Lumina-mGPT 2.0: Stand-Alone AutoRegressive Image Modeling
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Chameloen-VQ SBER-MoVQGAN
ViT-VQGAN MaskGIT-VQ LlamaGen-VQ (Lumina-mGPT) (Lumina-mGPT 2.0)

& B | ) '

Figure 2: A[A] FIRARCA I FUR SR . FUATR/R T8 20 GHE 58 rm it i DRI BAR 47, DA/
BRER S ICA I TERE .

Tokenizer Year Ratio PSNR 1 SSIM t LPIPS |
VQGAN (Esser et al., 2021) 2021 16 x 16 18.70 0.48 0.17
VIiT-VQGAN (Yu et al., 2022a) 2022 8 x8 18.88 0.60 0.16
MaskGIT-VQ (Chang et al., 2022) 2022 16 x 16 18.55 0.47 0.19
SBER-MoVQGAN (Razzhigaev et al., 2023) 2023 8 x 8 22.77 0.63 0.08
LlamaGen-VQ (Sun et al., 2024) 2024 8 x 8 21.91 0.61 0.09
Chameleon-VQ (Team, 2024) 2024 16 x 16 18.63 0.47 0.18

Table 1: Jif7 G/ inl#e i EEERE . FRATT 3 24E MS-COCO ¥4l 4L L iPAl & Fp e 5 i # i Ead Febn ()
11, PSNR. SSIM # LPIPS) (Lin et al., 2014) ,
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Lumina-mGPT 2.0: Stand-Alone AutoRegressive Image Modeling
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Figure 3: i3 B W -DEHHA T RO A FIR A AL 55 o AR et i R B fai sy (BEHE s A v
HEMSHRR), HAERCN FRR 1 LT 30515

Model Params Vocabulary Size Hidden Size Intermediate Size Heads KV Heads Layers
Lumina-mGPT 2.0 2B 171,385 2,048 8,192 32 32 32
Lumina-mGPT 2.0 7B 171,385 4,096 11,008 32 32 32
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Lumina-mGPT 2.0: Stand-Alone AutoRegressive Image Modeling

Generate an image of { width } x { height } according to the

Text-to-Image Generation following text prompt: { User Text Prompt }

Generate a dual-panel image of { width } x { height } where the
< [2k34> > displays: { Object Description } , while the < T
355> > shows the image according to the object and following
prompt: { Subject Driven Prompt } .

Subject-Driven Generation

Generate a dual-panel image of { width } x { height } where the
< [2f#p4r > displays an image: { Image Description } , while
the < 2f:#34)> > shows an image according to the upper part:
{ Editing Instruction }

Image Editing

Generate a dual-panel image of { width } x { height } where the
< B4 > shows a image, while the < '}
2384 > displays the image according to the upper part and
following prompt: { User Text Prompt }

Controllable Generation

Generate a dual-panel image of { width } x { height } where the
< [ 2E#4y > displays the image according to the following
description: { Image Description } , while the < 2% 4> >
shows a image according to the upper part.

Dense Prediction Tasks

Table 3: Lumina-mGPT 2.0 (RSN, < LMo > B < Lo > REIKTAF, HorGn .
SR TUHES , EIRLGRN . WEMT . BEHHE.
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Lumina-mGPT 2.0: Stand-Alone AutoRegressive Image Modeling

Step 1: Identify the objects: Hot dog and Suitcase.
User Promp'l’ Thinkin g Step 2: Identify the position relationship. The hot dog positioned to left...

A photo of a hot dog Step 3. Consider additional details for clarity & realism. The suitcase is ...
left of a suitcase. Step 4. Set the scene to add realism. I chose an airport table because it5...

Result: A hot dog resting to the left of a suitcase on an airport lounge table.

Random

Sampling

Figure 4: i BUECRARARE . AT E S5 E M P04, FFXHIEAT AN 5 B DAL 35 5 I BE R E BIE . Bl
FAT ] R N SHEms A 1) s Hh et AL 1R
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System Prompt:
You are an Al assistant specializing in refining user prompts for text-to-image generation models. Given a
user’s input prompt, analyze its clarity, specificity, and expressiveness:

« Ifthe promptis nonsensical (e.g., “nfkjsdfkalsdadas”), infer a reasonable random image concept.

