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Abstract

The emergence of deep learning, particularly AlphaFold, has revolutionized static protein structure prediction, marking a transformative
milestone in structural biology. However, protein function is not solely determined by static three-dimensional structures but is funda-
mentally governed by dynamic transitions between multiple conformational states. This shift from static to multi-state representations
is crucial for understanding the mechanistic basis of protein function and regulation. This review outlines the fundamental concepts
of protein dynamic conformations, surveys recent computational advances in modeling these dynamics in the post-AlphaFold era, and
highlights key challenges, including data limitations, methodological constraints, and evaluation metrics. We also discuss potential
strategies to address these challenges and explore future research directions to deepen our understanding of protein dynamics and
their functional implications. This work aims to provide insights and perspectives to facilitate the ongoing development of protein
conformation studies in the era of artificial intelligence-driven structural biology.
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Introduction

Proteins are the foundation of life processes, with their functions
fundamentally dependent on intricate dynamic conformational
changes. Many pathological conditions, such as Alzheimer’s
disease [1], Parkinson’s disease [2], and other diseases, stem
from protein misfolding [3] or abnormal dynamic conformations.
Therefore, systematically elucidating transitions between confor-
mational states is essential for designing conformation-specific
drugs and treating diseases.

Since Anfinsen introduced the concept of protein structure
prediction in 1972, the field has undergone significant progress,
including the development of homology modeling [4, 5], fragment
assembly [6, 7], and co-evolution analysis [8-10], which laid a
strong foundation for this area. More recently, end-to-end meth-
ods, such as AlphaFold series [11, 12] and RoseTTAFold [13], have
revolutionized static monomeric protein structure prediction, par-
ticularly for single-domain folding, achieving near-perfect accu-
racy. In 2024, the Nobel Prize in Chemistry was awarded for
researching protein static structure prediction, further highlight-
ing the groundbreaking advancements in this field. However, pro-
teins should not be viewed as static entities but as conformational
ensembles that mediate various functional states [14]. Although
deep learning has made significant progress in protein struc-
ture prediction, capturing dynamic conformational changes and
sampling conformational space remain challenges in studying
protein dynamics [15]. Notably, the 2022 Critical Assessment of
Structure Prediction (CASP15) community experiment introduced

a dedicated category for predicting multiple conformations for the
first time [16], highlighting the growing focus on protein dynamic
conformations.

With the increasing focus on modeling protein dynamic confor-
mations, two broad approaches have emerged: experimental and
computational methods. Experimental methods such as nuclear
magnetic resonance (NMR), cryo-electron microscopy (Cryo-EM),
and X-ray crystallography are capable of resolving high-resolution
structures. Additionally, methods like fluorescence resonance
energy transfer, single-molecule fluorescence microscopy, and
hydrogen-deuterium exchange mass spectrometry capture
conformational changes and dynamic behaviors of proteins
to some extent. However, the practical application of these
methods is substantially limited by their dependence on rigorous
crystallization conditions and/or the inherent challenges of
sparse, ambiguous, and noisy data [17]. Computational methods,
such as molecular dynamics (MD) simulations, have provided
valuable insights for exploring protein dynamic conformations
by directly simulating the physical movements of molecular
systems. Moreover, several research [18-22] built on the artificial
intelligence (AI) protein structure prediction methods [11-13, 23],
such as AlphaFold2 [11], by changing the model input, including
multiple sequence alignment (MSA) masking, subsampling, and
clustering, to capture different co-evolutionary relationships of
proteins and thus generating diverse predicted conformations.
Recently, generative models [24-29], leveraging techniques like
diffusion and flow matching, have emerged as powerful tools
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for predicting protein multiple conformations. Unlike MSA-
based methods, these models transform protein structure
prediction into a sequence-to-structure generation through
iterative denoising. Some of these methods [27, 28] can effectively
predict equilibrium distributions of molecular systems, allowing
for the sampling of effectively diverse and functionally relevant
structures.

In the post-AlphaFold era, driven by breakthrough advance-
ments in static protein structures, the paradigm of protein
research is gradually shifting from static structures to dynamic
conformations. In this review, we examine recent advances
in computational approaches for modeling protein dynamic
conformations, highlighting the importance of integrating
experimental and MD simulation data and the critical role
of incorporating physical knowledge. Finally, we conclude by
critically evaluating current challenges and future directions in
this rapidly evolving field.

