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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.
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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 [1–4]. Methods like BLAST [5] (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 [1]
(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 [2] 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 [6, 7]), and in general
increasing the depth of an MSA can lead to the construction of significantly better predicted structures
[8–10]. 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 [3] 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 approach to detect
remote homology between sequences with similar folds [11]. More recent works such as ESM3 [12]
and FoldToken [13] 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 [14], MGnify [15] and now LOGAN [16]. In contrast, far fewer experimentally determined
protein structures exist in the PDB [17]. While predicted structure databases like the AlphaFold
Database (AFDB) [18] and the ESM Atlas [19] 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 [19–21], excelling at remote homol-
ogy 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 [22] and TM-vec [23], where the distance between two
sequence embeddings is used as a proxy for evolutionary distance. Other methods, such as EBA [24]
(Embedding-Based Alignment) and pLM-BLAST [25] leverage the per-residue embeddings to gen-
erate 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.
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