« Ifthe prompt is ambiguous (e.g., “A transformer made of glass”), clarify and elaborate on the intent
while preserving the original meaning.

« Ifthe promptis too simple (e.g., “A photo of a dog”), enhance it by specifying details such as breed,
environment, lighting, and composition.

« Ifthe prompt is already detailed and well-structured, leave it unchanged.

/Ensure that the final output is a refined, expressive, and logically structured prompt\
that maintains the core elements of the user’s intent while optimizing details like
scene, materials, style, and atmosphere. You are a reflective assistant. You need to > ()
think about the user's real needs step by step, analyze the user's prompt step by step,

and show your step-by-step thinking process and the process of modifying the
\prompt. Finally, use <results> to split the refined results <results/> Y,

-

origin prompt: a photo of a bench and a sports ball > &

A

Step-by-Step Analysis \
1. Clarity:

- The prompt is clear in specifying the main subjects: a "bench" and a "sports ball."

- However, it lacks details about the type of bench (wooden, metal, park bench, gym bench, etc.) and the type

_@_ < of sports ball (soccer ball, basketball, football, etc.).

2. Specificity:

- There is no information about the setting (e.g., park, stadium, backyard, gym).

- No mention of time of day, lighting, weather, or mood.

- The composition is vague—where is the ball placed relative to the bench?

3. Expressiveness:

- A simple "photo of a bench and a sports ball" does not evoke a strong visual image.

- Adding atmospheric details like lighting, weather, and condition of the objects can make the scene more
compelling.

Refinement
To make the prompt more vivid and engaging, I'll add details while keeping the core elements intact.

Enhanced version:

"A weathered wooden park bench sits under the soft glow of the golden hour sunset, surrounded by fallen
autumn leaves. A slightly worn leather soccer ball rests gently against one of the bench’s legs, suggesting
recent play. The warm light casts long shadows, creating a serene and nostalgic atmosphere."

This version enhances:

- Setting: Park with autumn leaves.

- Mood: Nostalgic and serene.

- Lighting: Golden hour for warmth and depth.

- Composition: Ball positioned against the bench for a narrative touch.

Final Output

<results>

*A weathered wooden park bench sits under the soft glow of the golden hour sunset, surrounded by fallen
autumn leaves. A slightly worn leather soccer ball rests gently against one of the bench’s legs, suggesting
recent play. The warm light casts long shadows, creating a serene and nostalgic atmosphere.*

</results>

/

Figure 5: —“Jil/il GPT-do 5 MUB AL BI T . SR RIA TSR ES R, PAEA— A
B, BB B .

3.3.2. I ERAE

WAL Ak, AT Ak GPU NAEE Al #E P, FRATHEH TorchAo (torchao maintainers and
contributors, 2024) X} Lumina-mGPT 2.0 [ g [ f#FEEEL TG Bk . 2 BRI E R AL
R 128 JUA- Y 4 AL, [RIBPRFEE K AR AEAE bfloat16 K B2 DA I i Rk . FIH
PyTorch 2.0 (Ansel et al., 2024) W AR 1% T E AL, F{ T torch.compile FIE/NT AT
ANEEAE, RENZASEEAESEL . RS, XML RTETTE XA ST
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Methods # Params GenEval 1 DPG 1

