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Abstract  Speech Emotion Recognition (SER) plays a key role in improving the naturalness and
effectiveness of human-computer interaction by enabling machines to perceive and respond to the
emotional states conveyed in human speech. In recent years, deep learning models such as convo-
lutional neural networks and recurrent architectures have achieved high recognition accuracy on
various SER benchmarks. However, these models generally operate as black boxes and suffer
from insufficient interpretability, making it difficult to provide transparent and traceable explana-

tions for their classification decisions. This interpretability limitation restricts the deployment of
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SER systems in trust-sensitive and safety-critical applications such as mental health monitoring,
intelligent customer service, and affective computing. To overcome this limitation, this paper
draws on the theory of Concept-cognitive Learning (CCL), which integrates Formal Concept
Analysis (FCA) and Granular Computing (GrC) to model human-like cognitive processes of con-
cept formation and classification. Based on this theoretical foundation, we propose a novel classi-
fication framework termed Extremely Randomized Trees based Weighted Fuzzy Concept-cognitive
Learning (ERT-WFCCL). The proposed framework comprises three main stages: feature extrac-
tion, feature decoupling, and concept-cognitive classification. In the feature extraction stage, the
model employs Whisper, a large-scale pre-trained speech model, as the backbone feature extrac-
tor to obtain high-level semantic representations from raw audio waveforms. Whisper benefits
from extensive multilingual and multitask supervised training, enabling it to capture rich acoustic
and linguistic information relevant to emotional expression. In the feature decoupling stage, a
Multi-layer Perceptron (MLP) based module is designed to transform the high-dimensional Whis-
per features into low-dimensional attribute vectors with explicit semantic meaning. Each dimen-
sion of the decoupled vector corresponds to a specific interpretable attribute, which enables the
construction of a formal context as the standard input structure required by FCA. This decou-
pling step is critical for bridging the gap between deep feature representations and concept-based
reasoning. In the classification stage, the Extremely Randomized Trees (ERT) algorithm is ap-
plied to evaluate the discriminative contribution of each decoupled attribute to emotion classifica-
tion. Based on the resulting feature importance scores, a weighted fuzzy concept space is con-
structed, in which each attribute is assigned a weight reflecting its relevance to the target emotion
categories. Classification inference is then performed by navigating this weighted fuzzy concept
space according to the Concept-cognitive Learning strategy. This design endows the model with
inherent interpretability, as each classification decision can be traced back through the concept
lattice to specific attributes and their weighted contributions. The overall framework follows a
perception-to-cognition pathway, achieving a mapping from continuous acoustic signals to an in-
terpretable concept space and providing an inherently interpretable modeling approach for SER
tasks. Comprehensive experiments are conducted on two widely used public SER datasets: the
Toronto Emotional Speech Set (TESS), which contains 2800 utterances covering seven emotion
categories, and the Crowd-sourced Emotional Multimodal Actors Dataset (CREMA-D), which
comprises 7442 utterances from 91 actors across six emotion categories with greater speaker and
recording variability. The proposed ERT-WFCCL model achieves a classification accuracy of
99. 60% and a macro F1 score of 99.50% on TESS, and an accuracy of 85. 71% with a macro F1
score of 85.81% on the more challenging CREMA-D, outperforming comparison methods inclu-
ding Support Vector Machine (SVM) and Logistic Regression (LR) across multiple evaluation
metrics. Furthermore, incremental learning experiments verify that the proposed weighted fuzzy
concept-cognitive update strategy can stably update the concept space with low computational

overhead, demonstrating strong robustness and scalability.
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3. PRI METIREN T EMC =0;
4. WRAEE S 2 B N AUCBOR R & T A RIC, 5
5. G<0Cis
6. END FOR
7. RETURN &,
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Rl o3 K A Y AR A . 5 E D, AHOCH
TR & 25 8] C, & A MG D, T
M. il an, Zoag ik A R & (13, (0.2, 0.3,
0.4),0. 29 )8 TXAF =50, MBAEHE L 10 LIy
e, =1{(13,00.2,0.3,0.4),0.29), (3, (0.4,
0.3.0.5),0.415)},

[F] 3, 5 PR D, XTI B AR A & 25 1]
={(4,(0.9,0.8,0.8),0.845), (24, (0.8,0.6,
0.7),0.725),(245,€0.7,0.6,0.6),0.645)},
PR I RS R AR S 22 TR Y 06 RN 32 TR SR 26
SO 30 T RE B AR A MR R T MRS 2 I 55 E A ]
) D IR TR B, PR] Ot o 20 3 08 At A7 L5 e 1 o BSOS R
BES . Wb, JRATE T T B AR AL B
EX 3. 45— InAE M 25 1 ¢, Fl—1 1
fie . T (A,.B,.0,).(A,.B,.0,) €C ,
fEAE A, & A, WS ME A 8] 4 AR ARLRE 2 S
_ | A
T A [+ 2a(| A, |—| A, D
Hipa=lo, —o, |, || ZREH. 9, O

KFRHRIESRE . 4 g, > e B RATA X
AR B SCHR R A Bz, A R SR RS L T
WE (A, . B, .o, T AE TR 51 % . B B 590 Bk
A S B (B 2 R B 5 BT Bk 2 iR T
iR puR

Bk 2. HUB ISR ME 2 2 1A

B IR AU R AR & S 18] G, AR e

i < TR BN AU KL AR & 25 18] g

L WAL B = B G = 05

2.FOR C, €,

3. PR H FEMC =C,:;
4. FOR #E&nC, €C

D

5. FOR HFH#&ne, €C

6. MRS S 3 T AL 5,
7. IF 5, <e

8. MNCE B bk FEANC,

9. END IF

10.  END FOR

11. END FOR

12. ¢=<C.;

13. END FOR

14. RETURN ¢

Bl 4. (22 3R BfE e =0. 5 11H5E ¢,
SHHLE., SRS N C, = (245,(0.7,0.6,0.7),
0.645), FHFA K C, = (24,(0.8,0.6,0.7),0.725) .,

| A, |=3, A, |=2,1 =] 0.645—0.725 |=0.08,
_ 2 2
T Ty o %008 X1 216 "0 925905, Hi
FHUESFRME, TS C, #iE g, gdxras
8] A A A X AR 3B B R T T S M S T as ) o
C=1{(4,(0.9,0.8,0.8),0.845), (24, (0. 8,0. 6,
0.7),0.725),(245,(0.7,0.6,0.7),0.645)},

EX 4. & C0R—AEH G 0 IR R 1 25
b, MRAFAEMSIEHEEZRBLTRR A C
A, C o CA, WMAREICZER ((A,.B,.0,) |
h :19"‘7t ° ;H\:E'Jél\i_ﬁlij(E,‘J*%/ﬂ\ (A,’B, ’w )
FE SN IZAE TR A AR S, AT A —
AU DA & po = (A5, B ,00,) RERIZL
R, HatE AR F .

