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ABSTRACT

Detecting remote homology with speed and sensitivity is crucial for tasks like
function annotation and structure prediction. We introduce a novel approach using
contrastive learning to convert protein language model embeddings into a new
20-letter alphabet, TEA, enabling highly efficient large-scale protein homology
searches. Searching with our alphabet performs on par with and complements
structure-based methods without requiring any structural information, and with the
speed of sequence search. Ultimately, we bring the exciting advances in protein
language model representation learning to the plethora of sequence bioinformatics
algorithms developed over the past century, offering a powerful new tool for
biological discovery.

1 INTRODUCTION

Protein sequence alignment has been a cornerstone of bioinformatics for decades, with its use
growing significantly alongside expanding databases and deep learning advances in structure and
function prediction (Steinegger & Söding, 2017; Kallenborn et al., 2025; Jumper et al., 2021; Mirdita
et al., 2022). Methods like BLAST (Altschul et al., 1990) (Basic Local Alignment Search Tool)
revolutionised database searching by using heuristics to find regions of local similarity, offering a
fast, albeit less sensitive, alternative to exhaustive dynamic programming algorithms. Tools like
MMseqs2 (Steinegger & Söding, 2017) (Many-against-Many sequence searching) led to further
massive speed improvements by introducing highly efficient indexing techniques and k-mer matching
strategies to accelerate the initial search phase, making it possible to compare sequences against
massive protein databases in minutes. The increasing availability of GPUs has also played a role in
optimisations, with MMseqs2-GPU (Kallenborn et al., 2025) now achieving high speeds without the
need for k-mer matching. However, sensitivity remains a critical objective in sequence comparison,
serving two essential roles. High sensitivity is necessary not only for finding distant evolutionary
relationships when close homologs are scarce, but also for aiding protein modelling efforts based on
Multiple Sequence Alignments (MSAs). As demonstrated across numerous studies, more sensitive
profile-based MSAs (e.g using JackHMMER (Finn et al., 2011; Johnson et al., 2010)), and in general
increasing the depth of an MSA can lead to the construction of significantly better predicted structures
(Odai et al., 2025; Zheng et al., 2024; Kim et al., 2025). Naturally, these more sensitive search
strategies incur a higher cost in computational time, presenting a persistent trade-off between speed
and depth of search.

Simultaneously, the recent years of access to unprecedented amounts of high quality predicted
structures by methods such as AlphaFold2 (Jumper et al., 2021) has accelerated innovation. The fact
that protein structure is more conserved than sequence has driven efforts to incorporate structural
information into sequence comparison frameworks. For example, Foldseek uses a structure-based
alphabet called 3Di (Three-Dimensional Interaction) in a fast and sensitive sequence alignment
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approach to detect remote homology between sequences with similar folds (Van Kempen et al., 2024).
More recent works such as ESM3 (Hayes et al., 2025) and FoldToken (Gao et al., 2025) have also used
structural tokenization, but these typically create thousands to hundreds of thousands of tokens with
the aim of faithful structure reconstruction, too sparse to use in sequence comparison frameworks.
However, most sequence databases lack corresponding high-confidence structural models. For
instance, billions of protein sequences are available in databases like UniProt (Consortium, 2019),
MGnify (Richardson et al., 2023) and now LOGAN (Chikhi et al., 2024). In contrast, far fewer
experimentally determined protein structures exist in the PDB (Burley et al., 2017). While predicted
structure databases like the AlphaFold Database (AFDB) (Varadi et al., 2024) and the ESM Atlas
(Lin et al., 2023) help close this gap, a large fraction of their residues are structurally repetitive or
have low confidence. In addition, storing and searching databases of millions of predicted structures
requires significant resources and compute. This disparity limits the applicability of structure-based
methods across the full breadth of sequence space. Furthermore, structural comparison is suboptimal
for rapidly evolving proteins with poor predictions and for proteins with extensive disordered regions
that complicate structural alignment.

In parallel, protein language models (pLMs) have emerged (Elnaggar et al., 2021; Brandes et al.,
2022; Lin et al., 2023), excelling at remote homology detection by generating high-dimensional
embeddings that capture complex evolutionary and structural information. The power of these models
lies in representation learning: their ability to compress the vast sequence space into dense, numerical
vectors (embeddings) where evolutionary and functional relationships are represented. Recently,
pLM embeddings have been directly harnessed for remote homology detection. This includes using
sequence-level aggregated representations for fast comparison, such as in ProtTucker (Heinzinger
et al., 2022) and TM-vec (Hamamsy et al., 2024), where the distance between two sequence embed-
dings is used as a proxy for evolutionary distance. Other methods, such as EBA (Pantolini et al., 2024)
(Embedding-Based Alignment) and pLM-BLAST (Kaminski et al., 2023) leverage the per-residue
embeddings to generate sequence alignments. While aligning these continuous representations at
the residue-level is highly sensitive, it is no match to the speed and scalability of discrete sequence
alignment.

Here, we trained a shallow neural network to discretise pLM embeddings, generating a new 20-letter
alphabet, TEA (The Embedded Alphabet), to express protein sequences. Our new alphabet retains
the exceptional remote homology detection of pLMs while enabling large-scale comparisons using
highly optimised alignment tools like MMseqs2. It performs on par with structure-based approaches
and complements them in cases where structural data is suboptimal. Furthermore, TEA provides a
confidence metric, offering a valuable estimate of prediction reliability for downstream analysis.

2 RESULTS

2.1 REWRITING THE LANGUAGE OF LIFE WITH CONTRASTIVE LEARNING

Embedding discretisation can be achieved in various ways. A straightforward approach involves
predicting a probability vector, sized to the desired alphabet, and then converting it to the character
with maximum probability. This method naturally aligns with the typical training objective of protein
language models (pLMs), which often reconstruct protein sequences from embeddings by predicting
token probability distributions (including amino acids). However, by modifying the training objective,
we can learn a new representation that forces alignment of residues onto the same characters, thereby
enabling the comparison of remote homologs.

To achieve this, we trained a shallow discretisation head (depicted in Figure 1A) to convert pLM
embeddings into logit representations, and subsequently character probabilities, which are then
transformed into discrete characters. This head was trained using a contrastive learning objective
designed to force similar character probabilities for structurally aligning residues from homologs,
while pushing dissimilar probability vectors for non-aligning residues. As described in Figure 1A,
we created residue triplets from structurally aligning residues: an anchor, a positive (the anchor’s
structurally aligning counterpart), and a negative (a randomly selected residue from a 5-residue
window around the aligning position). We also incorporated losses favouring a uniform character
distribution, and low Shannon entropy across the predicted probabilities. The training paradigm is
described fully in Section A.2. This training forces the network to produce characters that result in
higher sequence identity for residues sharing similar structural characteristics, producing an alphabet

2



Published at LMRL Workshop at ICLR 2026

Figure 1: Model and training. A) Overview of the model architecture and training regimen. B)
Sequence identities derived from 24,814 structural alignments (max. 100 per superfamily) of proteins
in the same SCOPe family having sequence identity <40%, for amino acids and TEA converted
sequences. TEA CV represents a 4-fold cross-validation across SCOPe40 folds described in Section
A.1.1, where sequence identities are reported for the alignments from the held-out fold. C) A Sankey
diagram depicting the distributions and comparisons of (1) TEA characters, (2) DSSP secondary
structure labels, and 3) 3Di characters for 15,128 proteins from SCOPe40 and 10,000 proteins from
AFDB with average pLDDT>90. D) A Sankey diagram depicting the distributions and comparisons
of (1) TEA characters, (2) AFDB pLDDT, and 3) 3Di characters for 40,000 proteins from AFDB with
10,000 from each pLDDT bin.

that enables comparison of remote homologs. As shown in Figure 1B, while the pairwise amino
acid sequence identity of SCOPe40 alignments is low, the TEA sequence identity is much higher.
This holds true even for entire protein folds not included in the training set, demonstrating the
generalisability of our alphabet to sequences and folds not seen by our model.