Two Obj. Counting Color Attri. Overall Entity Relation Attribute Overall
Diffusion Models
SDv1.5 (Rombach et al., 2022) 0.9B - - - 0.40 74.23 73.49 75.39 63.18
Lumina-Next (Zhuo et al., 2024) 1.7B 0.49 0.38 0.15 0.46 83.78 89.78 82.67 75.66
SDv2.1 (Rombach et al., 2022) 0.9B 0.51 0.44 0.50 0.47 - - - 68.09
PixArt- @ (Chen et al., 2023) 0.6B 0.50 0.44 0.07 0.48 79.32 8257 78.60 71.11
SDXL (Podell et al., 2024) 2.6B 0.74 0.39 0.23 0.55 82.43 86.76 80.91 74.65
SD3-medium (Esser et al., 2024) 2B 0.74 0.63 0.36 0.62 91.01 80.70 88.83  84.08
Sana-1.6B (Xie et al., 2025a) 1.6B 0.77 0.62 0.47 0.66 91.50 91.90 88.90 84.80
DALL-E3 (Betker et al., 2023) - 0.87 0.47 0.45 0.67 89.61 90.58 88.39 83.50
OmniGen (Xiao et al., 2025) 3.8B 0.86 0.64 0.55 0.70 - - - -
Lumina-Image 2.0 (Qin et al., 2025) 2.6B 0.87 0.67 0.62 0.73 91.97 94.85 90.20 87.20
AutoRegressive Models
LlamaGen (Sun et al., 2024) 0.8B 0.34 0.21 0.04 0.32 - - - 65.16
Chameleon (Team, 2024) 7B - - - 0.39 - - - -
Show-o (Xie et al., 2025c¢) 1.3B 0.52 0.49 0.28 0.53 - - - 67.48
Emu3 (Wang et al., 2024b) 8.0B 0.71 0.34 0.21 0.54 86.68 90.22 86.84  80.60
Infinity (Han et al., 2025) 2B 0.85 - 0.57 0.73 - 90.76 - 83.46
Janus-Pro-1B (Chen et al., 2025) 1.5B 0.82 0.51 0.56 0.73 88.63 88.98 88.17 82.63
Janus-Pro-7B (Chen et al., 2025) 7B 0.89 0.59 0.66 0.80 88.90 89.32 89.40 84.19
Lumina-mGPT (Liu et al., 2024a) 7B 0.77 0.27 0.32 0.56 86.60 91.29 84.61 79.70
Lumina-mGPT 2.0 f 2B 0.83 0.50 0.54 0.68 87.37 90.03 84.79 82.05
Lumina-mGPT 2.0 7B 0.92 0.57 0.72 0.80 88.94 91.70 88.08 84.30

Table 4: 7£ GenEval (Ghosh et al., 2024) 1 DPG (Hu et al., 2024) H#E |, K[EJ T2I BB P PEREXT I . T 32
7~ GenEval 2R ANTRAEMALRIE A L5 . AT BIXTPHORT AR 1) ficfE A 28— g5 R T TR BN .

AR 1 DL SE BT«

HEN Jacobi figfith. FRATE L R HEN Jacobi fi#h% (SJD) (Teng et al., 2025) SR HGHERIEHRNE, %
J7 P E I Jacobi 4 (Santilli et al., 2023; Song et al., 2021b) 3£ SR REEFLE A . SID 3] A
TR SO W{ED’U*ETE@%%H H fT*TlEﬁJ\?ﬁZIEﬂE/JM%I:Eﬂéﬁ Fric, MIMTESR A
2R ) [R]  SE AT ARG

RS, FRATTHY H bp i 36 A A AT AL B AR SID SR AERAE . ST, — KPSk H SID
XFEES KV AR A K o T (i) EEIB%EE%EP KV Gt s e 2B R i i PRI B4 SR EL 3K
ixﬁui“'{: SID i 51 AGE ALY 13X — kil HAARic nl 58 AR A Svs HE R 32 s fE 4

T D RIE GAPARAE IR AT AL P S BERIARIC IR o XA 8547 4 -5 i B Vit I 64 B A
{Flﬂﬁe, BIAAE torch.compile HHEHRLE , EATER—ANEESH . FIECH KV ZA7PALE AL A%
H /MU B R T4 o

N T EGEXA MG, AR TP T SID WS KV R ERS I R R R, Ml s
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4.1. AN

YIEHR . FATHY T21 Y1 %4k 4 2 M Lumina-Image 2.0 (Qin et al., 2025) Hr2 B — 14,
& BRSO dE . ZEdRE4E % T A OmniCaptioner (Lu et al., 2025) A .C ik & A1 EE B bn
Ho SF2E5I0%, T ARRIMEdESE: EOK A AT 4 T Subject200K (Tan et al.,
2025) , ZwiB LS5 T OminiEdit (Wei et al., 2025) , Jf FLA] 45 £F BRI 25 48 700 4 55 2 i 4 A
T21 HdasE P FEALAMEL 200,000 4 HF A1

Ry . FITRWFTE (Qinetal., 2025) B4R, R EEIG B4R TIERE, Frnl@remi
HEBRAWH. B, FATAIZRRAER N =B Biiy 7 25 5 580E 256px T LA 2e-4 2] %
PEATRRAFTN S, SN)STE 512px Ml 768px T LA 2e-5 {y=# ) ARUEA TR . BB RBL, 2t
KOR/IME 512 3] 1,024 2 [F] 3754 . Lumina-mGPT 2.0 S Hr Bl A4 an T - 256px Bir
Beffi ] 5000 J5%de, 512px FrBefli ] 1900 Ji %, 768px BrBefii il 800 %t FfEHEAH
B/, BdnmEE R . IraIIZIS7E 64 B A100 GPU _EiEFT 011 X2k

