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Abstract

Motivation: Molecular dynamics (MD) simulations model the physical movements of atoms in biomolecular systems over
time, providing atomic-resolution insight into conformational changes, binding events, and dynamic behaviors that can-
not be captured by static structures alone. As such, MD simulations are playing an increasingly important role in under-
standing the functional roles and molecular interactions of proteins. However, trajectories from these simulations can be
extremely large, often reaching tens of gigabytes for a single simulation of modest duration. This creates substantial chal-
lenges for storage and data transfer, motivating efficient compression strategies. Furthermore, many downstream analy-
ses require extraction of only a subset of frames or specific atoms from the full trajectory, so an ideal compression format
should support rapid random-access decompression of such samplings without requiring full file decompression.

Results: Here, we introduce MDCompress, a new trajectory compression format and accompanying software implementa-
tion that meets these goals. MDCompress produces compressed trajectory files that are 15-37% smaller than those gener-
ated by the widely-used XTC format, while achieving faster compression and decompression speeds through efficient
multithreading.

Availability and implementation: The MDCompress software and library are released under an open license (BSD-3) and
may be downloaded at https://github.com/refresh-bio/mdcompress and is also available as a Zenodo repository at

10.5281/zen0do0.19218347

1 Introduction

The structure of a protein informs its function in broad strokes,
providing insight into its capacity to bind other molecules, cata-
lyze reactions, act as a structural component, transduce signals,
transport and store ligands, and more. Recombination of struc-
tural domains, together with subtle modifications within those
domains, has generated the vast diversity of form and function
observed across the proteome. Determining protein structures
has been the focus of decades of effort, historically dominated
by X-ray crystallography and supplemented by cryo-electron mi-
croscopy (cryo-EM), nuclear magnetic resonance (NMR) spec-
troscopy, and other methods. Since 1971, experimentally
determined structures have been catalogued in the Protein Data
Bank (PDB [Berman and Burley 2025]), enabling researchers to
share new discoveries and explore previously solved structures.
The impact of this archive (now encompassing over 200000

entries) cannot be overstated. For example, PDB data served as
the foundation for deep neural-network models that, as of 2020,
began predicting high-accuracy structures for arbitrary proteins,
triggering a paradigm shift in the way that researchers consider
understudied or novel proteins.

Thanks to advances in structure-prediction algorithms, mas-
sive repositories of predicted protein models now exist. The
AlphaFold Protein Structure Database (Varadi et al. 2024) con-
tains approximately 214 million predicted structures at the time
of this writing, and the ESM Metagenomic Atlas (Lin et al. 2023)
catalogs around 772 million. Because each structure file enco-
des the three-dimensional coordinates of every atom, these
databases become extremely large—AlphaFold’s repository
alone approaches 23 TiB. To lower the storage and handling
burden of such vast collections, we recently developed a soft-
ware tool (ProteStAr [Deorowicz and Gudys 2024]) that achieves
high-throughput, lossless compression of protein structures.
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ProteStAr works by converting absolute atomic coordinates into
a reduced coordinate frame via prediction of the atomic coordi-
nates using a reference model, applying coordinate quantiza-
tion, and then using an entropy-coder optimized for three-
dimensional spatial data. This pipeline yields compression ratios
substantially better than general-purpose compressors, while
preserving exact geometry for downstream analyses.

Importantly, a single snapshot of a protein structure, whether
obtained by crystallography, cryo-EM, NMR, or Al-based predic-
tion, does not capture the dynamic behavior that underlies func-
tion. Proteins and their interacting partners are flexible
molecules whose conformational fluctuations regulate the feasi-
bility, kinetics, and outcomes of interactions. For example:

* Population shift in small-molecule binding: Many enzymes
populate an ensemble of conformations that differ in loop ori-
entation, side chain rotamers, and even subtle backbone
adjustments, and continually fluctuate between them. A
small-molecule ligand (a substrate, activator, or inhibitor)
preferentially interacts with a subset of these pre-existing
conformations, shifting the dynamic equilibrium from con-
formers with weak ligand-binding affinity (“open” states) to-
ward conformers with stronger ligand-binding affinity

(“closed” states), and thus altering activity. These dynamic

fluctuations between “open” and “closed” states directly im-

pact function.

Allostery: For many proteins, an event at one site on a protein

influences structure and function at a distant site. This

process, called allostery, is a central mechanism for signal
transmission in many receptors and enzymes. For example, in

G-protein-coupled receptors (GPCRs), ligand binding in an ex-

tracellular pocket drives concerted rearrangements of the

transmembrane helices that are propagated to the intracellu-
lar face, creating a G-protein binding interface and initiating
downstream signaling.

Intrinsically disordered regions: Many proteins (or regions

within proteins) lack a single well-defined fold and instead

sample broad conformational ensembles in solution. These
intrinsically disordered regions (IDRs) can adopt structure
when interacting with binding partners.

