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Significance 

The sequence—structure 
(ensemble)—function 
relationship is central to biology. 
Protein dynamics in the structure 
ensemble determine function 
and mutation effects, and are 
widely used to study 
thermodynamics, folding 
pathways, and dynamic 
interactions of ordered proteins, 
as well as the conformational 
variability of intrinsically 
disordered proteins. However, 
current state-of-the-art protein 
deep learning models, such as 
AlphaFold2,3 and evolutionary 
scale model (ESM), focus on static 
structures and sequences, which 
failed to directly capture protein 
dynamics. Here, we address this 
gap by developing protein 
language models to learn 
dynamic properties of over 
64,000 proteins. We show that 
the model’s Transformer 
attentions capture protein 
dynamic interactions, and our 
model can be applied to predict 
conformational properties and 
mutation effects. 

Structural dynamics are fundamental to protein functions and mutation effects. Current 
protein deep learning models are predominantly trained on sequence and/or static struc-
ture data, which often fail to capture the dynamic nature of proteins. To address this, we 
introduce SeqDance and ESMDance, two protein language models trained on dynamic 
biophysical properties derived from molecular dynamics simulations and normal mode 
analyses of over 64,000 proteins. Both models can be directly applied to predict dynamic 
properties of unseen ordered and disordered proteins. SeqDance, trained from scratch, 
has attentions that capture dynamic interaction and comovement between residues, and 
its embeddings encode rich representations of protein dynamics that can be further uti-
lized to predict conformational properties beyond the training tasks via transfer learning. 
SeqDance predicted dynamic property changes reflect mutation effect on protein folding 
stability. ESMDance, built upon ESM2 (Evolutionary Scale Model II) outputs, substan-
tially outperforms ESM2 in zero-shot prediction of mutation effects for designed and 
viral proteins which lack evolutionary information. Together, SeqDance and ESMDance 
offer a framework for integrating protein dynamics into language models, enabling more 
generalizable predictions of protein behavior and mutation effects. 

molecular dynamics | protein language model | normal mode analysis | mutation effects 

Protein deep learning models have made significant progresses in predicting 3D structure 
[e.g., AlphaFold (1 , 2), RoseTTAfold (3), and ESMFold (4)], protein function (5 ), sta­
bility (6), localization (7), and interactions (8). A central challenge in developing effective 
models lies in the selection of information sources that models can interpret and learn 
from. Broadly, this information can be classified into two main types: evolutionary and 
biophysical (9 ). 

Evolutionary information is derived from protein homologous sequences across species 
that have been shaped by similar selection pressures. Multiple sequence alignments (MSAs) 
of homologs contain information of conserved motifs and coevolutionary pairs. Recently, 
protein language models (pLMs) like ESM1,2 (4 , 10), ProtTrans (11), and ProGen (12 ), 
trained on large-scale protein sequence datasets, have emerged as powerful tools to implic­
itly learn evolutionary information (13 , 14). pLMs learn rich representations of evolu­
tionary information and perform well across diverse tasks, making them common baselines 
for evaluating new models. MSAs and pLMs have been successfully applied to predict 3D 
structures (1 , 4), predict pathogenic mutations (15 , 16), identify signal peptides (6 ), and 
even generate novel proteins (12). However, the effectiveness of evolutionary information 
relies on the quality and quantity of available homologous sequences. For instance, the 
confidences of structure predictions correlate to the number of homologous sequences (1 , 
4). As a result, evolutionary information is less effective for intrinsically disordered regions 
(IDRs), designed proteins, rapidly evolving viral proteins, immune proteins, and those 
from understudied species like extremophiles (17), where homologous sequences are either 
sparse or highly divergent. Moreover, evolutionary patterns in homologs are the outcomes 
of protein functions rather than the underlying causes (Fig. 1A). Overreliance on evolu­
tionary information may bias models toward correlational patterns rather than learning 
fundamental principles governing protein behaviors.           

Biophysical information, primarily derived from protein structures, circumvents the 
limitations of evolutionary information. Predicting protein behaviors from biophysical 
information aligns with the central paradigm that sequence determines structure, and 
structure governs function (Fig. 1A), thereby enabling models to generalize more broadly 
across the protein universe. Biophysical information has been applied to a wide range 
of biological questions. For example, predicted structures have been used to predict 
mutation effects and functional sites (18). MaSIF (8) utilized biophysical and geometric D
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Fig. 1. Information flow in protein study, representative pLMs, model pretraining and performance on test set. (A) Illustration of the “sequence—structure 
ensemble—function—evolution” paradigm. The sequence is the basis of a protein, which folds into a structural ensemble to perform its function. Functionally 
important region exhibits conserved patterns across homologs. (B) Representative pLMs and their information sources. ESM1 and 2 were trained to predict 
masked residues and implicitly learned evolutionary information. ProSE was trained to predict masked residues, pairwise contact in static structures, and 
structure similarity. METL was trained to predict biophysical terms calculated from static structures. SeqDance and ESMDance were trained on protein dynamic 
properties from MD simulations, experimental data, and NMA of static structures. (C) Diagram of the pretraining process. SeqDance and ESMDance take a 
protein sequence as input and predict residue-level and pairwise dynamic properties, which are extracted from structure ensembles and NMA. Both models use 
a Transformer encoder architecture identical to ESM2-35M, consisting of 12 layers with 20 heads per layer and an embedding dimension of 480. Linear layers 
are applied to the residue embeddings to predict residue-level properties. For pairwise property prediction, pairwise embeddings, constructed from residue 
embeddings, are concatenated with attention maps, a linear layer is then applied to predict pairwise properties. (D and E) Comparison of SeqDance, ESMDance, 
and STARLING on 1,249 test IDRs (filtered to sequences ≤384 residues, since STARLING cannot be applied to longer IDRs). STARLING was used to generate 20 or 
200 conformations for each IDR. (F and G) Comparison of SeqDance, ESMDance, and two NMA methods on 404 test high-resolution ordered proteins (filtered 
to sequences ≤1,024 residues, since SeqDance and ESMDance were trained with max length of 1,024). The low-frequency 5 or 20 modes from GNM and 5 × 3 
or 20 × 3 modes from ANM were used for each protein (see Methods for details). In those boxplots, the box extends from the first quartile to the third quartile 
of the data, with a line at the median. The whiskers extend from the box to the farthest data point lying within 1.5 times the interquartile range from the box. 

features on protein surface to study protein interactions. PScore 
(19) was trained to predict Pi-interactions derived from PDB 
(20) structures and can be used to identify phase-separating 
proteins (21). Additionally, there have been initiatives to 

integrate biophysical information into pLMs. ProSE (9 ) was 
trained to predict masked residues, contacts within static struc­
tures, and structural similarities, while METL (22) was devel­
oped to predict biophysical properties derived from static 
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structures (Fig. 1B). There were also pLMs that integrate struc­
ture token information (14 , 23 ). 

