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(a) Image generation and editing benchmarks (b) Text rendering benchmarks
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K 1: Qwen-Image exhibits strong general capabilities in both image generation and editing, while demonstrating

exceptional capability in text rendering, especially Chinese.
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Meet Quen-Image —

a powerful image
foundation mode| capable
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& 2: Showcase of Qwen-Image in complex text rendering, including multi-line layouts, paragraph-level seman-
tics, and fine-grained details. Qwen-Image supports both alphabetic languages (e.g., English) and logographic

languages (e.g., Chinese) with high fidelity
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3: Showcase of Qwen-Image in general image generation, supporting diverse artistic styles.
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& 4: Showcase of Qwen-Image in general image editing, including style transfer, text editing, background change,
object addition, removal, and replacement, pose manipulation, and more.
N =1 f— N A N
Quen-Image (£ EHGARIR LIS, WHRIRITE, ORGSR, 1REN, MBI, BIRSTEHE
RSTRIEE,
5



& 5: Showcase of Qwen-Image in general image understanding tasks, including detection, segmentation, depth/-

canny estimation, novel view synthesis, and super resolution—tasks that can all be viewed as specialized forms of
image editing.
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B 6: Overview of the Qwen-Image architecture.

It adopts a standard double-stream MMDiT architecture
The input representations are provided by a frozen Qwen2.5-VL and a VAE encoder.

The model employs RM-
SNorm (Zhang & Sennrich, 2019) for QK-Norm, while all other normalization layers use LayerNorm. Additionally
we design a new positional encoding scheme, MSRoPE (Multimodal Scalable RoPE), to jointly encode positional
information for both ima,ge (111(1 text modalities.
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System Prompt for T2I task

<[|im__start|>system

Describe the image by detailing the color, quantity, text, shape, size, texture, spatial relationships of
the objects and background: <|im_end|>

<[|im__start|>user

<|user__text|><|im_end|>

<|im_ start|>assistant

7: System prompt for Text-to-Image generation task, where <|user_text|> is the user input prompt.
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* 1 Configuration of Qwen-Image architecture.
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& 8: Comparison of different image-text joint positional encoding strategies. We design the Multimodal Scalable
RoPE (MSRoPE) strategy, which starts encoding from the image center and positions textual encodings along
the diagonal of the grid, enabling better image resolution scaling and improved text-image alignment.

RG-SO & B B R IR L, Tl BRI BSAT & RoPE (MSROPE) il ML
THEGwE, KSRGS MR L r, S SEAT A BB 0 R G IR BGHE ) SOAR- [ 1B 55

3 B

Data

3.1 Bkl
Data Collection

We systematically collected and annotated billions of image-text pairs to support the training of our image
generation model. Rather than focusing solely on the scale of raw dataset, we prioritize data quality and balanced
data distribution, aiming to construct a well-balanced and representative dataset that closely mirrors real-world
scenarios. As illustrated in Figure 9, the dataset is organized into four primary domains: Nature, Design, People

and Synthetic Data.

PANRGHUBERFIPRIE T BN ESON, SR EBGA BRI, BATA ORI EME,
LS B R PR EEE 2, EEME— Dl AR EBES, RHERES 5, WE 9
FlioR, BB NPYD FEEL: Nature, Design, People I Synthetic Datao

Among these categories, Nature category constitutes the largest proportion, accounting for approximately
55% of the dataset. This category includes diverse subcategories such as Objects, Landscape, Cityscape, Plants,
Animals, Indoor, and Food categories. Additionally, content that does not clearly belong to the People or Design
categories is also classified under Nature category. This broad, general-purpose category serves as a crucial

foundation for improving the model’s ability to generate realistic and diverse natural images.

Hrf, Nature KAl G tbiRK, LEBIBER 55%, %FEHIEFHE Objects, Landscape. Cityscape.
Plants, Animals, Indoor 1 Food &35, IttAh, AAMHE T People B Design KA A
9 Nature 2Kl IX—HIZ @SR DT AR sl SERI Z A4 L B ARG RIRE I B90E T B LA,

The second largest category is the Design category, comprising around 27% of the dataset. It primarily
includes structured visual content such as Posters, User Interfaces, and Presentation Slides, as well as various
forms of art including paintings, sculptures, art crafts, and digital arts. These types of data often contain rich
textual elements, complex layouts, and design-specific visual semantics. This category is particularly important

for enhancing the model’s capabilities in following intricate prompts about artistic styles, text rendering, and

12
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B 9: Overview of Data Collection. The dataset includes four main categories: Nature (general-purpose gen-
eration), People (human-centric generation), Design (artistic styles, text rendering, and complex layouts), and

Synthetic Data (text rendering enhancement). Our collection strategy balances diversity and quality while train-
ing, ensuring broad coverage and high-fidelity annotations to support robust model training.

HHRBCERM Y, FUREE SN FERA: Nature CERAAR) . People (PAANNHLAIAERL) . Design
(RIS, SCRTERFNE Z:A0)7) 1 Synthetic Data CCARTERIIR) . WERRISTEIIZRISRR D P 2 4%
VEfnpTR, TR STEE AN E SR E, RS RS ZRR ST,

layout design.

B RBHNE Design KA, 29 HEIREN 27%, EEFIHE Posters, User Interfaces Fl1 Presentation
Slides SFLEMMUMHNE, DIRAHE, M, TZRMBFIREZMZIRNEA, FEEEEFUSFE
HISCATER, BRI RN THRA B BEE X o 2RI B s 2R XS, SORTE RN 7 %1t
FHEIMERIA ERYRE ) EREE,

Next, the People category makes up about 13% of the dataset, encompassing subcategories such as Portrait,
Sports, and Human Activities. It comprises a wide range of human-related images, including Portrait, Sports,
Activities, and so on. This category is essential for improving the model’s ability to generate realistic and diverse

human images, to ensure satisfactory user experiences and practical applicability.

HIR, People K32 HEHEER 13%, GG Portrait, Sports 1 Human Activities FF125, ®&
TREANEHERXMEIE, U0 Portrait. Sports. Activities 5, ZRFINAR T4 SR E S HZ LAY
EURIRE I RS, BROR A A0 1 2 R S i A (B

Finally, the Synthetic Data category accounts for approximately 5% of the dataset. It is important to clarify
that the synthetic data discussed here does not include images generated by other Al models, but rather data
synthesized through controlled text rendering techniques (described in §§ 3.4). This excludes images synthesized
by other AI models, which often introduce significant risks such as visual artifacts, text distortions, biases, and
hallucinations. We adopt a conservative stance toward such data, as training on low-fidelity or misleading images

may weaken the model’s generalization capabilities and undermine its reliability.

BJ&, Synthetic Data ZRHIZTEHBHRERN) 5%, FEEHHE, HATHEH SRR G H A AT
RRAUE AR, TR AR RSO TE REOR G IR (FEDL §§ 3.4) 0 IXHERR 7 HHAM AT BRALS
FRATE R, EAVEESIAMBE ., XAKA, WMEMZWEFEARNIR, FAITHXIEESEREBUEESE,
EONFER AR E SR SR Rk EISSERIAZ (L RE IR AT SR 1,
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B 10: Overview of the multi-stage data filtering pipeline. Our filtering strategy consists of seven sequential
stages (S1-S7), each targeting specific aspects of data quality, alignment, and diversity. From initial pre-training
data curation to high-resolution refinement and multi-scale training, the pipeline progressively improves dataset
quality while maintaining semantic richness and distributional stability.

Z W BB I IR TR M S, RIS B AT R B (S1-S7), BANH BN R R, A%
FEVERORFE 7. MATIR TR ZR BT R = o R R AR 2 R IR, VKBTS i,
AN RS B MR AR E 1

3.2 BEIE

Data Filtering

To curate high-quality training data throughout the iterative development of our image generation model,
we propose a multi-stage filtering pipeline comprising seven sequential stages, as depicted in Figure 10. These
stages are progressively applied throughout the training process, with data distributions continuously refined over
time. Notably, synthetic data are introduced from Stage 4, when the foundational model has reached a certain

level of stability. The following section presents a comprehensive description of each stage.

NTEENG A AL RIE RO R AR R P & B )| 2R 8fE, ORI T ' & TR B 2 [ ER
HIGRKER, W0 Figure 10 iR, IXEMBAENZRIRETIZS M, Bs 2 mBEn ARl i, ESE
B2, MBTEL 4 THG5INEREYE, BRI EIRE—E AR, DURET RN IR & D
B

BBt 1: #IGmiNE P (Stage 1: Initial Pre-training Data Curation) At this carly stage the
model is trained on images resized to 256p (256x256 pixels with various aspect ratios including 1:1, 2:3, 3:2,
3:4, 4:3, 9:16, 16:9, 1:3 and 3:1). To improve data quality, a series of filters are applied to remove low-quality
or irrelevant images. The Broken Files Filter identifies and discards corrupted or partially damaged files (e.g.,
truncated images), many of which are also associated with abnormally small file sizes, as detected by the File
Size Filter. The Resolution Filter removes images with original resolutions below 256p. The Deduplication Filter
eliminates duplicate or near-duplicate image-text pairs. Furthermore, the NSFW Filter is applied to exclude

content containing sexual, violent, or other offensive material.

1EIX— AR B, BIRIEHEE A/ INE 256p MR LIIIZR (256x256 12, TEmEmELERE 1:1, 2:3, 3:2,
3:4, 4:3, 9:16, 16:9, 1:3 fl 3:1), MARAFIERE, NMH RIS IERBEREEESRICEEE, Broken
Files Filter IRAIH EFHIASE 0 A S (Qn#EmEG) , EPiF 2 U FEES T /NI SR,
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i File Size Filter ¥:ill, Resolution Filter B FRIFIA T HERILT 256p HIEE, Deduplication Filter JHBER
BEETMEENES, h, N NSFW Filter DAHERREEAE. 28 H M EIEHENENEE,

BBt 2: BB RENE5E (Stage 2: Image Quality Enhancement)

11

B AU RGOSR R E R B, Rotation Filter FFREA I BhHeik stBIH A G, |
EXIF JTHE{ER, Clarity Filter ZFEMBRERIER, WRMREEWSFIER, Luma Filter H
PRid R SO RE R IR, T Saturation Filter {HBREUEIEMIEA B @ATEIG, XiEHRHALE
R AE SRR AT, K4, Entropy Filter WAIFFREEREEN T (KA EIE, 85 RN ATEHEL )
DRER D IMBEN R, BRI5, N Texture Filter ZFEEEE TEAMENR, XEEGIE T 5 WA KARE
SRR, Figure 11 R TR Bl A R FELEIS I8 R 1 AR

BBz 3: BISONFFs (Stage 3: Image-Text Alignment Improvement)

Bai %%, 2025

Yang . 2022 Tschannen %, 2025

T B R SO SORIEIR 5 M NI 550 9 FRTISREHE 7010, IR RR SCASR IR EiE 5
TR =A split: Raw Caption Split. Recaption Split #1 Fused Caption Splite Raw Caption Split L5
SR AL AHEIR SO DU R 460 5 UG SRER TT B (AR BARSS ) o BRI UBTEIA A R RES | MRS, {H
CAEBTHRAS R G SO AR SR, RIS AR (YRR, shiE 1P) AYEZRTE,
XRAG BAE B AR AR E R F1EE S, Recaption Split HERFEIE Qwen-VL Captioner (Bai
& 2025) FRRAIHTIASCARARL, FRALE BRI S APRTE, BT ERRRE, FHARRRE 1P #haEiE
iR, Fused Caption Split &5 & JHRIATIIA AR S BRIA SR, $2 4018 AR RIRRR &,
L0 XS 55, FATMA T Chinese CLIP (Yang 5%, 2022) Filter 1 SigLIP 2 (Tschannen 5§, 2025)
Filter #F& Raw Caption Split FIANIEECHTEISON . tE4k, KA Token Length Filter 7HFRIS K AR L
A, Invalid Caption Filter ZFHF A& 5 NAIASCA, 417 Sorry, I cannot provide a caption for this
image.”s

BBt 4: CATEYHSE (Stage 4: Text Rendering Enhancement)
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& 11: Examples of some filtering operators used in our pipeline. Extreme values in these operators often indicate
atypical or low-quality images. For instance, images with excessively high Luma score typically contain large areas
of white or overexposed regions.

