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Abstract

Machine learning models designed for protein engineering and design typically
rely on sequence-based, structure-based, or integrated representations that combine
both sequence and structural information of proteins. These representations are
used upon the domain knowledge: namely, that the structure (or the sequence) of a
protein is partly responsible for its function. Despite their strength in capturing the
evolutionary process of proteins, these representations often fall short of capturing
the dynamic behavior of the protein structure. we propose a representation that
incorporates knowledge of the protein’s dynamic behavior obtained from molecu-
lar dynamics simulations. Our representation utilizes an unsupervised approach
to observed time-series data generated from molecular dynamics simulations to
encode both temporal and spatial dynamic behavior of a protein structure. Our
dynamic-aware representation extracts essential relational interactions within the
polymer chain revealing the interactions of sub-units of the protein which could be
used to inform design strategies for protein engineering goals.

1 Introduction

In machine learning applications for protein characterization, design, and engineering, representations
generally fall into one of two categories: sequence-based representations and structure-based represen-
tations. In the former, the identity of the protein is encoded using its one-dimensional representation
of amino-acid or DNA codon sequence, specifying the chemical identity of the monomer units that
make up the polypeptide chain, or its codon sequence, using the DNA monomer units used to encode
instructions for cells to make the specific proteins. These sequence-based representations can also be
designed to incorporate relationships between proteins based on evolutionary history, using methods
such as multiple-sequence-alignment (MSA) or other methods of elucidating protein evolutionary
lineages [1, 2]. Structure-based methods seek to represent proteins through their three-dimensional,
folded structures. These structures are typically determined using experimental crystallographic or
microscopic methods, such as X-ray diffraction or cryoEM. In-silico approaches to predicting protein
sequence from structure are also possible [1, 3, 4], but are typically themselves a prediction based on
statistical or machine-learned models.
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Most approaches that use unsupervised learning strategies on the available natural sequence data will
tend to propose or perform best on sequences that stick close to those naturally occurring biological
proteins, using the information explored by nature for optimizing proteins in biological contexts.
However, in many protein engineering tasks, it is desirable to characterize proteins for functionality
that is not present in nature. Examples include the ability to bind to novel ligands, conversion,
degradation, or synthesis of novel, non-natural small molecules, or engineering properties that do not
have typical selection pressure in nature, such as stability at high temperatures. It is, therefore, of
interest to develop data-efficient strategies for protein-function models to aid design efforts.

Sequences as a protein representation fail to capture structural relationships between substituent
parts of an individual protein. While structure-based representations account for this geometric
information, they still fail to capture all the relevant physical properties and interactions that inform
protein function. For example, proteins exist not as static structures, but rather as dynamic systems [5].
Static protein structures are characterizations of the minimum energy conformations of a protein chain,
however, in reality, proteins exist as distributions of conformations specified by statistical physics [6].
These distributions can be encoded in dynamic equations of motion over the degrees of freedom of
the protein. Computational modeling has suggested that non-trivial interactions between regions of
a protein may be best captured by the effects they have on each other in their observed dynamics,
particularly for long range communication pathways such as those observed in allosteric regulation
in proteins [7]. These interaction pathways are not readily apparent in sequence- or structure-based
representations of the protein and can only be captured by studying the system’s dynamic behavior.
Characterizing these dynamics in a way that reveals the relationships and directionality of interactions
can lead to a more informative protein representation, enhancing efforts in protein design.

We developed an unsupervised encoder-decoder model to learn the observed dynamic structure of
a protein system. The dynamics are generated from Molecular Dynamics (MD) simulations over a
specified time span, resulting in a time series where each time step represents the state of the protein
system. We represent the protein structure as a directed graph, with amino acids as nodes and their
potential pairwise interactions as categorical edge types. We hypothesize that the topology of this
graph can guide experimental design choices, enhancing protein characterization and design efforts.
Once the model can encode the protein dynamic and capture the pairwise interactions between amino
acids, the model enables downstream applications such as (1) detection of sites enriched in epistatic
interactions relative to a parent structure [8] and (2) improved design of combinatorial libraries for
directed evolution campaigns [9, 10].

