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Abstract

FAMRL T JanusFlow, U2 SR ARMHESE, REASAE B — B b 4 — BRI 5 248 . Janus-
Flow 5T —FR 24, R H I SRS BORR (rectified flow, AR UM H 1 B SE7E )y
1R) MGG BT R BIRM, BRI T AE A RN, SR e SR B AT 2R, TorRdteT
SOORMAIE . O T BRI RAG B R TERE, AR TP AR (1) Sl PE
RS RS AS , PAL (1) AR — G RE XIS BN #R . KESLERY], JanusFlow 1£4%
HAUS AL ] 15 L AARAN Y SRR PERE RIS — T
o RXIUTARAER Tl R, Sl -5 SRR B,

1. 51%

RAEGEFHA (LLMs) CREBLH 2 SRR Z A 23 Sty siiae gy [1, 7, 8, 69, 91].
FEBNIXLERE ST, W NRIT 5 TR T BIURBERE [2, 15, 47, 49, 56, 58] MISCA B R AN [23,
73, 76, 79] BRI

VTAE SR, AT ST B0 % ) F4 7 RE RS [ I AL BDX R ITAT 55 10 58— R 48 — A 85 1]
2 TN 250 SCA S UGB R BEA T e A 1, (RIS LML Sk SEAREAY 2R jf 2% 4 [19, 25—
27, 87). BRI, XFFIESIA T HRME S, I Fa@ ey 7 iy LLM FZE gl i, nTRES IR
TR RE Sy . B S (88, 97, 99, 100, 108] WHRIINZRFAS LLM 5 [ i 58 B0X 9 AT 55
WHESEY AL [32, 83] win gk B B A8 [22, 86].

AT I EBALAE rectified flow BB EGHIZEMEZ F [3, 23, 55, 61, 62], ZARAU KA X
RHRAE T — N FENESE , [ R s SEIEMERE [23, 36, 45]. EETXSUHERE, FRATHE
T JanusFlow, X@&—MRKHGE SRS, BXRF rectified flow 5 LLM 4 JoEE 5L



https://github.com/deepseek-ai/Janus

VQAv2

-MJHQ FID

She
GenEval MM-Vet JanusFlow (Ours, 1.38)

(a) F:HEMAMERE.

Kl 1| J&T JanusFlow W% BLEBLR SEIRAK. JanusFlow YA ERE ARSI F BB 1 o5 o ik
G — RS DA B Z2 Ry s AT 55 RO B . [m] Nt B A sy R PRI BE T IR R 0H
384 x 384,

AR ARTBETIREI, FATHI S TR — MR R A AT AR, Bl nl 6l LLM G rectified
flow #F. N T IUMk JanusFlow MPERE, FRATINME IR BESRNG: EoE, FRATHEEIIAE IR
L5573 B PR B AL O iy, DARESRAT S5 T9E, AR T EEARAE 1. ok, FRATHEIZhid AR
HRORS 5 A AR RS R 2 [R] Y A1, DA SR AR pGd A P A SGE BT

JanusFlow 5IA MG — G, 782 BS BRSO 2 B8 A2 iUy T 32 R f5 Je ik
PERE, L2 T 2R A . BART S, 28 3OS BB AR s EN i MITHQ FID-30k [48].
GenEval [28] #1 DPG-Bench [34] I+, JanusFlow 43 5§45 T 9.51. 0.63 F1 80.09% R34, #2
BT 4045 SDvLS [77] A1 SDXL (73] 600 M SR Bl AR & A AR S e M e
JanusFlow ¥£ MMBench [63]. SeedBench [46] #1 GQA [35] 435S T 74.9. 70.5 #1 60.3
T8, BT LLaVA-vL.5 [56] I Qwen-VL-Chat [4] &5 % L. (HISERRE, XEHRE
AU 1.3B S8 % LLM 244 NS



2. MR ILAE

K TR R BRI B AR . ARk, PRI (32, 83] FEMLAE AL USSR e,
AT RS NIEH RRL, (67, 73, 76-79]. FESLERE b, ETRAGE BUEAL 3, 55, 61] fE
N PRI SR sz i 2E . X 07 PR ISl 1 e e A R (23, 36] YA RE, X
SRR A SIS HROR A B Y [R] I BUAS: T IR R SR PERE . FRATHY TAESRD], B (rectified
flow) [60-62] WTDAA RAE MBI F R (LLMs) o, AITAGE R AE BRI 2L ST 55 RIS
B g — A

o 1] B A IR B, ZATSORIE A (MLLMs) ARSI T SCAR S ILSE (i BUA
MG BT R GEFHRA (7, 91, 92], IO ZSESIGEFHRA [2, 15, 49, 56, 58, 64] &
JEBLH LB A BRARRE ST o 2 RTRITE H 2 DT RERS [e] I AL BN e PRARE 5 26 JATE 55 O A o —
FhO7IE R W SR I RO ROR T R 2SR SR [19, 25-27, 87, 101]. SR, XLEEHR
G B R AU E SN TR ], SRS RE SRR I R S 26 1F . B B9F
ARFEENEINRES . XA B AR SECEREA W SL P oA [25, 87], 7K T
1 88, 97, 99, 100, 108] EAEYGRE— R R IEFRHALDAR I 58 MOX PIIIAL 55« i 2 55 R
iRl 22, 86] KFERMREHON BIHIPRIC (tokens), MIMTSEBIGE—R) H [BIVAALER (88, 97], RUAE
XETES TSR, (HHAEREA T EZ RT EBAmC i .