Protein dynamic conformations

Essential concepts in protein conformational
dynamics

Dynamic conformations emphasize a process of protein confor-
mational change over time and space [30], including both subtle
fluctuations and significant conformational transitions. Many
functional proteins rely on dynamic conformational changes to
perform specific biological roles. A representative example can be
found in biological systems where enzymes dynamically modu-
late their conformational states to facilitate catalytic processes,
while membrane proteins utilize specific conformational tran-
sitions to mediate signal transduction and regulate molecular
transport across cellular membranes [31]. Consequently, eluci-
dating the dynamic conformational landscapes of proteins is
essential for deciphering their biological functions and underlying
regulatory mechanisms. As illustrated in Fig. 1, assuming that
the energy function accurately describes the conformational free
energy surface of the protein, the dynamic conformations B of
a protein usually involves multiple key conformational states
(i.e. A), including stable state (a), metastable states (b, c), and
transition states (d) between them. It is important to note that
the definition of all conformational states depends on the mea-
surement system. Under varying energy landscapes, metastable
states can transition into stable states. In the field of protein
science, the concepts of dynamic conformations and ensemble
exhibit significant overlap in their theoretical definitions and
application scopes and are therefore often used interchangeably
in most research contexts. In this review, the protein conforma-
tion ensemble (as shown in Fig. 1C) represents the collection of
independent conformations of proteins in various motion states
under certain conditions [32]. It reflects the structural diversity of
the protein under thermodynamic equilibrium, capturing the dis-
tribution and probabilities of the protein’s conformations under
given conditions [24]. To some extent, it can also be regarded as
the dynamic conformations under specific conditions.

Factors affecting protein dynamic conformations
Dynamic conformations can arise in a variety of situations and
can be broadly divided into two categories. The first category
is driven by the intrinsic factors of the protein. For example,
the presence of disordered regions, which lack a-helices or g-
sheets, results in higher flexibility; relative rotations or adjust-
ments between structural domains also facilitate transitions
between different conformations. Additionally, proteins such

as G Protein-Coupled Receptors (GPCRs), transporters, kinases,
and others undergo conformational changes to perform their
biological functions (illustrated in Fig. 2A-C). The second category
encompasses alternative conformations influenced by external
environmental conditions. On the one hand, different conforma-
tional states can be triggered by the binding of small ligands or
by interactions with other macromolecules [16]. On the other
hand, changes in environmental factors such as temperature,
PH, and ion concentration can directly impact the stability and
conformation of protein. In some cases, proteins may unfold or
alter their conformation to adapt to these environmental changes.
Additionally, mutations in the primary amino acid sequence
may also induce conformational shifts. Whether the changes
are caused by the structural properties of the protein itself or
induced by different external conditions, proteins can fulfill
their diverse functions through conformational transitions. This
conformational flexibility is the basis for proteins to perform
complex biological activities [37, 38] (Fig. 2D-F).

It is noteworthy that protein dynamic conformations are mod-
ulated by both intrinsic properties and external factors. Emerging
evidence indicates that dynamic information facilitating confor-
mational transitions may be inherently encoded within the pro-
tein sequence itself. A compelling illustration of this phenomenon
can be observed in the CASP15 test cases (T1160 and T1161) [16],
where multiple distinct conformations were accurately predicted
using an AlphaFold-based enhanced sampling approach, inde-
pendent of external environmental perturbations. These findings
strongly suggest that the observed conformational heterogene-
ity originates from sequence-encoded information, potentially
embedded within either the target sequence or the MSA.

Advancements in protein dynamic
conformations modeling
Databases for dynamic conformations

Datasets for dynamic conformations are the foundation of
research on protein dynamic conformations and serve as the
prerequisite for the application of deep learning in modeling
within this field. High-quality datasets are crucial for under-
standing and predicting the dynamic behavior of proteins.
Advancements in simulation technologies like GROMACS [39],
AMBER [40], OpenMM [41], and CHARMM [42] have significantly
enhanced the analysis of MD simulation data. These technological
advances have played a pivotal role in facilitating the creation
of comprehensive databases documenting protein dynamic
conformations. Consequently, several specialized MD-generated
databases have been established, including the Atlas of Protein
Molecular Dynamics (ATLAS), G Protein-Coupled Receptor
molecular dynamics database (GPCRmd), and Severe Acute
Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) proteins
database, among others (as detailed in Table 1). The ATLAS
database comprises simulations of approximately 2000 repre-
sentative proteins, covering a vast portion of structural space.
GPCRmd focuses on transmembrane proteins of the GPCR family
to better understand their mechanisms and identify potential
drug targets. Additionally, the SARS-CoV-2 database includes
simulation trajectories of coronaviruses, which supports the drug
discovery process for COVID-19. All raw data in these databases
can be accessed through the corresponding links listed in Table 1.
Some datasets are sourced from existing static databases such
as CoDNaS 2.0, a comprehensive database of protein diversity in
its native state, and PDBFlex, which offers insights into protein
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Figure 1. Assuming that the energy function is accurate, the energy relationship corresponding to different states of the protein (stable, metastable, and
transient states) can be quantified. The multiple conformations A represent the key conformations adopted by the protein during functional execution,
while the dynamic conformations B include the transition states between these key conformations. The ensemble C represents the collection of all