Given the similarity in approach of discretising continuous data into a 20-letter alphabet, we sought
to ascertain whether we learn similar patterns as the 20 characters representing the 3Di alphabet
underlying Foldseek, built by vector quantization of protein structural information (Van Kempen
et al., 2024). TEA characters correlate strongly with secondary structure annotations (Figure 1C rows
1 and 2)1. 3Di, like TEA, also has heavy association with secondary structural elements (Figure 1C
rows 2 and 3) but differs in terms of distribution and numbers of characters assigned to the different
elements. In fact, a majority of residues in helices are assigned to the 3Di-v and loops to 3Di-d, which
are known to be overrepresented in larger datasets (Heinzinger et al., 2024), while multiple letters
in TEA all represent helices (A, W, H, C, G etc.), sheets (P, Q, K, etc.) and loops (T, F, M etc.). As
shown in Figure 1D (rows 2 and 3), 3Di by definition relies on the quality of the underlying structural
data used for construction with most low pLDDT residues manifesting as disordered loops and thus
mapping to 3Di-d (54%). Meanwhile, TEA characters are more uniformly spread Figure 1D (rows 1
and 2), with only 29% of low pLDDT residues mapping to T, F, and M. Some examples of common
fully conserved TEA motifs of length 17 are illustrated in Supplementary Figure 5. These motifs are
well-conserved in secondary structural elements despite low conservation at the amino acid level,
and the motifs themselves range from being found across different protein folds to only being found
within a certain protein family. This highlights a promising opportunity for motif discovery to detect
structural or functional similarities.

1TEA characters are shown in italics and 3Di in lowercase; the amino acid letters are used for depiction
purposes but no direct amino acid correspondence is expected for either alphabet.
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2.2 TEA SEARCHES REACH STRUCTURAL ACCURACY AT A FRACTION OF THE COST

We benchmarked our alphabet’s remote homology and structural similarity detection performance
using the SCOPe40 and multi-domain benchmarks from the Foldseek paper (Van Kempen et al.,
2024). We used MMseqs2 with sequences converted to our TEA alphabet and a custom substitution
matrix (see Section A.3). As shown in Supplementary Figure 7, and in contrast to the BLOSUM
matrix, many off-diagonal elements of the TEA substitution matrix are highly negative, indicating
orthogonal characters. As each of the three alphabets, amino acid (AA), 3Di, and TEA come with their
own associated substitution matrix, the substitution scores can be combined during the alignment
stage to potentially boost performance (see Section A.4 for implementation details).

Figure 2: TEA reaches similar sensitivities as structural aligners. A) Cumulative distributions of
sensitivity for homology detection on the SCOPe40 database of single-domain structures. TPs are
matches within the same family; FPs are matches between different folds. Sensitivity is the area under
the ROC curve up to the first FP. B) Same as A with TPs as matches within the same superfamily.
C) Sum of cross-validation AUCs of family and superfamily curves (mean and confidence intervals)
for various model ablations (see Section A.2.1), with the AUC for 3Di (sensitive) and Foldseek
shown as yellow and orange dotted lines respectively. CV results in A-C are shown only for held-out
SCOPe folds. D) Sum of family and superfamily curve AUCs shown for models trained with different
alphabet sizes. The final 20-character TEA model is indicated with dotted lines. E) Search sensitivity
of one hundred queries against 56,574 multi-domain, full-length AlphaFold2 protein models. Per-
residue query coverage (y axis) is the fraction of residues covered by at least x (x axis) TP matches
(LDDT > 0.6) ranked before the first FP match (LDDT < 0.25). F) Alignment quality for alignments
from E, averaged over the top five matches of each of the 100 queries. Sensitivity = TP residues in
alignment/query length; precision = TP residues/alignment length.

As Figure 2A-B shows, TEA (purple circles) achieves sensitivity comparable to Foldseek (Van Kempen
et al., 2024) (orange crosses) and raw embedding-based alignment (Pantolini et al., 2024) (green
triangles) for detecting relationships at both family and superfamily level. MMseqs2 and Foldseek
employ a sophisticated similar k-mer generation technique by default, enabling sensitive searches at
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the expense of speed. Using exact k-mer matching instead causes a drastic decrease in performance
when running MMseqs2 with the 3Di alphabet and substitution matrix (yellow diamonds, solid
vs. dashed lines). Conversely, TEA yields identical performance in both exact and sensitive modes
(purple circles), and reaches structure-level sensitivity with exact k-mer matching, underscoring
the intrinsic representation power of the alphabet. Supplementary Figure 6 shows the performance
of an exhaustive all vs. all alignment without any pre-filtering step for different alphabets and
combinations of alphabets. The performances of 3Di (yellow diamonds), 3Di+AA (light yellow
pentagons) and Foldseek (orange crosses) clearly demonstrate that amino acid integration and further
ranking optimisations are all crucial for Foldseek performance. Foldseek ranking optimisations
include, for example, compositional bias correction and reverse bit score addition to suppress FP
alignments, and multiplying the bit score with alignment LDDT and TM-score to obtain a structural
bit score for ranking (Van Kempen et al., 2024). While the latter requires structures, the former
FP-suppression measures could similarly further boost TEA performance.

Overall, TEA achieves Foldseek-level performance with exact k-mer matching mode, and without any
alphabet combinations or ranking optimisations, thus delivering results with faster algorithms than
typical amino acid searches at structure-level sensitivity (see Supplementary Table 2). Furthermore,
the results from a 4-fold SCOPe fold-level cross-validation (in gray) confirm that TEA remains
competitive with structure-based searches even on unseen protein folds. Excitingly, the combination
of 3Di with TEA (light purple diamonds in Figure 2A) performs better than either individually,
pointing to complementarity between the two representations. We leave the development of search
tools making use of such combinations and further ranking optimisations for future work. In all search
results reported from this point, unless otherwise specified, TEA is run with exact k-mer matching
mode. We justify our model and training choices through ablations run on the 4-fold SCOPe fold CV,
with results depicted in Figure 2C and described in detail in Section A.2.1.

Moving beyond single domain proteins, Figure 2E-F presents search sensitivity and alignment quality
results for full-length multi-domain AFDB proteins. To avoid predicted disorder, we restricted the
dataset to proteins with an average pLDDT > 90. All assessments were reference-free, based solely
on the LDDT of the resulting alignments. Across both benchmarks, TEA demonstrates accuracy
similar to Foldseek, and much higher than MMseqs2 using the standard amino acid alphabet.