2 Methods

2.1 Coarse-grained Protein Representation

To reduce the dimensionality of the observed data (and the degrees of freedom over which the learned
governing equation operates), we introduce a physically motivated coarse-graining approach. The
all-atom degrees of freedom are condensed into a per-residue representation, where each residue’s
position is defined as the center of mass of its constituent atoms, and a vector points from the
alpha-carbon to the beta-carbon to indicate the side chain’s orientation relative to the backbone (see
Figure 1 for a visual representation). Although this coarse-grained representation may lose some
atomic-level detail, it provides a consistent framework for representing different residue types, despite
their varying atom counts and types. Each amino acid is represented by a vector of six real numbers:
the first three are the coordinates of the center of mass, and the other three define the direction from
the alpha-carbon to the beta-carbon. Thus, a protein is represented as an N by six matrix, where N is
the number of residues.

2.2 Data and Simulations

The observational data that describe the dynamics of the protein are generated using MD simulations.
A base protein structure of interest with a known structure from the protein data bank (PDB) is used
as the starting point for all-atom MD simulations. In our experiments, the protein dynamics are
simulated with a time step of two femtoseconds, under constant pressure (1 bar) and temperature (300
K), with constraints applied to hydrogen bonds. The simulations span a total of three nanoseconds,
with protein structures recorded every 500 time steps. Consequently, the data are processed as time
series with a time step of 1 picosecond (500 × 2 femtoseconds). MD simulations are conducted
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using the GROMACS engine [11] and the CHARMM force field for protein systems [12, 13]. All
simulations are executed on compute nodes equipped with an NVIDIA V100 (16 GB) GPU, while
model training and evaluation are performed on a V100 (32 GB) GPU.

To train the model, the data are divided into time series chunks, each consisting of 50 consecutive
frames (time steps). Therefore, the training data takes the form of a set of time-series samples
X = {xs}, where xs =

{
x0
s, x

1
s, ..., x

T
s

}
for time steps t = {0, ..., T = 50}. According to our

proposed coarse-grained representation, the shape of xt
s is (N × D), where N is the number of

residues, and D = 6 is the length of the descriptor for the state of a residue at any given time t. We
model each state xt

s as a fully connected graph G = {V, E} with V as residues and E = {1} for the
fully connected lay out.

2.3 Model

Our model seeks to encode a time series (one dynamics) into a directed graph, which we call the
interaction map G∗. G∗ = {V, E∗} summarizes the generative process underlying the time series
where the interactions (i.e., inferred edges) are categorized into two channels E∗ = {e1, e2}.

The model consists of an encoder-decoder structure similar to that of a variational graph autoencoder
[14] and follows the neural relational inference architecture as described in (author?) [15]. For an
input system state xj :

h1
j = femb(xj), h1

(i,j) = f1
e ([h

1
i ,h1

j ]), h2
j = f1

v

(∑
i ̸=j

h1
(i,j)

)
, h2

(i,j) = f1
e ([h

2
i ,h2

j ])

Here, femb forms an embedding of the graph vertices V , and f1
e and f1

v conduct two message passing
rounds to produce edge embeddings h2

(i,j) representing the interaction between node i and node j. The
composite function of these layers is passed through a non-linearity in qϕ(zij | x) = softmax(h2

(i,j)),
where ϕ represent the trainable parameters of the composed layers, and zij is the latent variable
corresponding to edges in E∗.

The decoder uses the embedded interaction map G∗ generated by the encoder to predict the next
states of the system xt+1 autoregressively as pθ(xt+1 | xt,xt−1, ...x0, z). We assume the system is
Markovian, so pθ(x

t+1 | xt,xt−1, ...x0, z) = pθ(x
t+1 | xt, z). The functional form of the decoder

is as follows:

h̃t
(i,j) =

∑
k

zij,kf̃
k
e ([x

t
i,x

t
j ]), µ

t+1
j = xt

j + f̃v

(∑
i ̸=j

h̃t
(i,j)

)
, p(xt+1

j | xt, z) = N
(
µt+1
j , σ2I

)
Note that there are two channels for the edges as specified in the indexing of zij,1 and zij,2. To avoid
degenerate decoders that could be encouraged by a single step reconstruction term in the ELBO
loss function, we compute the loss for reconstructing multiple time steps into the future as well as
implementing separate MLPs for each edge embedding channel [15].

