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Abstract

Speech Emotion Recognition (SER) in noisy environments aims to extract emotio-
nal features from speech signals with background noise and automatically predict the
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speaker’s emotional state. While this technology has rapidly advanced in major lan-
guages like English and Chinese, research on SER in minor languages such as Mon-
golian is still in its early stages, lacking relevant datasets and methodologies.To ad-
vance Mongolian Speech Emotion Recognition (SER), this study initially constructed
a single-speaker SER dataset. Subsequently, to achieve accurate Mongolian SER in
noisy environments, we proposed a dual-modality Text-Audio-based Noisy Mongolian
Speech Emotion Recognition baseline model (MonSER).Textual information provides
additional semantic information for noisy speech signals. Specifically, our model first
extracts spectrogram features from noisy speech signals, then encodes the correspon-
ding Mongolian text information using the multilingual pre-trained model XLMBert.
The extracted dual-modal information is then fused and inputted into a classifier for
emotional category prediction. We trained the model using this dataset and tested its
effectiveness.Experimental results demonstrate that our dual-modality model achieves
significantly higher accuracy in Mongolian Speech Emotion Recognition across various
noise environments compared to single-modal speech emotion recognition systems that
rely solely on speech inputs. Furthermore, to simulate the potential absence of text in
real-world scenarios, we proposed two text masking strategies. This textual experiment

also further validates the effectiveness of the text-speech bimodal approach.

Keywords: Mongolian Speech Emotion Recognition , Noise , Text
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2) MEREEAE N BRI EGRBNE . T E SR SER RIBESY, SERIMIPRSE AN TR
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TR, I HAEBA P R T XLMBert E4-IUS RSB SCR TG RMER, 28 TR
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WA RS I, RERE AR R A G DR E Y., A B T g BACR R
AT RGE R . BNTRRVERR SOk 1 R, XA (Total) 7 82556 74T,
P2 (Mean) £4) 82 74T, fJi (Min) 7] 14 AMFFF, il (Max) 47 238 M74F; BILEA
13725 ANFAgA], PR IR R 14 A4S, RORPEEGE 44 4, SeNMAREE 2 1. Ira X
ALA UTF-8 G fRA7AE TXT SCfFH

Category Character Word

Total | Mean | Min | Max | Total | Mean | Min | Max
Statistics

82556 82 14 | 238 | 13725 14 2 44
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W R AR A 2R, BB T A I B VE S, B PRI A K S e i B T
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R R
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3.1 SEESCCARGRRS S

TS SO A gL geh, FoA1 385 T XLMBert X SCASETALIE. XLMBert 24T
BERT BB BB S8, L1 IHTAMEZIES OR, SN E. Bl KOs
R EHE TN ZoRE TEHE S IR, RGP AEER R RIS 3 0 . XLMBert Xf
S i e, REEIELAT TR 1|8, XLMBert il SentencePiece 43 ial#sxl 5 it 15
SCARBATARRIAL R, R SCAY) 5 R B (subword units) . SRJE, KF41R] IS 3R] B Ay in]
R A B . XLMBert BERIEFIZRit R freg > Tl A, BRAS AN B4 — A [
TEEE RN, S8 T ERIEFEE . TR, FERMATFI AL B S, PAK S
AR E R B L E b — M e B, 1T ROR AN BAE T A T AL
EEE . R A& SO E RS, BB REWEATIFRR. XMRATFISEEZ)E
Transformer Zgi#s, #4722 209 AR IVLHIFIET AR EAE, MMTES FERUR A SCAR TS X
FHIE, % RHE IR A 2R 768 Y] & .
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S IIEIEE mSER A 3D Sk E A . MECT 2D F-E, 3D FRAEAE A BRSP4 Al
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B =P E SR SRS, %268?—2@_&79ﬁ, KR, PE, 2024725 H%28H.
1. ExwX
(c) 2024 HEAPELFSUHIEF A LVERE 273



WREE Y
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KR L A PG . Dropout il FEALEE— M2 o f il o=, PR AR A2 N B —
BRAHE RO, S5 TRRR)ZALRET) . BT, linear ZiPEEHFE Dropout AbFRMFRFEEIE
WS B — AR RS E], T R AR R R . Xl iR R IR S, B
R R i R A 2P 0 FSU R 2R T 5 ) B Mk e T, B OR TR AT DA [ A £ B DR A T A
B GIE RIS

