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Abstract: Emotion recognition is an essential research direction in artificial intelligence (AI), focusing on modeling the
relationship between emotional expressions and measurable features. It enables computers to recognize and understand
human emotions, thereby playing a crucial role in various domains of human-computer interaction. From intelligent assis-
tants to mental health monitoring and social robotics, emotion-aware systems are becoming increasingly pervasive, making
affective computing a cornerstone of future intelligent technologies. Psychological studies have long confirmed that human
emotions are typically expressed through a combination of behavioral cues, most notably facial expressions, speech
prosody, and language content. These multimodal signals are often intertwined, with each modality providing complemen-

tary information that reflects the inner emotional state of an individual. In addition to these observable behaviors, physi-
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ological signals such as electroencephalogram and electrocardiogram also vary with emotional changes. However, collect-
ing physiological signals often requires contact-based or invasive sensors, limiting their practical use in daily environ-
ments. By contrast, facial expressions, voice, and language are naturally occurring, easily accessible, and can be cap-
tured unobtrusively by cameras and microphones. These advantages make non-invasive emotion recognition approaches par-
ticularly attractive for real-world applications, where user comfort and ease of deployment are critical. The field of non-
invasive emotion recognition has made significant progress in recent years, supported by advancements in deep learning,
multimodal fusion techniques, and the increasing availability of emotion-labeled datasets. At the theoretical level, emo-
tions are typically represented through two main models: discrete and dimensional. The discrete model classifies affect into
a set of basic categories such as happiness, sadness, anger, fear, and surprise. This model is intuitive and aligns well with
how humans often perceive emotion. Alternatively, the dimensional model maps emotions onto a continuous space, com-
monly defined by valence (positive to negative) , arousal (calm to excited) , and sometimes dominance (submissive to
dominant). This model allows for more nuanced and dynamic descriptions of emotional states. Both models form the basis
for designing annotation protocols and developing machine learning algorithms for emotion detection. A fundamental driver
of research in this field is the availability of multimodal emotional datasets. Numerous public databases support facial
expression recognition, speech emotion analysis, and affective text mining. For example, facial datasets like AffectNet and
real-world affective faces database (RAF-DB) contain millions of annotated images representing a broad spectrum of expres-
sions, while audio datasets like interactive emotional dyadic motion capture database (IEMOCAP) and Ryerson audio-
visual database of emotional speech and song (RAVDESS) offer rich emotional speech recordings. Language datasets,
including those developed for sentiment analysis challenges, provide labeled corpora for detecting emotion in both written
and spoken text. Multimodal datasets like Carnegie Mellon University Multimodal Opinion Sentiment and Emotion Intensity
(CMU-MOSI) and Carnegie Mellon University Multimodal Opinion Sentiment and Emotion Intensity (CMU-MOSEI) inte-
grate synchronized recordings of facial expressions, voice, and transcribed language, supporting more comprehensive stud-
ies on multimodal fusion and cross-modal emotion reasoning. Technological progress in this area has been fueled by innova-
tions in machine learning and signal processing. Facial expression recognition has evolved from handcrafted feature extrac-
tion to end-to-end deep learning frameworks using convolutional neural networks (CNNs) , attention mechanisms, and,
more recently, vision transformers. Temporal modeling techniques have also been used to capture dynamic facial cues,
including micro-expressions that may reveal concealed emotions. In speech emotion recognition, acoustic features such as
pitch, intensity, Mel-frequency cepstral coefficients (MFCCs) , and spectral entropy are used to infer emotion. Recurrent
neural networks (RNNs) , convolutional layers, and transformers have also shown strong performance, especially when
trained on large emotional corpora. For language-based emotion analysis, both traditional natural language processing
(NLP) techniques and modern pre-trained language models like bidirectional encoder representations from Transformers
(BERT) and generative pretrained Transformer (GPT) have proven effective in extracting emotional content from text,
including subtle and context-dependent cues. A major trend in the field is the integration of multiple modalities to improve
recognition accuracy and robustness. Multimodal emotion recognition systems aim to leverage complementary information
from facial, vocal, and linguistic cues. To achieve this, various fusion strategies have been developed: early fusion, which
combines raw features; late fusion, which merges decision outputs; and hybrid fusion methods, which integrate features at
intermediate stages. Cross-modal attention, contrastive learning, and reinforcement learning have been used to address
issues such as modality imbalance, missing data, and asynchronous signals. Therefore, multimodal approaches consis-
tently outperform single-modality systems, especially in real-world conditions where one modality might be unreliable. The
applications of emotion recognition are also expanding into several domains. In healthcare, non-invasive emotion recogni-
tion is used for monitoring mental health, detecting depression, and supporting emotional therapy. In education, it enables
intelligent tutoring systems to gauge student engagement and adapt teaching strategies. In intelligent driving, it helps
assess driver fatigue and stress to enhance road safety. Customer service chatbots and entertainment platforms are also
increasingly equipped with emotion-aware capabilities to personalize interactions. The ability to recognize and adapt to
human emotions not only improves user satisfaction but also fosters more natural and effective communication between

