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From AlphaCGO over StableDiffusion to ChatGPT, the recent decade of exponential advances
in artificial intelligence (Al) has been altering life. In parallel, advances in computational
biology are beginning to decode the language of life: AlphaFold2 leaped forward in protein
structure prediction, and protein language models (pLMs) replaced expertise and evolution-
ary information from multiple sequence alignments with information learned from reoccur-
ring patterns in databases of billions of proteins without experimental annotations other than
the amino acid sequences. None of those tools could have been developed 10 years ago; all
will increase the wealth of experimental data and speed up the cycle from idea to proof. Al is
affecting molecular and medical biology at giant steps, and the most important might be the

leap toward more powerful protein design.

SCIENCE FICTION OR FUTURE SCIENCE?

alking her dog, Dr. Elena decides to engi-
Wneer abacterium efficiently gobbling up all
those painkillers she had to swallow after her
recent tooth extraction. She hopes to immerse
those bugs into a wastewater facility. On her
phone, shebegins collectingafew dozen enzymes
known to catalyze reactions similar to those
needed to digest the environmentally toxic ingre-
dients of that medicine. She downloads the bug’s
sequences and predicts the three-dimensional
(3D) structures for all proteins (Box 1). Before
reaching home, she has already created the

most likely functional 3D scaffolds relevant for
the proteins to bind the toxins, has applied a
protein language model (pLM) to generate mil-
lions of new sequences that might have similar
3D structures, has selected a few tens of top can-
didates for experimental testing. She has sent
those sequences to her laboratory robot. When
shereachesthelaboratory, 2 hours, later the robot
has already gone through the first round of opti-
mization with results being fed back directly to
the pLM for further refinement of the top candi-
dates. Allis ready for more detailed experimental
analysis thanks to the advances in artificial intel-
ligence (AI).
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BOX 1. ABBREVIATIONS USED

(1D) One-dimensional (string such as secondary structure), (2D) two-dimensional (interresidue dis-
tances or contacts), (3D) three-dimensional (coordinates), (Al) artificial intelligence, AlphaFold2: Al-
based method reliably predicting protein 3D structure from MSAs (Jumper et al. 2021), (Al) artificial
intelligence, (ANN) artificial feedforward neural network, (BFD) Big Fantastic Database (Steinegger
et al. 2019), (CASP) critical assessment of protein structure prediction (biannual meeting), (CATH)
hierarchical classification of protein 3D structures in the Class, Architecture, Topology and
Homologous superfamily, (CNN) convolutional neural network, (EAT) embedding-based annotation
transfer, (El) evolutionary information, (embeddings) fixed-size vectors derived from pretrained pLMs,
(IDPs) intrinsically disordered proteins (Dunker et al. 2013), (IDR) intrinsically disordered regions
(Dunker et al. 2013), (ML) machine learning (here we drop the distinction between ML and Al
considering existing delineations more or less arbitrary for our ends), (MSA) multiple sequence
alignment, (pLM) protein language model, (PPI) physical protein—protein interaction, (SOTA) state-

of-the-art.

EVOLUTIONARY INFORMATION POWER
CHARGES PROTEIN PREDICTION

Secondary Structure Prediction Jumped
by Combining Al and Alignments

The application of advanced machine learning
(here for simplicity coined Al) to protein predic-
tion began 35 years ago, with simple artificial
feedforward neural networks (ANNs) predicting
protein secondary structure (Bohr et al. 1988;
Qian and Sejnowski 1988). Although these,
along with subsequent publications, provided
the proof-of-principle for a powerful new tech-
nique, its breakthrough came by combining AI
and evolutionary information (EI) as derived
from multiple sequence alignments (MSAs)
(Rost and Sander 1992, 1993). Secondary struc-
ture had been predicted by both AI (Bohr et al.
1988; Qian and Sejnowski 1988) and EI (Zvelebil
et al. 1987); the successful novelty was the com-
bination of both. This succeeded because ANNs
captured long-range information (sequence sep-
aration between residues i and jsuch that, e.g.,
|i —j|>15) much better than other statistical
analyses of MSAs. The formula AI +EI was so
successful that performance rose above what
had been published in many textbooks as the
theoretical limit, namely, a three-state per-resi-
due accuracy of Q3 = 65% (Fig. 1; purple dashed
horizontal line). The first method, dubbed PHD,
surprisingly reached above 72% (Rost 1993,
1996), which pushed the advance more than
the three decades of improvements and data col-

lection before (Fig. 1). The trick was to put more
complex information (replace single sequences
by protein families described by EI) into ad-
vanced learning methods capable to mine this
complexity. Fine-grained control of the tool (ba-
lanced training and stacking of simple ANNsinto
constructs that resembled some aspects of deep
learning a decade before its introduction) al-
lowed to also fix other aspects of the problem
notreflected in the simple three-state per-residue
accuracy (Rost 1993).

