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Abstract

KINAT Janus, X PG —ZHRSHES A UK B BIEMESS . JEmirn 7T & oo B —
(A 2 D 28k A RS R I 46 (1401 Chameleon). RT, T 2SR5 AL BOGHE BB
PEROANTE], X R AT RS EaR itERe, UHEAE 2 BSRMF T . AfFPeX — W, AR
PSR T R S B B AR, IR R B —5E— 09 Transformer ZEA3EFTALIE . X PR A
IR fR T O IR e AR S A AT 55 TR R f (b 28, IR IG5 THEZR RIS . filn, ZHES
PRARS 2E AL AT S e ol A B B RIS . SEEERH, Janus HEHCT ARG
A kBB TS AT SR R . Janus BUTRTETE . T R IR RO E M R R 1t
G —Z PSR TRk .

1. 51&

AR, SRESKBAYEPR S RS UG T R VbR [20, 51]. FESBUSBEAROUR, #T5T
NAREE LLaVA [51] BBt BB, AN g (AR, (ORE SR (LLMs) fefg it
RIEMR . AERLSEAE AR, B9 R [9, 20, 20, 7] BUS T i filn, —28 TARER
R AT AS B A0k (73, 79], HARREC nl 59 BOsi AR Jy wA Rk,
SRS, HF N B 2 RSB 5 AR AT o5 S & [75, 77, 94). fln, Frurse
SRR 2 BESBEARE S O 2R U AN 2% [27, 28, 78], BI4n, Emu [75] 5 LLM 4t
VER TN GRY BB A 25 0, BB SO TR A R R o BRI, ™A%, XA BEREH
NEIERGE—RA, R ORE A ) RE R SR O R B, i 2 S LLM A B B A A
P R fiE

HoAh Ty 3k [77, 85, 86, 94] RAJHL— Transformer R —ZHISMR-54 WAL S5, XAR
THTSEA AR 2 IR RE T, BB TIBAERTILEE ), R TR T A . ISR IR
B RS 2 i e SR AL BRI P TAE: 55 B0 A o RIS RSP RE-55 A JUAT: 95 Fr o ) SR AR AP AE (2
FES MMEBESHMES T, WIESISaS ) H B0 S 28 UE R (FIHan R e a5
LT EE) o BRARAESS B A DU RN B PR IUE ., 169 RS ARiE SR . RE, W
e A AL AL B BT 4 SGRAE. M2 T, AR AL 55, ERE T AR
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GQA SEED-Bench Janus (Ours, 1.3B)

(a) HAMEMAPERE.

Kl 1| Janus 2 BESPRE SRR AIRESR . Janus PEREIL T DATESRSEHEM S8 — 2 BSHI DA KB 7y
LM ZBES PR, [F) R 38 KRR E A RE . IR RN 384 x 384, HMAE A L AE

TR R FF IR &2 ) — Bt FEBIASET , RALTH R FMRLEg TS, DARERS R 1 2
ﬂ%ﬁﬂﬁ@%ﬁohLWﬁE%%%ﬁ%*TH*L@W%Eﬁ@%%ﬂﬁoI%,ﬂﬁ%%
RS PRE-5 L R — A E 2 AUS BV B B 22, WA ¥ 5 T fe et i 2 B PR
B FATRAETH AT I st — X —

X — L, AR T Janus', SR AR Z BUSH-S A RIS S — 2
BSHESE . HART &, ATTIA TR e gttt ie: — R T 2B, Hn—45HT
ZRASA R, & HAHFER) Transformer ZRM5E— 03 . %7 M R R EZAET: (1) Janus 7
i T ZWOSHER- S AR R T RN RN P2 AR (R R 58, T R T TERE B8 S i i o) i 78 P LA T
A TR B (2) Janus B RIEMEF WY . @G, HESE TSR A
K H AU S ST AR . AN, Janus KRG HEMBAE L MALE, HlaS =, iE (EEG)
G B E AR, s gD PR EURAE , B S — 1Y Transformer #EfTALF.

YD g, Janus j& 0 S0, DAL AL SO 0 TR RAE P G A . JSUh, A
m&%ﬁﬁﬂTﬁmE%Z@MWT%ﬁ PR SR A 208 SGRAE, AR BN SR R E R . it
XA R R & M gnttas, RATMARGEMS T Janus WXCERHE, 5280 AR T iXFK T

2



PEFATAT R, FATT 0 B IEGE— SRS RAR-5 A OHE SR rb s AR A o g 0 E ) A
SLIGEE LR | FE SRS S AR BEENNR b, Janus BB T SECEMLYINE SRR, ik
B T HSEHIKE . EAATEERNZ, Janus R R THSSHRERG 2L AESEE (K 1),
AR, T2 BASHARELME MMBench [54], SEED-Bench [42] #l POPE [48] -, Janus (1.3B)
ARIBUER T 69.4. 63.7 F 87.0 19434K, T LLaVA-v15 (7B) [50] fl Qwen-VL-Chat (7B)
3], FERRSEAE 3L 1E MSCOCO-30K [11] FiIl GenEval [30] |, Janus Bf8 T 8.53 f#) FID 434k
M 61% HYHERRS, B DALL-E 2 [66] #1 SDXL [62] &% 3CA4: AR AL . FefiTAHTE, Janus
MR SVERE, giaHE RIS S R, (A N — ARG — 2 RSB A T Rk .

