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2 UTMOSv2
2.1 Basic Architecture

Figure 11 UTMOSv2 OH#EX % 7~ 3.
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Table 1: UTMOSvV2 ¥ R—Z2 54 »EF)N (B0l &
UTMOS) Ott#:. XFr M Exa7idzzhzh
3 25M UTMOSV2 ® ablation study fEHEDOHTRE,
RIEDFMERTH 5.

Utterance-level ‘ System-level

MSE | SRCC1|MSE| SRCC?
UTMOSv2 | 0.459 0.579 | 0.288 0.854
w/o SSL 0.357 0.516 |0.188 0.770
w/o spec. | 0.673 0.529 | 0.497 0.793
Bo1 0.741  0.417 | 0.589  0.609
UTMOS [7]| 0.541 0.300 | 0.378 0.367

Table 2: 8% F % multi-stage learning D LLEE. K
FrifftER a7 zhengsohtRE, &
EOFHEASRTDH 5.
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MSE| SRCCt|MSE| SRCC1
UTMOSv2 0.459 0.579 | 0.288 0.854
w/o Stage 2 0.342 0.505 | 0.108 0.816
w/o Stage 1&2{0.293 0.423 |0.097 0.672
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Ty N OFEERHFET 572D D ablation study % HE
ML 7.
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“All datasets” 3 fx B O FEAME % 32 K L TW % 23,
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FRF—2Zp AT B, L CEHiEIZE T 2
fEENCH B Z e Db b. ZNEDFERN S, zoomed-
in MOS Tl 27 £ 23 2B (1) (R E 7%
BREAERS AT L ZARERB DRI LoD, (2) &5t
D DNN FREHS AT L2 ZL G LI RT—X
£y P TMOS FHIET NV 2FEEXE S L HEHET
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T, HERIRFICIEE S 27— & KX 4 >~ 1D DEWIZ
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Table 3: FEHERD T — Xty b 2HERIFDOT— X KX A > ID 23 MOS OFHIMREIC G- 2 2 2220285 % ablation
study OFER. Hl 21X, % 2-3%1& VMC2024 Track 1 DFHiit v + D MOS % “BVCC” 7—&X KX A »TF
MLz 2ERERT. XFL MMIERa73zhezhB8I o THRE, REOFHEERTH 5.

(a) Utterance-level D FifE .

BVCC BC SOMOS sarulab-data
Training datasets | MSE | SRCC1|MSE | SRCC1|MSE] SRCCt|MSE| SRCC?
All datasets 0.459 0.579 |0.262 0.584 |0.234 0.579 |0.238 0.582
w/o BVCC - - 0.541 0.626 | 0.324 0.629 | 0.297 0.629
w/o BC 0.393 0.473 - - 0.299 0.493 | 0.360 0.450
w/o SOMOS 0.447 0.376 | 0.443 0.375 - - 0.443 0.378
w/o sarulab-data | 0.484 0.430 | 0.312 0.431 | 0.392 0.428 - -

(b) System-level @ #fif R

BVCC BC SOMOS sarulab-data
Training datasets| MSE | SRCC1|MSE| SRCC1|MSE] SRCCt|MSE] SRCC?
All datasets 0.288 0.854 |0.088 0.851 |0.056 0.844 |0.058 0.838
w/o BVCC - - 0.343 0.832 | 0.128 0.846 | 0.101  0.836
w/o BC 0.145 0.819 - - 0.069 0.823 | 0.122 0.805
w/o SOMOS 0.224 0.696 | 0.221  0.682 - - 0.221  0.700
w/o sarulab-data | 0.282  0.647 | 0.102 0.661 | 0.186 0.690 - -
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