However, current protein models use biophysical information 
from static structures. These structural snapshots lack crucial infor­
mation about thermodynamics, allostery, folding, and dynamic 
interactions. Moreover, static structures cannot describe the dynamic 
nature of IDRs, which constitute more than 30% of the human 
proteome (24) and use their inherent flexibility to mediate essential 
biological processes. Protein dynamics are fundamental to under­
stand protein behaviors and mutation effects. Although evolutionary 
information encodes aspects of protein dynamics (25 , 26), it depends 
on the quality and quantity of homologous sequences and cannot 
be directly extracted. Molecular dynamics (MD) simulations are 
routinely used to study protein dynamics, generating ensembles of 
structures based on defined physical forces over the simulation time. 
All-atom MD simulations are often computationally intensive to 
reach a converged equilibrium state (27 ). Coarse-grained models 
simplify protein residues into beads and use specialized force fields 
to reduce computation cost (24). Additionally, normal mode analysis 
(NMA) (28 , 29) can describe protein vibrations around the equi­
librium conformation, with low-frequency modes capturing 
large-scale motions. What’s more, deep learning models have been 
developed to generate conformation ensembles (30 , 31). While these 
methods are widely used to study protein dynamics, the produced 
data are often high-dimensional and irregularly shaped. Thus, effec­
tively and efficiently integrating these dynamic data into protein 
deep learning models remains a significant challenge. 

In this study, we present a deep learning framework to integrate 
dynamics data into pLMs. Using dynamics profiles from 64,403 
proteins, we pretrained (i.e., train models on large scale, general 
datasets to learn useful information before applying them to specific 
tasks) two models: SeqDance and ESMDance. SeqDance is trained 
from scratch directly on protein dynamics data, whereas ESMDance 
is built upon ESM2 outputs, which implicitly encode structural 
and evolutionary information. We demonstrated that our models 
capture local dynamic properties and global conformational prop­
erties for proteins not included in the training data. We also applied 
our models for zero-shot (applying models directly to a new task 
without any additional training) prediction of mutation effects, 
achieving superior performance on designed and viral proteins, 
where evolution-based methods typically underperform. 

Results 

Pretraining pLMs on Dynamics Properties of over 64,000 Proteins. 
To establish the protein dynamics dataset, we curated both high- 
resolution and low-resolution data sources. High-resolution 
data include experimental data and all-atom MD simulation 
trajectories from mdCATH (32), ATLAS (33), GPCRmd (34), 
PED (35). Since high-resolution data are limited, we further used 
low-resolution dynamics data, including coarse-grained MD 
trajectories of human IDRs from IDRome (24) and NMA [we used 
the Gaussian Network Model (28) (GNM) and the Anisotropic 

Network Model (29) (ANM)] for representative structures in the 
PDB (36). Overall, we collected 7,799 high-resolution data and 
56,604 low-resolution data, covering ordered domains, IDRs, 
membrane proteins, antibodies, and protein complexes (see Table 1 
and SI Appendix, Supplementary Methods for details). 

We extracted residue-level and pairwise dynamic properties that 
describe the distribution of properties in structure ensembles 
(Fig. 1C and SI Appendix, Table S1). Residue-level properties 
include normalized RMS fluctuation (RMSF), solvent-accessible 
surface area (SASA), eight-class secondary structures, and dihedral 
angles (phi , psi , chi1) which describe the rotations around bonds 
in the protein backbone and side chains. Pairwise properties 
include the correlation of Cα movements and frequencies of 
hydrogen bonds, salt bridges, Pi–cation, Pi–stacking, T-stacking, 
hydrophobic interactions, and van der Waals interactions. For 
NMA data, we categorized normal modes of each structure into 
three frequency-based clusters. For each cluster, we calculated 
residue fluctuation and pairwise movement correlation (see 
SI Appendix, Table S1 and Supplementary Methods  for details). 

We developed two models, SeqDance and ESMDance, both 
consisting of Transformer encoders and dynamic property predic­
tion heads (task-specific output layers). Both models take protein 
sequence as the only input, use the encoder’s final layer embed­
dings and attention maps to predict residue-level and pairwise 
dynamic properties (Fig. 1C). The Transformer encoder follows 
the same architecture as ESM2-35M (35 million parameters) with 
12 layers and 20 heads per layer, the dynamic property prediction 
heads contain 1.2 million trainable parameters in total. The key 
difference between the two models lies in their initialization and 
use of prior knowledge. In SeqDance, all parameters were ran­
domly initialized, allowing the model to learn dynamic properties 
from scratch. In contrast, ESMDance retains and freezes all 
parameters from ESM2-35M, enabling it to leverage the evolu­
tionary information already encoded in ESM2 to predict dynamic 
properties (see Methods  for details). 

To balance contributions of different properties from different 
data sources, we adjusted their respective weights in the loss func­
tion (see Methods  for details). We clustered sequences using a 50% 
sequence identity cutoff (same to ESM2 training), then randomly 
chose 95% of the clusters as the training set, reserving the remain­
ing 5% as the test set (no validation set was used, since we did not 
perform hyperparameter tuning; see Methods). The training and 
test losses are shown in SI Appendix, Fig. S1. SeqDance and 
ESMDance achieve comparable overall test losses, with SeqDance 
performing better on the IDRome test set and NMA test set, while 
ESMDance performing better on the high-resolution test set. After 
pretraining, we observed strong correlations between the weights 
of linear layers used to predict comovement in MD simulations 
and those used for comovement in NMA, in both models 
(SI Appendix, Fig. S2). This result confirms that NMA effectively 
captures dynamic motions similar to those observed in MD sim­
ulations, supporting its use as a complementary source for aug­
menting model pretraining. 

Table 1. Protein dynamic datasets 

Source Description Count Method 

High-resolution PED (35) Disordered regions 382 Experiment and others 

GPCRmd (34) Membrane proteins 509 All-atom MD, ~500 ns × 3 

mdCATH (32) CATH domains 5,392 All-atom MD, ~464 ns × 5 

ATLAS (33) Ordered structures in PDB 1,516 All-atom MD, 100 ns × 3 

Low-resolution IDRome (24) Disordered regions 28,058 Coarse-grained MD 

Proteinflow (36) Ordered structures in PDB 28,546 Normal mode analysis D
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To assess the direct utility of SeqDance and ESMDance, we 
evaluated them on the test IDRome and high-resolution datasets, 
comparing performance on IDRs against the IDR conformation 
generative model STARLING (31) and on the high-resolution 
dataset against two NMA methods: GNM and ANM. We 
focused on residue fluctuation and pairwise movement correla­
tion [only residue pairs farther than five amino acids were con­
sidered as recommended in CASP (37)], as they can be directly 
calculated from STARLING-generated ensemble and normal 
modes. For test IDRs, SeqDance achieves median Pearson cor­
relations of 0.87 for residue fluctuation and 0.89 for pairwise 
movement correlation, ESMDance achieves median correlations 
of 0.82 and 0.83 for two tasks (Fig. 1 D and E). As a baseline, 
we used STARLING to generate 200 conformations for each 
test IDR, extracted dynamic properties from the generated 
ensemble. This approach achieves median correlations of 0.82 
and 0.85 for two tasks (Fig. 1 D   and E), comparable to 
ESMDance but not as good as SeqDance. For high-resolution 
ordered test proteins, SeqDance achieves median Pearson corre­
lations of 0.54 for residue fluctuation and 0.27 for pairwise 
movement correlation, while ESMDance achieves 0.60 and 0.37, 
respectively (Fig. 1 F   and G). As baselines, we used GNM and 
ANM (low-frequency 5 or 20 modes for GNM, 5 × 3 or 20 × 
3 modes for ANM) to calculate dynamic properties. ESMDance 
is comparable to ANM in predicting residue fluctuation and 
comparable to GNM with five modes in predicting pairwise 
correlation, but overall, both SeqDance and ESMDance lag 
behind GNM and ANM when using 20 normal modes for 
ordered proteins (Fig. 1 F and G). 