* Macromolecular assemblies: Macromolecular assemblies are
multi-component machines whose function requires compo-
nents to assemble in a specific sequence and then undergo
coordinated large-scale rearrangements. For example, in the
ribosome, the large and small subunits rotate relative to each
other to translocate tRNA and mRNA, while dynamic confor-
mational changes in ribosomal proteins and rRNA govern the
peptidyl-transferase reaction.

Together, these examples illustrate that a static structure pro-
vides only a partial picture of the function of a protein. To un-
cover the mechanistic underpinnings of molecular recognition,
catalysis, or signal transduction, one must consider the ensem-
ble of conformations and the transitions linking them.

Recording protein dynamics at full atomistic resolution
remains beyond current experimental capabilities. However,
physics-based molecular dynamics (MD) simulations have be-
come indispensable in structural biology, driven by methodolog-
ical advances and the widespread availability of GPUs. Just as

the static structures in the Protein Data Bank (PDB) enabled the
development of transformational Al models for structure predic-
tion, the global corpus of MD trajectories holds immense prom-
ise as training data for next-generation Al methods. Such
models have the potential to revolutionize research tied to
protein-protein interactions, molecular transport, enzyme engi-
neering, functional genomics, drug discovery, toxicity, bioreme-
diation, immunology, and more. This fact has motivated a
recent push to create (Rodriguez-Espigares et al. 2020, Liu et al.
2024, Siebenmorgen et al. 2024, Vander Meersche et al. 2024,
Mokhtari et al. 2025) or gather (Beltran et al. 2024) MD simula-
tions of many thousands of systems [including our own reposi-
tory for community-contributed simulations, MDRepo (Roy
et al. 2024)].

1.1 MD simulation file size and
compression

Today, it is common to produce a simulation of a system with
tens or hundreds of thousands of atoms over a duration of many
10's of nanoseconds. While conventional MD simulations typically
advance in ~2 femtosecond time-step increments, the resulting
full-system coordinates are stored at larger time steps, often in
increments of 1-10 picoseconds. This sampling allows capture of
conformational diversity across nanosecond-scale molecular
processes, while somewhat limiting storage requirements. Even
with this temporally sparse coordinate sampling, MD simulation
files can be quite large, often reaching tens of gigabytes even for
a single simulation of modest duration and molecule size, so that
the total collection of accessible MD data will soon be measured
in petabytes. The challenges and costs of storing and transport-
ing such large data sets motivate development of new methods
for compressing protein dynamics trajectory files.

A simple way to store an MD trajectory is to capture time-or-
dered frames, where each frame contains the x/y/z coordinates
of all atoms in sequence. The landscape of conceptually similar
uncompressed formats is fragmented across MD simulation
tools, with common options including TRR [GROMACS (Abraham
et al. 2015)], NetCDF [AMBER (Case et al. 2025)], and DCD
[CHARMM (Hwang et al. 2024), NAMD (Phillips et al. 2020),
ACEMD (Harvey et al. 2009)]. Either as native output or via for-
mat conversion, it is common to store trajectories in the com-
pressed XTC format. Note that XTC format stores only the
coordinates of the trajectory, and does not include other fea-
tures often optionally stored in uncompressed formats, such as
per-atom velocities and forces. The XTC compression algorithm
is “lossy” (it discards precision below the assigned rounding
threshold), but retained precision is generally well within chemi-
cal-accuracy tolerances. All of the above formats are intercon-
vertible using libraries such as MDTraj (McGibbon et al. 2015).

XTC files are generally ~3x smaller than uncompressed coor-
dinate-only formats, and thus are a common format for storing
large collections of simulations (including in our repository,
MDRepo). One substantial weakness of the XTC format is the
lack of random access capability: because each frame is block-
compressed and there is no top-level index, it is not possible to
index directly into the file to find coordinates for a specified set
of frames or atoms. As a result, extraction of subsets of data
from an XTC-formatted file requires full file traversal. This
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limitation will become increasingly relevant as researchers develop
Al models for predicting protein dynamics and interactions—such
models will generally be trained on down-sampled data from tra-
jectories, and efficient extraction will be at a premium.

Motivated by the goals described above, we have developed a
new format for compressing molecular dynamics simulations,
along with a reference software implementation. The software,
MDCompress, results in compressed files that are smaller than
XTC-formatted files, with fast multi-threaded compression/
decompression performance and support for random access
extraction on a per-frame or per-atom basis.