To enable using TEA as a search service with meaningful E-values, we developed STEAM (Search
with TEA against Many) which combines TEA and amino acid substitution scores during alignment
and outputs E-values using a log-linear model as described in Edgar & Sahakyan (2025) (see Section
A.6 for details). We developed a webserver (https://pickybinders.org/tea) for multi-
database searches, further described in Section A.7.

2.3 ENTROPY AS A MEASURE OF CONFIDENCE AND STRUCTURE PREDICTION

Associating predictions with reliable measures of confidence is very important, especially when
using methods that are difficult to interpret, such as neural networks. A successful example is
predicted LDDT (pLDDT), a metric provided by modern protein structure prediction methods like
AlphaFold2/3 (Jumper et al., 2021; Abramson et al., 2024) and ESMFold (Lin et al., 2023). The
pLDDT score estimates the local distance difference test (LDDT) (Mariani et al., 2013) of a predicted
model against a hypothetical ground truth, providing a per-residue confidence score. Previous
research has shown that pLDDT can correlate both with the inability of the neural network to model
the structure or with the presence of intrinsically disordered regions (Piovesan et al., 2022).

While we did not explicitly train a confidence predictor, the normalised Shannon entropy (Equation
2 in Section A.2) associated with our model’s probability vectors can be interpreted as a measure
of its certainty about a specific character. We therefore explored the normalized Shannon entropy
of a probability vector as uncertainty at residue level and the average of the per-position entropies
as uncertainty at sequence level. We observe that average entropy correlates inversely with search
sensitivity in the SCOPe40 benchmark (Figure 3A), establishing it as a useful confidence measure
for search results. Specifically, sequences with average entropy below 0.25 (n=2,729) achieved an
average sensitivity of 0.81 ± 0.29, whereas all sequences above this threshold (n=32) have zero
sensitivity. In general, cases with low entropy (i.e. high confidence) but also low family sensitivity
are typically difficult for both our method and Foldseek (Figure 3A bottom left, white), indicating
that they represent challenging relationships for this benchmark.
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We also observed a significant correlation between TEA entropy and ESMFold pLDDT. Figure 3B
shows the entropy distribution for residues from different pLDDT bins. We note that while the
correlation trend is clear, many low pLDDT residues have low entropy, indicating that predicted
disordered regions within otherwise high-confidence proteins are still consistently represented by
our alphabet. Interestingly, we observed a strong correlation between average entropy and average
pLDDT with a Spearman correlation of -0.823 to the maximum of AlphaFold and ESMFold pLDDT
for the proteins in the 40k-pLDDT set (see Section A.8). In Figure 3C-D, we show that entropy very
often captures structural uncertainty, with high pLDDT proteins having low entropy (Figure 3C) and
low pLDDT proteins having high entropy (Figure 3D). However, TEA is not limited to the accuracy
of, for example, ESMFold which also uses pLM embeddings for structure prediction. We showcase
two examples of such outliers with low TEA entropy in Supplementary Figure 8: the first case where
the ESMFold pLDDT is low but AlphaFold pLDDT is high and second where the AlphaFold pLDDT
is low and ESMFold pLDDT is high. In both cases, TEA search results against AFDB Clusters
(Barrio-Hernandez et al., 2023) and the PDB (Burley et al., 2017) demonstrate that the TEA sequence
represents the higher pLDDT structure. This suggests that our alphabet can confidently and accurately
model structural features even when structure prediction methods are unconfident.

Figure 3: Entropy as a measure of confidence. A) Average TEA entropy vs. TEA family sensitivity
up to the first FP from the SCOPe40 benchmark for all proteins from families of size 3 or more,
coloured by the respective Foldseek family sensitivity. Points with family sensitivity of 0 and 1 have
a small amount of jitter below 0 and above 1 respectively for visibility. B) Residue-level ESMFold
pLDDT (binned) vs. residue-level TEA entropy for 40,000 residues from each pLDDT bin obtained
from the 40k-pLDDT set (see Section A.8). C) Average TEA entropy vs. average ESMFold pLDDT
for 10,000 proteins where the corresponding average AlphaFold pLDDT is over 90. D) Same as C
but for 10,000 proteins where the average AlphaFold pLDDT is less than 50. Points labelled 1 and 2
are described further in Supplementary Figure 8.

2.4 IMPROVING FUNCTIONAL ANNOTATION WITH REMOTE CONNECTIONS BEYOND
ALPHAFOLD2

Recently Foldseek was used to create the impactful AFDB Clusters dataset (Barrio-Hernandez et al.,
2023), which groups over 200 million proteins from AFDB into 15.3 million non-fragment clusters.
However, only 2.3 million of these clusters have more than one entry - the remaining 13 million are
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Figure 4: Remote homology in structural singletons. A) pLDDT vs.TEA entropy for all 15.3
million AFDB cluster representatives. The chosen entropy threshold is shown as a dashed red
line. B) The total number of found hits at >50% TEA sequence identity and >90% coverage when
searching singletons against all representatives (both with entropy <0.25), the number/percentage of
hits where either query and target have annotations in InterPro (Blum et al., 2025), where both have
annotations, and where at least one annotation matches between the two. Percentages reported are
always with respect to the previous count. C-E) Examples of singletons and their closest found cluster
representative, missed by Foldseek. C) Proteins with mainly helix content D) Proteins with disordered
regions. E) Proteins with low-confidence AlphaFold2 models. Note that for A0A2A5DMZ8, the
ESMFold (Lin et al., 2023) model (shown in green) is a β-barrel with <3Å RMSD to the AFDB
model of the closest hit, supporting the structural similarity suggested by TEA.

singletons. We used TEA to connect these singletons to cluster representatives where possible. We
used an average entropy threshold of <0.25 to select proteins where our alphabet would provide
confident results (Figure 4A). This procedure filtered the dataset to 1.86 million representatives
(81%) and only 5.24 million singletons (40%), indicating that many singletons are structurally and
evolutionarily ambiguous both to Foldseek and pLMs, potentially pointing towards sequencing errors
and protein fragments.

Searching with TEA with a 90% coverage threshold (as used in the original AFDB clustering) and
50% TEA sequence identity threshold successfully found over 14 million hits for over 1.5 million
singletons. Of these new connections, 35% had InterPro annotations for both query and target, and
93% of those annotations matched exactly (Figure 4B), demonstrating the high accuracy of our hits.
Excitingly, over 2.7 million hits have either query or target annotated, but not the other, pinpointing
cases where functional annotation transfer could be performed. Figure 4C-E shows examples of
newly connected singletons and their closest cluster representatives, all of which have exact InterPro
matches. These examples highlight three common use cases where our method is effective: (1)
proteins with mainly helix content, where Foldseek often struggles to find meaningful structural
matches due to the over-representation of 3Di-v (see Figure 1C), but the underlying sequences and
embeddings still show detectable structural homology (panel C), (2) proteins with disordered regions
which cause shorter structural alignments failing the 90% coverage threshold (panel D), and (3)
incorrectly modelled proteins where a structural search would fail (panel E). In the latter case, a
comparable structure could be produced with ESMFold (Lin et al., 2023).