possible conformations under given conditions.
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Figure 2. (A) Conformational diversity of the loop in the amino acid 14-27 region of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
spike protein [33] (PDB IDs: 6zgeA, 7dddC). (B) The structural composition of Streptococcus pneumoniae response regulator spr1814 (PDB ID: 4hyeA). The
disappearance of the salt bridge in the receiver domain induces a 74° rotation, transitioning from conformation A to conformation B [34]. (C) The serine
protease inhibitor (Serpin) where a loop inserts as a strand in the middle of a 8-sheet following proteolytic cleavage [35]. (D) c-Met kinase exhibits active
Asp-Phe-Gly (DFG)-in and inactive DFG-out states in response to different small molecule ligands [32]. (E) Nitrophorin 4 (NP4) is in a closed conformation
at pH 5.5 (PDB ID: 1x80) in which NO is tightly bound. At pH 7.5, Asp30 becomes deprotonated, leading to a transition to an open conformation (PDB
ID: 1x8n), allowing NO to escape easily [36]. (F) A conformational change due to the mutation of the amino acid at position 183 from alanine to aspartic

acid in isocyanide hydratase [16].

structural flexibility. These datasets were obtained by collating
and analyzing clusters from the protein data bank (PDB, https://
www.rcsb.org/) databases.

In the study of protein dynamic conformations, the extraction
of dynamic information from static structural data has become
an essential complementary approach, which has alleviated
the scarcity of dynamic data to a certain extent. Specifically,
by analyzing multiple crystal structures or NMR structures of
the same protein from static structural databases (e.g. PDB),
researchers can construct conformational ensembles, thereby
inferring potential conformational transition pathways [3, 54].
Furthermore, computational methods such as Normal Mode

Analysis [55] and Elastic Network Models [56], which are based on
static structures, enable the prediction of low-frequency motion
modes of proteins in the absence of experimental dynamic data.
The dynamic information derived from static data not only
provides initial conformations and validation benchmarks for MD
simulations but also aids in interpreting experimentally observed
dynamic phenomena, particularly in cases where obtaining high-
quality dynamic data is challenging (e.g. membrane proteins or
large macromolecular complexes). Therefore, the integration of
in-depth mining of static structural data with dynamic data offers
a more comprehensive framework for understanding protein
conformational dynamics.
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Table 1. Existing public protein dynamic conformation datasets (update to 27 May 2025)

Name Data Number/ Time scale Types Applications Database Link Reference
trajectories
ATLAS (2023) MD data 1938/5841 ns General proteins Protein dynamics analysis https://www.dsimb.inserm. [43]
fr/ATLAS

GPCRmd (2020) MD data 705/2115 ns GPCR GPCR functionality and ~ https://www.gpcrmd.org/  [44]
drug discovery

SARS-COV-2 (2024) MD data 78/300 ns/us SARS-CoV-2 proteins  SARS-CoV-2 drug https://epimedlab.org/ [45]
discovery trajectories

COVID-19 (2024) MD data 318/>10000  ns/us Coronavirus proteins Dynamics of coronavirus https://covid.molssi.org/  [46]
proteins simulations/

SCoV2-MD (2019)  MD data 252/252 ns/us
MemProtMD (2015) MD data 8459/8459 us

mdCATH (2024) MD data 5397/134925 ns

Membrane proteins

CATH domains

SARS-CoV-2 proteins Dynamics of SARS-CoV-2  https://submission.gpcrmd. [47]

proteins org/covid19/

Membrane protein folding https://memprotmd.bioch. [48]
and stability ox.ac.uk/

Protein function, folding, https://open.playmolecule. [49]

and interactions org/mdcath

MISATO (2023) MD data 16 972/16 972 ns General proteins Structure-based drug https://zenodo.org/ [50]
discovery records/7711953

CoDNasS 2.0 (2016) PDB 29 148/— - General proteins Conformational diversity http://ufg.unqg.edu.ar/ [51]
analysis codnas

CoDNasS-Q (2022)  PDB 3649/— - Quaternary structure Conformational https://codnas-q. [52]

proteins heterogeneity in bioinformatica.org/home

quaternary structure

PDBFlex (2015) PDB 38 341/— - General proteins Analysis of the intrinsic  https://pdbflex.org/ [53]

