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Abstract

Dynamic music emotion recognition aims to characterize the continuously changing valence-arousal
trajectory as music unfolds. Existing methods rely mainly on audio features and group-averaged sub-
jective annotations, with limited use of the physiological responses induced by music. Electrodermal
activity (EDA) reflects changes in the electrical properties of the skin caused by sweat gland activity.
It can characterize continuous physiological responses associated with sympathetic activity during
music listening and provide evidence beyond audio for music emotion recognition. However, di-
rectly aggregating EDA sequences from multiple listeners may mix repeatable common responses,
listener differences, and measurement noise. To address this problem, we propose the Collective
Electrodermal Activity-Assisted Music Emotion Flow Network (CEA-Flow). CEA-Flow models multi-
listener EDA recorded under the same musical stimulus as an unordered set of temporal sequences.
It learns the group EDA common response through disjoint listener groups, estimates response re-
liability from listener difference information, and predicts continuous emotion trajectories using
Fast and Slow temporal encoding of audio and EDA. Experiments show that CEA-Flow achieves con-
cordance correlation coefficients of 0.201 * 0.006 for valence and 0.326 * 0.005 for arousal. Its
mean concordance correlation coefficient is 0.048 higher than that of the model using only audio
features, and it outperforms the song-mismatched and time-shifted EDA controls. These results in-
dicate that the group EDA common response can supplement audio representations with continu-
ous physiological response cues shared by multiple listeners during music stimulation, while lis-
tener difference information helps estimate and regulate the reliability of these cues at different
time positions.
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BORMATZE, L W, AR A CRE R R T AR A, W R (1 G RIESRE . S
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#H(Phasic) A& #H(Tonic) 7 vl kb 78 AN [F B[R] VG R A2 3845 . AR SUR 2 RBEEB RS EDA i
[11], A TAERLG & RS EDA BT RMUBUE 2R AI[12] . SR1T, X [A—& 5~ 2 Wr 38 i nl 5 EDA 1
R, W 72 e S AT SEMEAT R R G AT

A SCH A — & SRR 1 2 2 W EDA 34158 SONBER R HAE 5, FERIFFE ande] 43 2 Fodhmr 8 2 (0 B
& EDA FL[rjma B 5T 35 2 A5 5, A RS phE S AR FRZR R A AT SEVE A U E . I, ARSCHRE AR R H
4 Bl R s 45 UL 2% (Collective Electrodermal Activity-Assisted Music Emotion Flow Network, CEA-Flow).
AR 3 T A [R] B AN AR AE W AR — SO A ST SR B R e B, ORI S e e i o AT SR, R DUPUE
(Fast)/ 1834 (Slow) XU 8] REE A 20 23 & i F1 EDA 15 5 B AR MR ETNE RS, EDA il A7 Sk 2= 42 fit
A7

AL FZETAERN: (1) BV o —8rE o), RO R EDA JL[Em S, F& I AR A7
B A 56 FL AR AE D S B T AP s (2) v P EE PR I A 5 AT-EDA XU R RSB, LR EDA
FL[E) e B D 7R AR B2 R L LAWY 22 5 BTV ENGREE ;. (3) i RAEIIE. X EDA 73, ERIALLEL .
7%k HE TV i S 50 PP Aty 45 2L BG4 o

2. BIEEXEMRFGE

21 EFEX
B A AE ST I RS A SRR N

Xt =[x, ] eR™, )
[F]— & SR N A N A 2 EDA 741, i IFES

5:{E<”>}N . EMeR™, @)

B NY = [y", yA] eR™, PIANEER KRR AN MGEEE . mY e {0,1)" Rom WA X,

M*® e {0,1"" FIRA W4 f) EDA H 2ALE . HR35)
V=1, (XEMT), Y =[§V, 7 [eR™ ®)