Aj.k :Az (8)
B, = = 1(81 + 22’ B (9)
0, = B |ZB (0o (v) (10)

Forp, As, FORE G DUIERPE B ARSI AR
FHNE, B, R RlA T 92 905 B N E
& ROMAL ) D7 ST T RS R E .
DML & A G AR o 1A — M AR 2l > PR L FRAT
B 2 DA B T T M 2 1 R AR — 4% I B A R
FHE A 10 B A AR L M b B — A
25 BB T A L TR o A BT A R
# R

Zeid bR AR R T R R 2 ) P =
(P Py, Po}, HbigAs Pe RoR% i AT
JiF A DM A R B A S A, SR 3 R T
.
B3 3. M RO D 2 ]
A E%ﬁ)‘ﬂﬁﬁﬂﬂdﬁ*ﬁﬁw/‘*lﬁlg
it 3 0 AU A & 4% ] P
L. 0 4 AT 38 228 6 P = 00
2.FORC. €¢
5. WM PI=0
4, FECE PARPEAME AL O R TR E
5. AR¥EE X3 i s A A O i AR B O HE A
{psl’pe?,...,ps/}
6. B AT A PR ARE A S I B X ) A
7. END FOR
8. P*<P:;
9. RETURN P
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Bl 5. (Zf) ) MG E L4, FATXE S 8T

Z (6 ¢ PR S DS i T R A=A
S B — > HME B AL R SRR th we, =

(A,,B,.0,) WC, =(A,.B,.0,) WC =(A,,B,,
o) WEIMESINER A = {u, vu,us ), N
} B5., =0.25X (B, +B, +2B,) =0. 25 X (0. 9,
0.8,0.8)+(0.8,0.6,0.7)+2x(0.7,0.6,0.6)) =
(0.775,0.65,0.675) , FEAS YLK EH AT i — 1 5L
ZA IR R R ISR R UL B T G L
R T I04 R4 T A2 S 0%
3.3 BEFEINE

X T —A O b A 1 i i M A8 2 (), B 7R 1)
OB R AE T AT AL BT A REAR Aw . — 5 T2
WEBRHIE Aw B RS L 5y — T B2 5 A b oFF Au
FRVZE S R N U A B A (] RS R A T
3.3. 1 HTREAAY I T

FEATT R FH 5 T ARARLIEE 19 55 /0N BE 8 D 00 Sfe 150300 7
FEAIY ) A% O BAE — DR AR 5 B IRk
Sl 4 B R B A RT BE R iR e . il
FHAE SC5 48 Y 0 i ACRK G B 5 > B 2 5 A A B
PB4 R R E AWML, XA~
FEB) 6 RIS X TT IR R 8 S — A HT 1“0 IR
TR A A i e ) L2

EX 5. HE—MEERRENYR U.V.E,
D.T) . WF—AHMARITE Aw, BATE Au K
LT A BT P X R BRI S ({Au ). B B
F P ik IR po = (AL Bl BN
FURR FCHE 35 58 Ly

d(Dusp k)-JZ(M@(Bm—Bn<v>>>2

an
FRES d (D, ps) BIET ST Auw 500 HE S A AH LR
JEE BN FE DL BE B 5 s Aae 1 53 S TR /N B S i
W], B0 4 BEGAR T ORI A G JERIBR S (R 71
= N = N BB S L
WA MG P = (P, Py, P
i s A B TIOIN 28 5045 45 L
FOR p° € P
& Au BTG OHNES p° WOIEE
END FOR
P /NE B cmd = min(d (Aus pS)) s
B 2 R e /NBE B X I 2B B R 5 i =argminGnd ;) 5
L=i:

s ATEEAS Au

[ I R S R

7. RETURN Tl 474 £

Bl 6. (5] 5) 8] A— BB REA Au. (B
P 2E R A 1) Y M (Aw) = (0. 85,0.8,0.75),
HAESAF AR & T 07, 8 TR KD, . BT,
ARG E S5 A A B A P 5K 28 DA & 0 B
Bi. poa BIPEN Bi, = (0.3,0.3,0.45),p1, K
P K BS., = (0. 775,0. 65,0. 675) i P EBE B F

d(Du,phy) = +/0.0613+0.01+0.011 == 0. 2869

d(Au,pi) = +/0.0011. 4 0. 0009 4- 0. 0007 == 0. 0520

T Aw BIHHES p5. WEEE 0. 052 2/ T 5
poa BIEEES 0. 2869, PRI AL RUKE Aw T30 A TR 5 25
D, 5 H LR TFL" 5L,
3.3.2 MR MBS TH S AR B S W B

MHREA Aw BN 2 BIFR S T BN
AFFRL P D, L B WRD, =D, U {Au ), BLET,
AR 5 A TR T B A ME S s 18 SO A R R R
FR . A pes A [n] A, 3R AT 42 8 — Fh i 20 s 24
FEBAILE] , FoA O B AL TE T A 5 AR A R 2 1y
ME & 25 [0 [ B Bl ] S5 25 7 25 R0, DA 3 i 4 Jmy
PRI, Bk 5 BB T AR SIS B
Bk 5. R SO AU AE 2 1Y) Bl A 1 TR
WA RIS T2 B P A Au

B 11y U 0 P M T 8 )
LARIR S 4 B Aw BB BIFREE @ 5
2.0 =D, U{Au};

3.FOR u; €D’

4. TFE(Au,v) ZEu; ,0) 3 TFYoEV

5 B4 Au IIA N M) s M) o) M E

6. ENDIF

7. MR ST ROROAE & B SRS AR S 3

BT I D e T s
8. END FOR

Im‘P’

9. RETURN 7*

AT — B BEAS T AL B, B AT R — Fh
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A DL AR BB A 24 5] F — AN REARET L B 28 78 4 W YR
THT—DREAR MG B % B E 6 iR,
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WA RS P AL S AU=
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L FOR A Au; € AU

2. AT 4 BN Au, B9HIGR

3. RIS 504 Au, HO15 BRI S T8 P
4. END FOR

5, PP,
6. RETURN B #5107 MFIA Au, HIbR%
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J 5 #r ERT-WECCL 7 3k 93 B AR L A Sexd
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(=1

BEE 3 7R MR E BB 1 23 18] b, AR 4 A A A1
JE 2 ] P J= A 5 Ok AR M 3 A L Otk — 2 AR
INACEE Dy BE & . B A A TR 75 8 BE AT N 14 21
AL G F FN, o [ S B2 OCeD) o TEAE IR
B — ORI 75 BEXS e i 25 1 P R AT A il

AL HEHERERN OGn) . W i T2 E g

L P E B h p. 2 WIS 3 BRI 5 2 B T 6
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55 D B 72 1] v 2% A ABE 2 22 ] 4 AL G G B 25 R
FEH IR, B IR B VW B m A SR A IR
FEmF I8 OGm) o I, B0 4 BB PRI 1]

