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Abstract

Single-cell RNA sequencing has revolutionized biological research by enabling
gene expression measurement at cellular resolution, revealing diverse cell types,
states, and disease contexts. Recent single-cell foundation models can learn gen-
eralizable representations directly from expression data, improving downstream
classification and clustering tasks. However, such models typically rely on fixed
label spaces that limit their ability to express cellular diversity.

This thesis presents Cell2Text, a multimodal generative framework that trans-
forms single-cell transcriptomic profiles into structured natural language descriptions.
By integrating pretrained single-cell encoders with large language models through
learnable projection modules, Cell2Text generates coherent summaries describing
cellular identity, tissue of origin, disease relevance, and biological pathway activity.
Experimental results show that Cell2Text achieves higher accuracy than baseline
models, maintains strong ontological consistency through PageRank-based similarity
metrics, and produces semantically faithful text outputs. Overall, the proposed ap-
proach highlights the potential of combining biological and linguistic representations
for scalable and informative single-cell characterization.

Keywords: Deep Learning, Single-cell RNA sequencing, Foundation Models,
Multimodal Learning, Gene Expression, Natural Language Generation, Large
Language Models



ITepirandm

H povoxuttapue avéhuon RN A éyel yetapoppnoet tn Brohoynr| €pguva, emi-
TEEMOVTAC TN UETENON TN YOVIOLOXN S EXPEOoNE OE EMIMEDO XUTTEPOU XOL OTOXO-
AOTTOVTOG TOLAALS XUTTORIXWY TUTWY, XATACTACEWY Xt TodohoYIX®)Y cuvinxwy. Tao
TEOGQUTO LOVTEAD VEUENONE Yo LOVOXUTTAELXS BEBOUEVY UTopoVY Vo padaivouy ye-
VIXeOoWES avamapac Tdoelg amevldeiag amd T dedouéva Exppaong, BehTiwvovtag TNy
TagvounoT xot TNy opadonoinor. Qotéco, ta umdpyovta woviéia meploptlovial oe
TEOXAVOPIOUEVES ETIXETES, YEYOVOS TTOU BUCYEQUIVEL TNV TEQLYPUPT| TNE TAHPOUS XUT-
Tapxic Towthopop@log.

H ropoloa epyasio tapoucidlel 1o Cell2T ext, éva TONTEOTUING TORAYWYIXO TA0-
{010 TOU UETUTEETEL TEOPIA LOVOXUTTAURLXNG UETHYPUPWUXNS O SOUNUEVES TIERLYPAUPES
PUOTE YAWOOUS. LUVOUALOVTC TEOEXTIUUBEUUEVOUS UETACY NUATIO TES LOVOXUTTOQL-
%WV OEQOUEVWY PE UEYEAA YAwoowd poviéa, To Cell2T ext mapdyel cUVEXTIXEC Te-
PLYPAUPES TIOU AMOTUTVOLY TOV XUTTAUPLXO TUTO, TNV TROEAEVaT] 16 TOU, TN CUCYETION
ue ac¥éveleg xou TN dpac TNELOTNTA Bloloyixwy 0doyv. To meipopatind arotehéouota
oty vouv otL o Cell2T ext uneptepel TwV PacnOY HOVTEAWY WS TEOC TNV axpeifBeta xat
T ONUACLONOYIXT| GUVETELYL, OVAOEVVOVTOG T1) BUVOULXT TWV TOAUTOOTUIXOY LUOVTEARY
YO TNV OVIAUGCT] LOVOXUTTAPIXDV DESOUEVMY.

A€Zeig-KAedid: Bahd Mdadnon, Movoxuttopiny) adknrolyion RN A, Movtéha
OcpeMwong, HHohutpomunry Mdidnorn, ovidiaxr) ‘Exgeacy, opaywyh Puowic ['oo-
ooc, Meydha I'wooixd Movtéia
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Kegdhawo 1

Extetopevn Ilepiindn ota
EAANvVIxd

1.1 Ewoayowyn

Kivnteo

H teyvixry e oddnrolylone RN A oe pepovouéva xittopa (scRN A-seq) emi-
TEEMEL VoL UETPAUE T YoVidlaxT| ExppacT o€ xdde xOTTapo EEYWELOTY, ATOXUAITTOVTAS
€T0L TNV ETEPOYEVELY IOV YdveTon oTiC halixéc avahboeic. H teyvoloyio autr €xel oh-
N&&er ptld tn Brolateiny| €peuva, EMTEETOVTAG TN UEAETH AVATTUENS, AVOCONOYIXMY
amoxploewy %ot TUONOYIXDY UMY OVIGUWDY.

Qot600, o dedopéva sScRN A-seq elvon udmAirc BlaoTatixdTnTag, opad o Yopu-
Bwdn, yeyovog mou xototd SUoxoAn TNy avdiuor Touc. Ol TeplocdTeERES UTERYOVCES
mpooeyyloeic Bacilovtal ot Yelwon SloTdoewy xou oTr yeHon ToEWVOUNTOY UE TEO-
xadoploUéves xatnyopieg xUTTAPMY, wlar Bladixacior Tou etvor SUGXOAO VoL XAAXWVEL
xou TEPLOPILEL TNV EXPEAC TIXOTNTA TOU LOVTEAOU.

Hpbogata Yepehioddn poviéla, énwc to Geneformer [1] xo scGPT [2], po-
Yolvouy TAOUGCIES AVAMOEAC TACELS XUTTdpwY anevideiag and dedopéva Exppaong. 2-
071600, 1) YeNoN TEOXUVOPIOUEVLY XEQUAGDY ToEvouNnong we €€000 meplopilel TNy ex-
PEAC TIXOTNTO X0 TY] BUVITOTNTO YEVIXEUOTC TWV UOVTEAWY.

ITebBAnuo xaw ctoyog

Av xan ta alyypovo Yeuehndn povtéra podolvouy TAOUCIEG EVOWUATNOOELS ATo
dedopéva Exppaong, N Yeron xatnyopxwy 60wy neptopllel T BuvaTdHTNTA TOug Vo
OTOTUTIWOOLY TN AELTOLEYIXT TOWUALL TWY XUTTHPWV.

H nopotoa Swtpid) teoteivel éva mAaioio mou cuvdudlel Veuehlnddn novtéra xut-
TAUPLXWY DEBOPEVLY UE PEYERA YAWOOLXA LOVTEAD, DOTE VoL ATODIBEL TIC EVOWUATOOELS
AUTTAPWY OE TEPLYPAUPES PUOLXNC YAWOGCOC, EVIGYVOVTOS TNV EPUNVEUCLUOTNTO XOL TN

16



BLOAOYIXY) CUVETELL TWYV ATOTEAECUATOV.

2IUVELCQOpRES

Ipotetvoupe to Cell2Text, évo mohUTEOTIXG YEVETIXG TAALGLO TOU GUVOLALEL Ve-
MENLOOT LOVTENDL HELOVOUEVLY XUTTAROV Xou UEYSN Yhwoowd povtéla (LLM s) yia
TN UETATROTH TEOMIA YOVIBLOXN S ExPpaong o€ uotxy| YAWood. Ot x0plec GUVELGQORES
elvou:

o IThaicwo: AvtioTolyion TwV EVOOUATOCEWY XUTTdpwY Ye LLM s yio noparyw-
Y1) BLOAOYIXE TEXUNPLWUEVLY TEQLYPAUPMY.

o ATOTEAESORATIXNOTNTA: AVIOYWOVIOTIXH ATOTEAECUATO OE TOEVOUYOELS XUT-
Tapxol TUTOU, LoTOL xaL BLOAOYIX®DY 000V, PE BTAPNOT OVIONOYIXAC OU-
VETELOC.

o Epunvevowpotnto: Ilopaywy? TEQLypapmdy TOU ATOTUTMVOLY TAUTOTNTA,
lOTIXO TAALGLO %o AELTOURYIXY| OPAUOCTNELOTNTA.

o Acdopeva: Anulovpyio extetapévou Tohutponixol cuvorov ond 1o CELLxGENE,
EUTAOUTIOPEVOU UE OVTOAOYIEC O PETAOEDOUEVAL.

1.2 Oewpentixd YTroBadeo

Buohoyio Mepovouevoyv Kuttdpwy

To xOtt0par amoteholy Tig VeUeddE; Lovadee TNe (whg, XL 1) HOELaXY| TOUg
xatdo oo xadopllel TN Aettovpyla Toug péoa o WoTo0g xaL opyoviouols. Ot ma-
padootaxés TeEyVIXéC poplaxic avéiuong, omwe 1 palix odinhovyton RNA (bulk
RN A-seq), uetpolv tov U€co 6po tne yovidloaxig éxgppoong oe ueydho mAnduoud
AUTTAPWY, ATOXPUTTOVTAS TNV XUTTAUPLXY) ETEQOYEVELX XAl TIC OTAVIEC xataotdoelg. H
povoxuttopx akknholyton RN A (scRN A-seq), mou eiofydn ond toug Tang et al.
[3], emTEENEL TNV TOCOTIXY AVIAUGT, TOU UETOYROPMUATOS OF ETUNESO UEUOVWUEVKDY
AUTTHPWYV, ATOXVAUTTOVTOS BLAPOPOTOLATELS OE TOTOUC, XATOGC TACELS X0 OVUTTUELXES
Yeouuéc. Auth 1 duvatdtnta €xel addEet plixd medla 6w N avamtuEiony Bloloyia,
n avocohoylo xat 1 oyxoloyia, cuuBdilovtag oe TewToPfouiicc 6mwe o ‘Athoc Av-
Yoomvev Kuttdpny.

O teyvohoyiec scRN A-seq daxpivovtar oe puedddouc Bootopévec oe TAdxes (..
SMART-seq2), tou npocpépouy TAYen Uetoypopiidata upniic evaoinalag, xou oe
pedodouc Bactopéves oe otayodvee (n.y. Drop-seq, 10x Genomics) yia udpmin omddo-
on. O povodixol poploxol avoyvoplotés (UM Is) Behtdvouy Ty tocotxt| axplBeta,
eved T Oedouévar yopaxtnellovtar and LPNAY Sloo TaTXdTNTAL, CEAGTNTO XoU UTEEOLO-
oTopd, amontwvTag pedodoug xavovixoroinong onwg n SCTrans form.
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ITpwv and TNy avdAuoT), @apuoleTtal TOOTIXOG EAEY YOS YioL TNV apalpeEsT) Younhng
TOLOTNTOC XUTTAEWY Xat YoVidlwy, eV 1) pelwon Swotatxdtnrog e PCA, t-SNE 1
UM AP, axolovdolyevn and cuctadonolnon ue tov ahyopwduo Leiden, emitpénel Ty
OTTIXOTOMNON XL TNV TOUTOTONGT XUTTUEIXWY TANIUCUOY PEGK YOVLBIWV-OELXTOY.
[Tpbogate eMEXTACES EVOWUATWOYOLY TOAUTEOTUXE dedouéva, onwe to CITE-seq
yioo tpwtelveg empdvetag, 1o scATAC-seq v TpooPooiudtnTo Yenuativng o T
YWEXT UETAYQUPOUIXT] YOl TOV EVIOTIONO XUTTApwY evTog 1oTov. Ot Bloloyixéc o-
vtoloylec (Gene Ontology, Cell Ontology) xou ol Bdoeic Bloroyixmy odav (K EGG,
Reactome, M SigDB) napéyouv Tunomomuéva TANIoL Yot GYOMAOHO Xou EXTIUNOT
OpUC TNELOTNTAS 00WY, e epyalela omwg to AUCell mou cuvdéouv yotiBa éxgpeaong
ue Aettoupyréc diepyaoiec.

Mddnorn Avarnapdotacng yioe Asdoueva IN'ovidioxrg
‘Exgpacng Mepovouevwy Kuttdewy

H alknhoOyion pepovouévey xuttdpwy (scRN A-seq) amoxdhude tnv xuttopixn
ETEPOYEVELY, OAAG Tor Bedopéva elvar LYMAAC BlaoTaTiXoTNTaC, opond xat YopuBno.
H pdinon avanopdotaong péow Badde udinong otoyedel otny eCoywyy|) CUUTOY®Y,
EXPEACTIXWY OVITURACTACEWY TOU GUAAOBAVOLY Xpuuuéva Bloloyixd potiBo.

Hedwa yovtéha 6nwe 1o scVI [4] Baoilovton oe mopohhoyés aUTOXWOXOTOL
v (VAEs) ye xotavopés opvnTixic Slwvulixic, OOTE Va LOVTIENOTOOUY TN GTO-
YOO TIXOTNTOL X0 TNV UTEEDLooTopd Twv etprioewy. To scGNN [5] eiodyet vevpw-
vixd Sixtua Ypdowy (GNNs), xataoxeudlovtog Ypdpous xuTtdpmy xou podaivovtog
ovomopac Tdoel; Tou elvon aviextixég oe Vopufo xou ypnoweg yio clustering xou
imputation.

[TIio mpbogata, poviéha tonou transformer énwc to Geneformer [1] xou o
scGPT [2] avtetonilouy ta yovidia e tokens, podaivovtag e€aptioelc Exgppoaong
p€ow auto-emPBAETOPEVNC EXTaideuoTC o exatoupdplo xOTTapa. AuTh 1 Teocéyyion,
EUTVEUCUEVY amd TN YAWOOIXY| dovielornolnor, €yel anodetyel anoteheoyotiny oe
epyooiec omwe annotation, tedBiedn perturbations xon UETAPORE YVMOONG UETAUED
OPYOVIOUOY.

Mevydio 'hwoowxd Movtela

To Meydha I'hwoowd Movtéha (LLMs) éyouv ahhdier pilixd v enelepyo-
olot QuOXNC YADOOUS, ETTEENOVTNS OE UTOAOYLOTIXG GUG TAUATO VO XUTAVOOUV Xalk
Vo apdryouv xeluevo e ovdpadmivn euyépeta.  Baoilovtow oty apyitextoviny twv
transformers [6], n onoio aZlomolel YNy aviogoUS aUTOTPOCOYAS YLoL TN LOVTIENOTOIN-
om Loy e€apThoEwY, avtxaho tdvTag Ti¢ avadpouxés douéc (RN Ns, LST M s).
Ané to mpwta povtéda 6nwe 1o BERT [7] xou 1o GPT [8] éwc ta olyypova Tohu-
tpomxd ovothuata (GPT-4, PaLM, T5), n abZnon tne xAipoxog o 1 Behtivon
TNG EXTALBEVCTIC OO YNOAUY OF YEVIXEUUEVES IXAVOTNTES XUTAVONONG, CUANOYIGUOU Yol
TPAYWYNE PUOLXNG YAWCGCUC.
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H owoyéveiw LLaMA tng Meta avinpoonnedel TNy ovoIXTH xal amodoTixy
xatebuvon twv LLMSs, ye ex00CelC OYedIOUEVES YId DLUPOPETIXEC UTONOYLOTI-
xéc avdyxeg. To LLaMA 3.1 xou 3.2 mepihopBavouy BEATIWUEVES ORYITEXTOVIXES
trans formers, extetogévo Ae&ihoyio xou mopddupo cuugealopévwy 128K tokens,
TEOCPEPOVTOC LOYUEY| ETMLBOCT UE YUUNAOTERO UTOAOYLOTIXG x00TOC. E1dud tor tixpd
povtélo LLaM A 3.1 1B xou 3B, mou yenowonotolvtal 6o tapév €pyo, cuvoudlouv
LPNAT) TOLOTNTA XEWEVIXAC XATAVONONG UE AMOBOTIXY EXTEREDT), XA IO TWVTAS To LO0-
VXY Y10 EVOWUATWOT OE EEELVNTIXG Thadola OTwe To Tpotewouevo Cell2Text.

To Meydha Mhowooxd Movtého (LLMs) exnadetoviar apyixd Ye oUTOETBAE-
TOUEVT uddnoT oE TEPAO IO U EMONUACUEVA Bedopéva XeWwévou, padalvovtag Tn dour
xou T onuactohoyia g YAwooog. H npoexmnaldeuon unopel va Poociletar o pdoxeg
(BERT), ot autortolvdpéunon (GPT) f oe evononuévo, oyfuato UETUTPOTAC XEL-
uévou ot xelpevo (T'5). Xtn ouvéyela, to povtéla eZedixeovton péow fine—tuning,
ONABY| TEOCUPUOY TG OE CUYXEXQWEVES EQYUOIES UE UIXPOTERX, ETUOTUACUEVO GUVO-
Ao 6edopévwy. Ta va pewwidel to umoloylloTind x6oToC, YenowonooLvTo pédodol
Parameter — Ef ficient Fine — Tuning 6nwe 1o LoRA [9], to onolo dev evre-
PWVEL OAOUC TOUC TAPoETEOUS GAAG UOVO Uixpolg Tiivaxes younirg Tééng yéoo ota
O TPOUITA TOU PETAoYNUAToTH. 'Etol emtuyydveton onuovTiny Uelnwon TV anouthoe-
WV UVHUNG X0 YEOVOU EXTIUBEUOTC YWEIC ATWAELL ATOOOCTC, XUG TOVTUG EPLXTY TNV
TpooappoyY| ovtélwy (énwe to LLaM A 3.1 1B xou 3B) oe eZedixeupévo dedopévar.

To mroAutpomixd 'Awoowxd Moviéla enextelivouv auth T @ulocopla ev-
CWUATOVOVTAG TOMATAEG HOPPES BEBOUEVLY OTIWS XELUEVOD, ELXOVES Xou BloAoYixd. Oe-
dopéva yia eviaka xatovonoT xou Tapay wyY) ThAnpogoptac. Movtéha 6nwe T BLIP —2
xow LLaV A cuvbudlouy onTtixolg XmOXOTONTES UE YAWOOIXE HOVTEND UECE) UT))oLVL-
OUOV BLIOTAVPOVUEVNC TPOCOY NS, EMTEENOVTNS EQUPUOYES OIS TIERLYRUPT] EXOVKY,
OTTIXT) EPWTNOTFATAVTNOT xou Plotateixt| avdiuor. 110 medio Tng utohoyloTixig Plo-
hoylag, ot Tohutpomixéc mEooeYYIoES avolyouy TOV BpOUO YLo T1 CUVBUNGC TIXT Xo-
TAVONOT| OEQOUEVWV UETAYRUPWUXTS, UXPOOXOTIOG %ol XEWEVIXC TANpOQORiag, EVI-
oy DOVTOC TNV EPUNVEUCLUOTNTA XAl TIC SUVATOTNTES avaxdiudng.

Yxetxd ITAaiocwa xouw Enippogc otov Xyediacud tou
Cell2T ext

H avdntuén tou Cell2Text Paciotnue oc mpdopateg TROCEYYIOEC TOAUTEOTUXNAS
udinong mou cuvdEoLY Bloloyixd Bedouéva LPNAAC BLECTIONS UE TN PUOLXT YAWOOQ,
oleuxohlvovTag TNV gpunvelar xou TNy meooPaon otn yvoor. To Prot2Text amo-
Téheoe onuelo exxivnong, anodexviovtag OTL oL TEMTEXES ax0AoUDIES uTopolY Vo
METATEATOVY OE QUOLXES TIEPLYPAPES HECW EVOWUATWONG YRUPNUATOV X YAOCOIXGDY
povtéhwy. lapouowa, to CellW hisperer €5eile MW Ol AVATMOUPAC TUCELS UETAYQEO-
POUATWY PTOPOUY Vo ELYLYEOUULGTOUY PE YAWOOWOUG YWOEOUS UECK aVTIWETIXC
EXTIOUOEVONC, ETUTEENOVTOSG OAANAETLOPAUO TIXY OlepelYNOT dedouévey scRN A — seq.
To Cell2Sentence eloryorye T UETATEOTY YOVLOLAXAC EXPEAUOTC OF «TEOTAOELS XUT-
Tdpwvy, emitpénoviac ota LLM s va yddouy and cUPBOAXEC avaTapoo TICELS YOVL-
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Ol hc Exppaong.

EmnAéov, to InstructCell eiofiyaye unyoviopols instruction—tuning xou cross—
modal svduypduuion, yenowonowwvioe Query Transformers yi cOvdeorn dedo-
uévewyv scRN A — seq pue LLM s U€6w QUOIXGY EpWTATOXRICEWY, BEATIOVOVTIS TNV Ep-
UNVEUCLOTNTA Xt TNV ahAnAentidpaon. Téhoc, To scM MG PT evornoince ta scGPT
xow LLaMA — 2 péow Q — Formers yio aupidooun uddnon Uetadd xUTTORIXOV XL
YAOOCOXOV AVATURAUC TACEWY, TEOCPEPOVTAS TAOVCLY, BLOAOYIXA CUVETY| TEQLYEPAUPLXSL
xelpeva.

1.3 Koataoxeur Iloautponixod Yuvdiouv Ae-
OOUEVWV

IInyr Acdopévev xau Xtpatnyixn Acstyuatoindiog

H Bdomn tou toAutpomuxol yog cuvorou dedouévwy tpoépyeton and 1o CELLxGENE
Census [10], éva tunomomuévo anodetrpio dedopévimv Movoxuttapixhic Blohoyiog.
E€oydyoue »uTTopind UETUOEDOUEVA CUUTEQLAUBAVOUEVLY TOU OVITTUELXOU G To-
olou, TN xatdoTaong ao¥EVELNS, TOU TUTOU TERAUATOS, TNS L0 TXNC TEOEAEUOTC, TWV
OYONACUGY TOTOU XUTTAPOU Xl TV TANEOQPORL®Y 0OTY Yo Setyyota avipdmvey
OPYOVICUMY.