1.2 A history of MD simulation
compression

The XTC format reduces trajectory size by combining three tech-
niques. First, coordinates are quantized to a user-chosen preci-
sion (for example, rounding to the nearest 1pm), converting
floating-point positions to small integers and introducing a
bounded, configurable loss. Second, XTC records delta values
between successive frames rather than full absolute positions;
those deltas tend to be small and are stored using bit-packing
(the minimum number of bits required per value), which dra-
matically reduces raw size. Finally, each frame’s packed delta
block is compressed independently using zlib. Since its intro-
duction in the mid-1990s, a few MD compression alternatives to
XTC have been proposed over the years.

The TNG format (Lundborg et al. 2014) is block-structured
with explicit indexing, allowing for frame-level random access. It
combines quantization, predictive coding, and entropy com-
pression, and metadata support to achieve both higher com-
pression ratios, while allowing either lossy or lossless storage.
PMC (Dvorak et al. 2020) incorporates explicit bond connectivity
into its coordinate prediction model, using information about
linkage between atoms to guide the reconstruction of atomic
positions. This bond-aware representation can improve accu-
racy in cases where the molecular topology is well defined and
stable, but reliance on a static topology limits its usefulness to
systems with stable bonds and makes it unsuitable for cases
where connectivity is absent or changes during the simulation.
SZ3 (Liang et al. 2023) and MDZ (Zhao et al. 2022) apply general-
purpose scientific data compression techniques, such as predic-
tor-quantizer-entropy pipelines, to atom coordinate arrays.
These approaches can achieve strong error-bounded compres-
sion ratios, but the published implementations were primarily
released as proofs of concept for evaluation, and with limited
tooling and documentation, they remain difficult to adopt in
practical MD workflows.

In this article, we introduce MDC, a novel MD trajectory com-
pression format, together with a reference software implemen-
tation. MDC uses advanced prediction techniques for atomic
coordinates for improved compression and yields files that are
smaller than XTC while enabling significantly faster compression
and decompression. MDC organizes data into distinct compo-
nents, called containers (Deorowicz and Gudys$ 2024), that can
be processed independently; this enables both efficient parallel
processing and rapid random access queries of various types
(e.g. all atoms in a single frame, complete trajectories for a few
atoms). Currently, MDC allows metadata and atomic coordinates

to be stored, the same as for XTC. Moreover, it is an open format
so that new container types can be added for velocities, forces,
or energies. We provide a command-line application, called
MDCompress, that supports various input types for compression
and decompression; we also provide decompression libraries
for a few popular programming languages.

2 Methods

2.1 Overview

The fundamental idea behind MDCompress is that (1) it is possible
to quickly compute a reasonably-good prediction of the location
of an atom, and (2) the difference between the predicted and true
location of the atom can be stored in a reduced number of bits us-
ing entropy encoding [specifically, a range coder (Martin 1979)].
This is similar to the approach used in XTC compression, differing
in the method used to predict atom positions. In the XTC format,
each atom’s predicted current position is the same as its position
in the previous frame; meanwhile, MDCompress introduces an ad-
vanced prediction scheme that yields much smaller prediction
errors, which can therefore be stored with fewer bits. MDCompress
also organizes computation in a manner that enables parallelism
with good scaling properties.

2.2 Data preparation

Atoms in a trajectory are grouped by the molecule they belong
to (see Fig. 1a for example):

* MOL—each molecule with at least six atoms (e.g. protein,
ligands) is assigned to a separate MOL segment;

* WAT—water molecules that appear consecutively in the struc-
ture file are assigned to a single WAT segment; there may be
multiple WAT segments;

* OTH—very small non-water molecules (including ions) that
appear consecutively in the structure file are assigned to an
OTH segment; there may be multiple OTH segments.

A trajectory is processed in batches of consecutive frames.
Each batch of n frames starts with an anchor frame, followed by
n—1 delta frames. The processing of each segment in each
batch is independent. The compressed batches are stored in a
container file (Fig. 1b). MDCompress offers five compression lev-
els for various trade-offs between speed and compression ratio.

2.3 Model construction

In the preprocessing stage, MDCompress analyzes a user-
specified number of initial frames (default m =100), and for
each segment builds a model that will assist in predicting the
positions of atoms. In each segment, atoms are considered
in the order that they appear in the structure file. Let us use Al =
(xt,yt,2t) for the i-th atom’s coordinates in the t-th frame of
the trajectory.

