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INTRODUCTION GOAL AND OBJECTIVES

ESM (Evolutionary Scale Modeling) - 3To MackMpoBo4YHas 93bIKkOoBas MoAENb, MPUHUMAIOLLASA Ha BXOA, 6e1KOBble NOcAeA0BaTe/IbHOCTU U Bblaarowas sMbeAnHIM - Yncna, e [IpoBepuTb rMNoTe3y: obpawaet M ESM Hanbobllee BHUMaHME Ha MUKOBbIE

XapakTepusyrowme nocaeaoBateNibHOCcTb [1]. IMbeaanHIM ncnonb3yTcsa AN NpeackasaHnsa NPonyLeHHON aMUHOKUCOTbI, dayopecueHUmMn, CTabuibHOCTU U APYTUX LLenen. 3Ha4YeHus aMbea ANHIOB;

B naHHOM paboTe Mbl 3aHMMaNUCb n3yyeHnem cBomncTtB ESM. Hac TakXKe nHTepecoBasio, Ha Kakne napaMeTpbl HEMPOCETb obpallaeT 60/blle BHUMAHUSA NPU aHaAn3e 6eKOBOM e BbisicHUTb, Kakon cnon ESM onTnManeH gnsa npeackasaHus:
nocnepoBatenbHOCTU. C Kaxkaoro cnost ESM Mbl nonyuymam amMéenamHrn, Kotopbie UCMOoNb30Baan AN Npeacka3aHusa ctabunbHocTu [2] n daoopecueHTHocTH [3] 6es1ka ¢ NOMOLLbHO CBOEN o dnyopecueHUnn 6enka;

OZIHOC/IOMHOM HENPOCETU, NOAO0BHO aBTOpaM cTaTbM Mo ESM. Mbl BbIACHUIN, YTO SMBEAANHIU MOC/IEAHErNO C/105 HE ABNAIOTCA Hanbosiee onTUMaabHbIMU AN 3TUX Lenen [1]. o CrabunbHoCTU Benka;
Tak>Ke Mbl MOCMOTPEIN Ha IMbeaanHIM 6a3bl AaHHbIX C 6eNKaMKM U3 pa3HbIX K1aCCOB U CPaBHUAM C IMbeaANHIaMU 3TUX Ke BEeNKOoB, HO C NepeMeELLIaHHOW NOCNeA0BaTE/IbHOCTLIO. e YCTaHOBWUTb, KAK MEHSAKOTCA 3Ha4YeHUS 3MbeaJNHIoB B 3aBUCUMOCTU OT CJ104;
ESM (Evolutionary Scale Modeling) is a masked language model. It receives protein sequences as input and computes embeddings as output. Embeddings are numerical representations, e Test the hypothesis: Does ESM pay the most attention to the peak values of
characterizing the sequence [1]. These embeddings are used for predicting missing amino acids, fluorescence, stability, and other properties. embeddings;
In this study, we focused on exploring the properties of ESM. We were also interested in identifying which embedding positions the neural network pays more attention to when analyzing ¢ Find out which ESM layer is optimal for prediction:
protein sequences. From each layer of ESM, we obtained embeddings, which were used for predicting protein stability [2] and fluorescence [3] with a single-layer neural network, similar o Protein fluorescence;
to the anthors of the ESM paper. We found that embeddings from the final layer are not always the best performing ones [1]. o protein stability;
Additionally, wa l~n~-—.0 -1 21.— ambaddings of a set of proteins from different classes and compared them to the embeddings of the same proteins but with a shuffled sequence. e Set how embedding values change depending on the layer;

METHODS

Fluorescence and stability predictions Homology
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Mbl USMEHUAN UCXOAHYIO MOCAEA0BaTENIbHOCTL 6e1Ka ABYMSA crnocobaMm U CpaBHUAU SMBEeAANHTI.
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RESULTS

Results for stability and fluorescence Results for homology
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The graphs below depict a comparison between actual |
/ fluorescence and stability values and those predicted by the ? i
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Predicted stability scores
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MNO3MLMIO B KaXKJ0M CJIoe MOAE/IN, BO BTOPOM CTONOLLE MOKa3aHbl 3Ha4YeHUst SMbea ANHIOB.
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To explain the obtained results, we uses DeeplLift and compared the obtained embedding values with a reference - the "baseline", which is an empty string (a sequence with masked
values).The first and third columns indicate in a dark shade how much attention ESM pays to each position in each layer of the model, while the second column displays the embedding
values.
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