2. HBETLAE

2.1. PR K

MFEA o — MR KRR, B A ARTE T A BERARE S Transformer ZUHAAYUE AN & o
G E G RI EE A, B EARER ] Transformer RFUM S ARIC (A48 ID)
W51 [24, 65, 750 XSRS RARIEF TR ic Al , FRRAIZEMT GPT AU [64] AHJ5
e DAL, FEMETIAA [7, 8] 52T BERT X% [19] MR IIIA, @i SOl ss i A i
AR 7 R P i B AR, I HLE BN T OUBUE IR [89]. SULRHINy, RSy Hus 2 e gl i A ik
iR T NEIRIRANAE Sy 33, 67, 71], ENTEd MR AT T AR, iS5 e oA
BH AR

2.2. ZEEIRR

ZRASRIEF A (MLLMs) @& 7 3CARSEIR (6, 80, 81). il A FHN A R 5B
(LLMs), MLLMs [1, 2, 12, 51, 55, 82, 95] JEBLH SR 2 BES A RBR 5 A BAE ). T iy
BFERER 7RISR RS MLLMs 256 AR B R 2R A ik (27, 29, 36, 75, 76]. iX4E
JrEJET TEANTERE, RIAH Y B ARYE MLLM 46 A9 2 PR AL AR, 10 MLLM A< 5
HAR G HRA T A BT . BEAh, ARG A ARE 1l 2 IR AN A, S8k
FCPEREFEAEA A ELH B B 9O [27, 75).

2.3. i M2 PR S HE K

58— Z BSTRR-5 AE BUBT A N  TE AR RS S TO A R 3 AR O T R A 3R RE ) (77, 94].
I AT 1) A% 5 Ty 5 30 R B AR A AT 55 I B — e FoR, e E T HEIH (AR)
WAL (77, 85] b2 HURAL [86, 94], Bilan, Chameleon [77] SR VQ Tokenizer X} &G 474
ft, DA IR 55T 2 S BRR- S AR i SR, SXFPE0E T RE S EOR AR, AL S s nl fE
PR AR U 5 K Z [ A . AL Z R, FeTY Janus BEAS & B AFARR HT T~ JELAR AN A i
AL SEEoR, IR B [EAESS 1T RERR 2R R JZ 15 B .



Understanding Language Response: X, Image Generation Generated Image: X,,

Text De-Tokenizer |  eeeeee Image Decoder

I I

Auto-Regressive Transformer

I T I I

Und. Encoder Text Tokenizer | = esecees Text Tokenizer Gen. Encoder

Image: X, Language Instruct: X, Language Instruct: X, Image: X,

K 2 | Janus (48 . -5 DATERE H Bl s -5 A R SO R B e A A (77, 85] AT,
FATHY Janus RO GEHEAE 5000 A SR 0 J it AR . “Und. Encoder” 1 “Gen. Encoder”
ZHE “Understanding Encoder” (FRf#EIRISEE) 1 “Generation Encoder” (4 ligmtdas) MI4a
5, BOERSCREE.

3. Janus: —AWM. Gi—H RGP BN
1. 24

Janus FAAINIE 2 FoR . SERTEESOARTRME . ZBASHR AL A BT 55, FRATR AT i 4 b
T ERE IR R A AR R, B B — 58— 1Y A 85 Transformer #EA7TALEE . FAKTE, X T
SCARBRR, BAVHEARIESEAL (LLM) P E R # R SO B ID, IF3kBUE A ID
XL FRHEFR o R T 2 BSHEAR, FRATEE SigLIP [92] Snhl#s M EIG b B e 4E T SURHIE .
XLEARAE A 2-D A& SR 1-D 51, it — A FRARE Fe R X S R AR AE L 3] LLM /Y
A B TS SRS, FATERA (73] B VQ 7-ialds b RN B ID . 1eXF
ID FHE VA 1-D 5, FRATEH— A BSOS FLa kA ID XY F RS A i A B #] LLM (1)
AZE R B, FRATRX SERE PRI R K, T — A ZEASRHE) TS, I A% LLM
BEATALEE . LLM P T Sk F T 20 SCA B RN 22 BEASSRARAT 55 Th A SR TR, 170 2 B AT:
55 v A5 T ) (58 R — S B 2R A R T 3k o BEAMBEALEAE 3 MIHHESE , JRRR &1 TR
EN WAL N

3.2. Yk
Janus W25 R =10, WA 3 Fis. BAARGEITR .

Brge—: UIZRERCas SPGB L. B B 52 H AR e A 2SR N 2 U R 518 F 0
RS AR, (M LLM BER PRI G R iy Sk, I B0 28 B A2 i RE 1) . ZEILRT
Br, FATRFFLEMADETA LLM WS BRSS, COER MRS . A2 o Boas A EMR B Sk
HOEIRIEZ S 1 @



Stage I: Stage II: Stage III:
Training Adaptors and Image Head Unified Pretraining Supervised Fine-tuning

Text Head s Image Head 4 Image Head 4 Text Head 4 Image Head

11 1 t 11 1 1 11
Und. Adaptor 4 Gen. Adaptor 4 Und. Adaptor , Gen. Adaptor 4 Gen. Adaptor 4
t
Und. Encoder | Gen. Encoder | Und. Encoder | Gen. Encoder | Und. Encoder p, Gen. Encoder |

B 3 | #fil Janus R ZBrBeIZiimife. 18O JIERTT /SRS Fn B ST /A 38

FrBe—: Gi—PiNgi. TERCR B, FAH ZHESTERIATE — R ZR, f Janus REASIR] N2>
SRS A NAE S . FATYR LLM, IR A SRR a3 Edls . 2 R0s
PR AL SE L R . &2 PixArt [9] YR %, FATE e ImageNet-1k P47 fa] S A AL vE 2
WNGg, AR IR S R B A AR R U R o BEJS . FIATE P8 ] A S 31 Pl AR i e 1
B ITHOS AL E L BE T -

