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AnHoTanus. HecMoTps Ha ycriexu Mozieneli aBTOMaTHYeCKOro Paclo3HaBaHUs PEYr Ha Pa3IMIHBIX Habopax
JaHHBIX ¥ SI3BIKAaX, NMPUMEHEHHE MOJENeH B IOBCETHEBHOH JKM3HM HE MO3BOISIET HCIONB30BaTh UX B
Pa3IHIHBIX CLIEHAPHAX, HAIIPUMEp, 3BOHKU C HECTAOMIBHBIM CETEBBIM COCIMHEHUEM MIIH TeJe()OHHBIE KaHAIBI
¢ moMexaMu. B nmanHO# paboTe ObuT pa3zpaboTaH M HpENCTaBICH CIENUAIM3WPOBAHHBIH TECTOBBIH HabOp
PYCCKOSI3BIYHOH peuH, KII0YEeBOH OCOOCHHOCTBIO KOTOPOTO SIBIISICTCSI PENpe3eHTAaTHBHBIH HAaOOp IaHHBIX C
KOHTPOJHMPYEMBIMU JIeTpafallisiMi CHI'HAJA, BBI3BAHHBIMH HECTAaOWJIBHBIM HMHTEpHET-coequHeHneM. Ha
HpeUIoXKeHHOM Habope OblIa IpoBeieHa arnpoOanus ¥ CPaBHUTENBHBIH aHaIn3 COBPEMEHHBIX MOJIXOI0B K
pacmo3HaBaHMIO pedd. JInd  KONMYECTBEHHOW  OIEHKH  CTENeHM  HCKOKEHHWH  HCIOIB30BANICS
ABTOMAaTHU3UPOBAHHBII METO/, OCHOBAHHBII Ha aHAIIN3€ COBOKYITHOCTH aKyCTHIECKHX XapaKTEePUCTHK CHTHAJIA
U HeHPOCeTeBBIX METPHK. [lomydeHHBIE pe3ynbTaThl MO3BOJSIOT BEIIBUTH METO/IBI, HANOOIee yCTOIUMBEIE K
AKyCTUYECKHM JIeTPaJaIisM.

KiroueBble c10Ba: aBTOMaTHIECKOE paclo3HaBaHHE pedH; aBToMaTnaeckoe nporaosuposanne WER; aymio
TECTOBBIN HAOOpP PEeUeBBbIX 3aINCEHl; ayAN03aINCH C HECTAOMITEHBIM HHTEPHET-COSIMHEHUEM.

Jass uurupoBanusi: [Tonesoii A.B., Jlykamesuu H.B. VccienoBanue BIMsIHHS CETEBBIX Jerpajandili Ha
Mojenu pacrnosHaBanus peun. Tpynet UCIT PAH, tom 38, Beim. 3, wacts 4, 2026 r., ctp. 101-118. DOI:
10.15514/ISPRAS-2026-38(3)-49.

101



Polevoi A.V., Loukachevitch N.V. Research on the impact of network degradation on automatic speech recognition models. Trudy ISP
RAN/Proc. ISP RAS, vol. 38, issue 3, part 4, 2026. pp. 101-118.

Research on the Impact of Network Degradation
on Automatic Speech Recognition Models

LA.V. Polevoi, ORCID: 0009-0000-2216-0468 <polevoianton@bk.ru>
L2N.V. Loukachevitch, ORCID: 0000-0002-1883-4121 <louk_nat@mail.ru>

! Lomonosov Moscow State University, Faculty of Computational Mathematics and Cybernetics,
building 4, 1, Leninskie Gory, 119234, Moscow, Russia.

21 omonosov Moscow State University, Research Computing Center,
building 4, 1, Leninskie Gory, 119234, Moscow, Russia.

Abstract. Despite the success of automatic speech recognition models on various datasets and in different
languages, their use in everyday life is still limited due to their inability to handle certain scenarios, such as
calls with unstable network connections or telephone channels with interference. In this paper, we present a
specialized benchmark for Russian-language speech, which includes a representative dataset that simulates the
effects of an unstable internet connection on speech. This benchmark was designed to test and compare the
performance of modern speech recognition approaches. To quantify the level of degradation, we used an
automated method based on analyzing a set of acoustic features and neural network metrics. The results
obtained from our benchmark allow us to identify methods that are more resistant to acoustic distortion. These
methods can be used to improve the reliability of speech recognition systems in real-world scenarios with
challenging conditions.
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1. BeedeHue

PasBuTHEe CHCTEM aBTOMATHYECKOTO PACIIO3HABAHHS PEYH MO3BOJISIET MCIIOJIB30BATH MOJCIH IS
pa3IMYHBIX CIIEHAPHEB HCIONB30BAHUS: aBTOMAaTHYeCcKas pabora KouI-meHTpoB [1], romocoBoe
yIpaBlicHHEe Ha MpennpuaTusx [2], B omax u aBromobuisix [3], mporokonupoBanue KoHbEpeHIHI
u coBemanuii [4] u gpyrue. Tem He MeHee, HECMOTpSI Ha CTaOWIIbHBIE PE3YIIBTAThI ISl CUTHAIIOB
M3BECTHOTO Ka4yecTBa (Py4HbIC MHKPO(OHBI, 3alMCh B MOMELICHUSIX CO CTAOWIBHBIM HHTEPHET-
COCIIMHEHNEM), MOJICIH MMOKAa3bIBAIOT HECTAOMIbHBIE PE3yJbTaThl B IPHUCYTCTBHE aKyCTHYCCKHX
nerpananuii [5-6].

IMox akycTruyeckoii aerpaganueii GyneM IMOHUMATh HCKaXCHHE HCXOIHOTO PEYeBOro CHrHaua, 6e3
M3MEHCHUS [IePBOHAYANBHOrO TeKcTa. TpajuiOHHO, BBIICISIOT HECKOIBKO THIIOB aKyCTHIECKHX
ucKaxeHuit [7]:

e PeanbHble POHOBBIC IIYMBI Pa3IMYHOM ITPUPOABL: IIIYM MOTOPA, Pa3JIMUHbBIX PEIIPHUIATHI
U 3aBOJIOB, TOPOJICKOTO TPAHCIIOPTa U aHAJIOTUYHBIE,

e CunreTnueckue (CreHepupOBaHHbIE) IIYMBbI: O€JIbIH, PO30BBIM U aHAJIOTHYHEIE,

e PeepOepanus BHYTpH 34aHUN W MOMEHICHWH (Tak:ke BO3MOXKHA peBepOepamus BHE
MOMEIICHUH, HallpUMep, B TOPHOW MECTHOCTH, HO BCTPEYAETCS PEXke): BEICOKUE ITOTOJIKH,
TYJIKUE CTCHBI H aHAJIOTHYHBIC;

o JleheKThl yCTPOMCTB 3BYKO3AIMCH: aMILIMTYAHOEe orpaHmueHuwe curhama (clipping),
OTCYTCTBHE HOPMAJIU3AINH JUHAMUIECKOTO ANANA30Ha;

e (xaTHe CHUT'HAJIOB npyu nepeaadye u IOTEPU, BHOCHUMBIC HECTAOMIIbLHBIM UHTCPHET-
COCIMHCHHEM.
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IIpu 3TOM nmerpamamuu Ha MPaKTHKE MOTYT HOCHUTH KaK BPEMEHHBIH, TaK W MIOCTOSHHBIN XapakTep
nericrBusa. Kpome Toro, HecMoTpsi Ha oOmre HabOpOB AAHHBIX /IS CUCTEM PACIlO3HABAHUS PEUH,
OTCYTCTBYIOT KOHTPOJIHPYEMBIE TECTOBBIE HAOOPHI, IMOCTPOEHHE KOTOPHIX ITO3BOJHUT BHIOMPATH
MOJIEIIM ONTUPasiCh Ha KOHKPETHbIE TpeOOBaHMS.

Hama paGoTta HampaBneHa Ha CHCTEMAaTHYEeCKOE WCCIEIOBaHHE TIIPOOJIEM, CBS3aHHBIX C
pacro3HaBaHWEM pEYEBBIX CHTHAJOB C AaKyCTHUCCKUMH JACTPadalisMH, BBI3BAHHBIMH
HECTaOIIFHBIM HHTEPHET-COCTUHEHUEM

e [locTpoeHne aKTyaJbHOTO TECTOBOI'O HAaOOpa JAaHHBIX PYCCKOW PEeYH ¢ KOHTPOIUPYEMBIM
XapaKTEepOM aKyCTHYECKHUX JeTPaJalliii n3-3a HeCTaOMIFHOTO HHTEPHET-COCANHEHNS,

e Amnpobanysi COBPEMEHHBIX IIOJIXOJI0OB aBTOMaTHYECKOTO pACIIO3HABaHMs peYd Ha
IIpeUI0’KeHHOM Habope;

e ABTOMaTHuYECKas OIEHKa Jerpajalui MMpH IIOMOIIH ITOJX0Ja Ha OCHOBE COBOKYIHOCTH
aKyCTUYECKHX XapaKTEPUCTHK CUTHAIOB M aBTOMAaTHIECKUX HEHPOCETEBBIX METPHK;

o Jlouck MNEPCHCKTUBHBIX KOM6I/IHI/IpOBaHHBIX ¢ OOJIBIIUMH S3BIKOBBIMH MOACIAMU METOI0B
JUI yIIYHIICHUS Ka4eCTBa PACIIO3HABaHUA B IIPECAJIOKCHHOM CHCHAPUH.