Position prediction is most complex in a MOL segment. For
each atom A;, MDCompress considers the b (default 100) previ-
ous atoms as they appear in the structure file, seeking to identify
three other atoms that are likely to best inform the prediction of
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(a) (b)

model batchO batchl _batch2

moll

Type Name No. atoms
MOL protein 7947 watl
MOL ligand 35
WAT water 92973

mol2
OTH ions 191

subsegment 0

subsegment 1

subsegment 2

subsegment 3

Figure 1 (a) Description of the segments for the full MDR00004434 trajectory, a simulation of a Nicotinamide phosphoribosyltransferase in complex
with a ligand downloaded from MDRepo (Roy et al. 2024). (b) Compressed archive contents: red blocks represent the model description, blue blocks
represent anchor frames, and green blocks represent delta frames. The zoomed part shows the internal split of one segment into four subsegments.

the position of A; throughout the trajectory. MDCompress consid-
ers atoms A;, such that max(1,i—b) <j<i-1, because they are
expected to be consistently close to A; and are certain to have
been computed by the time the prediction of A; is computed.
From this pool, MDCompress selects the three atoms that have the
smallest average distance from A; across all m initial frames: Ay,
Aq)» and Aq;). These three reference atoms define a coordinate
system for A;, and serve as the core of the MOL segment model; for
each A;, the model also stores on whether the true position of is
above the plane defined by its reference atoms.

For WAT segments, the model stores the median doy and dyy
distances (oxygen to hydrogen and hydrogen to hydrogen) for
all water molecules in the initial frames. The model contains no
information for OTH segments.

2.4 Compression of segments

Compression is performed independently for each segment-
batch pairing. For a given segment and batch, let Al =
(Xt ¥t z!) represent the coordinates of the i-th atom in the t-th
frame of the batch (t = 0 for anchor frame). The compression of
each atom’s coordinates starts by predicting their values
Af = (x},y},2}), then encoding the prediction errors with a range
coder. The decompressor mimics these estimations.
Coordinates are processed sequentially, so, e.g. after encoding
X} —x! (prediction error for x{), we can use x! when predicting y",
as x! is known both for the compressor and decompressor.

Predicting OTH positions: The prediction of atom positions
in OTH segments is the simplest. For anchor frames, the pre-
dicted position depends only on the true position of the preced-
ing atom (A = (0,0,0) and A, =A° ); in delta frames, the
predicted position of an atom depends on its true position in
the previous frame (4; =Al-1),

Predicting WAT positions: To predict atom positions in WAT
segments, MDCompress treats each water molecule as a unit.
For simplicity of presentation, let us assume that the i-th atom
(i mod3=0) is oxygen and the (i+1)-th and (i+2)-th are
hydrogens of the same molecule. For oxygen atoms |n the an-
chorframe the predicted position |sAO =(0,0,0) and A =A .,
while A =Al~! for t>0. For the first hydrogen the predlcted X
and y coordlnates are xi, =xt, yi,, =yl Given the oxygen

position (Af) and these x and y coordinates, we can improve pre-
diction accuracy for ZfH by observing that only two positions
are consistent with those coordinates and the atomic distance
don. MDCompress therefore computes the two candidates for
z!,, benefiting from the fact that one of them should be very
close to z{, ; (Fig. 2a). MDCompress spends 1bit to encode which
of the two candidates was used.

When predicting the position of the second hydrogen, addi-
tional compression is possible In compression levels from 1 to 4,
MDCompress predlcts 4o =t for the second hydrogen. In level
5, however, a more computationally intensive strategy is
employed: two spheres are identified, one centered at the oxygen
atom A with radius dop, the other centered at the first hydrogen
atom Al ; with radius duy. The second hydrogen atom A,
should be located somewhere on the intersection of the spheres,
so we calculate the intersection (a circle) and project it onto the
z =0 plane, and then onto the X axis. The center of this segment
is used as the predicted x-coordinate, X;, , (Fig. 2b). In compres-
sion levels 1 and 2, the y-coordinate is predicted as y,+2 =y In
hlgher levels, spheres are computed as above, based on A}, Al |,

,+2, dOH, and dyy; the intersection of these two spheres with the
x=x{_, plane yields two candidates: y,Jr2 and y,+2 (Fig. 2c).
MDCompress spends one bit to store which one is more accurate.
With x{, , and yf_ ,, estimating z{_, is straightforward.

If, for any reason, the estimations failed (e.g. due to errors in
simulation, the spheres do not intersect), MDCompress uses the
oxygen atom location as the prediction for the hydrogen atoms.

Predicting MOL positions: Predicting atom positions in the
MOL segment is more complex. For the first three atoms, we
use: at t =0, AZ =(0,0,0), A(l) = A, Ag =AS; for t>0 At = AL
For each later atom i, let p(i), g(i), and r(i) denote the indices of
its three reference atoms from the preprocessed model, listed in
order of increasing average distance from atom i.