BrBe—: WER. fEstBrBr, AT 15 BOREHR BN SRR AT RO, DA G 4 12
TEANXS G RE T o RAVBORER LM i3 2 SNU A 25 N LT AR, R RS
FUH PR AT AL PR . B ER Janus 752 BESERARRIA MOT TR AGRE , AT NERET
S5 B AR . R, FRATR A& GE A SR B . RS B AR AL 58 A e,
PRESUAEAR A 53R A

3.3. % Hkbs
Janus @A~ H B, eI SR o JATTE R AU 0 2k -

L=~ ) logPo(xix<) (1)
i=1
Hor, P(-| ) FRH Janus MR 0 IO A& PR T A0SO BRI SBOSIRIE 5,
(THESCA P S - M SEAE AR 5, ST OAEPIRF 9] Lt S . T (a0 i
TP A4 INE SORNGIEZ P NG PRy E

3.4. i

FESERRRBL, FATHIBALR AT —4> token FUMT¥E . X TAESCARPBEAN SRS, A TEEE
PR, TN 317 AR UCRAE token . X T BRI, FATRA L2455 (CFG) *, X5
JERTY TAE [8, 26, 73] KMl BT, X484 token, logit Iy TTH AN g = lu+s(lc - L),

SLEVIZRIE, AL 10% HORRARAE SCA: PR i SCA SRR pad token, MM BERSEL A Jo 4% P36 AL
HEETT o




o Le S ZefF logit, L ATEARAT logit, s NIL/RARTIFIIGAL. TERLERTT, s /1Y
RRNEBEN 5.

3.5. W[HEMIP R
i, FATBCT R BEARAI A 0 B BC & T SL R b as . S ELELS) T

LA, (1) X T2 BCSEMArE, nTARF R ISE g IS 4s M HRAH OIS e
HAG A A5 10RE T, Bl EVA-CLIP [74], InternViT [13] 4. (2) A TAbB R PR
B, ATAR ISR 3R BR [50]. XM RS S AT B MR, i Joqixt VIT 254707
BARAIEE AT WEERA, B A —L 545 Token, BIANEMBREHE (pixel shuffle)
#4E [12]

BRI, (1) XTI, P AR AR RE A 2 i, DASETE 4 B i DR B B 22 1) P14 2
T, BN MoVQGan [93], (2) AT PAR L ALSE AL BT B, BNy ik (diffusion
loss) [46]. (3) FEMLOEA B R, WIDASS & B IE (BR2RER ) 5904 (RUaHERE ) Ik,
DAL SE A i AR i R AR ZE [79]

SRS . Janus EDULAYZEA S RERS ERAASE MBS A A% . AT SZRFZ MBS, 4 3D
mz (53] M (88] AU (EEG) [4]o sXEEAT Janus Fa a5 K ) 22 RS A2
=R

4. 4

TEATH, FAVER T —RIVEMPSER, SLEAFNTA I A2 Rl v BEAR-5 22 AT 55 b
AIPERE. FRATE SR N 4SRRI . UIGRBR AR R AG EE . Be, FRATTaR
Janus WPERE, IR H-5 HAb R o IS AR S BSHES A EE e B R BT AR . FeATad st
YT IZ B HRESER, PABAIE TR kAR . fe, FRATRME T — L thai R

4.1. Bt

TERATRI LR, FRATE R SZ R P B 4096 B DeepSeck-LLM (1.3B) [5] 1N HAiliiE
BRI, XTS5 A A dn s, FRAT%EHE SigLIP-Large-Patch16-384 [92]. AE hi4w
Mg RS A RN 16,384, FHREEIG T RAE 16 5. BRARIGE LA A A UG AR 25 P )= MLP,
FO BT SEOLR 1. G BGIETHRER N 384 x 384 R . X T2 BIASHRE,
IR, A RE (RGB: 127, 127, 127) AR E 384, XA i, &
IR 2 384, IR KNHETTE 384, FRATIEUN LRl A2 6 P 24T 0 AR = DI 0%
FATTE AN AP R vh 4 B FU BNR A Ir G 8 2R 8. 3411y Janus 1] HAL-LLM [32]
TTUNRAIERS, X2 5ET PyTorch ##E MR EHRFBUIF TR IIGHES . AN FEAEH
16 N7 S 2 R FRERT 7 K, AN A4S 8 B Nvidia A100 (40GB) GPU.,



# 1| Janus WTEAESE . L L O1HE 2 RS R . SO B AL A BdE i EE B

B Fres 1 FrEs 2 FrE: 3
ESES 1.0x1073 1x107% 2.0x107°
H RIS | Cosine  Constant  Constant
O R 0.0 0.0 0.1

T B B 1.0 1.0 1.0
efb2s AdamW (B; = 0.9, 8> = 0.95)
FREH 300 5,000 0
A% 10,000 180,000 24,000
LRI 256 512 256
a5 1:0:1 2:3:5 7:3:10

4.2. Byuic
A, ATPEAINZH T WIS B R A s S i F 1lo

BB I, FAi1fl A mEHREM S K H ShareGPT4V [10] 1y 125 J7sk B S8R, HT 21
PR AR B ImageNet-1k [18] (192 120 TAMEAS, T 08 2E i ShareGP T4V £ da 148 Xk
“<image><text>”,ImageNet FE{# 3 94 FReH R SCA: A 2L “<category_name><image>”,
BeAL, “<>" 5 FRR HAAF .

