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Abstract: Current large multimodal models (LMMs) are often constrained in Chinese dense text-image
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generation and understanding tasks by the scarcity of high-quality datasets that encompass complex layouts and
diverse fonts. To address this limitation, we introduced MojiTextCN, a large-scale, multi-scenario multimodal
dataset. Moving beyond conventional black-box API concatenation paradigms, we designed an automated data
construction pipeline that integrated generative large models with explicit Chinese typesetting rules. By adopting
a “synthetic + real” dual-track strategy, combining Vision-Language Models (VL.Ms) with automated
annotation techniques, and incorporating the Table of General Standard Chinese Characters for low-level glyph
hard-constraints and multi-stage verification, we effectively ensured glyph accuracy and layout consistency.
MojiTextCN comprised four complementary subsets: CleanChar (pure text, approximately 2.01 million
images), PicTextlLayout (image-text mixed layouts, approximately 419,000 images), SlideDoc (real-world
presentation slides, approximately 80,000 images), and SceneTextSynth (synthetic scene text), scaling up
to over 3 million images in total. To comprehensively validate the data quality, we proposed a multi-
dimensional cross-evaluation framework. In terms of textual legibility, OCR-based evaluations demonstrate
a Character Error Rate (CER) as low as 2.40% on the complex scene subset. Furthermore, models trained
on this dataset achieve a remarkably low CER of 0.37% in image super-resolution tasks, reinforcing the
necessity of constructing native Chinese corpora to bridge the domain distribution gap between Chinese and
English. Additionally, zero-shot layout evaluations leveraging large vision models yield a high score of 4. 27
Cout of 5.0). Our benchmarking results also reveal that current mainstream models still suffer from character
distortion and layout misalignment in long-text rendering and interleaved document generation tasks. Ulti-
mately, MojiTextCN provides a robust data foundation and evaluation benchmark for enhancing cross-modal
generation and understanding within complex Chinese contexts, offering significant value for both academic
research and practical applications.

Key words: multimodal dataset; Chinese text image; text generation; dense text; cross-modal learning
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AR 200RE B SC 7 A2 AT 55 R A AF e —E R R, 3%
PR FAF R BRI A | A B G L
S LA YL U 45 ]

3) STHESCR A A . AR ESCER RS,
IR PRRAE AT 55 MRS SR SR AR . 2%t
GURE R R IR 5 SCAA Jm B ik = 42 i — Bt
MELLSEBLSCT SRR IR bR . SRIM, foRT
(4 1 [ )3 AR AR LA 1207 [ U T R R
BN — e -1 5 2o 5 R PR L], 2
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TIREASAE — 2 R b 5 UFT 50 S5 SOAR X e
AL, SRR E B HEROL R 5 18 SO0 5%, 42
i 1 AR SR i L 1R AL

3.3 ETFOCRHBERXZEGREITEM

AR AT OCR #Y5E 2 PEAl 5 ok i i A
SRR B SR e SRR .l EasyOCR
55 InternVL3-8B" A AL 4351 Xof A= i EHE (g SCAR 3
FrR, LU IR A SCAYE SR GT #HA7EHXS, il
IR FAFRAR R (CER) . FARERZ(ACC) LK
H— b4t B (NEDD , PFAGAS RIS 787 F4F
H—FME N ES.

D PHb

TR (CER) : dniEIE B/ B4V,
FHF A 05 SO S GT Z A -2 22 R RERE

FARER A (ACC) : R U 45 5 b IE#
R, ACC=1—CER.

IH—Afb 4R (NED) : X} Levenshtein 251
TR IH— AL ], S WK 45 7 51 AR B

2) LW E

WAL B R B Moji TextCN Ay £~ A2 il 74,
{1 #& CleanChar, PicTextLayout DA f& SceneText-
Synth T4, A FEBEHLAMI 1000 5RFEA K
AT

3) PFARER

H1 2% 2 PG Z R T LB 2 CleanChar F4E1Y
BUNRCR AL, CER{UH 0. 94%, UEHASCTF M (45
F#LEL 3 Scene TextSynth ¥k 2 (CER 2. 67%) , A73{#
Fpde i n e 5 1 Pic TextLayout T4 /) CER AH X}
B (4.29%0) , X RT3 HE SO Y R SO R REAR
T, OCR YU IR BE R A BRI . BT =, ARl &
BRI R, BEAE A BU M SCAR NS