Avayxaotna Ltpatnyixne Aciypatoindiog

H ami tuyada devypotorndla and yeydheg Bloloynés Bdoelg dedopévwy Onwe to
CELLxGENE obdnyel og onuavTiixd TEOBAAUATO oVOTUEACTAONG.  DUYXEXPWUEVOL
otol (61we 0 eyxépahog xou To aipa), TOmoL XUTTdpwY (6Twe tar T AeppoxiTTapa)
xou acVéveleg (6nwe n COVID — 19) eivon ducavdAoyo UTEREXTROCWTNUEVOL AOYW
NS €UXOAAS GUAAOYNC BELYUTWY, TNS XAVIXTG ONUACIOC XOL LOTOPIXWDY EPEVVNTIXY
TpotepatoTTwY. AuTy 1 uepoAndio Yo 0dnyoloe oe povtéla unyavixnc uddnone mou
amodiBouV dELoTA GE XOWOUS TUTOUS XUTTAPMY AAAS ATOTUYYAVOUY GE GTIAVIES OARS
Bloloyixd onpavTinég xatnyopleg.

Lot TNV aVTHETOTON TwV UEPOANPLOY Xou TN BLUCHEAOT) AVTITPOCWTEVTIXAC Kol
Blohoywd mowahouopgng detydoatolndlag, oyedldoTnxE Uiot oTEATNYIXY UE TEVTE GU-
UTANewUATIXEC cuVicToec. O cuvduaoude derypatorndiog Bdoet xatavourc, Touxi-
houopplag TOTWY XUTTIPWY %ot BOTWY, LOOPEOTIAS PUCLOAOYIXWOV-TIHOAOYIXMY Xo-
TAOTACEWY XU GTOYEUMEVNS ETAOYNC OTAVIOY XATIYOPUWOY ETUTEENEL TN PEAALOTIXY
ovVamaEdo TAGT, TOL XUTToELXoL TAtuouol. H mpocéyyiorn auty Ueudvel T UTEREX-
TEOCWTNCELC XOWWY WoTGY, dtatneel xplowee mnyéc BlooyinhAc YeTaBANTOTNTOC Xou
eZaopolllel evpelar xdhuPn ToL (UTTUEIXOD XAl LOTIXOV PETERTORIOL, EVIOYLOVTAS €TOL
TN YEVIXEUOT) TWV UOVTEAWVY.

Egopudooue enione par draduxactor dtaywetopol exnaldeuonc-emixdpwonc-0oxiung
ue avohoyio 80/10/10, ue droywptoud oe eninedo d6Tn yio Tn dtathpnon e Proroyixhc
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aveloptnotiog xou TNy amoguyn Slopeorc dedouévev. O alyoprduog diaoparilel ot
OAeg oL Bloloyixég xatnyopleg mou UTdEYOLY GTA GUVOAX EMXVEWONG ot BOXIHS
OVTITPOCWTEVOVTOL GTO GUVOAO EXTIOUOEUOTC.

Anurovpyia Ilepiypapwy Puowxrc '\wooog

H Sedtepn cuvic tthHoa Tou TOAUTEOTIXOU Yog GUVOAOU BESOUEVKY amoTeheltal and
OOUNUEVES TEQLYPUPES PUOLXNG YAWOCCUS TOU BNULOURYOUVTAL OO XUTTUPIXS. UETUOE-
dopéva xaL AELTOURYLXOUS OYOAAGHOUC.

Evoowpdtwon Ovrtoloyiog xouw Epunhouvtiopnog Bloloyixwy Odwy

Evioyboaue toug xutTopino0g GYOMACUOUE UEGK VO CUUTANPOUNTIXGY TEOCEY-
yioewv. Ipwtov, ol oyohacuol TOToU xUTTdEOL, 16TV Xat acVEVELUS EPTAOUTIC TNXAY
XPNOWOTOLOVTOS TUToTotNéVES Broloynéc ovtohoyieg onwe 1 Cell Ontology (CL)
INo xde ovtoloyind 6po, e€aydyoue XAVOVIXA OVOUATO OpWY, ETICTUOUS 0pLOUOUC
OToy ey SLECLUOL, Xl GUVMVUHAL YL ONOXANEWUEVT XEALT.

Acitepoy, vnoloyicoue Baduoroyieg SpaotneldTnTag Brohoyndy 08wy Yenouo-
nowdvtog 1o AUCell [11], o pédodo yio v a€lohdynor Tou EUTAOUTIONO) YOVL-
OLXWY UTOYRPOY OE EMINEDO UELOVWUEVOU XUTTApoL. Metd amd xadohiny| mpoe-
negepyaoio xou xavovixonoinor, evowuatwooue o 50 Hallmark pathways omd 1o
M SigD B »oun utohoylooyue Baduoloyieg eumioutiopol yia xdde xittopo. Piktpdpape
Brohoyxég 0dolg evepyéc o€ Teploc6TeRo amd 0.5% TwV XUTTAPWY Xal EVIOTIOUUE TiC
000 xopUPULEC EUTAOUTIOUEVES BloAoYxég 0000C avd x0OTTapo yia cuprepiindn otig
XEWEVIXEC TEQLYPAUPES.

Apytextovixy Ileprypapwny Puowxng 'oocoag

Kdée meprypapn xuttdpou axorouviel €va BounuéVo TEOTUTO TOU EVEOUNTWVEL TOV
TUTO XUTTAPOU UE TOV OVTOAOYIXO TOU OPIOHO, TNV L0 TIXT] TEOEAEUCT), TNV XATIC TUON
ac¥évelag, To QUNO, To avamTLElaxd GTABLO Xou Tig U0 xopLYale evepYES BLOAOYIXES
0dol¢. To cbotnua yepiletan Zunva Tic ehhelnovoeg TANpoopieg, cuVOLALEL TAE-
OVAGTIXOUS GYOMACUOUE I0TMY XL TRocoupUdlel TN YAOCoo BAoel TNg XATdo oG
aCVEVELNC X0 TWV ONUOYEAPIXWY YoEoXTNEIOTIXWY. ['lor Topdderyua, ylor Teplypopn
umopel vou avapépet:
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Example Description

This sample consists of a ciliated columnar cell of tracheobronchial tree, multi-
ciliated epithelial cell located in the trachea and bronchi, characterized by a
columnar shape and motile cilia on its apical surface. These cilia facilitate
mucociliary clearance by moving mucus and trapped particles toward the
pharynz. It originates from the lung parenchyma of a normal male during
elderly stage. This cell is associated with Genes mediating programmed cell
death (apoptosis) by activation of caspases. Additionally, it involves Genes
down-regulated in response to ultraviolet (UV) radiation.

Tehxda XopoaxtneioTixd xow Mepoindisg Xuvorou
Aecdopevmyv

Ot axoroudieg yovidLomng €xppaong Tou ToXOEVOTOLINX VI UE TOV TOXEVOTOLNTH
Tou Gene former €youy uéco unxoc 1,843.2 toxev, eV oL TepLYPUPES PUOLXNS YAWO-
cag oL ToxevoTolinxay Ue Tov toxevormolnt Touv Liama — 3.2 — 1B — Instructeivou
onuoavTixd Peoytepes, e p€oo 6po 104.3 toxev.

H eZétoom twv Blohoyixdy xotnyoptdV anoxahOTTeEL ONUAVTIXES AVICOPROTIES TOU
AVTOVOXAOUY TIG EYYEVELS UEQOAPIEC GTN GUANOYT BEBOPEVLY povoxuTTaEXAC. ‘Omeg
pabveton oto Ewdva 1.1, yetadd tov 783 TOnwv xuTtdpnv, To YAOLxXd XOTToRo 0TS
Ol OALY0BEVBROXVUTTOLEOL XUELIEY 0V AOYw BEBOUEVKY TTOU TROERYOVTOL ATO EYXEPANO,
eV ovoooxdTTopa 6mwe Ta T xou B hepgoxittopa eivon eniong e€éyovta. Avtideta,
OTEWUATIXG XU TAACUATOX)OTTAURN TUPAUUEVOUY UTOEXTIPOCOTNUEVA. MTIC XATNYOpRlES
aoVeverdyv (Emdva 1.2), guotohoyixd detypora xou delypota COVID —19 xuptapyodyv
peTo€l 128 %aTnyopldy, avTavaxAMVTIS TOV XEVTPIXO PONO TWY UYLOY BOTMOVY X0k TNV
aOENom TS CUANOYTHC BEBoUEVY xatd Tn Budpxelor Tne mavdnuioc. O xatoavouéc oe
eninedo oty (Ewdva 1.3) Belyvouv mopduoles ovicoppoties, e eyxépaho xat ofua
VoL XURLIEY 0LV UETAE) TwV 347 xaTnyopLeV, axohovYoLUEVOUS antd TVEDUOVA XoL UATL,
YEYOVOS TTOU avTovaxhd TNV €0Tiaon G xAWIXE oY eTH00C ot €OXOAA TEOGBAGILOUG
loto0C.

YUvolixd, ouTd Tor yoeaxTnelo Tixd unoyeoupilouy ot 1 obvieon Tou cuvolou
OEDOUEVLY avTaVaXAd Oyt uévo T Brohoyr| cuvdgela aAAd xon T Yedodohoyixn
TEOGPBAGLUOTNTA, TIC TEYVIXES TROTWHOELS X0k TIC LOTOPIXES EPELVNTIXES TPOTEQALOTT
tec. Hopd tn otpatnyxr otpwyatonomuévng derypatoindioc yoc, autég ol eyyevelg
ueporndiec oto umoxelyeva dedouéva enneedlouy 10 TEAXO GOVORO BEBOUEVLV Xol
Tpénel vou AauBdvovTar uTod XaTd TNV EPUNVELX TV ATOTEAECUSTLY TOU HOVTEAOU.
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Yyfuo 1.1: Emoxoénnon tne xatavoufic TUTeV xuTtdpwy oTo 6OVoho Bedo-

uévov. T cagrveta, eugaviCovton povo ol 30 o cuyvég xatnyoplec.

600000 592,932

500000

400000

Count

300000

200000

100000

1,961

0 S DN BN S B s s 5 P—
> > & g &
o "'}4 «o*@*“qﬁ@,f \ﬂ * “‘g k\“‘&zfgy‘if & @‘“’f <& af' o o a“"f < & \4
3 o & e & @0 o
& o § 0 < 4 4(‘”
&S 8@ s,@“ td &S 9”# @ & f* &
& o & .
& o & & @ &é
&
Categories

Yyfuor 1.2: Emioxomnon tng xatavounc xaTtnyoploy ac¥evel®y 610 6OVoOlo
oedouévov. T cagrivela, eugpavilovton pévo ol 30 mo cuyvéEC xatnyoplee.
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Yyfuo 1.3: Emoxdmnon tng xatavounc Xatnyoploy Lo Tey 6To oUVoAo Bedo-
uévov. o cogrivela, eugpavilovton pévo ol 30 mo cuyvéC xatnyoplee.

1.4  Cell2Text : Apytitextovixy, Exnaldeuon
xow A&Lohdynon

ApyixexTovixm

To Cell2T ext anotehel €vol TOAUTEOTIXO TOEAYWYIXO HOVTIENO TTOU GTOYEVEL OTN)
METATEOTY) BECOUEVWV YOVIBLAXTC EXPRACTIC UELOVWUEVOY XUTTAPMVY O QUOLXY| YAWO-
oa. H apyitextovixr tou Pacileton oe npocéyyion sequence—to—sequence (seq2seq),
omou 1 eloodog eiva 1) axorhouvdio YovIdiny evog xUTTAEOL xou 1) €080¢ ULol TORdYPAPOS
TIOU AMOTUTOVEL BLONOYIXES TOU LOLOTNTES.

Ye udmAd erninedo, To choTnua anoteheiton amd Tpla Pocixd UTOCUCTAUNTA:

e Evav xwdixonowmnt xuttdewy, Paciopévo oto Geneformer, o onolog
petatpénel Tor Sedouéva Exppoong Yovdiwy ot evowuatwoels (embeddings) oe
GUVEYES havidvov Y (OEO.

e Eva povtého mpofoAing, 10 omolo ameixovilel TIC EVOWUATOOELS TOU X(OL-
XOTIOWNTH GTOV Y(OPO AVUTURIC TACTC TOU AMOLTEL O amoxwdixononthc. Anote-
Aeltou elte amd €vay TAYpwS CUVBEBEUEVO VELPMLXO BIXTUO 500 ETTEDWY ElTE Amd
EVOLY TTPOCUPUOCTIXG UETACY NUTIO TH TUTOL (Q — Flormer, Tou onolou oplouéva
Bden (6mwe T auTo-TPocOYNG) AEYIXOTOLUVTIL ATd €V TPO-EXTIUDEUIEVO UO-
viého yadooog (Pubmed BERT).
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e Evav anoxwdixonownty xewpévou, Baciopévo oto LLaM A, o onolog
TEAYEL PUOXT) YAWGOA UE BACT TIC ATELXOVIOUEVES EVOWHUATWOOELS TOU XUTTUPOU
xou To xelyevo-taioto (prompt).

H ocuvepyaoia auteyv tov ey cuotatixwy emteénel oto Cell2Text vo «ueta-
pealely TONOTAOXES YOVIOLOXES EXPEUCELS XUTTAPWY OE XATAVONTES TEQLYPUPES, YE-
(PUEWVOVTOS TO Ydopa UETAED UwopLoxc TAneopoplag xal avip®TvNg YAWMCOAS.

This sample consists of a
ciliated columnar cell ...

TUBB4B CCDC17 LRRC23 FOXJ1 CCDC39

1 Large Language Model

Cell Encoder

You are a scientific  ge|| Features Hproj
assistant ...

Cell Embedding Vectors Hge) T

............... } Pro]ector
Yyfuor 1.4: Eynuotiny| aneixovion Tng apyLtextovxnc Tou povtéhouv Cell2Text.

Me oautév tov tpomo, 1o Cell2Text hertovpyel w¢ €va TARPKC TAEAY WYLXO
TOALTEOTUXO GUCTNUA, XAVO Vo amodidEL o€ QUOXT YAWCoo TN Blohoyxr) TAT-
POPOpPia TOU TEPLEYETAL OE DEDOUEVA LOVOXUTTURLXNG EXPEOCTG.

Exnoaldsuon

H exmaideuon tou Cell2Text €yl oyedaotel dote vo alonotel ueydha mpoex-
TUOEVPEVDL HOVTENN UE AmoBOTIXG TEOTO, TEOGUPUOLOVTAS ToL GTO VEO €pYO0 TNG ToQEo-
YOYNG PUOLXNS YAMCCOS AO BEBOUEVI YOVLOLAXTE EXPEUACTC UEUOVOUEVELV XUTTARWY.
Kotd tnv exnaldeuor SlopopeTind péer Tou UG TAULATOS TORUUEVOLY oY WUEVOL 1| TEO-
capuolovtal avdhoya Pe TOV pOAO ot Toug Bladéoyloug TOEOUG.

Kwdwxonowmtric Kuttdpwy O xwdixonomtic xuttdpwy mapauével moryw-
pévoc oe OAN T ddpxeta T exnaldevong. Aedouévou OTL €xel O TEOEXTOUOEUTEL
OE EXATOPUOPLOL YOVIOLOXES EXPEACELS UEHOVWVUEVLY XUTTIOWY, TUREYEL TAOVUCLES Xall
BLoAoYIXd OUGLWBEL AVATOEAC TACEL TwV Yowdiwy. Keatdvtag tov otoepol pewwve-
TAL TO UTOAOYLOTIXO XOOTOC Xl AMOTEETETTAL 1) AMWAEL TNG BLOAOYIXNG YVOOTNE TOU
€yeL Non pdeL.
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Movdda ITpoBoivc H povdda npofoliic exnudetetar TAfpws, xadoe ebvon u-
mebBuvn yioe TNV ELHUYEAUULCT] TWV OVOTOEUC TACEWY PETAED TOU XWOLXOTOUNTY %o
TOU AMOXWOXOTONTH.

Arnoxwdixonowmtic Ketnévou O anoxwdixonomtic (LLaM A) npocupu6le-
Ton U Plo omod TIC oxdhoulES GTEATNYIXES:

o IDviene mpooopuoyt (full finetuning): Evnuepovovtor 6Aec oL TopdueTpoL
tou LLaMA. Avth n emhoyy mpoogépet uéylotn suehiio xan duvatdtnta
Yiot AETTOUERY| EWOLXY| TROCUPUOY T OT1| VEX epyacio, ahAd amontel UEYOADTEQOUS
UTOAOYLOTIXOUC TOPOUEC XOl UVAUT).

e Parameter — Ef ficient Finetuning (LoRA): Ewodyovtou xon exnondedovion
HOVO Uixpd, Youniig-taing adapters Yéoo 6TOUG UNYAVIOHOUS TeOGOoY NS TOU
HETACYNUATIOTH, EVE 0 xUptog xopudc tou LLaM A nopoyéver maywuévos. H
TEOGEYYLOT QUTY| UELWVEL DPACTIXE TOV 0EtIUO TUPUUETEWY TTOU TEETEL VOL EVI)-
pepwdolv, emTEénovTag Toyeleg ENaVOAPES xou EXTULBEUCT) OE TEPLOPLOUEVO
A0, ywel onuavTr utoBdduion oty amédoo,.

Evowudtworn Ewc6dou xou Igotpony| (prompt) Kotd v exnoidevon,
Ol EVOWUOTWOEL TOU XUTTdpou elodyovioaw oto LLaM A yéow ey placeholder
tokens oto xelpevo ewoddov. To povtého xadodnyelton emniéov and plo otodept|
TEOTEOTY:

«Eioar emotnuovikés fonlos e&eidikevuévog atny avdlvon Oedopévawy
JLOVOKUTTAPIKNS YovIOlaKNS €K@pacns Kar ot OnNHovpyia TeptypapLkey
TEPINPewY Yia TNy KaTdoTaon Kal Tn A€rtoupyia Twy KuTTdpwy.»

Yuvdptnon Kooctoug H exnaidevon Booiletan ot ouvdptnon xéotoug onti-
Odoug povteromoinone yhwooog (causal language modeling loss), dnhadh tn Olo-
O TAUPOVUUEVT EVTpOTIX (cross —entropy loss) UETOED TwY TOPAYOUEVKDY X0l TV TEOLY-
potixwy tokens. Me autév Tov 160, TO PovTéAO uadalvel Vo TPOBAETEL TO ETOUEVO
token tng meprypapnc, Aopfdvovtoc unodn TGO T TEOTYOUUEVO OGO oL TIC EVOWL-
HATOOELS TWV XUTTEQMV.

AZwoloynon

Ovrtohoyuxr Metpixr) Opordtntag TOnwy Kuttdpou Baciopévn
oto PageRank

[ot vo amoTiunooude T TROBAEYELS TV LOVTEAWY YOG PE TPOTO TOU Vo AauPBdvel
umodn 1 Proroyiny| tepopy o TV XUTTUPXOY TUTWY, AVATTUCCOUUE [ULol UETELXT) OUOL-
btnrac Pootopévn otic oyéoec "is — a” e ovtoroyiac Cell Ontology(CL). H CL
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oVOmoRlo ToTal ¢ EVAC XATEVHUVOUEVOS XUXAXOS YPApPOS, OTIOU Ol XOUPoL avTIoTOL-
YOUV GE XUTTAPXOUS TOTOUG Xal Ol OXUES TEPLYPApOLY oyEaelg "is — a”.

[ v mocotixomoinot g cuoyETiong HETHEY BUO XUTTAUPLXWY TUTWY ¢; XL
cj, epopudlouyue tov akybprduo Personalized PageRank (PPR) ctov yedgo tng
ovtohoylog, onolog €yel petatpanel oe un xateuduvouevo. H 1déa elvon 611 €vag Tu-
yodog meplnotog Eexwvd amd Evay xOuBo xan veltal xoTd UAX0g TV OYECEWY TNG
ovtohoylog, ue miovoTnTo EToVapopds oTov apyxd xoufo. To anotéheoya eivon Eva
OLVUCHA XUTAVOUTIC TIOU ATOTUTWVEL TOGO “xovTd” Beloxetar xdde dAlog xoufog oto
onuelo exxivnong, AauBdvovtag unddm oAn ) doun tTng ovtohoylog.

H opolotnto petadt 600 xuttapxdy TOmwy oplleton oq:

| PPR(¢;| ci)>

T

S(ci,cj) o< log <1

6mou T elvor mopdpeTpog xhipaxag xou S(ci,¢) = 1. ‘Eto, ow wpée S(c, ¢))
avTxotonteilouy to Bordud AettovpyxAc xan EEEAXTIXAC CUYYEVELNS UETAE) TWwV ¢;
xau ¢ Bdoer tng ovrohoyiag CL.

Mezpuxég Tagivounong

It xhaowd oy Toavounong, omwe n medPiedn tomou xuttdpou, oToL 1
acVEVeElnS 1) amdBOaT) TOU LOVTEAOU AELOAOYEITOL HECE XANEQWUEVODY UETPIXDV OTIKC
accuracy, precision, recall xa. 1o F'1 —score. Ot UETPIXEC QUTEC ATMOTUTOVOUY TOGO
TN ouVOAXT] 0pUOTNTA 6CO X0 TNV LIGOEEOTIN AVAUECH OTIC XATNYOP(ES.