WrBe I1. FAPREIRHLALAT L. (1) discagidn. RATE %K H DeepSeek-LLM [5] ()
TGRSR ERE . (2) BSOS . A6 M WikiHow [39] il WIT [72] $dlidE. (3)
FIG R R FAIBAAR A [17, 18, 23, 38, 40, 45, 47, 49, 70] yEIB. i, FATRM
THEZ BESHAR [17, 40] g EG AT B IA . G RIA B gos ey X, Bilhn:
“<image>Describe the image in detail.<caption>”., (4) FAEHEFELHIE. FHAIFHkE
DeepSeek-VL [55] fAHR 248 IR 4 . £litg=lh “<question><answer>”. (5) MLHEA: AL
Bl FATFHIK B 28R BUR- AR, G [17, 38, 40, 57, 58, 60, 63, 70], PAK 200
T &WNHEEE. XTRE (38, 70] WEE, AR SEF IR0 EG RS #7308, RAIRE
20%. FEYNZdAEdr, FRATA 25% HUMRREEHLALEE FAR 58 —m) i, DASZRh A K Je i %o i
SRR R A LRE ) o TmageNet FEAS (18] AUFERT 12 T3 rb 8L, i H A A5t 2 %) e 4 )
HIAESS 6 . IR0 [9] By, XF A B TRIAUE S BARMB RIKBI R, R
PR PR R A 5 B . ST SR LR AE 30N - “<caption><image>”.

WrB: TIX. X7 SCARBEfE, FRAVEARA [43] gdE. T 2SR, RIOEHkRA [31, 34,
35, 43, 56, 69] WFEROIREE . XTI, FATE AR A [17, 60, 70] W EISCOH (BB I
THE) PAS 400 T3 4 NTREE . FRATR A Mg EF 748 21 : “User:<Input Message> \n
Assistant: <Response>”. X[ T ZH X%, MTER BAEA AL EPE.

4.3. VEAE

LR . TG BESEREE Sy, AR AT R T R L 1 A BT
PRI TIEAS , XSS VQAV2 [31]. GQA [35]. POPE [48]. MME [25]. SEED [42].



2 | AL BLEPRAME S I BRI bE . “Und” F1 “Gen.” 7351367 “BRMAE” A1 A7
NN 2R BB AL AR T

Aoty o LLM %4t POPET MME-PT MMB1 SEED] VQAvV2 () | GQAT MMMUT MM-Vet]
1232/  LLaVA-v1.5-Phi-1.5 [86] 1.3B 84.1 1128.0 = = 75.3 56.5 30.7

MobileVLM [14] 1.4B 84.5 11962 532 = = 56.1 =
MobileVLM-V2 [15] 1.4B 84.3 1302.8 57.7 = - 59.3
MobileVLM [14] 2.7B 84.9 1288.9 59.6 - - 59.0
MobileVLM-V2 [15] 2.7B 84.7 14405 63.2 - - 61.1 - -
LLaVA-Phi [96] 2.7B 85.0 1335.1 59.8 - 71.4 - - 28.9
LLaVA [51] 7B 76.3 809.6 387 335 - - - 25.5
LLaVA-v1.5 [50] 7B 85.9 1510.7 643 586 78.5 62.0 35.4 31.1
InstructBLIP [16] 7B - - 360 534 - 49.2 - 26.2
Qwen-VL-Chat [3] 7B - 1487.5 60.6 582 78.2 57.5 -
IDEFICS-9B [41] 8B - - 482 - 50.9 38.4 -
Emu3-Chat [83] 8B 85.2 - 585 682 75.1 60.3 31.6 -
InstructBLIP [16] 13B 78.9 1212.8 - - - 49.5 - 25.6

#5 4 %, DreamLLM' [21] 7B - - - - 729 - - 36.6
LaVITT [36] 7B - - - - 66.0 46.8
Emu’ [75] 13B - - - - 52.0 -
NExT-GPTT [84] 13B - - - - 66.7
Show-o [86] 1.3B 73.8 948.4 = = 59.3 48.7 25.1
Gemini-Nano-1 [78] 1.8B - - - - 62.7 - 26.3 -
LWM [52] 7B 75.2 - - - 55.8 44.8 - 9.6
VILA-U [85] 7B 85.8 1401.8 - 59.0 79.4 60.8 - 335
Chameleon [77] 7B - - - - - - 224 8.3
Janus (Ours) 1.3B 87.0 1338.0 694  63.7 77.3 59.1 30.5 343

MMB [54], MM-Vet [90] 1 MMMU [91].

BSR4 T AL R 7, Tl MSCOCO-30K [11], MIHQ-30K [44] Al GenEval
[30] EE. MSCOCO-30K Fil MJHQ-30K & fi] Fréchet Inception Distance (FID) #5845, ¥4 AL
WEMG S 3 7k B BRI T IR, DATE/RS UG AE B B A R . GenEval 2 —A4~ B A Hk ik
PERYEME, BRI B A AR ) I TR SEBIGR Hr ok B Wit 2B JASE 2R Y 23 £ AR
iz

4.4. 54T ikt Ee

2 BB YERE . FRATIESR 29/ I ik e Se b r G0 — B 2 S A B AR AR AT T U . Janus
TE) SE RS AL P IS T A i AR 255 . VAT, 5 Z Wi 5 — 4L Show-o [86] #H
e, FATHE MME 1 GQA $digE FRPERE > A4 TT T 41% (949 — 1338) i1 30% (48.7 — 59.1).
XIHIIT Janus RS T2 BSR4 RIS g, TR T IX AL S5 Z B haE . 5
PR 2 TR TR L, Janus ARIRORIF = BEISES J7 . Bilfn, Janus £ POPE. MMbench,
SEED Bench il MM-Vet 2248384 FET LLaVA-vl5 (7B).