F 2 BT OCR WA RS FEUG AT BTG 45 21

Tab.2 Readability evaluation results the generated text images based

TextAtlas5M 5 4% SCH #E Y Moji TextCN #4711 4%,
B o I R 7 = R [ P e e R P
Fr— 200 8 2540 SN S8, ME—22 i 25
Bk . AR M RRE T Qwen2. 5-VL-7B LG 15
H R OCR S, IFHE 4R (CERD |
FAAER R (ACO) S H— b4 IE 2 (NED), DA%
R S AR S S T 5 T TR J T
o PEARSERANEE 3 AR 11 FR .
# 3 T Qwen2. 5-VL 8/ IR OCR ML BE A 25

Tab.3 Performance evaluation results of super-resolution image

OCR based on Qwen2. 5-VL

on OCR
T4 CER/% ACC/% NED/ %
CleanChar 0.94 99.06 95.33
PicTextlayout 4.29 95.71 95.76
SceneTextSynth 2.67 97.33 98.28

3.4 XFEBREBSESFHEENREIESSH

T BAIE Moji TextCN % 45 78 SC 7 UG 47
PR (STISROME S H AR, AT STISR-
TCDM HEZE | 3 518 I R AR B S S5 v B 9l 4

i A CER/%  ACC/% NED/%
R HERJEE (HR) 0.37 99.63 99.67
o PR A (LR) 11.03 88.97 90.53
BT EER (TextAtlas 5M) 33.09 66.91 65.67
T4 R (MojiTextCN) 0.37 99.63 99.67
RE RILE
=AMk
{58 &N
STISR-TCDM STISR-TCDM
( MojiTextCN ) ( textAtlas)
= A0 i
{5688 a8

P11 R TS5 s
Fig. 11  Example of the image super-resolution task

M3 3 AT LAE Hh, (M Al e i T, 26T
MojiTextCN Il Zk 4R 78 75 rp SO AR B R T
0. 377 FIBARFAHE IR R (CERD , IZARARIEE] T 5
19 0 FE AR ST CHRO AR SE B PR 0. 37000
ZERESE SRR, Moji TextCN HAg th (i R I
W B2 5 IR AR, BRSO T WA Y e K v
SEBL AR SO N R S AR A S 4 R S

HeAh, 5T G T 5T X R = R Y o
SCHE SO TR IR 4, ARSI AT AT iR
P Y KM SCR B TextAtlasSMAE N Z
MRIEZR . 45 R R, R TextAtlasSM HA &
A4 B SCRCHE Bt B, ELE T I g A B 7 vp S0
IS BRI E Bz ARG, H CER AR
Tk, BB 2 33.09% . X—IRHEZER T Hh3esC
TR S5 25 1) 3 A7 A 2 3% 1 s oy
i 28 5, EDAIE T 16 20 45 35 A i 4080k 2 Moji-
TextCN X HE % 14T X 52 2% rh S B8 1) R AR KL
PR A EE P MHE S B E X

Ly b ik 22 Y JE ) R B 23 5 S B B8 E W]
LA, Joi8 R K SCAS o PR L e | S8 SO Al



1A 111 o 302 5 SO PR B AR B s i i 22

B Moji TextCN BIM35 JI7 8k IR 345 9

Ja R, IR R R R T IL WL, 2R
Y A Rk BHLAT 24k rh SC 3 S AT T I 7 0 Bk R
Moji TextCN Kl £ 1E 2 41 X 33k L8 420 A5 1 44
A, 38 R BB Y SO AR SO KR S R 2
HERREEGI, oy Je SEAR ST ST SR 1 132 B i
il 5 % WA ST RE

3.5 X JF Chinese-CLIP { B A1E X3 F (g

J TR AL Moji TextCN B 8 v ol 3 4%
E 5 SCARBR 28 22 0] (1) 5 S S BT 3, AR S5 1A
T2 Chinese-CLIP (ViT-B-16) 45 #1524
R B IPEFEbR o AH HAT S0 ) JE 10 0]l 2
ali {e i SCAS N-gram [ UCECHE 45, CLIP B0 5 -
T S A 25 280 e 6% T U 2 U b AR AR B A 1
B TR SCRRE , A 255 il vh SCF AP B S 278
S R AE X FFXER . CLIP Score 18 1511754 & 3¢
X AE L 2B A S B P A a2 AR, B
% UL H 75 00 1 S e PR 9 255 4k SCAR 118 X
AR . A A MojiTextCN i 4 4~F4E iR 43 5] i3F
A7 T TCTs Il iy ¥ S AL A (R 2H N=1 000D, LA
TP PPAR 45 S Ge Tt 8 35 5 20 A 1 Te dm i