flexibility of proteins

Methods for predicting protein dynamic
conformations

Owing to the time-consuming and resource-intensive nature
of experimental approaches in studying protein dynamic con-
formations, recent breakthroughs in static structure prediction
technologies, such as AlphaFold2, have established computa-
tional methods for protein dynamic conformations analysis
as a forefront research priority in the field of computational
biology. These computational approaches address the limita-
tions of experimental data, providing critical insights into the
dynamic behaviors and functional mechanisms of proteins. By
integrating advanced computational techniques, researchers
can systematically explore the conformational space, functional
motion patterns, and dynamic interactions of proteins with other
biomolecules. The rapid advancements in this field are driving
a paradigm shift in structural biology from static structure
analysis to dynamic functional studies, thereby opening new
research avenues for understanding the molecular basis of
life processes. These computational methodologies comprise
a suite of advanced techniques, including MD simulations,
Monte Carlo (MC) sampling, AlphaFold-based frameworks,
and diffusion models, each characterized by unique strengths
and tailored applications. MD simulations can provide high
temporal resolution of protein dynamic changes by accurately
characterizing atomic interactions. However, this method is
computationally expensive and highly dependent on the accuracy
of the force field. AlphaFold-based methods mainly rely on the
co-evolutionary information contained in the sub-MSAs of the
input model, so they are limited in capturing protein dynamics. In
contrast, generative models can generate diverse conformations
but still face limitations in terms of physical accuracy and reliable
energy evaluation. This review will focus on recent advancements
in these methods, while progress in other related approaches can
be found in reference [S7].

MD simulation and MC sampling

MD simulation is a computational method used to simulate the
motion of atoms and molecules over time under given force fields
and initial conditions, and MC sampling s a class of techniques for
random sampling of probability distributions. With the advent of
powerful computational capabilities, MD simulations can now be
performed on time scales ranging from microseconds to millisec-
onds, allowing the description of the protein’s dynamic properties.
Currently, various force fields [39-42] have been developed for
MD simulations [58]. By applying these force fields, MD simula-
tions can effectively explore the structure and dynamic features
of proteins. Additionally, integrating data from MD simulations
with information obtained from experimental structures offers a
comprehensive view of large-scale protein dynamics and provides
valuable insights into representative proteins. It is worth mention-
ing that MD simulations are usually limited by the accuracy of
the force field, computational complexity, high-dimensional sam-
pling, and the challenges of the tendency to fall into local min-
ima (as listed in Fig. 3). To address these challenges, researchers
have proposed a variety of solutions. For example, generalized
ensemble algorithms [59] and temperature acceleration methods
[60] can effectively improve sampling efficiency and help the
system overcome high energy barriers on the potential energy
surface. In addition, multiscale modeling methods [61] further
expand the scope of MD simulations by integrating information at
the atomic, amino acid, and secondary structure levels. However,
such methods often sacrifice some simulation accuracy while
improving computational efficiency. Recently, the emergence of
AI’BMD [62], an Al-based ab initio computational molecular sys-
tem, has marked a breakthrough in protein dynamics simula-
tion. This method not only accurately simulates full-atom large
biomolecules with ab initio accuracy [62], but also effectively
explores the protein conformational space and reveals the protein
folding and unfolding process. Although AI’BMD is faster than
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Figure 3. MD simulation trapped in local energy minima diagram. MD
simulations are typically limited by factors such as force field accuracy,
computational complexity, high-dimensional sampling, and simulation
time, making them prone to getting trapped in local minima (i.e. energy
values corresponding to conformations that are local minima or in a
metastable state).

density functional theory, its computational efficiency is still
lower than that of classical force field methods, and it requires
higher memory resources. Furthermore, beyond accelerating MD
simulation force fields with deep learning, incorporating evolu-
tionary relationships is essential to enhance the exploration of
conformational space [63]. In the future, integrating deep learning
and evolutionary relationships is expected to become an impor-
tant direction for developing MD simulations, providing more
precise and efficient tools for studying protein dynamic confor-
mations and drug discovery.

Different from MD simulations, MC sampling does not depend
on the time evolution process; it is usually combined with
Metropolis Markov chain algorithms to explore the conforma-
tional space of proteins by accepting or rejecting random moves.
MC sampling methods can be used to study the conformational
landscape of small proteins [64], including free energy landscapes,
transition states, energy barriers, and the stability of individual
amino acids at different temperatures, offering new perspectives
and methodologies for protein dynamic conformational studies.
Based on MC sampling, our group has developed a Metropolis MC
sampling method, FoldPAthreader [54], guided by the folding force
field. This method leverages the intrinsic relationship between
protein evolution and folding. Additionally, we have proposed
Pathfinder [3], a method that predicts protein folding pathways
by estimating the transition probabilities between metastable
states of sampled conformations. These methods offer valuable
insights into the mechanisms of protein folding and highlight the
complexity of their dynamic conformations. Additionally, evolu-
tionary algorithms based on multiple populations can sample
multiple conformational states under the guidance of multiple
energy functions [65]. Moreover, conformational sampling using
an iterative exploration and exploitation strategy based on multi-
objective optimization, geometric optimization, and structural
similarity clustering [66, 67] has also shown significant potential
in dynamic conformational modeling. Despite the advancements
made by MC methods in dynamic conformational exploration,
challenges like low sampling efficiency and difficulties in
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overcoming energy barriers still exist. To overcome these
issues, researchers often combine MD, MC, and deep learning
techniques to enhance efficiency and prediction accuracy in
sampling [68].