PEAG R . FATR 2 b T21 P48 3L v 5k 34 Lumina-mGPT 2.0, f14% GenEval (Ghosh et al.,
2024) 1 DPG (Hu et al., 2024) , HMXAES 5425 553 Fil 1065 MNMER . X LG HR £ 2 TP
SCAR-FEBXT 5. 1eAh, FRATEE A GenEval #EAT AT TE M ST, DATGIETR AT B4 HHE 3 SR W 1) A A5
WF 2 AR5 1AL, F-ATR A | VisualCloze (Li et al., 2025a) $ H 3l , X FRATRENS 20 71 i H
1000 AMEAS A PEAL AT 428 2E BURT F2 R Bl 2E 11 BE

ARG A . FATESR 4 T Lumina-mGPT 2.0 55ei#t Yy T21 A= A yETE A S E BT T
8o HATWBZISLI T 5 AR BLAVRIE TP BA 8 (f245F Emu3 (Wang et al., 2024b) | Janus
Pro (Chen et al., 2025) , # % Lumina-Image 2.0 (Qin et al., 2025) ) A48 ¥ mitkae. [EEE:
Es2, Lumina-mGPT 2.0 JUf5% T 0.80 [ GenEval 1543, i 41 AR A . BILHAE
5 “BiNR” fcpitgErE” #H5n GenEval iR 4. LAk, Lumina-mGPT 2.0 /15 T
84.30 1) DPG 1543, Mk T2 /A AR S84 ) _FRR .

JEAEZATSS - A E 2 Lumina-mGPT 2.0 — ==
FENT A O TR AE ST, A0 ?? P, ALK

DINOv2{ CLIPI+  CLIP-T#

N ~ g - OminiControl (Tan et al., 2025) 73.17 87.70 33.53
FARIRSN A O T BE ST, W3R 5 Frs. 4558 OneDiffusion (Le et al., 2025) 73.88 86.91 34.85
B7~, Lumina-mGPT 2.0 /E-5—A4~i8 1938 OmniGen (Xiao et al., 2025) 67.73 8343 3453
ZH;%;:@ %:ZIJIE 'CIZ'I @ EEH:% EE E}Z@ﬁﬁ 'E ;E })rd T Lumina-mGPT (Liu et al., 2024a) 60.94 70.63 30.16

o N )
TRZ%EfE, 7E Canny FI Depth £ F I Lumina-mGPT 2.0 76.60 87.37 33.90

PSSR, FIBPIRFR SRR [ o
ISR —EpE . fEEARIRSES 11, Lumina- ¢y gememnim somg clip 48k, G546 It i
mGPT 2.0 4 EUR R TR TR pgwaon. sk, RO T Sk f s
G%t T, HAEEG— BRI ORI T 2

T A NEIRAI 2

4.1.1. EEERMR

ARG FATHER 6 PRIRT T21 AR, R T BE & s R AL S N 207 THI Y
PRI, W) 12925, Lumina-mGPT 2.0 AEMEAT AL OB EM A . 2 NI IR S,
VAR BN R RSO BT eAh, BEAEA S R IR IERZhY) . AR AL 5
PAB R BEE PR PR S Bk O R BN 0 . X SR TR A e AR R /R RE T, iR R
LU BASIERANG I EH A IA

Beah, AR M T Lumina-mGPT 2.0 5 Janus Pro M H i & Lumina-mGPT 1) T2I 558, 41
Kl 7 fr7n. Lumina-mGPT 2.0 7EE S0 407 A1 PR T e /s 1 B 38 ik, NG 7 Hmi &,
T Janus Pro. A AT EMG EA GO SCE . ORI 0 BRI sR A B, AR L
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Janus Pro-7B Lumina-mGPT-78B Lumina-mGPT 2.0-2B Lumina-mGPT 2.0-7B

| - . - i I
v Z z ) )

A man with shulder—length blonde hair and deep brown eyes sta.ndsasually in a room. He's wearing a simple white t-shirt that contrasts with his distressed blue
jeans. Around him, the space is minimally furnished, with a single potted plant in the corner adding a touch of greenery.