Metpuxég IlpofBredng Bioroyixorv Odwv

H avayvopion evepyov Broloyixdy odohv npoceyyileton wg évo tpdBinua morho-
TAGOY eTixetdv (multi—label), 6mou xdde xOtTapo urnopel va oyetileton pe teptoodTe-
eec amd pio 0800¢. T'ar TV ohoxAnenuévn aZlohdYnoT TN anédoong, YeNOHIOTOLOVUE
TEELC OUUTANPWHOTXES YeTpés: (1) tnv axpifela utoouvélou (subset accuracy),
mou omoutel AN TadTon UeTadh TEOBAETOUEVOY XOl TEUYUNTIXWY GUVORWY 00wV,
(2) v oyotdtnta Jaccard, n onolo amodidel pepIn| TG TWON YLl EMXUAVTTOUEVES
mpoPAédeic, xau (3) 1o otaluouévo F'1 — score, mou unoloyiletar ovd 086 xa otord-
uileton g mpog TN cuYVOTNTA TG, eacparilovtag dixan a&loAbYNoT TOGO Yo GUY VES
600 o Yol OTAVIES BLohOYIXES 000UC.

Mertpwxég ASworoynong Iapayduevou Kelpévou

[oe Ty extiunon g ToOTNTIG TWV TEPLYPAPEY TOU TUEAYEL TO HOVTENO, Y-
OWOTIOLOUUE VO GUVOLOOUO AEELAOYIXOY ol ONUACIOAOYIXWY PeTExwY. Ou BLEU
o ROUGE petpolv v emxdAudn n — gram »ou Tn SOpxT| OMOLOTNTO UE TOL XE-
{ueva avapopds, alohoyOVTaC TN oY) xou TNV TAnedTtnTa Tepleyouévou. o tn on-
HAGLOAOY XY o TOTNTA, WLadTepa xplowun ot Prolateiny| opoloyid, yeNotLoTOLUUE TO
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BERT Score, Baoctoyévo oe mpoexmoudevpéva poviého RoBERT a (yevixic yAoho-
oag) xaw BioBERT (Bolatpixol topéa). O ouvBuaoUds autdy Tmv YETEXOY €E0-
oaileL OTL OL TaPAY OUEVES TEQLYPAUPES ELVOL OYL LOVO YAWCOIXA 0pUEC XA GUVEXTIXEC,
OAAGL X0l ETLG TNUOVIXE GUVAELS.

1.5 AmnoteAéocpata

ITowotnta ITopayouevou Keipévou

ivoxag 1.1: Metpiég moldTnrag mopayOUEVOU XeWEVoOU avd povtéro. Y-
AOTEQES THIES UTOONADVOLY XUA)OTERT] TOLOTNTA TUEAYWY G KEWEVOL.

Movztého B—-4 R-2 R-L BBT RBT
LLaMA —3B+ LoRA+ MLP 48.83 57.26 63.38 86.15  89.75
LLaMA — 3B+ LoRA+ @ — Former  57.46  65.57 70.56 90.01 93.56
LLaMA—-1B+ FSDP + MLP 57.84 65.99 69.87 88.43  91.56
LLaMA—-1B+ FSDP + Q — Former 56.78 65.25 70.47 89.85 93.53

H mowdtnta tou mopayduevou xewévou allohoyhinxe péow uetpxwy BLEU,
ROUGE xou F'1 Bdoet Blolateindy xEWeVixwy evouuatnoewy. To yovtého LLaM A—
3B + LoRA 4+ @ — Forme métuye Tn cUVOMX3 xOADTEQT ONUACLONOYIXY| ATOBO0T)
(BioBERT — F1 = 90.01%, RoBERTa — F1 = 93.56%), Sciyvovtac avinuévn
IXOVOTNTOL XATAVONONE BLotaTELXol TEQIEY OUEVOL.

Avuiétwg, 1o LLaMA — 1B + FSDP + MLP unepeiye oTic n — gram YeTpl-
xéc (BLEU — 4 = 57.84%, ROUGE — 2 = 65.99%), anodeixviovtac 6t n mhipng
exnaideucT GAwV TV TapapéTeny uropel va avtiotadulost Tnv antidtnto Tou M LP
projector. I'evixd, o QQ — Former mpoc@Epel TAEOVEXTAUAUTA OE ONUACIONOYIXO ETiNE-
50, Wlwe 6Tay TO LOVTELD EXTALOEVETOL UE TEPLOPLOUEVO optdud Topauétpwmy (LoRA).
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Avayvoelorn TOrouv Kuttdpou

Hivoxag 1.2: Anddoon avayvoplong tomou xuttdpeou. Ont. Sim.: Oviohoyixy
ouoLoTNTA

Movtélo Acc 1 Ont. Sim.
Gene former(Baseline) 64.52  62.23 75.21
scG PT (Baseline) 66.55  65.01 75.63
LLaMA — 3B+ LoRA+ MLP 59.50 62.82 70.50
LLaMA — 3B+ LoRA+ Q — Former  67.83  68.52 78.52
LLaMA— 1B+ FSDP + MLP 67.95 72.76 73.49

LLaMA — 1B+ FSDP + () — Former 64.21  65.66 75.86

H avaryvépion tomou xuttdpou anoteiel pio and tic mo anoutntixég epyacieg. To
LLaMA — 1B + FSDP + MLP rétwuye tnv udmhdtepn oxpifewa (Acc) (67.95%)
xou F'1 (72.76%), Eenepvidvtag xou o toyuedtepo baseline tou scGPT (66.55% Acc,
65.01% F1).

To LLaMA — 3B 4+ Q — Former su@dvice T UEYLOTN OVIOAOYIXT] OUOLOTNTA
(78.52%), Eemepvidvtag Oha To povtéha, cupnepthauBavouévou tou scGPT (75.63%),
pe onuovt dagopd. Eivow aioonueinto 6t 1o LLaMA — 1B + FSDP + MLP,
nopbdTL mptdto oe Ace/F1, votepel oe ovtohoyur) opodtnta (73.49%) évavti tou
scGPT (75.63%), avadewvioviag évav oo cuufiBacuéd (trade — of f) petall o-
TOAUTNG axEiBELaG XAl ONUACIONOYIXAC KATAVONOTC.

ITeoBAedn AcOéveiag xauw IoTol

Hivocag 1.3: Anédoon mpdfredne acdévelog o 10100,

Movtého AocHYévela Iotéc
Acc F1 Acc F1
Geneformer(Baseline) 62.50 59.82 59.63  58.31
sc¢GPT (Baseline) 63.15 62.12  60.56  60.25
LLaMA —3B+ LoRA+ MLP 61.13 66.32 59.23 64.17
LLaMA —3B+ LoRA+ @ — Former 6380 67.76  61.65 65.79
LLaMA - 1B+ FSDP+ MLP 65.34 70.45 62.39 67.88

LLaMA—-1B+ FSDP 4+ Q — Former 62.16 65.23 58.05  61.47

H npéBhedm actévelag xou 1otol emBeordvel Tic TUCEIS TNE TEOMYOUUEVNS EVOTT-
tac. To LLaMA — 1B + FSDP + MLP métuye v xoah0Tepn cUVOAXT| ambdd00T
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(ac¥éve: 70.45% @1, w0tdc: 67.88% F'1), Pehtihvovtog 1o oyupdtepo baseline
touv scGPT (aocVévewr: 62.12% @1, wotéc: 60.25% F1) xatd 7.5-8.5 nocootaiec
povddec. H mpofiedn aciévelog fitav euxoldtepn amd tny npoliedn 1oto0, miavie
AOY ) TO BLOXELTOV YOVLBLAXWY TEOTUTMV.

To LLaM A—3B+Q— Former axohoulel ye otodepd debtepn entdoon, emBeou-
ovovtag 6Tl 1 ouvduac Ty yeron LoRA xou Q — Former evioyUel Tn oNUACLOAOY T
YEVIXELDT), TOPOTL TO UXEOTERO UOVTEAO UE TATION exTaideuoT) uneptepel ot axp{Bela.

Evtonioudéc Evepywnyv Bluohoyixdv Oddv

ivoxag 1.4: Anodoor mpofieéne evepydv Blohoyixwy odwmv. Sub. Acc.: A-
xp{Beta mAfpoug ouvorou, Jac. Sim.: Ouotdtnta Jaccard, W — F1: Ytodu-
ouévo F1.

Movtélo Sub. Acc. Jac. Sim. W —F1
Geneformer(Baseline) 35.55 49.44 56.61
sc¢GPT (Baseline) 36.13 50.13 58.35
LLaMA — 3B+ LoRA+ MLP 30.02 42.77 51.34
LLaMA — 3B+ LoRA+ Q) — Former 36.02 49.58 57.96
LLaMA—-1B+ FSDP + MLP 36.42 50.67 59.10
LLaMA— 1B+ FSDP + Q — Former 35.75 48.57 57.12

O evtomiopodg evepy®v Brohoyxcdy 00wy arnotekel Tn duoxohdTepn cpyaoia, UE
axp{Betec yopw oto 35-36%. To LLaMA — 1B + FSDP + MLP Swthpnoe tny
UTEROYT TOU, av xou PE oplaxy| Btaopd and 1o woyuped scGPT baseline (Sub. Acc.
= 36.42% évoavt 36.13%). Avtideta, o 3B + LoRA + M LP rnoapouciooe onuavtixh
TTWOT), UTOAELTOUEVO XaTd TOAD ot TeV 000 Bacelves, UTOBELXVOOVTIC OTL 1) TEPLOPL-
ouévn exnaidevon (LoRA) anoutel mo ex@poaotinolc npofokeic énwe o Q — Former.

To ydoua peto€d Subset Acuracy xou Jaccard Similarity delyvel 6T o poviéha
oLy VA evToT{OLY TOUAAYLo TOV Uit GO T 000, AAAd BUGXOAEVOVTAL OTNV TAHET) TAUTL-
on TV 800 o evepydv. g’ dha autd, 1 (oplaxt|) Bertionan Tou xopugoiou Lovtélou
pog €vavtt Tou scG PT Selyvel 6Tl T0 TEOTEWOUEVO GUC TN UTOREL VOl AVATEAC THOEL
oLV¥eTa YeToBoAXd TEOTUTIOL GE UOVOXVTTUQO DEQOUEVAL.
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1.6 Xvurepdopata xow MeAhovtixeg Emne-
HTACELS

YuunEpdoUATA

H nopoloa epyasta napovciace to Cell2Text, éva TOATEOTIXG YEVETIXO TAXCLO
TIOU GUVOEEL TN HOVOXUTTOQIXT] UETAYRUPIXT] AVIAUGCT| UE TN PUOLXY| YADOCCA, ToRAYO-
VoG EMESNYHOWES TEQLYRPAUPES xUTTAPwY amevieiag amd yowdioxd dedouéva. Méow
TOU GUVOUIGHOU TROEXTALOEVUEVKY BLOAOYIXGY UOVTEAWY UE UEYSAA YAWOOWXE UO-
viéha 1o Cell2Text yetaoynuotiCer v napadooioxy| TagVOUNcT XUTTAEMY GE Uid
Topory Wy emegnyfolun Sladixaocta.

To anoteréopota €Bel&ay OTL 1) YEVETIXY| EXTIUOEUCT| UE GTOYO TNV QXY WY QU-
oS YAWOGoOS 00NYEl OE TAOUGLOTERES XA TIO CUVEXTIXES BLOAOYIXES OVATAPAC TACELS
oe oyéon ue Tic xadoupd Stoxpttixéc mpooeyyioeic. To yovtého dev neplopiletan o€ ye-
povwpéves TeoBAEdels, aANS LodalVEL XOWVY| GNUACLOAOYLXT) VOTOEEC TACT TOU GUVOEEL
EXPEACT) YOWLBIWY, xUTTOELXY| AslToupYla, 1oTXd TAAiCLO xou acUEVELES.

O yetpixéc ovtohoywrc ouoldtntog €deilav 6t to Cell2Text avantiooel Pio-
AOYIXd GUVETH) XOTUVONOT TV GYE0EWY UeTal) TOMWY XUTTIPWY: Ol TEQICOOTERES
havioouévee TeoBAEdelc avTioToLY0UY O GTEVE GUYYEVEIC TUTOUC, YEYOVOS TTOU UTO-
ONAOVEL ECWTERIXEVTT] TNG LEEUEYIXNG OOUAC TNS XUTTAPXNS OVTOAOY(aG.

Yuvohxd, to Cell2Text amodeixviel 6Tl 0 GUVBLACHUOS VEUENMOWY PLOAOYIXWY
MOVTEAWY %O UEYEAWY YAWCOIXWY HOVTEAWY ATOTEAEL Lol EMEXTAGLUT XU EQUNVEVCL-
un otpatnywn v T Brominpogopxr. H mpocéyyion autr avolyel tov dpduo yia
EQUPUOYES OE EVPUTEPES TEQLOYES, OTWC 1) Y WELXT) UETAYEUPIXT) avdAuoT, 1 TpoBAedn
(POPUOXEVTIXWY ATOXPICEWMY Xl 1) AUTOUATT CUVIEST] ETLOTNUOVIXAC YVOOTC.

Melhovtixéc Enextdosic

Hopott to Cell2Text mapoucidlel Wlaltepa EVIUQPUVTIXG ATOTEAECUATA, LT~
XYoLV apXeTEC xateLdivoeL Yior ueAhovTixt| Bedtiwon xat Siedpuvon:

Evooudtwon npwteivixnc éxgeaocnc: H enéxtaon tou miaciov wote va
nepthoufBdver dedopéva CITE — seq o eMETpENE TO TAYEY QULVOTUTLXY| TEQLY PP,
BehtidvovTog Ty axpifela e o€ avOGOAOYIXE X TTARA.

MdOnon pe avarvtixy tepapyio (Curriculum Learning): H exnaidevon
HE TEOOBEUTIXY ELGOY WYY XUTTUPIXWY TUTWY ant6 YEVIXO0UG O EEEBIXEVUEVOUS UTOpEL
VoL EVIOYOOEL TNV XOTAVONON| TWV LERURYIXWY OYECEWMY OTNV OVTOAOYId.

Enéxtoon oc ywewxd xou yepovixd dedopéva: H evowpdtwon mhneo-
POPLOY YWEXAC 0pYAVWONG 1) YeovixNg eEENENC Vo EMETRETE TEPLYPAUPES IOV ATOTU-
TOVOLY TNV xutToEx ¥éom, avdmtuln 1 tadohoyixny| Topeio.

Awadpaotinf avatpopoddtnon: H evowupdtwon oyolwy eldxdv (Uéow
RLHF) Yo unopoloe vor euduypaup{oet T TopayOUEVES TEQLYPUPES YE TNV EMCTN-
HOVIXT] YVOOT] X0 TROXTIXES AVAYHES TV EPELVNTOV.
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Ava-eduxn) yevixevon: H allohdynon tne petagepowotnrag tou Cell2Text
petall ey (t.y. dvipmnoc-movtixt) Yo doxyudoer TV xadoMXOTNTO TWV OVATUEO-
oTdoeY Tou xan Vo avodel€etl Vepewdels apyéc xuTTopxhc Brohoylog.

Ou napamdve xateudivoelg avadexviouy o gvpd duvouxd eEEMENG TwV TOAU-
TPOTXOY TpooeYYioewy oTn Blomhnpogoewnt|, pe to Cell2Text vo Vétel Tor Yeuéa
yioe o €€unva, EMEENYNOIA X0 GUVERYTIXA GUC TAUNTA TEYYNTAC VONUOCUVNG 01N
MEAETH TOV XUTTAPLXDV XATOO TAGEWY.
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Chapter 2

Introduction

2.1 Motivation

Single-cell RNA sequencing (scRNA-seq) has transformed biology by enabling
measurement of gene expression at the level of individual cells. Unlike bulk RNA-seq,
which averages signals across populations of cells, scRNA-seq reveals cellular het-
erogeneity, providing a powerful lens for studying development, tissue organization,
disease mechanisms, and therapeutic response. Its applications span immunol-
ogy, oncology, neuroscience, and regenerative medicine, making it a cornerstone of
modern systems biology.

However, the interpretation of scRNA-seq data presents major challenges. Each
cell is represented by thousands of noisy, sparse gene expression values, forming a
high-dimensional space that is difficult to analyze directly. Current workflows rely
on dimensionality reduction, clustering, and manual annotation with marker genes,
a process that is labor-intensive, subjective, and difficult to scale to the millions
of cells generated by contemporary studies. Furthermore, annotations typically
collapse complex biology into rigid labels (e.g., “CD4 T cell”), discarding information
about functional states, tissue specificity, disease relevance, and pathway activity.

Recent advances in deep learning have produced single-cell foundation models,
such as Geneformer [1] and scGPT [2]|, which learn transferable representations
of cells directly from gene expression profiles. These models improve performance
on classification and clustering tasks, and their embeddings capture rich biological
structure. Yet, their outputs remain constrained: they rely on downstream classifiers
that map embeddings to predefined categories. This dependence on fixed label sets
limits interpretability, prevents generalization to novel cell types, and makes model
adaptation computationally expensive. In practice, the most biologically relevant
information captured in embeddings is hidden from researchers, as outputs remain
categorical and opaque.
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2.2 Problem Statement

The central problem addressed in this thesis is the mismatch between the
richness of single-cell expression data and the limited, discrete outputs
of existing computational models. While single-cell foundation models capture
complex representations of cellular identity, their reliance on classification heads
collapses this information into narrow categories. This creates several bottlenecks:

e Limited expressivity: Cells are reduced to static labels, obscuring their
state, tissue context, and pathway activity.

e Poor generalization: Models struggle with unseen or rare cell types, re-
quiring retraining or fine-tuning.

e Low interpretability: Categorical outputs provide little explanatory con-
text, making it difficult for biologists to derive mechanistic insights.

What is missing is a computational framework that can translate complex single-
cell embeddings into flexible, interpretable, and biologically meaningful outputs.
Natural language offers a powerful solution: it can describe multiple facets of cellular
identity simultaneously, without being bound to rigid ontologies, and provides a
medium that is inherently accessible to human interpretation.

2.3 Contributions

This thesis proposes Cell2Text, a multimodal generative framework that
bridges single-cell foundation models and large language models (LLMs) to translate
gene expression profiles into structured natural language descriptions. The main
contributions are as follows:

e Framework design: We develop Cell2Text, a multimodal generative frame-
work that aligns gene-level embeddings from single-cell foundation models
with instruction-tuned LLMs, enabling the generation of coherent, biologically
grounded natural language descriptions of cells.

e Predictive performance: We demonstrate that Cell2Text achieves com-
petitive results across cell type, tissue, disease, and pathway classification
tasks. Ontology-aware evaluation shows that even misclassifications main-
tain biological relevance, reflecting the model’s ability to capture semantic
structure.

e Interpretability through generation: We show that Cell2Text produces
high-quality natural language descriptions with strong semantic fidelity, cap-
turing cellular identity, tissue origin, disease associations, and pathway activity
in a way that is interpretable and scientifically meaningful.
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e Dataset construction: We curate a large-scale multimodal dataset of over
one million cells from CELLxGENE, enriched with ontology terms, tissue
and disease metadata, and pathway annotations. This resource enables cross-
modal training and evaluation at a scale not available in existing datasets.

e Scalability and label efficiency: We demonstrate that coupling single-cell
embeddings with natural language enables scalable characterization of unseen
cells, reducing dependence on large annotated reference atlases and costly
retraining.

Taken together, these contributions show that moving beyond static labels
toward natural language generation unlocks both stronger predictive performance
and inherently interpretable outputs, offering a new paradigm for scalable and
transparent single-cell analysis.

2.4 Thesis Structure

The remainder of this thesis is organized as follows. Chapter 3 provides the
theoretical background, covering single-cell biology, machine learning fundamentals,
foundation models for genomics, large language models, and related multimodal
frameworks. Chapter 4 describes the construction of our multimodal dataset,
including data collection, sampling strategies, and automated text generation.
Chapter 5 presents the Cell2Text architecture, training methodology, and evaluation
metrics. Chapter 6 reports experimental results across text generation quality,
biological entity recognition, and pathway prediction tasks. Finally, Chapter 7
concludes with a summary of contributions and directions for future work.
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Chapter 3

Theoretical Background

3.1 Single-cell Biology

3.1.1 Introduction

Cells are the fundamental units of life, and their molecular states determine their
function within tissues and organisms. Traditional molecular profiling techniques,
such as bulk RNA sequencing (RNA-seq), measure the average gene expression
across a large population of cells [12]. While bulk RNA-seq has been invaluable for
identifying differentially expressed genes between conditions, it cannot resolve cell-
to-cell variability, and rare cell types or transient cellular states may be completely
masked in the population average.

Single-cell RNA sequencing (scRNA-seq), first demonstrated by Tang et al. in
2009 [3], enables transcriptome-wide quantification at the resolution of individual
cells. By capturing and sequencing RNA from individual cells, scRNA-seq reveals
heterogeneity in cell types, states, and lineages that is invisible to bulk approaches.
This capability has transformed fields such as developmental biology, immunology,
and cancer research, and has been instrumental in large-scale efforts such as the
Human Cell Atlas [13].

3.1.2 scRNA-seq Technologies

Multiple experimental protocols exist for scRNA-seq, each with trade-offs in
throughput, sensitivity, and cost.
e Plate-based methods (e.g., SMART-seq2 [14]) capture full-length tran-

scripts with high sensitivity, enabling detection of low-abundance genes, but
are low-throughput and expensive.

e Droplet-based methods (e.g., Drop-seq [15], 10x Genomics [16]) encapsu-
late individual cells in microfluidic droplets with barcoded beads, enabling
high-throughput profiling at the cost of 3’-end bias and sparser coverage.
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e Unique Molecular Identifiers (UMIs) are short random sequences in-
corporated during library preparation to distinguish original RNA molecules
from PCR duplicates, improving quantitative accuracy.

