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Abstract

To address the challenges in current context-aware emotion recognition research, including inade-
quate learning of abstract emotional semantics, limited strategies for fusing contextual cues, and un-
satisfactory disentanglement of facial expression features, this paper proposes CEENet (Context Em-
bedding Emotion Network), an emotion recognition network that integrates contrastive learning with
visual embedding enhancement. CEENet extracts four parallel streams of features as contextual cues
for emotion recognition, namely background, body, face, and visual embeddings generated by a vi-
sion-language model, thereby enhancing the modeling of high-level emotional semantics. To achieve
efficient fusion of multi-source contextual features, a Multi-Stream Feature Attention module is de-
signed to dynamically adjust the weights of different contextual information through an adaptive at-
tention mechanism, thereby strengthening emotion-relevant cues while suppressing noise. In addi-
tion, to address the disentanglement of facial expression features, this paper proposes a facial expres-
sion embedding network with multi-scale feature enhancement and introduces an innovative
three-level data-augmentation-based triplet expression contrastive learning scheme. The proposed
method significantly improves the discriminability of expression embeddings. Experimental results
show that CEENet achieves a mean average precision of 34.15% and a classification accuracy of
88.25% on context-aware emotion recognition benchmarks such as Emotic and CAER-S, respec-
tively. Meanwhile, the facial expression embedding network developed in this study attains an ac-
curacy of 86.1% on the FEC benchmark, outperforming existing mainstream methods. Finally, abla-
tion studies further verify the effectiveness of the backbone network design, the fusion network
design, and the multi-level contrastive learning strategy in improving emotion recognition perfor-
mance.
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Figure 1. Process of the expression triplet’s contrastive learning
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Figure 2. Schematic diagram of the CEENet structure
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Figure 3. Schematic diagram of multi-stream feature attention module workflow
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Figure 4. Data augmentation strategies in triplet contrast learning
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I HEAS R AR VE 5 4% R AU HE AT N TRy, B = JndH N s S R, IEREAEIG S 7k
AEB . ATHT FEC BIEET MO A E K URL C&EM, HIEREREL G, L
127,238 Fk NG MG LL A 356,007 >=Judl, ML AIEEIEER 70%, TE/GELmRmgH, FRATHEH
'Original KRARFTE 5C HHHE L FIREMLE R .

4.2. SEIRLEYS

HAEALE: X Emotic 5 CAER-S 8 b i aEsk B F, A8 Al a4 v B 1) bbox 1 FAEHEAT N5
Y1, FRENAEXIREE, [ opencv X HHAT AR, #UTEG G AT KRR, SR AKX
BEG . HAk G EG 5 AR X R G E E 224 x 224 R KD, BARKGRHES 48 x 48 5 &
KN, BE BN LK PRI 5 2 b s S EER G0 vk, X TSRS X R4 FEC, 7EEIRICER
Bt (0 2 R FRIC d ok 3REL FEC BR R G . 78 = NSRBI a2 v, S BEEN G S8
—HEIE] 224 * 224 K/, FEORFE RGB il IEHE .

WARCE: Fra SRS scBlfE / Python, H: FaceNet 55 DenseNet [(J52Hl 5% | Pytorch JE AR HE
5.
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WSECE: 475 NVIDIA A800 GPU LIgAT AW FLHIFT A SL58, 8 W EAH [ i Bl LA R o)
Bl o RSN RE M — 80k . S iSRRI RN B, BARRENR: 1) /£ FEC 34k
£ LT B2 52505 batchsize W B N 128, IR 12 ANFEIR, £ SGD flifb g% B 2 1% 4 0.01,
HEWEN 0.9, FoIRMARERNRZ 1/4 FIER, SERE 5000 205 2 RN B3 DA sl 2
FaE s 2) 7E Emotic #¥E5E FRISLIR G —{EFHR/NA 32 (1) batchsize, IZRFEIRN 10 /> epoch, WE
Adam A2 2] 30N Se—4, AN INTEHCE IR R, BT —IRET I S R g AR, ) R
JR 56 0.9998 5. 3) 7E CAER-S F#l4E L RISLIR4i— 15 FHK/INJ9 1024 [ batchsize, YIZR¥EIRN 200 4>
epoch, ¥ E SGD AL II2E 2 H N 0.5, Sk BN 0.9, RN > AR L IERI .