In compression levels 1, 2, and 3, we estimate A =A° o) i>3
for the anchor frames. For the delta frames, we calculate the vec-
tor of movement of p(i)-th atom from frame t—1 to frame t, i.e.,
Vf() *Ap() —AtS ) 1 and use it for predicting the i-th atomic coordi-
nates, i.e., A —A‘ ! +Vf() In higher compression levels, for pre-
dicting anchor atoms, we follow a method similar to that in

(Deorowicz and Gudy$ 2024). We take Agm, Ag() A0 and the
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Figure 2 Illustration of the prediction of hydrogen atom coordinates for water molecules: (a) Prediction of the first hydrogen, A,+1 The blue point
represents the oxygen atom Af. The radius of the sphere is doy, the median distance of a hydrogen from its oxygen. After establishing the x and y
coordinates of the hydrogen atom, we can draw a line, which intersects the sphere at two points—these are the candidates for the position of the
first hydrogen atom. (b) Prediction of the second hydrogen atom, A,+2 For x x,+z, we consider two spheres centered at the positions of the oxygen
(blue) and first hydrogen (red) atoms, with radii doy and dyy, respectively. The second hydrogen atom should be on the marked circle (intersection
of the spheres). The projection of the center of the circle onto the X axis (brown cross) is the prediction of ;. ,. (c) Prediction ofj/,?ﬂ. We again
consider two spheres for oxygen and first hydrogen and intersect a plane x = x!, , with these spheres. The red and blue points represent projections
of the oxygen and first hydrogen atoms on this plane. The red and blue circles represent the intersection of the spheres and this plane. The
intersections of those circles (green points) represent the predicted positions of the second hydrogen atom: AfH

A0 (b)

I

© B N W A U o w

Figure 3 Prediction of molecule atoms for large molecule segments. (a) Prediction of coordinates for atom A; in an anchor frame. Considering the
positions of the three reference atoms (A, (), Aq(), and Ay;)), we compute the two pomtsA and A that match median distance of each reference
atom to A, as stored in the model. (b) Prediction of atomic coordinates in delta frames, based on translation and rotation of a plane containing the
reference atoms. Reference atoms from the v-th frame define a coordinate system S, for any v. The point Al = belongs to the coordinate system
St=1, We use translatlons and rotations of the coordinate system S~ (together with A{~!) into S'. The position of the transformed A{~* point is our
prediction ofA An intermediate position A of Ai=1 after translation is also presented.

distances between the j-th atom and p(i)-th, g(i)-th, r(i)-th from a translation using vector Vt > obtaining the pomtA Then, we
the model. This 3D trlangulatlor]) enoables the identification of 2 perform rotations to obtaln the final prediction A (Fig. 3b). 1

compatible predicted positions A; , A; that are at the same distan- the case that one of the planes cannot be determmed due to ref-
ces from the reference points as in the model (Fig. 3a). In com- erence atom co-linearity, we use a vector of movement of the
pression level 4, we use the better one (marking the choice with  p(j)-th atom to estimate Z\f,

1bit). In compression level 5, the reference atoms define a coordi- The metadata, e.g. box of a frame, is stored in a sepa-

nate system, and we check if the current atom is above the plane rate container.
defined by the three reference atoms. We compare this informa-
tion with that stored in the model to predict which of the two can-

didates forA,(-) is more likely, saving 1 bit of storage. 2.5 Tuning compression

For the delta frames, A;(‘I.)l, A;(‘,)l, Aﬁ(;)l define a coordinate sys-
tem S'~1, while A;() Afm) define a coordinate system St. Various facets of the MDCompress pipeline, optionally con-
The point A ™1 belongs to the coordlnate system St~ We calcu-  trolled by user-selected parameters, affect compression ratio

late coordinates A in the coordinate system S. For that, we use and (de)compression speed.
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Considering more initial frames to determine model parame-
ters can improve the model’s accuracy, but more than 100
frames (default) rarely helps.

The use of larger batches typically yields better compression
ratios, as delta frames can be compressed more effectively than
anchor frames. This has a small impact on the time required to
decompress the whole trajectory. Importantly, the compression
format can support efficient access to a sparse subset of trajec-
tory frames; in case of such a request, smaller batches are bet-
ter: to access each selected frame t, MDCompress needs to
decompress just the anchor t' preceding t and all delta frames
between t’' and t.

The MDC format also enables efficient retrieval of the com-
plete trajectories of a sparse subset of few atoms, since seg-
ments are internally split into smaller parts (sub-segments)
containing 100 atoms (user-defined parameter). Thanks to this,
when some atomic coordinates are necessary, we only need to
decompress a small sub-segment rather than a much bigger seg-
ment (cf. Fig. 1b, zoomed part). If such functionality is unneces-
sary, the user can turn subsegments off, gaining a bit in
compression ratio.