2. 0O630p numepamypbli

B aToM pazgene HauHeM ¢ ONMUCAHUS PA3IUYHBIX HOAXOAO0B U aBTOMAaTUYECKOTO PACIO3HABAHUS
peun M TPYAHOCTSAX B PACHO3HABAHWH, KOTOpBIE NAHHBIE MOAXOABI HMMEIOT. CyliecTBYrOIUE
UCCIIEIOBaHMs HANpPAaBICHbI HAa MCCIEJOBAHUE aNaNTAlUU CYHIECTBYIOIIUX APXUTEKTYP MOAEIEH
pacro3HaBaHHs PEUH 0] BRIOPAHHBII JOMEH.

2.1 CoBpeMeHHble Noaxoabl pacno3HaBaHUA peyu

Haubonee momynspHON apXUTEKTypoil [uis pacrmo3HaBanus ssisercs Conformer [8]. Jlannas
apXUTEKTypa MPEIOCTABISIET BO3MOXKHOCTh TMOKOrO OOyUYEHHsS U HACTPOWKHU MMOJ KOHKPETHYIO
3agady. K OCHOBHBIM ILTFOCAM JIAHHOW APXUTEKTYPhl CTOMT OTHECTH HEOOIBINOE KOIUYECTBO
napameTpoB (compute-optimal), TpanchopmepHas Momenb, aJanTHPOBaHHAs MO pPaboOTy ¢
PCUYCBBIMU CUT'HAJIaMHU, a4 TAKKE CKOPOCTh BBIYHMCJIEHUH U BO3MOYKHOCTh MPUMEHCHUSA AapXUTCKTYPBI
Conformer k Tak Ha3biBaeMoi Bapuaiuu Streaming Cache Aware, korga mojens paboTaeT co
3BYKOBBIM IIOTOKOM HAMPSMYIO, MOJJICPIKMBAs MPH 3TOM BHyTpeHHee cocTosiue. CyIecTBYIOT
MHOTOYHCIICHHBIE yay4iieHus u ontumusaiuu Conformer. B wactHocTH:

o Zipformer — yckopennsiii u 6osxee 3ddextuBHbIN 3HKOAEP [9]. ABTOPBHI BBOIST HOBBIC
¢bynkiun HopMmanuzaiuu (BiasNorm) u aktuBanum (Swoosh), 4To mo3BosseT AOCTHYD
COMOCTaBUMBIX WM JYUIIHX Pe3yJIbTaToOB, YeM y HcxomHoit mojenu Conformer, mpu
JIBYXKPATHOM YCKOPEHHH O0yUIEHHS;

o Squeezeformer [10] — moandukarus ucxoHoi apxutekrypsl Conformer: uenrpanbHbie
CJIOU paboTaIOT HA MOHKEHHOU YaCTOTE JUCKPETU3ALUH, a OJIOK 00pabOTKH yHpoIIaeTcst
JI0 BUJIa HCXOIHON MOJETH. DTO TIO3BOJISIET YCKOPUTD PAacyeT MPH MUHUMAJIBHOH ToTepe
Ka4yeCcTBa,

o Branchformer [11] — pacumpsier Conformer 3a cyeT napauie/IbHbIX BETBEH CAMOBHUMAHUS,
410 Ja€T MOJENH BO3MOXKHOCTHh aHAINM3UPOBATH ayJMOCHIHAN Pa3HBIMHM CIIOcOOaMH
OJIHOBPEMEHHO;

e FastConformer [12] — BapuaHT C yMCHBIICHHBIMH CBEPTOYHBIMH SAPAMH U
JOTIONTHUTENbHOW onTtumu3anued. OH mpuMepHO B 2.4 pasa ObICTpee KIACCHYECKOTO
Conformer nmpu MUHHMaTBHOM YXyIIIICHUU KAYECTBA PACIIO3HABAHUSI.
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CylIecTBYET TaKKe M IOAXO0AbI s mojiyueHus eaunoi (Foundational) yrusepcanbroii Momeny,
nanpumep Mmoxenu cemeiictea Whisper (OpenAl [13]). Astopsl 00y4aroT MOJENL Cpasy
HECKOJIBKUM 33j1a4yaM, TaKhe Kak: olpeeeHHe KOHKPETHOTO S3bIKa aHAIM3HPYeMOro hparMeHTa,
BBIJICJICHHE BPEMEHHBIX METOK, @ TaKKe€ BO3MOXKHOCTH IEpEeBOJa Ha aHTIMHCKUH S3BIK (eciu
Jekonepy mojaercsi Metka «translate»). Ilpu 3ToM OHH HCTOJB3YIOT, B OTIIMYHE OT apXUTEKTYPHI
Conformer yacTu4HO WM AaXke HEMOJIHO pa3MeucHHbIe maHHble (weakly-supervised), B3sTeie u3
cyotuTpoB. [ToaToMy 3a4acTyro MOJIENb CTPAAAET PA3IMYHOTO POAA TAILTIOUMHAIMSIMHI Ha THIINHY
MITH KaKMe-TO He3HAYHMTEIbHBIC TOPOXH, Harpumep, «Cracu6o» [14] mist pycckoro s3bIka.

B Hacrosmee Bpemst HanboJiee aKTHBHO Pa3BUBAIOTCS ITOXO0/IbI, IIEJIMKOM HCIIOJIB3YIOLIHE O0JIBIINE
s3pikoBbIe Mozienu (Large Language Models, LLM), Tak Ha3biBaeMbIe peueBbIe GONBIIE I3bIKOBBIC
mozenu, SpeechLLM. OcHoBHasi waess JAHHOH TPYIIbI METOJOB 3aKIHOYACTCS B aaNTalluu
BBIXOJHOTO IPOCTPAHCTBA ayJauo SHKOJAEpa JUlsl TEKCTOBOM Mozenu. Mpes B TOM, YTOOBI
aJanTHpPOBaTh BBIXOJA ayJUO-3HKOJAEpa K BXOJHOMY IPOCTpPaHCTBY TeKcToBOM LLM, mo3Bosss
MOJIETIH «[TOHUMATh» peub Kak emé ouH Moyb. [IpuMepsl Takux cuctem:

e LLaMA-Omni [15] — o6beannseT npenoOyUeHHBIN ayIno-9HKOIEP, aaamTep, I36IKOBYIO
MOJIeNIb U TOTOKOBBIN JEKOJep, Oraromaps 4eMy MOMKET OXHOBPEMCHHO I'€HEPHPOBATH
TEKCT W TOJIOCOBOW OTBET MO YCTHOMY 3ampocy, He TpeOys SBHOW MPOMEXYTOUHOM
TPAHCKPHUITIIIH;

e AudioPalLM [16] — o6beaunsieT TekcTOBYI0 Moaenb PaLM-2 u ayaro momaens AudioLM B
€JIMHYI0 MYJIbTUMOAAIBHYI0 apXUTEKTYPY, IOCTUTAIOIIYI0 BBICOKUX pE3yJbTaTOB B
3aj1avax pacrno3HaBaHUS U MEPEBOJIA PEUH;

e Qwen3-Omni [17] — ™MynabTUMOAANbHAs MOJENb, JACMOHCTPHUPYIOIIAS JIydlllde Ha
pa3nuuHbIX Habopax gaHHBIX. OHa 00pabaThIBacT KakK TEKCT, TAK U ayIHO: IIOAJCP)KUBACT
pacnio3HaBaHue peud AnuHON a0 40 MuHYT, moHuMaeT cBbimie 100 SA3BIKOB U B IIEIOM
OPEBOCXOMUT KOMMepueckue anamoru (Hampumep, Gemini-2.5-Pro, GPT-40-Transcribe)
110 TOYHOCTH PacIO3HABAHMSI.

ABTopHI Takux Mojeneil Ha ocHoBe LLM obGemaroT yHupHIIpOBaTE 00pabOTKY TEKCTa M 3BYKA,
OJTHAKO MX NPAKTHYECKOE IPUMEHEHNE U CTAOMIILHOCTD Pe3yJIbTaTOB aKTUBHO HCCIIETYETCsl.