3.1.3 Data Characteristics and Challenges

The raw output of an scRNA-seq experiment is a cell-by-gene count matrix,
where each entry represents the number of sequencing reads (or UMI counts)
mapping to a particular gene in a particular cell. However, scRNA-seq data have
several distinctive characteristics:

e High dimensionality: Tens of thousands of features (genes) per cell.

e Sparsity: Most entries are zero due to biological low expression and technical
dropouts.

e Batch effects: Systematic differences caused by variations in experimental
conditions, sequencing runs, or labs.

e Count-based distribution: Count-based distribution: Gene counts in
scRNA-seq are non-negative integers and exhibit overdispersion, meaning the
variance exceeds the mean—this makes the negative binomial distribution a
more appropriate statistical model than the simple Poisson distribution [17].

These properties complicate downstream computational analysis and motivate the
use of specialized normalization and representation learning methods.

3.1.4 Quality Control and Normalization

Before analysis, rigorous quality control (QC) is applied to remove low-quality
cells and genes:

o Cell filtering: Removing cells with too few detected genes, too few counts,
or high proportions of mitochondrial transcripts (indicative of stressed or
dying cells).

e Doublet detection: Identifying droplets containing more than one cell using
algorithms such as Scrublet [18].

e Gene filtering: Removing genes detected in only a few cells to reduce noise.

Normalization adjusts for differences in sequencing depth between cells. Common
approaches include:

e Library size normalization: Counts per million (CPM), transcripts per
million (TPM).

e Log-transformation: Stabilizes variance and reduces the effect of outliers.
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e Variance stabilization methods: e.g., SCTransform [17] models counts
with a regularized negative binomial regression.

3.1.5 Dimensionality Reduction and Clustering

Given the high dimensionality, dimensionality reduction is essential before
visualization and clustering:

e PCA is often applied first to capture the main sources of variance.
e t-SNE and UMAP [19] provide non-linear embeddings for visualization.

e Graph-based clustering methods such as Louvain or Leiden 20| partition
the cell graph into putative cell populations.

Cluster identities are assigned through marker gene analysis, where genes with
significantly higher expression in one cluster are matched to known cell type markers.

3.1.6 Extensions and Multimodal Data

Recent advances integrate scRNA-seq with additional molecular measurements:

e CITE-seq [21]| simultaneously measures transcriptomes and selected cell-
surface proteins.

e scATAC-seq [22]| captures chromatin accessibility at single-cell resolution.

e Spatial transcriptomics 23] preserves spatial location of cells within tissues
while profiling gene expression.

These multimodal datasets offer richer biological context and create new opportuni-
ties for computational models capable of cross-modal translation.

3.1.7 Biological Ontologies and Standardized Annota-
tions

Biological knowledge is inherently complex and hierarchical, requiring structured
vocabularies called biological ontologies to provide standardized terminology and
relationships between biological concepts. The Open Biological and Biomedical
Ontologies (OBO) Foundry [24] maintains high-quality, interoperable ontologies
including the Gene Ontology (GO) for molecular functions and biological processes,
the Cell Ontology (CL) for standardized cell type definitions, and the Human
Phenotype Ontology (HPO) for phenotypic descriptions.

In single-cell analysis, ontologies provide structured textual descriptions of cell
types, functions, and biological processes, enabling systematic annotation beyond
traditional manual curation approaches. These standardized vocabularies facilitate
automated annotation methods and enable integration of diverse datasets through
common semantic frameworks.
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3.1.8 Pathway-based Annotation

In addition to ontologies, biological pathways provide structured representa-
tions of gene sets that collectively carry out specific cellular functions or participate
in molecular signaling cascades. Pathway-based analysis enables the interpretation
of single-cell gene expression profiles at a systems level, moving beyond individual
marker genes to functionally coherent modules.

Several curated pathway databases are widely used in single-cell transcriptomics,
including KEGG |[25], Reactome [26], and the Molecular Signatures Database
(MSigDB) [27]. Among these, the Hallmark gene sets from MSigDB provide a
compact and interpretable representation of cellular states by summarizing canonical
biological processes into 50 well-defined pathways.

To leverage such resources, computational methods are required to evaluate
pathway activity at the resolution of individual cells. One widely adopted approach
is AUCell [11], which estimates whether the genes of a given pathway are enriched
among the most highly expressed genes of each cell. The algorithm proceeds in
three steps:

e Rank each cell’s gene expression values, producing a per-cell ordered gene
list.

e For a given gene set, compute the Area Under the Curve (AUC) of the
recovery curve, which reflects the fraction of its genes detected within the
highly expressed portion of the ranked list.

e Use the AUC value as a pathway activity score for that cell, enabling functional
annotation at single-cell resolution.

Unlike bulk enrichment approaches, AUCell is specifically designed for the
sparsity and heterogeneity of scRNA-seq data. It provides a robust means of
identifying active regulatory programs in subpopulations of cells and is readily
integrated into downstream analyses such as clustering, visualization, or pathway-
based annotation. In this way, AUCell bridges curated pathway resources with single-
cell functional interpretation, linking expression patterns to biological processes.

3.2 Machine Learning

3.2.1 Introduction

Machine learning is a branch of artificial intelligence that enables computers
to learn patterns from data without being explicitly programmed for specific
tasks. Rather than following pre-written instructions, machine learning algorithms
automatically improve their performance on a given task through experience with
training data.
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3.2.2 Learning Paradigms

Machine learning approaches can be categorized based on the nature of the
learning task and the availability of labeled data:

Supervised Learning: Algorithms learn from labeled training examples
to make predictions on new data. The dataset contains input-output pairs,
and the goal is to approximate the mapping function. Common tasks include
classification (predicting categories) and regression (predicting continuous
values). Examples include linear regression, decision trees, and support vector
machines.

Unsupervised Learning: Algorithms discover hidden patterns in data
without access to labels. These methods find structure in datasets where only
input data is available. Key tasks include clustering (grouping similar data
points), dimensionality reduction (finding lower-dimensional representations),
and association rule learning.

Semi-supervised Learning: Combines small amounts of labeled data with
larger amounts of unlabeled data to improve learning performance. This
approach is valuable when labeling data is expensive or time-consuming.

Reinforcement Learning: Algorithms learn optimal actions through trial
and error interactions with an environment, receiving rewards or penalties
for different actions.

3.2.3 Key Concepts and Algorithms

Several fundamental concepts underpin machine learning:

Training and Testing: Models are trained on a subset of data and evaluated
on held-out test data to assess generalization performance.

Overfitting and Underfitting: Overfitting occurs when a model learns the
training data too specifically and fails to generalize. Underfitting happens
when a model is too simple to capture underlying patterns.

Cross-validation: A technique for assessing model performance by repeat-
edly splitting data into training and validation sets.

Feature Selection and Engineering: The process of selecting relevant
input variables and creating new features that better represent the underlying
problem.

Common algorithms include:

Linear Models: Linear regression, logistic regression, and regularized vari-
ants (Ridge, Lasso).
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e Tree-based Methods: Decision trees, random forests, and gradient boosting
machines.

e Instance-based Learning: k-nearest neighbors and kernel methods.
e Clustering: k-means, hierarchical clustering, and density-based methods.

e Dimensionality Reduction: Principal Component Analysis (PCA), t-SNE,
and UMAP.

3.2.4 Model Evaluation and Validation

Proper evaluation is crucial for assessing machine learning model performance:

e Classification Metrics: Accuracy, precision, recall, Fl-score, and area
under the ROC curve (AUC).

e Regression Metrics: Mean squared error, mean absolute error, and coeffi-
cient of determination (R?).

e Cross-validation: k-fold cross-validation provides robust performance esti-
mates by averaging results across multiple train-test splits.

3.3 Deep Learning and Neural Networks

Deep learning has emerged as a dominant paradigm in machine learning, achiev-
ing state-of-the-art performance across domains including computer vision, natural
language processing, and computational biology. Unlike traditional machine learning
algorithms that rely heavily on manual feature engineering, deep learning methods
learn hierarchical representations directly from raw data through multi-layered
neural architectures [28].

In this section, we review the main building blocks of deep learning relevant to
this work, covering fundamental architectures and optimization techniques.

3.3.1 Optimization in Deep Neural Networks

Training deep neural networks involves solving a high-dimensional, non-convex
optimization problem, where the goal is to find parameters 6 that minimize a
task-specific loss function £(€) over data distribution p(x,y):

0" = arg meinE(x,y)Np E(f@ (gj)> y)
Unlike convex optimization, deep networks present highly non-linear landscapes

with multiple local minima and saddle points [29]. Despite this, simple first-order
methods have proven surprisingly effective in practice.
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Gradient-based methods. The backbone of modern optimization is Stochastic
Gradient Descent (SGD) [30], which updates parameters in the direction of the
negative gradient of the loss, estimated from mini-batches of data:

0 < 0 — nVoLl(0;B),

where 7 is the learning rate and B denotes a mini-batch. Variants of SGD include
momentum [31], which accelerates convergence by accumulating a velocity term,
and Nesterov momentum [32], which anticipates future gradients.

Adaptive methods. To cope with heterogeneous curvature in the parameter
space, adaptive learning rate methods have been introduced. AdaGrad [33] rescales
updates according to the historical accumulation of squared gradients, RMSProp
[34] uses an exponential moving average, and Adam [35] combines momentum with
adaptive learning rates, becoming one of the most widely adopted optimizers in
practice.

Regularization and normalization. To improve generalization, various
regularization techniques are applied during training. Dropout randomly zeroes
out activations during training to prevent co-adaptation [36], while weight decay
penalizes large parameter values. Batch Normalization [37] normalizes intermediate
activations across mini-batches, stabilizing gradients and enabling faster training.
Alternatives such as Layer Normalization [38] and Group Normalization [39] have
been introduced for settings where batch statistics are less effective.

Learning rate schedules. The learning rate plays a crucial role in optimization.
Fixed rates can lead to suboptimal convergence, motivating dynamic schedules such
as step decay, cosine annealing [40], or cyclical learning rates [41], which allow faster
convergence and help escape sharp minima. Recent work emphasizes the role of flat
minima in improving generalization [42].

Overall, optimization in deep learning represents a delicate balance between
algorithmic choices, network architecture, and data characteristics. The effectiveness
of relatively simple first-order methods remains an open and fascinating aspect of
deep learning theory.

3.3.2 Feedforward Neural Networks

The simplest form of deep learning models are feedforward neural networks,
also known as multilayer perceptrons (MLPs). An MLP consists of layers of
interconnected neurons, where each layer performs a linear transformation followed
by a non-linear activation:

A = (W ORI 4 pM)y,

where h(®) is the activation vector at layer [, W® and b() are learnable weights and
biases, and o is a non-linear activation function.
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Expressivity. The universal approximation theorem shows that even a single
hidden layer network with sufficient units can approximate any continuous function
on compact subsets of R™ [43|. In practice, deeper architectures are more parameter-
efficient and enable hierarchical representation learning, where successive layers
capture increasingly abstract features.

Activation functions. Early networks used sigmoidal activations such as the
logistic or hyperbolic tangent functions. These suffered from vanishing gradient
issues, limiting the depth of trainable networks. The introduction of the Rectified
Linear Unit (ReLU) [44] revolutionized deep learning by providing sparse activations
and alleviating vanishing gradients. Variants such as Leaky ReLU, ELU, and GELU
[45] have been proposed to further improve training stability.

Historical context and limitations. Feedforward networks date back to
the perceptron model of Rosenblatt (1958) [46], which sparked early interest in
neural computation. However, simple perceptrons were limited to linearly separable
tasks, as highlighted by Minsky and Papert (1969) [47]. The introduction of
backpropagation [48] enabled training of multilayer perceptrons, rekindling interest
in neural networks. Despite their flexibility, MLPs do not exploit structure in data
such as locality (images), sequentiality (text), or relational dependencies (graphs),
motivating specialized architectures such as CNNs, RNNs, and GNNs.

Feedforward neural networks remain a fundamental component of deep learning
research, serving as the building blocks for more complex architectures and as
versatile baselines for structured and unstructured data alike.

3.3.3 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are designed for data with grid-like
structure, such as images, by exploiting local spatial correlations. A convolutional
layer applies a set of learnable kernels K that are convolved with the input X,
producing feature maps:

hz(‘vkj) =0 (Z Ki(fv ’ Xi+u,j+v + b(k)) )

U,

where (i,7) indexes spatial location and k denotes the feature channel. This
operation introduces two crucial concepts: local receptive fields, which restrict each
neuron to only a small neighborhood of the input, and parameter sharing, which
dramatically reduces the number of learnable weights compared to fully connected
layers. Pooling operations (e.g., max pooling, average pooling) further introduce
translational invariance and dimensionality reduction.

CNNs were originally inspired by the hierarchical organization of the visual
cortex [49]. Their modern resurgence began with the success of AlexNet [50] on
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the ImageNet challenge, which demonstrated the effectiveness of deep convolutional
architectures trained on GPUs. Subsequent developments such as VGG networks
[51] and residual networks (ResNets) [52], enabled much deeper and more efficient
CNNs. While most commonly applied to image recognition, CNNs have also been
adapted to one-dimensional genomic sequences, chromatin accessibility profiles, and
spatial transcriptomics data.

3.3.4 Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) extend neural networks to handle sequential
data by introducing hidden states that evolve over time. Given an input sequence
{x;}L;, the hidden state h; at time ¢ is updated according to:

ht = O'(Whhtfl + Wx.’Et + b),

where W}, and W, are learnable weight matrices. The recursive definition enables
parameter sharing across time steps, allowing the network to capture dependencies
in variable-length sequences. However, standard RNNs suffer from vanishing and
exploding gradients during backpropagation through time, making it difficult to
learn long-range dependencies [53].

To address this, gated architectures were introduced. The Long Short-Term
Memory (LSTM) network [54] incorporates input, output, and forget gates that
control the flow of information through a memory cell, enabling robust modeling of
long sequences. RNNs dominated natural language processing prior to the advent
of Transformers, powering models for language modeling, translation, and speech
recognition.

3.3.5 Graph Neural Networks (GNNs)

Graph Neural Networks (GNNs) generalize neural architectures to data that can
be represented as graphs, i.e., sets of nodes V and edges E. A common paradigm is
message passing, where node representations are iteratively updated by aggregating
features from neighbors. For a node v, its updated embedding at layer [ 41 is given

by:

hg}l_,_l) Y (W(l) ~AGG({h1(,l)} U {h&l) T E ./\/(U)})) )

where N (v) is the neighborhood of v and AGG is a permutation-invariant aggrega-
tion function (e.g., sum, mean, attention). This allows GNNs to learn representations
that incorporate both node attributes and graph structure.

The foundational idea was introduced by Scarselli et al. [55], but modern
scalable formulations emerged with Graph Convolutional Networks (GCNs) [56],
which approximate spectral convolutions on graphs, and Graph Attention Networks
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(GATs) [57], which incorporate attention mechanisms for adaptive weighting of
neighbors. GNNs have achieved strong results in social network analysis, chemistry,
and knowledge graphs.

3.3.6 Attention Mechanisms and Transformers

Motivation. While RNNs and CNNs provided powerful tools for sequence
modeling, they suffer from inherent limitations. RNNs process inputs sequentially,
leading to difficulties in capturing long-range dependencies due to vanishing gradients
and limited parallelism. CNNs, although more parallelizable, require large receptive
fields (i.e., many stacked layers) to model long-distance relationships. Attention
mechanisms [58] were introduced as a remedy, enabling models to learn dynamic,
content-based weighting over input elements, rather than relying solely on fixed-size
context windows.

Attention Mechanism. The basic attention formulation takes a query vector
q, a set of keys {k;}, and corresponding values {v;}. The attention output is a
weighted sum of the values:

5 exp (%)

Attentlon(q, K’ V) = ;5 o = k - ’
n Je s

e exn (%)

where d, is the dimension of the key vectors. This softmax-normalized dot product
assigns higher weights to keys more similar to the query. The mechanism allows
the model to “attend” to relevant parts of the input when generating each output.

Self-Attention and Multi-Head Attention. The Transformer [6] extends
this idea through self-attention, where queries, keys, and values are learned linear
projections of the same input sequence. This enables each element in the sequence
to attend to all others, capturing global dependencies. To enrich representation
capacity, multi-head attention is introduced:

MultiHead(Q, K, V) = Concat (heady, ..., heaudh)VVO7

where each head computes an independent scaled dot-product attention with
different learned projections (WiQ, WZ-K , Wiv). Positional encodings are added to the
inputs to provide information about order, compensating for the lack of recurrence.

Transformer Architecture. The Transformer consists of stacked encoder and
decoder blocks. Each block applies multi-head attention, feedforward networks,
residual connections, and layer normalization. The encoder maps an input sequence
to contextualized embeddings, while the decoder autoregressively generates out-
puts, attending to both encoder representations and previously generated tokens.
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This design removes sequential dependencies, enabling massive parallelization and
scalability. Key improvements such as pre-layer normalization [59], efficient atten-
tion variants [60], and sparse attention [61] further extend applicability to longer
sequences and larger models.
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Figure 3.1: Transformer Architecture (Conceptual Diagram)

3.4 Single-cell Gene Expression Data Represen-
tation Learning

Single-cell RNA sequencing (scRNA-seq) has revolutionized our understanding
of cellular heterogeneity by enabling the measurement of gene expression at the
individual cell level. However, the high-dimensional, sparse, and noisy nature
of scRNA-seq data poses significant challenges for downstream analyses such as
cell type identification, trajectory inference, and perturbation prediction. Repre-
sentation learning, particularly through deep learning models, has emerged as a
powerful approach to extract meaningful low-dimensional embeddings from these
data. These embeddings capture latent patterns in gene expression, facilitating
improved performance in various tasks. Deep learning methods, including autoen-
coders, graph neural networks (GNNs), and transformer-based architectures, have
been widely adopted for this purpose. This section reviews deep learning models
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for single-cell gene expression representation learning, focusing on foundational
and transformer-based models, and includes additional relevant approaches for
comprehensiveness.

3.4.1 Early Deep Learning Models

Before the emergence of large transformer-based foundation models, variational
autoencoders (VAEs) formed the backbone of single-cell representation learning.
scVI (single-cell Variational Inference) [4] is one of the most influential VAE-based
frameworks, modeling gene expression counts with a negative binomial distribution
to account for over-dispersion and technical noise. By learning a probabilistic latent
space, scVI supports key downstream tasks such as batch correction, differential
expression, clustering, and imputation. Its hierarchical Bayesian structure enables
principled uncertainty estimation, which is especially valuable for noisy single-cell
data. scVI is highly scalable, capable of handling datasets with millions of cells
through efficient variational inference and GPU parallelization, and integrates
seamlessly with tools like Scanpy for end-to-end analysis pipelines.

scGNN [5] is a graph neural network framework that aggregates cell-cell rela-
tionships and models heterogeneous gene expression patterns for imputation and
clustering. It constructs a dynamically pruned k-nearest-neighbor cell graph (refined
iteratively via outlier detection with Isolation Forest), using multi-modal autoen-
coders: a feature autoencoder (regularized by left-truncated mixture Gaussian for
regulatory signals), graph autoencoder (two-layer GCNs for topological embed-
dings), and cluster-specific autoencoders for type-aware reconstruction. Trained
with combined MSE, cross-entropy, and regularization losses, it provides scalable
imputation tolerant to noise and superior clustering on benchmarks like Alzheimer’s
disease studies. scGNN 2.0 extends this with improved imputation capabilities via
enhanced graph refinement. Variants like scBiGNN employ bilevel graph learning
to mine gene and cell relationships simultaneously.

3.4.2 Transformer-Based Foundation Models

Transformer architectures, inspired by large language models, have been adapted
to scRNA-seq data by treating genes as tokens in a sequence. These models are often
pretrained on large corpora of single-cell transcriptomes using self-supervised tasks
like masked language modeling (MLM), enabling transfer learning to downstream
applications.

3.4.2.1 scBERT

scBERT [62], introduced as a pioneering BERT-based deep language model for
single-cell transcriptomics, addresses key challenges in cell type annotation, such
as the scarcity of curated marker gene lists, batch effects, and limited gene-gene
interaction knowledge. Built on the bidirectional encoder representations from
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transformers (BERT) architecture, scBERT treats genes as tokens in a sequence,
employing a gene-specific tokenization and embedding strategy that captures in-
tricate regulatory relationships among genes. This approach allows the model to
process high-dimensional gene expression profiles as natural language-like inputs,
where each cell’s transcriptome is represented as a sequence of gene tokens ordered
by expression levels. Pretrained on a massive unlabeled corpus exceeding 1,000,000
cells sourced primarily from the PanglaoDB repository, along with diverse datasets
like Zheng68k and pancreatic atlases, scBERT utilizes masked language modeling
for self-supervised learning. This pretraining enables the model to learn contextual
gene dependencies without task-specific supervision, with innovations like gene-
specific embeddings enhancing representational fidelity and robustness to technical
variations in scRNA-seq data.

3.4.2.2 Geneformer

Geneformer [1] represents a pioneering transformer-based foundation model
for single-cell transcriptomics, pretrained on a vast corpus of approximately 30
million single-cell transcriptomes, which has since been expanded to over 100 million
cells to enhance its representational power. This large-scale pretraining enables
Geneformer to learn robust, generalizable embeddings that capture the intricate
dynamics of gene expression across diverse biological contexts. A key innovation
in Geneformer’s architecture is its rank value encoding strategy, which reorders
genes within each cell based on their expression levels, transforming raw count
data into a sequence of gene tokens. These tokens are ranked and scaled according
to corpus-wide expression statistics, effectively prioritizing genes that distinguish
specific cell states while downweighting ubiquitously expressed housekeeping genes.
This nonparametric encoding approach significantly reduces the model’s sensitivity
to technical artifacts inherent in absolute expression counts, such as batch effects or
sequencing depth variations, leading to more reliable and biologically interpretable
representations.