FAT) TAE LTI A4 & B mARE S S /3 BB g — B8, 5870 T A TTE a8 AR
PSR A R SRT5E [100, 107, 108] #HEL, JanusFlow HA = RAZOHHE: (1) R
S L %) 157 BT e 5 A G A 5 (i) e AR ) L S T S AR AT 55 TR R 28, AT 4 T RE
(iil) 4 BN g AR T SE LA SRR R SE I M, #E—20 s T AR Ui & .

3. JanusFlow

TEATT T, A4 JanusFlow FIZEHE LA FRATH I 2R KM o

3.1. %

ZEEKIESER. HEN

(& BHL token JE A RIS D, Hrp AN P AT R x = (x1, -+, xe)
KiEERA (LLMs) jid A ol

VA5 2O P A A A T A

-1
10g Poy,,, (x) = > log Po,,, (xisafx1, ., Xi), (1)

i=0
$Eot Oy B0 LLM BOSHL, € JFA KR, (6 RRUBTEORAE EYILR, LLMs JBLI IS £ R0
S HIZALBE 1A SRR R ST BE ST (1,8, 60). A SRS AN FIOLBA A, LLMs
SLATRISEARITE (2, 56, 58], B, LLaVA [58] St 824 LM SH0IZHY CLIP [75)
BRI EAHGE RN ERFHE AR B A A ZS A, DAGE LLM GRS RFHAT: hyin] g Ak



(a) Understanding: Autoregression (b) Generation: Rectified Flow (=~ ~-~"~-~~"~--=--"--==-==----~ \

Response ' Velocity
(Next Token Prediction) H (All Image Tokens)
t ; t
Text De-Tokenizer ' Gen. Decoder ggec
t H t Zerde = Z¢ + vedt E
Large Language Model ,
i Overwrite
J t t i t Ze With Zeyqe 1
Und. Encoder f,,,. Text Tokenizer Text Tokenizer ' Gen. Encoder gepc i
 om—
Clean Image Und. Prompt Gen. Prompt q Noisy Image z, cpeatuntile =1

K 2 | A BN JanusFlow 24y, fEMGEEM#ESH, LLM i@ 5 [FIH 4 token il
AR . FERBAESATSH, LLM 258G 8 mmAmE G . M o =0 il sErr4, LLM
T A R e A AT 2, HLAEBH =1, NEALE, A1 T VAE 4ifes. A4t
TP W BRERIERE AL fene ZJEHIRAE)Z

TALHE . (5 By KA S BARAER H 2558 K1 LLMs, 24408l 1T /e ik S HESHEN & R,
BRI ) - TE SRS [4, 47, 56, 64],

WM. W T TS d FHHIEE x = (o, xg) HRIWEIRE O, XEEHE SR B AR AL
Yot oo, BEWA [55, 61] dlad=>] € LAEWE] ¢ € [0,1] LRHR 7 (ODE) KXk >

AT A -
dz;

E = Uoyn (Zt/ t)/ zp9 ~ T, (2)
Hr Ony FIRHEMAMEHISEL, w0 Z— MR, W AR RIS N(0,1). %M

253 /MR R R 5 T o F . R REAL A B B G B AR T 2 [) A DR PR R R R TN
mein E¢-p(¢),20~m0 0~ [”U@NN (2¢,1) — (x — zo)”z] , where gz =tx+(1-1t)z. (3)

BEAb, P(o) EEFR] € € [0,1] A0SR, 204 A 0% A i L BR 6 B se e/ MU,
SRS vo,  WERERRAM w0 WUITEI ESSHRA . BRI, A 20 ~ 7o, 2 =
Flvg, (30, 0t BT 71 JRAEHEREA 20, (ERE VI LE 2 Fh A WAL 45 s R B 01
WHGPERE, AR SR BIEMRR IR (23], VR [40) DABAEMIZs 2R 1 [38].

3.2, LB g —HEAL

JanusFlow $ih 17— 44— RIHEZE, BAE [ AR ILSE BEAR R AT A WAL 55 o 5Tk, AT
i JanusFlow QIa7E Bi—fK) LLM 284 A B P IAT 55

ZEEPR . TEZBOSHAMET S H, LLM AE Bl S0 HES 1) SCAS R MR Bt 2 By s A ¥ 571
SRR RN BRI token, B34~ token YEALHNYELN Demp MHRAZR . T EIE, KB



% fone FEEEIKER xim FiBSATEN Him X Wim X Dene BIFHIER o ML EIBRY-, HF il et
AEWIZITE IR HimWim X Demp FHRAJFF o Him FIl Wi B BB GRS R E o SCTASHIE B %
ABFEGEA, T2 LLM WA, BEJG LLM BT 2% A 51 B B~ —4> token.
TR DL (88, 97, 100], FAERBRHTAIFFIA token |BOII, FERIMRISERMI IEOII, DAY
BRZAE F7 5] o L PR R -

PR AR . X T QAT 55, FATTHY LLM RASCAT A xeon S 25, AR (rectified
flow) A AR I EIG . AR EITARCR, A O e 2SR kAT, 60 il 251 SDXL-
VAE [73],

Az AR 1 S AR S A RAEIEARN . Hiaeene X Wiatent X Diatene WY HTHEFS 20, BEJEEIE A
TR Gene FEHALHATEARN HgenWeen X Demp HIHKAFFS o %755 F7R M HTI[E) 2 ¢ (F)4A
Wt =0) BIRTEHRAARDEHE , IR HeenWeen + 1 BIF S o 55 R A RIE R TS SRS 1Y 5
BT [100, 108] R, HATABAREZ S (causal attention) LR, HNFRATMHIL LK
W], HAGHEM T RH AR T, LLM XN T 20 0% 18 A2 RIS 3 gaee ST IMITE
TEZSNA], AR Hiatent X Wiatene X Diatene WL [) 8o PRAIE 1A HE (4 WICHE SR R 2054 T BEORT