VIR o Y SEBE o B, 3K BT AR 6 A T BB SR (RBR RIS, BIA0, Luma 53
o e EMEOE B B S RVE I 3 o R X IR,

3.4

% B R O AR EUG P TE SR IRE ST, IXN AR S AR EENEG R CEE, ik, &
ITHRIE B N SR INAZETERIE 5 NEHRSEHIT 72, B, KEMEE 3 IEHESE S IPUAS split: English
Split. Chinese Split, Other Language Split 1 Non-Text Split, PAFILREARIFIES 5 5 NAEHEIIZ,
RN FRE. IREE S MRS, ARG BSCARTEREE, XEHEEH §§ 3.4
FRIRISRIE A, A, N A Intensive Text Filter 1 Small Character Filter FFR BA i B2 £ g
INSEARIIEG, ROIX ARG G AR E BoE DATEME S,

BBt 5: EaPeeiEdift (Stage 5: High-Resolution Refinement)

B, AN EEI DL 640p D FRRIIZRENS, FEREHE — PRI EHR SR DA CR = BT AN B
M Image Quality Filter {HFREA ML E, AR, BRI E46 005725 R fE I E 4, Resolution
Filter HI{RFTE BGETERIRPERZER, M Aesthetic Filter HEFRAFEI SIS | 182 EG, &%
J&, Abnormal Element Filter BFRELE/KED, 46D, ZA0s LA REME R TT 2 EE,

16



BB 6: 23513915 N\ PHioa (Stage 6: Category Balance and Portrait Augmentation)

18T 4 B B8 R o A e R IR RIS, B B ROR BRSO o 2 O = A TR
General, Portrait, Text Rendering, DARMFIIZRHEETRAINEFIIM, RAE T IR RNEG
K RAN BRI T A N AR, RERETERNNE SR, it — PRI i b &
NIEGRIGES, TATTE M People ZKAITRRELEAY, REMOMNANER, RJEERE KT
SR DRI NPIRFE AR (AN R E, ARIEFARES) DARE R, M ESFE FoTR, X—TEE1E
IR E BRI R AR e S ERBERE ), N SN I8 a0 bR & A T S 2 s B R, e
TEERSRA R R i RAS R R AL B\ P AR I O B A1

B 7: ¥t R EE Ik (Stage 7: Balanced Multi-Scale Training)

Miller, 1995

fERIGIEL, BIUAE 640p M1 1328p D PERAEG EEREIZR, ™HEIE 1328p R HER T
REBIRIRIFHHI SR . AR @ IIGRRERIF RIS RIRE 16, BATRT T RIUERIEIB 2
A%, 3 WordNet (Miller, 1995) WIHERNE%. BB 6 HIFTE BEBARIEX — 2P0 R RET R,
BALEBIN, BAOMXRE TR EREGATE B, AN, RALT IR E RIS P & & SORTE R
B, fRORSRERIRKE A, XREIH 2 REZIZRERIIRENS (R 1S S RIBA RN, 1EIE N H
ren TR N RN R CRASE SR, AT TR0 25 e T AN B

3.3 Bk

HHRARIE KR SRR RNA A AR (0 Qwen2.5-VL) AR TR EIGHNA, F R CHEE
BIRPERN B R AR S5 L TR,
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Qwen-Image Annotation Prompt

# Image Annotator
You are a professional image annotator. Please complete the following tasks based on the input

## Step 1: Create Image Caption

1. Write the caption using natural, descriptive text without structured formats or rich text.
2. Enrich caption details by including: object attributes, vision relations between objects, ap
environmental details.

3. Identify the text visible in the image, without translation or explanation, and highlight
it in the caption with quotation marks.

3. Maintain authenticity and accuracy, avoid generalizations.

## Step 2: Image Quality Assessment

1. Image Type Identification: Return the image type based on its source and usage.
2. Image Style Identification: Return the image style based on its overall visual characteristi
3. Watermark Detection: Detect watermarks in the image. Return the detected watermarks in a 1ig
4. Abnormal Element Detection: Check if any elements affect viewing, such as QR codes or mosaig

## Sample Output Format

json
{
"Caption": "...",
"Image Type": "...",
"Image Style": "...",
"Watermark List": [],
"Abnormal Element": "yes/no",
}
Kl 12: Example of the annotation prompt used in Qwen-Image.
Qwen-Tmage H{& FH BUFRIESE R AR B,
12

BATET HIPRIEMESCRE F R 2L BRI TR R G — BT, #8025 el A N R A B P9 A 5 PAZEHE 1L
%30 (N JSON) BRI R, REATAN BN, BRKR, EH R A WA RIZE T IE %40
ANFRSA, MREL, KHE, KENMFAE, FHITR (N 4EMeiimil S285w) SFR R EGEEN S5
ferg st X —77 R 7RG EIGIRTE, — R E G RRMESHAOoT8dE (W Figure 12
FIR) o PREERUKEIRH N ERE AT R, AT TRESS A BRI R R 1T JC 75 O S M Bl A P 2D
B KB AT, BATESKANAIRES L ZNFIR B LB okt — ik, AT
IKENRUERI A A I 8 S5 R 355

BUATTS, BAIRUKGA MRS BB TR MM, SR PEEREH, NIRRT 5
A [ A A R B i X S LA

3.4 BHEAKR

18
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Pure Rendering in Simple Backgrounds

“hAEmTRE LM, crm— Pt;le-deﬁned Templates WP HFELE LR, A On a dark green background,
?ﬁﬂiﬂﬁl‘ﬁliéﬁ, fﬁEEﬂ* emplate: 3} 2 ’té,»ﬂ . HLHEAH#" ,1:' ;},% displaying white text "t
M8 TEERE BE On a <background_color> background, 1) ; “a s B ) ARTRE LE, WHEG LS,
ST ;ggElﬁsz I displaying <word_color> text "<word>". ‘ Y%J £ 1% Ml, 2 4};\ 784 # ﬁtﬂEH*’E‘]%fl‘ﬂZ@Wﬁ E.‘f@%
R EY REEE Template2 . X RE DG FEY, NHT, XHBERMOEY,
kb LI S The background  is <background_color>, and the a4 S AR T R T BHBRRRIBRTRT . "
BRIETRT <word_colors handwritten text is "<words". KA ERBIIRTRT o

Compositional Rendering in Contextual Scenes

= In the center-left of the image, there
is a crumpled piece of paper with
“I love 3 the handwritten message in black
‘ ink: "l love you too." The

you too” Qwen-VL
Captioner

background shows an outdoor scene
with a green lawn and a gray, cloudy
sky, as if it's about to rain.

Complex Rendering in Structured Frames

@ rmnm @ v ERTBE T REE X RS . £
= = g ENEBATE, % L AIE NN
: @ EHMARS + - & B mEFh SERER, AN LB TARANES

= @ EHEARE B BRES, EARRARANT R
Corpus + & B AN SR @ wEsbk g e rintEe B8
LN Qwen-VL O B memEE e wTs LA WOBES .
& mimAnS Captioner ® moiRRE g SERRA

B 13: Overview of Data Synthesis. We designed three rendering strategies—Pure Rendering, Compositional
Rendering , and Complex Rendering —to generate text-only data, text-in-context data, and complex-layout data,
respectively.

HlE & i, FATH T =ME R —4l7E 4 (Pure Rendering) \ A ETER (Compositional
f}%c%g%ring) FIEZ%ER (Complex Rendering) — 70 AIlH T A RAESCARAE, SO RS8R 26 AT
H, o

EESSHAEIGH, CANBERIKED M, TENTHEFER TIES, REFRFHIIRRR,
PUREE B AR BRI SCAR & AR RSB ZRIN W IX L85 B /A 72 i ik, RO X —BRERIEHE S
ARIERIEZ LS R RSN, TAHEL T2 BRI BB E K. ZimK&ER T =
ME ARG 4785 (Pure Rendering) . #HATER (Compositional Rendering) FIEZJER: (Complex
Rendering), 75 5RM&HELH AN A R R,

BT R FIAEY (Pure Rendering in Simple Backgrounds)

X — RN GRERLR GBI BRTRF ASSRIPSCFRY) RERA TR, SORBIE MR
R RIERVE IR, SRS REREREI TS R L, R IERIEE A ) B SN AR
FMRIER, OWBACR PR S BAEA, RA AR BTRAZHINIH]: N REBE PEMFAFRIRS] A ay
MIETEREER) TCIRTER, B DBEHER, XTI IR (RS 72 2 E AN TEM 2 BRI AR
PMANGRERESE, MWMIEFRPSCRTER PR SR A,

TR P ATEY (Compositional Rendering in Contextual Scenes)
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X — R U R A A IR B S EE =, BUUEAE B SRR, SORBARILIN 5 7E8L
ENTEARGK BN SE 2R BREE A |, RIS TCSE & B AL R =BG A DI BIE SR, B,
IRM Qwen-VL Captioner N&FNGE G REHA SR, FPRSOR S H A B TR 2 [RIFYHE 575
Fo R—TTIERIBIRTT T RAIE H S = B A AR B RETT

SERE B S 241 S (Complex Rendering in Structured Templates)

NARTHBRAAT I N AT = U A R B AR EE ARSI R AT RE T, AR T 5 T WiE SOt (4
PowerPoint ZJXT el M SRR T2 (b gm Y & BORMG, 1B T 2R T UINRT RS0k B s
A AATSOR,  RINRFHREE, XA R s R, IX G BURBI T3 B B A T K =
TISORTESRE, KBS AT R SR R 5 B A fl A TR AIE 2 B R E

Bz, BANRIEHE S RAEZR RGN B R BRSSO N AR IR PR, @S
—AEANTESERNS, AESRA e H AR LRI ZREUE, R RS S ORTE SR S5 PRI &R,
A e o 2 B B HE A TSR TE SR IR RE T

4 g
4.1 Tl

Liu . 2022; Esser 2. 2024
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BATRA R ICHEC SR EARTNIZR Qwen-Tmage, JEIEHE M5 7772 (ODE) fRIUFESIFEM, FIN4E
MTERRIARBE IR, B L, & xo NEARGREERG. BERR 2 B0 Bwige (VAE) 4itd
7 &R xo MATHRADIRE], Bz = E(x), EF £ x> 2o #H, MREZICIESD AR RAERALIE S
M xp, Blx ~N(0,1), NTHFPRA S (IR E XA AR RS BGIHSE), 5I1SEBIERR h
M MLLM ¢ 3K1F, Bl h = ¢(S), HF ¢: S — ho MM, M logit-IEZ/H 0 HERAEY BN RIS ¢, Wi
t €[0,1)o MRIBEIER (Rectified Flow) (Liu 5, 2022; Esser 5, 2024), W[AIZ t A RIEEE &
HOM R o AT

dx; . (2)
Ut — = X0 — X1

{xt =txo+(1—t)xq
Tt

ARG, BRBIZRTN B AREEE, $RRRECE TR fo(x, t) 5EEEE o Z RIS TIR
7% (MSE):
L= (xmmpry i [0 (e t, 1) — 0], (4)

HA vy (xq, t, h) BREBFMENERE, D FoRlgEHEE,

4.1.1 EPE- R HER

NWORRME GPU &8 RS EMEEMIIGEEN, BAITRMA Ray (Moritz 3%, 2018) JE&HIA
FrE-HIRE SR, REEEFUCE SR SR, IR SR N B P i R0a 1T, AT ShAS BT
fEEEmARETIIZ, 2B H, FRIBERIG-ARER & SERIETUE SCHIbRE B G PR NE 1)
HATIEIE. A RIBUREREE A MLLM %Y (40 Qwen2.5 VL) fil VAE ZiBBUBERR, HJEER
TR A BAE DOR YT R F AR, H ORI =R BRI, (7 28 BERS L RIZREKT 7T
TER. B BHESH RS 2 RINEREERARERN HTTP (MZESE, %2R SR M [ 545
THEVUEERFER RPC B, HREEEIE GPU BHRER L, LTITHTEIIZ, @idRATH R
BUEIEEIA 5, [HEE T R AR TR B IR TIZR MMDIT B3, MMDIT 2%d% 4 BikEH
TR AEREYN G L, SN TARD R BRI PUC BT RO, T BB R —2
RACATHEE S — N4,

4.1.2 g

YT Qwen-Image BRI SEIBR A, HMHEH FSDP (Zhao &, 2023) & LSRRI A G4
GPU, Kk, FAIFIH Megatron-LM (Shoeybi %, 2019; Korthikanti 2§, 2023) A TIIZ5H R H PA R
fk.:

RAIFITRME (Hybrid Parallelism Strategy)

Ihttps://github.com/NVIDIA/TransformerEngine
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BATRAES TR, SGa8dEitTMmKEIT, asothy ERK GPU & LRYIZR, B,
FSEP sk E AT, FRAMER Transformer-Engine JFE2HY % MMDIT Y ERFEARF K EIITE Z A
HATICAER A ah I, 1EAh, BN ZSkEEREIH, RAFSKIEAT T FRARIE20 FE (S 4.

