemes are visualized in the t-ICA
latent space as described in Section 3.5.1 (Figure 9). The
uniform distribution of these trajectory segments in the latent
space demonstrates the conformational sampling efficiency of
this approach. Consistent with this, the autoencoder projection
shows a similar trend to the t-ICA projection (Figure S13a of
the Supporting Information).

To further assess local structural flexibility, we computed
RMSEF values of ubiquitin residues based on the parallel
sampling results. These values are elevated in the flexible loop
regions and the CTT relative to other regions, and are
comparable to those observed in the training simulation and
the TSS-Pro-generated consecutive sampling (Figure 7c).
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Opverall, this proof-of-concept analysis demonstrates the
potential of parallel sampling while also highlighting the need

for caution when applying it for conformational sampling.
3.6. Sampling of dCRY as a Large Protein by TSS-Pro

Given the reduced stability observed in consecutive sampling
for the large dCRY system, our analysis focused on the parallel
sampling mode of TSS-Pro. We randomly selected frames from
a 100 ns MD simulation independent of the training
simulation, as indicated by red stars in Figure 10. These
frames serve as conditioning inputs for generating multiple
trajectory segments using both S-frame and 10-frame schemes.
The parallel sampling explores a broader region of conforma-
tional space than the conditional frames, indicating substantial
structural deviations in the trajectory segments generated using
TSS-Pro. The autoencoder projection shows that the parallel
sampling covers a broader region of conformational space than
the independent simulation (Figure S13b of the Supporting
Information). Moreover, the 10-frame parallel sampling mode
explores a broader region in the latent space compared to the
S-frame sampling mode. This broader coverage aligns with the
higher RMSD values observed in the dCRY 10-frame
trajectories (Figure 3c), reflecting the increased flexibility
sampled over longer temporal windows. These results indicate
that parallel sampling offers broad conformational coverage
that scales with system size, providing improved diversity
compared to consecutive sampling.

3.7. Benchmarking TSS-Pro

3.7.1. Effect of Simulation Length and Sampling
Interval on Training and Generation. Given the structure
of TSS-Pro’s training data, consideration should be given to
both the frame interval and the total simulation length used
during training. Within the scope of this study, we developed
four conditional generative diffusion models for ubiquitin: (1)
2 ps interval, 100 ns training set (used in the main experiments
across all three model systems); (2) 2 ps interval, 1 ys training
set; (3) 20 ps interval, 1 us training set; and (4) 200 ps
interval, 10 ys training set. We compared the distribution of
per-trajectory average RMSD values across 50 generated
samples for each model (Figure SSa). The average RMSD
increases marginally (~0.2 A) with increased frame intervals
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and longer training set sizes, suggesting that these
modifications have minimal impact on sampling. We further
examined the RMSD relative to the first frame in the trajectory
(Figure SSb) and observed that all four models exhibited
similar RMSD profiles across the 10-frame prediction window.
Together, these results suggest that increasing the length of
MD training data or the frame interval in trajectory segments
has minimal effect on the performance of TSS-Pro. However,
additional analysis is required to better assess the sampling
efficiency for various systems.

3.7.2. Assessment of the Accuracy and Efficiency of
TSS-Pro. To assess the quality of the generated trajectories, we
calculated the atom clash rate. Steric clashes were defined as
atomic pairs separated by less than 1.52 A, corresponding to
twice the carbon covalent radius (0.76 A), a slightly more
stringent threshold than the one used in prior work.”” The
clash rate is computed as the proportion of structures with at
least one steric clash among all generated structures. Ubiquitin
showed no steric clashes in the 5-frame and 10-frame models.
However, the 20-frame segment model had a low clash rate of
0.0053 (Figure 11a). For dCRY, the S-frame segment model
yielded a clash rate of 0.125, which is acceptable given its size
(537 residues) and the known challenges of applying
transformer models to large, high-resolution proteins. By
comparison, the 50-frame segment model for ubiquitin and the

20

10-frame segment model for dCRY each showed clash rates
exceeding 90%, consistent with the high average RMSD values
observed (Figure 3b and 3c). This suggests reduced model
accuracy for larger proteins and longer trajectories. Nonethe-
less, the first five frames remain the most reliable and
functionally relevant for the interpretation of structural
features.

To evaluate structural similarity, we calculated the average
TM-Score between generated trajectories and their reference
frames. In both ubiquitin and dCRY, the average TM-Score
declined as trajectory length increased (Figure 11b), consistent
with the rising RMSD values observed in longer trajectories
(Figure 3). This trend indicates increased conformational
variability in the generated structures.