ABEA AL RE . AR T Janus ¥E GenEval, COCO-30K Ml MJHQ-30K He i AL 3EA:

BEPERE. WE 3 R, FATAY Janus 7E GenEval FEUS T 61% HIBMAMERSR, T2 aimtEn
Gt —H% Show-o (53%) PAK—SEiATHIUAE RS ik, il SDXL (55%) Al DALL-E 2 (52%).



# 3 | fE GenEval JEiE b} SCA PR RGE ARG . “Und.” Al “Gen” 75l 7R “BEAE” Al
AR AN AR RO AL A b T

RH Jitk SH O R WHR i Bits frE GitEtE ik T
LlamaGen [73] 08B 071 034 021 058 007  0.04 0.32
LDM [67] 14B 092 029 023 070 002 005 0.37
SDv1.5 [67] 09B 097 038 035 076 004 006 043

A PixArt-a [9] 06B 098 050 044 080 008 007 0.48
SDv2.1 [67] 09B 098 051 044 085 007 017 0.50

DALL-E 2 [66] 6.5B 0.94 066 049 077 0.10 0.19 0.52
Emu3-Gen [83] 8B 0.98 071 034 081 017 0.21 0.54
SDXL [62] 2.6B 0.98 074 039 085 0.15 0.23 0.55

SEED-X' [29] 17B 0.97 058 026 080 0.19 0.14 0.49

Show-o [86] 1.3B 0.95 052 049 082 0.11 0.28 0.53
25 AR LWM [52] 7B 0.93 0.41 046 0.79 0.09 0.15 0.47
Chameleon [77]  34B - - - - - - 0.39

Janus (Ours) 1.3B 0.97 068 030 084 046 0.42 0.61

X R IHFATH T IEEA AR 8B 1 AN3% 4 i, Janus ££ COCO-30K Al MJHQ-30K
SAEN S A BUS T 8.53 Al 10.10 1y FID 7%, sl 7 48— Show-o I LWM, H5—
SO B U T A U R B BT a4 TR PERE . X UERT T Janus AR R R TR REF, I
i HAEA A BT T T T

# 4 | /£ MSCOCO-30K HI MJHQ-30K Jeif bxf S IP R A e i pF Al “Und.” Al
“Gen” 4y IF7R “HE" AN AR . SMBHIIZY SO AL R RC, T

PRHy iy Z¥H COCO-30K| MJHQ-30K|
DALL - E [65] 12B 27.50 -

GLIDE [59] 5B 12.24 -

LDM [67] 1.4B 12.64 -

DALL - E 2 [66] 6.5B 10.39 -

EEN SDv1.5 [67] 0.9B 9.62 -
GigaGAN [37] 0.9B 9.09 -

PixArt-a [9] 0.6B 7.32 -

Imagen [68] 34B 727 -
RAPHAEL [87] 3B 6.61 -

Emu’ [75] 13B 11.66 -

. . NExT-GPT? [84] 13B 11.28 -
EREER (pEDXT 2] 17B 14.99 -
“Show-o [86] 3B 924 1518

LWM [52] 7B 12.68 17.77

VILA-U (256) [85] 7B - 12.81

VILA-U (384) [85] 7B - 7.69

Janus (Ours) 1.3B 8.53 10.10

4.5. {IRgc

AP LB HH RS I ARAIE Janus BT HIARE. B, FATBOT S5 AR UE A L5
G ) BRI S R, FRATDFTEGE— NN 2 RS AR L 8 A Ji0 S5 BRI 55 50 o 45
RINTFE 5.



5 | RS FATRAUE 7RO S S D A R, I HURE T G NGRS 4 E AR5 ISR “Und.”,
“Gen.” ;Fn LLSE' Tokenizer” ﬁ%u%‘%/——]:\‘ “Iiﬁgn\ “/EEEE” ﬂ:ﬂ “i«%x%iﬂ%%”o

LA P G 2 WZit% POPE! MMB! SEEDT MMMUT COCO-FID|
A VQ Tokenizer PR 4+ AR 60.1 35.0 34.9 24.7 8.72
B SE. Tokenizer PR + Al 824 52.7 54.9 26.6 7.11
C SE. Tokenizer piiibi 83.9 62.1 60.8 275 -
D SigLIP + VQ (Ours) Fif#t + 45 87.0 69.4 63.7 30.5 8.53
E SigLIP piiifiid 85.9 70.6 64.8 28.8 -
F VQ Tokenizer AR - - - - 8.92

KLt ad . IR ST AT AR [77], FATEES—4> VQ tokenizer [73] Sy RIS BIARMIE BT 55 4
MR, 1AL (Exp-A). HIEE] Exp-A Hi) VQ tokenizer 1EHRIUE A B Iy THI AT HER S ,
M BEHAE 2 BSPER ERSCR AV, FATIEME T — MR ARk Exp-B. FATRM SigLIP
AR — IR X tokenizer ©, B HEREA BRI Z B UEE, XEARF G N
AHCID ARy, X5 [85] HRYJTIRZEML. 15 tokenizer RYTRAN{E B RIAEF R A TR E],