Taken together, by being trained on protein dynamic properties, 
SeqDance and ESMDance can be directly applied to predict 
residue-level and pairwise dynamic properties for proteins dissim­
ilar to those in the training set. They demonstrate superior per­
formance on IDRs for both residue-level and pairwise dynamics, 
and satisfactory performance on residue-level dynamics of ordered 
proteins, using sequence as the only input (NMA takes structure 
as input). SeqDance performs better on IDRs, whereas ESMDance 
performs better on ordered proteins, consistent with the trends 
observed in the test losses (SI Appendix, Fig. S1) and in line with 
the fact that evolutionary information is more informative for 
ordered proteins but less effective for IDRs. In the following, we 
first assessed SeqDance’s attention mechanism and embeddings, 
then compared its predicted dynamic properties with mutation 
effect on protein stability, and examined the advantage of 
ESMDance compared to ESM2 and SeqDance on predicting 
mutation effects.  

SeqDance’s Attentions Capture Dynamic Interactions and 
Comovement. The Transformer model employs self-attention 
mechanism (38) to aggregate information from other tokens, 
with attention values representing the relationship between tokens 
(in protein context, amino acids). Here, we evaluated whether 
SeqDance’s attention mechanism captures dynamic interactions 
and residue comovement. The analysis was conducted on the 
test dataset, which included 404 high-resolution proteins, 1,355 
IDRome proteins, and 1,274 proteins with NMA. Additionally, 
we evaluated an independent test set comprising 29 MD 
trajectories from the Dynamic PDB dataset (39). All test proteins 
share less than 50% sequence identity with the SeqDance training 
sequences, allowing us to assess the model’s ability to generalize to 
unseen proteins. The Dynamic PDB test set was generated using 
a different MD force field to those used in pretraining, enabling 
us to further evaluate SeqDance’s generalization ability across 

different simulation conditions. For all analyses, only residue pairs 
farther than five amino acids were considered as recommended 
in CASP (37). 

We compared the dynamic properties (interaction frequency 
and movement correlation) of residue pairs to attention values 
from each attention head. We calculated Spearman correlations 
for all 240 attention heads and highlighted the top five heads in 
Fig. 2. For interaction frequency, the best attention heads of 
SeqDance achieve median Spearman correlations of 0.41 on the 
high-resolution test set, 0.52 on the IDRome test set, and 0.52 
on the Dynamic PDB test set (Fig. 2 A –C; the best attention head 
for different data may be different). For residue pairs with positive 
movement correlation in the MD ensemble, SeqDance performs 
particularly well on the IDRome test set, achieving a median 
Spearman correlation of 0.74 for the best attention head. In con­
trast, median Spearman correlations of best attention heads are 
just 0.22 for both ordered test set (high-resolution and Dynamic 
PDB; Fig. 2 D –F), consistent with our results in Fig. 1 E and G . 
SeqDance’s attention do not capture residue pairs with negative 
movement correlation in the MD ensemble well (SI Appendix, 
Fig. S3 A –C). For NMA data, the best attention heads achieve 
median Spearman correlations of 0.34, 0.29, and 0.22 for posi­
tively correlated pairs in low-, medium-, and high-frequency 
modes, respectively (Fig. 2 G –I), and Spearman correlations of 
–0.04, –0.26, and –0.35 for negatively correlated pairs in three 
frequency modes (SI Appendix, Fig. S3 D –F; negative correlation 
means better capturing this property).           

We further evaluated ESM2-35M, as ESMDance was trained 
with ESM’s parameters frozen and thus shares identical atten­
tions. We note that the test proteins are dissimilar to SeqDance’s 
training data, but appear in, or have homologs in, the ESM2 
training data. Previous studies showed that ESM’s attention 
heads capture both native interactions observed in PDB struc­
tures (40) and nonnative interactions observed in MD simula­
tions (25) via learning evolutionary information. Across all 
evaluations, ESM2-35M and SeqDance show comparable per­
formances (Fig. 2 and SI Appendix, Fig. S3). SeqDance performs 
slightly better on four evaluations (interaction frequencies, neg­
atively correlated pairs in the MD ensemble, and both positively 
and negatively correlated pairs in NMA), while ESM2-35M 
performs slightly better on one evaluation (positively correlated 
pairs in the MD ensemble). Overall, these results demonstrated 
that our pretraining strategy enables SeqDance’s attention to 
capture dynamic interactions and residue comovement directly 
from sequence, performing comparable to ESM2 on unseen 
proteins and different simulation conditions. ESM2’s ability to 
capture dynamic properties enabled us to train ESMDance, 
achieving comparable test loss to SeqDance with far fewer train­
able parameters (SI Appendix, Fig. S1 ).  

SeqDance’s Embeddings Encode Global Protein Conformation 
Properties. Next, to assess SeqDance’s generalization capability, 
we investigated whether SeqDance learns protein conformational 
properties not included in the pretraining tasks. Specifically, we 
considered end-to-end distance (Re), asphericity, and radius of 
gyration (Rg), which quantify motion range, deviation from a spherical 
shape, and compactness, respectively. Since these properties cannot 
be directly obtained from the model, we trained linear regression 
models using its embeddings in a supervised manner. To ensure a fair 
comparison with other pLMs in Fig. 1B (ESMDance embedding is 
identical to ESM2-35M), we applied principal component analysis 
to the mean-pooled embeddings from each method and used the 
top 200 components as input for linear regression. D
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Fig. 2. SeqDance’s attention mechanism captures dynamic interactions and comovement in test sets. (A–I) For each attention head, Spearman correlation was 
calculated between attention values and pairwise dynamic properties, top five heads of SeqDance and ESM2-35M are shown. (D–I) show results for positively 
correlated residue pairs. The boxplots show the distributions of Spearman correlation on test proteins. 

We first evaluated these pLMs on structure ensembles of IDRs 
(41) generated using a different coarse-grained force field com­
pared to SeqDance training set. After removing IDRs with over 
20% sequence identity and 50% coverage to any SeqDance train­
ing sequence, 28,717 IDRs remained (see Methods  for details). 
We used mean Re, asphericity, and R g     in the ensemble (see Methods 
for how we account for the intrinsic length dependence of  Rg and 
Re    ). The training and test sets were split in a 6:4 ratio using a 20% 
sequence identity cutoff to prevent information leakage. Linear 
regression model was trained for each pLM, and the experiment 
was repeated 20 times. SeqDance significantly outperforms the 
randomly initialized model prior to pretraining and other pLMs 
(Fig. 3 A –C), reducing the MAEs (mean absolute errors) of the 
random model, ESM2-650M, METL, and ProSE by 31%, 25%, 
29%, and 31% on average, respectively.           