Portrait of a bearded man with a mustache wearing a plaid shirt, sunglasses, and a beanie, standing in a rugged mountainous landscape. He carries a large
backpack and wears a choker and necklace. The man is positioned in the foreground, slightly to the right, looking confidently into the distance. Behind him,

towering rocky formations rise dramatically, partially shrouded in mist, with a church spire visible to the left.
1 [ e 1 i e :

Framed digital illustration of a woman with long brown hair and expressive eyes, adorned with abstract floral patterns and geometric shapes, positioned centrally

on a white brick wall. Below the artwork, a wooden console table holds decorative items: a clear glass vase with green branches on the left, a white cup and
saucer, a small lantern, and a bottle. On the right, a stack of books topped with a small bird figurine and a textured gray vase with greenery.

-

- -

A vibrant mangement of blue and yellow flowers, with delicate petals and lush green stems, placed in a clear glass vase. The vase is ituated on a polished
wooden table, which reflects the soft light illuminating the room. Around the vase, there are a few leaves, adding a touch of natural charm to the setting.

A picturesque scene that is reminiscent of the Hudson River School style, with a whimsical twist incorporating dessert-themed elements. The river of rich,
flowing chocolate curves through the landscape, while mountains in the distance resemble scoops of different ice cream flavors. Fluffy, pink cotton candy trees
dot the banks of the river, adding a sweet playfulness to the traditional pastoral setting.

Figure 7: %kt Lumina-mGPT 2.0, Lumina-mGPT FI Janus Pro 2 [a] ) SCA 5] 4 1) 08 56 R
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Input Image Lumina-mGPT 2.0  Lumina-mGPT OneDiffusion OmniGen

Set against the lively
backdrop of a bustling
market stall, a stainless
steel salt shaker glimmers
subtly amidst the colorful
array of spices and herbs in

the mid-morning sun.

On a sunlit outdoor court, a
rubber outdoor basketball
bounces near a vibrant mural,
casting a long shadow on the
asphalt as children eagerly

chase it.

On a bustling city rooftop at
sunset, bubbly and
effervescent with a sparkling
allure gleams in a tall glass as
the skyline silhouettes in the
background, the air filled with
laughter and clinking glasses.

Object E==y

Figure 8: %/ £ AUz 4 ii#F Lumina-mGPT 2.0, Lumina-mGPT. OneDiffusion 1 OmniGen 2 [f] fRJ 40 3%
. il AfLE Canny (%5—47) H1 Depth (55747).

HHEWE 1, 5 HREFTF . AEne, XERIGNE 4 BHIGECAR, FEzRkh,
Lumina-mGPT 2.0 F Janus Pro 7£ GenEval JEyi iR A 2 BUAH 2 . 1S v I 1 BT VLM
BORVEAG SCAR S G 2 A0 SFRERE, T R B 25 e AR 2R B Sl Rl 952

JRAEZATSS o B T SCARE S (T21) Z24b, Lumina-mGPT 2.0 it g /R T R E N 256871, WA
6 fin. ZiHREM, Lumina-mGPT 2.0 KA SCRE) 1z 9 R B BGAE AR5, A0FE S RIK S A A
G gmiE A AR (B, M canny 2] &%, MREEIEG, MLESEES, M hed 2|E#H), X
—YJERA F AP (Li et al., 2025b; Yao et al., 2024) siZi /bR B (Chung et al., 2025)
o H4h, Lumina-mGPT 2.0 W DA RUAE BUdR e AR5 B9 RGN, DA i ALY ) [ 5 3] R 15 A 551
GREEE , RIS A P AR T AT 45 SR HEDR R S 8

BeAN, FATHAT AR S e e, 245 Lumina-mGPT. OneDiffusion fl OmniGen, #1& 8 fir
/~. Lumina-mGPT 2.0 7En] $5 45 B 80K sh AL i 45 W R T H iy e