SRR RLIESRTS e . (1) A Exp-A PEERARTE, N R BRGERAE R i E TS T4
MNIERITERE (2 COCO b FID 2y 8.72), XTI, Exp-A SFATHMAL (Exp-D) 7R @b
FAERE M. (2) X Exp-B 5 Exp-A #ETHAN, 49R BoR ZRESHIAFEE AW 5T, R4
SN T IEM AR R . FEAEA T T, Exp-B BRI T Exp-Do FEATHEN XA P
AATRERYIRIA . B, 13 tokenizer RNV ESAL ID FUA HGRINTE SGEBTE, Jy LLM 246 73
FRH H AR HU, Exp-B PRMEREHSHEREZEL T Exp-D F1) Gen. %ifddi. (3)
N IRIE ] B — e g 2 15 & S B RS HR-S A R AU, AT Exp-B t—
AT T Exp-C, SEREHET SRS %. Exp-C W BISHREE N 23T Exp-B.
X R Exp-B A B SE S 5 a7 2 BOS B -5 A 2 (S A, e i T S RS B A
RES7. ARSI I T AR AL 0 B P E B

i B vs. AP AEAR. RAOTHE TS —UI% (Exp-D) S4isif# (Exp-E) FIaid: i
(Exp-F) YIZRAYTERE. X TLUBRARIILSE, FRATE M T 000 A s s X Taid: ol gk, FA1HE
B T BRI . YRR, G U AT B SRAE PR R R AT T P TR [, SE— I RN
A SN GRAE A e A B AT AP R . SEIRAE R RN, G — NIRRT BE -5 DUEH R B AR
ol X A SN ZRA PEREA 2 o ICUEPAFRAT TR Janus BEASTE R A 58 KA ISCRE 7 1 [
X Z B HRPERE R 52 P A

4.6. PR

HLBE T AR EE R . 1R A SR T AT BT AL (4 SDXL [62]) DA H R4
2 LlamaGen [73] Z[RMETEXS L. F5REM, FATRBAEILE R By T R B H S L 5

318 X tokenizer {UTENY S AR HORAGELL A . ARG, FoATFEE LI A TR VQ tok-

enizer [73],
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SDXL LlamaGen Janus (Ours) SDXL LlamaGen Janus (Ours)

with golden plumage perched on a
in a magical forest. swirl around while ethereal
mist rolls through the trees, illuminated by swirls of

A close-up high-contrast photo of
, under a blue night sky of roiling energy,
,and .

A detailed portrait of , featuring his two faces looking in opposite , exploring an alien planet

directions. and a wise, contemplative expression, . -3

while , exuding vigor and curiosity. His hair is styled in s ?mldSt sw1r1.1ng dune's of The landscape
framing both faces with a sense of divine symmetry. The artwork is rich in contrasting colors, is dotted with glowmg and ethereal terraforms,
with » symbolizing winter and reflection, and creating a surreal environment in which

, representing spring and renewal.
, adorned with stars and symbolic motifs of time and passage.

K 4| 45 LlamaGen fil SDXL LA e PExt be. Janus A 5 R 5 P H2 R 1 22 B0 3
U —Ek:. SDXL., LlamaGen FIFATTH A B 15 43 H5% 5 5k 1024 x 1024, 512 x 512
1 384 x 384, HWAEStm FAF.

depict the endless dance of distant galaxies.

L ELERETT, RERSUERNRIHE H S as i s Y R 1Y . X R IHGE— R A E L S0 A i LA
ERWE . EL2 USR5 B akE).

Bl (MEME) EMZEEMR. & 5 JBR T Janus WEBESHMEE N EEgR, 1Y
Chameleon [77] F1 Show-o [86] #4T7 T X . Janus BEGSMERAMRILEMGIL S, HmHE SR8 R pr g
KR, M2, Chameleon 1 Show-o ZE AR B EE P i) SCA T IS FAAE R ME . AP,
Chameleon 7 AEIH H i AH B i1k, 17 Show-o MIESRFINT T MMFi6,. XL TR, 5
Chameleon Ml Show-o i i (3L R D EAI L, MR I SE a0 2% S 32 T 1 Janus FO4IRLEE
ZRGSIERRE ). R 2RSSR GRS B hkE.

5. &k

AT, AT T Janus, — MR GE— HATY A SRS 5 4 SR AL. Janus Y%L
FEARE 5 2 B BRAR-5 A 0 A DL e S AT AR, A BT G AR BEAR5 A 1A 55 X L B 2
PERRIE RS R HhsE. KESCIRIEM T Janus BARCMES56ERE. (8 ERE, Janus
HA R RIGETE S TR . B 72 BES AR5 A4 07 i 2A B RIERTHE 1141, Janus 36
STV AN EZ ARG . IR LHRY], Janus 805~ — U BEESl ARZLAGIT A4
=y
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User: What is the meaning of this meme from the top panel to the bottom?

Turing Award c
& Janus (Ours): The meme is a humorous take on the concept of a

. The top panel shows a man in a red jacket with his hand
up, seemingly confused or surprised, while the bottom panel shows the
same man with a smile on his face, seemingly pleased or proud, as if he has
just won the Nobel Prize. The meme is a play on the idea that the man in
Nobel Prize the top panel might be
In Physics , while the man in the bottom panel seems to be
genuinely happy about it.

Chameleon: The meme is a visual representation of a conversation between two people, with the top
panel featuring the text "I'm not arguing, I'm just explaining why I'm right" and the bottom panel featuring
the text "No, you're not." The meme is using a technique called "irony" to convey the idea that even though
one person is presenting themselves as non-argumentative, they are actually being argumentative. The use
of the phrase "I'm not arguing, I'm just explaining why I'm right" is a common tactic used by people who
are trying to avoid an argument but are actually engaging in one. The meme is poking fun at this tactic by
showing the person's actions and words as being in direct contradiction to their claim.