Al + El Recipe Boosts Other Aspects
of Structure Prediction

The successful combination of Al +EI was ex-
panded to other features of protein 1D structure,
including the prediction of solvent accessibility
and membrane regions (Rost 1996). The initial
objective had been to predict interresidue dis-
tance maps (2D structure; Rost 1993), but the
complexity of this objective required another
decade (Punta and Rost 2005a). Although suc-
cessful in many ways (Punta and Rost 2005b;
Schlessinger et al. 2007), such methods did not
suffice to generalize from 2D to 3D structure pre-
dictions. Overall, AI+EI broke through many
ceilings, including predicting molecular func-
tion (Rost et al. 2003), but appeared to fail accu-
rately predicting 2D or 3D structure.

In fact, the major advance toward 2D predic-
tions sufficient for the generation of 3D structure
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NormalizedQ3
(Q3-RanQ3)/(MaxQ3-RanQ3)

Figure 1. Rise in secondary structure prediction. Protein secondary structure prediction might be the simplest and
best-understood aspect of structure prediction. Therefore, we use it as a proxy to compare different methods. The y-
axis shows the performance in terms of normalized Q3 (Rost et al. 1994). This is defined as follows: NormalizedQ3
=(Q3-RandomQ3)/(MaxQ3-RandomQ3); Q3: three-state per-residue accuracy (helix, strand, other); MaxQ3 =
92% approximates the secondary structure string agreement between alternate experimental structures for the
same protein (Andersen et al. 2002); and minimal performance, namely, random, RandomQ3 = 35% (Rost et al.
1994). By definition, NormalizedQ3 ranges from 0 (random) to 1 for predictions reaching the experimental
resolution. Methods: No-MSA refers to simple statistical models or simple artificial feedforward neural networks
(ANNS ) not using evolutionary information (EI) from multiple sequence alignments (MSAs), MSA-based: PHD;,
marks the first stacked system of ANNs combining artificial intelligence (AI) and EI (Rost and Sander 1992),
PROF,, (Rost 2001) uses richer MSAs (from PSI-BLAST rather than BLAST; Altschul et al. 1997), NetSurfP2
(Klausen et al. 2019) marks the top recent MSA-based predictions; pLM-based ( protein language model-based
methods): Word2vec,,. (Heinzinger et al. 2019) is the context-independent first generation of language models
(LMs) (bag-of-words; Mikolovetal. 2013), Seq Vec,,. (Heinzinger et al. 2019) uses the LM called ELMo (Peters et al.
2018), and ProtT5,,. (Elnaggar et al. 2021) is based on transformers; Homologs marks the ~88% agreement of
secondary structure between proteins with similar sequences (Rost et al. 1994). The red-arrowed error bars roughly
approximate acomparison between methods developed over the course of three decades and assessed on a diversity
of data sets. The horizontal dashed purpleline (marking Q3 ~ 65%) hasbeen considered the top reachable for many
years. Infact, thiswas true before AI + EI. The noncontext-aware Word2vec value confirms thislevel. On aside note,
the rise for MSA-based solutions from PHDy,. (1992) to NetSurfP2.0 (2019; middle set of blue bars) required about
three orders of magnitude larger databases combined with much advanced AI (from long short-term memories
[LSTMs] to convolutional neural networks [CNNs]) and took almost three decades. The comparable advance for
pLM-based solutions from Word2vec to ProtT5 took a little more than 3 years.

originated from a combination of advanced  largely dominating CASP (critical assessment

processing of EI in the form of evolutionary
couplings (Marks et al. 2011). The successful
signal-to-noise filtering that turned those
couplings into a breakthrough solution required
statistical models (Lapedes et al. 1999; Weigt etal.
2009; Balakrishnan et al. 2011; Marks et al. 2011;
Jones et al. 2012; Seemayer et al. 2014). This ad-
vance was orthogonal to another set of tools

of protein structure prediction) (Moult et al.
1995, 1999, 2007; Kryshtafovych et al. 2007),
namely, programs using more or less directly
comparative modeling (Baker and Sali 2001;
Bonneau et al. 2001; Pieper et al. 2011; Biasini
et al. 2014). Although comparative modeling
and evolutionary coupling-based advances re-
mained Al-free, the next step, once again, com-
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bined the simpler statistical models with AI-
based models (Wang et al. 2017; Yang et al.
2020). This approach peaked in AlphaFoldl
(Senior et al. 2020) (officially AlphaFold), the
last method still on the way toward accurate 3D
prediction.

ALPHAFOLDOLOGY IS ALL THERE IS FROM
NOW ON?

