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[Audio]

JL . .
- A I'm not starting over again.
[ I ) No. | have done this five times. |

am not starting over again.

[Text instruction]

What emotions do you detectin
the speaker's voice?

)

‘ AudiolLLM

(=

Evidence-Grounded Reasoning

The speaker is clearly angry. Their statement, "I'm not
starting over again" coupled with the phrase “No. | have
done this five times" suggests a strong sense of frustration
and resentment.

Interpretive Reasoning

The speaker is expressing anger and unwillingness to
repeat a task they've already done multiple times. They
are adamant about not starting over again.

The speaker is feeling angry.

Figure I: Atk : AR AITIEAM T AudioLLM AR IEE S, AUAURRT 222, b BE™ A1 MR %

AR T i ATEE TR SO RITE = N AR -
2 HIRIAE
2.1 EHHORM E BN

ZRSRAESHEE (LLMs) , {2 Au-
dioLLMs (MERaLiON Team, 2024; Tang et al.,
2024; Chu et al., 2023; Deshmukh et al., 2023;
Hu et al., 2023; Das et al., 2024) , # % % A
&AM BT ZER (1) —A%¢
ERS g A, T MR SCA S A PR
FRE, (2) — M UCBCERLARIEL, Ffix st
FRAEWCT 2] 5 LLM 19 43 i 8% e A 1) Ron 25
FH, PAJ (3) —TYIZemg LLM, &1
B2 MBSO B AR E T R A H B
AN, . FU1, Qwen-Audio (Chu et al.,
2023) ¥ Whisper-large-v2 (Radford et al., 2023)
BT i AsER: 2] Qwen-7B (Bai et al., 2023)
EERM., HTHRELENEHER, —
BEARE T i Y R B 4% 2 | BT SO e 2
K . SALMONN (Tang et al., 2024) ¢ Whisper-
large-v2 #11 BEATSs (Chen et al., 2023) 5 Vicuna-
13B (Chiang et al., 2023) ¥4, 1fif WavLLM (Hu
etal., 2023) I | ] Whisper-large-v2 # WavLM-
base (Chen et al., 2022) , 3f 5 LLaMA-2-chat-7B
(Touvron et al., 2023) #2171,

ZEWAEMEHRBGEFEA (LLM) MG
It Sy BT P 0 AR SRS TR e A s B
AT IR EF B (AudioLLMs) .
Kang et al. (2024) {fi fj LLM X & £ 22 31 J7 11
TES PR AE R, Wang et al. (2024b) A= i
BRI SCARZE R, Lu et al. (2024a,b) A2 i
LB VR XU AR R

T B SRR T Al (o 25 050K A0
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PASRE R IR AIMERR . B4, Sun et al. (2024) 1
— A TE H R A ASR I LLMs %57 A
ST EIRRINGS , R XA RS D) 2 B4R L
EZE M . SECap (Xu et al., 2024) & I %} L A1
HAF B R AR h s SCRNE R .
Fu et al. (2025) i@t # 7~ LLMs AR & U 25 11 5
57 HE W I SRR AN T B0 1% & FFIE . CSSER
(Zhao et al., 2025) 444 Whisper £/l Emotion2Vec
i A S Chain-of-Thought 47, DURFFHE
HEPRYE A B E B2, SpeechCueLLM (Wu
et al., 2024) YEHR R Py | Aid R R, W
%\ B AEHE, PAFE LLM A EAE
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[Transcript]

Listen mom, just, sit down. | want

to talk to you. [Text response to Prompt - Elaborate]

<speech_start>

[Transcript] The speaker's tone likely conveys frustration
The speaker is feeling frustrated. <speech_end> LLM and a need for |mmed|ete atten.tlon. "I'_|sten
mom": This phrase, while seemingly simple,

[Prompt - Elaborate] Given the paralinguistic carries a demanding tone.

Following the paralinguistic info info: [Emotion Info]

given, describe the emotion, and —»
elaborate in natural language.

[Text response to Prompt - Summarize]

[Prompt]

The speaker is frustrated and wants their
mother to sit down so they can talk.