Zerde = 2 +U(2;, t)dt, (4)

Hp de A FPE XK. AR AR 20 B R 290 HERZSRE, EINEF 20, HG
H VAE fRIS a0 MRS R i A G . iR A i i, RATETH R B R G 2855 | 5
(classifier-free guidance, CFG):

v(ze,t) =wu(z, t | xN) + (1 -w)v(z, t | 9), (5)

Hrb v(z, t | @) FORICCAFAMERTHGERE , w > 1 5] CFG fYSRE. 28RN, K w ik
TR RSOOSR 23, 62, 73, 77]. 5 2 BISBIARERL, FATHEF FIIT KA A token |BOI|
A MR A RO i

WISAT S5 R St 23 IRRS . JCRIZEIG A LLM JIIZRHESE N GE— A T4 5 95U i 73k (100,
108], XFPRARFIZE AT 553 R FAE R A AR5 4 (fone F1 enc) o BIAN, Zhou et al. [108]ffi 3L
(1) U-Net s MRS AF7EM ) VAE JAE S [ P X PR IAE 45, 1 Xie et al. [100]0]F]
MAGVIT-v2 [102] Rf EI§He i A B HL token PARRSS T BIAT55

SR, AW KT G — B B AR, XA g i ot AR AL [97], JUHRAE
i [ B E AL token B [ R AR MR RORE A o A SEX L LR, JanusFlow SR 1 fERE ) 9
Whdsicit. BRI, FATMINHINZT SigLIP-Large-Patch/16 [106] BZUVER fone, PATREUT]
T2 RCSEARATE SGESERFAE; FRE, WTARIEEIE, BATEHMZHIRAH ML ConvNeXt
e [96] VEAA AT S5 Gene T gaec o MEEIUASEEK [5, 14, 93], FALE genc M gaec ZIAFIA
T RBkERER (long skip connection), FATESS 4.5 HATXT IRSCIR R, X PR I8 0T

5



Stage 1 Stage 2 Stage 3

Adaptation Unified Pre-Training Supervised Fine-Tuning
Text De-Token. g Gen. Dec. gaec ¢, Text De-Token. Py Gen. Dec. gaec ¢, Text De-Token. Py Gen. Dec. ggec ¢
LLM LLM LLM
1 i i —
Linear Py I Gen. ENC. genc ¢, Linear Py ] Gen. ENC. genc ¢ Linear Py ] Gen. ENC. genc ¢,
t t t t t
und. ENc. fone VAEEnc. Und. ENc. fenc VAEEnc. Und. Enc. fn Py VAEEnc.

Kl 3 | JanusFlow B—=AYIZRHTEE . AT KIEIRIE, RETBRBLAS TEARIC .

BERT T IRNGEARBAERE . JanusFlow Ay 52 ANA 257K .

3.3. IR
e 3 proR, AME= AL BB Py, BARG 4T .

BrBe 1: BOPLOVARALALPRRERC. FE5 B BL, ML LT ISR R L 4Lt k=
A G A8 A0 A AR o BT BB ARG SRR BERS ST 4R LLM 1 SigLIP 4idgsf
MR TAE, 2R Ry TR | AR RIaa AL BL .

BrBe 2: Gi—BigE. FEERCHBre)n, FATINZRERILES s 2 Sh BB, X5 58T
TTERFF—E[58, 64) INZRdARE & =B SRUSBIAR . W BE BRSSO . 3,
A5 73 BC A 1o L 81 14 2 A B ARSI AR SR R R B i 7 - BlJR, FRTTS i BT (A el
AL, DA 2 BT I B BB B oK (18, 72],

WrBt 3: BB (SFT). TEm/aBirBr, AN RO L Bl S AT s, %
Rn AL X R AT 55 R DA S R SUA SR R R A s Bl AEBEBT B, FRATE AR T
SigLIP #fbasHIZ AL [64, 90, 97]. ZRACR R (EA 2 BEAS AT R0 I P e 22 S BN PR
WAL S5 ERIHES .

3.4. NZEHbr

4k JanusFlow 35l WA RA KGR . 2 RBESBEER T R A AR . XA EaR f 5w
AERGy <At (condition) ™ FI “MaRY (response) ” . “ZA” FRAESFHIER (eg., WIS
) SCAS SRR FERARAT 55 R A IR ), T “M R FR XA S5 0 I e . Bl rTAS =0 AE Sk
x = (xf, x™), HH BAR con IR R, res o WA FATRFEEAITH x MKBEECH €,
XM IR BEICH Ceon, X BIREICH breso AT 6 FR JanusFlow H A IS 800 4E
A, 35 LLM. fonc Zenc 8dec PAMERIELIZ



AP bR X2 RESBAML ST, x™ (L5 34 token, JanusFlow R KRR BEIES T
Wk,

-1
Lar(0) = ~Ex~p,, Z log Pg (xis1lx1,...,x:) |, (6)

i=Ccon

Hr R A SRS BRI R Duna HIIFTA (", x™) X LTSRN, AT x™ H1i token
PEEIES

Bt Hbs.  XFFEIRERAL S, " H13CA token 4, x™ XM AYEK . JanusFlow R
BRI H AR TS,

Lrr(0) = Exe0,,t~P(6) 50~ N(0,1) [||Ue(zt,t | M) = (x" — z0) ||, (7)

Hrp 2, = tx™ + (1 —t)20. /G Stable Diffusion 3 [23], FRATRFFTEIZ P(e) & logit-1EZS
e NT K CFG #i3, FRATEINZ IR PRI E S 10% B SCARE R .