AlphaFold-based method

With the advancement of computational biology, the structural
accuracy predicted by machine learning-based methods (such as
the AlphaFold series [11, 12] and RoseTTAFold [13]) is generally
comparable to that of experimental structures. However, directly
using static structures to understand the conformations of bio-
logical systems is not straightforward [69]. Recent studies have
demonstrated that changing the inputs of AlphaFold2 [11], such as
clustering, masking, subsampling MSAs, or adjusting templates,
can effectively predict multiple conformations of proteins. MSA
clustering methods, such as AF-Cluster [18], group MSAs based on
sequence similarity to extract diverse co-evolutionary informa-
tion, which is then fed into AlphaFold2 for separate predictions of
each cluster (Fig. 4), generating multiple conformational models
of the target protein. Through clustering, AF-Cluster [18] identifies
representative MSAs with distinct sequence features. Tests on
fold-switching proteins have demonstrated that this approach
effectively captures multiple key substates of proteins involved
in biological functions. Moreover, some works have been studied
through shallow MSA. Methods like Subsampled AF2 [22] and
af2_conformations [21] reduce the depth of input MSAs through a
subsampling strategy and then combine AlphaFold2 to generate
multiple conformations (as listed in Table 2). To disrupt the co-
evolutionary information in MSAs, methods like masking and
alanine mutation have proven effective. SPEACH_AF [70] replaces
MSA columns with alanine to study the conformational diversity
of the target protein. AFsample? [20] randomly masks columns
in the MSA according to a certain ratio to enhance the structural
diversity of the models generated by AlphaFold2. AF2-RASS [71]
expands the conformational diversity of the predicted structural
ensemble by employing random alanine masking and shallow
MSA strategies, enabling the study of protein apo-holo conforma-
tional states.

These methods extend existing protein structure prediction
techniques to facilitate the exploration of protein dynamic con-
formations. However, the effectiveness of such post-processing
methods largely depends on the quality, depth, and co-evolutionary
information contained within the sub-MSAs. For proteins with
shallow MSAs or limited sequence diversity, the accuracy and
reliability of predicted conformations may be compromised. Fur-
thermore, whether the conformations generated by these models
are influenced by memory effects from AlphaFold’s training
process remains to be further investigated. To address the above
limitations, integrating protein structure profile information
and leveraging the structures generated by automatic template
recognition [72] or MD simulations [69] as prior knowledge is
expected to enhance the prediction accuracy for proteins with
shallow MSA or limited sequence diversity, and further validate
the rationality of the model output conformations.

Enhanced sampling algorithms based on AlphaFold2 are
currently the most successful and effective methods for studying
protein dynamic conformations [16]. By employing strategies
to disrupt the coupled co-evolutionary information in MSAs
effectively, these methods enable the generation of diverse con-
formations. They have demonstrated high accuracy in modeling
conformational changes induced by single amino acid mutations,
transporters, and kinases [16]. However, it should be noted that
the optimal depth of the MSA varies depending on the protein,
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Figure 4. Research categories on protein dynamic conformations based on the AlphaFold2 method. @, @, ®, @ represent the processing workflows of

MSA and templates, respectively.

Table 2. AlphaFold-based methods for predicting dynamic conformations.

Name Strategy Metrics

Application Reference

AF-Cluster (2024) Clustered MSA

Subsampled AF2 (2024) Shallow MSA RMSD, pIDDT

SPEACH_AF (2022) Mutated MSA
AFsample2 (2025) Masked and clustered MSA TM-score, RMSF

AF2-RASS (2024)

af2_conformations (2022)  Shallow MSA

PCA

RMSD, plDDT, PCA

TM-score, PCA, RMSF

TM-score, RMSF, pIDDT

Predicting alternative conformations of metamorphic  [18]
proteins

Qualitative prediction of the conformational [22]
landscape shaped by mutations or evolution

Sampling of alternative conformations and modeling  [70]
of membrane protein conformational landscapes

Modeling conformational changes in open-closed [20]
states, membrane proteins, and transport proteins

Shallow and masked MSA TM-score, RMSD, pLDDT  Predicting conformational diversity of structural [71]

ensembles and capturing conformational changes

between apo and holo protein forms

Modeling alternative conformations of transporters [21]
and GPCR

pIDDT, Predicted local Distance Difference Test, a confidence metric for predicted protein structures; PCA, Principal Component Analysis, a dimensionality

reduction technique used for analyzing conformational dynamics.

and shallow MSAs may result in complex structures that do not
align with the target conformation. Moreover, the generation
of the final conformation heavily relies on the dominant co-
evolutionary information present in the MSAs. When sub-MSAs
include co-evolutionary information from diverse conformations,
it may affect the predicted conformation’s accuracy and
reasonableness (Fig. 5). Whether by changing the MSA or using
the template method, these processes often involve multiple
iterative cycles and large-scale sampling, which directly affects
the prediction efficiency. Optimized computational strategies can
be applied to improve efficiency, such as combining enhanced
sampling techniques and algorithmic architecture optimization
[73]. Moreover, with the ongoing advancements in protein
language models [23, 74-76], the exploration of protein dynamic
conformations directly from single sequences, independent
of MSAs and template-based approaches, may emerge as a
promising research direction in the future. It is worth noting
that a representative example is ESMFlow [24], which integrates
the ESM language model with flow matching techniques,
enabling the learning of mappings between protein sequences
and their dynamic conformational distributions without relying
on MSAs.