AN G5 HEFR YA [ 20 ()5 AF0 EDA i N . S AR 1 4 1R, EDA iR Rk L
PR, R ORI AN E A
2.2. CEA-Flow {454

CEA-Flow HH# /RFHIEFL . EDA SHBIL. A Sk ZRE AL VIA Zhasin b Sk A . & SRR S
MERT RAEH%:>] Fast 55 Slow F25H] 815 2. EDA 5B I Z 0 F midas b B 20 3¢, il
I HERD AR SR B RS B A EDA LR N 5 W 3 72 A5 B S IR BRI FERE 73 4 Fast 5 Slow # 4
BHEN S e fa, FHWT 3 22 A5 B T aT SEMERR ) EDA AN FRER R IVENIREE, RG220l AN &t
SR R S o BRI S RN ] 1 TR

2.3. MEHERE S F4mED

TINE 24 kHz B RFEGHAGRE M MERT-v1-330M. *5%%] 2 Hz J&, 133 24 EZMFREIRS
HY e R0 AR SC{d A AT 2 ST E A — 1k B SR 2 R A e 2R A -
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Figure 1. Overall framework of CEA-Flow
[ 1. CEA-Flow 2 {ALEH

24 ex
Xta =P a, (I), a, _—p(ql)
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RSB EIES TR TARAEIL X7, MERT S 80RFFR S - Fast &g 4% 7, RS2 B R I AK
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HBRRGY 4~20s 1) BRI
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24. BRESHE—-B4FES

SEHH | (0 OTE A N, 5 U RBEHLRRE T A LR 1 T4 NA FI N . 4l EDA it 3t
BRI AR A 0, PRI A 0 B A, AR 0P 5 of . A
YT A A AR, I X

Lo =d (g 0°), (6)

Horrd (u,v) =1- ]ﬁ;ﬁﬁﬁ%%ﬁ%om%ﬁ%¢%ﬁ%&%%@ﬁﬂ#2%ﬁ%%%ﬁ%ﬁﬁﬁ

B, ik, ACAREKHEBUC EICRER o) RS ATH N RIE > 8 s MOESRI AR R 6, o %FE
K

Lo =[m+d (g 0%)-d (g% 9;)] +[m+d(gf ¢%)-d (ol )] - ™

Hef, m>0 RS, [x], =max(0,x).
(7 B — S P07 ) 2 Bl
group ['same ctrl (8)
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Figure 2. Multi-listener EDA and cross-listener descriptive statistics

[ 2. 0¥ EDA REBFTEmA 5T

2.6. EDA Fast/Slow R{E
BEUR EDA L[R]3 43333k N Fast 55 Slow #8548 . Fast #4208 F 58 B2 B R SR I Ik 580, ey ok -
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Thy WEEAWRE ; Slow BRARME AT IZAR R SR T, Fid BeAs e 3L 2224k -

Z*"=7(C),  2*=5(C),
z :Wc[zf'F;zf’S]. (11)
W & 22 57 1 1 SR 8 I 7 A BRI ] 9 B 45«
DF =%(D), D°=&(D). (12)

Horh, 22 R 78S FORPANE TR B RO EFA EDA JEFINI R, df R dS 2 DRI DS ER %I t ({47 [ & . EDA
5585 SCR AL B S RERE RS [RIVE L, DASEAESE— B (A B2 = A 18 2215 2.
2.7. #k EDA RN ST EMHEFIRE

W 3 22 5 £ SR L e KR 0 0, 1)VE BRI IZIN ZU bR B RT SR . 15 56 A Softplus H5 H H1Z 46,
Fe e N AR SRR -

a, =softplus(6,), r, =a(br -a' [df;df]). (13)

Hrfr, o(-) 9 Sigmoid %L, softplus(x) = log (1+exp(x)) HH4ZCHREM T E. d1T a 20, fELME
AN, AR 22 53 4 BB AN 27 v, o B4R EDA SERIMIRIA A AN LR R Az = tanh (W2 ) -
NRFFEIRES, HH LN B, = 0.5 KIEIER I 11%:

B = Broco (W, [ 20127 ] D), (14)
7, =7, +1p, OAZ. (15)