A AR BRI K A 55 (Distributed Optimizer and Activation Checkpointing)

NER GPU PEETT, BATRRZE T 2 RS AIIERE o SR TSR 2 U R AR 7R
5 AKEITT AT, RIMERIZEE, STEX LR £ 256 20PFREIGBIEE N, BISKE SR
D 11.3% WFF (M 71GB &% 63GB/GPU), (HEIEAFENIEM 3.75 £5 (M 2s E 7.55), ZZEHIE,
BV HAEIERE A, (VH e es. YRR, all-gather R bfloat16, ¥ reduce-scatter
float32, FRBEMEBUEREE M

4.1.3 ERRMG

BAERAZ W BIZRoRNE, iR P R EdEE, e PERMEAIMNRE, £ ARIZRE
B, BRSO ZRSRNS AL SRR, X I ZR SRS 512840 -

SPERE . MK PR30 P8% (Enhancing Resolution: From Low Resolution to High Resolution)

RIEIE D LRI 3. 2R E LA, MHIED PR 256 %256 18R (RIEZNHE LA 1:1,
2:3. 3:2. 34, 4:3, 9:16, 16:9, 1:3 Hl 3:1) FG, REEMNEF] 640x640 4R, /5T 1328x1328 43,
BTSRRI PR, BURERITE B 2 A RHIE, PR EIIRCR, EEERER REE TN AR K
Rz, BN, MRS HERIEF T RGIS 1E 2) 5 0 R BRI, AT RE IR BIAE AR SO A R 1 S 4015

AL FEG: DWNEXFEHE LT (Integrating Textual Rendering: From Non-text to Text)

NROEH AL BRSO A IR DA I S B P AR EREA - (R 1) 1Y
A, BATBRLSIANEEBINEBRE R ERERSCORITEG, RIS RS Bl =R,
JEERISSORTESERE o

BEB R . MWRHIBEHESIRGIEEDE (Refining Data Quality: From Massive Data to Refined Data)

’https://github.com/NVIDIA/TransformerEngine
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FRIZRAI,  FATTRI R MU R B (ERR S A vE A i RE 1. BEE ISR RE, BB HTR A
SRS AR DR DA = TR U, e TR (R CR OUR Y B AR S A s R AR A, JETTT
RUEVIZRBCR AR AP RE

B A . MAS 58 E# (Balancing Data Distribution: From Unbalanced to Balanced)

RS RS, TADED - FHTEERETUM B G D PR i LRI ELBI, R 7 AR
R GUSE D PRI LS XS, 75 ] RERY 35 A K B AR R R IR B AP AV R BRI, JEIS S
BN AG, TAMERE 712 NI PR ARz L,

BB PR M ELEE ]S B PE (Augmenting with Synthetic Data: From Real-World Data
to Synthetic Data)

FEefdm oA (AL 3 AU B S R BRI S R E ) EEIHIREPRE TR EE
STERERKL, MO, FLEmEPRESIREEAR AR S MZIR, AR, BARMALEE S RER
AN FEREA, T E BRI O AL G SRR 2 . SR RIS T TR AR 2
RIS R IERE,

4.2 JEilgR

AN Qwen-Image IFIIGHEZR, BLERDITE:: IWEMIE (SFT) MisE{L ¥ > (RL) (Kaelbling
2 1996),

4.2.1 WEHMA (SFT)

1€ SFT B E%, BT TIE X R ZRHA IR, FHRAAEII N AR R AR ELA
B TG, BATESRERERGEW. AT0EE. RESLEERMAERER, WHESES SHEE
A R B B E R RS AT AT N A
4.2.2 58fk¥3 (RL)

Rafailov . 2023
Shao %, 2024
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BATR AR FE SR SR BRmir it (DPO) (Rafailov 5%, 2023) FIZHAEN SRS AL
(GRPO) (Shao %§, 2024), DPO fEHKIRILAL (B4)) fELfmir @il HitB &k, m GRPO TEVIZRNHA
1T RIS RAEFF P RN PS50, N7 R B Selmtr 2 ST AT RIS, FATRA DPO #
AR R RI S, 3% GRPO R B T/ NSRS L STRE (L. AR ELEATIEANE B R S

(A) EfEwmeriit (DPO)

sy (Data Preparation)

X DPO llgRdlE, SEMFETER, FHARBBEVIOIGE R T ERZ KER, N AR RS 3
FOR NI IR R EMRZNE B, Bl hmizk: 55% (@) BEXRBITER, IS
FREGEHTER. N TAESHREGREE, RERECEERRNEE S5SFHT IR, WRFEREER,
PE R R ZEA AN N PHEEREAR, X TS HEBIITIR, SR RHESRAEE R E & ik
PR AR, BfE A A el R R N R

Bi% (Algorithm)

2 Wallace %
2024

BTESORBRIRAS by BOEFIVAEREIG (SEBARHERIG) <V FIBHELNAERREIR xlov*, TRAITREE
FRIZG ¢ ~ (0,1) DIMAGIEHNTBFEAE & x i 1 xlose Je H ROEEE ot Fl vlose, $H8HHE 2, G, %2
ZHTTAERER (Wallace 5%, 2024), FATETIILECYIZAEN#E DPO Hin, HA[RAWT:

Diffpriy = (o0 (xi™ I £) = 0[5 = [[ow (x4 1) = 21 ;)

Diff,of = <Hvref(x§“i”,h, £) — 002 — || orer (315, B, £) — vi"seui)

(5)

7

;CDPO = 71Eh,(x6"i”,x605”)ND, tNZ/{(O,l) [loga( - ﬁ (Dlﬁpollcy - Dlﬁref)>

Hrp Diffpolicy 1 Differ 29I ZF R RSB S E RN ARG E R, p BENSE, () XR
sigmoid FR%L,

(B) dliTMRIgiE (GRPO)

¥k (Algorithm)
Liu %, 2025a
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{EME P DPO YIS, FRATHIE Flow-GRPO (Liu %5, 2025a) MEALEFTIE— S IOARENIS%, D
SORKARAS b, PR 41 G KIS {x)}C , RICERBE {x, xh |, ., ¥ }C . TEMLIN, (i

BRI AT RN« ‘
(xo,h) mean({R(xq, h) 1G:1)

A = : ,
' std({R(x,h)}% )

Hr R BREMER, GRPO MIIIZRE RN :

LGRPO (9) ]EhN'D,{xi xé) ’G 1~y

1T1

GZ L (min(r(©) A, clip(r}(6), 1= €1+ €)4) = BDic (ol ) )

[

. i i,h
;B\:EF‘ 1’;(9 — p9(x[__1|xt )

)

(7)

REEPUL {x, ., xh}E | ~ mp I, WMICECRAES dxy = vdt GREETTHE 2), Hd o = vp(xy, t,h)
SETNEEE, (EHCRAERIE SR, NETHRR, Wik, AR RS RIR BRI 2 7712

(SDE) iHERPASIAEZ RN, SDE RAEELERIE N:
2
dx; = <Ut + %(Xt + (1 — t)?]t)> dt 4+ ordw,

Hrf oy FORBEALIERIIERE, SR Euler-Maruyama BHEUE, FATEE]

2

o
Xepar = Xt + [vg(xt, t,h)+ T

9

BATH LR TR TR RS, 7588 (9) FPEY KL BUZ A] DORTG A 2

At (o(1—1)  1)\?
DKL<n9||mef>:( d >+m) [op (et £, 1) = vrer (o, £, 1) -

2 2t
4.3 25
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Tt (2 + (1 - )op(xe, t,m)} At + oA,



MMDiT Block !
MMDiT Block : F_
; Il?ll ll?ll i o (,‘o:\ —
I Patchify Patchify E : -
Qwen2.5 VL ¢ ---->%<— I : 50,0y
Noise : o
() ) () % VAE % VAE : N cat
o B e |
E = & = Wi &G o g g g 2 ! e
1

Input Image  User Prompt

Target Image Input Image

14: Overview of the Image Editing (TI2I) task. Left: Illustration of the TI2I task training input format. The
user prompt is “Turn into realistic style” in English. Right: The corresponding modification to MSRoPE for TI2I,
where a new dimension (frame) is introduced to distinguish between the images before and after editing.

I (T120) (E55HEN, 2208 TI21 (E55 I ZR AR REE, PR A0 Turn into realistic
style”s AE: TI21 XM MSRoPE &2, SIAMHI4ERE (W) PAX 734w EEai eI E B,

BG5S ARG en

<[|im_ start|>system

Describe the key features of the input image (color, shape, size, texture, objects, background), then
explain how the user’s text instruction should alter or modify the image. Generate a new image that
meets the user’s requirements while maintaining consistency with the original input where appropriate.
<|im__end|>

<|im__start|>user

<|vision start|><|user_image|><|vision end|><|user_text|><|im end|>

<[|im_ start|>assistant

& 15: System prompt for Image Editing (TI2I) task, where <|user_image|> is the user input image and
<|user__text|> is the user input plompt

%@éﬁiﬁ (TI2D EFSRGHDR, HA <|user_image|> ZHFBIAER, <|user_text|> ZMHFHIA

FRCARFNEIG (T21) ARk, FAY AR IR R 2 S BG4 LSS, HEESCARTEGEm A,
BIEE TIPS EIGHE (Wang &, 2025), HIlA G (Wang 4, 2024b) PAKIRELG T (Bochkovskii
& 2024) FHEHNEESS. BAT X ERIXEAL SN EGRETS. T Qwen2.5-VL B6ES], K
mﬂ’\J*Ei"éJEéEEZ%IEl{%@)\. MH PR AL UG R B AL E BE T B Transformer (VIT) 4ifi%)5
XA WRIEPHE, TEREATI. BATE TE 15 FoRRGETRR, A EUIGHSCARIEE A
R4 Qwen-Image MMDIT B AR,

Labs %, 2025

14

ROCHT LAERIE R (Labs 5%, 2025), ZLAEUERA TREA VAE IRAABI T IRIFFIFRIZ = — 80, 3K
IEREABEIBRE) VAE G iEE RN B BIGR, HPPI4ER R H SR BRI RN IHE, R
RERBIX 7> Z 9K &8, BATIY /- MSRoPE FH5I ABUIMIMIEERE, hn_t AT 0 5 E B A R ALE A 5
B (WA 14 AT . SRR, Ak E MLLM RIS R NS IR AHE S EIERE S, 15|
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' Text-to-Image Model Elo Leaderboard

Task: Text to Image Generation

Rark s Model Crastar > O G
1 imsmaUmapmiewosts  Googe wse o x
2 Seedreamso Bytoance w0 e x
3 Qwen-Image Alibaba 10,791 v
4 oTimage1bion opent o8 e x
5 AvKener Bk rorst s w0 s x
6 eoaramso deogam o0 a0 x
(a) Front end of AT Arena platform (b) Text-to-Image Elo Leaderboard
Al Arena V-G HIH{H NAR|EG Elo HEATH

&l 16: Comparison of Qwen-Image and leading closed-source APIs on the AI Arena platform. Users can compare
images generated by two anonymous models based on the prompt and choose which one is better, both are good,
or both are bad. ELo Leaderboard is powered by Qwen3-Coder (Qwen, 2025) from chat.qwen.ai.

Qwen-Image 5 EFATR API 1E Al Arena “F-& LR b, B 0] PAE T4/ 18] PR 9 FE A2 A58 A B
1%3 %{%ﬂﬂﬁgﬁ\ﬁﬁt\ W EBEF BN MBS A EF > Elo HEf TR H chat.qwen.ai B Qwen3-Coder (Qwen,
2025 5],

NERY VAE NP5 7 BRI RRHILGE CREER 5 P 3R B R RI25H — B RIRE ST,

51 ANTLIEM

Elo & Sloan. 2008 16

ML Qwen-Tmage FIBAEBAKEEN), HSRITERIAIR APL BATEIX L, FADFER T
AT Arena?, —PETF Elo TF RS (Elo & Sloan, 2008) FIFFHEEHEE&, WA 16 Fir.

