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Abstract: The 76th Mosbacher Kolloquium focused on
recent advances in machine learning applications for
structural biology and protein design. It covered topics
spanning artificial intelligence-driven protein structure
prediction, integrative modeling, generative protein design,
and general applications in life sciences. With strong
participation, high-caliber talks, and a clear focus on the
integration of AI in biomolecular research, the meeting
underscored the transformative role of machine learning in
molecular biosciences and provided a vibrant platform for
knowledge exchange across disciplines and generations.
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Since its inception in 1949, the Mosbacher Kolloquium has
been one of the most prestigious and long-standing scientific
conferences in molecular biosciences in Germany. Orga-
nized annually by the German Society for Biochemistry and
Molecular Biology (GBM), this meeting has become a key
venue for presenting cutting-edge developments across
biochemistry, molecular biology, and related disciplines.
Each year, the Colloquium brings together established re-
searchers, early-career scientists, and students to discuss
recent breakthroughs and emerging challenges.

The 76th Mosbacher Kolloquium, held from March 19 to
22, 2025, in the town of Mosbach, Germany, focused on
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machine learning in structural biology and protein design.
The meeting addressed how the field has been transformed
by Al-based approaches, which now influence everything
from protein structure prediction to rational biomolecular
design and have provided ground-breaking contributions to
structural biology data analysis.

Over the past decade, machine learning (ML) has
become an essential tool in structural biology and protein
design. Methods powered by ML have revolutionized bio-
molecular structure prediction, structural analysis, and de
novo protein design. The advent of AlphaFold, alongside
numerous other Al-based software tools, exemplifies both
the enormous potential and the inherent challenges in this
space. These challenges include not only data handling and
storage, but also the meaningful integration of heteroge-
neous data from diverse experimental sources with ML-
based structure prediction, as well as the careful examina-
tion and interpretation of biomolecular complex structure
predictions.

Given the rapid pace of development in this multidis-
ciplinary field, the Colloquium aimed to foster scientific
exchange between experts and young researchers from
disciplines including biology, biochemistry, bioinformatics,
physics, and computer science.

The scientific program was curated by Birte Hocker,
Janosch Hennig and Ina Koch. They led a traditional primer
session before the official opening, designed for early-career
scientists and participants new to the field. Ina Koch began
by revisiting secondary structure prediction in the 1980s
using graph-based knowledge acquisition — an early pre-
cursor to modern ML (Kaden et al. 1990). Her colleague
Marcus Kepler introduced fundamental Al concepts. Janosch
Hennig then discussed the positive impact of AlphaFold on
experimental structure determination of larger biomole-
cular complexes, but also its limitations and the need for
experimental validations of predictions going beyond single
protein domains (Hennig 2025). Finally, Birte Hocker dis-
cussed the tremendous advances in protein design enabled
by ML-based tools such as protein language and diffusion
models (Dauparas et al. 2022; Ferruz and Hocker 2022; Jen-
drusch et al. 2025; Watson et al. 2023). This introductory
session also framed the five major thematic areas of the
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conference: theory and development, machine learning in
structural biology, Al-based structure prediction and inte-
grative modelling, from protein engineering to Al-based
protein design and Al applications in life sciences.

Before the welcome reception in the town hall of Mos-
bach and official start of the program, the Rainer Rudolph
Foundation, which promotes and supports basic and applied
research in protein biochemistry and biotechnology, pre-
sented their yearly young scientist awardees. The prizes went
to Davide Amendola (Ziirich) for investigating a bacterial
predator arsenal using cryo-EM, to Alexander Braun (Bayr-
euth) for designing triosephosphate isomerases using gener-
ative language models, and to Britta Lipinski (Darmstadt) for
engineering bispecific single-domain antibodies. The pre-
sentations of the three awardees fitted well to the topic of the
colloquium highlighting the topicality of the meeting.

On the first day, Thursday, March 20, 2025, session I
(theory and development), chaired by Clara Schoeder (Uni-
versity of Leipzig, Germany) and Ina Koch, opened with a
keynote by David Jones (University College London, UK) on
domain encyclopedias and rapid multi-domain protein
structure search (Lau et al. 2024). Talks by Matthias Rarey
(University of Hamburg, Germany) and Andrea Volkamer
(Saarland University, Germany) explored intelligent
computation in molecular design and data integration in
drug discovery (Backenkdhler et al. 2024; Harren et al. 2024),
respectively, while Burkhard Rost (TU Munich, Germany)
closed the session with insights into using Natural Language
Processing (NLP) to decode the “language” of proteins
(Heinzinger and Rost 2025).