2.2 AKkycTnyeckme gerpagauum: o63op

B peanbHBIX yCIIOBHSIX pedb 4acTO HCKaXKaeTcst (POHOBBIM IITyMOM U peBepOeparueil. EcrecTBenHble
mryMbl (()OHOBBIE 3BYKH YIHIIBI, O(Hca, TONIBI) M UCKYCCTBEHHBIE IIyMBbI (CHHTETHUECKHH IITyM,
HaJIOXKEHHBIM Ha CHTHAI) CHIXAIOT pa30opunBocTh. PeBepOepaiisi — MHOTOKPAaTHOE OTpayKeHHUE
3ByKa B IOMEIIEHUH — TaK)Ke UCKa)KAeT CIIEKTpP PEeUM: AJII pa3HBIX IOMENICHUH (pa3Mep, JITHHHBIHA
KOPHIOp) Ka4eCTBO PACIIO3HABAHUS PEYM MOYKET U3MEHSTHCS B MIMPOKUX mpenenax. Hanpumep, B
kopnyce CHiME-5 3anucanbl auanoru B 20 peanbHbIX JOMax C OBITOBBIMH INyMaMH (KyXHS,
KOHIHMIIMOHEP M TakK Jajiee) u pasHoi akyctukoi [18]. Ananormuno B VOICES nanmbie 3anmcaHsl
B JIByX MeOeIMPOBAHHBIX KOMHATaX ¢ (POHOBBIMHU IIyMaMHu U peBepOepanueii [19].

[ToMuUMO aKyCTHYECKHX Jerpajanuii, BbI3BaHHBIX LIYMaMH W KOMHATOM, BCTPEYAIOTCS W MOPYH
CHUTHAJIOB OT IIepeladyM ayAnuo MoToKa. J[aHHBIE B pealbHOM BPEMEHH XapaKTEePHU3YIOTCSI BEICOKOM
YyBCTBUTEIHHOCTBIO K 3aJepXkKKaM. SIpKUM NPUMEPOM SBIIIOTCS TOJIOCOBBIE KOMMYHUKAITUH: B
Tene()OHHOM Pa3roBOpE 3aepXKKa B OJTHY-IBE CEKyHIBI MEKIY BHICKA3bIBAHUEM W OTBETOM JIETAET
B3aUMO/ICHiCTBUE KpaiiHe HeylOoOHbIM. AHalloruuHble 3QQeKTs HaOIIOAAI0TCS NPH TPAHCISALUH
HOBOCTEHl ¢ 3apy0e)KHBIX IUIOMIANOK, KOTAa CHUTHAJ MPUXOIMT C 3aMeTHO# 3amepxkkoi [20]. B
OoTJIIMYME OT nepenauu (aityios, MOBTOpHAsK OTIPaBKa MOTEPSHHBIX TAKETOB HEXKeJlaTeNlbHa, TaK KaK
5TO YBENMYMBACT 33JCPXKKy M HapyllaeT MOcClea0BaTeNbHOCTh HHpopMammu. Kpome Toro,
BapUaTHBHOCTb CKOPOCTH IOCTYIUICHHSI MAaKeTOB (IPKUTTEP) MOXKET BBI3BAaTh HEINpEICcKa3yeMoe
MOBEJICHUE CHCTEMBI. TakuM 00pa3om, MoTepsl MAaKeTOB MPHBOAWUT K MPOMATAHUIO (ParMEHTOB
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ayino, a JDKUTTep — K BapMaTHBHOCTH BPEMEHU IPHUXOJA IIAKETOB, YTO MOXKET NPUBOAUTH K
olMOKaM MOJENIeH paclio3HaBaHUs peyH.

CymecTByIOT pa3Ho0Opa3Hble 00MIe0CTYITHBIE HAOOPHI JAHHBIX ¢ 3aITyMIIEHHOW MITH HCKaXEHHON
peunto [18-19, 21-23]. PaccMOTpUM UX OCHOBHBIC XapaKTEPUCTHKH B TabI. 1.

Tabn. 1. O630p cywecmsyrouux peuedblx HAOOPO8 OAHHBIX C Oecpadayusamu.

Table 1. Review of existing speech datasets with acoustic degradations.

Haszsanue Habopa Onucanue S3bIKN

CHIME-5 [18] PeanpabIe pasroBopsl, 20 1OMOB, OBITOBOM IIyM, 71

3aIich Ha HECKOJIBKO MUKPO(OHOB

Koprmyc, co3mannsiii u3 unctot peun (LibriSpeech)
VOICES [19] C BOCIIPOU3BEICHUEM B TIOMENIEHHSIX C IIYMOM H en
peBepOepanmeii; 3anuch 12 MukpodoHaMu.

Koprmyc nMImyIbCHBIX XapaKTEepPUCTHK ITOMELICHHUH.
BxitodaeT kak cMOIeTMPOBaHHBIE (C

REVERB Challenge uckycctBeHHBIMU AUX moMerneHuit), Tak u en
Dataset [21] pearbHBIC 3aIHCH PeUd B peBepOepaIlOHHBIX
nomemeHusix. [Ipemycmorpenst 3amucu ¢ 1,2 u 8
MHUKpO(hOHAMHU.
DS Crillenge | o peneptepatina n cvees | THOBILT
Dataset [22] YIO petb, HYMbI, PEBepepalt sp,en
TOJIOCOB.
NISQA corpus [23] CuMyIMpoBaHHbIC AETpaallii PeYH: IIyMBI, en

KOACKH, IMMOTEPU MAKETOB, DKUTTEP U AP.

HecMmorpss Ha omyOnukoBaHHblE HAOOpBI JAaHHBIX C JErpafaldsMH, JHUIIb HEOOJBIIOE 4YHUCIIO
HaOOpOB COZEPKUT TIPUMEPBHl KOHTPOJIUPYEMBIX JETpajaliid, BBI3BAHHBIX HECTAOMIIEHBIM
UHTEPHET-COCUHEHUEM, U MO3BOJISIET UCCIIEJ0BATh BIMSHUE OIPEIEICHHON CTEIIEHU Aerpajanuil
Ha Ka4ecTBO paclo3HaBaHus pedn. O4eHb TPYIHO MOHATH, ABISETCS JIM KaKOH-ITNO0 HAOOp JaHHBIX
JIOCTaTOYHO CJIOKHBIM I PaclO3HAaBaHMs M3-3a KauecTBa ayJMO AAHHBIX, & HE U3-3a APYTUX
NpUYKH (HEKaueCTBEHHAs pa3MeTKa M Ipoyee).

2.3 MeTopabl ansa paboThbl B YCNOBUAX aKyCTUYECKUX Aerpagaummn

KiroueBbIM pUEMOM aanTalliy 10J aKyCTHUECKHE JeTPaIallii SIBJSIETCSl ayrMEHTAlMsl TAaHHBIX
npu 00yueHun Mojeneit. OMHMUM W3 CaMBIX M3BECTHBIX METOMOB sBjsieTcs SpecAugment [24]: k
CIIEKTPOTpaMMe MPUMEHSIOT UCKakeHne «Time Warpy, 3aTeM MacKHpyIOT MPOU3BOJBHBIC OJIOKH
4acTOT W BPEMEHH (TO €CThb HAMEPEHHO YJIAJSIOT YaCTH CIEKTpa). DTO UMHUTHPYET PEalbHYIo
MOTEPI0 KAaHAJIOB WJIM TMPOMYCK CETMEHTOB. Takke aKTUBHO HCHOJB3YIOT J00aBiIeHHUE
CHHTETHYECKHX M E€CTECTBEHHBIX IIYMOB C peBepOepanueil — HaKIaJbIBAIOT peasibHbIE (DOHBI
(ynu4aHbBIH, OBITOBOHM, OPUCHBIA NIYM) M UCKYCCTBEHHO CT€HEPHPOBAHHBIE MMITYJIbCHBIE OTKIIMKH
nomeneHuii. Hampumep, BBOAAT 3aJ€PXKKH COTJIACHO MOJENSAM IIOMENIEHHH WJIM CBEPTKH C
pealbHBIME UMITYJIbCHBIMU OTKIHMKaMu (Room Impulse Responses), 4ToObl TpeHHPOBATh CETH Ha
«peBepOMpoOBaHHOM» curHaje. Kpome TOro, NpPUMEHSIOT IEPEecCTAHOBKY BpeMeHH (Speed
perturbation) u npyrue Texauku (cMm. 0630p [24]).

Jns sMynauuu NoTepH NakeToB B OOYYEHHHM HCKYCCTBEHHO «3aHYJSIOT» (DparMeHTHI ay.Ho.
ABTopbI paboTel [25] moka3anu, 4To MpH A00ABICHHHA UMHUTAIMH €AWHUYHBIX MOoTeph 10 10% B
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o0y4atornyio BeIOOpky ASR-Mozenpb mouti He TepsieT B TouHoctd. OxHako npu 15-20% notepb
OLIMOKHU PE3KO PacTyT: JIy4llINe CTPaTeruy ayrMEeHTaluH JaloT KauecTBO pacro3HaBanus Ha 7—10%
BBIIIE, YEM Ha YHUCTHIX JJAaHHBIX.