LR LRk, AT EENG T SO EE SRR BT H) MonSER B3, ARG SCUA S
b SRR E AR AT SO R . St SO A% 32 25 XLMBert B4 HE, A
SentencePiece Ml SEAT /017 . WLGTAR A B&R . SSINOLEHAD, A IRBURIZTE SRR, 3¢
T O e A B BUZ S S SR BOIOE FRF L, i P0E S R R . B SOE BT
SCAMERE RS G, BREHETHE, s Dropout JZ I/ Did 6, L2 U v o 2K
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4.1 Bflapiiba

Rt A B SRR IR A AL B S TR SO I BIAL B . 0L, R R T
PRUEAR AT, A AT I BT T A S XS I ) 3D FRIES s o ok, RSEd B SCAR AT AL B, HE
T, BT MERAAAE, RRESCAEE TR A — @R ER L, TR IRAT 2 B AR
EEBIAIA ] B3] HORE SOA ) RO [mask ], AU SCAS (R R AR B AR O o

4.1.1 FHHRALR

XA E AT AL B, E B Python i SciPy i) waviile.read sR%L, ZRHGE I
SCPFRA SRR AN SRS, XA TEORAE . 0 WISFTAEER . SR 54— iR S0 A5 S 2 A TR
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X(m,w) = z(n)w(n —m)e <" (3)
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Horr, X(m,w) FoRBER o IAEIE] B m BIBEE, =(n) ARG SR EHINFES], win—
m) 2 HRE, N Z2EOKE.

SRJETEH] Mel JEU A AU Uk A5 S IEATIAL, #3284 Mel BIREAVRER, 11RAZ0A:
f

S
I

M(f)=2595log;,(1 + ﬁ) (4)
Horpr, M(f) FoRB0% [ XY Mel B
EERREA Mel BIRERBERBOTEL, 152 Log-Mel Miikla, 1A N:
log — Mel(f) =log(1 + E(f)) (5)

Ey

Hr, E(f) 2R Mel JRE f fER, Eo 2 NEEG T B e (.

. AT AR AL PRI PR A P (R R, FRNTRTE S B eGSR 2=, X
AR E T AR AL B, RSB TEE RO 3D RN, T AR ATl 25
AT

4.1.2 SCAMARA

TSR 5, TR S S R T, ATH 2B 3] SO E B 58 Bk ik
(Fan et al., 2023)(Liu et al., 2024), 4 T BHLX P G0 H BRATRARAE S BREREE T AL B SCA Y 5
FebE, AR T —WUMERR k. Bk, FRATEALRF SCAS iy SCF AR R i (20%,
40%. 60%. 80%) F4ky’ [mask] bric, ARHLEI T CAGEE EREER . HABIEMRE 4(a)
iR o

SR, SXPP A EAEALBR DT 5 ANk A Bl 3 7 FRINE , = 2R IAE N 4 A 4T [mask]” B¢
ot , AN[E BN AT BE B S R S L . BN, XS A DUANE R A T, 4
20% B, WlfEsSEAsEeE; X EANAR AT, 20% B9 E R AT RE B B ] A B
%, T 40% F1 60% AR Lo 1 0 S IR DL R0 5OR s Bl G Ol X HAA AN R4
¥, FE 20% F1 40% R LB R AT RESEARAS , TAE 60% F1 80% MR L il Tt ] BE HH BUAH
IR . X PP W] B T30 XLMBert 7EALFRN[R] SCAR G H B B4 300 A BUAH A BSOR
[l gt BEITAE 2 WP PR T I I R A A5 B R B e o, S M X M RE A P4
R TSPk, TR TR R 5 MR EdEREAS, IR N B R SR
RIAEREA A 7 AL 1 3] 5 A3, BRI 4(b) Fros o i X fpoy A i) Brdida 4
FATREDS T HERR MBI I SR8, DASR T A5 R W] (5 .