humans and machines. Despite these advances, the field of emotion recognition continues to face numerous challenges.
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Cultural and individual differences in emotional expression can hinder the generalizability of models trained on specific

datasets. Emotions are often ambiguous and context-dependent, making accurate annotation and recognition difficult. Real-

time deployment requires models that are accurate, lightweight, and efficient. Moreover, ethical concerns surrounding

emotion recognition—especially regarding privacy, consent, and potential misuse of affective data—are increasingly com-

ing into focus. Thus, emotion-aware systems must be developed and deployed responsibly, with transparency and fairness.

Several promising directions are emerging. Looking ahead, transfer learning and domain adaptation techniques can help

models generalize better across diverse user groups and environments. Furthermore, self-supervised and unsupervised

learning approaches may alleviate the dependency on large annotated datasets. Researchers are also exploring explainable

Al methods to increase the interpretability and trustworthiness of emotion recognition systems. Additionally, the fusion of

modalities through generative techniques and cross-modal alignment is opening new avenues for robust and flexible emotion

understanding, especially in noisy or incomplete input scenarios. In conclusion, this review presents a comprehensive analysis of

non-invasive emotion recognition based on facial expressions, speech, and language. By summarizing theoretical foundations,

available resources, technical advancements, practical applications, and ongoing challenges, it aims to provide researchers and

practitioners with a clear understanding of the current landscape and future potential of this rapidly evolving field.

Key words: facial expression recognition; audio emotion recognition; language emotion recognition; multimodal emotion

recognition; intelligent interaction
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SFEW (static facial expression in the wild ) {44
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Z—(Dhall %,2011).

FER2013 (facial expression recognition 2013 ) %
¥ £ T ICML2013 (international conference on
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(Mollahosseini %¢,2019) .
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Table 2 Contactless emotion recognition datasets
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Fig. 2 Framework of facial expression recognition
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PSSR PUNIE I, oA O F IR B AR A
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Fig.3 Framework of audio emotion recognition
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Fig. 4 Framework of language emotion recognition
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Fig. 5 Framework of multimodal emotion recognition
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P AE 5 Rl 30 o R 2 RS IR M — 1
T IR R T HEAT 1 U (Zadeh 25 ,2017) o PR3
G Fal G A0 ST 0 RS EAT R U P TR R 2
PR B Bl G 2B I TN 25 2R, LAHE W 17 450K
% (Gkoumas % ,2021) . IRGEIE S5 & 1R AELLA
PRI, TR IR RS RT3 o B AT RS
Rl () -t A 0T Y JR BRAE (Sun 45, 2021) .
B, SRR E T T 224 0000 ) 6, % Rl SR
BERAIRT AR , (075 5 T BB B — A28 3o BE AR
1, BRI S B RS B AHELZ R R & 2
BN B OCTE AR Tk R TR BT
B IERS DL R T AL 2 Fh il & Jr ik . 1l
A1, TFN (tensor fusion network ) A5 %58 15 37 2 B4~ 45
SHYERE ARSI R E I R /RR, DU 2D 2
FEUARE A A A 2 [8] (9 SC R A (Zadeh 25,2017) o 2R
M, 205 W R A Y R 7S R . LMF
(low-rank multimodal fusion) % % (Liu 5%, 2018) £l