B psine paboT onmceIBaeTCs anpoOaiys MOAENeH paclio3HaBaHUS Pedn I ayIHo ¢ IPUMEHEHNEM
CeTeBBIX Jerpazauuii. B gacTHOCTH, aBTOpHI paboThl [26] mpeaiaraioT METOMNKY ayrMEHTAIUH
pEUH CETEBBIMHU AETPpajanusiMK (IIOTEPs TAKETOB, JUKUTTEP) HA OCHOBE H3BECTHOTO HAOOpa NaHHBIX
samymneHHoi peun NOIZEUS. B pesynsTarte reHepupyrorcs oxono 192.5 yacoB peuu, 4To
MO3BOJISIET M3Yy4aTh BIMSHHE MCKKEHHH Ha pacliO3HABaHHWE PEYd B MPHIOKEHHSIX TelaedoHHH.
OpHako B paboTe HE pacCMaTpHBAETCs CLEHAPHH KPAaTKOBPEMEHHOH IMOTEpU NMAaKeTOB, KOTOpas
XapakTepHa JUIsl peasibHbIX CEeTeH W NPHUBOJAUT K BBINAJACHHUIO LIEIBIX CIOB MJIHM CIIOBOCOYETAHUM.
Taxo# cueHapuii 0COOEHHO CIIOXEH AJIsl MOJIeIIeH, MCIIOb3YIOINX KOHTEKCTHYI0 HH(pOopManuio.
Kpowme Toro, co3ganHbIif HA0OP TaHHBIX HE OITyOJIHKOBaH.

[TpoGnema BoccraHOBneHus: noTepsHHbIX makeToB (Packet Loss Concealment, PLC) ocraercs
aKTyaJIbHOM, 0 UeM CBUIETEIIbCTBYIOT KaK CIIeLaIN3UPOBaHHbBIE HCCIICIOBAHUS, HAIPUMED, paboTa
[27], Tak u MHUIMATHUBBI HHIYCTPUH, TAKHE KaK CICIHATH3HPOBAHHBINA KOHKYpC oT Microsoft [28],
HalnpaBJICHHBII Ha NCCIIEJOBAaHUE METOJ0B BOCCTAHOBIICHHUS IIOTEPAHHBIX CETEBBIX ITAKETOB.
Jlpyrue mojaxozsl OpUEHTHPOBAaHBI HA BOCCTAHOBJICHHE IPOIABIIMX JaHHBIX. Hanpumep, aBTOpEI
[29] mpemmararoT MHOTOCTIOHHYIO PEKYPPEHTHYIO HEHPOHHYIO CeTh, KOTOpas BOCCTAHABIHBACT
OTCYTCTBYIOIIME CETMEHTHI pedr. X MoJenb criocoOHa BOCCTaHABIMBATh A0 | CEKyHABI IIPOITyCcKa
C BBICOKOW CyOBEKTUBHOM OLICHKOI KayecTBa.

B apXWTeKTypHOM IUIaHEe NPUMEHSIOTCS TaKKe THOpUIHBIE cHcTeMbl. ABTOpHI paboThl [30]
MOCTPOWJIN HEHpOCETh, KOTOpas, Oyay4H MOIKITIOYEHHOH K MOJENH pPAcHO3HaBaHUS PEUYH C
(MKCHPOBaHHBIMH BECaMHM, 3aIlOJHSET IIOTEPSHHBIC CIEKTPaJbHBIE (QPEHMBI Tak, YTOOBI
MHUHAMM3HpOBaTh ommoOKy. Kpome Toro, mcciemyrorcss m TpaHc(hOpPMEphl: HalpuMep, MOJEIb
Whisper (OpenAl) na 680K uacoB MHOrOSI3bIYHBIX JaHHBIX [OKa3ajda YIUBUTEIbHYIO
ycroiunBocTh K (hOHOBBIM 3BykaMm [31]. ABTOpBI 3TO# pabOTBI JEMOHCTPUPYIOT, YTO MOJEIb
Whisper myurire coxpaHseT KaueCTBO PACO3HABAHUS TIPH CHIIBHBIX IIYMOBBIX 3alIyMICHHUSX, YE€M
JIpyTHe apXUTEKTyphl pacTIO3HABAHMS PEYH.

3. Tecmoenili Habop akycmuyeckux Oezpadayull, ebI38aHHbLIX
HeKayecmeeHHbLIM cemeebiM COeOUHEeHUeM

B oTiimdme oT KIaccHYecKHX aKyCTHYECKUX IIYMOB (TaKMX Kak peBepOepanus, (GOHOBAs pedb HIH
VIWYHBIA [IyM), OeTpajallid, BO3HHUKAIOIINE W3-32 HEKAYCCTBEHHOTO HWHTEPHET-COCIWHCHMUS,
HUMEIOT MIPHUPOJY CETEBOTO MPOUCX0XkAeHUS. OHU CBS3aHHI He ¢ (PU3NIECKHM UCKaKEHHEM 3BYKa, a
C MOTEPEH, 3aIePKKON Wi (hparMeHTarreil u(pPOBBIX TAKETOB B IIOTOKE NaHHBIX. Takue 1e(eKThI
MIPOSIBJISIFOTCST HEPETYIISIPHO U MOTYT CO3/aBaTh 3 PEKThI «IIPOMAJaHHs» YaCTeH PeUYH, HCKAKCHUIM
TeMOpa, 0OpbhIBa CIIOB WIIM BPEeMEHHOH PAaCCHHXPOHU3AIIUN MEXKTY ayIHU0 U BHUIEO.

Oc0o0EHHOCTh CETEBBIX JIETPaJaluil 3aKII0YAeTCS B HEMPEICKa3yeMOCTH U JUCKPETHOCTH MOTEPh:
B OTJIMYHUE OT aJUTHBHBIX IIIyMOB, OHM HAPYIIAIOT CTPYKTYPY BPEMEHHOM MOCIIEI0BATSIbHOCTH
CUTHAJIA, YTO JIeJaeT 3a7a9y PEKOHCTPYKITMH U MTOCIEAYIONMIEro pacro3HaBaHUs 0COOEHHO CIIOKHOM
s ASR-cuctem. TloTepst mMakeToB MPUBOAUT K TOMY, YTO MOJEIb CTAJKHBACTCS C OOpBIBAMHU
CIICKTPOTPaMM, HM3MECHEHHEM aMIUIUTYIHBIX COOTHOIICHHH W HApyIICHHEM KOHTEKCTHBIX
3aBHCHUMOCTEH, YTO CHIDKACT TOYHOCTH PACIIO3HABAHUS TaXKe IIPU HEM3MEHHBIX YCIOBUSIX (POHOBOTO
nryma.

B pamkax maHHOTO WCClemOBaHUS OBbIT IMOATOTOBJICH CHEIUATBHBIM HAOOp JaHHBIX,
MOJICIMPYIOMINN BIMSHAE HEYCTOWYHMBOTO COCIAMHEHHs Ha pacro3HaBaHue peun (puc. 1). s
CUMYJISIIIAM UCTIONB30BAIACH JBa PEKHAMA TOPYH: TOTEPs MAKETOB HA MPOTSHKCHHU BCETO ayAHO
¢aiina (momusiii pexxum — full) u BeibopouHast nerpamanms Ui N HOC/IEAOBATENFHO UAYIIUX CIOB B
Tekcre (vacthuHbli pexxum — partly). Takum oOpa3om, Takas KOMOHWHAIUS TO3BOJISIET CO3/1aTh
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KOHTpOHI/IpyeMBIﬁ XapakTep Iop4Yd B Ha60an JAaHHBIX, YTO IIO3BOJIICT CpPAaBHUBATH MOICIIHA
pacrio3HaBaHUA p€YX U TIOHUMATh 'PAHULIBI UX IPUMEHUMOCTHU B IIPAKTHUYCCKUX CLCHAPHUAX.
pexum aerpapaunn: full, partly

n - KONWYEeCTBO CroB
P - cTenexb Aerpagaunn (%)

—parti fulfl
l A 4

erpagauva n
Aerpanau Derpagaums scex
nocrenoBaTensHbIx
cnose
cnos
ABTO
paccTaHoBka ¢ ¢
BPEMEHHbIX
METOK Ans MoTeps p nakeToB MoTeps p nakeToB
cros

Habop
JlaHHBIX
YUCTOM
peun

BeHumapk

Puc. 1. Ilpeonazaemviti mecmogulii HA60P O SIMYIAYUU HECTNAOUTLHOLO UHIMEPHEM-COeOUHEHUA . CXeMd
eenepayuu oecpadayuii.
Fig. 1. The proposed benchmark for emulating an unstable Internet connection: a degradation generation
scheme.