mE 4 Fs, BOREALNTFHE LRI T
o B X LA S A SO SR PERE . b, Scene-
TextSynth T4 545 1 0. 362 2 W dR =77 o
4 MojiTextCN Li[EFREFBHRAER I L—FXT L (CLIP Score)
Tab.4 Comparison of semantic consistency (CLIP Score) between

MojiTextCN and international benchmarks

i g VEIIE AN CLIP Score
CleanChar 0.346 7
PicTextlLayout 0.352 5
RF5E SceneTextSynth 0.362 2
SlideDoc 0.334 8
MojiTextCN (Overall) 0.349 1
MS-COCO (Val) 0.312 5
[El PR3 fE (baseline ) CC3M 0.2812
L.ATON-400M 0.278 4

X —RIE], A SCHE A & s | 5 7E b
PRAGZ 0 A SRTT S, NS T A v 2 1w L
() E SR, TR 2 i X2 RRGMEDT L 1 X6 17 1)
INBERHE, A7 R0RRE T A s e DL o ST
MG, WA, X THEMUER AR AR B E
(1) SlideDoc 4 , JSA8 H IR A & K 4R e i
KCAMZ 2R TR Gl F 2 FE L R L
R —EBRENYRED , {HH CLIP Score #5K
RN T 0. 334 8 KLEFLUE W B ZEA I & 2= A 1 SC
Hem7 5e T, A SCEARAE 0 SCR N 28 50 A1

Wil OCHRARIRAR B T AU R

LEA KA, T Chinese-CLIP By AL TEAL 45
HENIE T MojiTextCN A S KB Z2 85 25 i 1| 25
B 0 gl B ST AR . L R SCR R FR IR
WY, B SR TR s O 5F e ik ®] 1 Tk
0 PR AE, REME A Z R KIS 5 B A R I 2Rk
HEAR HANE Y | (RS 15 B S8, DT A 3L 2%
il N WA AU AR A 2 SOAS R AE W5 B AT 55 Th 2%
Gy IR L] e )

3.6 ETHRXESEENHFRITME

J T AH Y TAE G T I S aliis SURFIE YT
Hrigtn, #E—H1 1k Moji TextCN $idls 87 5 =4
5T IS F IR EE S A SR 5 B, ARSCHIAT
SEHE R AE T T R InternVL3-8B 1 W g B AL A
PREMES, SR VLM-as-a-Judge FURTHT AL T, B
D25 15 2SR N A1 S5 B CRP SO B R A F AR
SRR R D7 5 T SCFIE EE (RIS
RS 5T 5 FAAOR A ULED " A% 0GR, XTREHL
FEE 4 0004~ FEISCXTHETT 1. 0~5. 043 T E T 43,
ERWME S5 s, AlLLAH, CleanChar 5 Pic-
TextLayout FAAHEEE 4. 5, Sk A Y
AR R PR ELAR L T AR BEA AR
P F e SHE 2. Scene TextSynth 5 SlideDoc
TR CIE S P AR T4, 00, [k
MR SEE T 5 WA T, Akl
QARG A& N | AL RS Z R IT R UM A )y
A A AR =S 8], BT A 546 0 7 80 s T 491,
UEIAPES o0 A A O, BAAAE D AR FE AL
ARG, (A REBAEARTF 4. O LA B3, BX
P AR AR E AT EE
5 BT RAEA InternVL3-8B A Moji TextCN L5 5 45 J5)

Bt AL G
Tab.5 Quantitative evaluation of visual and layout quality on Moji-
TextCN based on InternV1.3-8B

Bl T4 HfE SRDASS
CleanChar 4.60 4.80
PicTextLayout 4.58 4.70
SceneTextSynth 3.98 3.80
SlideDoc 3.92 3.80
Overall 4.27 4.50

4 LLM A58 iEE R
4.1 GPTERTA

ARIGE R GPT-54 T SD3. 5 EMEA: /LY
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'\Ff :H}( rl f‘]‘}‘(‘ 4’:;[-“?#&)

ShErg bR i . B SR A R AR B P L
S BN KA SRS R R, RS R
K12 i, ATRVEH, GPT-5 4 il 4h R A7 4 7l
1, JISON#% 2L . UUID 4% 20 2L K prompt KU ) 1E
f, "L T R4 SD3. 541 .