B 2 PR AN RS 2 Sk
( )t wyz, +hby, (9“){ =W,z +b,. (16)

PBTHERER EDA JL RN RS (S E PRI RN 2 28, Wi 22 3 (5 B L nI (S A2 L, 8 G — ik
(¥] EDA 5 51 2 min 1 45 Tt

2.8. itk B¥R

FAT 55 A B R PR A R B b T AR — B0 AH 5 & % (Concordance Correlation Coefficient, CCC)
[14]. ¥ p, F7n CCC, M
1 - N
Loce =13 2 (3" )+ 2 (749)] (17)
1) Huber 35k 0GB TR 2, I3 S —Berk SR X 5% 5T EDA FefiE . W I i
B TERAENZ)t MRS o, iiE N o, =exp(—«6, ) » Fer g FE W FEME S SO Al AL FR I 5 BB RS . SR —on A8
XA rELT g, A BN B AR R . BAR R
‘C = ‘CCCC + ﬂ'h‘CHuber + ﬂ'g‘cgroup +4 ‘C’rellablllty (18)
WA, =02 2,=01. 2 =005, BEMKIEINZEMBALEME
3. XWWE
3.1 BIEESHEARIS
PMEmo $BEEAL 2 794 MRAT & REIFOT B 1A VIA FR3H1 7960 25735 EDA i03[15], H
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767 EHHAINEIRE . KIS R 672 B, IR H 568/64/40 FIZHZ R IINZE W uE ARk . 7
1Gt—%| 2 Hz, i 15 s biEAS SN, PPN 1.

Table 1. PMEmo data and group-constrained experimental protocol
& 1. PMEmo ¥ 52H R SEH Y

TiH wE
JR 6t /h A A E 794/767
Z W3 EDA L% 7960 s%; BFE 10 B( 11 %
CILEE S 672; VIZR/IRIUEANBEN 568/64/40
EDA/B IR R H 50 Hz/2 Hz

B A 15s 25
PPN BLAL ST, P R R AT R
RENLFH T 1. 2. 3. 4, 42

3.2. BuETAbE

LA AR EUA 45 MERT HF1E, JERL[T, 24, 1024]5K & 1515531 2 Hz; AreAb Ge it 8 ANt Il 2R 8k i it
1F. EDA %W 3T &M OB IERTIZRE R AR, T 5 RIEME NI E A RE . TEFHRH
FHMESE, I M4 F5) . BB A S . Fast/Slow 23 H1 55 2.6 1 O PR SR 4 i 28 52 il o

3.3. BirE M S5ESEXENE

FESR RS Oy BEE A A REAS BE LR RGP N AT T4, BB R AN, A U e 5 P A b AT
20 8s IR ROR R GEARIUEE, RS RO 28 95% B AF XA B TR R FMA KM, LIk
P W] LR MARAEIRAL .

B R4 EDA Sifas, IXAEIZREEML AW BT ERINES , AR SR Z AT VIA; FraE B AT 8]
BOLAE R AR S04 55 AR R

3.4. WEEAE

STHOTIE RS (1) (A (Audio-only); (2) FEEGEit. 213 AL R R AN 2 545 2. 0 Al
EDA-only #7%4; (3) Audio + EDA-common. CEA-Flow K&k fh5HL B [ ES A7 AN 2RS0T . BTl 7
DA EHAE R S MBI RN FE A

35. BEHERERE

H N5 EDA 7 IR 4E Sl 64, FEFEZ(Dropout)y 0.2, ARAUAE ] AdamW R ALES, HIUHE>]
R 3«10, BEZECAL107°, RN 8, HE il 100 4. WIUFAEF1 CCC M T2 2 I E IR
158, 2 ) B B 5 RS (OB 23 0 4 R0 12, BRI EERETSI{E v 1.0. 455 7E NVIDIARTX 4070
12 GB GPU HAfHIRAREFEIZAT, FERAEERENIFF 1. 2. 3. 4 142,