4. Aemomamud4eckasi oyeHka Oezspadauuli onsi npedckasaHusi WER

B ycnoBusx HenpejackadyeMblX Jerpajialiiii  Ba)KHO OMNEPATUBHO OLCGHUBATh KauecTBO
MOCTYIMAIOIIEro 3ByKOBOTO TIOTOKA, UMETh BO3MOXKHOCTB JI0 3aIlyCKa MOJIEJIH Paclio3HaBaHUs peuH,
[IOHUMAaTh NPUMEPHBINA ypOBEHb €€ KauecTBa. Takol MOAXOJ MO3BOJISIET HE TOJBKO SKOHOMUTH
BBEIYUCITUTENHHBIE PECYpPChl, HO M CBOEBPEMEHHO IHAaTHOCTHPOBATh NPUYHHBI JIETPalalliiH,
CHTHAJIM3UPYs O polJieMe B ayAMONIOTOKE.

Metpuka Word Error Rate (WER) siBisieTcss CTaHZapTHBIM IIOKa3aTesieM KadecTBa CHCTEM
aBTOMaTH4YeCcKOro pacmo3HaBanus pedn (ASR). OHa u3MepseT paccTOSHUE MEXAY ITaJOHHOM
TEKCTOM U THIIOTE30M1, BbIIaHHON MOJienbio ASR, BEIUHCIISSE MUHUMAJIBHOE KOJIMYECTBO ONepaluit
Ha ypoBHe cioB — 3ameH (S), BcraBok (1) u ynanenuii (D), — HEOOXOAUMBIX JUIs TPe0Opa30BaHUS
rHNOTe3bl B 3TaNoOHHBIA TekeT: WER = (S + D + I) / N (rne N — oOuiee KOJMYECTBO CIIOB B
ATAIOHHOM TEKCTE).

Jns perieHus 5TOM 3ajadyyM Mbl MCHOJB3yeM MeTon mnpezackazanus merpukn WER Ha ocHoBe
aHaJIM3a aKyCTUYECKOro cHruana 6e3 ucrosb3oBanus Tpanckpunuu [32, 33]. [Ipemiaraemblii HaMu
MOAXOJ OCHOBaH Ha COBOKYITHOCTH HH3KOYPOBHEBBIX M CHEKTPaJbHBIX IMPU3HAKOB, a TaKXKe
METOJIOB OICHKH KauecTBa MPH MOMOIIM aBTOMATHIECKHX METPHK (puc. 2).

®opmuposanue npusHakoB s nporHoza WER Bkirouaer B cebst oneHkn yBepeHHocTH ASR-
MoJien (METPUKH YBEPEHHOCTH, M3BJICUEHHBIE M3 JIOTapU(PMUYECKHX BEPOSTHOCTEH HA YpOBHE
TOKEHOB, TaKHe KaK SHTpomws, Kod(dumument Gini u apyrue) u npusHaku kadectsa peun (WADA-
SNR [34], SpeechBrain SI-SNR Estimator [35], NISQA [23]), uTo mo3BoJIsIeT yIUTHIBATh BIUSHUC
Pa3IUYHBIX TUMOB ayauno nerpagamuii. OObeUHEHHBIA BEKTOpP TMPU3HAKOB MOMAETCS HA BXOJ
MOJICITH PErpeccuil, B KauecTBe KOTOPOi ucrnonb3yercs anroputM CatBoost [36].
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ASR mopenes TpaHckprBauma

PasmeTtka

Y OueHka WER
YBEpEHHOCTE

mogenu A

Ayawo-
NpMaHaKkn

Regressor

SNR oueHka:
WADA-SNR,
SI-SNR

Puc. 2. O6was cxema pabomor npeockasanusi WER.
Fig. 2. The general scheme of the WER prediction.

5. 9kcnepumeHmsbi

B nanHHOM paszzene pacCMOTPUM OCHOBHBIE 3KCHEPHUMEHTHI 10 00YYEHHUIO U BAIUAAIIMN MOJIEIICH.
J11st 5KCTIEpUMEHTOB ObLIIHM BRIOPAHBI 2 PyCCKOs3BIYHBIX Habopa: LibriSpeech (ru) [37] u Fleurs (ru)
[38]. HaGopsl conmepxar 4HCTYIO pedb, O€3 aKyCTHYECKUX ACTrpajalldii, MOATOMY MOAXOMAT IS
KOHTpOJHpyeMoil ToTepu makeroB. Habop manupix LibriSpeech (ru) ocHoBaH Ha aynnOKHHTaXx,
HAXOJSIUXCS B OTKpbIToM goctyme B LibriVox. Habop mannsix Fleurs (ru) sto pedesas Bepcus
Habopa st MmammHHOTO epeBosia FLoRes [39].

5.1 OuyeHka kayecmea pacrio3HagaHUsI pequ cywecmeyrowumu modensimu

Jlist sxcniepuMeHToB ObuTH BeIOpaHs! crenyrorue mogenu: Whisper-small, Whisper-large-v3-turbo,
FastConformer u Qwen-3-Omni (tabn. 2). B Ttabn. 3 mnpeacTaBieHbl pe3ysbTaThl KauecTBa
pacrio3HaBaHusi peun Ha HabOope LibriSpeech (ru). Merpuku kadecTBa MOCUYHMTAHBI Kak st
peno0yIeHHOM BepCcHii MoJeN, O3 N3MEHEHHUS BECOB, TaK M IMOCIe 00ydeHws C momornbio LORA-
amanrepos [40]. Omnupudecku GbUTO BRIOpaHO 3HaueHus panra s LORA-amatepa, paBHoe 256,
YTO COOTBETCTBYET 00yueHHt0 21.6% BecoB Mozenn y Bepcuu Whisper-turbo-v3 (ucmons3oBanuch
Beca marpui Q, K, V 1 Habop MOTHOCBSI3HBIX CIIOEB OPUTHHANBLHOM apxuTekTypbl Whisper).

Tabn. 2. Hcnonv3yemvle MoOenu pacno3HA8anus peyu.
Table 2. Used speech recognition models.

Moaens Komriectso Tun nexonepa
rnapameTpoB
Whisper-small [13] 242M Transformer
Whisper-turbo-v3 [13] 809M Transformer
FastConformer [12] 120M I'u6pun (RNNT+CTC)
Qwen3-0Omni [17] 30B MoE Transformer

TpenupoBouHasi BBIOOpKa ObUIa CPopMUpOBaHA M3 OOYYAIOMIMX BBIOOPOK COOTBETCTBYIOIIMX
Ha0OpOB AaHHbIX. [ 3THX BHIOOPOK ObLIa MPUMEHEHHs] NpoLeAypa Jerpajaliu, ONUCcaHHas B
paszene 3 1o norepe makeToB (MoJHbIH pexum). CTeneHs Aerpaganuu p Bappuposanack ot 0% 1o
90% c marom 10%. AHamoruyHbIM 00pa3oM NpHUMEHsUIAch jaerpagauus s test BrIOOpOK
cooTBeTCcTBYIONIMX HabopoB. Y monenu FastConformer oGyuamucs Bce Beca (full-sft). OGyuenue
Bcex Mopeneil 3amyckanoce Ha 1 Bupeokapte Nvidia H100 80Gb. CpenmnexBampaTudHOe
OTKJIOHEHHE y Beex Mozeneit < 0.2 mo 3Hagenusm WER, kpome ciryuaes ¢ Qwen3-Omni.
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Ta6n. 3. Pe3ynibmamvl pacno3nasanus ¢ nomepsamu Ha nonou 3anucu na nabope LibriSpeech (ru).
Table 3. Recognition results with losses on the full recording of the LibriSpeech dataset (ru).