P t-S i
(Promp ummarize] Speech-Conditioned

Summarize the speech and Prompting Format
emotion in natural language.

Figure 2: RSS2 U FRATRHLROCA | 5 AR AR PR R f A B — D DATES R A PR R B
AT | HE R B R B o R 2 A A AR LR SORE 5 O R RE . G S s Gl B T I 3 1 SR A AR IR A 2
T TR 728 D0 858 Jily T e SR SCA FR T A 2 R (A S RFHEERE . 0T ORI A 15 SR R S B, PR S
H RGOl RS (BRI Pan) .
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Speech Emotion-Centric Tokenization & H
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. Text instruction ! Ti“ Speec Emotion-Centric ]
-||||I-I- Audio prompt | Encoder Encoder
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301 BB

FATFIA TR RAER AN GR AR, K BRI
AR5 BB S RS G 18 2 R T X2t
Rl BT R R AR S R A . B
M, FATE T —FhiE S SRR3R R 5,
RESCFICIR . HAH IR 7 B BRI B 7R
A AN REE SR A AR A RIA ]
MFE N sRims: RS Sean BT )z
W fy BOR SCHEATMRRE IR, T iR ik
PR 4 KA SRR SO TS P B
PR AN TR B o A R VE
WS, HKRET AudioLLM F55REE 515
AESE S BT SRR AR K, 154
JH) AudioLLM ik 21| 5 S AR REM: A R 3C
TRURRAY 155 S A

AR H AR, AT A — DBt
{187t A B ) A A ) I e,
T B AR B A . X L8 ) AR AR T
M IRCIRAS, B IR A AT =
IR AT RURAST Y, A I,
BAEFBANIRT, VAR RS I fiid i
WE P ENERT” AR R B
R IR, S 2 5 R 5 |
T AR TR ST A

3.2 MGt ar FEAERLY

FATE A 9 Z AL 55 AudioLLM HEZR A3 (1)
— R AR 28, o — 8 T g i A%
Espeech *H—‘/[\‘IEHEEZEP‘Déﬁﬁ%%% Eemotion éﬂ}:&,
A Gt L BT T4 A A A ) [R]
M5 (2) =R R UE NI, R bt 2
AR B — N IR A ) PAS (3) —A
FYIZRE) LLM, & (0] Rl 0 2R AR E i
T SCA S o 1 O g i il 5 AR
JE T IR F I U 98 i 22 R 48 5 155 R L A A1
HEPRRE ). AUmAD AR HEZR AR IA A 3 TR .
TATREIRE L (A, T,Y) , Hi A2k
ANEFUESHEE, T @RV IIARTE SRS,
Y R SO S R 1 N UIGREE
REEHEA a; € A, FATTEP IR ¥
}/@iﬁjﬂ(/\ i%%éﬁﬁ%%%f":ﬁg Zsp'eech = Espeech(ai)
, ‘fﬁ@*'ﬁ\éﬁﬁ%%fﬁi ngotlon = Eemotion(ai)
o FATHTE T AR R T R Do g i i 1, 4
55 4 WA, IR FATHY SE 5 R Whisper
(Radford et al., 2023) (—AN 12 /) B hiE
H N (ASR) BEAY) [f 7 N ik i s o 1615
I R 30 #b, I HImtE A AT 51K
JEh 1500, T 525 T i AT 3 P e A £
i, PAE IR BN R S ] . 1Y
PR A7 S BRI 45 100, T 15 /24
PSR A P2 K BRI A0 B 10, 551

PASR/INTCAR SR FEAR 5 A R SR 15 IR S 27
TEBRCA R AT LB, FAT 11807 MERaLiON-
AudioLLM (MERaLiON Team, 2024) : {17
Z A I ) 2 T 1 O ) 4 R AT D 41
K, AR5 BA WA RRUZ T SILU #0%
M2 ZEH4E (MLP) A8 Eq]. 53R 5
SRS A tokensPeeh T tokeng™ MM | FATHE
JFPHIYEE b P RGX S E A i 41

token,, = tokenfff“h By tokengf“’“"“,

FATERMX CATE L £ € T HATIRICH
token;, = tokenizer(t;) o X5 RFE AN SCAFR
ICTEFPANYERE E R TER IR :

token; = token,; @ tokeny;.