2.6 Implementation

The main utility, MDCompress, is provided as a command-line
tool. Figure 4a shows the architecture of the compression mode.
The input can be a trajectory file in XTC, TRR, TNG, NC, or GRO
formats [for parsing we use chemfiles library (Fraux et al. 2023)].
In decompression, one can choose among XTC, TRR, NC, GRO
formats. Each yellow box represents a single thread. The Reader
loads the frames one by one, gathers them in batches of user-
specified size, and stores them in a bounded queue. The Splitter
thread splits each batch into subsegments, which are sent to a
queue as input to the Worker threads that perform the core

(@)

B -

]
l Splitter

Build model

I

B

(I —— N

Queue with batches - - -\N:::s:g?\:;?hes
IR
M1 (T

/

Priority queue with compressed
batches of subsegments

| Worker 1 | | Worker 2 |

compression. The compressed blocks are passed to the final pri-
ority queue. Then, the Storer thread gathers the blocks in a de-
terministic order (to preserve archive binary compatibility
independent on the number of threads used for compression)
and stores them in a final archive file. MDCompress launches
more threads than the number specified by the user.
Nevertheless, the number of simultaneously working threads
never breaks this limit.

Figure 4b shows the decompression and query modes. The
user’s request is initially analyzed, and a description of the nec-
essary decompression tasks is prepared. Then, the maximum
allowed number of Worker threads is launched. Each of them
takes a single task and accesses the MDC file for the input data.
The results are sent to a priority queue, from which the Storer
thread takes them in the correct order to save in one of the
allowed output formats, e.g. XTC, TRR. In this mode, we also ac-
tivate only the maximum allowed number of simultaneously op-
erating threads.

2.7 Archive format

The MDC archive is a container database, similar to that used in
Deorowicz and Gudys$ (2024). Technically, the database com-
prises streams, each containing any number of parts. A part is a
block of bytes with some small metadata (single 64-bit integer).
Each part of each stream can be accessed in a random-access
manner. The format is easily extendable, so any streams can be
added to the archive at any time, and the file will still re-
main valid.

At the moment, we use three streams for the metadata: frame
IDs, segment descriptions, and anchor IDs (the format allows for
batches of variable size; however, this is not implemented yet in
the compressor). We also use a family of streams to store mod-

els (such as don, dun, and reference atoms) for each
(b)
[ ]
I]]]]]]]I[I]]IIIDI[I Queue with tasks description
I Worker 1 | | Worker 2 “

Priority queue with
decompressed frames

Figure 4 Architecture of MDCompress tool. The yellow boxes represent threads. The gray boxes represent queues (FIFO by default). The red boxes
represent files. (a) Data flow in compression. (b) Data flow in decompression and access queries.
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subsegment. Optionally, there is also a stream for storing the to-
pology file provided by the user. Finally, there is a family of
streams for atomic coordinates within subsegments. In the fu-
ture, we plan to add the other streams, e.g. for forces
and velocities.

2.8 Portability

MDCompress is implemented in C++20 programming language
and produces a standalone executable for compressing and
decompressing molecular trajectories. For easy adoption, the
package also provides thread-safe decompression libraries for
C, C++, Python, Rust, and WebAssembly. The libraries share a
largely language-independent architecture. Implementation
details for using the libraries are provided in the user guide.

For maximum portability, all coordinate calculations use our
custom fixed-precision floating-point numbers.

3 Experimental results

For the experiments, we primarily used 30 simulations of varying
protein sequences, downloaded from MDRepo (Roy et al. 2024);
these simulations are derived from the ATLAS database (Vander
Meersche et al. 2024) and the full simulations range in size from
1.9GB to 13.8GB in uncompressed TRR format. We also evalu-
ated compression of two larger simulations that we recently
contributed to MDRepo: MDR00020616 (a protein kinase in com-
plex with a small molecule ligand, 96.1 GB) and MDR00004434 (a
Nicotinamide phosphoribosyltransferase in complex with a li-
gand, 60.7 GB).

The repository MDRepo makes two representations of each
simulation available: (i) the full trajectory containing all mole-
cules in the simulation and (ii) a minimal trajectory from which
bulk solvent (water) and ions have been removed. In most simu-
lations, water molecules make up ~90% of the atoms, so mini-
mal trajectory files are typically one-tenth the size of the
corresponding full trajectory. Minimal trajectories are useful in
cases when solvent and ion coordinates are not required, such
as in training Al models for protein interaction or structure-
function prediction, and are therefore expected to dominate
large-scale data transfers in practice. Since MDCompress is
more effective in compressing macromolecules than solvent
and ion atomes, it should produce higher compression ratios for
minimal trajectories. To evaluate this effect, we report perfor-
mance benchmarks on both full and minimal trajectories.

We also explored the impact of varying time-steps between
frames by considering a simulation (MDR00020615) sampled at
an extremely dense sampling timestep of 0.1 ps, and producing
downsampled versions of the simulation with timesteps of
0.3 ps, 1 ps, 3ps, and 10 ps. The characteristics of these datasets
are provided in Supplementary Worksheet.

The experiments were made on an AMD 3995WX CPU-based
machine with 1 TiB RAM. To minimize the impact of variable 1/0
performance, the data were stored on an NVMe drive. Unless
otherwise stated, MDCompress was run with 8 threads; other
tools do not support multithreading, so were run with 1 thread.