Mogen, / Toreps 0% | 10% | 20% | 30% | 40% | 50% | 60%
ITAaKCTOB
. Pretrain | 0.2296 0.26 0.3038 0.3752 0.479 0.6545 1.384
\Whisper-
small
LoRA-sft| 0.1640 | 0.1766 0.1925 | 0.2132 0.2516 | 0.3136 0.4299
i Pretrain 0.2037 0.2184 0.2350 0.2751 0.3291 0.4074 0.5309
\Whisper-
turbo-v3
LoRA-sft| 0.1032 0.1099 0.1151 0.1322 0.1544 0.1937 0.2775
Pretrain 0.4538 0.4552 0.4707 0.5159 0.6086 0.7495 0.8788
Fast
Conformer
Full-sft | 0.1229 0.1231 0.1274 | 0.1384 | 0.1577 0.1993 0.2749
0.1109 0.1361 0.1722 0.2485 0.3785 0.8162 4.2209
Qwen3-Omni| Pretrain + + + + + + +
0.1251 0.1349 0.1470 0.1859 0.2240 9.2656 32.7964
[Iporno3z WER 0.079 0.103 0.122 0.158 0.226 0.342 0.547

[To pe3ysibraram aHanu3a JaHHBIX M3 Ta0Jd. 2 MOXKHO CIIeNIaTh ClIETyIOUINE BHIBODI:

HooOyuennass Bepcusi wmomenu  Whisper-turbo-v3-809M  mokassiBaeT  HawsIydIIne
pe3yIbTaThl MPAKTUYECKH CPE BCEX ypOBHEH moTeps (kpome 60%);

Mogens FastConformer-120M  (Full-sft) moka3eiBaeTr xoporuryto ycroiuuBocts. EE
KauecTBO JIerpaaupyeT Hauboee MiIaBHO ¢ pocToM noteph. Ha ypoBae 60% moreps e
3HaueHue merpuku WER (0.2749) noutu Takoe ke, kak y Jyy4meii monenu Whisper
(0.2775), mpu stom mojens FastConformer mmeer ropaszno Menpumid pasmep (120M
mnpotus §09M);

Mogens Qwen3-Omni (Pretrain) gemMoHCcTpupyeT CHIbHOE TaJIeHHe KaueCTBa PU YPOBHE
norepb 60%, mocruras 3naueHus WER, paBuoro 4.2209. Takue 3Ha4yeHUs] rOBOPST O
HAJMYAH CHIIbHOM TaIUTIOIMHAIINK MOJISIH, HAIIPUMED, MHOTOKPATHOE MTOBTOPEHHE OIHOM
M TOH e (Qpasbl U MOIHOE HECOOTBETCTBHE Pa3METKE;

[pornoszupoBanue MeTpukn WER mnoka3bpIBaeT pealluCTHYHBIC pe3yNIbTaThl, 0COOCHHO Ha
cpennux ypoBHsX notepb (20-40%). Ha Bricokux ypoBHsX notepb (60%) 3TOT mporso3
(0.547) oxa3bIBaeTcs IIECCUMUCTUYHEE, YEM MOKA3bIBAIOT JIyUIlIHE I000yYEeHHbIE MOEIH
(~0.27-0.43).

B tabu1. 4 npencraBieHbl pe3ybTaThl KauecTBa paco3HaBaHKs peun Ha Habope naHHbIX Fleurs (ru).
Hacrpoiika runepnapaMeTpoB U MOJEIH OOy4YEHUs! COBIAJAIOT C OIMCAHHOW BhIIe cxeMoH. [o
pe3ysbTaTaM KCIIEPUMEHTOB MOXKHO CIIENATh CIEIYIOIINE BHIBOABI:

Mopnens Qwen3-Omni mnokasbiBaeT HAWJIy4IIMHA pe3yJbTaT Cpend BCeX Mojelield Ha
HCXOIHOM HabOpe TaHHBIX, OTHAKO CHJIBHO TePSAET B KAYECTBE ITPH IMOTEPSIX TAKETOB BHIIIIE
40%, nocrurast makcumyma 3HaueHuss WER B 2.0846. Takue skcTpemasbHble 3HAYCHUS
WER w©u BblcOKOe CpeIHEKBaJpaTUYHOE OTKIOHEHHE BBIPAXKAIOTCS B HAIWYHAU
raJuTFONIMHAIIMN Mojenei (moapoOHee B Tadd. S5);
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Tab6n. 4. Pesynomamel pacno3Haeanus ¢ NRomepsamu Ha noanol 3anucu Ha nabope Fleurs (ru).
Table 4. Recognition results with losses on the full recording of the Fleurs (ru).

0,
Moger, / Toreps 0% 10% 20% 30% 40% 50% 60%
ITAKCTOB
Pretrain| 01503 | 01731 | 0.1957 | 0.2228 | 03016 | 05112 | 0.9449
\Whisper-
small LOSF]ftA' 01502 | 01695 | 0.1835 | 02065 | 0.2527 | 03208 | 0.4450
Pretrain| 02021 | 02230 | 0.2488 | 0.2952 | 03580 | 04590 | 0.6229
\Whisper-
turbo-v3 LOSF]ftA' 01266 | 01338 | 0.1426 | 01498 | 01756 | 02221 | 0.3120
ot Pretrain| 03655 | 0.3744 | 0.3868 | 0.4206 | 04896 | 06153 | 0.7733
Conformer | pjsft | 1516 | 01543 | 01585 | 01689 | 0.1839 | 02155 | 0.2763
3 Pretrain| 00392 | 0.0429 | 0.0516 | 00671 | 01227 | 03688 | 2.0846
8vafl? B + + + + + + +
0.0625 | 0.0648 | 00731 | 00834 | 01264 | 25370 | 14.5095
Tporros WER 0054 | 0059 | 0077 | 0115 | 0188 | 0317 | 0527

Tabn. 5. Ipumepor canmoyunayuti QWen3-Omni na noanoil 3anucu Ha Habope dannwix LibriSpeech (ru) 60%

nomepu nakemaoe.

Table 5. Examples of Qwen3-Omni hallucinations on the full recording on the LibriSpeech dataset (ru) 60%

packet loss.
I'nnoresa mozxenu IIpaBunbHas 3anuch Kommenrtapuit
Bort B 37101 yarie, B 3TOM o
alIe. B 5ToM Yame. B 3Toi 0TOOMHOE TeueHNe TeueHNe
’ ’ co371aBaeMoe BOJTHAMU WER=256.0

yaiie, B 3TOH yaiiie, B 3TOI
yaiie, B 3TOH yaiiie, B 3TOI
gamie ... (IOBTOpsieTCs
6omee 100 pa3)

KOTOpBIE pa30nBaroTCs

o Oeper i uHorna oo pud
WM 9TO-TO MOJ00HOE

13-3a IOBTOPEHUI
CIIOBOCOYETAHUSA B TUIIOTE3E

MUuHCK sSBIsIeTCSA
aJIMUHUCTPATUBHBIM
LIeHTpoM MuHCKOU
00J1aCTH.

HE OCKBEpHSINTE 3TO MECTO
HaHOCH WJIM BbILapalbiBas

rpad¢uTH Ha
00BEKTHI BOKPYT

WER=1.0
TMIIOTE3a CBA3HAs, HO HU
OJIHO CJIOBO HE COBIIAJAET

Jlns Bac, MyIIKUH, TO3THI,
Kacaercs Bac OT HUX,
BpeMeHa, HyBIIEMY ITHIIE,
B 4achl JOCYra 30J10TbIX,
4100 B TaliHBI MOAJIMHHBIE
PYKOI Bepsl 5 BHal.

JUIS1 Bac I MOEH LapHILbl
KpacaBHIIbl JJIs BAC OJHUX
BPEMEH MHUHYBIIHX
HEeOBLINIIBI B 4aChI JIOCYTOB
30JI0TBIX HOJ| IETOT
CTapUHBI OOJITIIMBON PYKOIO
BEpHOII 4
nucan

WER=0.75
€CTh €AMHUYHBIE TOIAIaHus
IO CJIOBaM, HO B O0IIeM
KOHTEKCTE Paclio3HaBaHHE
HEBEPHOE
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e KauectBo na natope Fleurs y momenn Qwen3-Omni nydiie mo cpaBHEHHIO ¢ HAGOPOM
LibriSpeech. HaGop Fleurs syulire COOTBETCTBYET JOMEHY TPEHHUPOBKH Mozean Qwen3-
Omni, gwem ma6op LibriSpeech, mockoneky B HaGope LibriSpeech Berpeuarorcs ckasku
PYCCKHX mmucaresell, U SA3BIKOBOM CTUIIb OTJIMYAETCA OT IyOIHIMCTHYECKOTO OOIIEro
nomena Fleurs;

e Mogens FastConformer-120M (Full-sft) mokasbiBaeT HamIydIyro yCTORYHBOCTD K POCTY
moreps. Habmromaercs mmaBHbIi poct metpuku WER ot 0.1516 mpu 0% nortepn nakeToB
10 0.2763 mpu 60%.

B Tabn. 6 u tabn. 7 mpHBeACHBI Pe3yJbTAThl SKCIEPUMEHTOB Ha KOHTPOIMPYEMOIl 4acTHYHOM
noTepe cioB (cM. paszen 3, pexxum partly). B stom pexume cirydaifHbIM 06pa3oM BBIOHPAIOTCS N
UIYIIUX HOAPSAZ CJIOB, ¥ K HAM IPHMEHSETCS IMOTepsl MAaKeTOB CTENeHbI0 Aerpaganuu P. beuto
SMITUPUYIECKH YCTAaHOBJICHO, YTO Ha IOpYe OrPAaHUYCHHON OCIEOBATEILHOCTH CIIOB HMEET CMBICI
paccMmarpuBath 2 cueHapHsi, Kak HanOouee pa3nuyuMble Ha ciyX U o merpuke WER: 40% u 60%.