Leap in 3D Prediction by Al Justin Time

In December 2020, AlphaFold2 (Jumper et al.
2021) broke through in protein structure predic-
tion at CASP14 (Kryshtafovych et al. 2021). Like
all top structure predictions since PHD,, (Fig. 1),
AlphaFold2 succeeded through using EI from
MSAs. Why did it take 28 years to get to this
point? Simply put, the breakthrough could not
have happened any earlier because it was rooted
in three crucial advances coinciding at that point
in time: (1) software (i.e., the advanced layered
architectures) (deep neural networks—especial-
ly, the flexibility offered by Transformers paired
with geometry-aware attention operations ren-
dering the input 3D structure invariant to global
rotations and translations), (2) hardware (ad-
vanced GPUs and TPUs), and (3) database sizes
(BFD; Steinegger et al. 2019) is 10-times UniProt
(The UniProt Consortium 2021). That the tool of
the year (Marx 2022) came at all in 2020 required
many successful novel solutions cleverly engi-
neered by alarge team of advanced experts fueled
with sufficient resources (Jumper et al. 2021).
Among many other inventions, the novelties in-
cludedlearning explicitly to predict (1) reliability
(in the form of the so-called pLDDT score); (2)
particular shapes (no method had ever imple-
mented this explicitly); (3) to iterate over and
thereby refine its own predictions; and (4) to in-
crease data set size and diversity by training on its
own predictions (which in turn needed a method
as successful as AlphaFold2).

All these advances required ingenious Al
engineering coding physical and geometrical
constraints (inductive biases) directly into the
components of the models, or more precisely:
into its architecture. Joining these components
with learning features in away known as end-to-

end (i.e., by backpropagating the gradient from
the predicted 3D structure to the MSA) allowed
the model to directly learn features from the
wealth of experimental 3D structures deposited
in the PDB (Burley et al. 2023). This solution
was in stark contrast to previous approaches
that either relied on expertly crafted features
or required external tools for computing in-
put (evolutionary couplings) or targets (3D
structures).

AlphaFold2also leveraged the concept of dis-
tograms (Rost 1993) introduced unsuccessfully
30 years earlier. The DeepMind engineers made
it work. One way to showcase the jump: While
AlphaFoldl outperformed any single method at
CASP13 in 2018, it was not the best for any pro-
tein. In contrast, AlphaFold2 at CASP14 in 2020
clearly outperformed each method for every pro-
tein, and immediately helped experimental
structure determination (Milldn et al. 2021). At
CASP15in 2022, AlphaFold2 became the meth-
od to judge others by. Although many methods
have reached performance levels that would have
stunned the world 30 months ago, none has con-
sistently reached the top, yet. So far, this seems as
true for methods attempting to fully reengineer
AlphaFold2 as for those seeking “smarter” ways
to improve.

AlphaFold2 Changes Experimental
and Structural Biology

Molecular biologists have reacted by using the
new tool (e.g., to advance experimental high-res-
olution determination of protein 3D structure)
(Millan et al. 2021; Akdel et al. 2022; Bryant et al.
2022; Laurents 2022; Thorn 2022) to optimize
docking and complement molecular dynamics
(Guo et al. 2022; Laurents 2022; Tsaban et al.
2022). Many colleagues use the method success-
tully even for tasks for which it was not designed,
such as predicting regions of intrinsically disor-
dered proteins (Bryantetal. 2022; Guo etal. 2022;
IIzhoefer et al. 2022), or of permanent protein—
protein interactions (PPIs) (Evans et al. 2021;
Bryant et al. 2022; Johansson-Akhe and Wallner
2022).

Although apparentlysuccessful for modeling
the interaction between permanently bound
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constituents of proteins, neither AlphaFold2 nor
the interaction specialist AlphaFold-Multimer
(Evans et al. 2021) appear to rise up to the chal-
lenges of predicting binding of transient, physical
PPIs for experimentally uncharacterized protein
pairs (Burke et al. 2023; L Kaindl and B Rost,
unpubl.). In fact, most existing methods either
infer or predict such PPIs through the simple
annotation transfer referred to as comparative
modeling or homology-based modeling/infer-
ence applying the simple logic: if the sequence
similarity between two proteins Q and A exceeds
an empirically established threshold T, copy an-
notation of A to Q. PPI prediction is an even
tougher nut to crack than 3D structure predic-
tion, and the appropriate assessment of methods
is easier to get wrong than right (Park and Mar-
cotte 2012; Hamp and Rost 2015). Another as-
pect thatappears not fully covered by AlphaFold2
is the prediction of the effect of sequence varia-
tion (Weissenow et al. 2022a,b). The reason is
that AlphaFold2 reaches its peak performance
by generating a family average rather than a pro-
tein-specific prediction. We might expect that
this limitation could be bypassed because Alpha-
Fold2 has internal components that allow it to
weigh the query sequence against the MSA,
thereby moving between protein-specific and
family-average. However, there is way too little
experimental data on the mutational effect on 3D
structure to leverage this effect. Thirty-one years
ago, when the successful combination of Al and
EI won the day (Rost and Sander 1992), the dis-
tinction between the two never became relevant
due to lower performance (Fig. 1: no bar reaches
the level of Homologs to the very right; although
we have not assessed this, we assume that Alpha-
Fold2 would approach the experimental error,
i.e., approach NormalizedQ3~1). Despite undis-
puted success, there are limits—even for systems
such as AlphaFold?2.