Session II (machine learning in structural biology) was
then chaired by Ora Furman (Hebrew University, Israel),
and featured Sergey Ovchinnikov (MIT, USA) on inverting
deep learning-based structure prediction for protein design
(Zhang et al. 2025), Noelia Ferruz (CRG Barcelona) on
generative protein language models and reinforcement
learning in protein design optimization (Ferruz et al. 2022;
Stocco et al. 2025) and Martin Steinegger (Seoul National
University, South Korea) on Foldseek, a high-speed tool for
large-scale protein structure comparison (Kim et al. 2025).

All sessions included early career investigator talks and
these were given by Leif Seute (Heidelberg Institute for
Theoretical Studies, Germany) on geometric learning of
protein conformational ensembles, Lea Bronnimann (Uni-
versity of Bern, Switzerland) on applying deep learning to
analyze antibody chain repertoires and David Medina-Ortiz
(Leibniz Institute of Plant Biochemistry, Halle, Germany)
presented an interpretable geometric deep learning frame-
work for protein engineering.

The evening of the first full day was closed with exciting
award lectures. The Bayer Pharmaceuticals PhD Award was
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given to Franziska Sendker (Harvard University, USA) for
her work on protein fractal evolution. The Karl-Lohmann
Prize was awarded to Davide Tamborrini (Biozentrum Basel,
Switzerland) for his impressive work in which he deter-
mined cryo-EM structures of cardiac sarcomeres. The highly
prestigious Feodor Lynen Medal was awarded to Tanja
Kortemme (UCSF, USA). Her talk on her award-winning work
on de novo protein design, including Al-based generation of
conformationally switchable proteins (Guo et al. 2025), was
awaited with great anticipation and received the deserved
attention.

The second day, Friday, March 21, 2025, started with
session III (Al-based structure prediction and integrative
modelling). It was chaired by Saacnicteh Toledo Patino
(OIST, Japan), and began with a talk by Yang Zhang (National
University of Singapore), which introduced D-I-Tasser.
Further developments in this long-standing structure pre-
diction tool are now surpassing AlphaFold2 and 3, regarding
structure prediction accuracy (Zheng et al. 2025).

Jan Kosinski (EMBL Hamburg, Germany) presented the
impressive structural work on the nuclear pore complex for
which AlphaFold was utilized to reach unprecedented
completeness of a structural model of this ultra-large protein
complex (Mosalaganti et al. 2022). Additionally, he intro-
duced useful computational tools to enhance structure pre-
dictions by AlphaFold based on including experimental
input (Kosinski 2024).

Session IV (from protein engineering to Al-based protein
design), chaired by Alena Khmelinskaia (LMU Munich,
Germany) was opened by Possu Huang (Stanford University,
USA) who compared generative models for protein design
and the importance of sufficient sampling in these methods
(Lu et al. 2025). This was followed by Bruno Correia (EPFL,
Switzerland) who examined the structural and functional
protein landscape using computational design, which
contextualized the latest methods in a forward-looking
manner (Khakzad et al. 2023).

As a tradition of the Mosbacher Kolloquium, the Junior
GBM is organizing and presenting a session. The Junior GBM
consists of undergraduate and graduate students, and has
become an integral and important part of this scientific so-
ciety. As Junior GBM representatives, Frederike Knipp and
Marcel Zimmeck introduced this session and Alex Rives
(EvolutionaryScale, USA) as the first speaker, who talked
about his large language models reflecting evolutionary pro-
tein diversity and which have been demonstrated to be
extremely useful in protein design (Hayes et al. 2025). Stani-
slaw Dunin-Horkawicz (MPI, Tiibingen) illustrated learning
from AlphaFold2 prediction failures (Madaj et al. 2025).