FAREN OGn 25 p) o FEF W 5 . 4 AR e il
TR A SE R TN A R B B R e Dy B A
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ZJE SO TN A5 B A H b b SR R A4 M A 1)
PEAT R . BT SRR o, DX R
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SHEM RN O +mp) o AT
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j=1
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YT BEAL B ANE AR A I, Bk 6 SR AT UK
o YN B B AR AR SAA T FEIE 5. BB AR AR B
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Nk HEAB R ZIE R O Gn D5 p, +n, m +
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ci bmpi ) Mo, BN jASHREA BUI A £ 1Y
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Pl TR o AT DL A AR AL B A B TR 20k 5K
BN P R TE S G h 2 e SRR IR RN
IEDIASOR Sf o R 220 i 4 G S SR e 2 M OC R, AT
e T ERT 5 RYXF A 22 R AR A7 3 28 Ve PF AL, JF
W BT A5 RRAE 1 MR B A 5 ABRE UM &
SYMTRE R, DT A B0 AR AR Y 2 . AR
Tlh b o S TR e AN [ 17 J5% 288 531 O3t g s F 7 ) AL
RROMAARE 2 225 1), 28 U AR R R MR 2 . i 3
i 5K B 5 A 2 A, A A ) b AT
SRR 3k U8 R B S A G AR A TU AR il
MR 2 b T s LA R . RS A A
— B G EYRA YRR 05 2 AR B
PIASUEORA P AE & 25 18] . 249 58 09 38 & AR AS I AT
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IR 22 28 4y 3

1 ERT-WFCCL %3 i) T/F i i

R ST BIU R 57 R A ) 45 5L 30 25 3 Rl A X R
AL A 1 23 ) ASORS A S SRy B 235 A 2E 4T BB o T G
BAM S B BT E

4 ZWESR

N BAIE A SO HR AL ERT-WFCCL (947 %0t
AT Z AR 5 22 28 i B BL AR 2 B AE A A
TEIE & B 4 R HE T MERERT [, SRR O O
fliFE bR A RUER R . T A SEE I TE macOS Ventu-
ra 13. 4 #24E R 48 . Apple M2 CPU K& 8GB RAM f§
F4 T ffi | Python 3.11. 7 1B 5 %€ . N4 IE
F S Y PR RE 5 15 1 & 19z A RE 1 AS I 5 3k
ANSEAE BdE 4 . TESS,CREMA-D, S0 %6 i 72 48 —
TN T K B B EBR 1 L 7E CREMA-D 086 £ 45
JURE T A B A% ) UG N ST (Speaker-Inde-
pendent) J5L 0], DL AR IE 25 5 19 % 004 Fn ] {5 B, 3
HEAT T 10 YoMk Sy Y A SR O O A S 4 R )
SERE AR B A5 . BIRY Y REAE B IS ORI AL A
PR FE A S E AT REE 2 T PraR Tk
4.1 THHIEE

SR DRI S 56 295 53 1) SlORE 4 AT E 1 gl A 2 D))
ANV AN IR R T AT ] T AN TE
RFG 2 248 2 16 Bk & % (TESS) LU
ARALTE IR 2 ST 0B 4R (CREMA-D) . s 4
B SCBERRAE N R

ZAE 21 RIE S £ (TESS) P & — A ali 54 1y
PTG R AL T i 2 67 Lo D1 SRRl Y 2800 A E AR
W5 7 RS R A I IEOIR S, 43500 8« ME (fear) |
{5l E (pleasant_surprise) .3k 1 (sad) . 15 %% Cangry) .

R (disgust) . JF O Chappy) A ¥4 (neutral) ., %

KGR R o6 4 M e BRI RN R A
400 MEEAS 31X 28 F H B 4% 1A N 78 19 43 2K g
PEfE TIPS & . RATIE TESS $di 4 - fif
FH 80 Y0 U ZREEF 20 Vo MK 42 >k K] 43, fh Tz B 48
NG R VAURTNIE <P Y AN L v U | % S
BEALE 1AL UETE N EE  FEAR R R B 5 51 AU
iR 22 5 I AR SCXE TESS SR AT BELE] 4375 5C

A 17 R 22 A58 45 T B B 4 (CREMAA-D) P
— AT EL PR PR Y 2 AN TR B L A S
FHEE R 43 HoAZ D A 7 TR 2 5 B
PR S s HAR B . B S 91 0 A R AR
15 (20~74 %) N[ Fi s RN R 15 5% 1 & ol 8 R SR
il o VAT R 12 ) N 2O [ Y ) ok R A
6 Fif KL AR R B Cangry) | JR % (disgust) . 2L 4R
(fear) JF 0> Chappy) . Ak 5 (sad) FlH P (neutral) .
M CREMA-D 9 3 58 H Y 76 T A6 46 A5 AL 75 T %)
A 2% HE 2R AL T S B A AR R 2
ke SHadgt: . X CREMA-D #4505k
FHUETE A0 37 ] 43 o B0 8 4% U636 N 1D 4331 R
70 % NZREE (15 Y W uE£E A 15 Y0 MK 4R . Ry o IR 45
Reyg it fdbe, YWk r 10 Wk 7 B9 B R SL 8, I
WOPBEAE R e A a5 . WIS BE 42 1 1% 26 25 0+
AK oA i 2 PRI IE RS .
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qoq . neutral
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4.2 HH{F1EE dardScaler 5 #fEfL AL P, i PR BCHE 20 A B9 35—
SER MYRFE AL 3 72 B 75 IR 1 19 75 5 5 4.2.2  IRBEEFRIESEH W 4% MLP
Bl ol — AN Bk HOELA A5 0 B A R JR4E Whisper #2418 7 H A FE 5 LEE M 512

g B E g BGR ] SER RS EEAKE T F L8 WA FRME X &S g b 5 il se 2 & 518
IR P A R AIE (0] A0 A R BB 1 R EC(MIFCO) (BE A 55 A SC Y TU A W23 B0 0 36 % A B 03 5 5%
M T ARG IR X SRR IR AT AR AR AE LA MRS R R HEEAJE .54 ERT-WFCCL #1!
PR E 55 IR R SCE B LSRR IO & . BORIABE A% A9 4 1 &2 J% B2 I 5 AIE 2 32 5 A 2 1 3
N T MK — R BR R AW SR A TR S T R, R AR S IR Y AR, DT R i A
B TN SRR A Whisper™ fE S RRAE4R IR, FERIRCR. Bk, 4 SCHE Whisper $51E2Z 5 51 A

IG5 AR BE IR AL )2 MLP DUAR B BARRAE — > 32 B 22 R BB D IR JEE R AT 2 R 5 B
4.2.1 3T Whisper H915 &5 £AE FEAARIFAR B 58 o A 55 T2 3 i 4 B 2 )

AWEFEHE ] OpenAl & Aii i Whisper-Base B 5 S RFAE 2 8] 1) 5 O] 31 07 1) 28 £, 2R 4 8 K 52
R, R T AL SE R A 2 R AE . Whisper FRAEAA S HITAREARAY b ia] 2R, 1 LIS 5 22 n B8 A A
BT EEAAERAY e RS TIHF¥IEL @, % MLP M4 28 a5 LUT R ROE e, Bk
B XARIZE SO T KO ROBIE SR R = C B 3 s .