MRRF (multiresolution recurrence fusion network ) F&%
A1 (Barezi 55,2023 ) S AR RR - BEAR TS A,
BT TEN BRI . MEN (multimodal
fusion network) £ % (Zadeh % , 2018a) Fil MARN
(multi-attention recurrent network ) 5% %Y (Zadeh 4 ,
2018b) 1 3& [ < N BEAMFFE K24 1Y Paul Pu Liang 18+
Pt 43 il Ao 1145 BT RN R AL, TR [ 2
X ZBSRIE AT R, LA SR I AR RE ) .
HHMPN (heterogeneous hierarchical message passing
network ) A5 7 3 1+ #4) 8 [ ek S H G IR M | N AR
BHRHIE FRIE SR LR AR ] (1 OG22 TR L
1 AL S BB S il A (Zhang 55, 2021) . ARGF
(adversarial representation graph fusion) & 7 5% F X}
T G A 0 50 AN [ RSS2 Y 201, LA D R3S
(1] 22 55, [Fi) Ay e €] il 5 0 208 5 o 55 )5 0 25
#7n (Mai 55,2020) . BRI 205 12 IS S H.
FERAE R Y R, B8 EARRIE 0 B AR Sy A, O
3 R B e N B RG o JLAER , Trans-
former AL A% O —— I E BT 990 1 2 s A
AU, IFTZ M TEZSRELS . P, MulT (mul-
timodal Transformer) J& %% 4 28 0 (AR J5 vk | 38 i
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2 2 Transformer %% ¥4 52 PR A 25 19 W9 1 22 H. (Tsai
%,2019) . 1525 F Transformer 7£ #E AR 545 254 1)
MO 22 07 THT A D3, BIMdE BRI R 280 7™ 4% 1Y
IS 5%, 20T AT BE AT R AR Rl 5 808

AR R AR RS il 3 B B S R AIE
B UM S — 2B RAE . SR, B T A FRI
AR TER IUTT R TR A M A R I RE B
it LA KIS A5 07 T AR ™ 22 5, RIS A P e 20
P, BT RS RS TR A ME DL S 7 AR S RS 5L
B, FERERCRZR.
3.4.2  BERCASRAIE A

POE 3 et LIPS e R P 7 s B 'L N
HRRlG " AE A, BITERD & AT e dE s S 3 E., JF
ik R B ) 1 A2 B JE P, DR e Rl A AR
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B 1 Y A 1 AR B) ) 58 B 5 I R 22 S 1
TR IR T XUy SCE ), WAL ZRAE P o3 Sl 42
BGX P AR (Hazarika 55 ,2020) . Horr, SEPERRE
JER RS BA o BT 2 28 S
FRAE DU 22 ARSI AR R . A, ik fE
B MISA i 205 etk 5 25 S PR AR AR R FE A T

AR IR . HE T MISA YIS HESE , 3 47 1 20

Hh R B 5 RS R MR R R BIF Y, AT A3 S T T
23 8] 2 ) BT XA ) AU T A ) T
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ing) 15 BLKG 2 AL R AR W S B[] — 25 ), O ik
ARRIPER G 22 SRS e R E A 2R, 51 A3 52
O3 92 2] SR N 22 S MERRAE , B DR AR S 1 R AE R
A K459 H0 50 68 71 (Huang 45 ,2024) . DTN (disen-
tanglement Transformer network ) £ 751 5% FH 4 fiff 65 4%
A AR 1 25 B I e P A 22 MR R AR, IRt — 255
AR 2, LS AN [ 285 1) LM R A i) 20 A 22
S, DT 5 3255 5SS Y A X 55 Pk (Zeng 45, 2024) o
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(Shi % , 2024) , TCSP (text-centered shared-private
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translation fusion) (Lu 5% ,2024) 43 513 i Zm i 5 ¥
G E]F5 ( Seq2Seq) DA M Transformer 25455 7 512 B A5
BRAIER IR B B IG5 B AR S 22
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i3 6], 2R BE A I A2 A R A LA 2 1 2 B ]
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3.4.3 ZHSIRRGUNSE