FRXSTIENAL . AT TAE [103] KB, X579 HL Transformer 515 SCULE 2 i 2 18] 4 H 7]
PR REMS R TH TR A2 AL BE ) o FRATARAR AU AL S0 2 T 2% B T BEAS REAS i RO IHOxT 57 S B
IEMARI . BAKTT S, ATFARUES, FATHERIRIDES forr FIFHIES LLM B P RIFHESES T
XF5%

Lrzpa(0, @) = ~Ex-p,, [sim (stop_grad(fenc(x")), hy(ge(2:)))] , (8)

H qo(z0) FnshERMA 2 WH) LLM AR, he /NI MLP, HTHF go(z0)
P BN UL Denco BREL sim(-, ) THEHRA ] Z [AIBITCR AL RERIE . TEVT MK Z AT,
FAMKF ho(qo(z)) TN Hgen X Woen X Denco ARSI, FATHTEE T genc M gaec HIBLHE,
PABPR Hgen = Him H. Ween = Wimo Lrepa HIBBIEAN 2l 1 BRARR IS AR 0L T S (248 o IR 574015k
AT LLM WNERRFIEZS ] (TELS EMRA A 20 ) 5 BRARGR B a8 1 15 SCRMIE S 055, M
TTAEE BB BEAHT R BEATLISE FE 0 SCA 46 1A B PR IR T AR s i

BEE. U EAERYN TS NIGN B . SRS Lar, 1RG4 BTSSR A
HEWE Lrr+ Lrepao TENSEIRE LS 4.1 77,

4. I

FATHEAT T ) 258, PAVERL JanusFlow 7E 2 BESEARMIAL BULS HgaE T B, |ATN
LSRR ST . BE)S, FROTER T2 BOS PR AN PR AR b R Bk
FATHERT 1 BB AR UEF AT 5 S i T kg



#% 1| Ptk JanusFlow WIS 8. Bl LI Fn SRS HREEE . R4 SR A SRR
W . FEBTBE 2 RI4R 10,000 A2rb, AR 30 : 50 : 20 (%l LI AT T1 BEARfE

Bt 1 Bt 2 Fre: 3

EDES 1.0x10™% 1x10™* 2.0x107°
2 R FE AR fi] 5 fi] fi] 5
U R 0.0 0.0 0.0
KhBE Y 1.0 1.0 1.0
IR % AdamW (87 = 0.9, 8, = 0.95)
AL 2,000 2,000 1,000
Ul 10,000 390, 000 26,000
HER I 512 512 256
Bl el 50:50:0 14:80:6 21:70:9

4.1. UGB AN

FATWHESLEL T DeepSeek-LLM (1.3B) [7, 64] BJ—A3smiA’ . G F A (LLM)
24 4~ Transformer B, %HF 4,096 HFHKIE . FERNTHOBRI A, BRARAIA: ST 08
KN 384 [ EIG

XF 2 BUSHE, AR SigLIP-Large-Patch/16 [106] 1E feneo XFFEIBRAAL, FATH
HFIZEE SDXL-VAE [73] fERHIEEAS R AR AR Sene (5 —1> 2% 2 WY HUZ,
JEHEWA~ ConvNeXt [96] HAI—ARIEIR . L HIDER Sdec EEW/‘ ConvNeXt B, —4HT L
RAEAHEER B R TEHZ (pixel-shuffle layer) PAR—AZetEZ418. FATHY SigLIP gt
F ~300M ZHo gene M gaec AEFEHPBIR, BIME ~70M S5 K 1 A5 T RIS
BrEcyE S8 e E e, JATEEM S 6 APz J5Ry LLM SHIEFER qo(z0), FFET—A
ZJ2 MLP fER he. BATRIZEEAN 0.9 IREREF (EMA) AR IIZREE M

FERHR AL BR T, FATDOER AR AN A B R AN R A B =K. X TR 45, KA1
PR R 2 H AR RS R R I 7 E T TR R B e B G B X T AERIES, AR
R R HARRA, I RENLIE TR S DA IH 8Os . FEUIZRIBN], S THEm I ZRak
F, FNVEZAFHFT R E N 4,096 BYE—F5. FATAEIE T PyTorch [74]
ff) HAI-LLM 74 [31]. Y144 NVIDIA A100 GPU FifffT, 43MERIZE32) ~ 1,600 4~ A100
GPU K.

4.2. YIZEE i B
ANV Janus [97] MBS AP EIRICE T

B BOSE BB s . FNTHER R TP B BB = S RGSEREE . B
SRR AN A SCA K -
L5 Janus [97] HBEH RIRRAHIEL, ARUATED A SORBRHE 10T TUI%, CBOENIES TRt (i

MMBench [63] il SEED Bench [46]) _FHAEAFRIFERE. FROTMBIB 5300, ERPSEA: BT 19 5 W T3
.