The pretraining process employs a masked token prediction task, akin to masked
language modeling in natural language processing, to learn contextual relationships
among genes. Advanced variants, such as Geneformer-V2-316M, feature 316 million
parameters, a 4096-token input sequence length, and a vocabulary of approximately
20,000 genes, allowing the model to process extensive transcriptomic profiles ef-
ficiently. Through this pretraining, Geneformer generates 1152-dimensional cell
embeddings that encapsulate gene network dynamics and cellular identities, pro-
viding a versatile foundation for downstream analyses. These embeddings have
demonstrated exceptional performance in a variety of tasks, including accurate cell
type classification—even in challenging cross-species scenarios, such as applying
a human-trained model to classify mouse cells—highlighting the model’s strong
generalization capabilities.

One of Geneformer’s standout strengths is its efficacy in handling limited
data through transfer learning, making it an invaluable tool for studying rare
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cell types or under-represented disease states where annotated data is scarce. By
leveraging pre-learned knowledge from massive corpora, the model achieves high
performance with minimal fine-tuning, accelerating discoveries in precision medicine
and developmental biology. Overall, Geneformer’s innovative encoding and scalable
architecture position it as a cornerstone in the evolving landscape of single-cell
foundation models, empowering researchers to unlock deeper insights into cellular
heterogeneity and function.

3.4.2.3 scGPT

scGPT |2] is a groundbreaking foundation model for single-cell multi-omics,
leveraging generative pretraining on an extensive dataset of over 33 million cells
from diverse sources. By adapting the transformer architecture, scGPT jointly
learns cell and gene representations through sophisticated gene expression modeling
via a binning-based tokenization strategy and self-supervised tasks, effectively
distilling complex biological insights into unified embeddings. The model employs a
self-attention mechanism to capture intricate dependencies between genes and cells,
optimizing both representations simultaneously through generative objectives. This
approach enables scGPT to excel in a wide range of applications, including zero-shot
and fine-tuned scenarios for tasks such as batch correction, cell type annotation,
perturbation response prediction, and multi-omic integration.

The generative capabilities of scGPT facilitate in silico simulations of cellu-
lar states, allowing researchers to model hypothetical biological scenarios with
high fidelity. The model demonstrates exceptional performance in predicting gene
regulatory networks and reverse perturbations, providing valuable insights into
cellular dynamics. Furthermore, variants like scGPT-spatial enhance its appli-
cability by incorporating spatially resolved transcriptomics data. These variants
utilize a mixture-of-experts (MoE) decoder to model modality-specific distributions,
enabling precise analysis of spatial relationships within tissues. This makes scGPT-
spatial particularly effective for studying complex tissue architectures and spatially
dependent cellular interactions.

3.4.2.4 CellPLM

CellPLM |[63] is an advanced transformer-based model designed to extend single-
cell transcriptomics by incorporating cell-cell relational information, redefining cells
as tokens and tissues as sentences within a novel pretraining framework. This
innovative approach leverages a cell-level masked language modeling task to capture
intricate biological relationships, enabling robust analysis of spatially-resolved tran-
scriptomic data. The model integrates several key components: a gene expression
embedder that aggregates gene embeddings weighted by their expression levels; a
transformer encoder utilizing Flowformer for linear computational complexity and
2D sinusoidal positional encodings to account for spatial relationships; a Gaussian
mixture model (GMM) latent space that employs a mixture of Gaussians prior
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for variational encoding, optimized via evidence lower bound (ELBO) with recon-
struction, conditional prior, and cluster terms; and a batch-aware decoder with
feed-forward layers conditioned on batch embeddings to mitigate batch effects. This
sophisticated architecture enables CellPLM to model complex cell group interactions
and capture tissue-level dynamics effectively.

By treating cells within their relational and spatial contexts, CellPLM outper-
forms traditional single-cell models in tasks requiring an understanding of cellular
interactions, such as tissue-level analyses, zero-shot clustering, denoising, and per-
turbation prediction. The incorporation of the GMM prior allows the model to
capture distinct functional cell groups, enhancing its ability to identify biologically
meaningful clusters without extensive labeled data. This makes CellPLM particu-
larly effective in zero-shot and few-shot learning scenarios, where it can generalize
to new datasets and mitigate challenges posed by limited data availability.

3.4.2.5 LangCell

LangCell [64] is an innovative framework that integrates single-cell transcrip-
tomics with natural language processing through a multimodal language-cell pre-
training approach. This model leverages both single-cell RNA sequencing (scRNA-
seq) data and enriched textual descriptions, which include detailed cell identity
information, to create a unified representation space. By jointly pretraining on
these modalities, LangCell achieves robust zero-shot cell identity understanding,
enabling the classification of cell types based solely on textual queries without
requiring fine-tuning. This capability stems from its ability to align transcriptomic
profiles with linguistic descriptions, facilitating cross-modal knowledge transfer that
provides deep biological insights.

The framework employs contrastive learning techniques to align transcriptomic
and linguistic representations effectively. This alignment enhances multimodal
fusion, allowing LangCell to capture intricate relationships between gene expression
patterns and their corresponding textual annotations. In benchmark evaluations,
LangCell demonstrates superior performance in tasks such as automated cell anno-
tation and query-based cell retrieval, surpassing existing state-of-the-art models.
Its architecture is particularly adept at handling complex biological queries, making
it a powerful tool for interpretive, text-guided single-cell analysis.

Moreover, LangCell exhibits exceptional flexibility in various learning scenarios.
It excels in few-shot learning, where minimal labeled data is available, and maintains
strong performance when fine-tuned for specific tasks. These characteristics make
LangCell uniquely suited for applications in single-cell biology, where precise and
interpretable analysis is critical. By bridging the gap between computational biology
and natural language processing, LangCell paves the way for advanced, language-
driven exploration of cellular data, offering researchers a versatile tool for uncovering
novel biological discoveries.
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3.4.2.6 scCello

scCello [65] is a sophisticated transcriptome foundation model that integrates cell
ontology to guide its learning process, embedding structural relationships between
cell types to enhance its predictive and analytical capabilities. Pretrained on an
extensive dataset of 22 million cells, scCello leverages ontology-mapped labels to
incorporate hierarchical biological knowledge into its framework. The model is
optimized using a composite loss function that combines three key components:
masked gene expression prediction, which refines the model’s ability to reconstruct
gene expression profiles; cell-type coherence loss, which enforces distinct, type-
specific representations; and ontology alignment loss, which embeds hierarchical
relationships from the cell ontology graph. This multifaceted approach enables
scCello to achieve superior generalization in cell type classification and facilitates
the discovery of novel cell subtypes.

By incorporating prior biological knowledge through its ontology-guided ar-
chitecture, scCello addresses critical limitations of unsupervised models, which
often struggle to capture structured relationships in complex biological data. The
model’s ability to embed hierarchical cell type relationships ensures more accurate
and biologically meaningful representations, making it highly effective for diverse
downstream tasks. In benchmark evaluations, scCello demonstrates competitive
transferability, excelling in tasks such as predicting marker genes and forecasting
cancer drug responses. Its robust performance extends to both supervised and
unsupervised scenarios, offering researchers a versatile tool for exploring cellular
diversity and function.

3.5 Large Language Models

Large Language Models (LLMs) represent a paradigm shift in natural language
processing (NLP), enabling machines to understand, generate, and manipulate
human language with unprecedented accuracy and fluency. These models, typically
based on transformer architectures, have evolved from early contextual embeddings
and encoder-only models to massive autoregressive decoders and instruction-tuned
hybrids. Their scaling in parameters and training data has unlocked remarkable
performance across diverse tasks, from machine translation to reasoning and code
generation. The progression from ELMo and BERT to the GPT series, T5, PaLM,
BLOOM, and LLaMA exemplifies this trajectory, highlighting advancements in
pretraining strategies, model scaling, and efficient adaptation techniques. This
section surveys the historical development, key architectures, finetuning methods
including Parameter-Efficient Fine-Tuning (PEFT) approaches such as LoRA,
applications, challenges, and future directions of LLMs, providing a comprehensive
overview for their integration in computational biology and beyond.
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3.5.1 Evolution of LLM Architectures

The transformer architecture [6], introduced in 2017, replaced recurrence with
self-attention, enabling parallelization and better modeling of long-range depen-
dencies. Shortly before this, ELMo [66] pioneered deep contextualized word rep-
resentations using bidirectional LSTMs, showing that dynamic embeddings could
outperform static vectors like Word2Vec or GloVe. However, transformers quickly
surpassed LSTMs in scalability and efficiency, laying the foundation for today’s
LLMs.

BERT |[7] (Bidirectional Encoder Representations from Transformers), released
in 2018, marked a turning point by introducing masked language modeling (MLM)
and next-sentence prediction for bidirectional pretraining. Trained on BooksCorpus
and English Wikipedia, BERT-base (110M parameters) and BERT-large (340M
parameters) achieved state-of-the-art results on GLUE [67] and SQuAD [68|, estab-
lishing bidirectional context as critical for NLP. Its success inspired derivatives like
RoBERTa (optimized training) and XLNet [69], which combined autoregression
with permutation-based objectives to overcome MLM’s limitations.

In parallel, generative approaches flourished. OpenAl’s GPT-1 (2018) demon-
strated transfer learning from generative pretraining, while GPT-2 (2019) scaled
to 1.5B parameters and showed emergent zero-shot capabilities on summarization
and translation without explicit finetuning. The leap to GPT-3 [8], with 175B
parameters, introduced few-shot in-context learning, rivaling task-specific models.
More recently, GPT-4 (2023) added multimodal capabilities, handling both text
and images with human-level reasoning and stronger alignment mechanisms.

Meanwhile, encoder-decoder models like T5 [70] reframed NLP tasks under a
unified “text-to-text” paradigm, enabling translation, summarization, and classifica-
tion with the same model. At larger scales, PaLM (540B parameters) showcased
improved reasoning, multilingual ability, and chain-of-thought prompting. Open
science efforts also emerged: BLOOM (176B) was trained collaboratively with
multilingual coverage.

3.5.2 LLaMA

The LLaMA family of models from Meta Al exemplifies the push towards
efficient, open-source large language models that prioritize accessibility and per-
formance at various scales. Originating with LLaMA and LLaMA 2 (7B-70B
parameters), the series evolved significantly with LLaMA 3, introducing native
support for multilinguality, coding, reasoning, and tool usage through a dense
Transformer architecture up to 405B parameters and 128K token context windows
[71]. LLaMA 3.2, released in 2024, further advances this lineage with lightweight
text-only models at 1B and 3B parameters, alongside vision-enabled variants at 11B
and 90B parameters. These models feature an enhanced Transformer architecture
with expanded vocabulary and embedding dimensions to boost performance in
compact sizes. The text models are optimized for on-device use cases such as summa-
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rization and tool calling, while the vision models employ a late-fusion architecture.
This integrates image tokens from a pre-trained vision encoder (e.g., CLIP-like)
via cross-attention layers in adapter modules, enabling advanced multimodal tasks
like image reasoning and document understanding without compromising text-only
capabilities.

Pretraining for LLaMA 3.2 emphasizes efficiency and alignment, building di-
rectly on LLaMA 3.1 foundations. The lightweight text models undergo knowledge
distillation from larger LLaMA 3.1 variants (8B and 70B), using their logits as
token-level targets during pretraining on vast multilingual corpora, which is then ex-
tended to a 128K context length. Post-training incorporates supervised fine-tuning
(SF'T), rejection sampling, and direct preference optimization (DPO), augmented
by synthetic data generated with LLaMA 3.1 for tasks like instruction following,
alongside safety mitigations. For the vision models, the process begins with frozen
LLaMA 3.1 text backbones, adding trainable image encoders and adapters, followed
by pretraining on large-scale noisy image-text pairs and refined with high-quality,
domain-specific data. Alignment stages mirror the text models, including SFT and
DPO with reward modeling for preference ranking, ensuring robust performance
across vision-language tasks such as captioning and visual grounding. This method-
ology not only yields models competitive with larger counterparts but also facilitates
fine-tuning and deployment in resource-constrained environments, making LLaMA
3.2 particularly suitable for framework integrations in computational biology.

3.5.3 Pretraining Paradigms

Pretraining is the cornerstone of LLMs, typically using self-supervised learning
on massive unlabeled corpora to acquire broad language competence. Different
paradigms emerged: BERT’s MLM masks 15% of tokens for bidirectional prediction;
GPT’s autoregression predicts the next token to enable fluent generation; and
XLNet’s permutation-based modeling blends the two. T5 further unified tasks into
a sequence-to-sequence format, while recent instruction-tuned models are pretrained
or finetuned on natural language instructions paired with responses, improving
zero-shot usability.

Scaling laws, as demonstrated by GPT-3 and PaLLM, reveal predictable perfor-
mance gains with larger model size, data, and compute, motivating billion- and
trillion-parameter systems. Yet challenges persist, including dataset bias, envi-
ronmental cost of training, and reliance on specialized hardware like GPU/TPU
clusters. The emergence of community-driven models such as BLOOM and LLaMA
has partially democratized access, enabling broader research participation and
responsible exploration of alignment, efficiency, and domain-specific adaptation.
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Figure 3.2: Timeline of Large Language Model Evolution.

3.5.4 Finetuning Techniques

Finetuning adapts pretrained LLMs to specific tasks by updating weights on
labeled data, bridging the gap between general pretraining and domain-specific
applications. Traditional full finetuning updates all parameters, effective but
resource-intensive, and can risk catastrophic forgetting where the model loses
general knowledge.

To address efficiency, Parameter-Efficient Fine-Tuning (PEFT) methods up-
date only a fraction of parameters while reusing the frozen pretrained backbone.
Techniques include adapter modules, which insert small trainable layers between
transformer blocks; prompt tuning, where continuous soft embeddings replace task-
specific prompts; and prefix tuning, which optimizes virtual tokens by modifying
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the key/value states in attention layers. These approaches reduce memory footprint
and training time while maintaining strong performance.

LoRA (Low-Rank Adaptation) [9] has become a prominent PEFT method due to
its simplicity and scalability. Instead of updating the full weight matrix W e R4*F
of a linear layer (e.g., projection matrices in self-attention), LoRA freezes W and
learns a low-rank decomposition AW:

W =W + AW, AW = AB,

where A € R and B € R™** with rank r < min(d, k). During training,
only A and B are updated, while W remains fixed. This reduces the number
of trainable parameters from O(dk) to O(r(d + k)), often by several orders of
magnitude. For example, with d = k = 4096 and r = 8, LoRA requires only 65k
trainable parameters compared to 16M for the full matrix.

The forward computation for an input z € R* becomes:

h =Wz + oA(Bz),

where « is a scaling factor (typically o = r) ensuring that AW is initialized near
zero, stabilizing training. Importantly, LoRA introduces no additional inference
latency because AB can be merged into W after training.

Variants such as QLoRA further optimize efficiency by quantizing the frozen
backbone weights to 4-bit precision and keeping LoRA adapters in higher precision,
enabling finetuning of large models (e.g., 65B parameters) on a single consumer-
grade GPU.

Beyond LoRA, alignment-focused strategies such as instruction finetuning (e.g.,
FLAN, Alpaca) use diverse instruction-response pairs to enhance generalization,
while reinforcement learning from human feedback (RLHF) fine-tunes models to
better reflect human preferences, as demonstrated in InstructGPT.

3.5.5 Multimodal Large Language Models

Multimodal models extend LLMs by integrating multiple data modalities, such
as text, images, audio, and video, to enable holistic understanding and generation
across sensory inputs. This fusion mimics human cognition, where perception
combines visual, linguistic, and other cues. In computational biology, multimodal
models are particularly promising for analyzing heterogeneous data like genomic
sequences, microscopic images, and clinical notes. This subsection explores key
architectures including LLaVA and BLIP-2’s Q-Former, other notable models,
applications in computational biology, challenges, and future prospects, emphasizing
their role in advancing interdisciplinary research.

Multimodal learning involves aligning representations from different modalities
in a shared embedding space, often using contrastive losses or fusion mechanisms.
Early models like CLIP [72] pretrained vision and language encoders contrastively
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on image-text pairs, enabling zero-shot classification. Building on this, modern
multimodal LLMs leverage frozen pretrained components for efficiency.

BLIP-2 (Bootstrapping Language-Image Pre-training) 73|, introduced in 2023,
employs a Q-Former (Querying Transformer) to bridge frozen image encoders (e.g.,
ViT) and LLMs (e.g., OPT or Flan-T5). The Q-Former, a lightweight transformer,
uses learnable query embeddings to extract relevant visual features, trained in
two stages: vision-language representation learning and generative learning. This
approach achieves state-of-the-art on vision-language tasks like VQA and captioning
with reduced parameters.

LLaVA (Large Language and Vision Assistant), also from 2023, combines a vision
encoder (CLIP-ViT) with an LLM (Vicuna) via a projection layer, tuned on gener-
ated visual instruction data. Using GPT-4 to create instruction-following datasets
from image captions, LLaVA excels in multimodal chat and reasoning, approaching
GPT-4V performance. Extensions like LLaVA-Med adapt it for biomedical images.

Core components include modality-specific encoders (e.g., ViT for vision, BERT
for text) and fusion modules like cross-attention or adapters. Training often involves
bootstrapping: pre-aligning modalities then fine-tuning end-to-end. Instruction
tuning with multimodal prompts enhances task adaptability.

In computational biology, multimodal LLMs enable integrated analysis of ge-
nomic data with imaging (e.g., predicting cell types from microscopy and transcrip-
tomics) or literature mining with structural data (e.g., protein design). Challenges
include data scarcity for specialized domains, alignment across noisy modalities,
and computational demands. Future directions involve scaling to more modalities
(e.g., genomics-specific encoders) and improving efficiency for edge deployment,
fostering breakthroughs in personalized medicine and drug discovery.

3.5.6 Applications and Challenges

LLMs have transformed applications in NLP, including machine translation,
sentiment analysis, question answering, and code generation. In computational
biology, they aid in protein sequence prediction, drug discovery, and literature
mining, with multimodal extensions enhancing analysis of integrated datasets.

However, challenges persist: hallucinations, where models generate plausible but
incorrect information; ethical concerns like bias amplification; and environmental
impact from high energy consumption. Future directions include sparse models,
federated learning, and integration with knowledge graphs for enhanced reliability.

In summary, LLMs from BERT to GPT have redefined Al capabilities, with
finetuning techniques like LoRA enabling efficient customization, paving the way
for specialized applications in various domains.
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3.6 Inspiration for Cell2Text and Similar Frame-
works

The development of Cell2Text draws significant inspiration from recent advance-
ments in multimodal machine learning frameworks that bridge high-dimensional
biological data with natural language processing. These models address the chal-
lenge of translating complex genomic or proteomic information into interpretable,
human-readable formats, thereby enhancing accessibility and accelerating insights
in biomedical research. Pioneering works in this domain, such as Prot2Text for
protein function prediction, have demonstrated the efficacy of integrating special-
ized encoders with large language models (LLMs) to generate semantically rich
descriptions. Building on this foundation, subsequent single-cell-specific frameworks
like CellWhisperer, Cell2Sentence, InstructCell, and scMMGPT have further refined
multimodal alignments, incorporating contrastive learning, instruction tuning, and
large-scale pre-training to handle transcriptomic data. By adapting these strategies,
Cell2Text extends the paradigm to single-cell transcriptomics, leveraging gene em-
beddings and metadata-enriched datasets to produce comprehensive cell descriptions
that integrate cellular identity, functional states, and contextual annotations.

3.6.1 Prot2Text

Prot2Text [74] served as a primary inspiration for Cell2Text by demonstrating
the feasibility of multimodal models that generate natural language descriptions
from biological sequences. In Prot2Text, the architecture integrates graph neural
networks (GNNs) and transformers to process protein structures and sequences,
enabling the generation of functional descriptions. The method begins with encoding
protein graphs using a relational graph convolutional network (RGCN) to capture
structural relationships, representing proteins as heterogeneous graphs derived from
AlphaFold-predicted 3D structures with sequential, spatial, and hydrogen bond edges.
Protein sequences are encoded into token embeddings using ESM2-35M. These token
embeddings are fused with the mean-pooled graph representation through element-
wise addition and projection layers, repeated across multiple blocks to enrich each
amino acid token with structural information. The fused protein representations
are then integrated into a GPT-2-based transformer decoder via multi-head cross-
attention, facilitating the generation of coherent textual descriptions.

Building on this, Prot2Text v2 advances the framework with a encoder-decoder
architecture and a two-stage training process for enhanced protein function predic-
tion. The architecture features ESM-3B as the protein encoder, projecting amino
acid sequences into embeddings via a nonlinear modality projector, which maps
them into the semantic space of LLaMA-3.1-8B-Instruct. This integration avoids
complex cross-attention, simplifying training while preserving semantic richness
through structured templates that include optional metadata like protein names
and taxonomy. Dataset creation refines SwissProt data into 256,690 non-redundant
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proteins, with CD-HIT clustering ensuring low sequence identity between splits.
Training involves contrastive alignment in the first stage and instruction-based
fine-tuning in the second, using dropout on metadata to improve generalization.
These methods inspired Cell2Text’s adapter module and LLM integration, adapting
similar projection and fine-tuning strategies to bridge gene embeddings with textual
cell descriptions.

