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Abstract: Textbook Visual Question Answering is a multi-modal task in the field of smart education that requires a deep understand-
ing of textbook images, text, and questions to infer the correct answers. However, existing generic Visual Question Answering meth-
ods perform poorly in this task. The main reasons are as follows: Firstly, these methods can only simply recognize object attributes,
lack disciplinary information, and are susceptible to interference from redundant information unrelated to the questions. Secondly,
they struggle to capture key information in the texts. To solve these problems, a textbook visual question-answering method based on
image description enhancement is proposed, which mainly includes three modules: (1) Text encoding and understanding: Utilizing
large language models to extract keywords from questions and retrieve relevant statements in the text related to the question key-

words to enhance text understanding and eliminate interference from redundant informations. (2) Image encoding and description:
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Employing a question-image attention mechanism in image descriptions to generate fine-grained image description statements con-

strained by questions based on question keywords, thereby enhancing image understanding ability. (3) Answer prediction: using a

pre-trained visual-language model to fuse text information with visual information to improve the model's reasoning ability. Experi-

mental results on relevant datasets demonstrate that the proposed method effectively improves the understanding of textbook infor-

mation, thereby enhancing answer prediction accuracy. The accuracy of the test set and the verification set was improved by 1.82%

and 1.72%, respectively.

Key words: visual question answering; intelligent education; image caption; image-text comprehension enhancement

0 5%

b 42K AE B AL IR M A X%, B EHF X
RN T g AFHE BB HFEN
HHHFRETFERIE W, S T HEIE L
e A E RS,

B A 5E 0] 25T 55 (Textbook Question
Answering, TQA ) "' 28 2 # & Gk ) — W £
BESAT 55, 5 SRR 78 70 B ER L 1R 3C L IW]
R HI AT S0 ) REAE SR T8 T 1) 2 (Vi
sual Question Answering, VQA ) “** Iff 5% yu 0% .
FURT, VQA 258 T IR JE 5 > J7 ik, i VISU-
ABERT "' il VILBERT ( Vision-and-I.anguage
BERT )"/ 4% o 5K i 26 J7 2% 76 1 FH 400 3 7 £
VQA AL 55 b (X EHME T Bk A2 B 55
7 2R M Y ) ) SR IAE =, B 7E TQA L PERE
B2E, FEFEHE: (D TQAES H W 4%, X
AE5ER¥HEGFEENERME R, BRBIR A

A R SO IR RE T 5 (2) VQAE 5 1Y
AT B — M Hpp K, 0 TQA AL AL 5 [
R, A R Y A R A G AR BV R
B T B A BT 0 R SO O B A B
e MR 1R, ERI0]5EA[L]
A0 TR A TOU S T R A 0 AN TR B Y N TR R
(H5 O FNZT {2) , SCAS Passage #f 43- i ids 1 5 w25
AH OG0 Py B AR AR R A R B R/ INR
P RE R A S, IF 45 & Passage i i (1 RE
P D 3 i AT IR S0 38 T B i 5 4 2 )
HIE A S .

H Tl A 58 31 BG4 3R 10 7 38 FH 450 48
(1) VQA 155 H LS B A 1 (8] S0 38 B, AH A X1
AT 55 1) MG Al B B8 X L g R i Bl 2
R SRR L m M A TR R . R An ] A 2R 2
BEEIR 35 L TQA 55 1) BUE Sl il 475 2 — > 4k
o DEAh , B AT F 32 TQA 55 K SOAR G st
15 BIF A7 B SCUE Bl A 2 5 oh— 4 Bk .

R BABAL R ST

Table 1 Example of textbook visual question answer
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Choose the correct statement about [0] and [1] based on the above information.

A. [0] will repel, [1] will attract; B. [0] will attract, [1] will repel; C. both [0Jand [1] will attract; D. both [0] and [1] will repel

Consider two cars carrying large magnets on top of them as per [0] and [1]. Red indicates north pole whereas blue indicates south
pole. When you place the north pole of one magnet near the south pole of another magnet, they are attracted to one another. When

you place like poles of two magnets near each other, they repel.
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Fig. 2 Image description module
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Table 6 Examples of sample analysis

FIRD) [AIE(Q)

EUZHHIR(C)

TEIR(A) TINAZR(P)

Which of the following is a
correct pair of balanced
forces for a rescue helicop-

ter?

A picture of a helicopter with four

directions, lift \drag .gravity . fric- C

AL lift and thrust
B. drag and gravity
C. lift and gravity

tion o )
D. friction and gravity
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Continued Table 6 Examples of sample analysis
EEE30) [ME(Q) R HR(C) PEI(A) TR 5 (P)
b
arawnin ' o A. Ribs move inside.
Which of the following is ) )
Blemaves A diagram of the structure of the B. Diaphragm moves up
not correct about Exhala- . A
- human body C. Air is drawn out
tion?
29 D. Ribs move outside.
movER o
¢
' A. d(W)>>d(B)
Based on [0]. which of the
o . . L B. d(W)<<(B)
following is true for densi- Image of a container containing liq- C. d(W)=(B) B
ty of water d(W) and densi- uids of different densities h
) D. Cannot be answered
ty of Lego brick d(B)?
from [0]
[0]:the image describes about Lasa-
A HI—I—1I—1V
Choose the correct order  gna ersatz potatoes that are cooked
. B. III—-II—I—-1V
of the events I to IV above in the oven at the restaurant. D
I [13:The k dis] V. I—1I—1IV—I
to prepare Lasagna. J s lasagna,
prepart gna ' e key w9r 1'9 asagna, an DIV Tl T
image of a dish in an oven.
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