Al Arena 2—NAF, SISHIITHGEGF6, BRI, RIBEHEREM MR R R 2RI
ARRENR, DAEATT RIS AT O e, AP SRR E LR, 45 REH Elo BIREH T
NFIEERHE TS, TERE. BIRER A P e RETPERIUMERE, FATR LT T4 5000 N2FHER
W, EEXR, WS, SRS 2L, 85 TR ARETILAY 200 2HIFN RS S,

3https://aiarena.alibaba-inc.com
“https://aiarena.alibaba-inc.com
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AT Arena MEAIAMRITIR, AEIAERA] S EARBRIFXS L, RK, GRS E = G A it
— Y REIS RS ERULS, WEGGE, XARBIEW, ORI EGEER, 767
PR ERRSZ EARIE,  FFRIEIE SRR BRI H PRI E I 8O

Google, 2025 Gao %, 2025 OpenAl, 2025
Labs %, 2025 Ideogram, 2025

BADERE T AN BRITIEIATR APL fEARFIAYH Qwen-Image B34 % F: Imagen 4 Ultra Preview
0606 (Google, 2025), Seedream 3.0 (Gao 5%, 2025), GPT Image 1 [High] (OpenAl, 2025), FLUX.1 Kontext
[Pro] (Labs %, 2025) I Ideogram 3.0 (Ideogram, 2025), €5 N1k, BMERIE S5/ 10000 R
ez, WRERPEIMATERR R 2. B IEEIRZEUATIR APT ARERTSE ISR SO R, BT THERR T
W R ASOCARIITETRIA,  PAGRFENS ERES R 2 W

16

4 Figure 16 7R, Qwen-Image {ENME—RFIRENRAE SRR, 1E AL Arena FHE#E =, BA
Qwen-Image ¥&/5 TW5EH Imagen 4 Ultra Preview 0606 £ 30 ) Elo 77, {HHHEL GPT Image 1 [High]
fl FLUX.1 Kontext [Pro] F4Y | BRI 30 1 Elo 7HEZFH M, IXLELRIESL T Qwen-Image
B MRKAFREGA S, I R#E. BIRER PR TR PERERT T2 A SE A

5.2 EREGR

T 2E GBI R R A BRE )1, FRATESETE §§ 5.2.1 iR & HAE VAE SHEPIIMERE, DUB
R R ESR, BATTHE— P SR AR BT 55 B3 TIRAS, BUFE §§ 5.2.2 ARSI FE
% (T21) 1 §§ 5.2.3 FAVEIGYREE (TI21), PAVRMOMBEYELA AR BRE 1 Y R TH P,

5.2.1 VAE SaRE

BlackForest
2024 Agarwal 5§, 2025 Esser 3§, 2024
Wan . 2025 Kong 5, 2024

Deng 5, 2009
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% 2: Quantitative Evaluation results of VAE.
VAE W& & ITfh4s

K | SEE B4 28k | Imagenet_256x256 Text_ 2563256

| Enc  Dec Enc Dec | PSNR(T) SSIM(T) PSNR(f) SSIM(T)
Wan2.1-VAE (Wan 2, 2025) 54M  73M  19M 25M | 31.29 0.8870 26.77 0.9386
Hunyuan-VAE (Kong %, 2024) 100M 146M 34M 50M | 33.21 0.9143 32.83 0.9773
FLUX-VAE (BlackForest, 2024) 34M  50M  34M  50M | 32.84 0.9155 32.65 0.9792
Cosmos-CI-VAE (Agarwal %, 2025) | 31M  46M  31M  46M | 32.23 0.9010 30.62 0.9664
SD-3.5-VAE (Esser %, 2024) 34M  50M 34M  50M | 31.22 0.8839 29.93 0.9658
Qwen-Image-VAE | 54M  73M  19M 25M | 33.42 0.9159 36.63 0.9839

BATE RIS T TR ARG tokenizer, REIEESMELL (PSNR) MR LGS (SSIM)
RIPEEELR, IR VAE #DA 8x8 EAERIZIT, BIEEELEE Y 16, EFERENZ, FLUX-
VAE (BlackForest, 2024), Cosmos-CI-VAE (Agarwal 5§, 2025) fll SD-3.5-VAE (Esser 5§, 2024) 2%
tokenizer, T Wan2.1-VAE (Wan %, 2025). Hunyuan-VAE (Kong %%, 2024) I Qwen-Image-VAE /2%
B EBHAN tokenizere NAFER, FAHREHEBAIEGESE (WK 2 HHI Tmage Params”), KBk
BRI 3D BB NENR 2D B, #HSCHTH TAE, FAFE ImageNet-1k (Deng 5, 2009) JiE
5 EBL 256x256 0 HERBEATIEAL, DAPEIGE A MERE, vt — SIS/ NSORIERGE S, BATIEAEAF]
WESCAFETERVE LTI, 2 MSCAKRIE (PDF, PPT ZJAT R, BRFIEHSCR) MITES,
FHREEUERSE, FRA1EH float32 XFTH tokenizer ATIEM, WK 2 FI/R, Qwen-Image-VAE TEFTH
PG EAR LEORE] T RS R R RE, (ESTERZE, AHEGE, Qwen-Image-VAE 1E4A5 a1
fE/ 19M 24, (e dsh i 25M 28, (EEREEREMITH R 2 MBS & LT,

5.2.2  SURZ|E Gk ERE

Hu %, 2024b Ghosh %, 2023
Chang 5§, 2025 Wei 5, 2025

Du %, 2025

Geng %, 2025

FATMBIN A E TS Qwen-Tmage TEXCAF|EG (T21) £55 EAITERE: 18 A4 ARRE /I HISCARTE GERE
Tlo AT IPALRRY A @ AR OMERE,  BRATTTE S AT AT F RS B EATIPE—DPG (Hu 4§, 2024b).
GenEval (Ghosh 5%, 2023), OnelG-Bench (Chang 5%, 2025) f1 TIIF (Wei 5§, 2025), JXLEH: k2 mHif &
THEBN SRS RIAE R SRR, 18X —BEGRRE S, N — P ISR SORTE SR T, FAT10 Al
ARSI SR BRI PERE, AN T oSSOARTESR:, BATMEAH CVTG-2K (Du 5%, 2025) B, %
BT TR TIPS TE RSSO RT3, 9 T RO SOCARTE R Z AR A A AR, FRATT5 A
T—"4420 ChineseWord FUBTHEIE, HTIHEBATE R SCFERTHIGE S, HFATTREN RGTHIITIRAL K
RTEGMERE, BEAN, T2 Qwen-Tmage ERATERKSCARIIAES], FRATTE LongText-Bench (Geng
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5F, 2025) bRHT TR, BRI IR S SO A SR SR RITE R RE

% 3 Quantitative evaluation results on DPG (Hu %, 2024b).

DPG LHJEREHESER,
Biry | &R R @ kRF{R Hith | B
SD v1.5 (Rombach %, 2021) 74.63 74.23 75.39 73.49 67.81 | 63.18
PixArt-a (Chen 5§, 2024c) 74.97 79.32 78.60 82.57 76.96 | T71.11
Lumina-Next (Zhuo 5%, 2024) 82.82 88.65 86.44 80.53 81.82 | 74.63
SDXL (Podell %, 2023) 83.27 82.43 80.91 86.76 80.41 | 74.65
Playground v2.5 (Li &, 2024a) 83.06 82.59 81.20 84.08 83.50 | 75.47
Hunyuan-DiT (Li 5%, 2024b) 84.59 80.59 88.01 74.36 86.41 | T78.87
Janus (Wu %, 2025a) 82.33 87.38 87.70 85.46 86.41 | 79.68
PixArt-X (Chen %, 2024b) 86.89 82.89 88.94 86.59 87.68 | 80.54
Emu3-Gen (Wang %, 2024a) 85.21 86.68 86.84 90.22 83.15 | 80.60
Janus-Pro-1B (Chen %, 2025b) 87.58 88.63 88.17 8898 88.30 | 82.63
DALL-E 3 (OpenAl, 2023) 90.97 89.61 88.39 90.58 89.83 | 83.50
FLUX.1 [Dev] (BlackForest, 2024) 74.35 90.00 88.96 90.87 88.33 | 83.84
SD3 Medium (Esser %, 2024) 87.90 91.01 88.83 80.70 88.68 | 84.08
Janus-Pro-7B (Chen &, 2025b) 86.90 88.90 89.40 89.32 89.48 | 84.19
HiDream-I1-Full (Cai 5, 2025) 76.44 90.22 89.48 93.74 91.83 | 85.89
Lumina-Image 2.0 (Qin 5§, 2025) - 91.97 90.20 94.85 - 87.20
Seedream 3.0 (Gao 5§, 2025) 94.31 92.65 91.36 92.78 88.24 | 88.27
GPT Image 1 [High] (OpenAl, 2025) | 88.89 88.94 89.84 92.63 90.96 | 85.15
Qwen-Image | 91.32 91.56 92.02 94.31 92.73 | 88.32

DPG 3 Hu . 2024b

* 3 R TAE DPG (Hu 5%, 2024b) EEPERER b, 1ZEEMER 1K DNMEESERIAHER, REW%N R
TG AN F 75 A TARR DAL, BUA |, Qwen-Image B i &R 77, RIAHMBATERIAEEIERE N,
A2, Qwen-Image TEMFRED K@ MM T I RUSRR TR TR BLtH G, LT R HoAh LA,

GenEval 4 Ghosh %, 2023

Gao &, 2025 OpenAl, 2025

R 4 JB/R THE GenEval (Ghosh 5%, 2023) & FRUBEIPEREXS b, IXFEEMIE T HE G 2R
JE 1 A A FRER R IR Y AP A O B SEAR BRI A il FAT12r BIPEAE T SFT A8UAT RL HYsEAAl 5
H A E AR M BE, [EISERNE, FRAINEMAER CSER 7RLEN/KF, T Seedream
3.0 (Gao %, 2025) Ml GPT Image 1 [High] (OpenAl, 2025), Zidasfb2%> (RL) WSS, FRATBAIE
BT HEEW 0.91 77, BOVHHMTR LE—ET 0.9 BEREMBR, XLEERERT Qwen-Image {LEY
Al AR RRCRE
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% 4 Quantitative Evaluation results on GenEval (Ghosh %, 2023).
GenEval FHJERTFHESE R,

L A ST o JBYE |
Show-o (Xie 5, 2024) 095 052 049 082 0.11 0.28 0.53
Emu3-Gen (Wang 2, 2024a) 098 071 0.34 081 017 021 | 0.54
PixArt-a (Chen 5, 2024c) 098 050 044 0.80 0.08 0.07 0.48
SD3 Medium (Esser &, 2024) 0.98 074 063 0.67 034 0.36 0.62
FLUX.1 [Dev] (BlackForest, 2024) 098 081 0.74 079 0.22 045 | 0.66
SD3.5 Large (Esser 3¢, 2024) 098 089 073 083 034 047 | 0.71
JanusFlow (Ma 5§, 2025) 097 059 045 083 053 042 0.63
Lumina-Image 2.0 (Qin 5§, 2025) - 0.87 0.67 - - 0.62 0.73
Janus-Pro-7B (Chen 4§, 2025b) 099 089 059 090 0.79 0.66 0.80
HiDream-I1-Full (Cai 5%, 2025) 1.00 098 0.v9 091 0.60 0.72 0.83
GPT Image 1 [High] (OpenAl, 2025) | 0.99 0.92 0.85 092 0.75 0.61 0.84
Seedream 3.0 (Gao 2, 2025) 0.99 096 091 093 047 0.80 | 0.84
Qwen-Image 099 092 089 088 0.76 0.77 0.87
Qwen-Image-RL 1.00 095 093 092 0.87 0.83 0.91

# 5 Quantitative evaluation results on OnelG-EN (Chang %, 2025). The overall score is the average of the five
dimensions.