3.6.2 CellWhisperer

CellWhisperer is a multimodal model enabling chat-based exploration of single-
cell RNA-seq (scRNA-seq) data by bridging transcriptomics and natural language.
It uses Geneformer to encode transcriptomes into 2048-dimensional embeddings from
ranked gene sequences, with text encoded via BioBERT and both modalities aligned
in a shared space using CLIP-like contrastive adapters (two-layer linear modules
with ReLU and batch normalization). For generation, a two-layer adapter projects
transcriptome embeddings into eight 4096-dimensional tokens for the Mistral 7B
LLM, allowing interleaved cell-text processing with special tokens for cross-modal
attention.

The dataset comprises over 1 million transcriptome-annotation pairs from bulk
and pseudo-bulk scRNA-seq sources, with LLM-generated annotations using chain-
of-thought prompts. Training has two stages: discriminative pre-training with
InfoNCE loss, freezing Geneformer; and generative fine-tuning on synthetic Q&A
pairs. Integrated into CELLxGENE Explorer, it supports zero-shot annotation, free-
text search (e.g., intestinal T cells”), and interactive queries (e.g., Highly expressed
genes?”), with UMAP visualizations. This chat-focused, adapter-driven design
inspired Cell2Text’s prompts and projections for conversational single-cell analysis.

3.6.3 Cell2Sentence

Cell2Sentence v1 introduces a transformative approach by converting single-cell
gene expression into "cell sentences" for LLM adaptation, inspiring Cell2Text’s
gene-level embedding strategy. The method preprocesses scRNA-seq matrices by
filtering low-quality cells and genes, normalizing counts, and applying a rank-
order transformation to create sequences of gene names ordered by abundance.
This preserves biological nuances through log-linear modeling of expression-rank
relationships, allowing reversible conversion back to expression space.

Training involves fine-tuning LLMs on these cell sentences for tasks like sum-
marization and perturbation prediction, with robustness evaluated via correlation
metrics across datasets. Version 2 scales this by training on a billion-token corpus of
cell sentences, using larger LLMs like Gemma for improved performance in single-cell
tasks. These methods influenced Cell2Text’s dataset augmentation with pathways
and ontology, fostering similar cross-modal learning for descriptive outputs.
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3.6.4 InstructCell

InstructCell is a multi-modal AI copilot that enables intuitive natural language
interactions for single-cell RNA sequencing (scRNA-seq) analysis, directly inspiring
Cell2Text’s instruction-tuned LLM decoder for generating coherent cell descriptions.
The architecture features a Querying Transformer (Q-Former) to encode scRNA-seq
data into learnable query vectors via cross-attention, which are integrated with
a pre-trained LLM backbone and a reconstruction module for decoding back to
gene expression space. This setup supports tasks such as cell type annotation,
pseudo-cell generation, and drug response prediction, ensuring quantitative fidelity
alongside textual outputs.

The dataset is built from 299,155 scRNA-seq samples from public sources
like the Human Cell Atlas, with GPT-40 synthesizing diverse instruction-response
pairs incorporating user personas for varied dialogues. Training uses supervised
fine-tuning on these pairs, emphasizing cross-modal alignment through contrastive
losses to synchronize transcriptomic and textual embeddings. This conversational
focus enhances accessibility and interpretability, paralleling Cell2Text’s structured
prompts for professional genomic insights.

3.6.5 scMMGPT

scMMGPT fuses single-cell transcriptomics with textual knowledge to advance
multimodal representation learning, influencing Cell2Text’s cross-modal alignment
and description generation. It employs scGPT for deriving cell embeddings from
normalized top-2,048 expressed genes and LLaMA-2 for text processing, connected
by bidirectional Q-Former projectors (32 queries) that enable cell-to-text and
text-to-cell flows while preserving expression fidelity through tokenization.

Curated from 27 million cells in CellxGene across tissues like brain and lung, the
dataset pairs transcriptomes with ontology-based (OBO) and narrative (Wikipedia)
descriptions to ground data in interpretable language. Training features two stages:
discriminative pre-training with InfoNCE for alignment, followed by generative
pre-training emphasizing bidirectional tasks—cell-to-text autoregressive summary
generation via causal language modeling to capture functional states, and text-to-cell
reconstruction with MSE loss for simulating perturbations.
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Chapter 4

Multimodal Dataset Construction
and Sampling Methodology

4.1 Overview

This section describes the systematic approach employed for constructing a
large-scale multimodal dataset constisting of 1M cells, combining single-cell RNA
sequencing (scRNA-seq) gene expression data with associated textual metadata.
The dataset was carefully sampled from the CELLxGENE Census database to
ensure comprehensive representation across multiple biological dimensions while
maintaining statistical rigor for downstream machine learning applications.

4.2 Data Source and Initial Filtering

The foundation of our multimodal dataset originates from the CELLxGENE
Census [10], a standardized corpus of single-cell transcriptomic data. We extracted
cellular metadata including developmental stage, disease status, assay type, tissue
origin, cell type annotations, and donor information for Homo sapiens samples.

4.2.1 Quality Control and Exclusion Criteria

To ensure data quality and consistency, we implemented a multi-stage filtering
pipeline:

1. Metadata Completeness: Cells were required to have complete annotations
for tissue type, disease status, and cell type classifications.

2. Primary Data Selection: Only primary experimental data was retained,
Removing duplicate entries.
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3. Assay Technology Filtering: We excluded rare or highly specialized
sequencing protocols to maintain technical consistency:

Full-length protocols: Smart-seq variants

Low-prevalence methods: Quartz-seq, MARS-seq, SORT-seq
Proprietary technologies: GEXSCOPE, BD Rhapsody

Targeted approaches: 10x gene expression flex

After initial filtering, the dataset comprised N_filtered cells meeting our
quality criteria.

4.3 Stratified Sampling Strategy

To construct a representative subset while maintaining biological diversity, we
implemented a multi-component stratified sampling strategy. The target dataset
size was set to target_total cells, distributed across five complementary sampling
approaches:

Table 4.1: Sampling strategy allocation and objectives

Sampling Component Allocation (%) Primary Objective

Distribution-based 30% Overall population representation

Cell type diversity 25% Comprehensive cell type coverage
Disease representation 20% Pathological condition diversity

Donor diversity 15% Inter-individual variation

Rare categories 10% Low-frequency tissue/stage preservation

4.3.1 Distribution-based Sampling with Tissue Adjust-
ment

The distribution-based component aims to reflect the overall population struc-
ture while correcting for known overrepresentation biases in the source database.
We identified that brain and blood tissues were disproportionately represented and
implemented weighted sampling to achieve more realistic biological proportions:

(®)
Z‘f‘iﬂ if tissue(i) =t and p

wi - pobserved
1 otherwise

where pg)rget and p(()tgserved represent target and observed proportions for tissue

®) (t)
bserved > ptarget (4 1)

t
[¢)

type t, respectively.
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4.3.2 Cell Type Diversity Sampling

To ensure comprehensive representation of cellular diversity, we implemented a
capped sampling strategy across cell types:

ngz)mple = min (nz(aff)ailabl@ [0.03 x ncell_typeD (4.2)
where ngz)m 1o Tepresents the number of cells sampled for cell type ¢, capped at

3% of the total cell type allocation to prevent dominance by highly abundant cell
types.

4.3.3 Disease Representation Strategy

Disease sampling employed differential capping to balance normal and patho-
logical conditions while preventing overrepresentation of specific diseases:

w min(niilﬂable, 0.05 X Ngisease) if d = COVID-19
disease — § min(n, 2110, 0.70 X Ngisease)  if d = normal (4.3)
min(ng‘i;ﬂable, 0.03 X Ngisease) Otherwise

4.3.4 Donor Diversity and Rare Category Sampling

Donor diversity sampling ensured broad representation across individuals by
capping contributions per donor at 2% of the donor allocation. Rare category
sampling targeted tissues and developmental stages in the bottom 10th percentile
of frequency distribution to preserve representation of biologically important but
numerically rare categories.

4.4 Dataset Splitting Strategy

We implemented a robust train-validation-test splitting procedure designed to
prevent data leakage while ensuring comprehensive category representation in the
training set. The splitting follows a 80/10/10 ratio with donor-level partitioning to
maintain biological independence.

4.5 Diversity Metrics and Quality Assessment

To quantify the representational quality of our sampling strategy, we employed
the normalized Shannon diversity index across multiple biological dimensions:
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Algorithm 1 Robust Dataset Splitting with Category Preservation

Input: Dataset D, stratification columns S, target ratios (T ain, val, T'test)
Initialize Dipain < 0, Dyal < 0, Diest < 0
for each column s € S do
for each category c¢ in column s do
if category c not represented in training donors then
Select minimal donor d covering category ¢
Add d to training donor set
end if
end for
end for
: Greedily assign remaining donors to validation and test sets based on
target sizes
. Assign remaining donors to training set
: return (Dtraim Dvah Dtest)

= =
—= O

— =
w N

LS g (pr

norm
where p; represents the proportion of category ¢ in variable X, and k is the total
number of categories. This metric provides a standardized measure of diversity
ranging from 0 (complete homogeneity) to 1 (perfect evenness).

(4.4)

Variable Before Sampling After Sampling
Cell Type 0.7470 0.8431
Tissue (general) 0.6106 0.7035
Disease 0.3479 0.4957

Table 4.2: Normalized Shannon diversity before and after applying the sam-
pling strategy.

4.6 Multimodal Text Description Generation

The second component of our multimodal dataset consists of structured natural
language descriptions generated from cellular metadata and functional annota-
tions. This text generation pipeline transforms categorical biological metadata into
coherent, contextually rich descriptions suitable for cross-modal learning.
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4.6.1 Ontology Integration and Pathway Enrichment
We enhanced cellular annotations through two complementary approaches:
Biological Ontology Integration Cell type, tissue, disease, and other cate-
gorical annotations were enriched using standardized biological ontologies including

the Cell Ontology (CL), Human Phenotype Ontology (HPO), and Experimental
Factor Ontology (EFO). For each ontological term, we extracted:

e Canonical term names
e Formal definitions when available
e Synonyms for comprehensive coverage
Functional Pathway Analysis We computed pathway activity scores using

AUCell [11], a method for assessing gene signature enrichment at the single-cell
level. The analysis pipeline consisted of:

1. Global Preprocessing: Normalization and highly variable gene (HVG)
selection across the entire dataset to ensure consistent feature space

2. Gene Signature Loading: Integration of Hallmark pathways from MSigDB
v2025.1 containing curated biological process signatures

3. Batch-wise AUCell Computation: Processing cells in chunks to manage
memory constraints while calculating enrichment scores:

1 ’I”i,g

Gsl 25 N

AUC; , =

(4.5)

where AUC; ; represents the area under the curve for cell ¢ and signature s, G
is the set of genes in signature s, r; 4 is the rank of gene g in cell ¢, and N is the
total number of genes.

Pathway Selection and Assignment From the computed AUCell scores,
we:

e Filtered pathways active in >0.5% of cells to focus on biologically relevant
processes

e Identified the top two most enriched pathways per cell for inclusion in text
descriptions

e Mapped pathway names to human-readable descriptions via web scraping of
pathway URLs
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4.6.2 Natural Language Description Architecture

Our text generation system employs a rule-based approach with sophisticated
linguistic templates that adapt to biological context:

Developmental Stage Bucketing Age-related metadata was standardized
into biologically meaningful categories:

early embryonic stage if s € {9-16 weeks post-fertilization}
late embryonic stage if s € {17-31 weeks post-fertilization}
infancy if s € [0,2) years
early childhood if s € [2,5) years
childhood if s € [5,15) years
AgeBucket(s) = ¢ adolescence if s € [15,20) years
young adulthood if s € [20,30) years
adulthood if s € [30,50) years
middle age if s € [50,65) years
elderly stage if s € [65,80) years
advanced elderly stage if s > 80 years

(4.6)

Template-based Description Generation Each cell description follows a
structured template:

"This sample consists of a [CELL TYPE], [CELL DEFINITION].
It originates from the [TISSUE] of a [DISEASE STATUS| [SEX]
during [DEVELOPMENTAL STAGE]. This cell is associated with
[PATHWAY _1]. Additionally, it involves [PATHWAY 2]."

Example Description

This sample consists of a ciliated columnar cell of tracheobronchial tree, multi-
ciliated epithelial cell located in the trachea and bronchi, characterized by a
columnar shape and motile cilia on its apical surface. These cilia facilitate
mucociliary clearance by moving mucus and trapped particles toward the
pharynx. It originates from the lung parenchyma of a normal male during
elderly stage. This cell is associated with Genes mediating programmed cell
death (apoptosis) by activation of caspases. Additionally, it involves Genes
down-regulated in response to ultraviolet (UV) radiation.

The system intelligently handles missing information, combines redundant
tissue annotations, and adapts language based on disease status and demographic
characteristics.
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4.6.3 Text Description Quality Metrics

Generated descriptions exhibit several desirable properties:

e Completeness: Integration of all available metadata dimensions
e Biological Accuracy: Incorporation of formal ontological definitions
¢ Functional Context: Inclusion of pathway activity information

e Linguistic Coherence: Natural language flow with appropriate biological
terminology

e Consistency: Standardized format across all samples while preserving bio-
logical specificity

4.7 Validation and Quality Assurance
Our sampling methodology underwent rigorous validation to ensure:

1. No Data Leakage: Complete donor-level separation between training,
validation, and test sets

2. Category Completeness: All biological categories present in validation
and test sets are represented in the training set

3. Diversity Preservation: Maintenance of biological diversity across all
dataset partitions

4. Statistical Balance: Appropriate representation of rare and common bio-
logical conditions

The resulting multimodal dataset provides a robust foundation for training
and evaluating machine learning models that integrate gene expression and textual
information while maintaining the biological complexity inherent in single-cell
transcriptomic data.

4.8 Final Dataset Characteristics

The dataset exhibits distinct statistical and distributional patterns across its vari-
ous dimensions. Gene expression sequences tokenized with the Geneformer tokenizer
(Figure 4.1) have an average length of 1,843.2 tokens, with the distribution peaking
between 1,000—1,500 tokens and a noticeable spike at the 4,096-token maximum,
reflecting truncation or padding effects. In contrast, natural language descriptions
tokenized with the Llama-3.2-1B-Instruct tokenizer (Figure 4.2) are much shorter,
averaging 104.3 tokens, with most clustering around 100-150 tokens and steadily
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fewer exceeding 200 tokens. Examining biological categories reveals strong skews:
among 783 annotated cell types (Figure 4.3), glial cells such as oligodendrocytes
dominate due to brain-derived data, while immune cells like T and B cells are also
prominent, whereas stromal and plasma cells remain underrepresented, highlighting
biases introduced by sampling accessibility and methodological challenges. A similar
pattern is observed in disease categories (Figure 4.4), where normal (592,932) and
COVID-19 (61,961) samples dominate among 128 categories, reflecting the central
role of healthy controls in baseline studies and the surge of data collection during
the pandemic. Tissue-level distributions (Figure 4.5) reinforce these imbalances:
brain (211,063) and blood (177,460) top the 347 annotated categories, followed
by lung (87,784) and eye (59,430), consistent with the focus on clinically relevant
and accessible tissues. Assay representation (Figure 4.7) is similarly skewed, with
droplet-based single-cell RNA-seq protocols 10x v3 (480,361) and 10x v2 (242,493)
far outnumbering others such as scRNA-seq3 (86,205) and 10x transcription profiling
(53,623), underscoring the dominance of scalable standardized methods. Finally,
pathway distributions (Figure 4.6) are shaped by these sampling and tissue biases:
hallmark TNF-« via NFxB (302,664) and hallmark UV response DN (205,134) lead,
alongside immune-related pathways such as interferon-« response (167,957) and
allograft rejection (151,116), while tissue-specific pathways like spermatogenesis
(3,109) remain rare. Together, these statistics highlight that the dataset’s compo-
sition reflects not only biological relevance but also methodological accessibility,
technical preferences, and historical research priorities.

Dataset Split ~ Number of Cells

Training Set 799,711 cells
Validation Set 100,083 cells
Test Set 100,090 cells

Table 4.3: Number of Cell of each Dataset Split
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Figure 4.1: Distribution of tokens in gene expression sequences
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Figure 4.3: Overview of the distribution of cell types in the dataset. For
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Figure 4.4: Overview of the distribution of disease categories in the dataset.
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Figure 4.6: Overview of the distribution of pathway categories in the dataset.
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Chapter 5

Cell2Text: Architecture, Training,
Evalluation

5.1 Model Architecture

The Cell2Text model is a multimodal generative framework designed to trans-
form single-cell gene expression data into natural language descriptions. At a high
level, the system combines:

e A cell encoder, Geneformer, which embeds raw gene expression tokens into
a continuous latent representation.

e A projection module, which maps the encoder’s tokens into the embedding
space expected by the decoder.

e A text decoder, based on LLaMA, which generates natural language condi-
tioned on the projected cell embeddings.

This architecture allows the system to jointly reason over high-dimensional cell
expression profiles and produce coherent textual descriptions, bridging the gap
between molecular-level input and human-readable output.
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Figure 5.1: High-level architecture of the Cell2Text model.

5.1.1 Cell Encoder: Geneformer

The encoder of Cell2Text is built on top of Geneformer, a transformer-based
model trained on 100 millions of single-cell expression profiles. Geneformer tokenizes
single-cell gene expression data starting from a count matrix, where it performs
normalization using a pre-calculated non-zero median derived from its pretraining
corpus. The resulting token sequence consists of rank-valued gene expressions,
sorted by their values, which capture the relative expression levels across genes in a
cell.

Given this input sequence of gene expression tokens (where each token cor-
responds to a gene or transcript identifier), Geneformer produces contextualized
embeddings that capture co-expression relationships, biological pathways, and
regulatory dependencies.

The encoder outputs a tensor of shape (B, L, H), where B is the batch size, L
is the number of input tokens (e.g., up to 4096), and H is the hidden dimension.

Cell2Text frames the overall task as a sequence-to-sequence (seq2seq)
problem, transforming the sequence of sorted, rank-valued gene expressions into
natural language text.

5.1.2 Projection Module

The encoder embeddings and the decoder input embeddings typically live in
spaces of different dimensionalities. To align them, Cell2Text employs a projection
module. This projector is responsible for mapping the cell encoder hidden states
(Hene) into the decoder hidden dimension (H ge.).

This projection can be approached with two distinct philosophies. The first is
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direct token-level translation, where every output token from the cell encoder
(e.g., L = 4096) is individually mapped to the decoder’s space. This preserves
the full sequence length but requires the decoder to handle a very long input of
biological tokens. The second philosophy is fixed-length summarization, which
acts as an information bottleneck. This approach uses a small, fixed number of
learnable "query" tokens to distill or summarize the entire long sequence of cell
embeddings into a short, fixed-length representation (e.g., 32 tokens). We explored
both approaches:

1. MLP Projection Layer: This implements the direct translation philosophy.
It is a lightweight 2-layer perceptron with a hidden dimension of 2048, GELU
activation, layer normalization, and dropout. It processes each of the L input
tokens independently and is computationally efficient.

2. QFormer Projector: This implements the fized-length summarization phi-
losophy. Inspired by BLIP-2 and adapted for biomedical applications, this
module uses a PubMedBERT-base backbone. Specifically, the self-attention
layers and standard feed-forward networks (FFNs) are initialized from the
pre-trained PubMedBERT weights, enabling the query tokens to leverage
biomedical textual knowledge. In contrast, the cross-attention layers (inserted
every 2 layers, allowing the 256 queries to attend to the L = 4096 cell embed-
dings) and query-specific FFNs are randomly initialized. This architecture
forces the model to learn a compact, summary representation of the cell. For
a visual overview, see Figure 5.2.

Input Image
—— for every
iﬁ. other block
&

Learned
Querias [ = O0-E D]

Figure 5.2: Overview of the Q-Former architecture (adapted from BLIP-2).
The Q-Former bridges the cell encoder outputs to the decoder space via
learnable query tokens that summarize the biological information through
cross-attention.
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5.1.3 Text Decoder: LLaMA

For natural language generation, Cell2Text employs a modified LLaMA decoder.
The decoder is a large language model pretrained on textual data, with the following
modifications:

e A placeholder token mechanism, which allows inserting projected cell em-
beddings directly into the token stream.

e A custom input preparation step, where placeholder tokens in the prompt
are replaced by projected cell embeddings before decoding.

e Standard autoregressive generation capabilities (beam search, temperature
sampling, top-p filtering).

This design enables the decoder to seamlessly blend cell-derived embeddings
with text prompts, producing cell-specific natural language outputs.

5.1.4 Forward Pass

The forward pass through Cell2Text can be summarized as:

1. Encode gene expression tokens with Geneformer to obtain cell embeddings

Hcell-

2. Project H.e into the decoder space using the selected projector (MLP or
QFormer) to get Hppoj.

3. Insert projected embeddings Hp,,; into the decoder input sequence at place-
holder positions.

4. Generate text autoregressively with LLaMA.

Formally, given expression tokens X . and a textual prompt Xyey¢:
H_ .y = Geneformer(X..y),
Hiypro; = Projector(Hee),
Y = LLaMA (Xtext, Hproj),

where Y denotes the generated natural language sequence.