4.2. 5RBESE

B R ARCR o 7E Lumina-mGPT 2.0 H, FRATRFRZUM 20 /L2 i3 70 (LS8 T 3G
XA R, FATN =AM Tt (1) FEVERE : s 4 Fos, 70 (LS HR A E S
AEMENAT, 45 GenEval 71 DPG, #ERIILT 20 {CS Rk . (2) YIZRHid: Al 9 Fox,
BRI 70 ACKIRAT LLE /N 20 ACKIRLR R UGB RIS e b . (3) B s i 7 fir
N, 70BN AR I S AR T . HEi ) Ao PR L BE M B 2 B R 41

B S5 A R RCR . FERG A 2 BT, BATIH A GPT-40 API Xt ASRR A TR AT, 70 BRARH:
B ISR R . 85 R T A T R A S SRR R S Bl S T AT AR AT AL
P, FANIHE GenEval BeifE EIEAT TIHRISEE:, W5k 6 PR, 4FREW], Zad B dREmfdn-rye
THT 4%, JEHAEA BB @I GE S B B, ARE T 8 %. XEERBIEM, %A
AR SRR R R A e R, S PR A
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13- —— 2B Parameters
7B Parameters
12 -
- 256 Stage 512 Stage | 768 Stage
g (50 M Data) (19 M Data) (8 M Data)
= 10 - |
=)
<
= o-
'®
B 8-
7 -
6- vL—“ "
e ane it o]
0 20k 40k 60k 80k 100k 120k 140k 160k 180k
Iterations

Figure 9: = Bty 251k 1 4l T Lumina-mGPT 2.0, 54515 h 2k LB T BB AL A HERE , 70331
2B #1 7B 24§ 7B KRR Gl AR T IR 2GR F L 2B BAUHEARAG IR G, RIS 4y

Method ‘ # Params. ‘ Single Obj. Two Obj. Counting Colors Position Color Attri. ‘ Overall
LlamaGen (Sun et al., 2024) 0.8B 0.71 0.34 0.21 0.58 0.07 0.04 0.32
Emu-3 (Wang et al., 2024b) 8B 0.98 0.71 0.34 0.81 0.17 0.21 0.54
Janus-Pro-7B (Chen et al., 2025) 7B 0.99 0.89 0.59 0.90 0.79 0.66 0.80
Lumina-mGPT (Liu et al., 2024a) 7B 0.98 0.77 0.27 0.82 0.17 0.32 0.56
Lumina-mGPT-2.0 7B 0.99 0.87 0.44 0.85 0.44 0.54 0.69
+ Thinking Before Generation 7B 1.00 0.87 0.49 0.85 0.52 0.62 0.73
+ Inference-Time Scaling 7B 1.00 0.92 0.57 0.88 0.70 0.72 0.80

Table 6: =it 5 REERIS AT . SCE87E GenEval (Ghosh et al., 2024) Fiff7.

TEBLI A A ROR . FRATHRAE RN 487 % /)] Lumina-mGPT-2.0 ', FF4E GenEval FifE EifAhH:
PERE, SHAR KR R AR AR AT B, BRI 6 Frm. sl K—412E Y 16 3K R vk
WOREAS , FE PR A R 2R S A T A 3 B By PR R R A R e 1 11 %o X EERETHE “T )
PR STHEC CRLET M CBEIHRAT ARSI R . XA, IR AR IR,
PEFEBR AR AR AT DA S22 4R T AR BT AR R 1

TR AFE RS B . e 10w, FRATT I 2k B A A R AL AE N A vT L RS (SID) SRE PP T
Lumina-mGPT 2.0 WRFERCR . LIRS R KM, BB SRR CREEE R [RIB , RF SRAE B (]
BT 48 %, IR GPU NAFIHFEN T 47 %, FEIERE T, SID il HOF A syl it — L T
ROF, LT 72 % WERFER I8 . 3% SERAE RIS A RS T Lumina-mGPT 2.0 [ RAFH 12 1Y
T, X2 R A AR g — AN DLBR K, AT (s LA E S B B 8 Y P ACHT

5. 858
AL T Lumina-mGPT 2.0, X2 —FpAlsr iy . AR F Bl ) B AR iR . Lumina-mGPT
2.0 SEEMEF RN, &AM GBI R EE .. 76 ORI BRI AE TS, BAEfRiE

FMEN IR E] TR S R eI A IR G PR RE , [RIIHAE S A R R B A e . D,
Lumina-mGPT 2.0 JF/ESCRFZ AR IAESS, $R0 1 H RGP Z OFFeat Xy al 4
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