We categorize each potential interaction between coarse-grained beads into two channels. The decoder
skips the first learned edge, while both edges are processed through a Gumbel-Softmax function [16].
This allows the fraction of weight assigned to the first, skipped edge to be interpreted as the model
downplaying the importance of the interaction represented by that edge [17]. In our experiments,
we focus on analyzing the weight of the second edge, which reflects the importance of the directed
interaction between two coarse-grained beads within our observed dynamic system.

3 Experiments

3.1 Setup

Calmodulin is a calcium ion-sensing protein that is highly conserved and present in eukaryotic cells
[18]. Its structure was determined and refined to 1.7Å resolution [19, 20]. The protein structure
consists of two globular regions connected by a helix structure. Four distinct Ca2+ sites exist in the
globular regions with differential affinity to calcium ion binding. Experimental studies have shown
that a coupling between the sites must exist, including a conformational change that occurs upon
binding for some of the sites which allows the protein to enter an active form responsible for binding
a variety of other proteins [21, 22]. For our experiment, we generate dynamics data as described in
section 2.2 for the apo-calmodulin system and train our model to uncover the latent interaction graph.
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Figure 1: All atom schematic depiction of an amino acid and its coarse-grained representation.

3.2 Results

We generated three nanoseconds of unbiased molecular dynamics data for the calmodulin system as
described in section 2.2. The resulting trajectories of the protein atoms were then coarse-grained as
described in section 2.1 and used to train the model architecture.

After training, the encoder is used to generate the interaction maps across time series to summarize
the observed trajectories. The average of the interaction maps is computed across the entire three
nanoseconds span and is shown in Figure 2. Using the interaction map, we draw several qualitative
inferences about various sub-domains on the protein structure. For example, there exists an asymmet-
ric interaction between a domain on one end of the protein (green) and a separate domain on the other
end (purple). After training, the model has learned that, in order to predict the dynamics of the latter
domain (purple), the positions of the former domain (green) are informative, indicated by the large
weight placed on the connected edge. In contrast, the reverse does not follow; the model has learned
that, in order to predict the motion of the first domain (green), information from the second (purple)
domain is not informative. From this, we can interpret the model as suggesting that the dynamics
of the purple domain are more conditionally dependent on those of the green domain relative to the
vice-versa.

(a) (b)

Figure 2: (a): Calmodulin backbone and sub-domains in different colors. (b) The interaction map
across three nanoseconds observed the dynamic of the structures. The partitions are colored to
represent the sub-domains. The edge value ranges from 0 to 1 and corresponds to the fraction of
weight assigned to the non-zero interaction in the 2-edge trained model.

4 Conclusion and Future Work

We proposed a method to capture the dynamic behavior of protein structures and generate more
informative representations. While we employed a Graph Neural Network (GNN) architecture to
model neural relational inference, graph transformer models [23] could be used to leverage global
attention across the entire protein structure. To handle the time series nature of the data, such models
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would need to be integrated with temporal encoders, such as Temporal Fusion Transformers (TFTs)
[24], enabling more effective processing of dynamic information.

Furthermore, one can explore more effective ways to determine the directed causal relationships
between interacting variables in our observed systems by employing interventional strategies. This
includes introducing point mutations to parent protein sequences and modifying force-field parameters
to isolate specific interactions at the all-atom resolution, allowing us to observe the resulting changes
in the model’s learned dynamic encodings.

On the application side, the inferred interaction maps can inform protein engineering and design
strategies. One potential application is providing actionable insights for site selection in targeted
libraries for directed evolution (DE). For instance, one can explore whether the pairwise interaction
mappings generated by our trained models can infer pairwise epistasis between residues in a protein
structure, which could be leveraged to design more effective combinatorial libraries for site-saturation
mutagenesis in DE campaigns. This will be examined by comparing the dynamic representations
from our models with experimental data from deep mutational scanning.
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