Tabn. 6. Pezynomamvl pacno3Haganus 015 HOmepu Ha 0ZPAHUYEHHOU NOCIE008AMENbHOCU Cl08
(wacmuunsiii pescum) na nabope oannwix LibriSpeech (ru).

Table 6. Recognition results for the loss on a constrained word sequence (partly mode) on the LibriSpeech
dataset (ru).

Mogens / 40% 40% 40% 60% 60% 60%
ITotepst nakeToB 1 cnoBo 2 cnoBa 3 cioBa 1 cnoBo 2 cnoBa 3 cnoBa

Pretrain | 0.2379 0.2500 0.2037 0.2341 0.2624 0.2956

\Whisper-turbo-|
& LoRA-sft| 0.1940 0.2097 0.1521 0.1949 0.2242 0.2614

Fast Pretrain | 0.4631 0.4711 0.4538 0.4640 0.4854 0.5103

Conformer Full-sft | 0.1304 | 0.1356 | 0.1229 | 0.1354 | 0.1523 | 0.1674

Pretrain | 0.1241 0.1468 0.1682 0.1487 0.2063 0.2671

Qwen3-Omni + + + + + +
0.1321 0.1473 0.1605 0.1433 0.1664 0.1930
Iporuo3 WER 0.097 0.111 0.123 0.111 0.144 0.177

Tabn. 7. Pezynomamel pacno3Haéanusi Ha 02PaHUYEHHOU NOCIe008amelbHOCIU 08 (YACIUYHBLL PeCUM)
na nabope dannwvix Fleurs (ru).
Table 7. Recognition results for the loss on a constrained word sequence (partly mode) on the Fleurs dataset

(ru).

Mogens / 40% 40% 40% 60% 60% 60%
IToreps nakeros 1 cnoBo 2 cnoBa 3 cioBa 1 cnoBo 2 cioBa 3 cnoBa

Pretrain | 0.2215 0.2299 0.2021 0.2165 0.2366 0.2641

\Whisper-turbo-
V3 LoRA-sft| 0.1838 0.1938 0.1674 0.1842 0.2023 0.2247

Fast Pretrain | 0.3727 0.3779 0.3655 0.3747 0.3928 0.4088

Conformer Full-sft | 0.1559 | 0.1596 | 0.1516 | 0.1589 | 0.1689 | 0.1752

Pretrain | 0.0433 0.0458 0.0526 0.0500 0.0642 0.0909

Qwen3-Omni + + + + + +
0.0673 0.0693 0.0796 0.0723 0.0851 0.1025
[porro3 WER 0.059 0.063 0.072 0.061 0.086 0.109

ITo pesynbraTam cpaBHEHHS MOAENIEH B YACTUYHOM PEXHMME MOXKHO CIENaTh CIEAYIONIINE BBIBOJIBI:
e Ha Bcex Mozensx BuJeH MOHOTOHHBIH poct WER npu yBenmmueHnu TepseMbIX CIIOB Ha
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OJHOM ypoBHE moTepu mnakeToB. Omnako, mus mabopa LibriSpeech poct WER Gonee
BBIPAXKEH JUI BCEX MOJENEH, ueM y Habopa Fleurs B o1MHAKOBBIX peXxXUMAX;

e Mogens FastConformer Bce Takke MPOJOIDKACT [IEMOHCTPUPOBATh HAMIYUIIYIO
ycroitanBocTh: 3HaueHne MeTpuku WER pacrer € 0.1354 o 0.1674 (mpu moTepe makeToB
60%) ua Habope LibriSpeech u ¢ 0.1589 1o 0.1752 (mpu Takoii e morepe makeTos B 60%)
Ha Habope Fleurs;

e [Ipu HeOONMBIINX AErpalaliiiX OTHOCUTENHEHO HU3KUE 3HAUEHHS MPEACKa3aHHO MeTpuKe
WER roBopsT 0 TOM, 4TO Ha 3TOM JOMEHE MOXKHO 00YYHTh MOAEINB JI0 XOPOLIHX 3HAYESHHUH.
[pemoOyuennbie (pretrain) u goody4eHnsie (Sft) Moaenn 3T0 MOATBEPIKAAIOT;

e Bounbmas pasHuna B kauectse y Mogenu Qwen3-Omni (B 3 pasa st pexxumMa ¢ motepeit
60% makeToB Ha OJHOM CJIOBE) MEXKIy IBYMs HabOpaMH YyKa3plBa€T Ha CHIBHYIO
3aBHCUMOCTb MOJIETIH OT TEKCTOBOT'O JOMEHA JAHHBIX;

e Mogens Qwen3-Omni cTaGWIBHO JIyYile COPAaBISETCS C PEKAMOM  YaCTHYHOM
gerpagamun partly, mpu 3TOM CHJIBHO MagaeT B KadyeCTBE [0 CPABHEHHIO C IPYTHMH
Mozensamu Tipu moHoM pexxume full. Dto cesi3aHo ¢ Goee MOLIHBIM IEKOIEPOM TaHHOM
MOJEJIH [0 CPAaBHEHHIO C APYTUMH (IOApoOHEe aHAIU3 PE3yJIbTaTOB PACIIO3HABAHUS PEUH
B Ta01. 8);

o ®axrtrueckue 3HaueHU MeTpukd WER xyxe, uem nmporHo3upoBaHHbIe, 11 OOJIBITHHCTBA
Mo/eneit Ha Habopax aanubix LibriSpeech u Fleurs.
Tabn. 8. Ipumepwr pacnosznasanuit QWeN3-Omni na ozpanuuennoll nocredosamenbHoCmu cios (YacmuyHbli

pexcum) na nabope oannvix Fleurs (ru).
Table 8. Examples of Qwen3-Omni recognition based on a limited sequence of words (partially mode) on the

Fleurs dataset.

Whisper-turbo-v3

Fast
Conformer

Qwen3-Omni

KOMMYTAaIlU1 B KJIIETKax
3apO/BIIIEBOM JINHUU MOTYT
NIEPENABAThLCS JAJee IETIM
B TO BpPeMsI KOMMYTallul
[ZIETO €I€ MOTYT IPUBECTH
K THOENH KIIETOK WIIH PaKy

KOMMYTAaIlM1 B KJIIETKax
3apOABIIIEBON JIMHUU MOTYT
NEPENaBaThCS NAJIee IETAM
B TO BpeMs KOMMYTaLlUU
TZIETO €Ille MOTYT IPUBECTU
K THOEIH KJIETOK WU PaKy

TOJILKO MYyTalun B KJIETKax
3apOJBIILIEBOM JINHUU MOTYT
NEPENABATBCS AJIEE IETAM
B TO BpeMs KaKk MyTaluH
IZIETO €IIE MOTYT IPUBECTH
K THOEIH KJIETOK WU PaKy

JIFOJISIM C 3TUX BPEeMeH OBLITH
HM3BECTHBI OCHOBHBIE
XUMHYECKHE DIIEMEHTHI
TaKHe Kak 30JI0TO cepedpo u
MeJb TIOCKOJIbKY UX BCE
MO>XHO BCTPETHUTH B
TIPUPOJIC B YUCTOM BUJE U
OTHOCHTEJIHHO JIETKO
IOOBIBATH C IIOMOIIBIO
MIPUMHUTHUBHBIX OPYIHA

JIOISIM C 3TUX BPEMEH OBLTH
H3BECTHBI OCHOBHEIE
XUMHUYECKHUE DJIEMEHTHI
TaKHe Kak 30JI0TO cepedpo u
MeJIb TIOCKOJIbKY UX BCE
MO>KHO BCTPETHUTH B
MIPUPOJIC B YHCTOM BUJIE U
OTHOCHTEJIBHO JICTKO
JI0OBIBATH C ITIOMOIIBIO
TIPUMHUTHBHBIX OPYIHHA

JIIOJIAM C JIDEBHUX BPEMeH
OBUIH U3BECTHBI OCHOBHBIE
XUMHYECKHE DIIEMEHTHI
TaKHe Kak 30JI0TO cepedpo u
MeJIb TIOCKOJIbKY UX BCE
MO>KHO BCTPETHUTH B
MIPUPOJIC B YHCTOM BUJIE U
OTHOCHTEJIHHO JIETKO
IOOBIBATH C IIOMOIIBIO
MIPUMHUTHUBHBIX OPYIHHA

XBIOH YIIIEN B OCTATKy U B
KaOWHETe MHUHUCTPOB €r0
3aMEHMT YJIEH
mapJaMeHTa. ..

XBIOH yIlIEN B OCTaTKy U B
KaOWHETe MUHHUCTPOB €TI0
3aMEHUT 4JIeH
napjaaMeHTa ...