Show-o0: The meaning of the meme from the top panel to the bottom is that it is a humorous and light-
hearted depiction of a man wearing a yellow hat and a red jacket, with the caption "I'm not a fan of the
sun." This suggests that the man is not a fan of the sun, and he is using the sun as a metaphor for his
feelings or emotions. The meme is likely meant to be humorous and entertaining, as it combines a serious
subject with a lighthearted and playful approach

User: Explain this meme.
[DecouplingdVisualfEncoding}
an S el Vi 1 Janus (Ours): The meme is comparing two
> 5 Shgts different types of neural networks used in
o machine learning. The first type is called
" ," and the second
j type is called " ." The meme
¢ - { is trying to convey that the first type is
ol 4 A o ,
= = while the second type is

Chameleon: This image shows a cartoon of a pig and a bear side-by-side, with the text "When you're a
vegan and your friends still order sausage and bacon" above them. The image is a humorous take on the
challenges of being a vegan in a non-vegan environment, where one's friends or family may not share their
dietary preferences.

Show-o: The image features two dogs, one brown and one white, standing side by side. The brown dog is
positioned on the left side of the image, while the white dog is on the right. Both dogs are looking at the
camera, seemingly posing for a picture. The brown dog is slightly larger than the white dog. The image is
captioned with the phrase “I'm not a dog, but I'm a dog.” This humorous statement is accompanied by the
image of the two dogs, emphasizing their ...

K 5 | HaEkBE b 2 AR e RS AL . FRATREEL A1 52 5 Chameleon-7B [77] #1 Show-
o [86] HEAT T X . FRATEMIZ o T B S . PR RO A
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ipTs
A TR B B R S vl s At

A1 i S W ZR A

Semantic Reconstruction Loss
Pretrained SigLIP

Semantic Decoder

19 97 822
Lookup Codebook

CNN

— Vector Quantization = 96 | 701 | 100
Encoder
66 88 99
Pixel Decoder
Discrete Visual Tokens
RGB Reconstruction Loss
(a) Architecture of Semantic Tokenizer
19 97 822
e Lookup Codebook
— Vector Quantization —» 9 | 701 | 100 —  Semantic Decoder
Encoder

66 88 99 l

Discrete Visual Tokens after VQ

Adaptor
19 97 822 l
Pixel Decoder ——————— 9 | 701 | 100 *— LLM

66 88 99

Discrete IDs from LLM Prediction

(b) Architecture of LLM with Semantic Tokenizer Integration

K6 | i ol SN R (a) YIGRiE o r)ae i O T A9 2844 . AT TR Tl 2R
SigLIP [92] e MR S5 B EE, Al 6E ] JRs GOk il RGB EHIEE . (b) KRG HH
B (LLM) Sif U astenl. 15 SURRD s BA w215 U ESARAE, X LRk 2 i@ i
¢ (adaptor) ZbBEJS, fEH LLM RURIA . TR, 15O as (U Sc s b [T, RAE 3258

i .

FATEET [73] A4 i Tl A R i TR SOl R ORAERN 16, BT JRUA Y CNN
BEMBHARIL, BATER R AL (Vector Quantization) Z JSHSINT —ANESNKTE SARTEAR 73,
WM 6 (a) Frs. i SURiSE 2 — 12 2/ VIT [22], 485 12 MEEL, REBUZ4EE N
768, XTI AY, FATENPRIRIER SR (causal attention mask), PAEFES LLM 4

R HE S — token [T .
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A.2. %k

NZRERE . o5 ol R I By sSU K. ZESE—BrEe, FAT7E TmageNet-1k [18] ¥
£ YNGR 40 4> epoch, FE55 e, FATTAE 5000 J7 5K KB EXBALHEAT 1 4> epoch B
o IXLEEMGORYET Janus SIS A2 o 60 B e A s . FRATEEIT Te — 4 R E %> 2
A1 128 ALK/ (batch size) .,

IR o 1 SOl ar N SRR e PR o 4Lt —J7ihn, FRATRA [73] hfifiidig RGB HE i
Ko T, A SigLIP-Large-Patch16-384 {1 #UMMLAL, Sfe HiFHE SUB S TE Uk
EEEAE R . FATRA T BEIT-v2 [61] ik ek, BARME, JATHA A RS i
ATE SCRFAES SigLIP 46y th 2 [ A A Z AR o v SCHE B SR OAN LB 0.25,

A.3. 5 LLM 4Rk

FANHER 6 (b) HE/R TiE b5 LLM 800, B E foilid CNN Fafdas. e
PRITE AR SR AN ESRE . )T, LLM AP SRR AR R ID iRigi R . &),
BRI L8 B ID $24efm] RGB fH.

B. @S tEaR

WS TBALEER . BATIER 7 R T2 R SCERSER . AR, Janus BEAS A B R
HEERIGR Eon g . AT P HRR TR ZIEF SCEREET, WA 8 Fn. 2
Nig g e, AT GREE A & P SO B, Janus 3SR REMS A B AR 5 19 SCE
FIL S5 o AR 215 5 B8 T IR KB SRR A N TERFIE . LLM ¥ S0RF25 Pl 5 A
PGB SR, (AT Janus JEREEIMIIGRRI ] B SR AT SCAE BT S5

WL L EREMRER. K 9 R T EL ZEESHREIR . TEARE B AR LT SChy%m AR,
Janus R T NEVRIRZIBRARRE ), % W T HR KA TERE.
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a young woman, looks like mix of Lana Del Rey and
grimes, flowing cool colored hair, marbled, iridescent,
shoujo manga, pre-raphaelite, k-pop, gilded, pearl,
spun silk, clouds, ghost, glowing jellyfish, billowing
gossamer cloth, Alexander McQueen, handmade lace,
floral embroidery, snakeskin, dramatic lighting

a cute fluffy chubby marmot sunbathing on a pile of
rocks, snow mountains background, turquoise glacier
lake afar, clear blue sky, highly detailed, golden hour,
natural light, octane render, unreal engine