In all tests, we used default values (batch size =20, subseg-
ment size=100, compression level=2, no. frames for mod-
el=100) for all parameters except where otherwise noted.

3.1 Examining impact of parameter
values on performance

At higher compression level settings, more calculations are used
to better predict the positions of molecules at higher levels. As
expected, running MDCompress with a higher compression level
leads to increased compression ratio (defined as the size of the
TRR file divided by the size of the compressed file) (Fig. 5a),
while the speed of both compression and decompression of the
whole dataset decreases (Fig. 5b). Levels 2 or 4 seem the most
practical, depending on the users’ needs.

Using large batch sizes means that very few frames are
anchors and many are delta-encoded, which improves compres-
sion. This is reflected in Fig. 5d, which shows that compression
ratios grow with increasing batch size, approaching a maximum
compression ratio that matches the ratio observed in delta
frames. On the other hand, when requesting a subset of frames
from a file, it is preferable to have smaller batches, because
decompressing each target frame t requires analyzing the pre-
ceding anchor frame a and all frames between a and t. We eval-
uated decompression speed (measured as the number of
decompressed atoms per second) when selecting a single ran-
dom frame (Fig. 5e) and when sampling 1% of frames with a
constant stride (Fig. 5f). Batch sizes of around 5-10 frames yield
maximum decompression speed—larger batches require that an
increasingly large number of frames must be wastefully decom-
pressed, while very small batches require substantial overhead
just to read and deserialize the metadata containing the starting
positions of the very large number of batches.

To enable the user to adapt to special needs easily, we pro-
vide four presets: default—suggested for most scenarios (batch
size =20, subsegment size =100), archive—for streaming access
to whole frames or their segments (batch size =100, subsegment
size =1000), trajectory—for quick access to selected atom trajec-
tories (batch size=100, subsegment size=100), frames—for
quick access to selected frames (batch size=10, subsegment
size=1000). The comparison of the performance of these pre-
sets is presented (Fig. 5¢).

By breaking segments into subsegments, MDCompress sup-
ports faster decompression for a small sample of all atoms in
the system: because decompression must scan linearly through
all atoms in the (sub)segment, a request to track a single atom
through the simulation will benefit from decompressing only a
few nearby atoms. The gain in compression ratio for larger sub-
segments is small (data not shown), but the speed of decom-
pression of trajectories of single atoms or pairs of atoms differs
significantly (Fig. 5g). This motivates the decision to use a small
subsegment size (100) as the default.

3.2 Multithreading performance

MDCompress is a multithreaded application, so we also evalu-
ated its scalability. Figure 5h shows strong scaling performance
with compression level 2: MDCompress obtains compression
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Figure 5 Impact of parameters on compression speed and ratio, various types of queries. Some charts show two groups: full (all atoms, including
water) and minimal (water and ion atoms removed). All charts [except for (h) and (i)] show the results for a dataset of 30 simulations taken from

MDRepo (see Supplementary Worksheet for their characteristics). Median

, std. dev, and min/max values are shown on box plots and range plots. (a)

Compression ratio (uncompressed size/compressed size) for various compression levels. (b) Compression and decompression speed for various
compression levels. (c) Impact of presets on compression ratio, (de)compression speeds, and three types of queries. Compression level 2 and a

trajectory dataset are used. (d) Compression ratio for various batch sizes.

(e) Decompression rate when extracting a random frame, for various batch

sizes. (f) Decompression rate for extracting 1% frames evenly spread across the trajectory, for various batch sizes. (g) Decompression speed for the

whole trajectory of one or two atoms. (h) Compression speed in terms of
to store atoms from: the protein, the small molecule ligand, all water mo
and resolutions are presented.

speeds more than 400 MB/s and decompression speeds over
700 MB/s.

3.3 Impact of the time step between
sampled frames

In MD simulations, atomic positions are typically updated every
2-4 femtoseconds (the integration timestep), and a trajectory

number of threads, using the dataset MDR00004144. (i) No. of bits necessary
lecules, all ions in the MDR00020615 dataset. Various frame sampling steps

file is created by periodically saving snapshots; snapshot inter-
vals usually range from 1 ps to 1ns, depending on simulation
length and whether analyses focus on fast-moving (loop or side-
chain) dynamics or slow conformational changes.