For ordered proteins, obtaining conformational properties from 
structure ensembles is challenging due to the computational cost 
of MD simulations. Therefore, we used  Rg    of over 10,000 static 
monomer structures in the PDB database from the paper (42) (see 
Methods  for details). Since SeqDance was trained on NMA of 
nearly all representative PDB structures (36), we did not exclude 
sequences with homologs in SeqDance training set. Using the 
same evaluation method described above, SeqDance outperforms 
the random model, ProSE, and METL, and performs comparably 
to ESM2 (Fig. 3D ). 

We also evaluated the performance using Pearson correlation 
and found similar results (SI Appendix, Fig. S4 A –D). Notably, 
even using the full embeddings instead of the first 200 principal 
components, SeqDance still outperforms other pLMs in most 
tasks (SI Appendix, Table S2), despite having the shortest 

embedding size. Fig. 3 E –H  shows the predictions of the linear 
model using full SeqDance embeddings on test proteins from one 
experiment. SeqDance enables accurate predictions of conforma­
tional properties observed in MD simulations of IDRs and in 
PDB structures of ordered proteins. We further compared 
SeqDance with STARLING for IDRs and with ESMFold (3B 
parameters) for ordered proteins. We note that both STARLING 
and ESMFold were trained on the same datasets used in our eval­
uation, meaning that a substantial fraction of the test proteins was 
included in their training sets. For IDRs, SeqDance outperforms 
STARLING when generating 20 conformations but underper­
forms STARLING when generating 200 conformations (Fig. 3 
E –G   and SI Appendix, Fig. S4 E –G). For ordered proteins, 
SeqDance embeddings and ESMFold yield comparable perfor­
mance (Fig. 3H and SI Appendix, Fig. S4H). Thus, SeqDance 
provides an efficient alternative for predicting protein conforma­
tional properties, achieving performance comparable to structure- 
and ensemble-based methods while being orders of magnitude faster. 

SeqDance Predicted Dynamic Property Changes Reflect Mutation 
Effect on Protein Stability. To evaluate whether SeqDance captures 
information about the biophysics of protein folding, we compared 
its output with mutation effects on protein folding stability. We 
hypothesized that destabilizing mutations would induce significant 
changes in protein dynamics, whereas mutations with minimal 
impact would induce smaller dynamic changes. To test this 
hypothesis, we used SeqDance to predict dynamic properties for 
both wild-type and mutated sequences, computed their relative 
changes, and compared these to experimentally measured ΔΔG 
values (Fig. 4A, see Methods for details). This approach was framed D
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A B C D 

E F G H 

Fig. 3. SeqDance’s embeddings encode protein global conformational properties. (A–D) Performance comparison of SeqDance (35M parameters), METL, 
ProSE, and ESM2 (ESMDance embedding is identical to ESM2-35M) in predicting the end-to-end distance of disordered regions (A), asphericity of disordered 
regions (B), radius of gyration of disordered regions (C) and ordered proteins (D). The training and test split was 6:4 with a 20% sequence identity cutoff. Linear 
regression model was trained to predict conformational property using the first 200 principal components of mean-pooled embeddings from each method 
as input. Results presented are the distributions of the mean absolute error of 20 independent repeats. (E–G) Comparison of conformational properties of 
test IDRs obtained from coarse-grained MD simulations versus predictions from SeqDance embeddings. (H) Comparison of radius of gyration of test ordered 
proteins obtained from PDB structure versus predictions from SeqDance embeddings. Results in (E–H) are predictions from linear regression models using the 
full embeddings rather than the first 200 principal components. Each dot represents a test protein, the blue line indicates the linear fit, and the dashed black 
line represents the line of equality, marginal histogram shows the distribution of data. 

as a zero-shot prediction, as the model was not specifically trained 
on mutation data. We applied this approach to the megascale 
protein folding stability dataset (43), which includes ΔΔG values 
for 379,865 single mutations and 147,926 double mutations across 
412 proteins, encompassing both natural and designed proteins. 

To evaluate the zero-shot predictive power of individual 
dynamic properties, we computed the Spearman correlation 
between the relative change of each property and the correspond­
ing ΔΔG values for mutations in each protein. While the ran­
domly initialized model prior to pretraining shows no predictive 
power, many SeqDance-predicted properties achieve median 
Spearman correlations above 0.2 (Fig. 4B and SI Appendix, 
Fig. S5), confirming that pretraining enables SeqDance to capture 
meaningful biophysical dynamics. Among individual properties, 
SASA mean emerges as one of the top-performing properties, 
consistent with the fact that destabilizing mutations disrupt core 
packing and increase solvent exposure. Dihedral angles phi and 
psi  also rank highly, highlighting the role of backbone conforma­
tional flexibility in protein stability. Additionally, pairwise move­
ment correlations derived from MD simulations and NMA 
demonstrate relatively high performance, further emphasizing the 
importance of collective dynamics in predicting mutation effects. 
To integrate these dynamic properties, we used the geometric 
mean of quantile-normalized relative changes (see SI Appendix, 
Table S3 and Methods  for details). The unified score yields a 
median Spearman correlation of 0.24 across all 412 proteins. 

To assess whether SeqDance’s performance depends on the 
presence of homologs in its training set, we first analyzed its per­
formance relative to the most similar protein in the training set. 
SeqDance performs better on proteins with close homologs of 
over 95% sequence identity in its training set (Fig. 4C). For the 
125 proteins with such close homologs, the median Spearman 
correlation is 0.29, whereas for the 191 proteins with no homologs 

in the training set, the median correlation is 0.20. Proteins with 
homologs of 20 to 95% sequence identity show similar perfor­
mance to those with no homologs. We also examined SeqDance’s 
performance as a function of the number of homologs (defined 
as over 20% sequence identity and 50% coverage) and observed 
only a minor correlation (Fig. 4D ). 

Furthermore, we compared SeqDance with ESM2, which can 
perform zero-shot prediction of mutation effects by estimating 
the probability of 20 amino acids based on evolutionary informa­
tion. ESM2-35M achieves a median Spearman correlation of 0.33, 
outperforming SeqDance. This is consistent with the fact that 
evolutionary information is highly effective in predicting mutation 
effects. However, the performance of ESM2 is strongly dependent 
on the number of homologs in its training set, UniRef50, par­
ticularly for proteins with over 100 homologs (Fig. 4E; 
ESM2-650M and -15B in SI Appendix, Fig. S6 A and B). To iso­
late the effect of homolog abundance, we evaluated a subset of 
257 proteins that have a similar number of homologs (between 0 
and 146) in both UniRef50 and the SeqDance training set. In 
this subset, ESM2-35M achieves a median Spearman correlation 
of 0.22, comparable to SeqDance’s performance of 0.24 
(SI Appendix, Fig. S6C). These results suggest that, given similar 
model size and training data abundance, SeqDance and ESM2 
perform similarly in predicting mutation effect on protein stabil­
ity. Overall, despite being pretrained exclusively on wild-type 
sequences and without reliance on evolutionary information, 
SeqDance is able to make meaningful predictions about mutation 
effect on protein stability, even for proteins with no homologs in 
the training set. 