L ML) 680000 /NN ZIHFH (2L (D# A 00 Whisper $2BUR 5 AF [ 5
BRE LAY TN SR B R B B AR EANZ AL X e BIAZERE Y 512,
AETJT . AP AE B HOAY FLAAR R 0T < S8 X D ik LS (D RGMUZ 1. KR AR 4EJE M 512 el = 256,

SHEATHIAL R HEH R FE R 16 kHz, JFl 4% ZR A S E R T — 1 (BN) ReLU #ik
BTG — R 30 AR e KR . Bl LTt PR LL & Dropout (p=0.3), LLBF Ik HLA .
S AT o A K P PR S R A AL i TR (3) B JZ 2. HE— L FF HE N 256 [ 48 =
i% A Whisper A9 Transformer Zafi#s 1. FoATHE 128, #5#) R #: 41 BN, ReLU #l Dropout (p =
gt A e Jn — = B f AR O TR S TR IR R AE L JEXE 0.2,

N 5] A0 Ak B2 R AT 4 i AL B 2 3R — A 42 R R AE (D2 REKFREES 2 64 45 AE MR
M X e € R0 A 512 4R MEN 2300 Stan- SEBOBIHEE A MB B 104 A

Hidden Layers | Hidden Layers 2
(256) (128)

Input Layer (512)

3 WREERFHEARGR M 4 MLP 4244

R T FERRAE AR KR B B 25 A R ) FKulbrEZzHMm S, A RBEES. ZHER
ASCTEVNLRI BET 64 48R AE iyt s B im — > Ze bk SR AERE Bl MLP, 47 %048 5 64 2 R¢fiE (19 2% >
43253k Linear (64,6), 1 # MLPWithClassifier [% it FL AR R Ak R B8 I RO DG 1y I B . AR AR it
LRLERE . AW 2% 1 DL AL B AR 2 S /M E B 2 H Adam, #1855 2] 22 B 0. 0005, 3 5 A5 A
MR 225 . AR R BCR F AR HE (Y 22 S K nn. HIZ AL RE T R A P, FRATT ST T 2% > Z8 00 Fn ™
CrossEntropyLoss, il iz 715 fiUll logit 5 H 52 1% J& & WIS R 4 w5 > 8 B SR ] CosineAn-
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nealingWarmRestarts, #] 15 ] ] T =50 4~ epoch,
BT A3 7™ e A U835 Al 37 Speaker-Independ-
ent JEN, F| F GroupShuffleSplit fff £ )1l 2k 5 F1 56
WESE M UETE NG 58 A T &, DA A Rk Fe 5 7
)RR E UL B S AR AR T R SO S .
A S BRI SR FH T 06 T0F 42 B 2R 0 SRS L A 2
50 > epoch Btk E A A K £2 T W45 1k I 250 R A
e fE MLP BUE DUB PR i 2 T ERT-WFCCL
64 HEFRAE AL H B A Z e 119 .

AR -SNE 5532 85 = 48 57 AE e 5 31 — 4k
25 [ HEAT TR AR ok EOULPT Al MLP % B RRAE 42 1
PO 28 %of 7 27 RRAE A AL RO . P 4 FIIEL S JEOR T
TESS $ffs 4676 F5 AL 52 HR i J5 09 o0 A X Le . anfsl 4
Fis  JRARRY 512 4 Whisper F#AE 59K BE 5 KK X
O3 AN [5) 10 7 JESE Oi)  AE4% 28 ) 5 1) 43 A 5 kg R R, HL
FEHE R FEAN A AE B IR S 4, ] i Neutral”
5“Sad”Z A A M “Fear” 5 “Disgust” Z [A] , X £ MW
Ji B 1 I R AR v AT B — s Y S R A B R
AR ICRAE B, M. miE 5 iR, &
MLP [# 28 S5 05 1Y T8 B2 R A0F 8 B 1 B A 1 240 001
PERARG BB R T 7] — 15 R B A RE A R 2R
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Raw Whisper Features (512-dim)
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K4 JIG Whisper 4 a3 i 1 RRIE 2340 - SNE 7l #L4k

JEHN TP IRA L MLP 2455 64 4k %7
B AR i BRATT I B30 1 R A 18] 9 Bz 7 5 A 5% 2R
RO IR T A R AT 18T A 6 s . P
R YR IS R Ak 4k B E AT 1T FOB R . LUE S
AT 3t £ B AR 18] £ SQ IR 25 4y i o o A AR X A R X
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MLP Features (64-dim)
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Correlation Matrix of 64-dim MLP Features
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B L b =2 ) A 33 DX 35 0 B 4 | 9 R T i K
T FBL A S AR G P IR 45 F . 2R T T AL A A B A B
o4 %A R BLH 0. 3255, %45 T NGt M 3=
B, 2 MLP JE S M W I I, R A0F (] 17 286 14 AH G 1 45
PIH R M. A S 0 RRAE X TS 22 ERT-
WEFCCL ¥ 28 56 5 22, o 3 5 1 A AR AIE /& JE 4 G
S B BT Sy IR R B AR T A i B AL AR B 68 U f
VEAL B AR 4 B2 0% Ry 5T R L AT Ay A RS T L
e SRR ABE s Tl 4R T B AR R A .

23k MLP P28 AR e S, B 4 512 4ERAE
BB 64 YRR TS BN MR AE 1) i X, € R,
Bl 5 Z R W A ERT-WFCCL A4 25 2%
HEATASORAE A HE 3
4.2.3 BRI HIEAL

TERRAE SR B 5 FRATT6 T4 H 19 ERT-WFCCL
BRI 3 M RE AT VAN . i TR bR IR A8
BOMI TS 5CI0 50, FRATT 1 2 7 28 B0 4R 1 2% 1R R 1k
HEATRORI AL AL 3, FEBOMfE 2 2 F .

e sv) — poin () (12)

Bl = ) pun (o)



2068 it =) Bl & i 2026 4F
AL, B v) JEXTH o TEJE M o LB AL A WeEEERefiztbae i, HiA AN
Pmax (0) F o (o) A3 B B PE o B89 55 R AE A/ Macro F1—2 « Prec.is.ion « Recall (16)
8. AWML 5 7 5 8 % A ERT-WECCL A 21A Precision 4 Recall
HI o3 R h AT 40 AT 55 5.2 BEMEREXTEE S AR

5 XBWEREHHN

AT T ARt — RN A% AR B AL, X
A SC T2 i Whisper + MLP + ERT-WFCCL 1A
HAESR HEAT A TS . SC50 A0 B IR PG FERS
(i) X B K4 4 1 vz AL BE J7 . 2 R A | 43 BT i AE
AT A PR 22 2 ) A% BRI B A R L S R T i
(1 BB 22 57 o I X AE H8 P 3 28 14 1 B Bk 2E A T 50T
5.1 Mgtz

Bk 2E VEAG B R M g A B 9T SR U P OC B
MrAE AR B R (Accuracy) . B 8 (Precision) . &
03K (RecalD Al F1 4340, XUgry R TFIRIBE
e ) AN AR AR AR HIEFI(TP,) 7
Bl (TN ) AR FEH(FP )RR GG (EN,D .,

TR iff 56 2 A 8 A5 1R T it 0 B A AR (L 4 I A
T ) 1 RG] 7 SRR A Y L B R B T A
AR, Ha ARy

D (TP, +TN)