In MDCompress, atom position predictions in each delta
frame t depend in part on the position of atoms in frame t — 1.
The accuracy of these predictions, and thus, the compressibility
of the trajectory, is expected to be higher when the displace-
ment of atom A; between frames t—1 and t is small. Thus,
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Figure 6 Comparison of the examined tools. Each chart shows two groups: minimal (only molecule atoms) and trajectory (all atoms, including
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simulation MDR00020616. (a) Compression ratios. (b) Compression speed. (c) Decompression speed. (d) Selection speed.

smaller sampling timesteps should allow for better compres-
sion. We explored this expectation by considering a simulation
of a kinase protein in complex with a small molecule drug
(MDRrepo entry MDR00020615) that was sampled at a 0.1ps
time step, and producing a downsampled version of the simula-
tion by taking every 3rd, 10th, 30th, and 100th frame (equivalent
to 0.3ps, 1ps, 3ps, and 10ps sampling frequencies, respec-
tively). The results seen in Fig. 5i confirm the expectations that
prediction performs better for 0.1ps than for larger sampling
steps. Moreover, the prediction for large or medium-sized mole-
cules (protein and small molecule) is better than for water mole-
cules; this is expected, since atom positions in large molecules
can be more tightly constrained based on information from
nearby reference atoms. Unsurprisingly, the hardest to com-
press are ion segments, which receive no positional information
from neighboring atoms. The average space necessary per single
atom is between 20 and 24 bits, a roughly 4.0-4.8 compression
ratio relative to 96bits in TRR format (without compression).
MDCompress allows various precisions of storage of coordi-
nates. We used several values: 1pm (default), 3pm, 10pm,
30 pm, and 100 pm. The number of bits necessary to store each
atom’s coordinates are also presented in the same figure. As can

be observed, a remarkable reduction of space is possible if the
user can sacrifice the precision.

3.4 Comparison to other compression
tools

Finally, we evaluated MDCompress against existing tools. We
used XTC and TNG file formats as they are state-of-the-art com-
pressed formats used in practice. Moreover, we included SZ3
(Liang et al. 2023) and MDZ (Zhao et al. 2022) as the leading re-
search methods proposed recently. Both SZ3 and MDZ are pro-
vided only as experimental codes, so they are not ready to be
used in practice. Nevertheless, it is interesting to see how well
they perform. MDCompress was run in two modes: default
(mdc-4 label) and with compression level 2 (mdc-2 label). In
terms of compression ratio, MDCompress is a clear winner
(Fig. 6a). It offers 15-37% smaller archives than the competing
formats XTC and TNG. The advantage is more significant for a
dataset without water molecules. This is expected, as predicting
the coordinates of water molecules is less successful than pre-
dicting those of atoms in longer molecules.
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Compression and decompression times will generally be
small relative to the time spent generating or transferring large
trajectory files, but speed is likely still important in cases of re-
peated access, as may be common in Al model training.
MDCompress compression and decompression speeds (Fig. 6b
and c) are comparable or better than those of the competing
methods. We note that only MDCompress implements parallel
processing due to the MDC format design.

Gromacs utility (gmx trjconv) has an undocumented feature
that allows binary search in the XTC file for quasi-random ac-
cess. Figure 6d shows a comparison of the throughput of ran-
dom frame selection and 1% frame selection from MDC and XTC.
MDCompress is three times faster in the selection of a single
frame and 16 times faster in the extraction of 1% of frames.

4 Conclusion

We have introduced MDCompress, a new software tool for com-
pressing molecular dynamics trajectories that achieves 15-37%
smaller file sizes than the widely-used XTC format while main-
taining fast, multithreaded compression and decompression.
The MDC format’s container-based architecture enables efficient
random-access queries, useful for extracting sparse frame sam-
plings or tracking individual atom trajectories. These capabili-
ties are designed to meet challenges that arise as molecular
dynamics datasets grow in scale and are increasingly reused for
downstream analysis and Al training. At that scale, raw data vol-
umes quickly become unwieldy, and the ability to store trajecto-
ries compactly, move them efficiently between sites, and extract
only the subsets needed for a specific analysis becomes not just
a convenience but a necessity for enabling real workflows. The
MDCompress software is freely available under a BSD 3-clause li-
cense, with thread-safe decompression libraries provided for C,
C++, Python, Rust, and WebAssembly.

Several avenues for future development remain. While our
benchmarks focused on protein simulations, MDCompress han-
dles arbitrary molecules with six or more atoms, including nu-
cleic acids and lipids. However, solvent-specific optimizations
are currently limited to water. Many other common solvents
(such as methanol, glycerol, and DMSO) contain six or more
atoms and can therefore be processed using the MOL segment
approach, though this requires explicit specification for each
molecule, and optimizes only a subset of atomic positions;
meanwhile smaller solvent molecules are handled as OTH seg-
ments with baseline compression comparable to XTC. We aim to
expand optimized solvent handling in future releases. A useful
feature of the XTC format is that a file remains valid even if the
application generating the file terminates unexpectedly, such as
when a job exceeds its time limit on an HPC cluster.

In the near future, we plan to implement similar functionality,
extending our command-line compression utility to allow a user
to recover an MDC file after the writing software crashes.
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