ESMDance Enhances Prediction of Mutation Effect on Protein 
Stability. While both ESM2-35M, which leverages evolutionary 
information, and SeqDance, which captures protein dynamic D
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Fig. 4. Predicting mutation effect on protein folding stability. (A) Framework of using SeqDance (35M parameters) or ESMDance (35M parameters) to predict 
mutation effects. (B) Distribution of zero-shot prediction performance (Spearman correlation) on 412 proteins of different dynamic properties; the random 
model (color gray) represents the randomly initialized model prior to pretraining. SASA mean, std: mean and SD of SASA. NMA properties 1, 2, 3: properties 
calculated from low-, median-, and high-frequency normal modes. vdw: van der Waals interaction; hbbb: backbone-to-backbone hydrogen bond; hbsb: side- 
chain-to-backbone hydrogen bond; hbss: side-chain-to-side-chain hydrogen bond; hp: hydrophobic interaction; sb: salt bridge; pc: Pi–cation interaction; ps: 
Pi–stacking interaction; ts: T-stacking interaction. (C) SeqDance zero-shot prediction performance split by the most similar proteins in SeqDance training set. We 
used cutoff of 95% sequence identity together with 95% coverage, 50% sequence identity together with 80% coverage, 20% sequence identity together with 50% 
coverage. (D–F) Relationship between zero-shot performance and the number of homologs (defined as 20% sequence identity and 50% coverage) in training set. 
The line represents a polynomial regression of order two, with the shaded area indicating the 95% CI. The x-axis shows the log-scaled number of homologs, with 
small random noises added to the x values to reduce overlap. (G) ESMDance zero-shot prediction performance split by the most similar proteins in ESMDance 
training set. (H and I) Performance of supervised linear regression models on test mutations from 412 proteins. For each protein, 50% of the mutations were 
used to train the regression model, and the remaining 50% were reserved as the test set. For SeqDance and ESMDance, the regression models used their 23 
predicted dynamic property changes as input; for ESM2, the regression model used predictions from three models (35M, 650M, and 15B) as input; and for 
SaProt, the zero-shot predictions of SaProt-35M were used as input. 

properties, can predict mutation effect on protein stability, their 
individual performance remains modest at a model size of 35 
million parameters. To harness the strengths of both approaches, 
we developed ESMDance that integrates evolutionary and dynamic 
information, also with 35 million parameters. Using the zero-shot 
approach illustrated in Fig.  4A, ESMDance achieves a median 
Spearman correlation of 0.46 across 412 proteins (Fig.  4F), 
significantly outperforming both ESM2-35M (0.33) and SeqDance 
(0.24). Remarkably, ESMDance also matches or surpasses SaProt-
35M (23) (0.45; SI Appendix, Fig. S6D), which has similar model 

architecture but uses structure tokens as additional input, and much 
larger language models, including ESM2-650M (0.46; SI Appendix, 
Fig. S6A) and ESM2-15B (0.43; SI Appendix, Fig. S6B). Moreover, 
ESMDance demonstrates robust generalization: its performance is 
independent of the presence of homologs in its training set or in 
UniRef50 (Fig. 4 F and G and SI Appendix, Fig. S6E). We note that 
proteins without homologs in UniRef50 also lack homologs in the 
ESMDance training set. Thus, the performance gains observed for 
these proteins are not attributable to the presence of their dynamic 
data in the ESMDance training. D
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These models’ zero-shot predictions are correlated with ΔΔG, 
but not on the same physical scale. To align them with ΔΔG, 
we fitted supervised linear regression models. For each protein, 
50% of mutations were randomly sampled for training and the 
remaining 50% were used for testing. Linear regression models 
of SeqDance- and ESMDance-predicted dynamic property 
changes (23 relative changes, Fig. 4B) achieve median MAEs of 
0.63 and 0.54 kcal/mol and median Spearman correlations of 
0.44 and 0.58, respectively, on test mutations from 412 proteins 
(Fig. 4 H and I), significantly outperforming their respective 
zero-shot correlations. As a baseline, a linear regression model 
using zero-shot predictions from three ESM2 models (35M, 
650M, and 15B) achieves a median MAE of 0.56 kcal/mol, 
better than SeqDance but worse than ESMDance (Fig. 4 H  and  
I). We further trained regression models using predictions from 
multiple methods as inputs. Adding SaProt-35M predictions to 
ESM2 decreases the MAE to 0.53 kcal/mol, while adding 
SeqDance or ESMDance predictions yields larger improvements: 
ESM2 + SeqDance reaches 0.52 kcal/mol, ESM2 + ESMDance 
reaches 0.48 kcal/mol, and combining ESM2, SeqDance, and 
ESMDance achieves the best performance with a median MAE 
of 0.47 kcal/mol and a median Spearman correlation of 0.70 
(Fig. 4 H   and I). 

Overall, these results demonstrate that by integrating evolu­
tionary information learned by ESM2 with protein dynamic prop­
erties, ESMDance achieves superior performance in predicting 
mutation effect on protein stability. Furthermore, our models 
provide additional information to evolution-based models, and 
their combination yields even greater predictive power. 

Biophysics-Based Pretraining Improves Mutation Effect 
Prediction for Designed and Viral Proteins. One limitation of 
ESM2 is that the evolutionary information it learns from natural 
proteins may fail to generalize to de novo designed proteins. To 
evaluate whether ESMDance can address this limitation, we 
analyzed a subset of 135 designed proteins that lack homologs in 
both UniRef50 and the SeqDance/ESMDance training set. ESM2-
35M, -650M, and -15B achieve median Spearman correlations of 
0.21, 0.32, and 0.29, respectively—significantly lower than their 
average performances (Figs. 4E and 5A and SI Appendix, Fig. S6 
A and B). In contrast, ESMDance achieves a median Spearman 
correlation of 0.46, substantially outperforming SeqDance 
(0.20), SaProt-35M (0.06), and all ESM2 models (Fig.  5A). 
Further analysis at the individual protein level revealed that the 
performances of different ESM2 models are highly correlated 
(Fig. 5B). In contrast, both SeqDance and ESMDance exhibit 
orthogonal performance patterns to ESM2 (Fig. 5 C and D), with 
ESMDance showing significant improvements for most proteins 
compared to ESM2-35M (Fig. 5D). 

Furthermore, we visualized zero-shot predictions for two designed 
proteins (highlighted in Fig. 5 B–D). The first, r10_572_TrROS_ 
Hall (Fig. 5E), was designed using TrRosetta hallucination (43). Both 
SeqDance and ESMDance achieve significantly higher correlations 
(0.52 for both) compared to the ESM2 models (0.18, 0.25, and 0.20 
for ESM2-35M, -650M, and -15B, respectively). The second, 
GG|run4_0284_0002 (Fig. 5F), was designed using the EEHH 
method (43). Here, both ESM2 and SeqDance perform poorly 
(0.02, 0.09, −0.02, and 0.18 for ESM2-35M, -650M, -15B, and 
SeqDance, respectively), whereas ESMDance achieves a markedly 
higher correlation of 0.53. Linear regression models show similar 
results on test mutations of two proteins (SI Appendix, Fig. S7). This 
result underscores the advantage of ESMDance in directly integrat­
ing dynamic properties and evolutionary information during model 
training, outperforming separate predictions from two models. 