~
GPT4o $iiH: -«

[«

<{"id": - "b6a934e4-36c2-4ff5-a40a-9b1b312fbc4d",*

"prompt" : *"A-lone-astronaut* walks* through-a- vast:
alien® desert'under* twin' suns,’ surrounded: by* towering*
crystal- monoliths- and- drifting- energy- dust, cinematic-
lighting-and-detailed ‘reflective-armor."«
<}l
14

LN J

K12 GPT-do 4 SD3. 54878 ) it 75 4l
Fig. 12 Example of GPT-40 generating prompts for SD3. 5

4.2 SD3.54%E w51

Y5 — BRI . — 24 I T 51 A T AE ZE AL
H RO Ty 22 bbb, R SEE s a8 nK
i LA RS I R AR, LA K HL SR R KT ARG
AN OGS, R SD3. 5 4R 4 GPT-5 A il 4
PR IR 58 MR A B, ani&l 13 BoR . WILVE
th, SD3. 54 B T HHARHAT S I E Ao

-

X} StableDiffusion-3.5 fj N\ : <« \
A: lone- astronaut walks: through- a- vast- alien- desert-

under twin* suns,” surrounded- by towering: crystal*

monoliths: and- drifting- energy- dust,” cinematic-

lighting -and-detailed ‘reflective -armor .4
Stable-Diffusion=3.5 i Hi: -«

B 13 SD3. 5 FIR A 73
Fig. 13 Example of SD3. 5 image generation

4.3 Qwen2.5-VL X =8 # X 15 bbox #7iE
AR Qwen2. 5-VL 85 8 HE 47 KGR 1,

RN 14 s, ATLLE Y, AR A i ah SRRy
[263, 350, 754, 56815 H by X I8k & 5 — 2, £

Qwen2. 5-VL RE S HER BRI 58 2 5 P B 95 18
S, IR RS B Y 28 AL AR AR 55

\
X Qwen2.5-VL #i N\ : -«
B F 5 —A noticeboard X35, - AT LLiEIRATE

Po—dyr, -RERAE—T . AEHHHAE
fATAZE, - AULEH[x1,7y1,%x2,y2]EI AT . «

Qwen2.5-VL #i i :
[263,350,754,568]«

\_

4
14 Qwen2. 5-VLARER
Fig. 14 Qwen2. 5-VL annotation example

4.4 Qwen2.5-VL B &R KRG

ASCHE SRR T Qwen2. 5-VL-7B X}
By AR R A SR, RN 15 R, ATUE
th, Qwen2. 5-VL i thh 1 %1 %t A B R (9 4 8
(Caption) , [FIMFEAT R SC T ISR NS

~

Just: describe- the:

Xt Qwen2.5-VL #iiN: <«

Please: describe- this- picture.-
background-of-the-picture.-Donot-describe-the-text-in-
the-picture.- Do not- output- other: content.- Just- output-

the-description-within-50-words.4

EMmss AT ELE il

AR EEaE |

Qwen2.5-VL #iith: -«
The* background: features' a* bright* yellow* central*

\panel'framed'by‘blue'and'red'geometriC'shapes.... 4 /

15 Qwen2. 5-VL EG A= 1]
Fig. 15 Qwen2. 5-VL image description example

4.5 CleanChar 7=l

A B CleanChar #£ B W& 16 Frzx, 1]
PUE A 55 T A [ B I Sl SR B o
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BLASHHE £ Moji TextCN ARy 72 (K65 11

A 512x512 text
image, font

h kaihualL.:
uan)?eslorrlt‘va aw ﬁ-&é i K

displaying the
word: fHAXRK'

PO A R R R KB TR
M1t k, KR4z Feyid,
FRIE X L AR B -
KANZEMZ QORISR T
VTR RS T RB I BT
LY, B Wik G RN 5
MPEBRNRRRH, 2Re-
BoxA 132 HERE & 40,

A 512x512 text
image, font
gkai0Omp,

displaying the
word: 'ENEE3E'

A 512x512 text image, font
JinNianYeYaoJiaYouYa, displaying
the sentence: "R ARIRIREZ M
BAORHMRFFIARIN T W3R, fEa=
EEAYE) bl EIX SR LISl DR

RS ERI=AIAELERHET,
B NERBHANGEE T BN IR,
ENMEXRIBTAAZRIEF BRI AR

B, (ER—EREREIRKN
N

PR

K16 CleanChar i %l
Fig. 16  CleanChar example

4.6 PicTextLayout ;=fj]

AR 3 A L PicTextLayout T8 H B A LR
PEI B SCRHEFEAR W 17 Fis . X SRz
B 1ML T B B i 3 A5 A [ K B2 A SC
Ao AifE L.