In summary, TEA generates highly relevant and complementary comparisons to structure-based
methods while requiring minimal computational resources (<800 MB storage for >10 mil. sequences,
44 h for 35 mil. comparisons with 64 cores and 64 GB RAM). This proof of concept demonstrates
that TEA similarities could be used with appropriate coverage and identity thresholds, perhaps
even in combination with sequence and structure similarities, to recreate clustering efforts such
as AFDB Clusters (Barrio-Hernandez et al., 2023) and UniProt3D (Durairaj et al., 2023) from a
novel perspective, bringing new functional connections and discoveries to both domain-level and
protein-level analyses.
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3 DISCUSSION

We developed a new alphabet derived from protein language models that allows the identification of
remote homologs with performance comparable to structure-based methods.

TEA offers several key advantages over existing protein sequence representations. As with standard
amino acids, highly optimized and efficient sequence tools such as MMseqs2 can be applied, but,
unlike amino acids, it facilitates the identification of remote structural homologs. Moreover, in con-
trast to structure descriptors like Foldseek’s 3Di, our method requires no prior structural information,
provides a built-in confidence measure via entropy, and ultimately complements structural representa-
tions by being more effective at comparing predicted disordered and repetitive regions. While we
have shown that our alphabet works seamlessly with established sequence tools, further optimisations
could improve ranking reliability. Additionally, it would be an exciting opportunity to test dedicated
profile generation tools, such as HMMER (Finn et al., 2011), with TEA sequences. This would
determine if the condensed and information-rich representation of our alphabet provides a significant
boost to profile quality and coverage, or if this structural-evolutionary information is already fully
captured by the alphabet’s inherent capabilities. Such TEA-HMMs could also be useful for domain
segmentation, providing a complementary alternative to approaches such as CATH (Sillitoe et al.,
2021) and TED (Lau et al., 2024). Similarly, TEA sequences could provide useful and complementary
insights for building and analysing phylogenetic trees, as 3Di has in FoldTree (Moi et al., 2025).
An immediate and very useful application that we aim to explore is the creation of query-centric
MSAs for AlphaFold modelling, where TEA searches could be transformative for modelling proteins
currently showing shallow MSAs for traditional sequence search methods. Furthermore, further
analysis of entropy could reveal regions of protein sequence space difficult to represent using pLMs
and help improve future pLMs and representations.

Beyond TEA’s immediate utility, the method provides a generalisable framework for training spe-
cialised alphabets from pLM embeddings using a contrastive objective. This architecture is readily
adaptable, allowing researchers to fine-tune alphabets for specific goals. For instance, an alphabet
could be trained for function prediction with characters grouping residues by their functional roles
(e.g., active site, binding pocket) rather than purely structural characteristics. Another possibility is to
develop an alphabet for interface description, enabling the clear characterisation of protein-protein
interaction interfaces, which are often subtle and complex in continuous space. Alternatively, re-
searchers could apply the same discretisation and contrastive learning principles to RNA sequences
and their high dimensional descriptors (Wang et al., 2025), enabling highly efficient searches that
might improve modelling efforts (Kretsch et al.).

Ultimately, TEA brings the powerful representation capabilities of deep learning to well-established
sequence bioinformatics algorithms, such as profiles, phylogenetic trees, motif finding, multiple
sequence alignments, and more, all while maintaining the speed and low resource consumption of
amino acid sequences.

4 CODE AND DATA AVAILABILITY

The TEA model code, sequence conversion scripts, training scripts, and documentation are
provided at github.com/PickyBinders/tea. TEA is also available on Hugging Face at hugging-
face.co/PickyBinders/tea. We provide TEA FASTA files of the following converted databases:
AFDB Clusters, UniRef50 (version 2025_04), and PDB (version 25-11-12 SEQRES). A search
server will be available at https://pickybinders.org/tea. Benchmarking data are available at
https://doi.org/10.5281/zenodo.17725635.
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MEANINGFULNESS STATEMENT

We introduce a novel representation that explicitly captures the structural intuition hidden within
protein language model embeddings. This work distils this latent knowledge into TEA, a discrete,
20-letter structure-aware yet structure-independent alphabet. We demonstrate that the essential
structural and evolutionary signals of life can be compressed into a format that integrates seamlessly
with decades of bioinformatics algorithms. This quite literally offers a new way to represent life
(proteins), where remote homologs are expressed through similar sequences.

REFERENCES

Josh Abramson, Jonas Adler, Jack Dunger, Richard Evans, Tim Green, Alexander Pritzel, Olaf
Ronneberger, Lindsay Willmore, Andrew J Ballard, Joshua Bambrick, et al. Accurate structure
prediction of biomolecular interactions with alphafold 3. Nature, 630(8016):493–500, 2024.

Stephen F. Altschul, Warren Gish, Webb Miller, Eugene W. Myers, and David J. Lipman. Basic local
alignment search tool. Journal of Molecular Biology, 215(3):403–410, 1990. ISSN 0022-2836.
doi: https://doi.org/10.1016/S0022-2836(05)80360-2. URL https://www.sciencedirect.
com/science/article/pii/S0022283605803602.

Inigo Barrio-Hernandez, Jingi Yeo, Jürgen Jänes, Milot Mirdita, Cameron LM Gilchrist, Tanita Wein,
Mihaly Varadi, Sameer Velankar, Pedro Beltrao, and Martin Steinegger. Clustering predicted
structures at the scale of the known protein universe. Nature, 622(7983):637–645, 2023.

Matthias Blum, Antonina Andreeva, Laise Cavalcanti Florentino, Sara Rocio Chuguransky, Tiago
Grego, Emma Hobbs, Beatriz Lazaro Pinto, Ailsa Orr, Typhaine Paysan-Lafosse, Irina Ponamareva,
et al. Interpro: the protein sequence classification resource in 2025<? mode longmeta?>. Nucleic
acids research, 53(D1):D444–D456, 2025.

Nadav Brandes, Dan Ofer, Yam Peleg, Nadav Rappoport, and Michal Linial. Proteinbert: a universal
deep-learning model of protein sequence and function. Bioinformatics, 38(8):2102–2110, 02 2022.
ISSN 1367-4803. doi: 10.1093/bioinformatics/btac020. URL https://doi.org/10.1093/
bioinformatics/btac020.

Stephen K Burley, Helen M Berman, Gerard J Kleywegt, John L Markley, Haruki Nakamura, and
Sameer Velankar. Protein data bank (pdb): the single global macromolecular structure archive.
Protein crystallography: methods and protocols, pp. 627–641, 2017.

John-Marc Chandonia, Lindsey Guan, Shiangyi Lin, Changhua Yu, Naomi K Fox, and Steven E
Brenner. Scope: improvements to the structural classification of proteins–extended database to
facilitate variant interpretation and machine learning. Nucleic acids research, 50(D1):D553–D559,
2022.

Rayan Chikhi, Téo Lemane, Raphaël Loll-Krippleber, Mercè Montoliu-Nerin, Brice Raffestin,
Antonio Pedro Camargo, Carson J Miller, Mateus Bernabe Fiamenghi, Daniel Paiva Agustinho,
Sina Majidian, et al. Logan: planetary-scale genome assembly surveys life’s diversity. bioRxiv, pp.
2024–07, 2024.

Kristina Chodorow. MongoDB: the definitive guide. " O’Reilly Media, Inc.", 2013.