Generative models

In recent years, generative models have emerged as a piv-
otal methodology for investigating dynamic conformational
transitions in proteins, a development primarily attributed
to the rapid evolution of artificial intelligence technologies
and substantial enhancements in computational capabilities.
These advanced models demonstrate the capacity to extract
intricate conformational distribution patterns from extensive
protein structural datasets, thereby enabling the generation
of novel and biophysically plausible protein conformational
states. Notably, such models exhibit dual functionality, as
they not only facilitate accurate prediction of static protein
architectures but also simulate dynamic conformational changes
under diverse environmental conditions, including but not
limited to protein folding pathways, conformational switching
mechanisms, and structural adaptations during ligand-receptor
interactions. These methods aim to learn patterns from training
datasets, identify low-dimensional representations within the
high-dimensional space of proteins, and directly generate diverse
sets of protein conformations without relying on large-scale
sampling operations. However, the efficacy of generative models is
predominantly contingent upon the quality of training datasets,
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conformations (as shown in conformations a and b in the figure).

among which MD simulation data constitutes a fundamental
source and plays an indispensable role in model development
and performance optimization. By combining MD data, the
generative models based on traditional transformer [15] or GAN
[77] networks can efficiently generate physically reasonable
protein conformations, significantly improving prediction speed
and efficiency. Leveraging these recent technological advance-
ments, diffusion models have emerged as a novel and powerful
computational framework for protein dynamic conformations
prediction, demonstrating superior performance in modeling
complex biomolecular transitions and energy landscapes.

The basic principle of diffusion models is to perturb the
data distribution to a simple Gaussian distribution through a
forward stochastic differential equation, and then generate the
target conformation through a reverse process. Compared with
the previous diffusion-based structure generation method of
directly adding Gaussian noise [78], EigenFold [26] proposes a
diffusion process based on elastic potential energy, which makes
the denoising process more aligned with physical laws (Table 3).
However, its effectiveness still depends on the accuracy of the
energy function. To further improve the physical rationality of
the generated conformations, ConfDiff [25] and EXEndiff [79] use
physical information guidance and experimental data guidance,
respectively, which significantly improves the generation speed
and ensures the generated conformation distribution is closer to
the Boltzmann distribution. In addition, IDPFold [80] generates
intrinsically disordered protein conformations that are more
aligned with physical principles through a multi-step noise
addition and removal process. To address the lack of high-
quality training and test datasets for equilibrium sampling of
proteins, and the almost complete absence of relevant benchmark
datasets, methods like BioEmu [28] and DiG [27] combine the
strengths of different datasets to provide an efficient and low-
cost approach for large-scale studies of protein equilibrium
distributions and conformational changes. Compared with
MD simulations, BioEmu significantly reduces computational
costs, making it a promising alternative for exploring protein
dynamics on a broader scale. However, its training relies on high-
quality MD simulation data and experimental measurement
data. For proteins with limited data availability, the model’s
performance may be constrained. Based on diffusion models.
AlphaFLOW [24] introduces a flow-matching technique that

fine-tunes high-precision monomer predictors such as AlphaFold
[11] and ESMFold [23] within a customized flow-matching
framework. This enables protein structure generation conditioned
on sequences, significantly enhancing the accuracy and efficiency
of conformation generation. Another flow-based generative
model, P2DFlow [29], integrates invariant point attention modules
and SE(3) equivariant graph neural network modules. By using
perturbed ESMFold-predicted structures as priors, P2DFlow opens
up new research directions for protein dynamic conformations
prediction.

Although the above generative models represent a significant
advancement in protein dynamic conformations modeling, they
also have limitations. On the one hand, the performance of gener-
ative models heavily depends on the conformational distribution
in the training data. However, existing static protein databases,
such as the AlphaFold database (AFDB, https://alphafold.ebi.ac.
uk/) and the PDB (https://www.rcsb.org/), contain relatively lim-
ited dynamic information, making it difficult to fully capture
the dynamic behavior of proteins in living organisms. On the
other hand, generative models may predict hallucinatory pro-
teins, which often have plausible-looking structures [12], but fail
to perform their intended functions under experimental condi-
tions. To overcome this limitation, a comprehensive integration
strategy that integrates static structural databases, MD simula-
tion data, and experimental observations, while systematically
incorporating fundamental physical constraints and knowledge
distillation into generative models, may provide a robust solution
to current challenges.

