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Multimodal smart classroom topic segmentation

HAO Yuze',ZHOU Bin",HU Bo’
(1 College of Computer Science, South-Central Minzu University, Wuhan 430074, China; 2 Wuhan Dongxin Tongbang
Information Technology Co. Ltd, Wuhan 430074, China)

Abstract In smart classroom environments, topic segmentation of instructional videos is of great significance for
improving teaching analysis and content organization efficiency. However, existing topic segmentation methods face
challenges in smart classroom scenarios, including high error rates in Automatic Speech Recognition (ASR) transcription
and incoherent classroom content, leading to poor segmentation performance. To address these challenges, a multimodal
smart classroom topic segmentation model is proposed. The model firstly uses ASR to obtain speech transcription text,
while designing a novel dynamic OCR recognition and similarity detection de-duplication algorithm to extract textual
information from video frames, effectively reducing redundant frame processing. Subsequently, ASR text and OCR text are
fed into text encoders for encoding, and a multimodal attention mechanism is employed to fuse features from both
modalities. Finally, topic boundary prediction is performed through BiLSTM and MLP networks. Experimental results
demonstrate that the proposed solution method outperforms baseline methods in terms of accuracy and scalability in the
smart classroom domain. Meanwhile, the proposed dynamic OCR recognition and similarity detection de-duplication
algorithm reduces the model’s processing time, meeting the requirements of real-world applications.
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Fig. 1 Example of a smart classroom

BER E R ERAH T B R
S, A B T BETE A5 RN AR AR T TR B A
T T Bl O RN 27 1 B 5 50 A 3R R 0 1 R A N
A OHEEERNE, B E T 20 NS )
W, A TR L G AN R F
SRR SCAR 25 8 1 20000 77, Jo i i B R A F K
R v A IR R A7 S A B, R B R A
R4y BRI S SOAR A B G B, 2R —
B EETT L AR5 0 )X R g 245 PRA T SCAR i 22, 3 m]
X R DR PN 25 A TR A TR AT R NS TR A L UL
Hh IR HE DT N T DA B AL T R A4
i SCHF A B T HGHEE 7 MR ER T A A
B R4 | [A] A B T4 B R 2 R s b 1 R iR
%GB dT) .

F 4y E ] 8 E RS H SR 1 S AL B (Natural

Language Processing, NLP )03 B ity P o5 [n] 7, 3 %L
ARG SCAR FE R0 BRI 3 7351 A8 SCAS 3203
FIRIETE Hh , BRAE B T e B A 0 3 B o 5 SCA
AL BRCAR 2R SCAS A 32 0 3R 7 ok #f W 3 A S
50 W B TR D A T A 2 FR AR A
S o B ] UK SR SR B i SR BT A
I IR B R R AR L R B 2R A
A3 o 570 2k i 7 A Y (Pre-trained Language
Models, PLMs) FI{E R HURA i E B 4 b 1T ik
A, A B T S T AR A HE AT

U BEAE RIS G A SOA i B R A T
SRR, g 1 AL IR B (HX 28 B4 22
FHAR )11 1R SO, AT 2O TR i
SCRY B A A AT 55 A R R A L 7R R
ARG A3 ) _EORE T RE B 22 Y I I ] DA



182 g RO 4l CFL ARl

545 4

T — SOR AR FEAT T UBLVE 43 B B A 75 A
TEIEZ JRIR .

TER S B 7 R rh 32 SR XSk
B3 G I, ASUR FH I 225 D7 T B M €0, 45 6 T AL i
AR 3 B T vk i I A AU I TR b ) I TR]
AR, AT 52 Sk /8 5 ih Bt A 553k /5t
HIHE O], 8 B PR A 0 31 A A 55 5E 22 G
TERLA 5 A R S, A — s S22 1k
F—BC A0 LR RS FRUE AR T E R E
TR SR AL S T S v, AL A A 2 —
B B I ATY SR AR A AL . IR A, 22 05 1 WAL 43 5
12 K 22 A P AE 5 78 AR T M A R R 0 A
A AL ) 3K B i R R E T AR AR AL B
SR, L AT DA W B R v 2 > fEL [ IRl sk S A
DO IR SN 21 F o R R T S EA G U E R a2 St
1B SR AR ) RIS M 2 R RS

B B TR, AR SCHR T — TR A A
B T FIRRL R LK XS SR TR &
W S SCAS R AL B ot 22 1k O 77 7 47 IR 1 (Optical
Character Recognition, OCR) &b ¥ J5 15 21| (1) A1 i 3C
AN A X0 B AR IR i 1R A
RE , PR Ay SCAS VRIS 79 B AR AT LA 4 T b S Bt
AR S REAH ST SO [ R T 3 24
OCR THU!| 5 R b1 B2 4G I 25 | 3006, AT 25 BRITT AR
T, P BA SCBEE ML, £ R AL A PR B, fifi A 2SS il
BALE B I AL R PRSI AT 2SR
JZ (AR o AR B 5 e s SUAR R BN 1
a7 A Rl T 2 DAL AR 8 J7 XA R0 8 5 SCAC A
WBEAR T . AR AR A A R SR B 4R I
WNZRFIIA SR A 3 ) s