3.6. M EIRS ST 75 7%

SKH CCC. /R #MH % 2 % (Pearson Correlation Coefficient, PCC) 134 77 # 1% % (Root Mean Square Er-
ror, RMSE). CCC [FlI PFANAH S DL S B ATRUBE Y — Bk, PCC ORTEHULTEAR , RMSE #if S 240 xR %
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PR R bR 5 5 A it 7 VAR, FER AR T2 s R R TSR T I S AR . CEA-Flow 54t
LR AR FIBENLA ORI EO ZME . 2T t A 1 95% B A5 X 15 .

4. IWERSTHE
4.1 BRESE-BMESESHEXY

< 2 FIE] 3 45 S W RAE AT B I UE . [FAAFAAS TEE1E Fast/Slow FRAE _F 35 /& T 8K h 45 Be A B [a]
FEAE T, e ORE R AT AR AL 185 B 43 1y 0.314 11 0.335, it B e [7] 22 71 (] iS4 B4 2k it DC 72 5 s ) ot
Fe4E R

% T-4E Top-1/Top-5 % %k $1 0.219 +0.018/0.538 £ 0.019, & T HL £ /K F, A %#k H 18.1+£0.8,
R IRAEIRE . VREE I [EHER 2% %) VIA CCC 2 0.076 + 0.009/0.162 + 0.014, & /& T-Fr%s B Hflmf
(AT XTI, R IR AL S Al P A A s B, FL P M B DR 5

Table 2. Validation of cross-listener EDA representations
3= 2. EITE EDA RIEWIE

BAIE H b EGEL PN

Al E A M [ R o R AT R AL RE 1 1 Fast 0.227 [0.222, 0.231]; Slow 0.223 [0.219, 0.226]

Al E A M [) AR %o 7 1K) AR AL 3 Fast 0.314 [0.310, 0.318]; Slow 0.335 [0.331, 0.340]
FAEHFIRE PRI MR R R Top-10.219 +0.018; Top-5 0.538 + 0.019
RAEHFRNE B Rk 18.1+0.8
A PSS RGBT PR 25 V-CCC 0.076 £ 0.009; A-CCC 0.162 + 0.014
RS H P4 B Honr i V-CCC 0.007 +0.007; A-CCC —0.003 +0.017
S5 H K IS 1) i o %o HEE V-CCC 0.012 +0.003; A-CCC 0.022 + 0.007

Vs VDU R R 20 [ SO (DA E 25 AR S BEARLURE , D595 5 A 9 959% EL 15 IX 1] »

K 3 Bt PRSI & B TR R AR IR ARG S5 R AT 4R 95% B A5 X [H]

SR T B E SRR E .
(a) PEWr —2ik (b) BETHERMER (c) VREHEDARIV /AT
p i 0.6 4 HEk: 18.1 + 0.8 ® EDAH&M?
> L] OIS @ pRaE )
i @ RS S
oiz—w © s 04 7 < 0.10 -
) 2% S| &
= 2 % 0.05 -
01 024 & '
& Wi oo LE® 2
@ s sWEEE | - .
0.0 T T 0.0 —  — T - T
Fast Slow Top-1 Top-5 Rty RLTIE BT

Figure 3. Cross-listener reproducibility and task relevance of EDA representations

E 3. BUrE EDA RIEMAESEMSESHEXM

4.2. EDA RIEEENH

% 3 R, #2130 EDA 4845 VIA CCC iA% 0.079 +£0.005/0.168 +£0.005, LT[ E4tit. 13t
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[i) ] A L P20 58 4% EDA RAE, T ZE 715 B AL )T 45 CCC v 0.043 + 0.009, 15 BH [ w3 5 3 &

RBIEEMRER, W& ZREE S TSR,

U EDA FERUIR T OE IR, 15 & R AERIBIR . EDA 1ENZAMACIRES . e MR BEEEIR 52

W PR i 75 53X — 2 S Ao

Table 3. Prediction performance of EDA-only representations
< 3. X EDA FRAERITIUNIE 88