Challenges in protein dynamic
conformations

The present works highlight the considerable potential of
AlphaFold-based approaches and generative models in predicting
protein dynamic conformations. Nevertheless, several significant
challenges persist in this research field, particularly concerning
(i) the limited availability of high-quality experimental and
computational data, (ii) the need for improved prediction
accuracy in modeling complex conformational transitions,
and (iii) the absence of standardized evaluation protocols.
These limitations are particularly pronounced in simulating
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Table 3. Generative model-based methods for predicting dynamic conformations.

Name Network architecture Training set Reference
AlphaPPImd (2024) Transformer MD simulation [15]
idpGAN (2023) GAN MD simulation [77]
EigenFold (2023) Diffusion model PDB [26]
ConfDiff (2024) Diffusion model PDB [25]
ExEnDiff (2024) Pretrained model and Diffusion model NMR, cryo-EM, SAXS [79]
IDPFold (2024) Diffusion model PDB, NMR, MD simulation [80]
BioEmu (2024) Diffusion model AFDB, MD simulation [28]
DiG (2024) Diffusion model PDB [27]
AlphaFLOW (2024) Pretrained model and flow matching PDB, MD simulation [24]
P2DFlow (2024) Pretrained model and flow matching MD simulation [29]

physiologically relevant conformational dynamics and developing
robust multi-scale modeling frameworks that can bridge different
temporal and spatial resolutions. Future advancements in protein
dynamic conformations research are anticipated to emerge
from several key developments: the synergistic integration of
experimental and computational simulation data to mitigate
experimental noise and enhance data reliability, the development
of physics-aware machine learning frameworks that incorporate
fundamental biophysical principles, substantial improvements in
force field parameterization and energy function accuracy, and
the establishment of robust, standardized evaluation metrics.
These combined efforts are expected to drive significant break-
throughs in understanding and predicting protein conformational
dynamics at multiple temporal and spatial scales.

Establishing a high-quality dataset for protein
dynamic conformational transitions

Currently, the methods for studying the dynamic conformations
of proteins mainly rely on static databases and MD simulation
data. Static databases like PDB and AFDB mainly record the single
stable conformation of proteins under specific conditions, typi-
cally representing their lowest energy states, which provides valu-
able information for understanding the basic structure of pro-
teins. However, these data cannot fully demonstrate the dynamic
behavior and conformational change process of proteins in living
organisms. MD simulations can observe dynamic phenomena
such as local flexibility, conformational transitions, and changes
in the binding sites of proteins. However, existing MD simulation
datasets (such as ATLAS and GPCRmd) usually only simulate
movements at the millisecond timescale and may not fully cap-
ture all relevant protein conformations. Nevertheless, MD simu-
lations require significant computational resources and time, and
the choice of simulation parameters and the accuracy of the force
field can directly affect the reliability of the simulation results.
Notwithstanding the significant progress achieved by the state-
of-the-art methodology AI’BMD [62], which has demonstrated
unprecedented capabilities in computational efficiency and pre-
diction accuracy, the scientific community still faces substantial
limitations in accessing comprehensive, large-scale MD datasets
that are publicly available and sufficiently annotated for diverse
research applications. To compensate for the lack of dynamic
data, transfer learning techniques can be used to effectively
integrate static data (such as PDB and AFDB) with dynamic data
(such as MD simulation data), thereby providing more informa-
tion about protein dynamic conformations. Cryo-EM data could
also be incorporated, but the consistency between different data
sources still requires further exploration. In the future, with the

advancement of computational power and simulation technolo-
gies, obtaining large-scale MD simulation datasets on longer time
scales and building a protein dynamic conformations dataset that
includes a collection of known representative conformations will
be crucial.

Physics-guided deep learning model

The protein dynamic conformations modeling methods based
on AlphaFold primarily depend on changing the model inputs,
with the most common being modifications to the MSA. These
methods utilize different MSAs to get conformational diversity
while also being constrained by dominant co-evolutionary infor-
mation in the MSA. In addition, the quality of protein confor-
mations generated by the generative model is largely affected
by the conformational distribution in the training data. If the
conformational distribution covered by the training data contains
only a few conformational states or even non-functional states,
the model may learn a biased distribution, which will further
affect the quality of the final generated protein dynamic confor-
mations. Existing diffusion-based generative models often fail to
fully consider the physical priors of proteins, leading to generated
conformations that deviate from the target states or generate
hallucinatory proteins. For example, as shown in Fig. 6, the apo
(PDB ID: 4ake) and holo (PDB ID: 2eck) conformations of Escherichia
coli adenylate kinase during functional activation have an RMSD
of 6.95 A. The dynamic conformations generated by the diffusion
model (Fig. 6A) show an opposite trend in the distribution of
structural deviations from the conformations generated by the
theoretically correct method (Fig. 6B), that is, the conformations
generated by the diffusion model deviate from both the apo and
holo states. This may be due to the biased distribution learned by
the diffusion model during training. To address the above issues,
a potential strategy is to integrate protein language models with
physical force fields to decode the dynamic information embed-
ded in amino acid sequences. This approach would provide richer
prior knowledge for conditional diffusion models, thereby better
balancing rationality and accuracy in dynamic conformations
generation.