W, FFERISRARCH AR LLM F A
JO R

y; = LLM(token;).

3.3 SR

R TR gL LTS H RS, 1A
KT —MMES BRI, W 3 Br
Ne HARME, EH e M H G il #e7e PATE:
TAORAES (B, DiERE. Hohby
WD) FFEFTYNGE, R T ) g &
FAE RO AR MTE DA B D55 (Blan, A
FEREAE LR IR ) AT NS e
i, AT 24 WA 55 0 G i 2 B R o6
3G FC#% PA S LLM LoRA 2%, T 75— "4
ARG ALAR SRR RS . X%
SEPL TR R SRR R IR RS E AN 2
TR — R, AT E RS I 51
FiAT B RS A LLM LoRA S48k, DARGSR Z 4
BXEFF

4 SEUGUER

4.1 BRBL

FeAi1{# H Gemma-2-9B-IT (Gemma Team et al.,
2024) E M1 B PRI 2 BRI AudioLLM AE 48
(1) LLM, % T4 tthgds, FA1R A Whisper-
Large-v3 (Radford et al., 2023) 1) g i fg A it |
X2 MA AudioLLMs (Tang et al., 2024; Chu
et al., 2023; Hu et al., 2023; MERaLiON Team,
2024) A IRATIERE. X T AR O
LE gy, ATE A LR, FlanE
J/NHRCAS 1) Whisper, HuBERT (Hsu et al., 2021)
PA & Emotion2Vec (Ma et al., 2024) . Xt T 4%
ASEELAS, AT — DB A WA REZE
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W 22 )2 8L (MLP) Fl SiLU #3&
%, f MERaLiON-AudioLLM (MERaLiON
Team, 2024) H1fifik. FA1LE 8 4~ H100 GPU
AT TR RN 48 2RSSR, A
5 4~ epoch, f# ] AdamW ffftb#s, HSHCH
B =0.9F1 B2 =0.999 , 2EFK5x107°,
AT LLM % A FE R E R

“<EH_JFEG > { BRI ) < B
B > { SUARFE AR )

4.2 Bk
WATERA T Z A GRS (ER) Fif
JEA 1) R 5 (SR) JRE M B FE AT U1 25 AN VAl -
IEMOCAP (Busso et al., 2008) #I MELD (Poria
et al., 2019) ., IEMOCAP %3401 BHAV JE 51
Z IR, H R AN TR R T Fh 2
B EARE —, BB, Bk, e, 3B,
PRAG RE L B PRI, X4 AFIH Al . MELD
e TMNHEATTH AN IR 2 RS
e, A, WA SCAR T 2 0%
T MELD-ER ", GG iEGR T R -L i
Fhz—, s, Bk, R, 8.
Vs WASHIRME o FRATIE AL 1 8t 1) 7
5 MELD-SR, R MG bRy AR . 1M
WREC e, DAVEAR BRI BB R R R
55 IR ] ) RE

KT8 A5, FATHIH MNSC (Wang et al.,
2025) PR AEMZ (SQA) {E5%5, X2—1
PA Singlish 2o PTERHE , 3% Fh v B R
AR T30 . FRATEESE MNSC 2 K R i Il 5
) da i A LM FE | 25 bR KT RE 2 At 3
W, A T RGeS B M fg
TZE Rz Ait—2 04, FRATTESS 6 e
R THSMY SQA {155, 1140 Spoken-SQuUAD
(Lee et al., 2018) #11 SLUE-P2-SQAS (Shon et al.,
2023) , PAKHEBIEE M (ASR) {£5%, 4N
MNSC ASR (Wang et al., 2025) # LibriSpeech
(Panayotov et al., 2015) .