5.2 Training Strategy

The training of the Cell2Text model is designed to efficiently adapt large
pretrained models for the novel task of generating natural language descriptions
from single-cell expression data. The overall strategy is modular, with different
components either frozen or finetuned depending on their role and the computational
resources available.
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5.2.1 Frozen Cell Encoder

The Geneformer encoder is kept frozen throughout training. Since Geneformer
is already pretrained on millions of single-cell profiles, it provides rich contextualized
embeddings of expression tokens. Freezing the encoder reduces the computational
cost and prevents catastrophic forgetting of its biological representations.

5.2.2 Projection Module Training

The projection module is fully trained as it is responsible for aligning the
encoder and decoder embedding spaces. Depending on the experiment, we use one
of two architectures:

e MLP projector: a lightweight 2-layer feedforward network with GELU
activations and dropout.

e QFormer projector: query tokens interact with the encoder outputs through
cross-attention layers, inspired by BLIP-2, allowing parameter-efficient repre-
sentation learning.

In all cases, the projector is fully trainable.

5.2.3 Decoder Finetuning Strategies

The LLaMA decoder is initialized from a pretrained checkpoint and adapted
for our task. We explore multiple finetuning strategies that balance computational
efficiency with model expressiveness:

5.2.3.1 Full Finetuning with FSDP

For scenarios requiring maximum model capacity and where computational
resources permit, we employ Fully Sharded Data Parallel (FSDP) training.
FSDP is a distributed training paradigm that shards model parameters, gradients,
and optimizer states across multiple GPUs, enabling training of models that exceed
single-GPU memory capacity.

Key characteristics of our FSDP implementation:

e Parameter sharding: Model parameters are partitioned across all available
GPUs, with each device holding only a fraction of the full model. During
forward and backward passes, parameters are gathered on-demand via all-
gather operations.

e Gradient accumulation: To simulate larger effective batch sizes, gradients
are accumulated over multiple micro-batches before performing optimizer
steps. Gradient clipping with a maximum norm of 0.1 is applied to stabilize
training.
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e Backward prefetching: The BACKWARD_PRE prefetch strategy is employed to
overlap communication and computation during the backward pass, improving
training throughput.

e Synchronization: The sync_module_states flag ensures all processes start
with identical model parameters, and use_orig_params maintains compati-
bility with standard PyTorch optimizers.

FSDP enables full finetuning of all decoder parameters while maintaining mem-
ory efficiency. This approach achieves maximum flexibility and model expressiveness
but requires multi-GPU infrastructure and careful hyperparameter tuning.

5.2.3.2 Parameter-Efficient Finetuning with LoRA and DDP

For resource-constrained settings or rapid experimentation, we employ Low-
Rank Adaptation (LoRA) combined with Distributed Data Parallel (DDP)
training. LoRA injects trainable low-rank matrices into the attention layers while
keeping the majority of LLaMA parameters frozen.

Key characteristics of our LoRA implementation:

e Selective adaptation: Only low-rank adapters are trained, reducing the
number of trainable parameters.

e Rank selection: We use low-rank bottlenecks to capture task-specific adap-
tations while maintaining parameter efficiency.

e DDP parallelism: Unlike FSDP’s parameter sharding, DDP replicates the
full model on each GPU and synchronizes gradients after each backward
pass. This is more memory-intensive per device but simpler to implement
and debug.

e Memory footprint: By freezing the vast majority of decoder parameters,
LoRA enables training on single-GPU setups or smaller GPU clusters.

The choice between FSDP and LoRA depends on the available computational
budget: FSDP provides maximum model capacity at the cost of implementation
complexity, while LoRA offers rapid iteration and lower hardware requirements.

5.2.4 Decoder Input Integration

To integrate cell embeddings into the decoder, placeholder tokens in the input
sequence are replaced with projected encoder embeddings during training. The
decoder is additionally conditioned with a fixed system prompt:

“You are a scientific assistant specialized in analyzing single-cell gene
expression data and generating descriptive summaries of cell states and
functions.”
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This prompt enforces domain-specific generation behavior and guides the model
toward scientifically accurate outputs.

5.2.5 Training Objective

We use the standard causal language modeling loss (cross-entropy loss) over
the generated tokens. Given the input cell embeddings H,,,; and a target sequence
of tokens Y, the objective is:

T
ﬁ = — Zlogp(yt | y<t7Hp7'0j)’
t=1

where T is the output sequence length.

5.3 Evaluation Metrics

5.3.1 Ontology-Based Pagerank Cell Type Similarity
Metric

To evaluate cell type classification beyond simple accuracy, we employ a similarity
metric that captures the biological and hierarchical relatedness between cell types.
This metric accommodates "near misses" where a predicted cell type is incorrect
but closely related to the true label (e.g., predicting "T cell” instead of ’CD4+ T
cell’).

Inspired by SCCELLO [65], we utilize the structured knowledge of the Cell
Ontology (CL) [24] to compute these similarities, enabling a nuanced assessment
of how well predictions align with true cell types in terms of biological meaning.
Unlike sSCCELLO, which applies ontology-based similarity for contrastive learning
to train a single-cell encoder, our approach uses this metric to evaluate predictions,
providing deeper insight into the model’s understanding of cell type relationships
and its ability to navigate the hierarchical structure of cell biology.

5.3.1.1 Ontology Graph Construction

The Cell Ontology (CL) is represented as a directed acyclic graph (DAG), where
nodes correspond to cell types and edges correspond to is_a relations (parent-child
hierarchical relationships).

Formally, we define the ontology as a graph:

g=W¢&), (5.1)
where:

e V is the set of vertices (cell type terms),
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e £ CV xVis the set of directed edges such that (u,v) € € if u is a parent of
v via an is_a relation.

For similarity purposes, we treat the graph as undirected, allowing information
to flow both from parents to children and from children to parents. This choice
reflects the intuition that ontological similarity is bi-directional.

5.3.1.2 Personalized PageRank for Cell Types

We employ Personalized PageRank (PPR) [75] as the foundation of our
similarity metric. Imagine a random walker starting at a cell type (source node)
exploring the graph but biased to return to the starting node (personalization).
This bias ensures higher scores for biologically related cell types, like subtypes or
parents, while distant ones score lower.

For a given source node s € V, the personalized PageRank vector 7(*) assigns a
stationary distribution over all nodes, indicating how strongly each node is connected
to s through the ontology structure. The PageRank vector is defined as the solution
to the recurrence:

) = (1—a)es +ar® P, (5.2)

where:
e a € (0,1) is the damping factor (typically a = 0.9),
e e, is the personalization vector, with (es); = 1 if i = s, and 0 otherwise,

e P is the transition probability matrix of the random walk on G, with entries

1 e s
Pz] — deg(i) lf (Zaj) € 57
0 otherwise.

Equation (5.2) admits a closed-form solution:
) =(1—a)I—aP) e, (5.3)

Intuitively, ﬂj(s) reflects the probability that a random walk starting from node
s is found at node j in the stationary distribution, where the walk occasionally

“teleports” back to s with probability (1 — «).

5.3.1.3 Similarity Definition and Biological Asymmetry

For a cell type ¢;, we compute a Personalized PageRank vector with personal-
ization centered on ¢;, where PPR(c;|c;) measures relatedness to ¢j. The similarity
score between two cell types ¢; and c¢; is defined as:

St o (1 PPREHD) ”

where 7 is a small threshold constant that scales scores before normalization to
[0,1]. The diagonal elements are defined as S(¢;,¢;) =1 for all ¢; € V.
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5.3.1.4 Distributional Analysis

The similarity matrix S € RVI*IV is dense but exhibits structure. We analyze
its distribution to understand semantic relationships:

e The diagonal corresponds to perfect self-similarity: S;; = 1.

e The off-diagonal values capture semantic closeness between different cell
types.

e Many pairs exhibit near-zero similarity (sparsity), reflecting unrelated ontol-
ogy branches.

Empirically, we observe that similarity scores are heavy-tailed: a small fraction
of pairs exhibit high similarity, while the majority are close to zero. This reflects
the hierarchical structure of the ontology.

5.3.1.5 Distribution and Statistics of the Similarity Metric

The similarity scores, computed using Personalized PageRank (PPR) on the
undirected Cell Ontology graph, exhibit a characteristic distribution that under-
scores their effectiveness for cell type annotation. As illustrated in Figure 5.3, the
distribution of similarity scores across all pairs of cell types is highly skewed, with
the vast majority of pairs having near-zero similarity. This reflects the hierarchical
and sparse nature of the Cell Ontology, where most cell types are distantly related,
and only a small fraction share close ontological relationships.

Quantitatively, the similarity scores range from 0 to 1, with a mean of 0.049 and
a median of 0.016, indicating strong right skewness. Notably, 95% of cell type pairs
have similarity scores below 0.215, while only the top 1% of pairs achieve similarities
above 0.438. These statistics, summarized in Table 5.1, confirm the heavy-tailed
nature of the distribution, where high similarity scores are rare and correspond to
biologically meaningful relationships (e.g., between “T Cell” and “CD4+ T-cell”).

The cumulative distribution function (CDF), shown in Figure 5.4, further
highlights this property. The sharp rise in the CDF at low similarity values
demonstrates that a large fraction of pairwise similarities are small, enabling
effective discrimination between related and unrelated cell types. This heavy-tailed
distribution is crucial for our application, as it ensures that the similarity metric
can distinguish closely related cell types (e.g., within the same ontological branch)
from unrelated ones, thereby supporting accurate evaluation of LLM predictions.

Statistical analysis confirms the heavy-tailed nature of our similarity distribution.
Log-log regression analysis shows strong linearity (R? = 0.862) with a power-law
exponent of a = 0.67, while rank-frequency analysis demonstrates excellent fit
quality (R? = 0.930). These results validate that our PageRank-based similarities
exhibit the expected heavy-tailed characteristics of hierarchical biological networks,
ensuring effective discrimination between closely related and distant cell types
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The skewed distribution has important implications for cell type annotation.
High similarity scores indicate semantically close cell types, allowing the metric to
assign partial credit to “near misses” in LLM predictions (e.g., predicting “T Cell”
instead of “CD4-+ T-cell”). Conversely, the prevalence of low similarity scores ensures
that unrelated cell types (e.g., “T Cell” vs. “Neuron”) are clearly separated, reducing
false positives in annotation tasks. This property makes the metric particularly
well-suited for bridging the structured knowledge of the Cell Ontology with the
statistical predictions of LLMs.

Table 5.1: Summary statistics of the PageRank-based similarity scores across
all cell type pairs in the Cell Ontology, highlighting the heavy-tailed distribu-
tion.

Statistic Value
Mean 0.049
Median 0.016

95th Percentile 0.215
Top 1% Threshold 0.438

Distribution of Similarity Values

105

105 4

104 4

Frequency (log scale)

103 4

102 4

0.0 0.2 0.4 0.6 0.8 1.0
Similarity Score

Figure 5.3: Distribution of similarity scores across all cell type pairs in the
Cell Ontology, plotted on a logarithmic frequency scale to emphasize the
heavy-tailed nature.
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Figure 5.4: Cumulative distribution function (CDF) of similarity scores,
showing the rapid accumulation of low similarity values.

5.3.1.6 Application to Cell Type Annotation

This similarity metric provides a principled way to compare candidate cell type
labels suggested by LLMs against ontology-defined cell types. Given a predicted
label ¢ (normalized to ontology terms), we can rank ontology cell types by sim(¢,-),
enabling:

e Nearest-neighbor retrieval of most semantically similar cell types,
e Resolution of ambiguous or incomplete predictions,

e Quantitative scoring for annotation confidence.

Thus, the ontology-based PageRank similarity serves as a bridge between
symbolic ontology structure and statistical LLM predictions.

5.3.2 Evaluation Metrics for Classification

To rigorously assess the performance of our Cell2text models in downstream
classification tasks, we employ a comprehensive suite of evaluation metrics tailored
to the unique challenges of single-cell data analysis. These metrics span standard
classification measures, hierarchical similarity scores, and multi-label evaluation
frameworks. Below, we provide a detailed exposition of each metric, including their
mathematical formulations and rationale for their selection in the context of cellular
attribute prediction and pathway activity identification.
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5.3.2.1 Basic Classification Metrics

For the prediction of core cellular metadata, such as cell type, tissue of origin,
associated disease, and donor sex, we primarily report accuracy, a fundamental
metric that quantifies the proportion of correct predictions. Given a dataset with
N samples and corresponding true labels y; € Y and predicted labels ¢; € Y for
1=1,..., N, where ) denotes the set of possible classes, accuracy is defined as:

N
1 N
Accuracy = N E Iy = 0:),
i=1

where [(-) is the indicator function that equals 1 if the argument is true and 0
otherwise. This metric is particularly suitable for balanced multi-class problems,
providing an intuitive measure of overall correctness. However, in high-cardinality
settings like cell type classification (where |Y| can exceed hundreds), accuracy
alone may not capture nuances such as class imbalance or hierarchical relationships,
motivating the use of complementary metrics. To address potential imbalances and
provide a more granular assessment, we also compute precision, recall, and F1-score
on a per-class basis, followed by macro-averaging across classes. For a specific class
¢ € Y, precision Prec. measures the proportion of true positives among all positive
predictions:
TP,
TP.+ FP.’

where TP, is the number of true positives (correctly predicted instances of class c)
and FP, is the number of false positives (instances incorrectly predicted as class ¢).
Similarly, recall Rec, evaluates the model’s ability to identify all actual instances of
class c:

Prec,. =

TP,
TP. + FN,.’

with FN, denoting false negatives (actual instances of class ¢ missed by the model).
The F1-score harmonizes these by taking their harmonic mean:

Rec. =

Prec, - Rec,

Fl,.=2. ——M—.
¢ Prec. + Rec,.

Macro-averaged variants aggregate these per-class scores equally:

1 1 1
m Z Prec., Recmacro = m Z Rec., Flmnacro = m Z F1..
ce) cey cey

Precmacro =

These metrics are essential for imbalanced datasets, as they prevent majority classes
from dominating the evaluation.
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5.3.2.2 Multi-Label Pathway Classification Metrics

Pathway activity identification is inherently multi-label, as multiple pathways
may be active in a given cell, and we focus on predicting the top-k (here, k = 2)
enriched pathways from generated text. Evaluation requires metrics that handle
set-based predictions and partial overlaps.

Subset Accuracy This is the strictest measure, requiring exact set agreement
between the predicted set P; C P (with |P| = 34 Hallmark pathways) and the true
set P; for each sample i:

N
1 N
Subset Acc = N 2_1 (P, = P).

It penalizes any deviation, making it ideal for assessing precise pathway prioritiza-
tion.

Jaccard Similarity To credit partial matches, we use the Jaccard index, which
quantifies set overlap: .
A P, NP,
5B, Py = DO
|Fi U P

averaged aCross samples:
N
1 ~
Javg = E; J(Bi, Py).
1=

For k = 2, this assigns 0.5 credit if one pathway matches, balancing rigor with
leniency.

Weighted F1-Score For a per-pathway view, we compute binary Fl-scores
treating each pathway p € P as a separate classification task. Let y;, € 0,1 indicate
true activity of pathway p in sample 4, and g;, € 0,1 the prediction (derived by
thresholding extracted pathways). The per-pathway F1 is:

~ Prec,, - Rec,

F1,=2
P Prec, + Rec,’

with Precp = 2 ];:y_if();lzﬁ’f;:n and analogously for recall. The weighted F1 aggre-

gates these, weighting by pathway prevalence m, = % > i Yip:

Flweighted = Z Tp - Flp-
peEP

This accounts for imbalance, emphasizing frequently active pathways.
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5.3.3 Evaluation Metrics for Text Generation Quality

To evaluate the quality of the natural language descriptions generated by our
Cell2text models, we employ a suite of metrics that assess both lexical overlap
and semantic fidelity. These metrics are crucial for ensuring that the generated
text is not only fluent and structurally sound but also scientifically accurate within
the biomedical domain. Below, we describe the metrics used, including their
mathematical formulations and their relevance to evaluating generative performance
in the context of single-cell data.

5.3.3.1 Lexical Metrics

Lexical metrics focus on surface-level similarity between generated and reference
texts, capturing aspects like fluency and content coverage. We use BLEU and
ROUGE to evaluate these properties.

BLEU (Bilingual Evaluation Understudy) BLEU measures the precision
of n-gram overlaps between the generated text G = {g1, g2, . - . , gm } and the reference
text R = {r1,r2,...,mn}. Specifically, we compute BLEU-2 (B-2) and BLEU-4
(B-4), which consider bigrams and 4-grams, respectively. For an n-gram order k,
the BLEU score is defined as:

k
BLEU-k = BP - exp (Z w; log pi) , (5.5)

i=1
where p; is the precision of i-grams, calculated as:
> i gramec Min(Countg (i-gram), Count g (i-gram))

Zi—grameG CountG (i-gram)

pi =

and BP is the brevity penalty to penalize overly short outputs:

Bp 1 if |G| > |R|, .
B exp( — %) otherwise, (57)

with |G| and |R| denoting the lengths of the generated and reference texts. The
weights w; are typically uniform (e.g., w; = 1/k). BLEU emphasizes precision and
fluency, making it suitable for assessing whether the generated descriptions use
terminology consistent with reference texts.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) ROUGE
measures recall by evaluating the overlap of n-grams or sequences between generated
and reference texts. We report ROUGE-1 (R-1), ROUGE-2 (R-2), and ROUGE-L
(R-L, for longest common subsequence). For a given n-gram order, ROUGE-N is:
2 n-grame g Min(Counte (n-gram), Count g(n-gram))

ROUGE-N =
Zn_grame  Count g(n-gram)

; (5.8)
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where the numerator counts matched n-grams, and the denominator is the total
number of n-grams in the reference. ROUGE-L extends this to the longest common
subsequence (LCS), capturing structural similarity:

LCS(G, R)
Rl
where LCS(G, R) is the length of the longest common subsequence. ROUGE

prioritizes content coverage, ensuring the generated text captures key elements of
the reference, which is critical for scientific accuracy in our domain.

ROUGE-L = (5.9)

5.3.3.2 Semantic Metrics

Lexical metrics alone cannot capture the scientific correctness of generated
descriptions, as paraphrasing may alter surface forms while preserving meaning. To
address this, we use BERTScore, which leverages contextual embeddings to measure
semantic similarity, with variants tailored to general and biomedical contexts.

BERTScore BERTScore computes similarity between generated and reference
texts using contextual embeddings from pre-trained language models. For each
token in the generated text g; € G and reference text 7, € R, embeddings are
obtained from a model (e.g., RoOBERTa or BioBERT). The similarity is calculated
via cosine similarity:
€g; " Cry

lleg, llller, I
where ey, and e,, are the embeddings. Precision, recall, and F1-scores are computed
as:

sim(gj, k) = (5.10)

Pgerr = ’ Z ingésnn (95,7k), (5.11)
k
RBerT = ]R\ Z ;ngXSIm(QJaTk) (5.12)

PBERT - RBERT
Flpprr = 2 - , 5.13
BRT PperT + RBERT (5.13)

averaged over all samples. We report:

e RoBERTa F1 (RBT-f1): Uses RoBERTa-large, a robustly optimized BERT
model pre-trained on diverse general-domain corpora, to capture semantic
similarity in natural language. This provides a baseline for general semantic
correctness independent of domain-specific terminology.

e BioBERT F1 (BBT-f1): Uses BioBERT, fine-tuned on biomedical corpora
(PubMed abstracts and PMC full-text articles), to assess domain-specific
semantic correctness. This metric is critical for evaluating the scientific
validity of generated descriptions, as it is sensitive to biomedical terminology
and concepts.
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BERTScore’s use of contextual embeddings ensures robustness to paraphrasing,
making it ideal for verifying that generated texts preserve the biological meaning
of reference descriptions. The combination of RoOBERTa and BioBERT variants
provides both general linguistic quality assessment and domain-specific accuracy
evaluation.

These metrics collectively provide a comprehensive evaluation of text generation
quality. BLEU and ROUGE ensure lexical and structural fidelity, while BERTScore
(with RoBERTa and BioBERT variants) validates semantic and domain-specific
accuracy, aligning with the needs of biomedical text generation.
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Chapter 6

Experiments & Results

6.1 Experimental Setup

6.1.1 Hardware and Software Environment

All experiments were conducted on a distributed computing setup utilizing 2x
NVIDIA A6000 GPUs, each with 48GB of memory. The models were trained using
PyTorch with distributed data parallel (DDP) for LoRA-based fine-tuning and fully
sharded data parallel (FSDP) for full fine-tuning configurations.

6.1.2 Model Architecture

The Cell2Text framework consists of three main components: a GeneFormer
encoder, a projector module, and a LLaMA decoder. We experimented with two
projector architectures:

e MLP Projector: A two-layer multi-layer perceptron with hidden dimension
of 2048. The architecture maps from the GeneFormer output dimension
(1152) to 2048, and then projects to the LLaMA input dimension (2048 for
LLaMA-3.2-1B and 3072 for LLaMA-3.2-3B).

e Q-Former Projector: A query-based transformer architecture with 512
learnable query tokens, adapting the representation between encoder and
decoder modalities.

We evaluated two LLaMA decoder variants: LLaMA-3.2-1B and LLaMA-3.2-3B,
resulting in four model configurations in total.
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6.1.3 Training Configuration
6.1.3.1 Dataset

The dataset consisted of 200,000 single-cell samples with corresponding textual
descriptions. We used an 80/10/10 split for training, validation, and testing,
resulting in 160,000 training samples, 20,000 validation samples, and 20,000 test
samples.