1 ZESEBREETIASFRE

1.1 [EREX

32 B L TP 28 I 24 ) SCAR 3 R W ik
HJR &, AR SO SR 8 FIVE P AR e 4R
%5, LLid oF ASR 5% 545 2 1) SCARAE M AR ad B
— R BRI HCF AL T (1) ASR §% 5815 3|
B — ZR B4 B () 91 BB (%) SCAS |, (2) — R A A 1 ] 2
B AR T . 5 A% 298 SRS 32 A B AS R 9 2 L 15 48 3C
F 32 53 F 0 e/ N TR S S i ) AR SR R Y
YA TR ekt Y ASR e SR A 37 ) SCARAE A e /N ERLTT
XA/ NIRRT & — D E ) BRIt R

JINETF B B sSREIEE AR (Voice Activity Detection,
VAD) B PIHI 458, B RE DA M 75 1) 38 3 vh
e o7 HE T BTG s R SRS R T R S R A Y
Fafdt i , A SO R B PR A b iy ASR (E BhiE & R 51)
B S SCAR RN 7y S ph A7 BT AT AL AR R A
Hh, P A 23 3% DT AR IR A [R) R AL X
BE N ZE N NS 5 F L F AR TS TR, i T
ASR % 53¢ J 1 4 37 BT SCASE T8 T [l — YR A
TE DA 22 05 % 176 18 B R s s SR ASR % 5%
J& AR S SCAAE Sy fe /N BT, A Bl TR (R F
gk .

BRI AL B9 T2 ) E AR — BRI H
Xf IO Y ASR T 7 55 SCAS 3] 43 S o S AR ST
19 B, A P B 5 7 T ) e s SO AR AR
BN . N T SEI U B BE , AR SO AT 55 e
AR % SCAR K X oy AW AR 1 — 4 2K i) R . R A iy
B o B SR SO T — > R AR 2, RN X
AR AT R EEB AT, BRI A Bevk i i s
—/n) L 3E Ry, A RBAS A RS0 ) R B
P& 1 A R HER PR RS
1.1.1 BAHmA

158 R 4y A AL 5 WAV I ASR B 5 SCAR T, =
{510 800 830 005 5, A SRS SCAS BT BRI 1] 1245
HCE] 5 80 (b, e,), (bases), (byses)s o, (byye,)],
7] B s A 35 WA X, = { oy, 25, 205 -0, o, ) FITERAS 0T
oo, ELA B[R] ¢, B R ms.

1.1.2 AR d

BB o — RIFRZEY =y, 0y 0 7 b
Hopy, e— A b HIME , T RRSOR s, 2/ N
— AN U I G TR S OSUAR TS 1 FROR
HH L4 SCAS 5 4080 30880l B i S e, 45 U Ry 0. 465
RURTT SN f fg — )0 ARy, , RO AR E
BRI RIE B R E A I ESE T 1, R
Ja—BREE .

1.2 HREEZ

A SO H Y 223 T R G R O T 0 2
- A 2 (] 2) , HAHE 2R 5 TextSeg ™ HHL . ‘& H
A o 2 i 45 00 9 A 2 4H A2 B R S04 5 )=
(Contextual Encoder) Fl I~ T 3C f# 53 )22 (Contextual
Decoder). [F] B k1 it SCAS 1A it A5 =2 6) A5 784 ) it
0B 1) A T, A b S Ain 5 A i 38 S S A 4
1Y OCR J7 ¥ A1 Z2 B35 1 5 L (1 2 vh i 22 300
BII)Z) X AT LK Z i B S i HEZR Y e 2]



TEFE, 5 2R

SRR T E 183

ZRAS , B AE RS T 8 i 5 SO 5 MU T i) B AN
SUAF R I3 2 B AR v R AL B 5 U B
PUNBE J7 5 [ B 348 ] DU e S0 1Y 2 B S rp A%
G507 s L A B AR BT T , A XA B
N2 (CAN#ERAS PPT 0L 1)) 417 5 8, REO TR RCRK

T TUAY WAL BEAS 2 B R B AR TE OGS0 A
LS VRN 7/

AR SORETY 2 205 e S MU A D A, I
ST AT 3R B B R RHE SR A O LA
LA WL 2.

001001
T
Bi-LSTM+MLP
y > 5 * N
00000000000
00000000000 | b
TXERNZ
*
...’...
Text Encoder BERT
+ 000000
-
T Text Encoder BERT
MR (OCR) I
1 ;
B ASOCRU N L5 AR ARSI 2%
/ N\
;I Mi-1] 412] [ =] 41| i Token Embeddings
| i
E [B1-1] [B1=2] [ -+ | BI-] i Segment Embeddings
1
' %
i\ Cl-1 (€12 [ =+ | [€l=n | Position Embeddings
L /
X
X Sl Sz S3 M Ss Ss
MU ASREG A
€2 ZRUESE S R FIBORAESE
Fig. 2 Multimodal smart classroom topic segmentation model
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