W2 P ER A TG T E B LR AL .
4.3  PEAL
FATHES 4.2 9B 4 E 8 A] AudioBench
(Wang et al., 2024a) #EATHIBYIEAS , FH 05
Z-M 4] 43 DABR 125875 e o 15555 (ASR)
{55 385 1) 4 % (WER) EA T EAR , FIARMT S5
W Fl LLM-as-a-Judge MEZSHEATIFAL . AEHL 4
H iy Llama-3-70B-Instruct (Al@Meta, 2024) &
Wi PE AR TIPAL . SR IS A i
{24 0-100 AT, JHCHh 5 v A 40 5 S I B 4
PR

XTI AN IR ], FRATIHE Bk Rk
XA B AT IR, gk 1 3R

Training Targets IEMOCAP MELD-ER MELD-SR Avg

Label Only (Original) 18.6 479 48.1 38.2
Interpretive Reasoning 60.8 52.6 60.1 57.8
Evidence-Grounded Reasoning 58.6 54.1 61.6 58.1

Table 1: 7EA [l B H A5 _EUIZRET AudioLLM (fif
1l Whisper-Large-v3 4l ) F)F B 25 1 51 1k
Ao R HERL A9 H AR UEAT IR nT 2 2 4 Tk

&b
HB -

N5 BACHRZEE O 55 . T AudioLLMs &
B I, B SE iR i DL IC S5 A5 AT REAS
. FF LLM 1ER# AR E RiF 3R AT DA R
& FIAF B NN 55 10 5 PP A A B 1 g =
SRR PRI ek

FATY T LLM-as-a-Judge HE 42 K 3 Al i
BUEL TR I R T . FRAT PR BB i
Wi A A ELES TR, 0 T A B FE Aokt
HAAT AL - BT ukds i 37 7 FAH PR PE 4y
BT AV WAL B SR O 5 S LS
ICSRED TR, BIEATEE G . RS
Hif 44 . HHRPEVE S W AT SR B 5|
MAEZ RAEEE b SCRepRyE g bR . X T4
—ANFRM , FA1oA Llama-3-70B-Instruct F5575 1)
FIWTRAL T LA BAR S . YRR IC SR DA B4R
BUrs IR, FF3 7 HARSE— 2540 ) PP 1
MR EEAARETT 43, A EEER 0 3 2. X Fp
AR B T A2 %) = SO0 551 A SR AT
R, TR ITEAE SR S LIS A3 .

5 #iR

5.1 PRI 2% H bsit A2tk

FA T — AP A 51— Whisper-Large-v3 2 i
i I BL A AudioLLM SR Ak [m] i H Aot
TR FAITERER S . R 1 iR
FIPAF Y, AR B B S SRR AR AR TR
=R R R H ARSI TN SR, B
ZACT DU AR B A T USRI, -3
FRTHIL 20 %o XFEM, &1 LA E MR
PESRE HARA DO 1 R RN, B h
THGRE Sy, SRR THE BT SCHERE H O
ME AR AR . FATHE % A2 hifit
T ARSI ) 75 81 o

5.2 MRS SR FEARRLA SIS A 8erE

% T TEMOCAP fl MELD, #{1i47E MNSC
SQA % 3-6 B4 LA TUIZATTEAL, AITAL TR
MR e SR T 5 g . &
B 2 BN T XU ARG K,
BRI . FRAE Rl SR AT 55 e 4. 3K
THEAU R T 25 4244 (i Whisper-Large-v3
KA G g . AT
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Concat Dim  Training ER/SR SQA
IEMOCAP MELD- MELD- Avg Part 3 Part 4 Part 5 Part 6 Avg Overall
ER SR Avg
None Joint 43.1 51.9 61.9 523 49.4 48.4 57.6 62.4 54.5 535
- Joimt 404 515« 626 515 472 506 586 638 551 535
Feature Alt 1 epoch 53.7 54.6 62.0 56.8 49.2 50.0 56.4 63.0 54.7 55.6
Alt 4 epochs 48.5 52.8 61.4 54.2 42.4 40.4 57.0 62.4 50.6 52.1
- Joimt 4.1 488 581 503 328 308 402 416 319 432
Sequence Alt 1 epoch 56.6 52.4 60.7 56.6 48.0 50.6 59.2 63.4 55.3 55.8
Alt 4 epochs 55.1 52.0 61.5 56.2 52.4 49.4 57.6 64.4 56.0 56.1