Accuracy =
>I(TP, + TN, + FP, + FN,)
(13)
SR TR BB 015 D0 R R A] fE 2% 7
AT, B, FRATTIA TR B R A E B, K
R (10 2 A S B T Sy T 91 B A A b SEBR
A5 TE A5 ) L A3 Js W T AR R I 2 SR B R R R
HHEAKX N
2ITP,

>D(TP, +FP,)

A 1] = 0] A7 £ BT A S BR Ok 1E 51 0 RE AR TR, AR
Y R T T Ay 1 51 0 B B X R B T AR RS e BRI A
EBIRE T . HAHE AR

TP,
>I(TP, +FN,)

TEAMEFE T, Syt G e AR 1 K 0y 28 51 3 3 0P AL
ZE R AR A Macro F1 43 804E h 5% & 00 VF-fili 48
bro IXHROR T 815 B S B0 A Y B B TTAG 45 5 BT
FRAH A5 DT B 00 b i i A5E TR A T A R R 2 ) I

(14

Precision =

Recall = (15)

R T B VYA A ST B DN A 2 2R 0 R PE
AT A SCHE ) ERT-WFCCL ## D) K £ Fh 28
BAL S 2 2T 2 I 45 R A N R AR R L 1
& MLP, SVM, NB, LR, RF, K-NN (K = 3), f£
TESS #l CREMA-D WA~ A 6] 0 #4846 L it 47 7
ST N H . A B PR B S S AR B 5 O R B
eS| RO TS A% S I T LA L TR A B
JITAG A5 B 4 4 e 2 i Whisper 4 7% 38 3F MLP
TSRS 0 64 HEHRAF 10 i, TFE 40 A9 Tk 8 48 A
nzk 3 Mz 4 Br 78 (Accuracy, Precision, Recall,
Macro F1),

®3 ATEEBTE TESS HiEE LR FMMERIERITEE (%)

G W KR HlEx  F14%
MLP+ERT-WFCCL  99. 60 99. 50 99. 40 99. 50
Whisper(512) = 92. 81 91. 93 92.81  92.37
ERT-WFCCL
MLP 99. 40 99. 30 99. 20 99. 30
SyMLd 99. 50 99. 40 99. 30 99. 40
NB! 99. 30 99. 20 99. 10 99. 20
LR 99. 00 98. 90 98. 80 98. 90
REM 98. 70 98. 60 98. 50 98. 60
K-NNH 97.70 97. 60 97. 40 97. 50
R4 AEEBEZE CREMA-D $3EE Ry aE
AR EE (%)
i W KR BR% F14%
MLP-+ERT-WFCCL ~ 85.71 86. 01 85.74 85. 81
Whisper(512) + _
ERT-WECCL 78. 39 78. 49 78. 45 78. 47
MLP 84.55 84.95 84.57 84. 65
SYyMLd 85. 42 85. 67 85. 47 85. 48
NBH 84.93 85. 22 84.92 85.01
LRE 85. 54 85.73 85.58 85. 60
RFM3 85. 28 85. 55 85. 29 85. 35
K-NN 85. 05 85. 26 85. 09 85. 10

i 3 AL T A R ZE TESS ¥l 48 F 34 e
BT R s 28 MERE . — 5 TESS S0 A &
SR A2 45 S0 A B L A MR L v L B R AR T A
VR T OB 114 2 T R OF AR IRORE B (A Rt . &
it Whisper Wil 2 B 4 5% ) 25t MILP ¥ B 42
Je 1 64 HEREAE PR BT M 4l R A I A R
LR ABIAF 99. 00 %0 B HER 2, 78 40 UEW] T X FRAE 25
] ELA W AR R LR T 0 . 7 G0 S Y S vE T R
b AR ) ERTWECCL #5504 48 52 98 T 1 fig
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W1 T Y- 25+ 2 7T sk s BEL VLA I ASCASE RN AR 385 A R 14 3 55 19 SR

2069

B HE— 20 R, MER R T ZR S 19 o0 i . X R WITE
SEAE A HL 40 (R 17 LT i T I AR ARE & ) HE 2
BT L e K [1) o 7 - T A 750 B 3 4l 12 58] 450 v i
A AR LSS . He T 2] ) RF 78 TESS I
1) 22 MG 31b T T LA 0 B A BT SVML, X 7] g
2 TR A W v A LR AE = B e 5 A A 2 ) o, 3
ZE 1Y JUAT 320 5 LBl AT 9B S S0 D0 B 355 25 i R 4K
oA, i K-NN A 8B e85 .4 97. 70 % . Bt
FHAE v % B REAE 2 ) 7 B RRCTG BB B R N
JETHE 2458 ERT-WFCCL 1y 2 54 %%,

1.000 B

0.995 '\4?_53
0.990
0.985

0,980

Score

0.975

0.970

0.965

0.960

Recall F1-Score

Precision
Metrics

Bl 7 ARSI E TESS #1 CREMA-D £ 4 It g xf b El

Accuracy

5.3 BEEMFESH
Ry it — 2 TR AR GE AR ST 4 A SR A LA Rk
S0 5 2847 A I BT A L AN [R) X i 58 4R
iz ARRE Ty AN X HE CREMA-D F #4328
S5 AT TIRVEHE BE 4T . TRV R B AN BE 8 7w
BERVLE B A0 F 10 40 285 o 0 7 L B R 48 o L N A
PR SRR S A e

AR BRI FE CREMA-D %4 4 | (0938 % 5 5
WE 8 firR. 1ERTA Xt A # v, ERT-WFCCL B
BT EALE B, HUEH R M F1-Macro AR ik 8 T &%
1o SR BT A R AL A A B ] R o MR A R R L
R TR R ) 10 o A7 SRR AR IR R A A
AR ELIRVE XAt BT 3 S0 1 B 7 75 2 RRAE 1) 40 i
R RE D EA R R BRI A A N B AT
AR LA, [RAE, T B = BT ARl
Neutral FfrP 4 J8 9 FF A 4 0 7R 48 o 19 0 B0k
25 Ty WA 15 ) Sy e T 2 £ AR 4 RO B IR, X
2 WAL IR (10 5 e e D 5 50N IO (LA 80 A 2 A% oA
B b T TP %o 33K 6 SRy R o S 1 J 50 A 1 A B
[iDAN

ERT-WFCCL #7819 1 ¥ 46 B 7 Ab 1 3R
AR LT SRR L # . @5 LR FI SVM 9 JH

Iy 4 "I, 7E CREMA-D 48 4 |-, A& 3¢
$& 5 1) ERT-WFCCL [A]FE 76 U4 PEAN 48 br 396
J& 55— . H Macro F1 4345 %) 85. 81% ., HAWXT L
BVEHRAZ 25 T R BB Y Whisper + MLP 3 B R 1E
{3 ERT-WFCCL K 24 B % M\ =5 B2 4 2 19 R AiE 42
P AR A G A0 B BB T LR 1 85. 60 % Al SVM
M 85. 48% . IXAEH T 76 FR 1 25 ] 52 FR A 15 B0 F o
FHE T IBURAN MR A 1% A 2 M B A% 5 1 LA Rl 43
BRSBTS AR TE A B 4R M RE X
AR =R NN