EDA &1k V-CCC A-CCC F-35 cCC
EDA-fixed 0.055 + 0.005 0.125 + 0.006 0.090 + 0.005
EDA-learned 0.079 + 0.005 0.168 + 0.005 0.123 £ 0.005
EDA-common-only 0.073 £ 0.007 0.157 £ 0.005 0.115 + 0.005
EDA-difference-only 0.026 + 0.009 0.061 +0.010 0.043 £ 0.009

43. 5EEFENLER

% 4 R, CEA-Flow ) VIA CCC 4355 0.201 + 0.006 1 0.326 + 0.005, {35 #iifs A f~F %) CCC
215 0.048, 95%E {5 X 8] 4[0.031,0.064], FH/AFTIIZEIIAIE. PCC I RMSE AP 43, RKHHE
4 EDA 15 BRI 32T T HUE — B f AR 22 3R 0

A% Audio + EDA-common, CEA-Flow [J°F-%) CCC #t— 5w 0.014, 1 BINT 3 2 S IR i ] Sk
P AT HN TR o Al i B TGRS TR 48567 A5 8L P 2 CCC 43 14 0.222 +£0.007 1 0.227 £0.014, %L
A E AR HAR T CEA-Flow, 3% B 38 2 16 4 7K it DT Fc R0 R[50 %of 55 F0 A B e S o e g P88 308 e 0K, 17 2880470
B 2 KR AR A EDA BRI FIFER

Table 4. Main methods comparison
=4 TERELEE

Jii: V-CCC A-CCC V-PCC A-PCC V-RMSE A-RMSE

Audio-only 0.158 £0.008 0.274+0.010 0.302+0.010 0.482+0.010 0.104 £0.003 0.097 +0.002

Audio + 0.188 +0.008 0.310+0.006 0.352+0.006 0.538+0.006 0.098 +0.002 0.091 +0.002
EDA-common

CEA-Flow 0.201£0.006 0.326+0.005 0.379+0.008 0.562+0.005 0.095+0.002 0.087 +0.002

Song-mismatched  0.164 +0.008 0.279 £0.006 0.311+0.009 0.491+0.006 0.103+0.002 0.096 + 0.002
Time-shifted 0.169+0.013 0.285+0.014 0.319+0.014 0.499+0.012 0.102+0.004 0.095 +0.003

4.4. JHRUSCLS

5 KR N E B A SN REWA. BERAFA EDA JLESEH VIA CCC [FE%E 0.174 +
0.009/0.289 + 0.009, Pl K TRl rldEtEdahil, 15 BH3L M B2 = AN S B, W 2 57 0 H T
— 2% EDA [T,

I TR ROBE S b 2 ISR L . # Bk EDA Fast £ ZE 4k A-CCC, #Fk EDA Slow & Z £k V-CCC;
H Slow #% BRI B A4k FE B B R F%, R EDA BERS AN R EARE S UE R L FUE R

45 FRBERTAL
4 FETR =Fir 5 22 R KT ARRREA . 225 BN, Bl FEVE SO VFREAR EDA S [ i S X6 Tt sk
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ITHFHEIE, AR B PR e e L = BV, 22 ORI, PSR PERRAG, TN B e My S kg o X
TARMEGRIZA, Slow FHS EDA L IL[RF B PILRL .

Table 5. Ablation of information roles and temporal scales

=5 EEAGSHEREERM

i V-CCC A-CCC V-PCC A-PCC V-RMSE A-RMSE
CEA-Flow  0201+0.006 0.326+0.005 0.379+0008 0.562+0.005 0.095+0.002 0.087 % 0.002
C‘(’)"rfn?(;g“rzsigrﬁe 0.174+0.009 0.289+0.009 0.328+0.009 0505+0.007 0.101+0.002 0.094 +0.002
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Figure 4. Representative music emotion-flow predictions at three listener-difference levels
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