OnelG-EN EfUEBIFMER, Borh I MERERFE,

iRy | X5 SR HEBR RUE BREPE | B 1
Janus-Pro (Chen %, 2025b) 0.553 0.001 0.139 0.276 0.365 | 0.267
BLIP3-0 (Chen %, 2025a) 0.711 0.013 0.223 0.361 0.229 | 0.307
BAGEL (Deng %, 2025) 0.769 0.244 0.173 0.367 0.251 | 0.361
BAGEL+CoT (Deng %, 2025) 0.793 0.020 0.206 0.390 0.209 | 0.324
Show-02-1.5B (Xie £, 2025b) 0.798 0.002 0219 0.317 0.186 | 0.304
Show-02-7B (Xie 2, 2025b) 0.817 0.002 0.226 0.317 0.177 | 0.308
OmniGen2 (Wu %, 2025b) 0.804 0.680 0.271 0.377 0.242 | 0.475
SD 1.5 (Rombach %, 2021) 0.565 0.010 0.207 0.383 0.429 | 0.319
SDXL (Podell %, 2023) 0.688 0.029 0.237 0.332 0.296 | 0.316
SD3.5 Large (Esser 4, 2024) 0.809 0.629 0.294 0.353 0.225 | 0.462
FLUX.1 [Dev] (BlackForest, 2024) 0.786 0.523 0.253 0.368 0.238 | 0.434
CogView4 (Z.ai, 2025) 0.786 0.641 0.246 0.353  0.205 | 0.446

SANA-1.5 1.6B (PAG) (Xie %, 2025a) | 0.762 0.054 0.209 0.387 0.222 | 0.327
SANA-1.5 4.8B (PAG) (Xie &, 2025a) | 0.765 0.069 0.217 0.401 0216 | 0.334

Lumina-Image 2.0 (Qin ¥, 2025) 0.819 0.106 0.270 0.354 0.216 0.353
HiDream-I1-Full (Cai 5, 2025) 0.829 0.707 0.317 0.347 0.186 0.477
Imagen3 (Google, 2024) 0.843 0.343 0.313 0.359 0.188 0.409
Recraft V3 (Recraft, 2024) 0.810 0.795 0.323 0.378  0.205 0.502
Kolors 2.0 (team, 2025) 0.820 0.427 0.262 0.360 0.300 0.434
Seedream 3.0 (Gao 5%, 2025) 0.818 0.865 0.275 0.413  0.277 0.530
Imagend (Google, 2025) 0.857 0.805 0.338 0.377 0.199 0.515
GPT Image 1 [High] (OpenAl, 2025) 0.851 0.857 0.345 0.462 0.151 | 0.533
Qwen-Image | 0.882 0.891 0.306 0.418 0.197 | 0.539
OnelG-Bench 5 6 Chang %, 2025
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#R 6: Quantitative evaluation results on OnelG-ZH (Chang %, 2025). The overall score is the average of the five
dimensions.

OnelG-ZH ERJERIFMEEER, S0 NI DR TE(E,

Ul | WS SR R RUE BREE | U0
Janus-Pro (Chen %, 2025b) 0.324 0.148 0.104 0.264 0.358 | 0.240
BLIP3-0 (Chen %, 2025a) 0.608 0.092 0.213 0.369 0.233 | 0.303
BAGEL (Deng %, 2025) 0.672 0.365 0.186 0.357 0.268 | 0.370
BAGEL+CoT (Deng %, 2025) 0.719 0.127 0.219 0.385 0.197 | 0.329
Cogview4 (Z.ai, 2025) 0.700 0.193 0.236 0.348 0.214 | 0.338
Lumina-Image 2.0 (Qin %, 2025) 0.731 0.136 0.221 0.343  0.240 | 0.334
HiDream-I1-Full (Cai %, 2025) 0.620 0.205 0.256 0.304 0.300 | 0.337
Kolors 2.0 (team, 2025) 0.738 0.502 0.226 0.331  0.333 | 0.426
Seedream 3.0 (Gao %, 2025) 0.793 0.928 0.281 0.397 0.243 | 0.528
GPT Image 1 [High] (OpenAl, 2025) | 0.812 0.650 0.300 0.449 0.159 | 0.474

Qwen-Image | 0.825 0.963 0.267 0.405 0.279 | 0.548

7 5 FIFK 6 M5 T OnelG-Bench (Chang %, 2025) ERYERLER, X2 — 10 T2 A 2 4k
FEMRL DA TR M A2 S BR . 0 T T A FRUBART B, AT PG 4E R 53 B0 AT 25 DUR 1S
KR, B L, Qwen-Image TEHSCHITE X FGE FHBUS R &L, Bn T HBKIEMRAKEES . E
SEERZE, BENFSXAREGIPHER S —, I T H OB RIRE R SOARTE SERE ]

#2 7: Quantitative evaluation results on TIIF Bench testmini (Wei %%, 2025). The best result is in bold and the
second best result is underlined.

TIIF Bench testmini _EHE R IFEEER, SAGRME, RILERM IR,

| | TERBA | AR wi
B ' s : , W RfE %R o | B
v ome ks omm | opy M BRSO XE g sk | iR

short long |short long short long short long short long |short long short long short long short long short long short long |short long

FLUX.1 [dev] (BlackForest, 2024) 71.09 71.78|83.12 78.65 87.05 83.17 87.25 80.39 75.01 72.39|65.79 68.54 67.07 73.69 73.84 73.34 69.09 71.59 66.67 66.67 43.83 52.83|70.72 T1.47
FLUX.1 [Pro| (BlackForest, 2024) 67.32 69.89|79.08 78.91 78.83 81.33 82.82 83.82 75.57 T1.57|61.10 65.37 62.32 65.57 69.84 71.47 65.96 67.72 63.00 63.00 35.83 55.83|71.80 68.80

DALL-E 3 (OpenAl, 2023) 74.96 70.81|78.72 78.50 79.50 79.83 80.82 78.82 75.82 76.82|73.39 67.27 73.45 67.20 72.01 71.34 63.59 60.72 89.66 86.67 66.83 54.83|72.93 60.99
SD 3 (Esser 4, 2024) 67.46 66.09|78.32 77.75 83.33 79.83 82.07 78.82 T71.07 74.07|61.46 59.56 61.07 64.07 68.84 70.34 50.96 57.84 66.67 76.67 59.83 20.83|63.23 67.34
PixArt-X (Chen 4, 2024b) 62.00 58.12|70.66 75.25 69.33 78.83 75.07 77.32 67.57 69.57|57.65 49.50 65.20 56.57 66.96 61.72 66.59 54.59 83.33 70.00 1.83 1.83 |62.11 52.41
Lumina-Next (Zhuo 5%, 2024) 50.93 52.46| 64.58 66.08 56.83 59.33 67.57 71.82 69.32 67.07|44.75 45.63 51.44 43.20 51.09 59.72 44.72 54.46 70.00 66.67 0.00 0.83 |47.56 49.05
Hunyuan-DiT (Li %, 2024b) 51.38 53.28|69.33 69.00 65.83 69.83 78.07 73.82 64.07 63.32|42.62 45.45 50.20 41.57 59.22 61.84 47.84 51.09 56.67 73.33 0.00 0.83 |40.10 44.20
Show-o (Xie 5, 2024) 59.72 58.86|73.08 75.83 74.83 79.83 78.82 78.32 65.57 69.32|53.67 50.38 60.95 56.82 68.59 68.96 66.46 56.22 63.33 66.67 3.83 2.83 |55.02 50.92
LightGen (Wu %%, 2025¢) 53.22 43.41|66.58 47.91 55.83 47.33 74.82 45.82 69.07 50.57|46.74 41.53 62.44 40.82 61.71 50.47 50.34 45.34 53.33 53.33 0.00 6.83 |50.92 50.55
SANA 1.5 (Xie %, 2025a) 67.15 65.73|79.66 77.08 79.83 77.83 85.57 83.57 73.57 69.82|61.50 60.67 65.32 56.57 69.96 73.09 62.96 65.84 80.00 80.00 17.83 15.83|71.07 68.83
Infinity (Han %, 2025) 62.07 62.32|73.08 75.41 74.33 76.83 72.82 77.57 72.07 71.82|56.64 54.98 60.44 55.57 74.22 64.71 60.22 59.71 80.00 73.33 10.83 23.83|54.28 56.89
Janus-Pro-7B (Chen %%, 2025b) 66.50 65.02|79.33 78.25 79.33 82.33 78.32 73.32 80.32 79.07|59.71 58.82 66.07 56.20 70.46 70.84 67.22 59.97 60.00 70.00 28.83 33.83|65.84 60.25

MidJourney v7 (Midjourney, 2025) [68.74 65.69|77.41 76.00 77.58 81.83 82.07 76.82 72.57 69.32|64.66 60.53 67.20 62.70 81.22 71.59 60.72 64.59 83.33 80.00 24.83 20.83|68.83 63.61
Seedream 3.0 (Gao %, 2025) 86.02 84.31|87.07 84.93 90.50 90.00 89.85 85.94 80.86 78.86|79.16 80.60 79.76 81.82 77.23 78.85 75.64 78.64 100.00 93.33 97.17 87.78|83.21 83.58
GPT Image 1 [High] (OpenAlI, 2025) |89.15 88.29|90.75 89.66 91.33 87.08 84.57 84.57 96.32 97.32|88.55 88.35 87.07 89.44 87.22 83.96 85.59 83.21 90.00 93.33 89.83 86.83|89.73 93.46

Qwen-Image 86.14 86.83|86.18 87.22 90.50 91.50 88.22 90.78 79.81 79.38|79.30 80.88 79.21 78.94 78.85 81.69 75.57 78.59 100.00 100.00 92.76 89.14|90.30 91.42

TIIF 7 Wei 2. 2025

OpenAl 2025

7 7 JE7R T1E TIIF Bench mini (Wei 5, 2025) FRPEREXS b, X2 — MU T RGEEAL T21 #55Y
R ANEIEE 2 AT L RE N IR, BUA L, Qwen-Tmage HEAEE =, {IRT GPT Image 1 (OpenAl,
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2025), FEIMEOR T HIBERHITEEIGRES.

%+ 8 Quantitative (\\'n‘hm‘ti‘on results of English text rendering on CVTG-2K (Du %, 2025).
CVTG-2K _E3SCARTERAE IR,

) | TR 1 | NEDt | CLIPScoret
‘ 2 regions 3 regions 4 regions 5 regions \ \
SD3.5 Large (Esser 5§, 2024) 0.7293 0.6825 0.6574 0.5940  0.6548 | 0.8470 0.7797
FLUX.1 [dev] (BlackForest, 2024) 0.6089 0.5531 0.4661 0.4316  0.4965 | 0.6879 0.7401
AnyText (Tuo &, 2024) 0.0513 0.1739 0.1948 0.2249  0.1804 | 0.4675 0.7432
TextDiffuser-2 (Chen 5§, 2024a) 0.5322 0.3255 0.1787 0.0809  0.2326 | 0.4353 0.6765
RAG-Diffusion (Chen &, 2024d) 0.4388 0.3316 0.2116 0.1910  0.2648 | 0.4498 0.7797
3DIS (Zhou %, 2024) 0.4495 0.3959 0.3880 0.3303  0.3813 | 0.6505 0.7767
TextCrafter (Du 5§, 2025) 0.7628 0.7628 0.7406 0.6977  0.7370 | 0.8679 0.7868
Seedream 3.0 (Gao ¥, 2025) 0.6282 0.5962 0.6043 0.5610  0.5924 | 0.8537 0.7821
GPT Image 1 [High] (OpenAl, 2025) 0.8779 0.8659 0.8731 0.8218  0.8569 | 0.9478 0.7982
Qwen-Image | 0.8370 0.8364 0.8313 0.8158  0.8288 | 0.9116 | 0.8017
CVTG-2K 8 Du %, 2025

% 8 & TTE CVTG-2K (Du %%, 2025) FAYESERVERSER, ZEMAE 2K MERIE, 146
FELE R EG EIEY 2-5 DI, 5IANT =AMEFR: 1AWERZR. NED fl CLIPScore, PAfi&E
ATEGHERIE . WRFR, Qwen-Image I3 15 R /eHER BG4 BUBETUA M HIMERE, 0 En 7 HIR
KINFESLEATE GERE

#* 9 Quantitative comparison results of Chinese text rendering.

FRSCOCARTE SR E B EEE R

B | GRS =R | B 1

Seedream 3.0 (Gao 5§, 2025) 53.48 26.23 1.25 33.05

GPT Image 1 [High] (OpenAl, 2025) 68.37 15.97 3.55 36.14

Qwen-Image ‘ 97.29 40.53 6.48 ‘ 58.30
ChineseWord 9

72 9 R THE ChineseWord (FATTHHEH I FIFHR P SOORTEG W) T B, %0 (HH
WNFR), BATEFRF I N=ZAMEER: 18 (3500 NMFER). 2 % (3000 NMFRF) il 3 % (1605 NF
o BAMGOEI T2 MERIARBN, 58S XAZIERGER LKA S BN FRNEG, EE =1
R I, Qwen-Tmage #REI T @ HTERIERZE, TR T HALBA A SCOCARTERAE T,

LongText-Bench 10 Geng %, 2025
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%2 10: Quantitative evaluation results on LongText-Bench (Geng %, 2025). The best result is in bold and the
second best result is underlined.