Construction of a comprehensive evaluation
system

We lack standardized benchmarks and metrics for evaluating
dynamic conformations, which remains a significant challenge in
current research. Existing evaluation metrics, such as root mean
square deviation (RMSD) and template modeling score (TM-score)
[81], primarily focus on static structural similarity and do not
fully capture the dynamic changes among conformations or their
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Figure 6. (A) The crystal structure of the E. coli adenylate kinase was generated using the diffusion model, showing the structural relationship between
apo and holo states and the predicted intermediate. The horizontal and vertical axes represent the RMSD (A) between the generated conformation and
the target conformation. (B) Conformational distribution predicted by the correct method. The generated conformations are located within a reasonable
RMSD range between the apo and holo states, indicating that accurate intermediate conformations are being sampled.

time autocorrelation. To better assess dynamic conformations,
researchers have introduced new metrics like root mean square
fluctuation (RMSF) [24], distance RMSD (dRMSD) [7], and root
mean Wasserstein distance (RMWD) [24]. RMSF quantifies the
fluctuation of each atom relative to its average position, thereby
representing time-averaged structural changes. dRMSD calculates
the root mean square of the differences in distances between all
pairs of atoms across two conformational sets, but their relia-
bility needs to be built based on the real conformational distri-
bution. RMWD measures the similarity between overall protein
conformational distributions, providing a more comprehensive
perspective for dynamic structural comparisons. Some methods
evaluate model performance by comparing generated conforma-
tions with the conformational distribution obtained from MD
simulations. However, MD simulation data are usually limited to a
short timescale, whereas the conformational motions associated
with protein functionality often occur on the millisecond scale
or even longer, potentially extending to seconds. Thus, while MD
simulations provide valuable insights, using them as an accu-
rate standard for true protein conformational motion requires
further validation. Beyond evaluation metrics, accurate model
selection is crucial for studying dynamic conformations. How-
ever, existing model quality assessment (MQA) methods [82-90]
primarily focus on selecting the lowest-energy static structures,
and their ability to select dynamic conformations needs further
improvement. Therefore, future research should not only focus
on establishing a comprehensive set of evaluation criteria that
can accurately measure both the dynamics and the accuracy
of protein dynamic conformations but also on developing high-
precision MQA methods to select key conformations from diverse
conformations.

Conclusion

Recent advancements in machine learning methods have broken
through the bottleneck in protein structure research, allowing
the prediction accuracy of static monomeric structures to reach
levels comparable to experimental results. However, in the post-
AlphaFold era, focusing only on static single structures can no
longer meet the need for a deeper understanding of protein
functions. Therefore, how to shift from static single-structure pre-
diction to the revelation of dynamic conformations distribution
has become a key step in deeply understanding the functions of

proteins and other biological molecules. Currently, research on
protein dynamic conformations has made significant progress in
areas such as MD simulations, MC sampling methods, AlphaFold-
based techniques, and generative models. However, the field still
faces many challenges, particularly in data acquisition, method
optimization, evaluation metric development, and multi-scale
modeling, which are crucial for improving prediction accuracy.

Looking to the future, achieving precise prediction and in-
depth understanding of the dynamic behavior of proteins requires
coordinated advancement from multiple dimensions. First, it is
fundamental to construct more comprehensive and high-quality
dynamic datasets, which not only help to portray the conforma-
tional changes of proteins under different physiological condi-
tions but also provide rich references for model training. Second, it
is crucial to deeply mine the evolutionary information of the exist-
ing protein data. Advanced deep learning techniques, particularly
language models, can be employed to extract protein sequence
diversity and functional characteristics from large-scale datasets.
Furthermore, it is important to further optimize the existing force
field model to enhanceits ability to portray the free energy surface
of protein conformation, and at the same time, to establish a
more reasonable and unified evaluation system to promote the
scientific and reliable prediction methods.

Key Points

e Protein dynamic conformations are crucial to revealing
the mechanism of life function.

e With the breakthrough of deep learning in resolving the
static structure of proteins and the improved availability
of experimental data, it has become possible to study
proteins’ dynamic conformations.

e Data fusion strategies can provide more information
about protein dynamic conformations.

¢ Language models are expected to reveal protein diversity
and functional characteristics from existing data.

¢ Diffusion models guided by physical prior knowledge are
the focus of future research.

e Challenges remain in the availability of data, the effec-
tiveness of prediction methods, and the standardization
of evaluation metrics.
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