% 2| GenEval JEf EMPERE. “Gen” FoR “A(”, “Unified” FnGt—Hl SRR .
JHAMRTIYN 5 A B AL A A T

2 Jitd: SHck R R W gt i HiGmte Sk 7
LlamaGen [86] 0.8B 0.71 034 021 058 0.07 0.04 0.32
LDM [77] 1.4B 0.92 029 023 070 0.02 0.05 0.37
SDv1.5 [77] 09B 0.97 038 035 076 0.04 0.06 0.43
PixArt-a [9] 0.6B 0.98 050 044 0.80 0.08 0.07 0.48

R SDv2.1 [77] 0.9B 0.98 0.51 044 085 0.07 0.17 0.50
DALL-E 2 [76] 6.5B 0.94 066 049 077 0.10 0.19 0.52
Emu3-Gen [95] 8B 0.98 071 034 081 017 0.21 0.54
SDXL (73] 2.6B 0.98 074 039 085 015 0.23 0.55
IF-XL [17] 4.3B 0.97 074 066 081 0.13 0.35 0.61
DALL-E 3 [6] - 0.96 087 047 083 043 0.45 0.67
Chameleon [88] 34B - - - - - - 0.39
LWM [59] 7B 0.93 0.41 046 0.79 0.09 0.15 0.47
SEED-X' [27] 17B 0.97 058 026 0.80 0.19 0.14 0.49

%—4A  Show-o [100] 1.3B 0.95 052 049 0.82 0.11 0.28 0.53
Janus [97] 1.3B 0.97 068 030 0.84 046 0.42 0.61
Transfusion [108] 7.3B - - - - - - 0.63

JanusFlow (Ours) 1.3B 0.97 0.59 0.45 0.83 0.53 0.42 0.63

1. S REPREE . VRRBR A oL THRI: () BEHARERE. Ri1E THkE [20,
41, 50, 51, 53, 82] MORGABRE, H0UR T2 BAS BRI Rk 1 (16, 43) MR R
FATAMIE . BURSES BN TEARE . SRR R, g, “<image> A X %
Wik, <caption>''. (b) EIFHE. F1EH RN DeepSeek-VL [64] YR
FHO . () (R4 4R FeTRHIT ShareGPTAV [11] K b S I 2531w i s o 25
Jy, BRI “<image>< AL >< A% >0, (d) ESCRER. % TR EIRE T
[42, 84],

2. PR AR . TR OB & TR B [16, 21, 41, 43, 68, 71, 82, 85] IR
BHEA 200 77 4 AR . T i1 P 46 SRS SRRy BLVR I HL B8 2 W R A DA
Bt BT SRS RIS 50 B0 16, 8] i R TIE, (R 9 T BRSS9 24
20%. 25% R A AR . AT BY TR AL AR . A AR e ot
foh < TR >< EHig >,

3. BUSCARBR. TN TE MY DeepSeek-LLM [7] ) SCATE A .

SEBB B . WEROR (SET) BirBelal#e 6 =288

1 ZEEARA B . AIRAR A (29, 33, 35, 47, 65, 80] AYHE ORI .

2. PQARBN . AR B [16, 82, 85] 1 iy o o SOW BB s A hig o < P o<
R P47 >\n\n B F:< HE >

3. aliSoAREE . FATEERE TRA [47] BASCAEE.



% 3| DPG-Bench LPERE. BRICAIAIIIRSN, AR i3y 0L A L .

Jitk &R %k Bt XR HMe BT
SDv1.5 [77] 74.63 7423 7539 7349 67.81 63.18
PixArt-a [9] 74.97 79.32 78.60 8257 76.96 71.11
Lumina-Next [110] 82.82 88.65 86.44 80.53 81.82 74.63
SDXL [73] 83.27 8243 8091 86.76 80.41 74.65
Playground v2.5 [48] 83.06 82.59 81.20 84.08 83.50 75.47
Hunyuan-DiT [54] 84.59 80.59 88.01 74.36 86.41 78.87
PixArt-% [10] 86.89 82.89 88.94 86.59 87.68 80.54
Emu3-Gen [95] 85.21 86.68 86.84 90.22 83.15  80.60
JanusFlow (Ours) 87.03 87.31 87.39 89.79 88.10 80.09

4.3. VEAE

PG ek . FRATTOE A58 T AT 1 SCHER MR AR A AL ) R . AR ot B VA 5T, F&
fITR J} Fréchet Inception Distance [30] (FID) 845, FHi15& 30,000 564 5 E %S5 MIHQ i
4 (48] WX 2% KB 2 [\ FID. FID piT5R5EE GigaGAN [39] sEil. b 7 PR SO
Bk, FAVEH THAL NHEL: GenEval [28] il DPG-Bench [34]. X LEHESE BFEPPALAE B A]
BRBMER S T AT PHERX R KR, R SRE T AT 2w .

ZEERR . RATE— RPN AR & BN BV JanusFlow )2 BT AE
DAKS TG B ARIESE 4045 POPE [52]. MME [24]. MMBench [63]. SEEDBench [46], VQAv?2
[29]. GQA [35]. MM-Vet [104]. MMMU [105]. ChartQA[70] #1 TextVQA[81]

4.4. EELR

Pel 5 2k P fE. FeAiTH 2 T4 GenEval, DPG-Bench #1
MJHQ FID-30k [AgPERE. 763 2 o, FoA145H T GenEval
RN EE IR, ST TS AR MR TS4) . Janus-
Flow JUi% 7 0.63 18155, @ T Zmg—HeZE A K
f33E SDXL [73] F1 DALL-E 2 [76] #£ I &% A s
B, R 3, RAVR/RT DPG-Bench 254 KA T
o REEREME, £ 3 PRITA T ERIAIEESNT
LA RS, GenEval 1 DPG-Bench [R5 5] T 3%
AL P R RE . FNTHER 4 gt T MJHQ FID-
30k PYRFLLEIR . HTIHE FID BRFEIB EAE CFG 245
w =2 FERFEAEL 30 W& R AR . FATTx CFG FRELA
REEALBGHAT T8 ER, IR b . A0