TEid £+ 24 R, SRS RO E T
2R BN HRR T Z2RIL5E G855 30K
FRAESRICE AR o 1 T80 KB PR S5 ) R, e -2
DL 3 AR |, 2 80 B S AU A2 T 1
SedR B AR SRR R S SUARE R AW
SRR e e B N T o R TR SO B
HHfi T GloVe (global vectors for word representation )
FRIEZE R . SR, B TR 7 RN IR ER A | 4R
R Z B BRI BT IG i A B 2R i@ i =
RS, 538 5 SO BEA T DAk , 45 SCAR R IR R 06 i 1)
Uiig {2 s, AT 35 42 T T 2 B I Ul A 1R e
(Rahman %§,2020) .

MG T AT A ) U 3 AR T
PR A H B0 18 U 208 )32 CMU-MOSI Al CMU-
MOSEI b HIZE SR o Sy 0 F- X L4 A J5 ik, 72 CMU-
MOSI, CMU-MOSET | 1 X Lt 75 125 24 5% T30 11
BERT BAYEE U 5 SCARRIE . B A R iR 4 il
Ti M TR S SRR AE . AN, TEN @ i 1155
B ) 64 1 R /R U BE A2 1, 7 CMU-MOST_E Ji A
T 82.6% M F1 4. N T BT B 2% 8 LMF &
PR AL, 3271 7 HEREIF D TIHSE TR . MFN
e TR ML S A5 S, £F CMU-MOSI_E ik F)
T 83.5% M F1 4348, 4K, 25T Transformer (45
TR PR JHE 5 R B P O R AR B ) 2 B 5 TE . Mul T
i RS T 7 HL AE CMU-MOST Al CMU-
MOSEI |43 51355 83. 7% F184. 6% ) F1 53451, UEW]
T Transformer 75 5 B 5 fll 5 4F 55 P YA ke, BE
J&i , GFN (graph fusion network) . MAG (multimodal
adaptation gate) . TFR-Net (Transformer-based feature
reconstruction network) A1 MCL (multimodal contras-
tive learning ) S5 152 7530 1 5 | A 1] X 2% 1 &2 2 1) il
M, B — DA THE AR PERE . Horh, MCL AR 2
MeRES R i, 7E CMU-MOSI 355 T 86. 1% Y F1
538, #E CMU-MOSEL |4 86. 2%

B SRR A SR a e ol RN o i e L R
Rl AT RS T R . MISA i X /MBS
A AR 5 8., 72 CMU-MOSI Al CMU-MOSET |43
SRS 83. 6% F185. 3% K F1 704, HET MISA i fE
5, TMBL A1 DTN 2545 703 1o ff 4 54 e 0 — 200 2 T
T PERE. TMBL £ CMU-MOSI il CMU-MOSEL [ 43
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Table 3 Multimodal emotion recognition results