LongText-Bench FHYE EITAGEER, RACEERMME, (RILERIN XLk,

iR ‘ LongText-Bench-EN  LongText-Bench-ZH
Janus-Pro (Chen %, 2025b) 0.019 0.006
BLIP3-0 (Chen %, 2025a) 0.021 0.018
Kolors 2.0 (team, 2025) 0.258 0.329
BAGEL (Deng %, 2025) 0.373 0.310
OmniGen2 (Wu %, 2025b) 0.561 0.059
X-Omni (Geng %, 2025) 0.900 0.814
HiDream-I1-Full (Cai %, 2025) 0.543 0.024
FLUX.1 [Dev] (BlackForest, 2024) 0.607 0.005
Seedream 3.0 (Gao %, 2025) 0.896 0.878
GPT Image 1 [High] (OpenAl, 2025) 0.956 0.619
Qwen-Image | 0.943 0.946

7% 10 #2#5 T7E LongText-Bench (Geng 5%, 2025) LRJEESSR, XNEMELT 1L T IR BIAH
WER K CARREE 1, BHREEE BB/ \ N AFEZ RN 160 MERiE, RN, Qwen-Image TEKH
XA FIRFIR SRR, £RIESCAR EREE SERR, £0ERT Qwen-Image MLk AR
TEJRET T,

5.2.3 BE{§omiaTERE

Liu
& 2025b Ye % 2025

Downs ¢
2022 Bochkovskii 2. 2024

FABE—HIET Qwen-Image I ZAEFIRAR T B GG (TI21) 155, ToaEEBCCANEIBAE
NN, TATTEMIZE TI2I (£55 VPl T HRATRUBRY: Hoe, N T@EH NN EGRRE, FRAIE
GEdit (Liu 5%, 2025b) Al ImgEdit (Ye 5%, 2025) Hif LV 7RI A TR S RUGRERE )1, IX LB
BT BT SORFI S S AT BN RATRE J). HUR, T THEEAILE 3D MUGEAT55 Fh iy 2 A B
fRANZERLRE ST, BATHEFTLMA AR (Downs 2, 2022) AR (LT (Bochkovskii ¢, 2024) X HAM:RE]
177 HMER, XTS5 ZERBTULE i A EGF SO R AR, HEWOF A R AE R, ITA
IXEALSFECA] A —1E TI21 JEE N, JBoR T IAT77 750 2R 2457555 10 18 & F

GEdit 11 Liu %, 2025b

7 11 %5 T GEdit-Bench (Liu 5§, 2025b) FUS5R, 1ZHEMETE 11 DARFEZRGNELH 82 LEh
B gmEAERL, BATRA =N ER—I8 X —8 (SQ). BAIRE (PQ) MESD (0O)—BFNRTE 0 5
10 Z [, Qwen-Image T£9 R SCHEITRE FEHER 6 —, R T KINGRERE AN 285 H RS
7z AkfE
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%2 11: Comparison of Semantic Consistency (G_SC), Perceptual Quality (G_PQ), and Overall Score (G_O) on

GEdit-Bench. All metrics are evaluated by GPT-4.1.

limited Chinese language capability.

G__0O is computed as the geometric mean of G__SC and
G_PQ, averaged over all samples. Note: FLUX.1 Kontext [Pro] underperforms on GEdit-Bench-CN due to its

GEdit-Bench FIEX—8E: (G SC). BAIFE (G PQ) M4 (G 0) WIXtt, AraiEFRE GPT-4.1
P, G_O N G_SC Ml G_PQ WJLFAIEME, BURAREAN T, F: FLUX.1 Kontext [Pro] fE
GEdit-Bench-CN [ FII2, FAH A EE AR,

| GEdit-Bench-EN (Full set)? | GEdit-Bench-CN (Full set)t

B

| G_SC G_PQ G_O | G_SC G_PQ G_O
Instruct-Pix2Pix (Brooks &, 2023) 3.58 5.49 3.68 - - -
AnyEdit (Yu 5, 2025) 3.18 5.82 3.21 - - -
MagicBrush (Zhang %, 2023) 4.68 5.66 4.52 - - -
UniWorld-v1 (Lin &, 2025) 4.93 7.43 4.85 - - -
OmniGen (Xiao %, 2025) 5.96 5.89 5.06 - - -
OmniGen2 (Wu 5§, 2025b) 7.16 6.77 6.41 - - -
Gemini 2.0 (DeepMind, 2025) 6.73 6.61 6.32 5.43 6.78 5.36
BAGEL (Deng %, 2025) 7.36 6.83 6.52 7.34 6.85 6.50
FLUX.1 Kontext [Pro] (Labs &, 2025) 7.02 7.60 6.56 1.11 7.36 1.23
Step1X-Edit (Liu ¥, 2025b) 7.66 7.35 6.97 7.20 6.87 6.86
GPT Image 1 [High] (OpenAl, 2025) 7.85 7.62 7.53 7.67 7.56 7.30
Qwen-Tmage | 800  7.86 756 | 7.82  T.79 7.52

i% 12: Quantitative comparison results on ImgEdit (Ye £ 2025). All metrics are evaluated by GPT-4.1.
I )

is calculated by averaging all scores across tasks.

ImgEdit _FRIE R HEER, FraTEhRE GPT-4.1 14,

|

BT BN B A S5 B BRI 2,

“Overall”

B ‘ Add Adjust  Extract Replace Remove Background Style Hybrid  Action ‘ Byt
MagicBrush (Zhang £ R 2023) 2.84 1.58 1.51 1.97 1.58 1.75 2.38 1.62 1.22 1.90
Instruct-Pix2Pix (Brooks 5, 2023) 2.45 1.83 1.44 2.01 1.50 1.44 3.55 1.20 1.46 1.88
AnyEdit (Yu EX 2025) 3.18 2.95 1.88 2.47 2.23 2.24 2.85 1.56 2.65 2.45
UltraEdit (Zhao &, 2024) 3.44 2.81 2.13 2.96 1.45 2.83 3.76 1.91 2.98 2.70
OmniGen (Xiao 5, 2025) 3.47 3.04 1.71 2.94 2.43 3.21 4.19 2.24 3.38 2.96
ICEdit (Zhang %%, 2025) 3.58 3.39 1.73 3.15 2.93 3.08 3.84 2.04 3.68 3.05
Step1X-Edit (Liu £ R 2025b) 3.88 3.14 1.76 3.40 2.41 3.16 4.63 2.64 2.52 3.06
BAGEL (Deng 5, 2025) 3.56 3.31 1.70 3.3 2.62 3.24 4.49 2.38 4.17 3.20
UniWorld-V1 (Lin &, 2025) 3.82 3.64 2.27 3.47 3.24 2.99 4.21 2.96 2.74 3.26
OmniGen2 (Wu £ 2025b) 3.57 3.06 1.77 3.74 3.20 3.57 4.81 2.52 4.68 3.44
FLUX.1 Kontext [Pro] (Labs %, 2025) 4.25 4.15 2.35 4.56 3.57 4.26 4.57 3.68 4.63 4.00
GPT Image 1 [High] (OpenAl, 2025) 4.61 4.33 2.90 4.35 3.66 4.57 4.93 3.96 4.89 4.20
Qwen-Tmage | 438  4.16 3.43 4.66 4.14 4.38 4.81  3.82 4.69 4.27
ImgEdit 12 Ye 5. 2025

# 12 JB/n T ImgEdit FfE (Ye 5%, 2025) ISR, 2B MRS 2 MNME A LU W55,
REEE., BggmEmREA T RE, FraiEinniEs

734 NESEMAG, PHEfEPR AR
1 3] 5, Qwen-Image HF#EMAKR G, RMH/EHZ GPT Image 1 [Highl,

BRI R MERE,

PSR (Novel view synthesis)
2022

13

Jos TARASE

T AR

FHRET

Downs %

13 R THE GSO (Downs 3%, 2022) BHEE LAHIA S REE R AT EE T 4%E 3D MRIEM
PO XA R ARG S

B BT A B B S B SCARE R RAREUE . BRATIER [A7E% 90 &,
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13 Quantitative comparison of novel view synthesis with both specialized models and general image generation
models. We report PSNR, SSIM, LPIPS on the GSO (Downs %, 2022) dataset.

L PR e F UG A USRS & R A E BT B, 7E GSO #dia s B # PSNR. SSIM, LPIPS
fatro

B | PSNRt SSIM{ LPIPS|
Zero123 (Liu 5, 2023) 13.48 0.854 0.166
ImageDream (Wang & Shi, 2023) 15.22 0.883 0.164
CRM (Wang 5§, 2024b) 15.93 0.891 0.152
GPT Image 1 [High] (OpenAl, 2025) 12.07 0.804 0.361
BAGEL (Deng %, 2025) 13.78 0.825 0.237
FLUX.1 Kontext [Pro] (Labs 5, 2025) 14.50 0.859 0.201
Qwen-Image 15.11 0.884 0.153

# 14: Quantitative comparison of depth estimation with both specialized models and multi-task models on
zero-shot datasets. Qwen-Image can perform on par with state-of-the-art models.

RN TR L R 2SRRI B EL (BREARIESR) . Qwen-Image AES M /CHERIRBRIMMESE,

- \ KITTI |  NYUv2 | ScanNet | DIODE | ETH3D
| AbsRell 6,7 | AbsRell &1 | AbsRell &1 | AbsRell &1 | AbsRell &1

MiDa$ (Ranft] %, 2020) 0236 0.630 | 0.111 0885 | 0.121 0.846 | 0332 0715 | 0184  0.752
DPT-large (Ranftl 4, 2021) 0.100  0.901 | 0.098  0.903 | 0.082 0934 | 0182 0.758 | 0.078  0.946
DepthAnything (Yang %%, 2024a) 0080  0.946 | 0.043 0980 | 0.043 0981 | 0261 0759 | 0.058  0.984
DepthAnything v2 (Yang %, 2024b) | 0.080  0.943 | 0.043  0.979 | 0.042 0979 | 0.321  0.758 | 0.066  0.983
Depth Pro (Bochkovskii 2, 2024) 0055 0974 | 0.042 0977 | 0.041 0978 | 0217  0.764 | 0.043  0.974
Metric3D v2 (Hu 25, 2024a) 0.052 0979 | 0.039 0.979 | 0.023 0.989 | 0.147  0.892 | 0.040  0.983
GeoWizard (Fu %, 2024) 0.097 0921 | 0.052 0966 | 0.061 0.953 | 0.297  0.792 | 0.064  0.961
DepthFM (Gui %, 2024) 0.083  0.934 | 0.065  0.956 - - 0.225  0.800 - -
Marigold (Ke %, 2024) 0.099 0916 | 0.055 0964 | 0.064 0951 | 0308 0773 | 0.065  0.960
DMP (Lee 4, 2024) 0240  0.622 | 0.109 0891 | 0.146 0.814 | 0.361  0.706 | 0.128  0.857
Qwen-Image | 0078 0951 | 0055 0.967 | 0.047 0.974 | 0.197 0.832 | 0066  0.962

AP TH A G Qwen-Tmage fEFLEBARI IR TILETES IHIEER, fE#r A &R EIAE T &t
BERIPERE,

RIEfE T (Depth Estimation) 14 Nathan Sil-
berman & Fergus, 2012 Geiger %, 2013 Dai %, 2017 Vasiljevic 5§, 2019
Schops &, 2017 Bochkovskii 3, 2024
Zhao %
2025

4 BETHEAN ZHERNBIESE EERE: NYUv2 (Nathan Silberman & Fergus, 2012),
KITTT (Geiger %%, 2013). ScanNet (Dai %, 2017). DIODE (Vasiljevic %, 2019) #1 ETH3D (Schops %,
2017)o fEYZREFEH, FRATRHA DepthPro (Bochkovskii 5, 2024) fENZUMBASRIZ IR EE S, EI6
T DICEPTION (Zhao 5%, 2025) SF5eni TAEFTEE AR, ERTENEZ, XSRS 1A R
BRE (SFT) LAY, DAMRTIBBYANAE(T 55 BERRE o Qwen-Tmage (A TH BRI /R T AL
A NGER, 1EXEEME FA 2N RS LIAE] T RIEHAITERE,

5.3 &g

NT 2 Qwen-Tmage FlESCHEE M A RREE ), FATEJETE §§ 5.3.1 EMILE T VAE
HEXAFERGR LR EEERE, BATE P EN D ARG RAESS BT T b, fE §§ 5.3.2
FRESCR &G (T21) ZERHT §§ 5.3.3 FRRTEIGSHE (T121), DAEmIH SRR AL RKAES .
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B 17: Visualization of VAE reconstruction. We progressively zoom into the details across three rows (black,
orange, red) to compare how different VAEs reconstruct small text in dense document images.