Opverall, very atypical for Al applications, the
performance of AlphaFold2 may even exceed the
hype it created at CASP14 (Kryshtafovych et al.
2021). The AlphaFoldDB database now (June
2023) holds over 217 million 3D predictions (Tu-
nyasuvunakool etal. 2021),and ifyouwant torun
the method on your set of sequences without
requiring too much computing resources, Colab-

Al Learns Protein Prediction

Fold (Mirdita et al. 2022) offers easy and fast
access to the tool (essentially gaining speed by
flexibly adjusting the number of iterations and
by more efficient MSA generation).

Better Resolution of Structure Space

How much do the millions of accurate 3D struc-
ture predictions change our perception of struc-
ture space (i.e., the CATH [Sillitoe et al. 2021] or
SCOP [Andreevaetal. 2020] classification of pro-
teins by their 3D structure)? A recent analysis of
370,000 confident AlphaFold2 3D predictions
could assign more than 90% of these to one of
the known CATH domain superfamilies (Bordin
et al. 2023). Expert analysis of the nonmatching
human proteins revealed 25 novel superfamilies.
Overall, the 130,000 predicted structures in-
creased the number of “known folds” (i.e., com-
pact 3D structural scaffolds typically shared be-
tween many distantly related proteins by more
than 30%). An impressive tool for viewing pro-
tein structure space, which incidentally relies on
FoldSeek (van Kempen etal. 2024) for comparing
structures (below), has recently been made avail-
able by the developers of ESMFold (Lin et al.
2023). The confluence of two tools on the oppo-
site side of the spectrum of data analysis, namely,
on the side of great detail, the CATH-based anal-
ysis having experts visually compare the similar-
ities and differences in detail for about a thou-
sand proteins and on the side of large numbers
the ESMFold-based threshold-driven automatic
comparisons of 700 million proteins. The result-
ing message is so strong because it originates
from both ends (detailed AlphaFold2/CATH
and coarse-grained ESMFold perspective): The
most important gain from 3D structure predic-
tions is in refining known superfamilies, in link-
ing previouslyisolated proteins to known groups,
and providing some evidence for where to hunt
for new “folds.”

New Solutions Boost the Power of AlphaFold2

Methods in computational and experimental bi-
ology that benefit from the results of AlphaFold2
are mushrooming. In fact, just 2 years after the
publication of AlphaFold2, their number and di-
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versity are already beyond the scope of this per-
spective. Nevertheless, we want to highlight what
we consider possibly the most important impact
from accurate 3D structure predictions of the
day, namely, Foldseek (van Kempen et al. 2024).
For three decades, the most important criterion
for the development of methods comparing pro-
tein 3D structures was accuracy (Taylor and
Orengo 1989; Kolodny et al. 2005): The number
of known 3D structures added at any time point
were so small that computing resources were only
of minor concern. With AlphaFoldDB (Tunya-
suvunakool et al. 2021) and ESMFold (Lin et al.
2022) making hundreds of millions 3D structure
predictions available, the field needed another
revolution: Reliable 3D structure comparisons
are three orders of magnitude faster than existing
tools to make the gigantic amount of new data
searchable and thereby useable. FoldSeek found a
genius solution toward this end by mapping 3D
structure through a so-called vector quantised-
variational autoencoder (VQ-VAE) (van den
Oord etal.2017) onto an alphabet of 20 different
letters. The resulting 3Di “states” can be imag-
ined as configurations in the backbone angles
most informative for known protein structures
(possibly reminding more experienced scholars
of the informative 3D motifs used early on to
predict structure; Bystroff and Baker 1998). The
3Di states are described by 20 letters that can be
used to tap into the amazing accelerations realized
for sequence comparisons through the blazingly
fast MMseqs2 (Mirdita et al. 2019). This engineer-
ing marvel enables Foldseek to reliably compare
3D structures (predictions or observations) at
the speed of the faster ever reliable sequence com-
parisons. Just like AlphaFold2, Foldseek is a solu-
tion that would have been impossible 7 years ago,
and it could never have been as useful as after the
publication of AlphaFoldDB (Tunyasuvunakool
et al. 2021). No matter how big this story in itself
may be, it seeds an even bigger rift between past
and future: Ultimately, Foldseek is the beginning
of the end for sequence comparisons as they have
been perfected for more than 42 years (Smith
and Waterman 1981). Foldseek substitutes 1D se-
quence comparisons of proteins by 3D structure
comparisons (although technically projected onto
1D sequences). Comparisons using 3D predic-

tions already outperform sequence-based align-
ment methods in many ways (Heinzinger et al.
2022; Schiitze et al. 2022; van Kempen et al.
2024), even for relatively inaccurate 3D prediction
methods (Weissenow et al. 2022b).