We benchmarked the efficiency of TSS-Pro sampling by
measuring the time required to generate a 1 ns trajectory. For
parallel sampling (Figure 11d), TSS-Pro is nearly an order of
magnitude faster than conventional MD simulations for alanine
dipeptide and ubiquitin. For the larger dCRY system, TSS-Pro
is more than twice as fast as MD, highlighting its advantage in
accelerating conformational sampling in large proteins. For
consecutive sampling of ubiquitin (Figure 1le), TSS-Pro
continues to outperform MD, even when PyRosetta
optimization time is included. In contrast, training time for
dCRY (Figure 11c) is considerably longer than for ubiquitin or
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alanine dipeptide, reflecting its substantially larger system size
(537 residues).

We also calculated the trajectory RMSD relative to the
reference frame of the protein trajectory during the denoising
process. As shown in Figure S4 of the Supporting Information,
the process starts at ¢t = 1000 as Gaussian noise, resulting in a
highly random and fluctuating trajectory. As denoising
progresses and the diffusion step t drops below S50, the
RMSD becomes more temporally coherent; it initially
increases and then stabilizes.

3.7.3. Benchmarking the BERT Model. In our cDDPM
implementation, we employed a BERT-based encoder to
capture long-range dependencies along the protein sequence,
leveraging its attention mechanism to model long-range
residue interactions in torsion-angle space. Compared with
UNet and MLP architectures (see Tables S5 and S6 for model
parameters of each), BERT achieves faster convergence, a
lower atomic clash rate, and improved structural quality in
generated trajectories (Figure 12), demonstrating its suitability
for diffusion-based protein trajectory generation.

3.7.4. Integration of PyRosetta into the Consecutive
Sampling Pipeline. In consecutive sampling, PyRosetta
optimization was applied to preserve the folded structure of
ubiquitin by rebuilding side chains and evaluating physically
relevant energy terms, including van der Waals interactions,
solvation, and electrostatics. A comparison of sampling results
with and without PyRosetta (Figure S6 of the Supporting
Information) showed that omitting optimization leads to a
lower TM-Score. Rosetta energy profiles along the sampling
trajectory further suggest that PyRosetta improves structural
stability by maintaining sampled conformations within
energetically favorable ranges.

Importantly, the integration of PyRosetta does not limit the
effectiveness of TSS-Pro as a sampling method. TSS-Pro is
capable of directly generating a diverse range of trajectories
that can be refined using various strategies to suit specific
sampling objectives. PyRosetta represents one such option,
favoring energetically stable conformations. Additional refine-
ment approaches will be developed and evaluated, including

91

those tailored to capture rare-event trajectories that may be
less energetically favorable.

Together, these analyses demonstrate that TSS-Pro
generates structurally reliable and diverse trajectories with
minimal steric clashes, preserves short-timescale similarity to
reference structures, and offers substantial computational
efficiency over conventional MD simulations.

3.7.5. Outlook and Future Work on TSS-Pro. At
present, the model is limited to well-folded states of ubiquitin
and is constrained by the 10 us duration of available training
data. Future work will aim to extend coverage to include
unfolded and partially folded conformations to better represent
the full conformational landscape. Moreover, the diffusion
model operates in backbone torsion-angle space, where the
denoising network is trained to predict angular noise terms
rather than to directly optimize energy-related quantities.
Incorporating energy-based constraints (e.g, force field or
Rosetta-derived potentials) into the diffusion loss remains
challenging due to the highly nonlinear relationship between
local angular coordinates and global energy functions. Future
work will explore hybrid approaches that incorporate coarse-
grained or differentiable energy priors into the denoising
process to enhance physical consistency.

4. CONCLUSIONS

Our TSS-Pro framework demonstrates strong performance in
generating protein conformational trajectories with both
structural fidelity and substantial computational efficiency.
Evaluations on alanine dipeptide, ubiquitin, and the large
dCRY protein show that generated trajectories exhibit low
clash rates and structural similarity to reference conformations.
Shorter generation segments (e.g, S-frame model) preserve
accuracy, while longer segments introduce greater conforma-
tional diversity. The method significantly accelerates sampling
relative to conventional MD, achieving nearly an order-of-
magnitude speedup for small and medium proteins and more
than a 2-fold improvement for large systems. This capability
enables efficient exploration of trajectory space and conforma-
tional landscapes, particularly for large, well-folded proteins,
establishing TSS-Pro as a robust method complementing
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conventional MD for characterizing protein motion and
conformational diversity.
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