VAE BRI, BADEPHAR=AT (R, B, ) B4, DR VAE 41 afE 5
FEGHEE N,

5.3.1 VAE S EEa 5

Qualitative Results on VAE Reconstruction

B 17 fon T A REHIIER VAE EHESOREEEBRIEMSE R, B 1TRR T EERESOCRN
PDF EIGIER, TERNINEERSD, FIE “double-aspect” HSRIEMIAIEE, MifEHMBTIAYE T
E SR L, Qwen-Image-VAE N E/NCARREIGIZ M 7 EFEIHAYER,

5.3.2  BEBERBE TSR
Qualitative Results on Image Generation

In order to comprehensively evaluate Qwen-Image’s text-to-image generation capability, we conduct quali-
tative evaluation from four aspects: English Text Rendering, Chinese Text Rendering, Multi-Object Generation,
and Spatial Relationship Generation. For comparative analysis, we benchmark our model against leading Text-
to-Image foundation models, including both close-source models (GPT Image 1 [High] (OpenAl, 2025), Seedream
3.0 (Gao %, 2025). Recraft V3 (Recraft, 2024) and open-source models (Hidream-11-Full (Cai 5. 2025) and

Lumina-Image 2.0 (Qin 5§, 2025)).

ML Qwen-Image FISCARZIEBARREETT, FATMPIANTTEEITEMEAS: SSOORER, +
NXATER:, ZYARE R RRRE K N T AT LT, BATRBRATARELS RSO Z R A
PR TR e, GRS (GPT Image 1 [High] (OpenAl 2025), Seedream 3.0 (Gao %, 2025),
Recraft V3 (Recraft, 2024)) FIFFJEEA (Hidream-I1-Full (Cai 5§, 2025) fl Lumina-Image 2.0 (Qin ¥,
2025))

ﬁiijﬁﬁ% (English Text Rendering) Figure 18 and Figure 19 show the qualitative comparison of English
text rendering. As shown in Figure 18, Qwen-Image achieves a more realistic visual style and better rendering
quality for a long English paragraph. With respect to text rendering, our model demonstrates greater fidelity to
the given prompts, effectively avoiding issues such as missing, wrong, or duplicate characters (e.g. wrong ”lantern”
and "Unfurling” in GPT Image 1 [High|, wrong "silver” and ”quiet” in Recraft V3, redundant and distorted text
in Seedream 3.0). In the upper half of Figure 19, Qwen-Image correctly renders text in seven different locations,
demonstrating its complex text rendering capabilities. In contrast, GPT Image 1 misses "The night circus”, and
the text rendered by Seedream 3.0 and Hidream-I1-Full is distorted. For the bottom half of Figure 19, Qwen-
Image not only successfully renders each text segment, but also presents a slide with reasonable layout and visually
aesthetic. In comparison, GPT Image 1 misses ”Stay Connected”, Hidream-I1-Full and seedream 3.0 fail to render

correct characters.
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Bl 18 FIEl 19 /R T SOCARTE R E M . a1 18 AR, Qwen-Image N KIS LI T
FEEL SRR DE KRS AT B AP TR S B, TESOARTER T, FRATTABE BRI 0 45 7 $8 /s A A B s AR L,
BROER TR, $EIREEE FRNAE (40 GPT Image 1 [High] H451% A7 lantern” F1”Unfurling”,
Recraft V3 HE5IR AT silver” fl”quiet”, Seedream 3.0 FIURFAMKIXA) . EE 19 B L 57,
Qwen-Image IEfTER: T LA EMERSOR, R T HE R RIEREE S, L2 R, GPT Image 1
B/ 7 " The night circus”, Seedream 3.0 1 Hidream-I1-Full {E3 XA BN, XFE 19 B R
55, Qwen-Image PMYRIHER: T BN AR, BRI T BA GHARFWHEMZILT o bz R,
GPT Image 1 /D> T ”Stay Connected”, Hidream-I1-Full 1 Seedream 3.0 JEiEiEHIEIITR,

L IARTESY (Chinese Text Rendering) 20 21
20

21

&l 20 F1E 21 IR T AHSCURTERAE X b, 1EE] 20 H1, Qwen-Image MERAAZRL T FHSONER, &
SERIL T SR N BRI NS, RS T TR R R, L2, GPT Image 1 fl Seedream 3.0 j&
IREERK THIHH 4T (GPT Image 1 Higt{R 177 d” f1” 3", Seedream 3.0 HHIEH 177 & #17 #l7),
HoAth R B R JCTRAE OB AT SO R, TEE] 21 Y E2EERSr, Qwen-Image 1E2/178 XS 5 HhIERAAE K
TENFIARE G, FRIEE T AR RN 23 840 R A SCARTE R E K, 1M Seedream 3.0 TEE 4%
2RI Je PR AR BRI, A TR B R R A SO B AR, NRER IR T Qwen-Image
RETEE 2 P AL RS BT SOK, ISR AT IR, T AR DAAE RS A L B SO

2184 R (Multi-Object Generation) 22

22

WEl 22 B EHE AR, Qwen-Image HERIAEL T A TR EABNY), ELRE TEMHEEALHE,
HIGRRH T IEFPERNXM, HEEZ R, GPT Image 1 EIEAEREBHXIEE M, 1M Recraft V3 Fl
Seedream 3.0 NV ST RFEAARTF, NT FHE7, Qwen-Image NMUEMTER T B LR ETE
B, R A EREEFM1T. GPT Image 1 JCIETEFEENEMR R ER, AR THIRMH S
TR 3 HAMRY T R DAE R AR BOR 2 80P SCF 7

ZBRIX R4 (Spatial Relationship Generation) 23
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1E1E 23 BB —HB0H, Qwen-Image £ KAV IEMGUERT ML T H87R1A], P8 T IEMRVEE S = M
ANZBHEEMRZH, tHEbZF, GPT Image 1. Seedream 3.0 F1 Recraft V3 AREESE R2EIEHERIA: IXLE
B ILE Z A4 T AN IEIR R B, XX ERR T Qwen-Image FRARATREIREAE S Z 42 /R IAAY 58
KeES, N FEBRWET, RE Qwen-Image F1 GPT Image 1 A] BUEMZ A\ S5 T2 RIAN RS
PR Z TR 23 [ 2 2R

5.3.3 El{ggmne ksl )

Wang %, 2025)°
Labs %, 2025 OpenAl, 2025

NP Qwen-Image HYEGIw4E (TI21) RES, FRATHAT TEVEPHE, EEROGERANKHETTH:
AT BigwiE. PRI /RERR i, 2. BEmEAilm & M. 0TI A, AT
AT 24D E R TR I QOB TR X e, B048 SeedEdit 3.0 (Wang 5, 2025)0,
FLUX.1 Kontext [Pro] (Labs %, 2025) I GPT Image 1 [High] (OpenAl, 2025)

AFIH iR (Text and Material Editing) 24

&l 24 JBoR 1 SCRFIM BUgm R AE T RE ML LERR,  1EW Kl 2 2% WU SRR L HRBIH,  Seedream
3.0 REERFFREH” B087Q7, GPT Image 1 [High] A REFEIEXHE, Qwen-Image 1 FLUX.1 Kontext
[Pro] #RIME T XXCAR, [N CRE:E T XUS—2ME, 78 FHEAREIS, FRT FLUX.1 Kontext [Pro] 4b, Fft
ARLERERRTAIN T TR A SRR R TR, EETEERNZE, Qwen-Image /& ME— IERAA AT ERAVELIR
FOBIEZARMAERL R T 0B PLE SAfn45 S8 6RE /.

AT /BBER /55t (Object Addition/Removal/Replacement)
25

PIATGSIN, BBRAE B R TSR E GRS R WAIESS. £ 25 11, FATHEL TSP
HAPSRENEE S R ERYERE, BRT GPT Image 1 [High] (&% TCIEMFERAEIG —3E) S, ATE
HLA AR B AEOR B R G DI TR P R AT TETERR B, E55 72 DA IE XS ANy, ALY
SRR R 5 BARZR XIS ILAC, FATIEEE] FLUX.1 Kontext [Pro] fEZmfEES SEIEHGIN #E DACRFE—
BE, T SeedEdit 3.0 F1 Qwen-Image #7724 T 5 AR RIENFSMHIFRNER G R XTI L MNFH7 =

5SeedEdit 3.0 does not provide an official API, all watermarked images were obtained via their web interface.

6SeedEdit 3.0 IHIRAYE TS API, AT H/KENRIEGH @I AT P DT ERIFH,
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https://jimeng.jianying.com/
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HREERITAE AR IRIRGE] (REAERA0E2), FTAEBARIE R R 7155, DUEAT AR, 1t
b, BAER R R gt I A2 rP /R & BRI IR

AP (Pose Manipulation) 26

B 26 R 1A RSRLE SR IERE I RUEME LR, S —RBIH, A FLUX.1 Kontext [Pro] il
Qwen-Image RESTELSHENI PR RIBANLNTT, WHRIAR A2, £ ANROP, FEEESE
LI R R IREE — BRI RAENE, Qwen-Tmage SEME—CREFE R AR SRR, ESTE
HI7Z, Qwen-Image HERFHERTHH AL TT OEREE S 22985, FHEMZESHERMENT
L2, B =TRBIF, Qwen-Image FHAILTHAMMBR, Har R T FIAEE, FFOR 1 IR
Ay —2tk,

B (Chained Editing)
27

SR A PRI (G ML PR I S5 BRI | S0 B (2 27 95— Nl
SRR RS TR OURF S . Bl DEHE T — WP S 2T T (%, SeedEdit 3.0
1 FLUX.1 Kontext [Pro] ME—ME/RIFABAIK T, 1M GPT Image 1 [High] 1 Qwen-Image #SUHERHTE
BT BN S, Qwen-Tmage A] DAL GPT Image 1 [High] S 4FHUCR BAGANESCFRAN T, 1658 - DEEIH,
AN EG 2R —EEE NIRRT, Qwen-Image 1 FLUX.1 Kontext [Pro] #PREUSTERE it mfR i
FEF R B IXANEEAIRFE, AT, FLUX.1 Kontext [Pro] ARREHAES UMMM LN, M Qwen-Image iKY
FERR T BN YRR TE,

WA & (Novel View Synthesis) 28

Bl 28 1PAd T A FARA ) 22 RIHE BRI B ARE J]. SeedEdit 3.0 #1 FLUX.1 Kontext [Pro] 7EAH
A5 NIRRT A BERs . B8 GPT Image 1 [High] £/ 1EMWixt S AT DUE RGN A, BE
TP HEFERZ NN RNEI R, RE Qwen-Image fRIF2R —F M — O URREE DL
HREE M —AE B GR35 v R T LB 7S AT TG S — Bt
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A man in a suit is standing in front of the window, looking at the bright moon outside the window. The man is
holding a yellowed paper with handwritten words on it: "A lantern moon climbs through the silver night,

Input prompt Unfurling quiet dreams across the sky, Each star a whispered promise wrapped in light, That dawn will bloom,
though darkness wanders by." There is a cute cat on the windowsill.

A Lantermn moon Climbs
through the Slver night,
unfurling yuiet Dreams

the Sky, each Star

a Whispered Promse

wrarpeed in light, That

Dawn will Blom,

though Darkneess
Wanders by.

Recraft V3

HiDream-I1-Full GPT Image 1 [High]

moon dim}:s
Ak ST

ugh the S
Unfrlog 2,

Seedream 3.0 Qwen-Image

Bl 18: Comparison of long English rendering capability in image generation. This case requires rendering a long
paragraph, and only Qwen-Image and GPT Image 1 [High] manage to render such a long text clearly and almost
perfectly. The other models either omit words or produce duplicates.