% 4| MJHQ FID-30k £5 9L, 55
FRATA AR BB I AR DA
iR . JanusFlow 7£ 1.3B
RSP S T i FID,

Jiik S FID|
LWM [59] 7B 17.77
VILA-U 256 [99] 7B 12.81
VILA-U 384 [99] 7B 7.69
Show-o [100] 1.3B 15.18
Janus [97] 1.3B 10.10

JanusFlow (Ours) 1.3B 9.51

FTEAEITA 1.3B LLM B8 IS T i fEtEaE . Z99IE0], Bt (vectified flow) BEAZHETHE

BB R SR, T Janus [97] 45 H [ AR,

LRGP IERE. AR 5 PIRIR TIRNBINE S Htbork (G5 B ERAg — g
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%5 | RSP AEAENIA BRI IR e, “Und” 378 “BRR”, “Unified” /R4 —BEAR-S 42
AL, SR A ANBENGRAE BB A T ARid. LLM S8R 5 3RATHIE BRI 2T )7 A
PERGN Y TN

Fom Bom LLM %¥i POPE MME-P MMB4e, SEED VQAv2{esi GQA MMMU MM-Vet ChartQA TextVQA
MobileVLM [12] 2.7B 84.9 1288.9 59.6 - - 59.0 - - - 475
MobileVLM-V2 [13] 2.7B 84.7 1440.5 63.2 - - 61.1 - - - 57.5
LLaVA-Phi [109] 2.7B 85.0 1335.1 59.8 - 714 - 28.9 - 48.6
LLaVA [58] 7B 76.3 809.6 387 335 - - - 255 - -
LLaVA-v1.5 [56] 7B 85.9 1510.7 64.3 58.6 785 62.0 354 31.1 - 58.2
InstructBLIP [15] 7B - - 36.0 53.4 - 49.2 - 26.2 - 50.1
Qwen-VL-Chat [4] 7B - 1487.5 60.6 58.2 78.2 57.5 - - 66.3 615

{272/ LLaVA-NeXT [57] 7B - 1519.3 - - - - 35.1 - 54.8 -
Qwen2-VL [94] 7B - - - - - - 54.1 62.0 83.0 84.3
IDEFICS-9B [44] 8B - - 482 - 50.9 38.4 - - - 25.9
Emu3-Chat [95] 8B 85.2 - 58.5 68.2 75.1 60.3 316 - 68.6 64.7
InstructBLIP [15] 13B 78.9 1212.8 - 495 25.6 50.7

"LLaVA-v1.5-Phi-1.5 [100] ~ 13B~ ~ = 841~ ~{i280 ~ ~ -~~~ T T T T 73 T T 65 T B0V T T - T T T LT T T T >
MobileVLM [12] 14B 84.5 1196.2 53.2 s s 56.1 = . . 415
MobileVLM-V2 [13] 14B 84.3 1302.8 57.7 = = 59.3 = = = 52.1
Gemini-Nano-1 [89] 1.8B - - - - 62.7 - 26.3 - 53.6 62.5
LWM [59] 7B 75.2 - - - 55.8 448 - 9.6 - -
VILA-U [99] 7B 85.8 1401.8 - 59.0 79.4 60.8 - 335 - 60.8
Chameleon [88] 7B - - - - - - 224 8.3 - -

_ DreamLLM' [19] 7B - - - - 72.9 - - 36.6 - 4138

BBE LaviTt [37] 7B - - - - 66.0 46.8 - -
Emul [87] 13B - - - - 52.0 -

NExT-GPTT [98] 13B - - - - 66.7

“Show-o [100] ~ — T T T T 13B° T T 738 T 9484~ T~ T .0 T T T T T 7593 T T 487 T 251 T T -7 T T T LT T T T
Janus [97] 1.3B 87.0 1338.0 69.4 63.7 77.3 59.1 30.5 343 = =
JanusFlow (Ours) 1.3B 88.0 1333.1 74.9 70.5 79.8 60.3 293 30.9 64.6 55.5

36 | M. A T OBEACEAE IS R gl . “Exp” FOR “SLET. AFhi “FID”
& MJHQ FID-10k, CFG [T w = 7.5, 244 30, “CLIP” #/R4F CLIP-ViT-Large-Patch/14
ET R CLIP MIRUEZ. 58 F 2illgk JanusFlow [ ARCE .

B B AT VRO EAE

ISR i

9% ID prpa PR M I sy WABRAE popRt vQAv2,, T GQAT FID| CLIP 1
A x SigLIP VAE'+ConvNeXt % 50,000 82.40 69.62 54.43 19.84 24.94
B v #% VAE+ConvNeXt Gi— 50,000 78.13 53.94 44.04 18.05 26.38
C v VAE+ConvNeXt VAET+ConvNeXt #%i— 50,000 75.30 55.41 44.44 17.53 26.32
D v SigLIP - (AR 13,000 85.03 69.10 54.23 - -
E v - VAE"+ConvNeXt U4 37,000 - - - 16.69 26.89
F v SigLIP VAE'4+ConvNeXt % 50,000 84.73 69.20 54.83 17.61  26.40