UniProt Consortium. Uniprot: a worldwide hub of protein knowledge. Nucleic acids research, 47
(D1):D506–D515, 2019.

Tim Dettmers, Mike Lewis, Sam Shleifer, and Luke Zettlemoyer. 8-bit optimizers via block-
wise quantization. CoRR, abs/2110.02861, 2021. URL https://arxiv.org/abs/2110.
02861.

Janani Durairaj, Andrew M Waterhouse, Toomas Mets, Tetiana Brodiazhenko, Minhal Abdullah,
Gabriel Studer, Gerardo Tauriello, Mehmet Akdel, Antonina Andreeva, Alex Bateman, et al.
Uncovering new families and folds in the natural protein universe. Nature, 622(7983):646–653,
2023.

9

https://www.sciencedirect.com/science/article/pii/S0022283605803602
https://www.sciencedirect.com/science/article/pii/S0022283605803602
https://doi.org/10.1093/bioinformatics/btac020
https://doi.org/10.1093/bioinformatics/btac020
https://arxiv.org/abs/2110.02861
https://arxiv.org/abs/2110.02861


Published at LMRL Workshop at ICLR 2026

Robert C Edgar and Harutyun Sahakyan. Protein structure alignment significance is often exaggerated.
bioRxiv, pp. 2025–07, 2025.

Ahmed Elnaggar, Michael Heinzinger, Christian Dallago, Ghalia Rehawi, Yu Wang, Llion Jones, Tom
Gibbs, Tamas Feher, Christoph Angerer, Martin Steinegger, et al. Prottrans: Toward understanding
the language of life through self-supervised learning. IEEE transactions on pattern analysis and
machine intelligence, 44(10):7112–7127, 2021.

Robert D. Finn, Jody Clements, and Sean R. Eddy. Hmmer web server: interactive sequence similarity
searching. Nucleic Acids Research, 39(suppl2) : W29−−W37, 052011.ISSN0305− 1048.doi : .
URL https://doi.org/10.1093/nar/gkr367.

Zhangyang Gao, Cheng Tan, Jue Wang, Yufei Huang, Lirong Wu, and Stan Z Li. Foldtoken: Learning
protein language via vector quantization and beyond. In Proceedings of the AAAI Conference on
Artificial Intelligence, volume 39, pp. 219–227, 2025.

Tymor Hamamsy, James T Morton, Robert Blackwell, Daniel Berenberg, Nicholas Carriero, Vladimir
Gligorijevic, Charlie EM Strauss, Julia Koehler Leman, Kyunghyun Cho, and Richard Bonneau. Pro-
tein remote homology detection and structural alignment using deep learning. Nature biotechnology,
42(6):975–985, 2024.

Thomas Hayes, Roshan Rao, Halil Akin, Nicholas J Sofroniew, Deniz Oktay, Zeming Lin, Robert
Verkuil, Vincent Q Tran, Jonathan Deaton, Marius Wiggert, et al. Simulating 500 million years of
evolution with a language model. Science, 387(6736):850–858, 2025.

Michael Heinzinger, Maria Littmann, Ian Sillitoe, Nicola Bordin, Christine Orengo, and Burkhard
Rost. Contrastive learning on protein embeddings enlightens midnight zone. NAR genomics and
bioinformatics, 4(2):lqac043, 2022.

Michael Heinzinger, Konstantin Weissenow, Joaquin Gomez Sanchez, Adrian Henkel, Milot Mirdita,
Martin Steinegger, and Burkhard Rost. Bilingual language model for protein sequence and structure.
NAR Genomics and Bioinformatics, 6(4):lqae150, 11 2024. ISSN 2631-9268. 10.1093/nar-
gab/lqae150. URL https://doi.org/10.1093/nargab/lqae150.

Peng Jiang and Mona Singh. Spici: a fast clustering algorithm for large biological networks.
Bioinformatics, 26(8):1105–1111, 2010.

L Steven Johnson, Sean R Eddy, and Elon Portugaly. Hidden markov model speed heuristic and
iterative hmm search procedure. BMC bioinformatics, 11(1):431, 2010.

John Jumper, Richard Evans, Alexander Pritzel, Tim Green, Michael Figurnov, Olaf Ronneberger,
Kathryn Tunyasuvunakool, Russ Bates, Augustin Žídek, Anna Potapenko, et al. Highly accurate
protein structure prediction with alphafold. nature, 596(7873):583–589, 2021.

Felix Kallenborn, Alejandro Chacon, Christian Hundt, Hassan Sirelkhatim, Kieran Didi, Sooyoung
Cha, Christian Dallago, Milot Mirdita, Bertil Schmidt, and Martin Steinegger. Gpu-accelerated
homology search with mmseqs2. Nature Methods, pp. 1–4, 2025.

Kamil Kaminski, Jan Ludwiczak, Kamil Pawlicki, Vikram Alva, and Stanislaw Dunin-Horkawicz.
plm-blast: distant homology detection based on direct comparison of sequence representations
from protein language models. Bioinformatics, 39(10):btad579, 09 2023. ISSN 1367-4811.
10.1093/bioinformatics/btad579. URL https://doi.org/10.1093/bioinformatics/
btad579.

Minsoo Kim, Hanjin Bae, Gyeongpil Jo, Kunwoo Kim, Sung Jong Lee, Jejoong Yoo, and Keehyoung
Joo. Deepfold-plm: accelerating protein structure prediction via efficient homology search using
protein language models. Bioinformatics, 41(11):btaf579, 2025.

Rachael C Kretsch, Alissa M Hummer, Shujun He, Rongqing Yuan, Jing Zhang, Thomas Karagianes,
Qian Cong, Andriy Kryshtafovych, and Rhiju Das. Assessment of nucleic acid structure prediction
in casp16. Proteins: Structure, Function, and Bioinformatics.

10

https://doi.org/10.1093/nar/gkr367
https://doi.org/10.1093/nargab/lqae150
https://doi.org/10.1093/bioinformatics/btad579
https://doi.org/10.1093/bioinformatics/btad579


Published at LMRL Workshop at ICLR 2026

Andy M Lau, Nicola Bordin, Shaun M Kandathil, Ian Sillitoe, Vaishali P Waman, Jude Wells,
Christine A Orengo, and David T Jones. Exploring structural diversity across the protein universe
with the encyclopedia of domains. Science, 386(6721):eadq4946, 2024.

Zeming Lin, Halil Akin, Roshan Rao, Brian Hie, Zhongkai Zhu, Wenting Lu, Nikita Smetanin,
Robert Verkuil, Ori Kabeli, Yaniv Shmueli, et al. Evolutionary-scale prediction of atomic-level
protein structure with a language model. Science, 379(6637):1123–1130, 2023.

Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization. arXiv preprint
arXiv:1711.05101, 2017.

Valerio Mariani, Marco Biasini, Alessandro Barbato, and Torsten Schwede. lddt: a local
superposition-free score for comparing protein structures and models using distance difference
tests. Bioinformatics, 29(21):2722–2728, 08 2013. ISSN 1367-4803. 10.1093/bioinformatics/btt473.
URL https://doi.org/10.1093/bioinformatics/btt473.