4.2 BHAE

AR, JATRM T XLMBert X SCABRIEATAL BRI GAS , SR BUK SCARFFIE S 768
gt EFFESRBOR R A T — RIVE PG M 4 BRI R )Z , A B AR A
FHIE, FORAIEAEIE D 256 4E. 3235, FRATRRLE S 0 SCRMIE UL 2] 1024 282 R 5L
2SI, Gl R T, BRRANE AR . RARBRSHINT . B ERE, WA
WA 3, FEE 64, BEA/NN 11x11, PR 4, HIEH 2, RN ReLU HiF k%l
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\JEKAV MASK20% MASK40% MASKe0Q% MASKBO%/ \MASK 1 MASK 27 MASK 31 MASK 47 MASKED

(a) FREEHIMASK (bREEMASK

Bl 4: S5 00 mask 5%, (a) #7206 MASK (b) #4E MASK

BB, WK/ 3x3, BKH 2. ZRHEEZM ReLU 36 %S niid 25,
T 2B AR BCRIIN T3 AR . BHCE 2 H G AL, RERAIE R/ NS 12x12. 48
Ja AR NE)Z R A5 B SO RIS IR LS 2] 1024 28 SR FRIE=S 8] R T B Ikt 4,
FAVEH T Dropout 2, FEYIGIRE PR E—TaMEIt. aefERELEZ, T
KW RS, MARHELERE S 1280, FRATMH T2 358 0.001 7 Adam fifb#s, FR
T3 R 2 R Batch size 8~ 32, Dropout k4 0.5, 15 epoch {Hik K 150, 1H
152 b BB T HEHTEIE (early stopping) PREL, TEMUREELE 20 YR NHEEHSE IFAL)IZ5 .

4.3 SEUGEER

SEEGEEIRANGR 2 iR . B4R T T EE S AR S M R A0, (51 40 51
4 10db. 5db, 0db. -5db. -10db. 55 AT F /RN E1E 15 BT N 4% 2y M A ) 12 55 J
HANERE . NFEAETF T DA EE L, FEE G LA, BRIk, GRS e
KW EE TR, MTEEER 0.9108 £ E1E L -A-10db B 0.6832,

SNR

MASK clear 10db 5db 0db -6db  -10db
- 0.9108 0.8989 0.7921 0.7822 0.7426 0.6832

0% 0.9900 0.9703 0.9307 0.9109 0.8400 0.7822

20% 0.9800 0.9600 0.9208 0.9010 0.8300 0.7600

40% 0.9505 0.9307 0.9208 0.8911 0.8218 0.7524

60% 0.9200 0.9109 0.8700 0.8416 0.8119 0.7200

80% 0.9192 0.9091 0.8317 0.8300 0.8020 0.7129
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| 13.86%. X FRHIRMETESCAME BA B R AL T, & MR IR T A5 B 5P BEAT 9K
TR IMERR. R, (E(EMEEN 5db I, 2430k ek s 20% Fi1 40% I, %
IS FADAR BE SR AR TR o X R G mT DAVE R T 2 B B R A 00 . 24 /8) b i, XA F AN ml b
Bl 34T mask A HE T3 mask20% Fl mask40% Fkt W 1) SCAA UG BAHE, X7 A S 3E R —
fEMELL T, NIF) mask 45 31 0 ERR 2R A [R5 L & A

R T G ARG BREAG R e, FRATRIC T I E R SR NTET 5 1
), AR TRERT 5 1 959 A8, BRI T 2580 . BRI E5 RNk 3
JR o ERXAFAET, AT 52 BRI RIEAAR], 58— F 3R AE— A iE T &R R oR:, JER
M1 ANE 5 AN,

SNR
MASK clear 10db 5db 0db -6db  -10db
WORDS

0.9900 0.9792 0.9583 0.9375 0.8646 0.8021
0.9896 0.9583 0.9479 0.9271 0.8438 0.7917
0.9688 0.9479 0.9271 0.9062 0.8333 0.7708
0.9583 0.9375 0.9167 0.8958 0.8125 0.7500
0.9375 0.9271 0.9062 0.8542 0.7917 0.7188
0.9271 0.9167 0.8958 0.8333 0.7604 0.7083

3 SO SRR MASK 5N R {5 1 FL 500 19 B B

G| W iN| =[O

A I 4 MR R R A BT SRS, AT R —(5IR LT . A mask G2 1fE
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HAR IR . X — SR a Rt — Il 7 AT i f B e AL PRI P PRI A a] SR A
TRtk
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