Additionally, we benchmarked several established structure- 
based models. These included the inverse-folding model Protein­
MPNN (44), which predicts sequence from structure and whose 
predicted sequence likelihood correlates with mutation effects on 
stability, as well as the biophysics-based models Rosetta (45) and 
FoldX (46 ) (see Methods  for details), which directly estimate muta­
tion ΔΔG values. We note that using the structure as input inher­
ently simplifies stability prediction, since mutations in buried sites 
typically have larger effects, whereas surface mutations tend to have 
smaller effects (Fig. 5G). We first evaluated Spearman correlation, 
ESMDance zero-shot outperforms ProteinMPNN but performs 
below FoldX and Rosetta, while ESMDance linear regression per­
forms comparably to FoldX and Rosetta (Fig. 5H). We also assessed 
the mean absolute error (MAE), and our linear regression models 
yield substantially lower MAE than both FoldX and Rosetta raw 
ΔΔG values. After calibrating FoldX and Rosetta raw ΔΔG values 
with experimental measurements using linear regression, their 
MAE becomes comparable to—but still slightly higher than—that 
of ESMDance linear regression model (Fig. 5H). Overall, these 
results suggest that our linear regression models can serve as an 
alternative to traditional biophysics-based models while being 
orders of magnitude faster and requiring only sequence input. 

Besides designed proteins, we also examined their performances 
on viral proteins, which evolve rapidly and are underrepresented 
in UniProt. For deep mutational scanning experiments in 
ProteinGYM (47), ESM2 models and SaProt-35M consistently 
perform worse on viral proteins compared to the other proteins 
regardless of model size (SI Appendix, Fig. S8 ). ESM2-35M 
achieves a median Spearman correlation around 0 on viral proteins 
(SI Appendix, Fig. S8). For 23 viral proteins shorter than 1,024 
residues, encompassing 187,902 mutations, SeqDance and 
ESMDance achieve median Spearman correlations of 0.18 and 
0.25, respectively (Fig. 5 I and J), using the zero-shot approach 
in Fig. 4A   (which may not be the optimal strategy for mutation 
effects beyond stability, see Discussion). They outperform 
ESM2-35M (0.03) and SaProt-35M (0.14) but are not as good 
as ESM2-15B (0.36; Fig. 5I ).   

Discussion 

In this work, we developed SeqDance and ESMDance, two pLMs 
pretrained with dynamic properties derived from MD simulations 
and NMA. SeqDance captures local dynamic interactions, residue 
comovement, and global conformational properties after pretrain­
ing, using only single sequence input and without relying on evo­
lutionary information. ESMDance integrates the evolutionary 
information encoded in ESM2 and the newly learned dynamic 
properties, significantly outperforms SeqDance and ESM2-35M 
in zero-shot prediction of mutation effects for designed and viral 
proteins. 

In the pretraining process, we did not directly predict full struc­
ture ensembles due to the immense size of the dataset (over 60 
million frames) and the complexity of modeling entire ensembles. 
Instead, we used simplified dynamic property descriptors such as 
the mean, SD, and interval distribution of ensemble-derived prop­
erties. Prior study has demonstrated that mean values from struc­
ture ensembles provide significantly more information than those 
from static structures (48). This strategy enables SeqDance and 
ESMDance to learn from simplified but informative properties 
of protein dynamics, without the overwhelming computational 
demand of full ensemble modeling. During pretraining, the test 
losses plateaued early (SI Appendix, Fig. S1), but we continued 
training to enable models to learn dynamic information more 
effectively from the training set, as the training set was D
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F Pro2: GG|run4_0284_0002 

E Pro1: r10_572_TrROS_Hall 

Pro1 
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Zero-shot performance on stability mutation scan of 135 designed proteins (no homolog in UniRef50/SeqDance training set) 

Pro1 

Pro2 

B C D 

G H 

I J 

Fig. 5. Predicting mutation effects for designed and viral proteins. (A–D) Performance comparison between ESM2, SaProt (35M parameters), SeqDance (35M 
parameters), and ESMDance (35M parameters) for 135 designed proteins with no homologs in both UniRef50 and the SeqDance training set. Two highlighted 
proteins are further shown in (E and F). (E and F) Structure and the relationship between predictions and ΔΔG values for two designed proteins. The kernel density 
estimate plot shows the distribution of experimentally measured folding ΔΔG values and zero-shot prediction values for the three methods. The line represents 
the linear regression, with the shaded area indicating the 95% CI. (G) Relationship between experimental ΔΔG and relative SASA of the mutation site. The line 
represents the linear regression fit. (H) The SeqDance/ESMDance zero-shot prediction uses the geometric mean of 23 relative changes in dynamic properties, 
whereas the SeqDance/ESMDance linear regression model uses a linear combination of the same 23 relative changes. For all linear regression models, 50% of 
mutations were randomly sampled as training set for each protein, and the remaining 50% were used as test, the performances on test mutations were shown 
here. (I and J) Zero-shot performance of ESM2, SaProt, SeqDance, and ESMDance on 23 viral proteins shorter than 1,024 residues in ProteinGYM. D
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representative and relatively large, and extended training did not 
result in increased test loss. Using attention maps to predict pair­
wise properties constrains SeqDance to focus on interacting and 
comoving residue pairs. This approach is crucial for learning bio­
physically meaningful information and improves SeqDance’s abil­
ity to extrapolate to unseen proteins. Our results show that our 
pretraining strategy enables the transformer’s attentions to effec­
tively capture pairwise dynamic properties, using only 1/1,000th 
of the training sequences compared to ESM2.

 In Figs. 1 and 2 , both SeqDance and ESMDance achieve higher 
correlations for IDRs compared to ordered structures, likely 
because our models were trained on more IDR MD trajectories. 
In addition, the dynamics of IDRs are usually localized and easier 
to learn, whereas the dynamics of ordered structures often involve 
long-range interactions. SeqDance effectively learns global con­
formational properties of both ordered and disordered proteins 
(Fig. 3), which ar e essential for understanding protein shape and 
flexibility. In comparison, METL (22 ) underperforms in predict­
ing the radius of gyration ( R g    ) for ordered proteins (Fig. 3D ), 
despite having R g    prediction as a pretraining task. ProSE (9 ) per­
forms well in predicting the conformational properties of ordered 
regions but struggles with IDRs (Fig. 3 ), likely because its pre­
training focused on ordered PDB structures. ESM2 performs well 
on both ordered and disordered proteins, as conformational prop­
erties are also conserved (41 ).