A AR ) B EEER . FRATRIRAUAE SRR Y T B P RS T e i, By
ZA PRI L Bk . JRATAEEREM, RO iE@ & 17 A B LLM 53500, 78
PR A RS 5 TS BT T NI TR PERE -

4.5. Rl

FATHEAT T WA RESER, DARIEFRNT R BB A R TSR E R, i
ALSCIITE 256 X 256 SR g BT . B OORARRMLE B AR RS, BT RIS AT]
gE— I 2R S FIlZR 50,000 Yk X SEAR R AR HAE TN 2RI Bess B B L s, il
U 7RI B IR ACAR . X LT SR IR Y s AR AN 6 PR

B SFRBEM . L8 A 5 F A R TAEII R R 5 AR IE AL [103] AR

2HTF 256 X 256 1A il 5L LR I A B SigLIP-Large-Patch/16, iZ%BAUAE 256 x 256 [ LiE4T T
k.
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A corgi’s head depicted as an explosion of a Beautiful surreal symbolism the A lone figure in dark robes ascends

nebula, with vibrant cosmic colors like deep mesmerizing vision of a Cleopatra Queen worn stone steps toward a glowing light
purples, blues, and pinks swirling around. of Egypt, mesmerizing brown eyes, black in an ancient temple entrance. Ornate
The corgi’s fur blends seamlessly into the hair and ethereal features, radiating arches, lush greenery, and intricate
nebula, with stars and galaxies forming the celestial aura, super high definition, true carvings adorn the scene, evoking a
texture of its fur. Bright bursts of light lifelike color, perfect exposure, razor sharp mystical, high-fantasy atmosphere
emanate from its eyes, and faint focus, golden ratio, soft reflections, bokeh reminiscent of works by artists like
constellations can be seen in the background, effect, fine art photography, cinematic Randy Vargas, with cinematic lighting
giving the image a surreal, otherworldly feel. compositing, authentic, professional. and epic storytelling.

[l 4 | JanusFlow MIPHRARETR . FATHRIRERS F -5 SCA /R TR SC— it i R

o BARIME, RAFARMFINGRBREAE MIHQ Mol BRI B 2R FID p8omns
i CLIP 73k, RMEG I EANE X Fr i3 2] T AR T, EEAe, mTHaAa1gIA T RE
FHA (LLM) PAKAE Genc F Qaec Z AISEIN T AN BRERTERE , FRATHOSM S [103] HEEHY
FERIWFFT (66, 72] AP . R FFERNTE BUR R 2 A Rk, R AA ) Z /5E
PSS 6] W 28 S5 H )2 AL RE

SUFP R L 2 ) 25 P SO o A 22 A B v G i K TR S v S B s 0 A . S BL C
FF BIRF RIS T o BB AE AL 55 (T S 2 s g D 2 i 0 5. HESEm B orh, FRATTRETE
5 Transfusion [108] JBUEETT, #£ SDXL-VAE $5AE 23 18] o o B AN AR il i 4% 58 B IE 2y
ConvNeXt fift, S:5 C RMIMMWIIGAS BN R 7 i, (EaBEEA 7%, XLER
B PR ZE SRR UE T AR AL S D A X TR T AT LA RE S s B BEAh, SEER C
HF BIUE a8 RN 27 A T 2 SO0 b s AT 2 S PR 55 R0 55

PR /A TR 2 LR . O TSI R SRR, JRATTHEA R B 25 0F T VPG TS5 %
AR —— A R R B0 SR gl . BERIBORIE S 4. 58 D Al E U5 T iX 8L IR,
HANGREdE = 5% 6 hrge—BAUMICE . S5 F 5k ST 55 % B Z MU MY PR B2 R
B, AT HESM Dt fs B AN R B T B e, FUORIME— AT 55 RO PE RERE 2 %
JUE

4.6. EPEER

TNV T AT AL R B WS P55 EREVEIERR AR . 18 1(b) S5 4 /R T JanusFlow
AR A S RE F7 o X SEE AU I 1 A B R ) s DA S i, IR E T AN HE SR R SRR 24
AR RIRE S FEZRSHEI T, B 5 R T TR, AL 7 AR R 5 Y
PURAE Sy XUEH AR SO FEBL RS [ ORI TN O LS A A A T B S A R RE
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User: What are the kinds of fruits in this picture?

JaunsFlow (Ours): The fruits in the picture are banana,

strawberry, mango, persimmon, blueberry, and lime.

Kid's Favourite Fruits

Dll
@ 7 D e

User: Describe this image.

JaunsFlow (Ours): Kid's
Favourite Fruits is a bar graph.
The x-axis shows the fruits. The .
y-axis shows the number of kids  User: How many penguins in the picture?
who like the fruit. The orange is

the most popular fruit. The JaunsFlow (Ours): There are 11 penguins
banana is the least popular fruit. in the picture.

5 | BT JanusFlow HBLRERRARE. FEMIHRLRERS A AL BILAS PRI BRARAL 55, BN 25

(ERE SeiIb/LE TR

SRR AL THEZ MR G, DAt IR JanusFlow AY3E LS A R0

5. &5

M5 7 JanusFlow, 02— AG8—HUMESRL, ACHIHCRE B [R5 R s R i &, T
SRS HE S A AL S5 . RESEREATRRY, RE - ERIIERE SR e A Y . G
X2 A ESR A RO, AN OCE YR T 24 B2 B S R A PR AR, o Rk ZRSE

— R ITRE TR 1) .
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FATHEPI N PR T UG T IRATHIRLAL : 256 X 256 F1 384 x 384, F i CKF 384 x 384 ALY 45
VERFATH) FEELERAMATIRR . FELl, FRATEEAEXNT 256 x 256 FAUMERERZR G PPAL . LS8 BEARE:
AEZEIRINZE 1 R . AEE I GenEval [28]. DPG-Benchmark [34] #1 MJHQ FID-30k [48]
PEATPRAL, SRR 2 A3 FR.