CREMA-D

w=ME
—=SVM
NB
0.87 MLP
mmRF
-l R
086 - NN

Precision Recall F1-Score

Metrics

Accuracy

R4 HEAT X HE, AT LA & 3 ERT-WFCCL B85 i% 40 A o
TIN5 HOREE 5 10 32 X A 40 BO(E B b I
X FE W ERT-WFCCL RE % T A5 250 30 1 & 40 v 1)
BN 25 . Y RE AR AL T R AR 23 8]0 RER i A
ERT-WFCCL A 2 8 A% 48 JL AT A5 L8 AF: 37 47 A 14
ST TR 43 o TR 5 T AR S [ I RSO A 9 e
SRR ST R AR . SRR AL A R D T
N[5 7 SRR A AP R e R %) % AR DR T TE o B A AL
4 A 1] I R 22 [T S TR AR SR B A RS A 19 0 T e
Zfi H F1-Macro 35 3] 85. 81 % e 7K F- . T A
T HB IS AIE T N R AR P Al A
5.4 HELXIG

R T TR AR GT HE SR P9 45 AL 1) Bk AR
77 RS2y, B 78 [ 25 =A% 0 TR B3 . EF Whis-
per T 254 R A LE T At 3 38 FU I 25 A5 AL AT o] A
TR B RRAE £ 0 B B A B, D RN N 2R A
ERT-WECCL AH Lt T 1% 48 1 b 28 W 2% 53 25 )2 A fif
P,
50401 AT GRiE 5 B AE B X He o B

A /N TE TESS Fl CREMA-D i 4 [4% Whis-
per TN ZRAEE AU 55 H i 6 #F 09 15 & i 15 4% WavLM
A L TE X E F 15 BB emotion2vec BRI JEAT T
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Confusion Matrix-ERT_WFCCL
Aceuracy:83.7 1 %[/ 1-Macro: 85.81%

Confusion Matrix - Logistic Regression
Accuracy: 85.54%|/1-Macro: 85.60%

£ g
g 500 g =00
5 g
E 400 2 400
[a _ B8
ik i T B M
4 3 300 5 ] & 300 £
3 E : z
- o 2B &
& B ! = F !
L e 200 = 200
E E
= =
Z -100 7 - 100
kS 2 2 31
Angry Disgust Fear  Happy Neutral Sad Angry Disgust  Fear  Happy Neutral — Sad
Predicted Label Predicted Label
Confuston Matrix -SVM Confusion Matrix -Random Forest
Accuracy: 85.42%]|/1-Macro: 85.48% Accuracy: 85.28%|/71-Macro; 85.35%
& z
E 500 = 2 500
= 2
] 400 2 4 400
A [a}
2B o R -]
£ 8 300 & 38 o 300 £
- 8 B = 3
£E £ 5 5
58 -200 P 200
E E 15
2 -100 Z -100
2 2 1 30 45 1 10
Angry Disgust Fear  Happy Neutral  Sad Angry Disgust  Fear  Happy Neutral — Sad
Predicted Label Predicted Label
Confusion Matrix-K-NN{k=3) Confusion Matnx - Naive Bayes
Accuracy:85.05%|F1-Macro:85.10% Accuracy:84.93%|/1-Macro: 85.01%
L = &
5 1 500 o 16 12 14 12 300
o -
z Z
4 E
7 400 2 400
a o
B g = ® -
Gl L300 £ = E 300 £
T = 200 T -200
E E
= =
2 -100 Z -100
2 7 9 1 32 1 30 39
Angry Disgust Fear  Happy Neutral Sad Angry Disgust  Fear  Happy Neuwral Sad 0
Predicted Label Predicted Label
Confusion Matrix-MLP
Accuracy:84.55%|F1-Macro:84.65%
#
;_JJ P
2 12 500
Z
Z 400
_a
=
= g =
S = 300 E
= 200
T
3 -100
= 4 30 55
175}

X R, SEE 38 28 5 A TR ) MILP R B3 5 F1F 8 0 o 4
% 64 4,753 A ERT-WFCCL HE1740 25, 5256 45 11
R LR, Fh &2 5 365 10 50740 2 3 BURRE

Angry

Disgust

Fear

Happy

Meutral  Sad

Predicted Label

& 8

I

AR BRI ZE CREMA-D B4 58 1 1Y V8 4 I

k5 FiR e Z MR S i TESS £
A b =R R SRR R X AR T A e Y PR RE A% I
fFatrEE et 99. 2% . Hd, emotion2vec ) F1
SyECh 99. 53 % . Mg 4R S8 T Whisper 1 99.50%



9 W3 T Y- 25+ 5 7T sk s L APL AR I ASCASE RN AR 3 A R 14 3 <55 19 SR 2071

X 2 X 17 JERR AR 450 0 6 WA L MR S I AN 9 K
i 4 S B0 I 4 2R 0 R 4 IR EL A g B D G
PR P 22 RAE L PR AE O 2 AU A A e R RR

R 5 TESS #iE&E L ARNRE Wl 2451 B M g Xt EE (%)

77 ik Wy % Lt RS HER  F14%
Whisper(512) 99. 60 99. 50 99. 40 99. 50
emotion2vec(768)  99.52 99. 54 99.52 99.53
WavL.M(768) 99. 28 99.19 99. 28 99. 23

SR, Whisper #6706 & 5 N 2 BE 15 &
IR AT Jf HLOBE NG T LS 37 ) CREMA-D 4 46
B AT DA AR AL # . FRATMEE S 6 FIHT, Whisper
HAS 85, 81 WM F1 /080, /3 3 bt emotion2vec F
WavLM $EHURFERT F1 & 0. 6601 0.85% . iX
345 T Whisper 7EM R HUEL 215 Fp B 40 5 250 1
7 R R AT I 55 W I S, o R R R VR
FRAEEA TS 93 AL B8 1 RNt TP & 4 vk, AT 7
A 3 g M 1) 52 A 1 IR A AT 55 I R T

+R 6 CREMA-D #iE& ARl 2545 1 B BE 3T EE (%)

ik iRTIRES LERLES A% F1 48
Whisper(512) 85.71 86.01 85.74 85. 81
emotion2vec(768) 85. 08 85. 20 85. 10 85.15
WavLLM(768) 84. 88 85.01 84.92 84. 96

5.4.2  MLP ¥R B FRAE 42 SR A5 E A b B 43 B

TERf 2 Whisper 1 2 i i ¢ AiF 2 BUER 2 )5, A<
Wit —2D B UE MLP ¥R B R AF $5 M AR B i b B
IZ KK Whisper 4w il 45 i 09 IR 46 512 4EFRAFE B
P A ERT-WFCCL #4740 25, R & 3 MLP $##
M FATTHF I 7 A 44 8 Whisper+ERT-WFCCL,