XBIOH yIIET B OTCTaBKY, U B
KaOMHETE MHUHUCTPOB €ro
3aMEHUT 4JIeH
rapJiaMeHTa. . .
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5.2 Aemomamudyeckoe npedckasaHue mempuku WER

PaccMOTpHM pe3yibTaThl SKCIIEPUMEHTOB [0 aBTOMaTHYecKoMy mnpezckasannio WER (Pasmen 4)
Ha HabGopax LibriSpeech (ru) u Fleurs (ru). B mepBoM (IIOITHOM) peXHME PACCMOTPHUM TOJHYIO
MOTEPIO TTAKETOB Ha BceM ayawo (aitne. Bo BTOpoM pexume aerpaganus IpUMEHICTCS CIIydaifHO
Ha n (1, 2, 3) mociemoBaTENBHBIX CJIOB B IMPEIOKEHHH — YaCTHUHBIM pexum. B Tabm. 9
MIPEICTABICHBI PE3YIbTATHI 10 KAUeCTBY aBTOMATHIECKOTO Tpeacka3zanust Metpukn WER mst tpéx
Mogerneii Ha Habope Fleurs (ru).

Tabn. 9. Kauecmeo npoenosuposanus WER na na6opax oanneix Fleurs u LibriSpeech (ru).
Table 9. The quality of WER forecasting on the Fleurs and LibriSpeech datasets (ru).

Fleurs Librispeech
Mogpens | Pasmep
RMSE | Pearson |Spearman| RMSE | Pearson |Spearman
Whisper-
turbo-large- | 809M 0.0768 0.9827 0.9145 0.0633 0.9891 0.9424
v3
Wshr:f;ifr' 244M | 01077 | 09527 | 09399 | 00752 | 09817 | 0.9545
Fast
120M 0.0866 0.9682 0.8942 0.0758 0.9828 0.9340
Conformer

Pe3ynpTaThl SKCIIEpUMEHTOB NPOUIIIIOCTPUPOBAHbI HA puc. 3, 4 1 5. MOXHO clenaTh HECKOIBKO
BBIBOJIOB:

e [Ilpenckazannas merpuka WER koppemupyer ¢ gmonmelt moTepsHHbIX makeroB. Kak
MOKa3aHo Ha puc. 3 u 4, B peKuMe MOJTHON Jerpanalliy ayAuo-CUrHalla MpeicKa3aHHOoe
3HaueHue Metpukd WER pacrer monoToHHO. 3Hauenuss WER oTHocuTensHO HeOObIIHe
(<0.2) npu morepsix g0 30-40%, HO pe3ko pacTyT HauuHas ¢ 50% mOTEph, JOCTHrast
MeauanHoro 3HaueHus 1.0 mpu 90% noteps Ha 06oux Habopax;

e VBenuumBaeTCs HE TOJbKO MeanmaHHoe 3HadeHue merpukn WER, nHo u amcmepcus
npexackaszanuid. Ha puc. 3 u 4 pa3dpoc CTaHOBUTCS 3HAYNTENHHO IINPE MPH YBEIMUCHUN
norepsb 710 70%. DTO rOBOPUT O TOM, UTO ITPU CHUIIBHOM Aerpaaliii NpeIcKa3aHms MOJIeIH
CTaHOBSTCS MEHee CTaOMIbHBIMU;

Predicted WER Distribution - RuLibriSpeech_degraded_test

1.2

::: lqﬁ

o
[N]

F P @
Packet Loss

TLL

Puc. 3. Pacnpedenenue npeockasanuss WER na nabope oannwvix LibriSpeech (ru) — full peosrcum.
Fig. 3. Distribution of the WER prediction on LibriSpeech dataset (ru) — full mode.
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12 Predicted WER Distribution - FleursRu_degraded_test
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Puc. 4. Pacnpedenenue npedckazanus WER na nabope dannwix Fleurs (ru) — full pescum.
Fig. 4. Distribution of the WER prediction on Fleurs dataset (ru) — full mode.
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Puc. 5. Pacnpedenenue npedckaszanust WER na na6opax oannwvix Fleurs (ru) u LibriSpeech (ru) —
YACMUYHBLU PEIICUM.
Fig. 5. Distribution of WER predictions on the Fleurs (ru) and LibriSpeech datasets (ru) — partly mode.

e Hecmortps Ha notepto crabuinbHOCTH TIpH noTepsx> 50% st 3nauennit WER o 0.4 ato
BCE PaBHO XOPOUINI HHCTPYMEHT IO HPOTHO3MPOBAHHIO HA NIPAKTHKE;

e ['paduxy NMOKa3bIBAIOT, YTO [IPU OJMHAKOBOH J0JIE MOTEPh Jierpaaaiys OOJbIIero Ynucia
CIIOB OKa3bIBaeT Oojee cwipHOe BiausHMe Ha mporHo3 WER. Tak, Ha puc. 5 meamanHoe
3Hauenne WER npu 40% moteps Ha Tpex cioBax Belre, yeM mpu 40% moreps HA OJHOM
cioBe. Jlucniepcust ¢ poCTOM JIerpaialiiyi pacTeT, Kak U Ha mosiHoM pexume full;

e Opnaxo npornosuposanne WER He MMeeT MOTOKOBOTO PEKUMa PACIIO3HABAHHKS, TOITOMY
COBOKYITHO TITIOKa3bIBA€T HHU3KUEC 3HAYCHHUA Ha pPEKUME IOTEPU Ha OFpaHquHHOﬁ
MOCIIEI0BAaTENLHOCTH ¢JI0B (partly) mo cpaBHeHuIO ¢ oTepeii cioB Ha Beei 3amucu (full).
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6. 3aksroyeHue

B paMkax mpoBeIeHHOTO HCCIEI0BaHMUS HCCIEI0BaIach 3a/iada 110 OLEHKE COBPEMEHHBIX CHCTEM
aBTOMAaTHYECKOTO pacmo3HaBaHUs peud (ASR) kK akycTHIeCKMM MCKaKEHUSAM, XapaKTePHBIM IS
HecTaOMIIBHOTO MHTEPHET-COSIUHEHHS:

e bBpul pa3paboTaH M OMyOJMKOBaH CIICIHAIM3UPOBAHHBIN TECTOBBIM HA0Op JaHHBIX
PYCCKOSI3BIYHOM peuH, KIIF0UEeBOH 0COOCHHOCTBIO KOTOPOTO SIBIISIETCS] PENPE3CHTAaTUBHBII
Ha0Op JaHHBIX C KOHTPOIUPYEMBIMH M BOCIIPOM3BOANMBIMH THIIAMHU JIETPATALUH ayIHO
CHUTHaNa,

e Ha mpemyioxkeHHOM TeCTOBOM HaOope Oblla TpOBElIcHA CpaBHUTEIbHAS anpoOanus
COBPEMEHHBIX TIOJXO/J0B K pacrmo3HaBaHuio peur. Mogenb Qwen3-Omni craGuibHO
Jy4Ille CIPABISACTCS C YACTHYHBIM PEKUMOM JCTPAJAIlUH, MPU 3TOM CHILHO TMaJacT B
Ka4yeCcTBE MO CPABHCHHUIO C JPYTUMH MOJCISMH IPH IMOJHOM PEKUME. JTO CBS3aHO C
XOpoImuM KoHTekcToM Qwen3-Omni Ha craguu JEKOAWPOBAHMS UIA TEHEPATHBHOTO
Mpe/ICKa3aHusl CIASIYIOINX TOKEHOB 110 CPABHEHUIO C APYTUMH MOJICIISIMHU;

e OOyuennass Bepcus Mojenn FastConformer mpoaeMoOHCTpHpOBada —HAMIYYIIYIO
YCTOHYMBOCTB JUIS BCEX PEKHMOB TECTOBOTO HAOOPa, HAIIPUMEDP, IS YACTHYHOTO PEKUMA.
3Hauenue metpuku WER naxoautcs B auamazone ot 0.1354 go 0.1674 (npu motepe
naketoB 60%) Ha HaGope nanubix LibriSpeech, u 8 nuamasone ot 0.1589 mo 0.1752 (npu
notepe naketoB 60%) Ha Habope manubIx Fleurs;

e Jlnd KOJNMYECTBEHHOW OLIEHKM CTENEHM HCKaXXEHHH OBbT ampoOHpOBaH METOX
nporaosupoBanus WER 6e3 ucnosns3oBaHus CpaBHEHHUS C 3TAJIOHHBIM paclo3HaBaHHEM
pedy, OCHOBAHHBII Ha aHAJHM3€ COBOKYIMHOCTH aKyCTHYECKHX XapaKTEepUCTHK CHUTHANa U
aBTOMAaTHYECKHX HEHPOCETEBBIX METPHK.
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