CMU-MOSI CMU-MOSEIL

Acc7 Acc2 F1 MAE Corr Acc7 Acc2 F1 MAE Corr

(1w (T (T (L) (1 (e (T (1% (L) (1)
TFN(Zadeh %,2017) 44.7 82.6 82.6 0.761 0.789 51.8 84.5 84.5 0.622 0.781
LMF (Liu %,2018) 45.1 84.0 84.0 0.742 0.785 51.2 84.2 84.3 0.612 0.779
MFN(Zadeh %%,2018a) 44.1 83.5 83.5 0.759 0.786 52.6 84.8 84.8 0.607 0.771
MulT(Tsai 55,2019) 41.5 83.7 83.7 0.767 0.799 50.7 84.7 84.6 0.625 0.775
GFN(Mai %,2020) 47.0 84.3 84.3 0.736 0.790 51.8 85.0 85.0 0.611 0.774
ICCN(Sun %,2020) 39.0 83.0 83.0 0.860 0.710 51.6 84.2 84.2 0.565 0.713
MAG (Rahman 4§,2020) 42.9 83.5 83.5 0.790 0.769 51.9 85.0 85.0 0.602 0.778
MISA (Hazarika 4§ ,2020) 42.3 83.4 83.6 0.783 0.761 52.2 85.5 85.3 0.555 0.756
TFR-Net( Yuan %¢,2021) 42.6 84.0 83.9 0.787 0.788 51.7 85.2 85.1 0.606 0.781
HyCon(Mai %5,2023b) 46.6 85.2 85.1 0.713 0.790 52.8 85.4 85.6 0.601 0.776
MCL(Mai %5 ,2023a) 49.2 86.1 86.1 0.713 0.793 533 86.2 86.2 0.581 0.791
MHE(Gao %5 ,2024a) 41.5 83.6 83.5 0.801 0.722 52.5 84.2 84.0 0.577 0.712
CMHFM(Wang %5 ,2024a) 37.0 81.0 81.3 0.912 0.677 52.6 84.0 83.6 0.558 0.731
CRNet(Shi %,2024) 47.4 86.4 86.4 0.712 0.797 53.8 86.2 86.1 0.541 0.771
TMBL(Huang %¢,2024) 36.3 83.8 84.3 0.867 0.762 524 85.8 85.9 0.545 0.766
DTN(Zeng %,2024) 48.1 86.2 86.2 0.714 0.807 52.5 86.3 86.3 0.579 0.788
MMCL(a)( Wang %§,2025a) 50.4 87.3 87.3 0.672 0.817 54.7 86.5 86.5 0.528 0.799
MMCL(c)( Wang % ,2025a) 49.9 86.7 86.7 0.681 0.811 54.5 86.6 86.5 0.528 0.794
Co-SA(a)( Wang 45 ,2024b) 49.8 87.2 87.0 0.688 0.812 54.3 86.8 86.7 0.535 0.791
Co-SA(c)(Wang 45,2024b) 49.5 86.6 86.5 0.688 0.814 54.0 86.4 86.4 0.535 0.790

T Ace7 09 7RG BGRBIER R, Ace2 BRI 26 FMHE S 25 RUB HER 3 F1 O BUSAR 25 FITH AR I 28 09 F 1208, MAE Dy BL52
17 5 T AR SR S S 4 X DR 92 , Corr N FLSE I RN TN IR AR A 5 1 SR (M mlees , | FOR (AR AL .

I BUAT 84. 3% F185. 9% (14 F1 43 4, 11 DTN U i i
XA o7 A 3 5 AR — BoPE , CMU-MOSI Al CMU-
MOSEI -1 F1 735053514 86. 2% #11 86. 3% CRNet
BT TA EUAE, 7E CMU-MOSI FI CMU-MOSEI |
WIS 1A 5 ST, F1 53 803 i) o 86. 4% Al
86. 1% XLEATRYGIE T BB A AR R I A A7
R, B3 TR B RS T

F3HHE LN, MMCL(multi-modality collabora-
tive learning) (Wang 4§, 2025a) Fll Co-SA (cooperative
sentiment agent) (Wang 4§ , 2024b) 7£ CMU-MOSI #1
CMU-MOSET¥#a 5 1S 1 e L i 1 R P i
MMCL & F4R7AIE A A , 8 2 A8 oA T 2 g AL ol A i
b2 242 0 S AL o B AN 1B SRR, 3 Tt