The term AlphaFoldology has been used half-
jokingly by colleagues to capture some of the
results of the amount of change brought about
by the breakthrough AlphaFold2: From here on,
all that is needed in structure prediction is to
understand what we can and cannot do with Al-
phaFold2, to actually spread and dive into the
word, reason, or discourse signifying the Greek
word Adyoc. Clearly, this has described many
activities over the last 2 years. Another flurry of
activity has been dedicated toward inventing
tools that provide simpler access to Alpha-
Fold2-level predictions, such as ColabFold, or
that render the results from AlphaFold2 even
more useful, such as Foldseek. Undoubtedly, we
will witness many more improvements.

The idea that chaining the tools AlphaFold2/
ColabFold-Foldseek will replace traditional ways
to generate MSAs leads to an interesting circle:
AlphaFold2 is so successful because it uses large
MSAs. How can we maintain the success when
removing the foundation? Today, we may or may
not quite get there yet. However, thanks to pLMs,
tomorrow we might easily accomplish the seem-
ingly impossible.

PROTEIN LANGUAGE MODELS (pLMs)
TRIGGER PARADIGM SHIFTS

Protein Language Models (pLMs): Learning
the Language of Life

Advances in natural language processing (NLP)
spawned pLMs (Alley et al. 2019; Bepler and
Berger 2019, 2021; Heinzinger et al. 2019; Rives
et al. 2021; Elnaggar et al. 2022). pLMs leverage
protein sequence databases that have outgrown
computers for 28 years; they require noannotation
(label in Al-jargon) except for the amino acid se-
quence. Through transfer learning, pLMs bridge
the sequence-annotation gap (Ofran et al. 2005)
after AlphaFold2 has substantially quenched the
sequence—structure gap (Porta-Pardo et al. 2022)
(i.e., the difference between proteins of known se-
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quence and known structure) (Rost and Sander
1996). Explicitly, pLMs capture sequential pat-
terns in the input by either predicting the next
residue (amino acid; earlier pLMs) or by recover-
ing masked-out residues from those surrounding
it (later pLMs, typically 15%). Thereby, language
models (LMs) from NLP implicitly learn the
grammar of written languages. Similarly, pLMs
implicitly learn aspects of the language of life as
written in proteins (Fig. 2; Step 1). The informa-
tion learned by such pLMs (e.g., by inputting a
protein sequence into the network and construct-

Al Learns Protein Prediction

ing vectors from the values representing the last
hidden layers of the pLM) yields a representation
of protein sequences referred to as embeddings
(Fig. 2). This allows to transfer features learned
by the pLM to any downstream ( prediction) task
requiring numerical protein representations (i.e.,
transfer learning) (Fig. 2; Step 2). In fact, the so-
called EvoFormer in AlphaFold2 that extracts in-
formation from an MSA is a modified version of
the pLM-based solution learning directly from
MSAs, namely, the MSA-Transformer (Rao et al.
2021). However, instead of pretraining on large,

Step 1: Pretraining (self-supervised) Step 2: Feature extraction (supervised training)
K—
= 20/3D: [[Distance’] [INCATHIT Out
2-5+B 1D:| SecStr || Acc || Dlsorder | T
In  SEQWENCE gf _ _
2 @« f CNN Y]
= P E 3 T | 1
TRANSFOF/(MEH?“ ) 1024 1024 1024 1024 1024
¥ ‘e y I OO O 3 L
Out SEKVINSE ~ Embeddings - 1
(e_g_! PI’OtT5) oo ':“ -« S E Q W z Z 1024,-
~_ T . /) i=1
N ra‘nSfe" Igarning , Per-residue Per-protein
_____ Tt (per token) (pooling)

Figure 2. Embeddings from protein language model (pLM) for transfer learning. The sketch illustrates generic
pLMs. Step 1 (left): pictures the self-supervised learning of the context of protein sequences from training on very
large sequence databases (e.g., ProtT5 [Elnaggar et al. 2021] required BFD [Steinegger et al. 2019] with 2.5 billion
sequences). Large transformer models (ProtT5 has 3 billion connections, Ankh 1.7b,and ESM2 15b) inputting and
outputting the same sequences, learn the grammar of life (i.e., implicitly extract the rules underlying the generation
of known protein sequences). This extracted information is contained in the hidden layers of the transformers,
which can be extracted in the form of vector representations, so-called embeddings. In Step 2 (right): the embed-
dings are used as exclusive input for subsequent artificial intelligence (AI) trained in supervised manner on
different tasks (e.g., per-residue prediction of secondary structure, accessibility, disorder, binding residues, or
per-protein prediction of subcellularlocation or CATH numbers). Step 2is considered transfer learningbecause the
grammar implicitly extracted from sequences in Step 1 is transferred to increase the efficiency and success of Step 2.
The number of units of thelasthidden layers differs between pLMs (e.g., ProtT5) describes each residue (amino acid
position) by a vector of 1024 dimensions. Therefore, the subsequent prediction method (here assumed to be a
convolutional neural network, CNN) will use 1024 input units for each residue (i.e., L*1024 for a protein with L
residues). The simplest way to condense this information for problems that require per-protein rather than per-
residue predictions (e.g., per-residue: three-dimensional [3D] structure coordinate, per-protein: structural class
such as CATH [Sillitoe et al. 2021; Nallapareddy et al. 2023]) is to average over each dimension). Although this
resembles the concept of amino acid composition, which is well known to be informative of protein function, itisa
priori not evident that such a crude average carries any meaningful description of protein features. In addition to
per-residue (raw embeddings learned by pLM) and per-protein (pooling/averaging) embeddings, transformers
also learn so-called Attention Heads (e.g., 732 for ProtT5) reflecting the importance (attention) from the entire
protein onto a particular residue i. The latter is crucial when using embeddings to predict 2D and 3D structures
(Weissenow et al. 2022a,b).
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unlabeled data and transferring the resulting
knowledge, the EvoFormer is only trained on the
orders of magnitude smaller butlabeled structure-
prediction data set. Yet, the task of reconstructing
masked amino acids from unmasked context,
which is usually used to pretrain pLMs, was also
used as part of AlphaFold?2 training.