A 1024x1024 image depicting floating
orbital habitat, terraforming drones,
digital painting, containing the body

text \"IXEEXT JEAE NS o [N RRAT P59

BB, Pt RREMINE LR .

REPAGE
' :

BRI, o2 PR 4L
&, \" located at [15,116,950,907],
with an image region
[497,243,1009,755], rendered in
MaoKenWangXingYuan.

[ 17  PicTextLayout f4i][&
Fig. 17 PicTextlLayout example

4.7 SlideDoc 7=

SlideDoc F 8o AR EHEMLINT B FEA
K18 B, AT LA H X s 5 55 1 A7 S e
FEEIESCEL T UAKSE

111 B2l

The background of the image is a textured, crumpled paper with a light gray color.

The text is rendered: ‘B2 /£ 3% S A IRREARIN £ — s 4ifh, D —miblikin gt

WD B — R sl E—MEE, AEARERREREE. AR

23] IPAR AL —IRIG, WA, WARIRE . BIRAEK R

B3ROy, RATRERECRI Y AT 2 UCRIRT, S R 2

LRI TR R & AN ARES, T RN MRS 4 BARISREET,
TATRBEREE.

[%] 18  SlideDoc #il[&l
Fig. 18 SlideDoc example

4.8 SceneTextSynth 74

SceneTextSynth F4EH H AR MRS
SEEAME 19 fron . ATLLE W, A SCH
Qwen2. 5-VL X R w4l v G 5 (A K47 1
HEARTE , FE L SR b X ik — &R 43 54l i) =
£ bbox . FAFFIRIEAT T HERR T

A 1024x1024 image with background
'The background is a plain, dark green
wall with no visible decorations or
patterns. The lighting is soft and even,
creating a minimalist and clean
aesthetic.', containing the text \"iff 7T 4t
B B L ERAR R (K RO 3 36 TLAE
BORAT R M, 5% H 2 ] ORI
BT K T B RAR bk 1 257 2 A
B R, \" at [213,299,830,635],
dered in King Maiyuan-II-

Regular.

R SFRE 2R BB
AR BERBEREARN,REEXF
WERIAF ST G RRAR

R B AP EB RIS,

E 19  SceneTextSynth fil &
Fig. 19 SceneTextSynth example chart

5 wiSRE

ARSCH IR T — N ] Hh 2 5t S A
SUAR UG S TR 2 RSB AE Moji TextCN,,
BEXT A SRR 2 2 b SCHERR S 2R b R A A 1
(R B, ARBIFSE R FH B S LRSS &7 B AL
T, B T T TR L 1A 2 8 A4 IR SCse i
B ) PSR S5 RRRRE . AT PTAl
SRR, R YA ER SRS K- S
R F IR T iE25, (R AR A 38 SR SO i R L
Y 552 R AR s SRS A AT 55 T A AE — RE R PR, T
AR SCHR H Y Moji TextCN =5 1 Hh S8 8 SCAR %
SR R, A R AU S PRI R A T
TS . B AR A AR B TR T
FFUICOCR) | SR MG A= 1 M B A2 0] 57 45 il
RS I MERE, (R Bt R SR R 7R 55 22
TS T B 52 LR TSRS T B S

A R I I Moji TextCN 14 1% 7 8 5 #%
RS, LS R X5 B T AR R ) £
P SIEBCR . R, AR50 A BUE S
FEH . HEENTXFERR, DR ESEE
SCREESE . BLAh, a5 A B S 5 3 A
FEURE T 4540 518 ORI bRTE , Sk —2 42
TEEE S 7E 52 ZR R BE R A RAERE J1, DT N SCAY
P55 A B 5 B L BEORS A 1) DT S

F #% i1 22 7= BA/Conflict of Interests

A AR T AN AE R 4 12K
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