H 2 3 FZR 4 n[ 50, B Bk MLP B 5 Whisper+
ERT-WFCC Ry fEH B KR T %, 78 TESS I F1
BN 99. 50 Y BE 2 92.37% ., FFET 7.13 N E 4
i 7E CREMA-D | M 85. 81 % [ & 78.47%, F %
T 734 DA PEREZEFE R DL R LA
fife B . — J7 1L SRR 512 4 Whisper F5AiF A2 K
B0 IR 1) 55 A0 OC 1 TUAR AT R 5 33X 28 TU AR 4 2 A AR
RIAE & 25 [ A b & 5| A K B 08O A& 05, TR
T ORHRAE BB ny I Ty oy — O T RO AR A
Vi) P A A O 2 BE B R AIE 4 B SR AR R KL 512 4
iy AT BONE A& 2 (8] 3k 1 P R, MR A (] 7 GG B 8
I TE (e 2 S () op AR AR OR AT R AR A R OOME ]
DL 25 R R MLP B VB RN A e T R 4, o
P A MBS R AE U R A s T BRI R
H A5 5 I3 19 g A ZRAE

5.4.3 NErZEEs ERT-WFCCL 19 5Tk 43 #r

1£ Whisper $EAE$2 B MLP FFAF 42 55 359 E 7
FE LA L AT AT AR 4r 25 8% ERT-WECCL 4
HAEGEbh W 45 2 2 I PR 3. FE AR 5256 b, MLP
SE R AX 3% i ) o 100 28 N 4% 5 T R A
FFAE B2 M5 I 45 A 3t 14 2k 1 43 2K )2 L A Softmax b
e AT WO, 7 ERT-WFCCL W 2 % K % 4 ¥
2K 64 YERRAE 1) R R B A DA AR S A A o gk

THERE
M3 4 s, ERT-WFECCL 1 Macro F1 2%
ETFhRE MLP 43283k 82 F T 1.16 N EH 4 A. H

FPE R ARHE 52 A, X — 220 R T
RAFHLHI A 225, MLP 50 28 L AR | 2 — Rl il R
WS, 25 5 52 B ZRBHE 53 A O 22 19 5% . Lk 2 X6f
FRFl & m B &R, Mk T, ERT-WF-
CCL il it ERT Wt 7 (1) ¢ AiF A 44 i A HE & 4%
SEEL T MBE FRAE B8 A & A BT . X — &5 SRIE
S FE R BERFIE AR BUZ G 51—~ 2 10 00 48
AN SRR B, HE 4k 20 3 8 4 i 4 2 e AR 1S &
B 3 R

5.5 MERINHFNERESEEESN

T B EAR SO Y T N SR G I AR AL B R
FOEHE B A ot FATAE CREMA-D $dis 4 B XF
o T AR BEASE SR S T SR A Y e 2R R L B
A AP o A5 1 R g i . At A AR 2 — ik
P AR S ARE s TR, N X 0 A R AR O AT B R T B
AR ST R AR 0L 4 2 2T 3 5, A i AL
FEA IF RS 5 Sh SR L& 2 ], SE 0 45 R n
F 7R,

i 7 T AL, AR SCHR M Y 3G o o Rk 7 A5 T
Fabr b B AL b B G, Hod Macro F1 42
FT0.31% . TEVFRRCE T M B A A0 S LA
AR A T 2 45,82 BbL 2 50 MBI T A . X R
W] ERT-WFCCL 19 3l 4 55 37 #IL 1l G 8% /=5 200 b K B
FEAR R Al A A A A% . L 3 R 4tk B A% 37 it X1
T ORURE B ) 1 5t 5 R B R A 412 S 0 AR AE 1 /N A
f. B9 T MR AR Y P e X L

x7 HABERENEHRENXEREITL

MR TR HFE FLAM TER

L % % D (s)

Hif N HEH 85.71 86. 01 85.74 85. 81 840. 25
b Ak 3 85. 42 85. 67 85. 48 85.50 886. 07

T3 o7 o TR RS B i AT A A 23 5 T e
LML M S5 A0 . A 6 IR ASE R X Ay AR Y R
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%

| = F1-Macro Score(%a)
Training Time(Normalized)

o
oo

+0.31%

85.50% 85.81% !

w
o

oo
g

oo
[

Performance Metrics

w
=

-1
oo

Incremental
(One-by-one)

Batch
(All-at-once)
Update Strategy

B9 Ak BT S 1E R R R A P R R

BEFRATXT BT 46 Wy 5 = BE AL AT LT (Ran-
dom 1-3) FRYBERIPERE . S50k 8 A 10 fim,
B2 TR N N i B L TS s S QL 8 12 e a0 A Y
H8  , Macro F1 B KR 2Z(EAUN 0. 25% , H T
AEERIYEFETE 85. 6 %0 LA b, SCERUE B T A HE ST
P& 1 P SRR R REAS TR IO Y B AT R A e v,
A f LRSI P RE X i A 91 A UK 3% O 55 B
JH b i =B B AL T AT SR AR

8 R A A B IR X A B A B

‘ e o % H OHEE  F1AK TR
B Egﬁjﬁ %fﬁX : ES Dﬁfﬂt - FE I
%) %) (G79) %) (s)
Original 85. 71 86.01 85. 74 85. 81 884. 97
Random 1 85.78 86. 22 85.85 85. 88 823.76
Random 2 85. 74 86. 15 85. 82 85. 86 886. 41
Random 3 85. 56 85.99 85. 63 85.63 886. 84
Mean®3 807
86.01 variation0.25%
Sad Dev: 0.009%
2 859 B280% $5.86%
E 85.81% ]
S858( - y .. ' \\ .....
o Stable Performance
5 Across All Orders
S 857 W_ﬁ%
856{0 Minseon ¥
Max Scorc
-== Mean{835 8%}
855 ——
Original Random Random Random
Order Order 1 Order 2 Order 3
Sample Processing Order
10 AN [} A Ao TR WGE s %o 5 28 4 ) 522 00 L 5

5.6 HEEWEEMESING—BESR

g B AE BT ) ERT-WFCCL #5875 52 Fr e
FAT AR R AR I — Bk S R T R R, R
5 RRAE JZ2 BTHR 73 A1 55 DA R SREAIL ) 9 A 2 1% A
RY N ERAT A #EAT 3 07 L OF Hof S5 A SCER i ]
fif BEE T 1 5 B AT FR R DT AT T LR
5.6.1 REAETTER 5 A1 43 BT

TEASCHR A ERT-WFCCL #5580 4% J8& 43 26
IF AR B4 T R BE i A ] B 58 B T 2 38 2 i A

R 2 2 i) v g DA R O B e AR S L DR AN TR
TIE 2k 35 A DR 5 3k A v BT 7P 1 T KRR A A i A
IR B B R 22— AT ERT 781
Srad B A ) R AE B PR T4 R X4 MLP
PEIRJG Y 64 2N BARAE HEAT 00 A 11 B,