% 1| B 55 B AR

o LLM ¥ POPE! MME-PT MMBy, | SEED! VQAv2,;T GQAT MM-Vet]
JanusFlow 256 1.3B 85.3 1203.0 71.9 67.6 76.3 58.4 27.4
JanusFlow 384 1.3B 88.0 1333.1 74.9 70.5 79.8 60.3 30.9

2 2 | GenEval [28] FRJZER.

Jitk LLM S8k fipis Witk w8 Bits £ Bitust: 24k
JanusFlow 256 1.3B 098 073 054 0.83 0.63 053 0.70
JanusFlow 384 1.3B 097 059 045 0.83 053  0.42 0.63

2 3 | DPG-Bench [34] F1 MJHQ FID-30k [48] FI455%,

DPG-Bench
ik N . MJHQ FID-30k|
R %tk EYE XF R e Sk
JanusFlow 256 91.20 88.83 88.00 87.60 89.53 81.23 12.70
JanusFlow 384 87.03 87.31 87.39 89.79 88.10 80.09 9.51
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ALFEEHTEC SCHY LAION-Aesthetics [16]. DALL-E 3 1M [21]. SAM [41]. Open Images V4 [43].
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D. REPA {ijilschdi i

FATLEREL 2 3t T IR Beal 50,000 lZrk R, 6EH S5AE HIRAFFIENE (rep-
resentation alignment regularization) ) FID #1 CLIP A . AT > 8] i 22 FEIEBH T fi
M FRXFFFIE LR

E. WM EEs R

PRRAT 55 A AT 55 BN E s B 3 SR ARTE R 3 AIEL 4 o BEAE/RGIE/R T JanusFlow (1Y
ZRALRES), AR A AP AR AL HERE . TR A T T, FATRIRZAE
ML B -5 i A s IR SO 57 07 RIS 2 B SR S PR RE -

User: Explain why this image is funny.

JanusFlow: This image is likely to be a
humorous or artistic rendition of the famous
painting "The Mona Lisa" with a dog
instead of a human. The dog's expression
and pose are similar to the iconic pose of
the original painting, which adds a playful
and unexpected twist to the artwork.

User: Please write a python code to draw this plot.
User: What are the texts in this passage?
JanusFlow: Here is the Python code to draw this plot:
JanusFlow: To increase the accessibility
of this powerful model class and at the
same time reduce its significant resource
consumption, a method is needed that

# Data reduces the computational complexity for
values = [3, 7,5, 2] To inerease the accessibility of this powerful model class  hoth training and sampling. Reducing the

and m. the same Iimc. reduce its significant resource con- computational demands of DMs without
sumption, a |n§[h§d is nccdgd. that reduces ‘lhc computa- impairing their performance is, therefore,
tional complexity for both training and sampling. Reducing key to enhance their accessibility.

the computational demands of DMs without impairing their :
performance is, therefore, key to enhance their accessibility.

“python
import matplotlib.pyplot as plt

# Create the bar chart
plt.figure(figsize=(10, 6))
plt.bar(range(len(values)), values)

#Title
plt.title('Simple Bar Chart')

# Labels o )
plt.xlabel(‘Categories') User: Who is this in the figure?

plt.ylabel('Values')
JanusFlow: George W. Bush.

# Show the plot
plt.show()

Kl 3 | 2RISR
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Massive cathedral church, battle between A handsome 24-year-old boy in the middle Happy dreamy owl monster sitting on a tree
Heaven and hell, church on fire, 8k hyper real with sky color background wearing eye branch, colorful glittering particles, forest
ultra sharp renaissance by Francisco Goya. glasses, it's super detailed with anime style. background, detailed feathers.

——

TEF ]

A man wearing Fedora hat with mafia style, A vivid depiction of the Northern Lights A dark, high-contrast render of a
realistic photography, intricate details, magical dancing above the snow-covered psychedelic Tree of Life glowing
lighting, vibrant background, complex textures, mountains in Iceland, casting a brilliantly, illuminating swirling dust

rich colors, realistic style, front-facing view. mesmerizing glow across the sky. particles in a mystical, cavernous setting.

The image features a mushroom growing on The image captures a vast ocean view at A serene Chinese ink painting depicts
grassy ground amidst fallen leaves. Their caps  either sunrise or sunset, with soft pink hues a tranquil mountain village. Simple
are light brownish-white with visible gills near the horizon blending into darker clouds homes nestle at the foot of misty

underneath; the stems appear dark and sturdy. In  above. Waves crash against rugged black peaks, while a gentle river winds
the background, there's an out-of-focus scene rocks on the right, where water flows down through the village. Bamboo and pine
that includes greenery and possibly some onto smaller stones below. In the trees dot the landscape. The
structures or trees shrouded by mist or fog, foreground, dry grass contrasts with the minimalist brushstrokes reflect a
giving it a serene yet slightly eerie atmosphere. ~ smooth sea surface. The scene feels tranquil harmonious relationship between
This photograph employs shallow depth of field but also reveals the raw power of nature nature and human life, capturing the
to emphasize the mushrooms while blurring the through the interaction between the peaceful essence of the scene with
surroundings for artistic effect. dynamic waves and the solid land. elegant simplicity.
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