Generic pLMs benefit from the transformer
technology (Vaswani et al. 2017), which uses
large neural networks to recover masked-out
amino acids from the context of the entire input
sequence. Several aspects seem crucial after 3
years of experience with the tool. Firstly, we
need to begin with a very large sequence database
(Elnaggar et al. 2022). UniProt (The UniProt
Consortium 2021), with more than 220 million
sequences, clearly outperforms Swiss-Prot (cu-
rated fraction of UniProt) and for some aspects
the 10-fold larger BFD (Steinegger et al. 2019)
mightbe needed. This implies that directly build-
ing generic pLMs from minute subsets such as
Homo sapiens or eukaryotes, at this point, con-
stitute a rather bad idea unless such specializa-
tions are used to refine existing models. Secondly,
solving the task of optimally recovering the se-
quence from the masked version appears another
ill-advised objective (Heinzinger et al. 2019; El-
naggar et al. 2022). After all, the number of pre-
training tokens outweighs the number of model
parameters usually by orders of magnitude,
which prevents the model from learning a perfect
reconstruction but instead forces the model to
learn some compression of the input. This, in
fact, implies that training pLMs is a task relatively
free of the typical challenge for AI, namely, over-
training or overfitting. Instead, pLMs are opti-
mized to detect, combine, and compress reoccur-
ring patterns in the input, which is an optimal
starting point for a variety of transfer learning
tasks (Fig. 2B), and this objective cannot easily
be summarized by any reasonable single number
(Heinzinger et al. 2019; Elnaggar et al. 2022,
2023). The emphasis here is on reasonable: while
there are many nonsense averages, a solution suc-
cessfully processing different prediction tasks re-
mains wanted. This strategy optimizes the gener-
ic usefulness of embeddings from pLMs, thereby
also considering the aspect of energy consump-
tion: Training pLMs is extremely resource-inten-

sive (Heinzinger et al. 2019; Elnaggar et al. 2022,
2023; Lin etal.2023), with the latest versions even
needing the new Google TPUs (Elnaggar et al.
2023). This investment appears justified if and
only if the resulting pLMs are sufficiently generic
to serve for a large diversity of transfer learning
solutions.

Successful transfer solutions exist for diverse
aspects of protein prediction (Fig. 2) ranging from
3D structure (Rao et al. 2020; Bhattacharya et al.
2021; Chowdhury et al. 2022; Wang et al. 2022;
Weissenow et al. 2022a,b; Wu et al. 2022; Lin
et al. 2023), transmembrane regions (Bernhofer
and Rost 2022; Hallgren et al. 2022), and intrin-
sically disordered regions (IDR/IDP) (Ilzhoefer
et al. 2022) to various aspects of function (Litt-
mann et al. 2021a; Stark et al. 2021; Villegas-Mor-
cillo et al. 2021; Bileschi et al. 2022; Heinzinger
et al. 2022; Nallapareddy et al. 2023). Distance in
embedding space correlates more with protein
function than with sequence similarity (Littmann
etal. 2021a) and can help with clustering proteins
into families (Littmann et al. 2021a; Bileschi et al.
2022; Heinzinger et al. 2022).