4.3. ETIRERAISLH

W 1 por, BATCSE TSERTHIH 0 04E Emotic EIIZE R, BRI EIL T HA rpikh s &,
[F] I HEARAT 15 CEENet HI4E Rk A7 xf H. b Kosti 25 A\ [5]55 CAER-Net [28]3)1# F 7 & - &40 4wiD
4%, Ninh S AN[1210H 718 5 - Sk - 0 = gmhd a5 M4, RRLA 28108 Bk 58 S RHIEAS B
RIS 45 B, EmotionCLIP [24]HF 78 ik CLIP Filill 2t f ok 2 S BG s kot N 1
RSB FIAT%S . CLEF [35] M\ BRI SR HET A FE A1 5515 48 o o0 i) bR Sesgma e i $2 v bR SO 268031
RH . mCFA [36] WA 538 X & JI7E BN Gt & id B e - X2 R, BATR 7R 7E LR S
25 e T AL T A S KT

£ CAER-S ¥4 b 1)seaa 4t s 2 fron. CEENet [FIFEHUS 07 J& 17 51 I RSt o

Table 1. Comparison of metrics for various methods on the Emotic Benchmark

= 1. £757A7E Emotic EAEMNR L AYIEFRXTEE

K PRSI E(mAP)
CAER-Net [28] 0.2084
Kosti, Ronak, et al. [5] 0.2738
Ninh, Quoc-Bao, et al. [12] 0.2837
RRLA [29] 0.3241
EmotiCon [13] 0.3203
GCN-CNN [30] 0.2842
DVC-Net [31] 0.2996
EmotionCLIP [24] 0.3291
EMOTIC-Net + CLEF [35] 0.3167
mCFA [36] 0.2877
Kosti, Ronak, et al. (Reproduction) 0.2659
Ninh, Quoc-Bao, et al. (Reproduction) 0.2743
CEENet (Ours) 0.3415

Table 2. Comparison of metrics for various methods on the CAER-S Benchmark

= 2. BF5IETE CAER-S EEMNIK _EAYIEFRITEE

Tk TERH(%)
CAER-Net [28] 73.51
Kosti, Ronak, et al. [5] 74.48
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GCN-CNN [30] 77.02
SIB-Net [32] 74.56
MHCAN [33] 79.64
GRERN [34] 81.31
RRLA [29] 84.82
EMOTIC-Net + CLEF [35] 77.03
mCFA [36] 85.33

CEENet (Ours) 88.25

4.4. =ZTRIEXTELSLIE

AT T 1 E R AR FEC W4 ERGHERA, T 3ATCA 1 FEC Bl SAH tL R Rl — e sk,
PR BATR G BT C A 1 B IESREAT T I BAXFEE MEEN IYERE, [N 2 b A2 Bl FEC 4
e b R R HER . AR 3 TR, MEEN Refs A R i 2] BRI R IR IO = JeHEmi 2, RN e 4L
PEAE A Yol D B 3 AR VR BE T B AR DL T, RATA DT A AR FT LU 25 e 25 105 3%, XU Z) 70%
RIREA TG OL TR HER AR 2 86% LA 1, FE 70 ARBL T MEEN 248 DL K Ak J PO 5000 1 5 SR ) 2 156 1k
N R THRCR -

Table 3. Comparison of metrics for various methods on the FEC Benchmark

& 3. BJ3E7E FEC MK SR ERYIEARASEE

ok HERER (%)
AFFNet-CL-P (Original) 533
FECNet (Original) 81.8
FECNet 75.3
DLN (Original) 85.4
DLN 82.1
MEEN (Ours) 86.1

4.5. jHR4SELE
CEENet f)EF M4 12 M 5T AN A LR SCHRH g as a8, PRI 1 38R I He i i &% A RU1E
FATHAT T — R IV SE 5

Table 4. Ablation experiments for different context encoder configurations on the Emotic Benchmark