   

C urrent methods for zero shot prediction of mutation effects 
use evolutionary information and static structure. These methods 
are less effective for proteins without sufficient homologs and 
structures. We applied SeqDance and ESMDance to predict muta­
tion effects by calculating changes of dynamic properties between 
wild-type and mutated sequences. These results highlight the 
effectiveness and efficiency of integrating both evolutionary infor­
mation and dynamic properties for understanding mutation 
effects, particularly for proteins that cannot be accurately predicted 
using evolutionary information or static structure. While we apply 
this kind of zero-shot strategy to predict mutation effects on pro­
tein, analogous approaches like Enformer (49 ) and Borzoi (50 ) 
have been used to predict effect of noncoding mutations in DNA 
sequences, where evolutionary information is also less effective. 
Our current zero-shot strategy uses changes across the entire pro­
tein, which is reasonable for predicting mutation effects on protein 
stability but not optimal for mutation effects on function, binding, 
or activity, where dynamic changes at functional sites, binding 
interfaces, or catalytic centers may be more relevant. Moreover, 
for SeqDance, the presence of highly similar proteins in the train­
ing set leads to improved performance on mutation effect 
(Fig. 4C ). Thus, running MD simulations for a protein of interest 
and using the extracted features to fine-tune SeqDance may yield 
better predictions, but this may not work for ESMDance (Fig. 4G).

-

 
W e did not compare our models to classical protein dynamics 

methods on specific proteins. This was a deliberate choice: Our 
models are not intended as drop-in replacements for existing 
approaches, but rather as a step toward a paradigm that learns 
dynamic information with pLMs. In our work, all evaluations 
were performed on proteins shorter than 1,024 residues. We envi­
sion several directions to further improve the models. First, 
expanding protein dynamics data: while high-resolution data 
remain limited relative to the vast number of sequences, lower- 
resolution sources, such as coarse-grained MD simulations and 
NMA, can still provide valuable training signals. Second, training 
models on more detailed dynamic properties that describe higher- 
order relationships and time-dependent behaviors to capture more 
nuanced aspects of protein motion. Third, employing more advanced 
model architectures [e.g., the Evoformer in AlphaFold2 (1)]   

and scaling up model size: as demonstrated in many areas of deep 
learning, larger models can learn more complex patterns. Last, 
incorporating structural information as additional input may fur­
ther improve performance on ordered structures and mutation 
effect on stability.

 In conclusion, SeqDance and ESMDance advance the integration 
of protein dynamic properties, captured through MD simulations 
and NMA, into deep learning frameworks. By comple menting 
widely used evolutionary and static structure-based models, our 
models reveal insights into protein behavior and mutation effects, 
particularly for proteins lacking homologs, such as IDRs, designed 
and viral proteins. This underscores the practical utility of dynamic 
properties as a critical, yet underexplored, dimension in computa­
tional protein design and studies, offering a tool to bridge the gap 
between sequence, dynamics, and function.  

Methods

Model Architecture. The models consist of a transformer encoder and the dynamic 
property prediction heads. The transformer encoder uses the ESM2-35M ar chitec-
ture and the same sequence tokenizer. It comprises 12 layers with 20 attention 
heads each and employs rotational positional embeddings, with a final embedding 
dimension of 480. The choice of the 35M model is due to both the relatively small 
training dataset (compared to hundreds of millions of sequences) and our computa-
tional resources. Linear layers are added to predict residue-level pr operties from the 
residue embeddings of the last transformer layer. For pairwise feature prediction, 
pairwise embeddings are computed from residue embeddings as follows:

where E represents the final residue embeddings, W1 and W2 are learnable linear 
matrices. i and j are residue indexes, ⨀ represents element-wise  multiplication, 
The pairwise embeddings Pij , along with attention values from 240 heads, are 
passed through a linear layer to predict pairwise features. The dynamic property 
prediction heads contain 1.2 million parameters in total.

Using attention maps and pairwise embeddings allows the model to capture 
the distinct characteristics of two pairwise properties: the mean value of inter-
action frequency depends on the sequence length, as the maximum number of 
interactions a residue can form is constrained, while the mean value of movement 
correlation is length-independent.  By combining length-dependent at tention 
values (which sum to one after SoftMax operation in attention calculation) with 
length- independent pairwise embeddings, the model can capture both types 
of pairwise properties.

Different activation functions were used for different properties: For sec-
ondary structure and dihedral angles, where the values for each property sum 
to one, SoftMax functions were used. For RMSF, which is normalized to (0,1], 
Sigmoid functions were applied. For correlation properties, Tanh functions 
were used to maintain values within (−1,1). For other nonnegative proper-
ties, SoftPlus functions were applied (ReLU led to the dead ReLU problem in 
our experiments).

Pretraining Procedure. Models were implemented and trained using PyTorch 
(51) (v2.5.1) and the Transformers library (v4.48.2, https://huggingface.co/
docs/transformers/index). Training was performed with a batch size of 128, 
parameters were updated every three batches, each from high- resolution data, 
IDRome, and the NMA dataset. Optimization was conducted using the AdamW 
optimizer, with a peak learning rate of 1 × 10−4, an epsilon value of 1 × 10−8, 
betas of (0.9, 0.98), and a weight decay of 0.01. The learning rate was linearly 
warmed up over the first 2,000 steps, followed by a linear decay to 1 × 10−5 
over 90% of total training steps. To mitigate overfitting, a dropout rate of 0.1 
was applied in both the transformer encoder and the dynamic property pre-
diction heads.

SeqDance was trained for 200,000 steps, with a maximum sequence length 
of 256 for the first 160,000 steps and 1,024 for the remaining 40,000 steps. 
ESMDance was trained for 60,000 steps, using a maximum sequence length of 

[1]Pij = concat(Qi

⨀
Qj ,Qi − Qj ),

[2]Q = W2

(
LayerNorm

(
GELU

(
W1(E)

)))
,
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256 for the first 40,000 steps and 1,024 for the final 20,000 steps. ESMDance 
has fewer trainable parameters, both its training and test losses plateaued earlier 
(SI Appendix, Fig. S1). For sequences exceeding the maximum length, a region 
of the max length was randomly selected, the selected regions were different in 
each epoch. Two models were trained for 10 d using four Nvidia L40s GPUs. Due 
to computational constraints, hyperparameter tuning was not performed, which 
means the current model configuration may not be the best. 

Adjusting Weights of Dynamic Properties in the Loss Function. RMS error 
(RMSE) was used as the loss function for pretraining. For interaction frequencies, 
some interacting pairs exhibit frequencies close to zero, which are meaningful 
but treated similarly to zero in RMSE. To address this, we applied a cube root 
transformation to scale up low-frequency interactions. 

The models were pretrained on multiple tasks of varying scales.To balance the 
losses across tasks, we used the SD of dynamic properties to calculate task-specific 
weights.The SD of each property for each protein in the training set was computed. 
For multiclass features, such as secondary structures, the losses were calculated 
for each class and then averaged. These values were used to adjust the task- 
specific weights. Given the higher complexity of pairwise properties compared 
to residue-level properties, we set the pairwise-to-residue loss ratio to 3:1. For 
NMA data, this ratio was adjusted independently for the three frequency ranges. 
The adjusted losses for SASA, RMSF, secondary structure, and dihedral angles were 
kept equal.The adjusted losses for the nine interactions were kept equal.The ratio 
between the summed interaction loss and the comovement loss was set to 3:1. 
The final losses for high-resolution data, IDRome data, and NMA data were further 
adjusted to be equal. The final weights for each property are available at https:// 
huggingface.co/datasets/ChaoHou/protein_dynamic_properties. 