THBIGEST . 7E CMU-MOSI A4 b, DL 8 A4
HHEREZH 4 MMCL(a) S2E0 T 87. 3% Y 43 2 i
FRF 53450, LA S PF 2 9 FRAE 41 & MMCL (¢) 78
CMU-MOSI | B4 86. 7% fY — 7 25 fEH K FI F1 43
# . #F CMU-MOSEI % #f5 48 I, MMCL (a) ik %
86. 5% MY 4 R F A F1 43050, MMCL (¢) W 2y
86. 6% A 43 FSUERT RN 86. 5% B F1 534X, Co-SA
I DI )47 TR R A HE 2 0 A A7 SRR 7 Bl A
IF 3 3 B A P ) 1 s A S (] B AR #E CMU-
MOSI 5 4E |, Co-SA (a) k15 87. 2% Ay 1E 171 17 5k
TH I E B 0 87. 0% 1) F1 4341, 7E CMU-MOSET %1
P 2350 54. 3% 1 AceT F1 86. 7% 1 F1 7344 .
TR R R S5 A RS R B G TR BLS(]
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T3, AEE SR S 5155 JR e R 5 A e i I A
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RUYE N AR P ) 2 BUPEAR 5 2) X4 2 175 2 43 B
1145 0 KA RLAE AL 5 3) 1% IR i 9k 215 AT figf s 1
1M

JUE T R B (40 GPT-4 . LLaMA %5 ) {15 &
Az S AR HE AT 55 h RIS B 254
IR T IR AR A AT BN 2 o BN, Lian
N (2024¢) Xt GPT-4V 7E 21 A FEERUIE 4 LAY 3%
PRHEAT T VEAG , 285 S 8 % H A A 5 1 S B At v e B
5 507, (E R SR R PR 0 S T R R R AT 55 h A
FAEARE . BN B, R4 GPT-4 111 Jg&
BT R NES 58 (0 B L
5 NFONAETE 2 5, vl Rl o 4k A28 R se i
I )5 SRR BE (Wang %5, 2023b) . It 41, Chen
5N (2024b) 5T 2 BH | 3 F OB AU 7 52 2% 1 Je%
Y serp R B B, R T HAE SE B R o i ek
bl LI

Sk R AN I A Y AR A B BT AT 55 P i R B
P BRG] 3 A R R T o 1 B 4 (L EMER-
Coarse Fl MERR ) DA Az A1 X5 AR A5 0 A1 Ak 56 s, Ay 4
TS BT T B ELAARTT 55 T ) 17 B U AT
55 (N RAL R AL F2 BEAE v e 34 D7 1T - DA e HL A&
5 BRI AR R 2546 5 2) FF % 175 % e 1) A I e s 5
3B L MR AR . BN, Cheng %5 A (2024)
i H AY Emotion-LLaMA FEAY 5] AT 45 B 52 g 15
i Rl B S S SCARE B TR AR
B EAT S0 5 Chen 25 A (2024a) 3T T 1% 51
MHERS ML 553 2 A WEB 2 2 D7 i, LIS i AsE 760 Xof
7 B RE AR A ST BE T 5 Yang 458 A (2024) 48 1 1Y
EmoL.LM #5738 1k 22 00 A 400 5 43 5 A TR /s HL
il 76 2B AE R AT 55 TP U T S R T
TS A A it o T 3 P RS R A 17 4 B B D 1Y)
RGEVEAR DA SR “ PRAG — 1L 1) Rk AR, 15
SLE B Z BN BN R R R

B 2 KA A 1 SR A A v )3z I 1 e
P 1 AP W T 0 R 98 #4050 Lan 26 A
(2025) 45 H A ExpLLM #0338 i 8 =R A4E AL, A

AT 5B BN VE BRI 73 A1 28 PR, 26 BGTE 40 09 1 4 fi
B TR IR AE RONMTE 55 h R BLSE ) . Lian 58 A
(2024b) $2 H 1 AffectGPT HEZE | 38 158 KR 2 A1 4H0RE
JEEHSCH A T I Bl 2k, G5 T 22 B 2 U Y
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