EHGAE B KBS RBE N AV LU, IX D RBIFZEE R — DMK, HA Qwen-Image 1 GPT Image 1
[High] AEASTHT BL) LT 58 EMTE FOXAER A SR, %{&*ﬁ@%ﬁ%ﬁﬁiﬂﬂ:, L /N =Y =



In t Bookstore window display. A sign displays "New Arrivals This Week". Below, a shelf tag with the text "Best-Selling
pu Novels Here". To the side, a colorful poster advertises "Author Meet And Greet on Saturday" with a central portrait of
the author. There are four books on the bookshelf, namely "The light between worlds" "When stars are scattered"
"The slient patient" "The night circus"

prompt

NEW ARRIVALS
THIS WEEK

NEW ARRIVALS
THIS WEEK

\WHEN STARS
ARE SCATTERED

_ B s AUTHOR
MEET AND

ww

FUIDEYE EERED SHHALY

WORLDS | scaTERED

Best-Selling

Novels Here ]

Author Meet New Arrivals

This Week Author Mee

on Saturday

New Arrivls
This Week

: b ‘The tlient
it When - pattient

between BRI
L\

¢ t The light . ;

worlds R T ti N “night ,
% - == Patient circus
Best-Selling
Novels Here

Seedream 3.0 Qwen-Image

Asllde featuring artistic, decorative shapes framing neatly arranged textual information styled as an elegant mfographlc At the very center, the title "Habits for

Emotional Wellbeing" appears clearly, surrounded by a symmetrical floral pattern. On the left upper section, "Practice Mindfulness" appears next to a minimalist

lotus flower icon, with the short sentence, "Be present, observe without judging, accept without resisting". Next, moving downward, "Cultivate Gratitude" is written
I n put near an open hand illustration, along with the line, "Appreciate simple joys and acknowledge positivity daily". Further down, towards bottom-left, "Stay

Connected" accompanied by a minimalistic chat bubble icon reads "Build and maintain meaningful relationships to sustain emotional energy". At bottom right

corner, "Prioritize Sleep” is depicted next to a crescent moon illustration, accompanied by the text "Quality sleep benefits both body and mind". Moving upward
p rom pt along the right side, "Regular Physical Activity" is near a jogging runner icon, stating: "Exercise boosts mood and relieves anxiety". Finally, at the top right side,
appears "Continuous Learning" paired with a book icon, stating "Engage in new skill and knowledge for growth". The slide layout beautifully balances clarity and
artistry, guiding the viewers naturally along each text segment.

0
S

7" R
perl Habits for g
Emotional

PRACTICE 20T & CONTINUOUS

MINDFULNESS HABITS FOR LEARNING
gﬁ EMOTIONAL

Be present, observe Engage in new skill

without judging, accept WELLB EI NG and knowledge for growth,

without resisting

REGULAR

e CULTIVATE PHYSICAL

e ein GRATITUDE ST

i °
Appreciate, observe without judging, ‘1’ x
accept without wert potilviity  daily Apprgc‘al:e S‘“;P;E o PRIORITIZE Exercise boosts mood
cor eely eveent positiivity daily Scwraneured ol e Acnopeces SLEEP and relieves anxiety
mengeldlyng positivity daily
wenied @ @_&.

Quality sleep benefits

bothbodyandmind _ GPT Image 1 [High]

Practice Mindfulness Continuous Learning

Be present, observe without Engage in new skl and
Judging, accept without resisting knowledge for growth

o

g& Practice MindfulnessG ?«’ Regular Physical Activityo
B presen,cserve withoutjuceing ~ —
B e % vk :

-_— -
Habits for

Cuttvate Habits for L.\!J Emotional

Gratitud 1

(RS Emotional - Cultivate Gratitude — mﬁﬂo.n a Regular Physical Activity
Wellbeing? S R, f\ Wellbeing /\

® C

Stay Connected Prioritize Sleep
Build and maintain meaningful Quality sleep benefits both
relationships to sustain body and mind
emotional energy

@

Prioritize SleepG
Quality sieep benefits
Both body and mindG
A

Seedream 3.0

Qwen-Image

B 19: Comparison of complex English rendering capability in image generation. We present two cases to illustrate
the model’s ability to generate multiple English texts in different locations of the real scene and the slide. Only

Qwen-image can follow the complex prompts to successfully render the text in reasonable location.
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20: Comparison of Chinese text rendering capability in image generation. Qwen-Image accurately generates

the expected Chinese couplet. In contrast, GPT Image 1 [high] and Seedream 3.0 miss or generate distorted

characters. While other model in comparison cannot generate correct Chinese couplets.
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& 21: Comparison of complex Chinese text rendering in image generation: the first case shows that Qwen-Image
can render text on multiple objects while maintaining consistency with the real scene, such as aligning text with
the depth and tilt of each plaque; the second case demonstrates its ability to render structured paragraph text
in a glass panel. Qwen-Image is the only model capable of accurately rendering long text.
El{%iﬁﬁﬂljﬁ%%qjiizﬁﬁﬁéﬁ’ﬂ Fefg: F—DROIER T Qwen-Tmage AILATEZ NN Z EIEFCAR, [H
I 5 =L = R — B, BIANRE SOR 5 8RR A IR EERMBURAN 5 5 S8 — D RBIRR T HAEBIE mRH
Nt ﬁ{kﬁx§I$Mﬁzﬁo Qwen-Image /2 ME—REMS HERITE F K SOR PR,
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Picture of twelve stuffed toys arranged evenly and neatly, four in each row, for
a total of three rows. The first row is: rat, ox, tiger, rabbit. The second row Is:
Input prompt dragon, snake, horse, sheep. The third row is: monkey, chicken, dog, pig. Each
to% has a gentle and friendly facial expression, and the material has a soft
fabric texture, with soft and layered colors. The background is light beige.
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Qwen-Image

HiDream-11-Full GPT Image 1 [High]

> meT

Seedream 3.0 - Qwen-Image

& 22: Comparison of multi-object modeling in image generation: Qwen-Image accurately renders the 12 Chinese
zodiac animals and materials in the first case, and handles complex bilingual text across multiple objects in the

second.
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A twisted pine trunk leans over the cliff edge, a climber woman grips the trunk
|nput prompt with two hands, and her partner reaches up, holding onto the woman'’s safety
belt around her waist. Realistic photography.

Seedream 3.0

B EEEY, — SRR AT, — S HEE R
Input prompt 2 e e SRR b AR BEMAIIE.

HiDream-11-Full GPT Image 1 [High] Seedream 3.0 Qwen-Image

Realistic still-life studio photography, a vintage wooden table supports an
Input prompt  antique typewriter, a steaming porcelain coffee cup sits on top of the typewriter,
and a small pocket watch hangs from the cup’s handle, dramatic side lighting.

Qwen-Image

Seedream 3.0

HiDream-11-Full GPT Image 1 [High]

23: Comparison of spatial relationship modeling capability in image generation. We present three cases to
demonstrate interactions involving multiple people and multiple objects. We find that both Qwen-Image and
GPT Image 1 [le]] exhibit strong ability to understand relationships.

PR {5 B PR 2 I S R RE D P, AT R B = MR ORE R R M ARIZ N R, i1k
Bl Qwen-Tmage 1 GPT Image 1 [High] #FZRIHER KR E R EMEE T,
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FLUX.1 Kontext [Pro
T——

SeedEdit 3.0

Input Image

Input prompt

Change “Hope” to
“Qwen”.

Input Image SeedEdit 3.0

Input prompt

Changed to a refrigerator
magnet, bright color,
enamel colored glass art,
cartoonish, with the words
"Qwen-Image" written on it,
depicting the image of the
doll, and decorated with
wheat, clouds, waves, etc.
on an off white background,
displayed from the front.

& 24: Qualitative comparison on text and material modification. Both FLUX.1 Kontext [Pro] and Qwen-Image
are able to accurately modify text while preserving the original style. In the example below, Qwen-Image is the

only model that successfully presents the enamel material.
Y%—‘*ﬂﬁ)ﬁ?ﬁiﬁm%‘ﬁtbiﬁﬁ FLUX.1 Kontext [Pro] f1 Qwen-Image ERREFSIEREMCIAR, [FIIR IR
Ga g, TE NHERBIF, Qwen-Image J2ME— D) 2 BUEEHAM AL,
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Qwen-Image

Input Image SeedEdit 3.0

FLUX.1 Kontext [Pro] GPT Image 1 [High]

J

Input
prompt

Add a
dog and
a cat
playing
in the
street

Input prompt

Remove all the people

Input
prompt

Put on a
magician'
s hat

Drenzsarl

K& 25: Qualitative comparison on object editing (addition, removal, and replacement): Object editing is a
relatively stable capability for all models. Qwen-Image demonstrates superior consistency in unmodified regions

and achieves better style alignment for the newly generated objects.

PIRGERAEELLEE (BRI0, FERRAIER) - WA gmiE e i A BRI AR E URE ST, Qwen-Tmage FER
B XN TR — B, OB E AT RIS T A B XSRS 5
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Input prompt Let her turn her head to look at the camera

Input Image SeedEdit 3.0 FLUX.1 Kontext [Pro] GPT Image 1 [High] Qwen-Image

Input prompt  Let the person in the picture stand up, one hand on her hip,
and the background and camera remain the same

Input Image SeedEdit 3.0 FLUX 1 Kontext [Pro]GPT Image 1 [High] Qwen Image

Input prompt Generate an image of a girl sitting in a stairwell.

Input Image SeedEdit 3.0 FLUX.1 Kontext [Pro]GPT Image 1 [High] Qwen-Image

D izl

26: Qualitative comparison on pose manipulation. Qwen-Image is able to accurately follow pose manipulation
instructions while preserving fine details of the person (such as hair strands) and maintaining consistency in the
background (e.g., the stone steps behind the subject).

USSR IR RE, Qwen-Tmage Hhﬁz/ﬁﬁﬁLTﬁ(Hlu\Tﬁ%@?E?, [FIN LR B AP ROREANANTT (kR 42),
HARFE R —BUE (BN, siEEmEeIa).
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Input Image | _SeedEdit 3.0 FLUX.1 Kontext [Pro]

P\

Input chained prompt 1: GPT Image 1 [High] Qwen-Image

Extract the person’s
robe product image.

Input chained prompt 2:

show me an extreme
closeup of the fabric.

Input Image Input chained prompt 1: Input chained prompt 2:
Pull back the camera to show
| Place these two paper that they are floating in the
: boats on the water seawater at a dock, with two
surface. cargo ships in the left rear
k d background.

SeedEdit 3.0 FLUX.1 Kontext [Pro]

& 27: Examples of two types of chained editing: extract 4+ zoom-in (top) and placement + zoom-out (bottom).
GPT Image 1 [High] and Qwen-Image correctly understand the extract operation, but only Qwen-Image accurately
captures and magnifies the garment’s texture. In the second case, Qwen-Image preserves the open-ended stern of
the paper boat throughout the entire chained editing process.

PIRTEE SRR RG] SR + TR (TAER) AIECE + 45/ (IKEF). GPT Image 1 [High] 1 Qwen-Image
IEWRERMR THRBURME, (HRA Qwen-Image HEFIRIFEIFIOR TARIESOH, 7E55 —1FFIH, Qwen-Image
FERA A GR I R AR B T AU .
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Input prompt Turn right 90 degrees.

Input Image SeedEdit 3.0 FLUX.1 Kontext [Pro]GPT Image 1 [High] Qwen-Image

{ ||\\

% {
5 Lo M

Input prompt Turn right 90 degrees.

Input Image SeedEdit 3.0 FLUX.1 Kontext [Pro]GPT Image 1 [High] Qwen-Image

Input prompt Turn right 90 degrees.

Input Image SeedEdit 3.0 FLUX.1 Kontext [Pro] GPT Image 1 [High] Qwen-lmage

~wen-Image

! \l\lelcome
i to
Q wen

Coifee.

& 28: Qualitative comparison on novel view synthesis. We evaluate three progressively challenging rotation
tasks under the same text prompt "Turn right 90 degrees”: (1) single-person rotation, (2) co-rotation of person
and background, and (3) real-world scenario. In all cases, Qwen-Image achieves the most accurate and consistent
results. While other models (e.g., GPT Image 1 [High]) handle basic subject rotation, they fail to rotate the
background or preserve scene detn

BRI B BB EE, PATHERRISOARSRRIA s 00 B R = NE A RN 1 e (155
(1) BBNEss, (2) Nfns siHtFEEs:, (3) Ak, EETHEIT, Qwen-Image #AR1T T SR
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