Embedding-Based Outperform MSA-Based
Predictions

Using embeddings from pLMs instead of EI from
MSAs simplifies and speeds up protein predic-
tion. For several tasks, including the prediction of
secondary structure (Elnaggar et al. 2022, 2023),
transmembrane helices and strands (Bernhofer
and Rost 2022; Hallgren et al. 2022), signal pep-
tides (Teufel et al. 2022), subcellular location
(Starketal. 2021), or binding residues (Littmann
et al. 2021b). The latter might be the most im-
pressive example for the concept of transfer
learning: the reliable experimental data about
binding continues to be so sparse that machine
learning cannot easily manage the complexity of
the problem. The result is that solutions require
models with minimal input information (e.g.,
neural networks with fewer than 20 input units).
Using embeddings from pLMs allows for scaling
up two orders of magnitude, simply because the
embeddings are extremely informative (Litt-
mann et al. 2021b).
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Despite substantial effort, 2 years after the
firstintroduction of AlphaFold2, no method out-
performs this remarkable solution despite ample
reengineering attempts. What about embed-
ding-based methods? In fact, the first pLMs have
not even been able to reach the level of perfor-
mance of the previous state-of-the-art (SOTA)
reached by, for example, AlphaFoldl (Senior
et al. 2020) or Raptor-X (Wang et al. 2016); in-
stead it required the more advanced transformers
to reach parity (Weissenow et al. 2022a). Howev-
er, even the better pLM-based methods, such as
ESMFold (Lin et al. 2022), still remain substan-
tially below AlphaFold2 (and below other solu-
tions reengineering that solution such as Rose-
TTAFold; Baek et al. 2021). For the time being,
it remains unclear whether or not future pLMs
might leap above the AlphaFold2 mark.

If you wanted to apply pLM:s to your predic-
tion task, how to know whether it will work?
Although we have no comprehensive answer, a
few empirical observations might help. (1) As-
sume that you try to predict a feature with too
little reliable data for the complexity of the task.
The odds are good that embeddings might help
(e.g., prediction of binding residues) (Littmann
et al. 2021b), unless existing methods are ex-
tremely complex and optimized for this particu-
lar task. For instance, impressively complex so-
lutions predict intrinsically disordered regions
(Del Conte et al. 2023). Similarly, transmem-
brane helices, signal peptides, and subcellular lo-
cation are predicted by well-tuned methods. In
all of these cases, however, there are pLM-based
solutions that reach or outperform the SOTA af-
ter some additional adjustments (Stark et al.
2021; Bernhofer and Rost 2022; Hallgren et al.
2022; Ilzhoefer et al. 2022; Teufel et al. 2022).
Predicting the effect of sequence variation is an
example for lack of data for which advanced
MSA-based methods still tend to have the upper
hand. (2) Conversely, for tasks for which ample
data exist (e.g., the prediction of protein inter-
residue distances [2D structure] or actual 3D
structure), solutions using very informative
MSAs clearly dominate (although when input-
ting single sequence rather than MSAs Alpha-
Fold2 is outperformed by pLM-based solutions;
Lin et al. 2022; Weissenow et al. 2022b; Wu et al.
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2022). However, the same is not true for the
much simpler secondary structure prediction
for which rich, informative MSAs also yield
much better results, but for which pLM-based
predictions appear to approach the ultimate pos-
sible. The reason why 1D secondary structure
and 2D interresidue distances or 3D coordinates
behave so differently remains unknown. Inlieu of
knowledge, we might speculate two possible an-
swers: (1) saturation effect: secondary structure
prediction might be closer to the top level of per-
formance possible, namely, the “experimental
error” than 3D prediction, or (2) simplicity: pos-
sibly pLMs condense less information than
MSAs and advanced modules in AlphaFold2
might turn any additional information into bet-
ter predictions.

Protein-Specific Rather than Family-Averaged
Predictions

One technical aspect of pLM-based prediction
methodsisthattheydonotneed MSAs. Thishas
two advantages. Firstly, with growing databases
MSA generation requires resources. Although
MMseqs2 (Mirdita et al. 2019) as used for Co-
labFold (Mirdita et al. 2022) is now so fast that
this hardly matters in everyday applications
(Bernhofer et al. 2021). Secondly, for some pro-
teins, such as intrinsically disordered proteins
(Dunker et al. 2013) or the dark proteome (Per-
digao et al. 2015) MSA generation becomes
problematic. Possibly more substantial, howev-
er, is another advantage: pLM-based methods
enable protein-specific rather than family-aver-
aged predictions. For instance, this permits to
predict the effects of sequence variation upon
function (Meier etal. 2021; Marquet et al. 2022;
Dunham et al. 2023). Unfortunately, solutions
predicting the effects upon structure appear to
be largely confined to signals captured by the
transformers rather than by the differential
structure prediction (Weissenow et al. 2022a,
b). Even a feature as intricately linked to EI as
the “conservation” within a family can be pre-
dicted surprisingly well by rather simplistic
convolution neural networks (Marquet et al.
2022). Does this imply that pLMs have captured
evolutionary information? Although we have
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collectedampleindirect evidence pointingtoan
affirmative answer (K Erckert and B Rost, un-
publ.), we continue to doubt this to be the case.
One reason for this is that pLMs are apparently
extremely sensitive to differential data sets: A
difference of less than an order of magnitude
between the least (cysteine) and most frequent
amino acid (leucine) leads to a substantially
poorer resolution of cysteine. In contrast, the
“dilution” of family relations is at least five or-
ders of magnitude smaller: large families have
<10* members, BFD holds >10° proteins (i.e.,
the difference between the number of related
(same family) and unrelated (different family)
sequences any protein will pick up exceeds 10°.
Although not impossible, this is unlikely to be
picked up by today’s pLMs. If so, why do they
capture information relevant to predict family
conservation? Most likely because the grammar
of the language of life as written in proteins is
coined by the same constraints written into the
conservation profiles reflected by MSAs. In oth-
er words, both pLMs and MSAs capture aspects
of the grammar, one due to biophysical con-
straints imprinted into sequences, the other
due to constraints regulating what is observed
—in MSAs—and what is not.