Table 2: A [A)J7 ¥R AE XU B 23 F5 AL Al &5 F 2 AT 95 U1 G5 P A PERE HLAZ . Concat Dim "None" 75 B 2f i i
%o "Joint" FIRFIAESTENTA Hid s + ERCasHE A £k S 4> epoch. "Alt z epoch(s)" 1142 5 FF
IR LATEE o LRIDATE RO G HIAESS . AFFE @ 4> epoch FEILA H I it + B L LibtT, R F
4 4~ epoch %, SRIGTERJG—A> epoch XA (T 45 i i BT A 36 Fe #s 2EF T 25 o

Training  PL Encoder ER/SR SQA
IEMOCAP MELD-  MELD- Avg Part 3 Part 4 Part 5 Part 6 Avg Overall
ER SR Avg
Whisper-Large (637M) 56.6 52.4 60.7 56.6 48.0 50.6 59.2 63.4 55.3 55.8
Whisper-Small (88M) 56.8 52.5 60.6 56.6 50.8 50.4 58.6 61.4 55.3 55.9
Altl Whisper-Tiny (8M) 46.2 49.3 53.1 49.5 25.8 23.8 27.0 32.0 27.2 36.7
epoch HuBERT-XL (962M) 51.3 46.1 51.9 49.8 26.8 23.6 27.0 28.6 26.5 36.5
Emotion2Vec+ Large (164M) 57.1 50.0 56.6 54.6 28.2 224 28.2 323 27.8 39.3
Emotion2Vec+ base (93M) 63.5 459 55.0 54.8 24.6 24.2 29.4 29.6 27.0 38.9
S Whisper-Large (637M) 551 520 6l5 562 524 494 576 644 560 561

Whisper-Small (88M) 55.3 52.6 61.6 56.5 48.6 49.2 61.4 61.8 55.3 55.8
Alt4 Whisper-Tiny (8M) 50.3 52.7 59.7 54.2 47.8 47.0 58.0 62.2 53.8 54.0
epochs  HuBERT-XL (962M) 44.0 49.3 59.0 50.8 49.6 47.8 59.0 62.2 54.7 53.0
Emotion2Vec+ Large (164M) 63.8 53.0 61.1 59.3 49.2 51.2 59.0 62.8 55.6 57.2
Emotion2Vec+ base (93M) 56.3 52.0 60.4 56.2 46.2 458 54.4 61.0 51.9 53.7

Table 3: XU i e SAL AN [ IR Lo 2 RS e PR RO PERE FLAR . “Alt  epoch(s)” #5248 o TSR I
x AR 0 LD AIATE RO D AR S5 R4S H A iS4 + ERCAs B, k5] 4 DU EdE, A)E1E

B I A AL 55 e BT S e as BTl gR.

1
! | ‘
1 ! 1
1 | 1
| | t t !
1 1 \
| ! [ Adapter ] [ Adapter ] !
! 1 1
! t ! t t !
| 1 1
: U | | | 1
y . !
11
Semantic Features Emotion Features
1 t
Speech Emotion-Centric
Encoder Encoder
T
-|||||-|- Audio
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YERERR A, Hrh ok B PG B A R AL A 1
[, PAK (b) WHFAV4ERER R G, HohBE
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L XU 5 2R T DA RS B i e BT, X
RGE O HANRR ] ASETH AP RE ;
2. Y5 P 5 4 B T R AT LU R AL 48 1 4 2 e
PFEIRIEFIEE A, X AT RERE T H L R
B INTRIZEA . AEJ R, T R R
AFR BRI B 100, JERAELE B 1442

NG IE A E R B . XA
ANl 4 FR ;