Milot Mirdita, Konstantin Schütze, Yoshitaka Moriwaki, Lim Heo, Sergey Ovchinnikov, and Martin
Steinegger. Colabfold: making protein folding accessible to all. Nature methods, 19(6):679–682,
2022.

David Moi, Charles Bernard, Martin Steinegger, Yannis Nevers, Mauricio Langleib, and Christophe
Dessimoz. Structural phylogenetics unravels the evolutionary diversification of communication
systems in gram-positive bacteria and their viruses. Nature Structural & Molecular Biology, pp.
1–11, 2025.

Roni Odai, Michèle Leemann, Tamim Al-Murad, Minhal Abdullah, Lena Shyrokova, Tanel Tenson,
Vasili Hauryliuk, Janani Durairaj, Joana Pereira, and Gemma C Atkinson. The viral alphafold
database of monomers and homodimers reveals conserved protein folds in viruses of bacteria,
archaea, and eukaryotes. Science Advances, 11(40):eadz8560, 2025.

Lorenzo Pantolini, Gabriel Studer, Joana Pereira, Janani Durairaj, Gerardo Tauriello, and Torsten
Schwede. Embedding-based alignment: combining protein language models with dynamic program-
ming alignment to detect structural similarities in the twilight-zone. Bioinformatics, 40(1):btad786,
2024.

Damiano Piovesan, Alexander Miguel Monzon, and Silvio CE Tosatto. Intrinsic protein disorder and
conditional folding in alphafolddb. Protein Science, 31(11):e4466, 2022.

Sebastián Ramírez. FastAPI. URL https://github.com/fastapi/fastapi.

Lorna Richardson, Ben Allen, Germana Baldi, Martin Beracochea, Maxwell L Bileschi, Tony
Burdett, Josephine Burgin, Juan Caballero-Pérez, Guy Cochrane, Lucy J Colwell, et al. Mgnify: the
microbiome sequence data analysis resource in 2023. Nucleic acids research, 51(D1):D753–D759,
2023.

Alexander Rives, Joshua Meier, Tom Sercu, Siddharth Goyal, Zeming Lin, Jason Liu, Demi Guo,
Myle Ott, C Lawrence Zitnick, Jerry Ma, et al. Biological structure and function emerge from scaling
unsupervised learning to 250 million protein sequences. Proceedings of the National Academy of
Sciences, 118(15):e2016239118, 2021.

Alexander S Rose and Peter W Hildebrand. Ngl viewer: a web application for molecular visualization.
Nucleic acids research, 43(W1):W576–W579, 2015.

Ian Sillitoe, Nicola Bordin, Natalie Dawson, Vaishali P Waman, Paul Ashford, Harry M Scholes,
Camilla SM Pang, Laurel Woodridge, Clemens Rauer, Neeladri Sen, et al. Cath: increased structural
coverage of functional space. Nucleic acids research, 49(D1):D266–D273, 2021.

Martin Steinegger and Johannes Söding. Mmseqs2 enables sensitive protein sequence searching for
the analysis of massive data sets. Nature biotechnology, 35(11):1026–1028, 2017.

Baris E Suzek, Hongzhan Huang, Peter McGarvey, Raja Mazumder, and Cathy H Wu. Uniref:
comprehensive and non-redundant uniprot reference clusters. Bioinformatics, 23(10):1282–1288,
2007.

11

https://doi.org/10.1093/bioinformatics/btt473
https://github.com/fastapi/fastapi


Published at LMRL Workshop at ICLR 2026

Michel Van Kempen, Stephanie S Kim, Charlotte Tumescheit, Milot Mirdita, Jeongjae Lee,
Cameron LM Gilchrist, Johannes Söding, and Martin Steinegger. Fast and accurate protein structure
search with foldseek. Nature biotechnology, 42(2):243–246, 2024.

Mihaly Varadi, Damian Bertoni, Paulyna Magana, Urmila Paramval, Ivanna Pidruchna, Malarvizhi
Radhakrishnan, Maxim Tsenkov, Sreenath Nair, Milot Mirdita, Jingi Yeo, et al. Alphafold protein
structure database in 2024: providing structure coverage for over 214 million protein sequences.
Nucleic acids research, 52(D1):D368–D375, 2024.

Vercel. Next.js. https://github.com/vercel/next.js, 2016. URL https:
//nextjs.org. Open-source React framework for full-stack web development.

He Wang, Yikun Zhang, Jie Chen, Jian Zhan, and Yaoqi Zhou. A comparative review of rna language
models. arXiv preprint arXiv:2505.09087, 2025.

Wei Zheng, Qiqige Wuyun, Yang Li, Chengxin Zhang, Lydia Freddolino, and Yang Zhang. Improv-
ing deep learning protein monomer and complex structure prediction using deepmsa2 with huge
metagenomics data. Nature methods, 21(2):279–289, 2024.

12

https://github.com/vercel/next.js
https://nextjs.org
https://nextjs.org


Published at LMRL Workshop at ICLR 2026

A APPENDIX

A.1 TRAINING DATA

Domains from SCOPe40 (v2.08) (Chandonia et al., 2022) were structurally aligned using TM-align
and all alignments from within the same SCOPe40 superfamily with TM-score above 0.6 were
retained. To generate triplets of residues, all aligning residue pairs with Cα RMSD below 5 Å were
considered as anchor and positive, with corresponding negatives for each anchor being randomly
selected from a 5-residue window around the aligning position. The embeddings were obtained from
the 4-bit quantized ESM2-650M model (facebook/esm2_t33_650M_UR50D on HuggingFace)
(Rives et al., 2021).

A.1.1 CROSS-VALIDATION

To assess generalisation potential, we also trained versions of TEA by four-fold cross-validation on
SCOPe40, as described previously for Foldseek (Van Kempen et al., 2024). The SCOPe40 dataset
is divided into four parts, such that all domains of each fold ended up in the same part of the four
parts. The training data triplets were thus split into these folds and alphabets were trained on three
parts and tested on the remaining part, selecting each of the four parts in turn as a test set. As good
generalisation was seen in the cross-validation experiment, the final TEA model is trained on the
entire training set.

A.2 MODEL TRAINING

The embeddings from facebook/esm2_t33_650M_UR50D were discretized into an alphabet
of 20 characters using contrastive learning on residue triplets, on an architecture consisting of a dense
linear layer (1280x1280), a layer normalisation layer, a GELU activation function, and the final linear
layer (1280x20) resulting in a model with 1.7 million trainable parameters. The model was trained
for 10 epochs with the AdamW optimiser (Loshchilov & Hutter, 2017) (weight decay 0.3), a cosine
annealing learning rate scheduler (from initial learning rate 0.005 to 0.0001), and a dropout of 0.1
added after the activation function.