Beginning of the End for Alignment Methods?

Leveraging the sparse experimental annotations
available 70 years ago, methods comparing pro-
tein sequences (Schwartz and Dayhoff 1978;
Smith and Waterman 1981) have arguably been
at the center of development for the field of com-
putational biology since its existence. Although
protein sequence databases have been growing
faster than the speed at which computers can
cope with this wealth of data since the mid-
1990s, blazingly fast solutions such as MMseqs2
(Mirdita etal. 2019) have succeeded in staying on
top of the seemingly lost challenge through find-
ing shortcuts with acceptable performance loss
for most users. In fact, MMseqs2 is even able to
cope with challenges amounting to Gargantuan
tasks such as the more than 3.1 quintillion (2.5 x
1.25 x 10'®) pair comparisons required foran all-
on-all of BFD (Steinegger et al. 2019). However,
except for requiring resources, sequence com-

parisons have been limited by the simple as-
sumption that the alignment at positions i and j
are statistically independent of each other. It con-
tinues to be stunning how successful an entire
field can become even when built upon such a
blatantly incorrect assumption. The only ap-
proach surmounting this problem, the Genetic
Algorithm-based T-Coffee (Notredame et al.
2000), was already too slow for comparing to
entire databases 20 years ago. The advent of
pLMs offers another stab at this problem: if we
could replace sequence comparisons by the gen-
eralized sequences generated by embeddings, we
might be able to capture correlations between
residues 7 and j. In its simplest implementation
of per-protein comparisons, this approach in-
deed works very well to predict GeneOntology
(GO) numbers (Littmann et al. 2021a), Pfam
families (Bileschi et al. 2022), and CATH num-
bers (Heinzinger et al. 2022; Nallapareddy et al.
2023), ultimately, because similarity in embed-
ding space is more informative for inferring sim-
ilarity in function than the similarity in sequence
space (Littmann et al. 2021a). Existing embed-
ding-based protein comparisons also benefit
from immense speed: by describing the protein
as one average number (e.g., with 1024 dimen-
sions for ProtT5), they project the task of com-
parison to a simple vector product. To picture the
power of embeddings, justimagine you wanted to
compare two proteins based on their 20D vectors
of amino acid composition: clearly not sufficient
to distinguish between two proteins with similar
GO numbers from among hundreds of thou-
sands! The devil in the details is that most pro-
teins have more than one domain, and as many
have three or more than that (Liu and Rost 2002).
As long as we use a per-protein average embed-
ding, we will not succeed in capturing domain
similarities unless we base the comparison on
domains such as those described by Pfam and
CATH (Schiitze et al. 2022). When comparing
multidomain full-length proteins, we need to re-
fine by actually comparing k-mers of per-residue
embeddings between pairs of proteins (Schiitze
et al. 2022). Although this is both possible and
successful, it comes with an overhead in runtime,
and for the timebeing the costs seem not to justify
the gain (Schiitze et al. 2022). This result brings
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up another issue: so far, due to limitations in
resources, generic pLMs have largely been built
upon the software tools developed for NLP (i.e.,
the LMs). Ultimately, LMs will become available
for handheld telephones. At that point, pLMs
might retire traditional protein alignment
methods.

CONCLUSIONS

Inthe firstapproximation, AlphaFold2 solved the
protein 3D structure prediction through a com-
bination of advanced AI with advanced EI from
MSAs generated from ever-growing protein se-
quence databases. Combining AI and EI as it
peaked in AlphaFold2 has been the winning
card foralmost three decades (Fig. 1). The Alpha-
Fold2leap that could not have been realized more
than 5 years ago has already spawned a flurry of
important new developments. One of those,
Foldseek, enables extremely reliable and fast
comparison of millions of predicted or observed
protein 3D structures. This tool immensely in-
creases the value of databases with hundreds of
millions of accurate 3D predictions from Alpha-
Fold2 (AlphaFoldDB) or ESMFold, and it might
do more than any other solution to complement
(or even replace at some point) the tools for pro-
tein sequence comparisons (alignment meth-
ods) upon which Foldseek is based. Another
equally explosive and orthogonal development
has been the introduction and rapid improve-
ment of pLMs (Fig. 2). Through successful trans-
fer learning (Fig. 2) that leverages information
from unannotated protein sequences to help in
learning from (even very little) experimental
data, these tools begin to replace MSAs and
open the age of making protein-specific trump
family-averaged predictions. The combination
of those two revolutions from successful 3D pre-
diction and pLMs begins to spawn successful
protein design beyond what was possible before
and will help fictive Dr. Elena to solve real-world
problems that we are already facing today.
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