Attention Analysis. The attention map and the interaction map are not sym-
metric (the interactions have direction), therefore, the means of the original 
matrixes and its transposes were used. Only residues farther than five amino 
acids in protein sequence are considered. The interaction frequencies of all nine 
interaction types were summed for analysis. Only proteins shorter than 1,024 
residues were analyzed. 

Evaluation of Conformational Properties for IDRs and Ordered Structures. 
Conformational properties asphericity, end-to-end distance (Re), and radius of 
gyration (Rg) from coarse-grained MD trajectories of over 40,000 IDRs (41) were 
downloaded from https://zenodo.org/records/10198621. Only IDRs ranging 
from 32 to 384 residues in length were included (the sequence cutoff was used 
because we compared our model with STARLING, which can only generate confor-
mation for sequence no longer than 384), IDRs with over 20% sequence identity 
and 50% coverage (determined using MMseqs2 (52) search with parameters: -s 7 
-a 1) to any SeqDance training sequence were removed, resulting in a final set of 
28,717 IDRs. Rg  values were calculated for monomer PDB structures analyzed in 
the paper (42) using MDTraj (53), only proteins no longer than 800 were analyzed 
(the sequence cutoff was used because we compared our model with ESMFold, 
which runs out of GPU memory when processing long proteins). 

Both Re  and Rg  were first normalized to account for their inherent dependence 
on sequence length, as follows: 

normalized R = 
R 0 

Lv 
, [3] 

where L is the sequence length, and R0 is a prefactor determined by the biochem-
ical properties of the protein, ν is the scaling exponent. The ν values for both Re 
and Rg (for ordered protein and IDR separately) were obtained by fitting a linear 
regression model between log(R) and log(L). 

For both IDRs and ordered structures, MMseqs2 easy-cluster was used to 
cluster sequences with the parameters: --min-seq-id 0.2 -c 0.5 --cov-mode 0. 
Sequences from 60% of randomly selected clusters were used as the training set, 
while the remaining sequences formed the test set. SeqDance was compared with 
METL (METL-G-50M-1D), ESM2 models, and ProSE. The last layer embeddings of 
SeqDance, METL, and ESM2, and concatenated embeddings of all layers of ProSE 
(as suggested in their GitHub: https://github.com/tbepler/prose) were used. All 
embeddings were mean-pooled along protein sequences. Linear regression 
(scikit-learn v1.4.1) with default parameters was used to predict conformational 
properties (asphericity, normalized Re, and normalized Rg), trained separately for 
the embeddings from each method.The predicted normalized Re  and normalized 

Rg were then multiplied with Lv  to get the final prediction. Principal component 
analysis was conducted with scikit-learn. 

STARLING was used to generate structure ensembles of IDRs with default 
parameters. ESMFold (3 billion parameters) was used to predict structure of 
ordered protein. 

Prediction of Mutation Effects. For SeqDance and ESMDance, the dynamic 
properties of both wild-type and mutated sequences were predicted. For property 
i, the zero-shot score Si  is computed as 

S i = mean 

˜ 
° ° ° ° ° 

PMT 
i 
−PWT 

i 

PWT 
i 

° ° ° ° ° 

˛ 

, [4] 

To combine scores from different methods, multiple aggregation strategies 
were evaluated, including mean, max, weighted mean, and geometric mean, 
applied to both raw and quantile-normalized scores. Quantile normalization 
ensures that different score distributions are same by aligning their values as mean 
of raw values of each rank.Weighted mean and geometric mean were calculated as 

S weighted = 

∑M 
i=1 Si S i 

∑M 
i=1 S i 

, [5] 

S geometric = 

˜ 
M° 

i=1 

S i 

˛ 1 
M 

, [6] 

where M is the number of all properties. All these zero-shot scores are nonnega-
tive. To compare them with negative ΔΔG values, the negative of the zero-shot 
scores was used. Various strategies to combine the relative changes of different 
dynamic properties were tried but no improvement over using individual prop-
erties such as mean SASA or dihedral angle psi was observed. Users may use 
these two individual properties for applications. SeqDance and ESMDance are not 
suitable for cross-protein prediction in our experiment, as the effects of dynamic 
property changes vary between proteins. 

For ESM2 models and SaProt, we followed the method used in ProteinGYM. 
Each residue in a protein was sequentially masked, the model was used to pre-
dict the probabilities of 20 amino acids for the masked position. For a protein of 
length L, the model was run L times to obtain the wild-type and mutated residue 
probabilities at each site. The log-likelihood ratio (LLR) was then calculated for 
each mutation. For double mutations, the LLR scores of the two single mutations 
were summed to approximate the combined effect. For ESM2-15B, half-precision 
(float16) was used, as the model could not be loaded onto a single GPU with 
48 GB of memory. For SaProt, structure tokens were used as additional input. 
For ProteinMPNN (44) (vanilla_model_weight v_48_020), full-sequence like-
lihoods were used to infer mutation effects. For FoldX (46), the structures were 
first repaired using the RepairPDB command, and the BuildModel command was 
then applied to compute ΔΔG values. For Rosetta, ΔΔG values were calculated 
using the RosettaDDGPrediction (45) protocol (Rosetta version 2022.11, cart-
ddg2020_ref2015). Because Rosetta is computationally expensive, 100 muta-
tions per protein were randomly sampled for evaluation. AlphaFold-predicted 
protein structures were used as input for these models. 

Mutation Datasets. For the evaluation of protein folding stability, the dataset 
“Tsuboyama2023_Dataset2_Dataset3_20230416.csv” and AlphaFold-predicted 
protein structures were downloaded from https://zenodo.org/records/7992926. 
Proteins were defined using the “WT_name” column in the table. Insertions and 
deletions were removed, as well as substitution mutations without “ddG_ML” 
values. The mean “ddG_ML” values for the same sequence were used. Homologs 
in both the SeqDance/ESMDance model training set and UniRef50 (downloaded 
in February 2025) were identified using MMseqs2 search with the parameters: 
-s 7 -a 1 --max-seqs 1000. The surface area was calculated using MDTraj, relative 
surface area was calculated by dividing the SASA of each residue by the maximum 
surface area of the corresponding amino acid across all proteins. 

where P WT 
i

and P MT 
i

 represent the predicted values of property i for the wild-type and 
mutated sequences, respectively.The relative change was computed element-wise. 
For example, in the case of secondary structure with eight classes, the resulting rel-
ative change matrix had a shape of L × 8 for a protein of length L, and the mean of 
absolute values of this matrix was used as the zero-shot score of secondary structure. 
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ProteinGYM data and predictions for these mutations were downloaded from 
its website (https://proteingym.org/) and GitHub in June 2025. 

Data, Materials, and Software Availability. The codes for feature extraction, 
model training, and evaluations are available on GitHub: https://github.com/ 
ShenLab/SeqDance (54). Model weights are available at: https://doi.org/10.5281/ 
zenodo.15047777 (55). The extracted dynamic properties (approximately 100 GB 
in total), sequences (including train-test splits), loss weights for different properties, 
and all other data required to reproduce main results in this paper are available 
at: https://huggingface.co/datasets/ChaoHou/protein_dynamic_properties (56). 
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