Real photo of a cup of hot steaming coffee and a
brass vase with a large bouquet of spring flowers by
an old oak window at sunrise, fine details, rich
colors taken with a nikon z6 camera and a nikon
nikkor lens with 50 f5.6 iso 100 and a shutter speed
of 1400 knot. UHD dtm HDR 8k

epic 3d portrait of white King Kong

wearing mech
armor made of black crystals, golden ornate around
the armor, symmetrical body, hyperrealistic, intricate
details, shiny, cinematic, unreal engine, artstation,
octane render,

Portrait of a beautiful, curvaceous, Pirate princess
goddess babe, red hair, intricate ornate costume,
Caribbean background + outdoors + Ocean, painted
by ArtGerm, Alphonse Mucha, Roberto Ferri, Ross
Tran, Pixar, low angle shot, digital painting,
cinematic rim lighting, Unreal Engine 5, 8K

Tiny cute adorable mouse dressed as a king in a
castle, anthropomorphic, Jean-Baptiste Monge, soft
cinematic lighting, 8k, intricate details, portrait,
Pixar style character, old fashioned movie style

a panda that has
enhanced more cybernetics3d 4k unreal
engine chaos 20

Tiny cute adorable fluffy baby raccoon with
knitted blue scarf leaning at a table in a
medieval pub holding a coffee cup,
anthropomorphic, Jean-Baptiste Monge, soft
cinematic lighting, 8k, intricate details,
portrait, Pixar style character, old fashioned
movie style

traditional clothing, blue eyes, brown hair.

Y4 &
1R e ol

a— e

Architectural parametric pavilion made
from wood and glass, with organic cavities,
surrounded by a beautiful forest. Dramatic
scene, photorealistic, hyperrealistic,
raytracing reflections, 8k hd, intrincate
detail in the style of Frank Lloyde Wright

15

been cybernetically A stunning princess from kabul in red, white The ultimate wrist watch watch time machine ,

super advanced technology, holographic
display, intricate mechanism.
- N

Beautiful surreal symbolism the mesmerizing vision
of a Cleopatra Queen of Egypt , full body ,
mesmerizing brown eyes, black hair and ethereal
features, radiating celestial aura, super high
definition, true lifelike color, perfect exposure, razor
sharp focus, golden ratio, soft reflections, bokeh
effect, fine art photography, cinematic compositing,
authentic, professional by Rorianai style 36k s1000

W 7| EESUERIENESR . N TR E R IACRCR . AR R ERAER 1024 X 1024



LlamaGen

Janus (Ours)

A realistic photo of
snowy mountains with
sunlit peaks glistening
under a clear blue sky

BR—KEIISKBA, B
BRI T B9 L I 70 5 B Y K
RTREER. AIRPHA
HESHEATES HX
SABRRMBUREERT

Une photo réaliste de montagnes
enneigées  dont les sommets
éclairés par le soleil scintillent sous
un ciel bleu limpide. Au_premier
plan, de grands arbres 4 feuilles
persistantes saupoudrés de neige
ajoutent de la profondeur 4 cette
scéne alpine & couper le souffle.

BHY>TEZOT. KBBIC
BoINFIEIEC LD
UTNEER, BIEROTIC
HhEEOFVEEE. B
EOCESBTILTAOEE
ICRHPEEZTWD,

A realistic photo of =~ &
with * under a clear blue
sky. Tall, snow-dusted #
in the foreground add
depth to the breathtaking
alpine scene.

8 | 5 LlamaGen (73] X FCRYZ 185 SCA EIA BUREAS . THYERE, FRATZENZR (U ) T 33050
A B, ORI B B —FRRE T . PRl P R RTEE BRI YC - S8R O, A
it HIBEA LA RIS I 3ih .

-

Prompt

Generate the latex code of this formula.

/ Prompt

What algorithm does the image depict?

~

An=ag

\
)

AN

Response

A_{n}=a_o\left[ 1 + \frac{3}{4}
\sum_{ k=1}"{n} \left( \frac{4}{9} \right)"k \right]

A J
ﬂ’rompt \

Generate the matplotlib.pyplot code for this plot.

L
/ Response

The image depicts a CLIP (Contrastive
Language-Image Pre-training) model. The
CLIP model is a type of pre-training algorithm
that combines the power of language and
vision to learn a unified representation of the
world. The image encoder processes the input
image, and the text encoder processes the text
associated with the image. The output of the
text encoder is then used to predict the correct
pair of images, which is a key component of thE/

CLIP model.
/ Prompt \

‘Why is this painting interesting?

Hogs

Frogs

Dogs.

\

@ponse

The image you've provided is a pie chart that
represents the distribution of different types of
animals based on their frequency. The chart is divided
into four segments, each representing a different type
of animal and its corresponding percentage.

Here's the code to generate the pie chart:

AN

*“python
import matplotlib.pyplot as plt \ /
# Data
animals = [

{"name": "Hogs", "frequency": 30.0}, \

{"name": "Frog", "frequency": 15.0},
{"name": "Logs", "frequency": 10.0},

. " "Dogs". "f A . . . . .

] ST ey Ty BT This image is an interesting piece of art

# Create the pie chart because it combines a well-known painting, the
plt.pie(animals, labels=animals, autopct='%1.11%%', "Mona Lisa," with a dog. The dog is depicted in
plttitle.set_text(Frequency of Animals) art styles and subjects, making it stand out.

startangle=90) the same pose as the Mona Lisa, but with a
# Show the plot /

# Set the title and labels different expression and a different
plt.title('Distribution of Animals') background. The painting is a unique blend of
}‘)%t\.show()
K9 | 2 ZHESHELR . Janus AR RN ZBESHMRE Sy, BEAS LR B & Fh 1 H U
A, BlanREEER . ZARMEREGR . LaTeX A:EBSE.

Response
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