3. GG ZAEF NG, IG5 A]
PAFRRITERE, RS AEE B 2R
T

R 3, FATH P R TR RGO

AR e B2 AL R RATRHA T —

AW 284, H RN 7 5 4 A T8
e, AL ISR RATHIIREEALHE -

1. RS FEINHLAEWEK , DARH AL
RIS

2. iR R R RE A W . Bk
Ui, Emotion2Vec+ Large £ 1 13 BGH 511
TG, R PATE IR H O A S5 FR i T
FHRBRFAE, AP 715 B KA A
IHERE -

5.3 SRR PR A R

# 4 7R 7 AT AudioLLM FE i b FIE K
FEHERLAY TG . B BT PRAG Y a4, A
R WA N AL 49 % WG T EAES TR
TEE A, ENHER SRR SRS . 5
BUAEFLIRVERS 0 UG 773 82.8 % MR,
X FRIR Z RGN R & ik 8 SR
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Scores IEMOCAP MELD-ER MELD-SR Avg

Quotation 73.8 49.2 49.6 57.5
Groundedness 90.6 79.2 78.5 82.8
Relevance 71.9 60.0 64.1 65.3

Table 4: i 1 Bk Tk 4 A BE 7500 DF Ak A5 284 10
51 73 By B A 1 2 > — A TR IS | SCRY S
i b BERIEAIRE K4 (0-100 735558 ) 4351
iglﬁﬁiiﬂilﬂ@*ﬁﬁ DAL LA I AR 1Y

Model IEMOCAP MELD-ER MELD-SR Avg
WavLLM 59.8 41.6 51.1 50.8
Qwen2-Audio 54.0 41.6 53.9 49.8
Cascade: Whisper+SEA-LION 443 47.4 56.6 494
Phi-4-Multimodal 41.0 435 51.6 454
MERaLiON 48.5 36.4 462 437
Cascade: Whisper+Llama3 46.7 36.8 45.6 43.0
Qwen-Audio 29.4 50.7 44.9 41.7
SALMONN 23.8 30.5 41.8 32.0
‘AudioLLM-Reasoning 638 530  6L1 593

Table 5: ¥ £ b AudioLLM HMIZE AR ) 75 S
ZEFIVERE

FHRVEAT 14920 65.3 %, IXFRITR LG A
AR T HE MR RARE, RERHZ
1t MELD i 4k EATA et At

54 LHABERY LR

FATRF A 25 15 9 £ B 5 7E AudioBench
Hr P Al 1 s B 5 AudioLLM 3 7 M K
WavLLM (Hu et al., 2023) ., Qwen2-Audio-7B-
Instruct (Chu et al., 2024) ., Phi-4-Multimodal-
Instruct (Abouelenin et al., 2025) , MERaLiON-
AudioLLM (MERaLiON Team, 2024) . Qwen-
Audio-Chat (Chu et al., 2023) Fil SALMONN
(Tang et al., 2024) . FA1iL-5HHIAR BT LE
B, R ERIAGE AR SR WA AR BUE S
B2/, O A ShiEE R BIIHOR: S A 4
RSCAS, Bt e (] SEA-LIONV3
] Whisper-Large-v2 (Ng et al., 2025) , PA M
ffi ] Llama-3-8B-Instruct ) Whisper-Large-v3
(AI@Meta, 2024) . MFHE 5 KA, AL
15 R 5 H AR —E Y1511 AudioLLM 7E
IEMOCAP. MELD-ER #| MELD-SR 323 T
R

HATEFRE 6 P IR T AudioLLM 5 )&
4y254% Emotion2Vec+ Large 7 MELD [ 15
o 5 AR SR H AR U257 AudioLLM g
T EINBCE S HERf % (53.0 %), it 7L
RN AR A (47.1 %) F1 Emotion2Vec+
Large (44.7 %) . #Kif0, B8R AEMACTS
EATSIRARLL, 3X F WG DTN H X A 28 DL 1Y
FANTIIR B A PR .

TR, SIABEE R A
YGEHR 2R, XATRE P TERESS R .