The main, contrastive objective was to minimize the similarity between the anchor and the negative
sample while maximizing the similarity between the anchor and the positive sample in each triplet.
This approach inherently encourages the alphabet to represent increased similarity for aligning
residues and decreased similarity for non-aligning ones. Given a,p and n the probability vectors
generated by our model for respectively the anchor, positive, and negative, the contrastive loss was
implemented as follows:

Lc(a,p,n) =
a · n

∥a∥ ∥n∥
− a · p

∥a∥ ∥p∥
(1)

We also implemented two auxiliary losses: a Shannon entropy loss and a uniform loss. Lower entropy
indicates a prediction strongly committed to a specific character, whereas higher entropy suggests the
model is less certain about its character choice. We minimized the Shannon entropy associated to the
probability vectors of the triplets with N being the logits dimension (alphabet size):

H(x) = − 1

N

N∑
i

xi log(xi), LH(a,p,n) =
H(a) +H(n) +H(p)

3
(2)

To encourage uniform character usage, the uniform loss was achieved by applying a Kullback-Leibler
(KL) divergence loss against a uniform distribution, u. For each batch we averaged the probabilities
relative to the predicted logits into a vector b and we computed a KL divergence loss as follows:

Lu(b) =
1

N

N∑
i

bi log

(
bi
ui

)
(3)

The final loss of the model was weighted as follows:
L = Lc + 0.5 · Lu + 0.1 · LH (4)
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A.2.1 ABLATIONS

To assess the impact of model and training choices, we trained a number of models with different
settings ablated. These include "No uniform loss" and "No entropy loss" models where the Lu and
LH terms respectively in Equation 4 are removed, a "Far window" model where the negatives for
each triplet were selected randomly from a window of 5-10 residues away from the aligning position
instead of 1-5, a "Full precision" model where 4-bit quantisation is not used for embedding generation,
and "ESM-3B" and "ProtT5" models where the pLMs used for embedding generation are changed to
the facebook/esm2_t36_3B_UR50D model and the Rostlab/prot_t5_xl_uniref50
model respectively, with corresponding changes in input embedding dimension. All of these ablations
are trained on the 4-fold SCOPe fold split. Further, models with different alphabet sizes (4, 8, 12, 16,
24, 28, 32, and 40) were trained on the full training set.

Ablation results are depicted in Figure 2C. Enforcing uniform character usage through an explicit
uniform loss (Equation 3) improves performance, as otherwise training favours fewer characters being
utilised and thus reduces representation power (No uniform loss in Figure 2C). Crucially, moving
the window further for selecting non-aligning (negative) residues for training worsens performance
(Far window), as the embeddings of the obtained negatives become much easier to separate from the
anchor and positive residues. Neighbouring residues, on the other hand, have very similar residue
contexts and thus very similar embeddings to the anchor residue, forcing the model to learn a more
nuanced separation between them, leading to better generalisation. Removing the explicit entropy
loss term (Equation 2) also slightly worsens performance (No entropy loss). Using embeddings from a
4-bit quantized (Dettmers et al., 2021) ESM2 model did not show much difference compared to using
full precision embeddings (Full Precision), thus unlocking fast and memory-efficient TEA sequence
generation on consumer-grade GPUs even for longer proteins (0.05-0.5 seconds/sequence depending
on length). We also find that full precision and 4-bit quantized embeddings can be used more or less
interchangeably with TEA- using full-precision query TEA sequences against 4-bit quantized target
TEA sequences in the SCOPe benchmark gave the same performance, and discrepancies in converted
residues are seen only in residues with high entropy, thus also making TEA compatible with usage on
CPUs. Using embeddings from the 3 billion parameter ESM2 model (ESM-3B) or using the ProtT5
language model (Elnaggar et al., 2021) (ProtT5) had overall similar results, demonstrating that the
alphabetisation architecture and paradigm can in theory be applied to any current or future language
model. Finally, as shown in Figure 2D, 20 is a reasonable choice for alphabet size, trading only minor
performance increase for a more universally usable alphabet that can be straightforwardly plugged in
to a number of protein sequence bioinformatics tools.

A.3 TEA SUBSTITUTION MATRIX

We created a BLOSUM-like substitution matrix for TEA sequences from pairs of structurally aligned
residues used for training. First, we determined the TEA states of all residues. Next, the substitution
frequencies among TEA states were calculated by counting how often two TEA states were structurally
aligned. (Note that the substitution frequencies from state A to state B and the opposite direction are
equal.) Finally, the score for substituting state x through state y is S(x, y) = 2 log p(x,y)

p(x)p(y) .

A.4 ALIGNMENT METHODS

TEA is designed to be compatible with any classical alignment tool. In this work, we used MMseqs2
(version 18.8cc5c) (Steinegger & Söding, 2017) to perform alignments across three distinct modalities
detailed below. When indicated as sensitive, we run the standard MMseqs2 easy-search command as
follows:

mmseqs easy-search tea_query.fasta tea_target.fasta results.m8 tmp/
--comp-bias-corr 0 --mask 0 --gap-open 18 --gap-extend 3
--sub-mat matcha.out --seed-sub-mat matcha.out

For the exact modality, we include the flag -exact-kmer-matching 1 in the easy-search
command. This modification significantly increases the speed of the command by restricting the
pre-filtering step to only allow exact k-mer matches. For 3Di and amino acids, gap open and gap
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extend penalties of 12 and 1 were used, as these gave the best results on a grid-search for the SCOPe
benchmark.

The sequences from models with different alphabet sizes (Figure 2D) and alphabet combinations
(Figure 2A, Supplementary Figure 6) instead use all vs. all alignments with no pre-filtering step,
followed by taking the top 2000 alignments per query (labelled exhaustive). These alignments
were calculated using Needleman-Wunsch-style dynamic programming with gap penalties on score
matrices, constructed such that Mij represents the subsitution score of residue positions i and j. We
used BLOSUM62 for amino acids, the 3Di substitution matrix for 3Di, the TEA substitution matrix
for TEA, and corresponding substitution matrices built as described in Section A.3 for the different
alphabet sizes. Combinations of alphabets use a matrix 1

n

∑n
a Ma where Ma is the score matrix

constructed for alphabet a and n the number of alphabets combined. All alignments used gap open
and extend penalties of 12 and 1.

A.5 BENCHMARKS

The SCOPe40 benchmark is defined and evaluated as described in (Van Kempen et al., 2024), except
applied to the latest version of SCOPe40 (v2.08) consisting of 15,128 single domains with a median
length of 149 residues. The family and superfamily benchmark plots measure the sensitivity of
detected TPs (same family, and same superfamily but not same family respectively) up to the first FP
(where FP is defined as hit from a different fold). For 4-fold cross-validation results (labelled as CV
in the figures), the sensitivity curves and AUCs are calculated only for comparisons between domains
in the held-out folds. For all methods, each query was allowed to have up to 2000 hits (controlled by
the -max-seqs parameter in MMseqs2 and Foldseek).

The reference-free multidomain benchmark is adapted from (Van Kempen et al., 2024) - we aligned
all 688,852 community representatives from UniProt3D (Durairaj et al., 2023) using BLAST (2.5.0+)
with an E value threshold < 10−3 and then clustered using SPICi (Jiang & Singh, 2010), resulting
in 56,574 clusters. For each cluster, we picked the longest protein as representative. We randomly
selected 100 representatives as queries and searched the set of remaining structures. Foldseek and
MMseqs2 searches were run as described in (Van Kempen et al., 2024), while TEA search was run
using the exact mode described in A.4. Evaluation was performed using the scripts obtained from
github.com/steineggerlab/foldseek-analysis.