The early career investigator talks by Sophie Binder
(University of Bonn, Germany) on binder design for cancer
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drug targets, validated via FACS, and Arman Simonyan
(University of Copenhagen, Denmark) on ML approaches for
peptide probes and drugs show-cased how easily the latest
protein design frameworks are introduced into academic
early drug discovery research with promising results. Anna
Backberg (LMU Munich, Germany) and Kateryna Maksy-
menko (MPI Tibingen) presented their work on multi-
geometry protein scaffold design and training-free clinically
relevant binder prediction, respectively.

Friday evening was closed again with anticipated award
lectures. The Eduard Buchner Prize was awarded to Dor-
othee Kern (Scripps, USA), who presented her work on pre-
dictive models of protein dynamics by classifying multiple
sequence alignments as input for AlphaFold (Wayment-
Steele et al. 2024) and a highly innovative ML tool that learns
from the absence of experimental signals in NMR datasets to
predict protein dynamics on the intermediate exchange time
scale (Wayment-Steele et al. 2025).

The Otto Warburg Medal is topically rarely related to the
theme of the Colloquium at which the medal is awarded, as
was the case this year. Nevertheless, Matthias Hentze (EMBL
Heidelberg, Germany) presented his impressive work, which
laid the foundation for his pioneering the term and area of
research called riboregulation, the post-transcriptional
control of gene expression by RNAs (Horos et al. 2019; Hup-
pertz et al. 2022).

The final day, Saturday, March 22, began with the GBM
Young Investigator Session. The GBM Young Investigators
are yet another sub-group of the GBM in which junior group
leaders organize events, where science and topics, relevant
to young independent group leaders are discussed. In this
session, Andrea Thorn (University of Hamburg, Germany)
spoke about the potential of Al applications for experiments
in structural biology and the need for high-quality structural
data. Following this, Maximilian Fiirst (University of Gro-
ningen, Netherlands) gave a talk on big data in biochemistry
and biophysics in the lab, and how it can be used for further
development of Al-based protein design (Korbeld and Fuirst
2025).

After the coffee break, session 5 (Al application in life
sciences) began, chaired by Horst Lechner (TU Graz,
Austria). Judith Zaugg (EMBL Heidelberg, Germany) opened
with the presentation of an unsupervised deep learning tool
for the analysis of cryo-electron tomography (cryo-ET) data
(de Teresa-Trueba et al. 2023). Cryo-ET enables the deter-
mination of high-resolution biomolecular structures in a
natural, cellular context. Data analysis remains a challenge
that can be overcome using ML methods. Jens Meiler (Uni-
versity of Leipzig, Germany) provided insights into how
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artificial intelligence is revolutionizing protein structure
prediction and therapy design, from small molecules to new
modalities (Tang et al. 2025). Marharyta Makarova (Univer-
sity of Erlangen, Germany) and Salomé Guilbert (EPFL,
Switzerland) presented early career talks about a novel
rotamer library for nucleic acids as a basis for the protein
design software MUMBO to enable the design of protein-
nucleic acid complexes and in silico enzyme design for the
degradation of short-chain per- and polyfluorinated alkyl
substances, respectively. In his lecture on programmable
generative protein design Gevorg Grigoryan (Somerville,
USA) reflected on developments in protein design from both
academic, industrial and medical perspectives, offering a
fresh and broad view that rounded off the Colloquium
perfectly (Ingraham et al. 2023).

Overall, approximately 470 participants from 18 coun-
tries took part in the conference, including 103 bachelor’s or
master’s students, 142 doctoral candidates, 18 retired par-
ticipants, and 207 with a doctorate. Eight industrial exhibi-
tors supported the meeting. Three poster sessions were held
over the course of the event, which were very well attended
and in which over 100 posters were presented. A jury eval-
uated the posters and awarded three with prizes from the
GBM and FEBS Open BIO and three further posters received
book prizes.

The 76th Mosbacher Kolloquium successfully captured
the spirit and urgency of the current wave of Al-driven
research in structural biology and protein design. Common
challenges were discussed such as standards according to
guidelines of the field, the need for quality as well as quantity
of data and how to share it, and careful testing of newly
emerging computational tools. The development of Al-based
tools will be a topic for many years that will focus more on
explainable AI and applications for prediction of dynamics
of protein structures and complexes. With the second-
highest attendance in the history of the Mosbacher Kollo-
quium, the event resonated strongly with both the national
and international scientific community. Attendees praised
the conference as refreshing and intellectually stimulating.
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