6.1.3.2 Baseline: Geneformer with Classification Head

For the baseline Geneformer model, we added a classification head on top of
the pretrained encoder and fine-tuned it for cell type, tissue, and disease prediction
tasks. Training was conducted using the AdamW optimizer with weight decay of
0.01 and an initial learning rate of 5x 10~°. The model was trained for 3 epochs with
a batch size of 64 per GPU, employing gradient clipping at a maximum norm of 1.0
and automatic mixed precision (AMP) to enhance stability and efficiency. Training
was performed using distributed data parallelism (DDP) across two NVIDIA A6000
GPUs.

6.1.3.3 Baseline: scGPT with Classification Head

For the scGPT baseline, we fine-tuned the pretrained scGPT-human model on
downstream classification tasks. The model was trained for 3 epochs using the
Adam optimizer with an initial learning rate of 1 x 104 and a StepLR scheduler
with a decay factor of 0.9 per epoch. We used a batch size of 16 per GPU, enabling
automatic mixed precision (AMP) and gradient clipping at a maximum norm of 1.0
. All training was conducted using distributed data parallelism (DDP).

6.1.3.4 Cell2Text Model Configurations

All Cell2Text configurations were trained for 3 epochs across two NVIDIA
A6000 GPUs. Due to varying memory requirements of different architectures, we
adjusted batch sizes and gradient accumulation steps to maintain consistent effective
batch sizes while maximizing GPU utilization. Table 6.1 summarizes the training
hyperparameters for each configuration.

Table 6.1: Training hyperparameters for each Cell2Text configuration.

Configuration Batch/GPU Grad Acc Eff. Batch LR

LLaMA-3B + LoRA + MLP 2 16 64 1x1074
LLaMA-3B + LoRA + Q-Former 4 8 64 1x1074
LLaMA-1B + FSDP + MLP 2 16 64 1x1077
LLaMA-1B + FSDP + Q-Former 4 8 64 1x10°7
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The Q-Former configurations use larger per-GPU batch sizes (4 vs. 2) with
correspondingly smaller gradient accumulation steps (8 vs. 16) to maintain an
effective batch size of 64 across all experiments. This adjustment accounts for the
Q-Former’s more efficient memory usage: the Q-Former compresses the input into
512 learnable query tokens that are fed to the LLaMA decoder, whereas the MLP
projector passes through a larger number of tokens from the full GeneFormer output
sequence. This difference in sequence length results in higher memory consumption
for MLP configurations during the decoder forward pass. All configurations maintain
identical effective batch sizes to ensure fair comparison.

6.1.3.5 Optimization

All Cell2Text models were trained using the AdamW optimizer with 5; = 0.9,
Bo = 0.999, and € = 1 x 1078, We employed a linear learning rate schedule with
warmup: the learning rate linearly increases from 0 to the specified maximum
over the first 10 training steps, then linearly decays to 0 over the remaining steps.
Gradient clipping with a maximum norm of 1.0 was applied to stabilize training.

The LoRA configurations use a significantly higher learning rate (1 x 10%)
with zero weight decay, as parameter-efficient fine-tuning typically requires stronger
learning signals and benefits from less regularization. In contrast, the FSDP
configurations employ a much lower learning rate (1x10~") with weight decay of 0.01,
as full parameter fine-tuning of large language models requires more conservative
optimization to prevent catastrophic forgetting of pretrained knowledge.

6.1.4 Fine-tuning Strategies

e LoRA (Low-Rank Adaptation): Applied to the LLaMA-3.2-3B model,
with rank r = 128 and o = 256 for the decoder layers, enabling parameter-
efficient fine-tuning by adapting low-rank decomposition matrices. Training
was distributed using DDP.

e FSDP (Fully Sharded Data Parallel): Applied to the LLaMA-3.2-1B
model, enabling full parameter fine-tuning with memory-efficient sharding
across GPUs.

6.2 Results

6.2.1 Text Generation Quality

We evaluated the quality of generated cell descriptions using automated text gen-
eration metrics. Table 6.2 presents the performance of all four model configurations
across BLEU score and embedding-based similarity metrics.
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Table 6.2: Text generation quality metrics across model configurations. Higher
scores indicate better generation quality. Metrics: BLEU (Bilingual Evalua-
tion Understudy), ROUGE (Recall-Oriented Understudy for Gisting Evalua-
tion), BBT (BioBERT F1-Score), RBT (RoBERTa F1-Score).

Model Configuration B-4 R-2 R-L BBT RBT
LLaMA-3B + LoRA + MLP 48.83 57.26 63.38 86.15 89.75
LLaMA-3B + LoRA + Q-Former 57.46 65.57 70.56 90.01 93.56
LLaMA-1B + FSDP + MLP 57.84 65.99 69.87 88.43 91.56

LLaMA-1B + FSDP + Q-Former 56.78 65.25 70.47 89.85 93.53

The text generation results reveal several interesting patterns across model
configurations and training strategies. The LLaMA-3.2-3B model with LoRA fine-
tuning and Q-Former projector achieves the best performance on semantic similarity
metrics, with BioBERT F1 of 90.01% and RoBERTa F1 of 93.56%, demonstrating
superior ability to capture biomedical semantic content despite being parameter-
efficient. This configuration also obtains the highest ROUGE-L score (70.56%),
indicating better preservation of the longest common subsequences with reference
texts and suggesting more coherent long-range text generation.

Notably, the introduction of the MLP projector to the 3B LoRA configuration
results in a substantial performance drop across all metrics, with BioBERT F1
decreasing by 3.86 points to 86.15% and RoBERTa F1 dropping to 89.75%. This
indicates that for larger models with parameter-efficient training, the Q-Former’s
learnable query mechanism is crucial for effectively bridging the gap between
GeneFormer’s biological representations and LLaMA’s text generation capabilities.

Surprisingly, the smaller LLaMA-3.2-1B model with full FSDP fine-tuning and
MLP projector achieves the highest scores on BLEU-4 (57.84%) and ROUGE-2
(65.99%), outperforming even the larger 3B model with Q-Former on these n-
gram-based metrics. This suggests that full parameter updates combined with
simpler projection may produce text with better surface-level n-gram overlap
with references. The fully fine-tuned 1B model appears to benefit from complete
parameter adaptation, compensating for the simpler projector architecture.

The performance difference between Q-Former and MLP projectors appears
to depend critically on both model size and training strategy. For the 1B model
with full fine-tuning, the MLP projector shows competitive or superior performance
across n-gram metrics compared to Q-Former, with substantially fewer parameters
in the projection layer. However, the Q-Former still provides advantages for the 1B
model on semantic metrics (89.85% vs 88.43% BioBERT F1). For the 3B model
restricted to LoRA training, the Q-Former becomes essential, suggesting that when
decoder parameters are frozen or rank-limited, a more sophisticated projector is
needed to compensate.

The consistent gap between embedding-based metrics (BioBERT, RoBERTa)
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and n-gram-based metrics (BLEU, ROUGE) suggests that all models capture
biomedical semantics reasonably well (86-93% F1 range), but differ in their exact
lexical choices and surface realization. The high RoBERTa F1 scores (89-93%)
across all configurations indicate that generated descriptions are semantically similar
to references even when exact word choices differ, which is particularly appropriate
for scientific text generation where multiple valid phrasings exist for describing the
same biological phenomena.

6.2.2 Biological Entity Recognition

We assessed the models’ ability to correctly identify and extract biological entities
from generated descriptions. Tables 6.3 and 6.4 present detailed performance metrics
for cell type, disease, and tissue recognition respectively.

6.2.2.1 Cell Type Annotation

Table 6.3: Cell type recognition performance. Cell Type Accuracy measures
exact matches, while Ont Sim. (Ontology Similarity) captures semantic
closeness in the Cell Ontology hierarchy. The other metric is weighted F1
score.

Model Configuration Acc Fi Ont. Sim.
Geneformer (Baseline) 64.52  62.23 75.21
scGPT (Baseline) 66.55  65.01 75.63
LLaMA-3B + LoRA + MLP 59.50 62.82 70.50
LLaMA-3B + LoRA + Q-Former 67.83 68.52 78.52
LLaMA-1B + Full + MLP 67.95 T72.76 73.49

LLaMA-1B + Full+ Q-Former 64.21  65.66 75.86

Cell type annotation represents one of the most challenging aspects of single-cell
analysis due to the hierarchical nature of cell type taxonomies. The Cell Ontology
contains thousands of cell types with complex parent-child relationships, where
subtle distinctions between closely related types require precise understanding of
gene expression patterns.

Several Cell2Text configurations demonstrate improved performance over the
strongest baseline, scGPT (66.55% accuracy, 65.01% F1), validating the hy-
pothesis that natural language generation can enhance cell type prediction. Notably,
the LLaMA-3.2-3B + LoRA + MLP configuration underperforms both baselines
with 59.50% accuracy and 62.82% F1, highlighting that parameter-efficient training
with simple projection is insufficient for this fine-grained classification task.

The LLaMA-3.2-1B + FSDP + MLP configuration achieves the best overall
performance with 67.95% accuracy and 72.76% F1 score, representing improvements
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of 1.40 and 7.75 percentage points over the scGPT baseline. This result is
particularly notable given the smallest model size and simplest projector, suggesting
that full fine-tuning enables effective direct mapping of gene expression patterns to
cell type identity.

The ontology similarity metrics provide crucial insights into error patterns.
Overall ontology similarity scores (70.50-78.52%) substantially exceed exact match
accuracies (59.50-67.95%), indicating that prediction errors typically involve se-
mantically related cell types. For example, confusing "vasa recta ascending limb
cell" with "vasa recta descending limb cell" represents a near-miss rather than
fundamental misunderstanding.

The LLaMA-3.2-3B + Q-Former achieves the highest overall ontology similarity
(78.52%), surpassing all other configurations and baselines by a significant
margin (vs. 75.63% for scGPT). This indicates superior capture of hierarchical
cell type relationships, though at the cost of lower F1 (68.52%). Interestingly,
the 1B 4+ FSDP + MLP model, which was best for Acc/F1, scores lower
on this semantic metric (73.49%) than the scGPT baseline (75.63%),
highlighting a clear trade-off between exact-match accuracy and deeper
semantic understanding.

The training strategy proves critical: the 3B model with LoRA benefits substan-
tially from Q-Former over MLP (68.52% vs. 62.82% F1, 78.52% vs. 70.50% ontology
similarity), while the 1B model with full FSDP fine-tuning achieves best results
with the simpler MLP projector. This indicates that when decoder parameters
are heavily constrained via LoRA, sophisticated projection mechanisms become
essential for performance.

6.2.2.2 Disease and Tissue Prediction

Table 6.4: Disease and tissue recognition performance across model config-
urations. Metrics include Acc (Accuracy) and weighted F1 score. Bold
indicates best performance, underline indicates second best.

Model Configuration Disease Tissue
Acc F1 Acc F1
Geneformer (Baseline) 62.50 59.82 59.63 58.31
scGPT (Baseline) 63.15 62.12 60.56 60.25
LLaMA-3B + LoRA + MLP 61.13 66.32 59.23 64.17
LLaMA-3B + LoRA + Q-Former 63.80 67.76 61.65 65.79
LLaMA-1B + Full + MLP 65.34 70.45 62.39 67.88

LLaMA-1B + Full + Q-Former 62.16 65.23 58.05 61.47
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Disease and tissue prediction results, presented in Table 6.4, follow similar pat-
terns to those observed in cell type annotation, further validating the architectural
insights from the previous section. The LLaMA-3.2-1B model with FSDP training
and MLP projector again achieves the best performance across both tasks, with
disease prediction accuracy of 65.34% and F1 of 70.45%, and tissue prediction accu-
racy of 62.39% and F1 of 67.88%. These results represent substantial improvements
over the strongest baseline, scGPT (2.19 percentage points on disease accuracy
and 8.33 points on F1; 1.83 points on tissue accuracy and 7.63 points on F1),
further validating the effectiveness of the text generation approach. The consistent
superiority of the 1B + FSDP + MLP configuration across all three entity types (cell
type, disease, tissue) suggests that full fine-tuning with direct projection provides a
robust and generalizable solution for diverse single-cell annotation tasks.

Disease prediction shows the strongest overall performance among the three
entity types, with most Cell2Text configurations achieving F1 scores above 65%
(ranging from 65.23-70.45%), compared to cell type F1 scores ranging from 62.82-
72.76%. This superior performance may be attributed to the relatively smaller and
more distinct label space for diseases. The 3B + LoRA + Q-Former configuration
achieves competitive performance (63.80% accuracy, 67.76% F1), maintaining its
position as the second-best configuration. The 3B + LoRA + MLP configuration
also shows improved performance over the scGPT baseline on disease F1 (66.32%
vs. 62.12%), though it still lags behind the Q-Former variant, reinforcing that
LoRA-trained models benefit from sophisticated projection mechanisms.

Tissue prediction proves to be the most challenging task among the three entity
types, with accuracies ranging from 58.05% to 62.39%. This increased difficulty
likely stems from multiple factors: tissue origin can be inherently ambiguous for
certain cell types. The performance gap between our best model and the
scGPT baseline is slightly smaller for tissue (e.g., 7.63 points F1 gain)
than for disease (8.33 points F1 gain), suggesting that tissue information may
be less directly or consistently encoded in the gene expression patterns. Interestingly,
the 1B + Q-Former configuration performs below both baselines on tissue accuracy
(58.05% vs. 60.56% for scGPT), which may indicate that the query-based
projection introduces additional complexity that hinders learning when model
capacity is limited and the prediction signal is weaker. Nevertheless, the text
generation approach still provides meaningful improvements across all configurations
on the F1 metric, demonstrating the framework’s ability to extract and represent
diverse biological attributes from single-cell transcriptomics data.

6.2.3 Pathway Activity Identification

Pathway prediction represents a multi-label classification task where each cell
is associated with multiple active biological pathways simultaneously. In our
framework, we predict the top-2 most active pathways for each cell based on AUCell
scores from the reference annotations, transforming this into a fixed-size multi-label
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problem. Table 6.5 presents performance metrics that capture different aspects of
multi-label prediction quality.

Table 6.5: Pathway prediction performance metrics. Sub. Acc. (Subset
Accuracy) requires exact match of both predicted pathways, Jac. Sim.
(Jaccard Similarity) measures set overlap allowing partial matches, and
W-F1 (Weighted F1) accounts for pathway frequency in the dataset. Bold
indicates best performance, underline indicates second best.

Model Configuration Sub. Acc. Jac. Sim. W-F1
Geneformer (Baseline) 35.55 49.44 56.61
scGPT (Baseline) 36.13 50.13 58.35
LLaMA-3B + LoRA + MLP 30.02 42.77 51.34
LLaMA-3B + LoRA + Q-Former 36.02 49.58 57.96
LLaMA-1B + Full + MLP 36.42 50.67 59.10
LLaMA-1B + Full + Q-Former 35.75 48.57 57.12

Pathway prediction proves to be the most challenging task in our evaluation,
with subset accuracies reaching only 35-36% compared to 62-68% for cell type
annotation and 61-65% for disease prediction. This substantial difficulty arises
from the combinatorial complexity of predicting two pathways simultaneously.
The LLaMA-3.2-1B model with FSDP training and MLP projector maintains its
position as the best-performing configuration with 36.42% subset accuracy and
59.10% weighted F1. However, the improvements over the strongest baseline
(scGPT) are notably more modest (0.29 percentage points in subset accuracy,
0.75 points in weighted F1) compared to the entity recognition tasks. Particularly
striking is the underperformance of the 3B + LoRA + MLP configuration, which
falls 6.11 percentage points below the scGPT baseline in subset accuracy (30.02%
vs. 36.13%), representing the most severe performance degradation observed.

The gap between subset accuracy (36.42%) and Jaccard similarity (50.67%) for
the best model reveals important insights into error patterns: models frequently
predict one correct pathway while missing the other. This partial success rate of
approximately 50% suggests that the models capture pathway-level information
and biological relevance reasonably well but struggle with the precise ranking
and threshold determination. The weighted F1 scores (57-59% for successful
configurations) being substantially higher than subset accuracy indicates that
models perform better on more frequent pathway combinations. The consistently
superior performance of the 1B + FSDP 4+ MLP configuration across all three
metrics (subset accuracy, Jaccard similarity, weighted F1), combined with its
dominance in cell type, disease, and tissue prediction, reinforces its effectiveness as
the most robust and generalizable architectural choice for the Cell2Text framework.
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Chapter 7

Conclusion & Future Work

7.1 Conclusion

In this thesis, we presented Cell2Text, a multimodal generative framework that
bridges single-cell transcriptomics and natural language by generating interpretable
textual descriptions from gene expression data. By integrating pretrained single-cell
foundation models with instruction-tuned large language models through learn-
able projection modules, our approach transforms the traditional cell annotation
paradigm from discriminative classification to generative description, enabling both
interpretable outputs and improved prediction performance.

Our work demonstrates that end-to-end training of multimodal systems for
generating natural language descriptions creates richer biological representations
than traditional classification approaches. Rather than treating annotation as
isolated prediction tasks, the text generation objective encourages models to learn
integrated biological semantics, the relationships between gene expression, cellular
function, tissue context, and disease states. This joint learning paradigm not only
improves quantitative performance across multiple prediction tasks but also provides
human-readable explanations that make the model’s reasoning transparent and
verifiable by domain experts.

The ontology similarity metrics reveal that our models develop biologically
coherent understanding of cell type relationships. Even when exact predictions
are incorrect, errors typically occur within semantically related cell type families,
demonstrating that the model has internalized the hierarchical structure of cellular
taxonomy rather than memorizing surface-level label associations. This ontological
coherence suggests that end-to-end multimodal training naturally captures the
compositional structure of biological knowledge.

More broadly, Cell2Text demonstrates that the integration of domain-specific
pretrained foundation models with large language models offers a general and
scalable strategy for building interpretable Al systems in computational biology.
By leveraging the complementary strengths of specialized biological encoders and
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general-purpose language models, our framework provides a template for multimodal
approaches that extend beyond single-cell annotation. This paradigm can be applied
to diverse challenges in computational biology where complex scientific data must
be transformed into human-interpretable insights, from spatial transcriptomics to
drug response prediction to automated literature synthesis.

7.2 Future Work

The Cell2Text framework establishes a robust foundation for integrating single-
cell genomics and natural language processing. Future work can be organized
along three primary axes: (1) reversing the generative direction to enable in silico
hypothesis generation, (2) enhancing the model’s reasoning capabilities through
advanced training strategies, and (3) expanding the model’s input modalities for a
more holistic cellular view.

Text-to-Cell Generation for Hypothesis Discovery Perhaps the most
exciting, yet challenging, future direction is reversing the generative process: a
"Text-to-Cell" framework. Such a model would be conditioned on a natural
language prompt—such as a cell type description, a disease state, or a hypothetical
perturbation—and would generate a corresponding in silico gene expression
profile or other gene-level information. This would transform the model from a
descriptive tool into a predictive and hypothesis-generating engine. The potential
for in silico discovery is substantial. For example, recent work on generative cell-
to-text models, such as Google’s cell2sentence, has already demonstrated that
analyzing the learned latent space can uncover novel cancer-related pathways. A
Text-to-Cell model would take this a step further, allowing researchers to directly
query for novel biology (e.g., "Generate the expression profile of a T-cell resistant
to immunotherapy"). The model’s generated output could then be experimentally
validated, opening new frontiers in computational biology and drug discovery.

Ontology-Based Curriculum Learning A key challenge in single-cell clas-
sification is handling the extreme label imbalance and hierarchical complexity of
cell types. Future work could address this by implementing an ontology-based
curriculum learning strategy. This approach would leverage the Cell Ontology
(CL) graph to define a training curriculum from "easy" to "hard." The model would
first be trained on easy, high-level distinctions (e.g., distinguishing "immune
cell" from "neural cell," which are on distant branches of the ontology). Once
it masters this, the curriculum would gradually introduce harder, fine-grained
distinctions (e.g., "CD4+ T cell" vs. "CD8+ T cell," which are closely related
leaf nodes). The hypothesis is that this strategy would allow the model to first
learn a robust, general representation of the major biological "big pictures" before
attempting to resolve the subtle differences required for fine-grained annotation,
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potentially improving accuracy and generalization for rare cell types.

Expanding Input Modalities for Holistic Cell Descriptions The
current model operates solely on single-cell transcriptomics. A major avenue for
future work is to enhance the richness of the input "cell" modality by integrating
other forms of single-cell data into a unified, multimodal encoder. A promising
direction is the integration of CITE-seq (Cellular Indexing of Transcriptomes and
Epitopes by Sequencing) data, which would allow the model to generate descriptions
that capture both RNA expression and surface protein levels. This could be further
extended to incorporate spatial transcriptomics, enabling the model to describe
cells within their native tissue microenvironment—answering not just "what" a cell
is, but "where" it is and "who" its neighbors are. Finally, incorporating temporal
data from perturbation or developmental time-course experiments would unlock
the ability to generate dynamic narratives of cellular processes, state transitions,
and differentiation trajectories, providing a truly comprehensive model of the cell.

Interactive Refinement and Human Feedback. Implementing mechanisms
for biologists to interactively refine generated descriptions and incorporating their
feedback through reinforcement learning from human feedback (RLHF) could align
the model more closely with domain expert knowledge and preferences, potentially
improving both accuracy and usefulness in practical research settings.

Cross-Species Generalization. Evaluating Cell2Text’s ability to generalize
across species (e.g., from human to mouse or other model organisms) would test the
universality of the learned cellular representations and could reveal fundamental
principles of cell biology that transcend species boundaries.

These future directions highlight the rich potential for advancing multimodal
approaches in computational biology, with Cell2Text serving as a foundation for
increasingly sophisticated and interpretable Al systems that can assist researchers
in understanding the complex language of cellular states and behaviors.
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