4. NE LT XXRER[ECELE Emotic FENIR _EAYIHRISLIE

ETFMLE(ETICRIF)RE
Test Set mAP
B Sk T RN
X X 0.2621
X X 0.1795
X V4 X 0.1695
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X X X v 0.3022
v 4 X X 0.2643
X v v X 0.1793
4 X v X 0.2664
4 X X v 0.3259
X 4 X v 0.3276
X X v v/ 0.3354
v v v X 0.2689
v v X v 0.3392
X v 4 v 0.3402
v X v v 0.3394
4 4 v v 0.3415

INEE 4 1) 15 21820010 5% T 7E Bl is3 % Backbone AL E F, CEENet & s2in gt R, 7 LIE B4
A ES AR AL R PERE AT G — E P iy, RIS R DT RN G i 258 AR A 26 E B8 0 o B A g A 25
FEAFRIDTRR, X H T A N G 5 25 R 08 B A LR Soh S A B I RARRAE DRI AE RE 1S 4R
AR R

Table 5. Ablation experiments for MFA module
5. Xt MFA 18R 0 HRL S0

FEFME(ETORF)BRE
Non-MFA MFA
HR Sk 17 MR
v X X 0.2676 0.2643
v v v X 0.2651 0.2689
v v 4 0.3368 0.3415
Table 6. Ablation experiments for data augmentation strategies in triplet contrast learning
6. I =FTAX LS 3 hURIEE 5 RAVHRISII
R HERIE (%)
E51 &2 E%3
X X X 82.5
v X X 83.7
v v X 84.6
v v v 86.1

5 il T BRCEUE H 2 R IETE B T B MFA 1500 T, CEENet J7VEMIZER, W LAE B 9fd 35
R, ZURHEE B 0 R & SR ST HE s o
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W 6 P, AWFIUE FEC HdfaSE Xt MEEN JTA F (R 400 08 5 S At AT T b Se 38 . A 4 173417
T H A 3G 55T 40 W S TNy 58 L B = MR H s s 5 4, H A R AT R, B A Y R S A e
RN KIHER LA LTr, UM T 3 U3 9 U H A 2 3 Bl o o 1A A 2k

MEEN 4 4% 5K L 1R 610357 2 2R B BA 1T 2 RO RAESE 5. Aok 7 Fos, AW FERRYE 2 RO 4
LI SR A7 T0 UL ST IR CRAE B IE R4 AE B BEE), 7E FEC B4 BT Rl sess, 45REM 2
FOTRHERY SR 235 5 o T RIS N MAERA L, [ concat 77 BT add Jr%e, BEMIPHET RIRE R 1
T HEE, HEERREEZ RS RBRESE, BILREEIRITRERA KRR,

Table 7. Ablation experiments for multi-scale feature enhancement of MEEN

%= 7. 3F MEEN % R~ 4HE1#E 58 55 Rt Stie

P 45 B B
- HEFHE (%)

Jrik T R R R Z R R AEAR % RT R fiE B
FECNet v X X 75.3
FECNet X v X 76.4
FECNet X X v 76.8

DLN v X X 82.1

DLN X v X 83.0

DLN X X v 83.3
MEEN v X X 83.2
MEEN X v X 85.3
MEEN X X v 86.1

5. &g

ASCAENG G PUN SR P S T —FhoRT R R SO 25 R I 4 CEENet, il 5| AR & T B
SCHIFZ AR E » RIS B0 2 5 R SORFAERR & WD Y 1 1 8 N SR . 21X A2, #1%F CEENet
HH BT PR R A RS BT P 2% i 1 B R IS MEEN, i 2 RO RS AEIE 5 DA 280 oot i
HESR S 0 B I T, B3R TR RMIEUE . CEENet £ bR SCIE 28 VR AH 50 (i R eIk o B A
TSRS BATH AR AE PN J7 A7 AE Ot 25 8], — 2 24 o P A i AR U R ) 1 SRS B
REIH BRI, AR DURRAE BRI s 46 kAT U2k R 2SR B SEER Tl
GRINA, RRNAFERFREURMELER . T2 TSRS LRI R REIT.

E&InE
B2 it P P R (B I H XTCX-KJ-2023-2-26.
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