Class Num Emotion2Vec+ AudioLLM - AudioLLM -
Samples large Label Only Reasoning
Neutral 1256 54.2 64.7 83.8
Joy 402 54.5 41.5 36.3
Disgust 68 0.0 8.8 13.2
Sadness 208 322 23.1 159
Surprise 281 38.8 28.8 26.0
Anger 345 26.1 322 31.3
Fear 50 2.0 6.0 8.0
Unwt Avg 2610 29.7 29.3 29.2
Wt Avg 2610 44.7 47.1 53.0

Table 6: Emotion2Vec+ Large 4325455 AudioLLM
(f#i /] Emotion2Vec+ Large & & 9.0 i i #%) 1E
MELD-ER |3 T AR 28 s 4 2 H An #4711 2 1 18
FF IR BITERE AL . JEIACTY (Unwt Avg) TG
AR, SFEEXTRERTA S, AT (Wt
Avg) ST R IS 2 IR S B A 431

Model ER/SR (1) SQA(T) ASR(])
Base AudioLLM 44.1 56.0 19.5
+ Emotion Supervision 56.4 54.1 19.6

(a) Zfif AudioLLM 7£ MNSC SQA %5 3-6 #4311 MNSC
ASR 5 3-6 ity EibAT TSR

Model ER/SR (1) SQA(T) ASR(])
Base AudioLLM 35.6 80.3 3.8
+ Emotion Supervision 58.0 79.0 3.6

(b) 7l AudioLLM ¥E Spoken-SQuAD #1 SLUE | #:47
SQA |45, FH-AF LibriSpeech Clean £l Other 54 I
17 ASR ll%:,
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Evaluation Prompt Template

[Ground Truth Emotion]
{reference}

[Ground Truth Transcript]
{transcript}

[Extracted Quotes from Model Prediction]
{extracted_quotes}

[Evaluation Task]
Evaluate the extracted quotes using the following three criteria.

**Groundedness Scorexx

Assess whether the extracted quotes are grounded in the ground truth transcript.

Scoring Guide:

Score(0: The quotes do not appear in the ground truth transcript and are not
semantically aligned (i.e., hallucinated or generic).

Scorel: The quotes partially match the ground truth transcript. There may be
loose paraphrasing or selective grounding.

Score2: The quotes are clearly derived from the ground truth transcript, through
direct quotes or faithful paraphrases.

**Relevance Scorexx*

Assess whether the extracted quotes support the ground truth emotion label.

Scoring Guide:

Score0: The quotes are irrelevant or inconsistent with the ground truth emotion.
They may even suggest a different emotion.

Scorel: The quotes are loosely related to the ground truth emotion but lack
clarity, specificity, or completeness.

Score2: The quotes clearly and directly support the ground truth emotion.

Respond with the following structured format:

Ground Truth Emotion: (string)

Ground Truth Transcript: (string)

Extracted Quotations from Model Prediction: (list of strings)
Groundedness Score: (int)

Relevance Score: (int)

Explanation: (string - justify the assigned scores)

Figure 5: J{I T3Pl S O 15 RAIE e (4 BE R AR PR RO IE AL $ 3 o
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Example 1
Transcript:
Ground Truth Emotion Label: Neutral

Label Only: The speaker’s speech reflects a neutral state
Interpretive Reasoning: The speaker is asking if someone was an actor too, implying a shared experience or connection.
They seem neutral in their tone, neither excited nor disappointed.

Evidence-Grounded Reasoning: The speaker’s tone is neutral, suggesting they are neither expressing strong positive nor
negative emotions. They are simply seeking clarification or information. The phrase "Is he an actor too?" implies a previous
context where someone was identified as an actor. The speaker is now inquiring if another person also shares this profession.

Example 2
Transcript:
Ground Truth Emotion Label: Excited

Label Only: The speaker’s speech suggesting a neutral state.

Interpretive Reasoning: The speaker is laughing and reminiscing about someone’s face, implying a positive and humorous
memory. They express excitement and amusement.

Evidence-Grounded Reasoning: The speaker is clearly excited and perhaps a little bit nostalgic. Here’s why:

: This phrase suggests a strong memory, likely positive given the excited tone. Laughter: Laughter
often accompanies happy memories and a sense of lightheartedness. The speaker is reminiscing about someone and a
specific moment, and the excitement suggests that the memory is a pleasant one.