A.6 E VALUES

We developed an empirical E-value model for the combined TEA and amino acid scoring system,
where BLOSUM62 substitution scores are combined with a weight of 1.4 with TEA substitution scores.
Standard Karlin-Altschul statistics assume a Gumbel-distributed score distribution, which does not
hold for structural alphabet alignments due to convergent evolution of secondary and tertiary structure
motifs producing a heavy-tailed false positive distribution (Edgar & Sahakyan, 2025). Instead, we
adopted the proposed log-linear model where the cumulative false positive distribution C(s|FP )
is approximated as log10(C(s|FP )) = ms + c, giving E-values of the form E(s) = H

Q 10(ms+c),

where s is the coverage-weighted alignment score (raw
√
min(qcov, tcov)), H/Q is the average

number of reported hits per query (computed at runtime from the prefilter output), and m and c are
parameters fitted by log-linear regression of the empirical cumulative false positive distribution on
the SCOP40c dataset, a curated subset of SCOPe v1.75 with 9,705 domains (Edgar & Sahakyan,
2025). False positives were defined as pairs from different SCOP folds; pairs within the same fold
but different superfamilies were excluded. The log-linear parameters were fitted on the FPEPQ (false
positive errors per query) range of 0.1–10, yielding m = 0.017364 and c = 0.7636 (R = 0.99). STEAM
results are sorted by E-value (ascending), which corresponds to descending coverage-weighted score.

We evaluated the effect of E-value calibration on homology detection sensitivity using an all-against-
all search on SCOP40c with -max-seqs set to 2000. (Table 1). Without E-value filtering, STEAM
achieved sensitivities comparable to Foldseek and to TEA-only search using MMseqs2. When
applying an E-value threshold of E < 10, STEAM retained high sensitivities at an empirical false
positive rate of 11.2 FPEPQ, confirming the calibration accuracy of the log-linear model. To enable
a fair comparison, we determined the Foldseek E-value threshold at which the empirical FPEPQ
matched STEAM’s rate of 11.2 and filtered Foldseek’s results accordingly. At matched false positive
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Table 1: Homology detection sensitivity on SCOP40c (N = 2,875 evaluable queries). FAM and
SFAM report mean family and superfamily sensitivity before the first false positive (different fold).
FPEPQ is the empirical false positive errors per query.

Method E-value filter FAM SFAM FPEPQ

Foldseek E < 10 (native) 0.877 0.497 447.7
STEAM (full) E < 10, 000 0.865 0.506 1702.4
TEA (full) none 0.859 0.505 251.5
STEAM E < 10 0.825 0.422 11.2
Foldseek (corrected) matched FPEPQ 0.820 0.402 11.2

rates, STEAM’s calibrated E-values provide comparable or slightly better sensitivity to Foldseek
while offering meaningful statistical significance estimates. Notably, Foldseek’s native E-values
substantially overestimate significance on this dataset, with an FPEPQ of 447.7 at its reported E
< 10 threshold, consistent with previous observations that structural alphabet E-values based on
Gumbel distributions fail to account for the heavy-tailed false positive score distribution arising from
convergent structural evolution (Edgar & Sahakyan, 2025).

A.7 WEB SERVER

A website was developed to facilitate access to TEA-converted datasets, currently offering downloads
in FASTA format for UniRef50 (version 2025_03) (Suzek et al., 2007) and AlphaFold Clusters
(afdbv4) (Barrio-Hernandez et al., 2023), with additional sources planned for future inclusion. Users
may also submit amino acid sequences directly for conversion into TEA sequences (on CPU), which
are queried against the available datasets using an in-house implementation of STEAM. Results are
queried via FastAPI (Ramírez), with results persisted in MongoDB (Chodorow, 2013). The interface
is built with Next.js (Vercel, 2016), and where a search hit has a known 3D structure, it is fetched
from the MongoDB and visualised interactively using the NGL structure viewer (Rose & Hildebrand,
2015).

A.8 40K-PLDDT SET

Sequences and 3Di characters for the character comparison analysis were obtained from the SCOPe40
domains, and from 40,000 proteins with lengths between 100 and 600 selected randomly from the
Foldseek alphafold_uniprot50 database such that 10,000 proteins each had an average AFDB
pLDDT within the bins 0-50 ("Very low"), 50-70 ("Low"), 70-90 ("High") and 90-100 ("Very high").
ESMFold (Lin et al., 2023) structures were created for all proteins in this set.

A.9 AFDB CLUSTERS

We obtained the UniProt accessions corresponding to AFDB cluster representatives
from the 5-allmembers-repId-entryId-cluFlag-taxId.tsv file in afdb-
cluster.steineggerlab.workers.dev and restricted representatives to those with cluFlag set
to 2 (singletons) and 4 (non-singleton representatives). These sequences were converted to TEA
sequences and filtered with an average TEA entropy threshold of 0.25. The search was run for the
singletons passing the threshold against all sequences passing the threshold with a coverage threshold
of 90% across both query and target, and a minimum sequence identity threshold of 50%.
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Figure 5: Conserved TEA motifs. Examples of TEA motifs of length 17 found A) in 76 SCOPe40
IDs across 56 different folds, B) in 261 IDs across 26 superfamilies only in fold c.1 C) in 79 IDs
across 40 families only in superfamily c.66.1, and D) 17 IDs only in family c.94.1.0 are shown. For
each motif, the left panel shows the amino acid frequency logo, the TEA characters of the motif in
italics, and the DSSP frequency logos for all occurrences in SCOPe40, and the right panel shows
examples of structures (gray) containing the motif (highlighted in purple). DSSP labels are as follows,
H: α-helix, G: 3-10 helix, E: β-sheet, C: random coil, T: H-bonded turn, S: bend.

Figure 6: Exhaustive alignments of alphabet combinations. A) Cumulative distributions of
sensitivity for homology detection on the SCOPe40 database of single-domain structures. TPs are
matches within the same family; FPs are matches between different folds. Sensitivity is the area under
the ROC curve up to the first FP. B) Same as A with TPs as matches within the same superfamily.
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Figure 7: TEA substitution matrix. See Section A.3 for how the matrix is computed. The numbers
are colored on a red-blue color scale with red being the lowest and blue the highest.
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Figure 8: TEA confidently represents the correct structure even in AlphaFold and ESMFold
failure modes Two examples of searches for proteins highlighted in Figure 3C-D, displayed as the
ESMFold and AlphaFold structures of the protein respectively, and then the closest TEA hit for the
protein in AFDB Clusters and in the PDB respectively, both cropped to the alignment region with
residue range displayed. The amino acid and TEA sequence identities of the TEA alignments are also
displayed.

Method max-seqs Time (s) Family AUC Superfamily AUC Fold AUC
MMseqs2 300 8 0.192 0.07 0

1000 5 0.192 0.07 0
TEA (exact) 300 26 0.789 0.561 0.072

1000 80 0.806 0.585 0.102
TEA (sensitive) 300 33 0.787 0.560 0.075

1000 89 0.808 0.588 0.103
Foldseek 300 69 0.764 0.512 0.075

1000 87 0.805 0.559 0.095
EBA - 7,560 0.84 0.6 0.079

Table 2: Runtime and performance for SCOPe40 (15,128 proteins). The max-seqs column
describes the number of hits allowed to pass the pre-filtering step. EBA does not have a pre-filtering
step and thus all pairs of alignments are computed and then sorted to take the top 1000 per query. All
methods were run with 64G RAM and 128 cores.
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