B 1) 25 T 5 E P14y HE4 1 20 f9 R AE
HERE v DL SR B, HE A R 0 RRIE F59 1Y E
3290 0. 0328, HEA 5 20 MIFFAELY N 0,017,
AR 22 20— 1% L 4 A 2 PR % 3 0 A A A R L O F
& H BB — 4R AE 5 i 4 0 3 S B I . X R
ERT-WFCCL 7EHe 5 5o 2 o I 45 4Kl F 3 A4S 9K ST
B 2 2R TR 25 6 R 24 R RRAE L [R] 58 B
T IRCH ), HE— 2, B 11(b) JBR T 2 %K 64 445
TIF ) T L o A 1 0 e HF W A, RATTIT LR
)RR B R R I L H PR B, &
P B R AE HE 4 28 A5 B4 HE 44 B oK B SRR AR AT
PRFEZ) 0. 007 11 TRRAE . 17 AF H B0 B . 0B 52 ok ) 4
WG, X —45 R, 4 MLP JE 4 1w 51 )5 75 21
4R I AR T A0 R, K 2 BURR IR R SR R h 3
BAE T — Ve ERT A0 H: o7 ik 72 3 1k 47 40k 5
X4 T A T R A R I e B . 9% o A R SR
SO MLP %t REAE 2847 (0 40 6 M 2 B 45 SR AR 45—
. PSR JZ T 1 — A5 B TR AE 4R R B B U A
5 R A R

0.0328

0.030

= BEAT I ISP S AT T P SN IR P AP I
B FER I RPN SO PP D S D 4
Feature Dimension
(a) Top-20 Feature Importance

]

= Smoothed trend

|

I 11 21 31 41 51 64
Feature Rank
(b) Full 64-dim Feature Importance Distribution

11

5.6.2 IAFI—EUHE T
DTN A A B R A A7 R I 3 i O A R
— R R Al K, TR 2 A A 5 U R Y 2R

R BB A 20 A1 1 0
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HSVERZ A ., ERT-WFECCL ff 5 B i1 4% 1 &
BEVE ST TP AR B T I — N ERRAE . DB YR
oI TR 31 o e 3 32 4 S LR R AE DA A e B
RIS 5T, XM S AT
I TR e T L A B R A R — Bk
WA, BT RO A B R U5 T A it B AL AR A A
M & 25 ) o ) 43 B4 458 1 25 2 L R AR DT K Al T AR
5 HL R P 3R A2 LA I B 6T N DG R L o 1 AR AR A 1
FE 0 B8 38 97 28 EL IR 190 R I 4 B % HL 7 MR A o L o
AR R L B, XRS5 AR DY e i AL T S A T S
Ji 43 BT ke B AN R P ) A, Ay 5 TR e SR 4R 1L TR
HLT A5 BE 1Y i AR
5.6.3  SEUH A REE T LS

AT TR B85 27 > B RYAE A i A T ) O 9T 2 4R
TR IACE W AR B S IH K U5 L a1 SHAP
A LIME 4§, {3 2 J3 B 58 5 8 2ok ] 0 A6 A [R) i
(i) 2 B A5 AL 388 3 194 AL 0 A1 ok 221 1 A A G T Xk
{HHALE K/NIFA — 58 5 fe 26 5% BTk ™ A% X 1
Hsk = B8 i A & 2 18 XX 55 . SHAP #il LIME
A5 IS iR 7 1 D) 3 o )R BRI Bl R AS SR A THRRAE DT
R o figp B 45 L X SRR SRS NI 3 3 1R A oy Uk, L
fifp AL T 15 L 0 A5 A 45 A AR ELph ST L A R A — B
PEXE LR IE . A Z T s A SCHE 1 ) ERT-WECCL
J7 WK T R L ARSI S5 R 2 rh R AE EE B
P B T A 328 2 15 T B8 i B AT A i BSRSER AR 723 25 ]
I 2G5 SEBR A R PR AR G A R R
S5 AT A5 0 3505 o A s0E U . R,
BRI S D\ HIHE B8 S R AIE Tk B (it T A2 21
A (AL TR B 1 B 6% 9 A O M AR L A5 AR i R
A2 BB AL 7= . 3 B gl oA e i B o
R I AR AT 55 SR A T — A AR HAF AN
R LT ) 0 R B AR

6 ZHRGRFKIIE

7 SCTRT i) 3 5 19 JERRU ) P R P AR 3 4 e (L X
DU REI %0 F I A % CCL B M T — i
JER AL BE 1 55 AT it R T Y P B B E SR, AT O R
Whisper I 258 5 MLP JF 47 % B FRAF 3295, )5
Uit o A T ERT A4 AR M HE 28 A 2K A
ERT-WFCCL 5& W 17 128 F 5] . 2% HE 42 LU 31 4k
SRR A A O 2 S T GRS
5T B AT R S S A R ST, O SER AR 55 24 T
— o L DN A T R Y R R B, SR AR R

B, BT $ 7 A R A N T I R o BT 4R Y U
TR YRR . PRI AR SOy 0 HGE T B 8
PURPERE L S A0 25 Hh PSR AR 1 37 55, i A e %
JR o 3Gt 5 Al B VPA 280 s b i 2 DR AS W
&, R, 38 B2 o] ST B0 UE T T 4R 0 i AR B
ARE 2 DA T o s A 22 At VOB BE AR B R L BE S A
PRFFBAR T B85 5 0 1 42 5 A2 BT i A =5 ], e
I BRSBTS
P AR L N RN R G AR I TS S
— 7 IH1 3k G A B I A ok B TSRS O — O R
UEASE A FE FH P B4 R 58 0 3R B3 5 22 A8 AR i L 1

FRie o i PERE 5 — B A M R .
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Background

With the continuous development of human-computer
interaction ( HCI) technology, computers are expected not
only to understand the linguistic content of speech but also to
accurately perceive the emotional states conveyed through it.
Speech Emotion Recognition (SER) is gradually becoming a
key link connecting users’ emotional states with the responses
of intelligent systems in scenarios such as intelligent custom-
er service, vehicle interaction, and online education. Over
the past decade, deep learning has greatly improved the rec-
ognition accuracy of SER, but it has also made the decision-
making process of models increasingly opaque, forming a
typical black box problem. This has significantly restricted
the deployment of models in application scenarios with high
requirements for safety and credibility. To alleviate this con-
tradiction between performance and interpretability, this pa-
per attempts to break away from the existing end-to-end deep
network paradigm and construct a cognitive framework that

combines deep feature learning and Concept-cognitive Learn-
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ing (CCL). The original acoustic signal is deeply represented
and features are extracted using a pre-trained encoder based
on Whisper and a Multi-layer Perceptron (MLP), obtaining a
compact 64-dimensional emotional feature representation. These
features are then input into a weighted fuzzy concept-cognitive
classification model based on Extremely Randomized Trees
(ERT-WFCCL) , completing the emotional discrimination in an
explicitly interpretable concept space. Extremely Randomized
Trees are used to automatically evaluate attribute importance
from high-dimensional features, and the weighted fuzzy concept-
cognitive component characterizes the reasoning basis of the mod-
el through concept lattice structures, thereby maintaining high
recognition performance while providing more stable, traceable,
and intuitive emotional recognition decisions for the aforemen-
tioned key application scenarios. This work was supported by the
National Natural Science Foundation of China (62376229,
12371465) and the Natural Science Foundation of Chongqing
(CSTB2023NSCQ-L.ZX0027).