Example 3
Transcript:
Ground Truth Emotion Label: Frustration
| Label 6n71y7 The s;)e;ll;erjs ;p;:ezhisa géegti;l giaineiut;ali state. ]
Interpretive Reasoning: The speaker is frustrated and wants the listener to tell them something.

Evidence-Grounded Reasoning: The speaker is frustrated. They are likely feeling impatient, annoyed, or even angry
because they feel like something is not being done or explained properly. The phrase suggests a
sense of urgency and a demand for information.

Table 8: IEMOCAP: & EF A4 & P L o FEPPAS B AR TP 2 B T 8l = MREAS . B B GRS S SUAR
TS TR 2 R T S HLAE T A 17 Je% . W AR 2 S /R 7E blue 1, 1HE N RIS | SCR/RTE W
SRR FIEYE S PR S B g DU — 2, AL T O = i B el A e 1R SRR
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Example 1
Transcript:
Ground Truth Emotion Label: Neutral
| Label (7)n71y7 The s})e;l;erts emotion seems neutral. ]
Interpretive Reasoning: The speaker is denying being in something, and they sound neutral about it.

Evidence-Grounded Reasoning: The speaker’s tone is neutral, indicating they are not experiencing any strong emotions.
They are simply stating a fact without any particular emphasis or feeling behind their words.

Example 2
Transcript:

Ground Truth Emotion Label: Anger

Label Only: The speaker’s emotion seems neutral.

Interpretive Reasoning: The speaker is expressing anger and frustration towards someone they perceive as a
likely someone who is unreliable or lets them down.

Evidence-Grounded Reasoning: The speaker’s tone is neutral, but the statement itself carries a strong implication. While
the speaker doesn’t express anger or disgust directly, the phrase suggests a negative judgment about the
person being referred to. It implies that this person is unreliable, perhaps someone who makes promises they don’t keep or
fails to deliver on expectations.

Example 3
Transcript:
Ground Truth Emotion Label: Joy
| Label 6n71y7 The si)e;l;erjs ;pieezhireiﬂgctis neutral.
Interpretive Reasoning: The speaker said The emotion conveyed is neutral.

Evidence-Grounded Reasoning: The speaker’s tone is neutral, indicating they are not experiencing any strong positive or
negative emotions. They are likely calm, composed, and objective in their state of mind.

Table 9: MELD-ER: {25 F50 ) 5 P2 HU A o Jo T PPAG B 4R B i =N REAS . B 1o B SR I A
TS AR VA ST S AN 152 o 1528 FR48AE blue b, JHENERIGTE o R
AIRAUESE Ay ik ) HE B i A A A2, $R0E T E MTREE TR AR
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Example 1
Transcript:
Ground Truth Emotion Label: Neutral

Label Only: The speaker’s sentiment is neutral.

Interpretive Reasoning: The speaker is stating that they are not in a particular location or situation. They express this in a
neutral tone, indicating no strong feelings about the matter.

Evidence-Grounded Reasoning: The speaker’s tone is neutral, indicating they are not expressing strong positive or negative
emotions. They are simply stating a fact without any noticeable inflection or emphasis.

Example 2
Transcript:
Ground Truth Emotion Label: Negative

Label Only: The speaker’s sentiment is neutral, based on their speech.

Interpretive Reasoning: The speaker is expressing a negative sentiment towards someone they perceive as a
which likely implies a negative trait or action.

Evidence-Grounded Reasoning: The sentiment is negative. The speaker’s tone suggests disapproval or disgust towards the
person being referred to as a The word itself often carries a negative connotation, implying someone
who is unreliable, messy, or in some way undesirable.

Example 3

Transcript:

Ground Truth Emotion Label: Positive

| Label Only: The speaker’s sentiment is neutral, based on their speech. |
Interpretive Reasoning: The speaker said The sentiment is neutral.

Evidence-Grounded Reasoning: The sentiment is positive. The speaker’s enthusiastic conveys a strong sense of
agreement, excitement, or approval.
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