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Each row presents multi-view of a face, given a frontal face reconstruction task Each row shows a process to edit the image with the
that leverages [IMAGE1] a left side of the face and [IMAGEZ2] a right side of the given editing instruction. The editing instruction in the
face, to generate [IMAGE3] that faces the center of the lens. The the lastimage in last row is: making [IMAGE1] the standing woman

the final row is: the woman's frontal face that faces the center of the lens.

[IMAGEZ2] sit down and give the thumbs up.
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Depth conditioned generation and relighting
in one step.
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Estimate 1) depth, 2) surface normal, and 3) edges
in one step.
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instruction. The editing instruction in the last row is: <editing instruction>

change the setting to a winter scene. <\editing instruction>
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Task Prompt: In each row, a logical task is demonstrated to achieve [IMAGE2]
a high-aesthetic image based on [IMAGE1] an aesthetically pleasing
photograph. Each row shows a process to edit the image with the given editing
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Task Prompt: In each row, a logical task is demonstrated to achieve [IMAGE2]
a high-aesthetic image based on [IMAGE1] an aesthetically pleasing
photograph. Each row shows a process to edit the image with the given editing
instruction. The editing instruction in the last row is: <editing instruction> turn
the color of sunglasses to green. <\editing instruction>
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Two In-Context Examples

‘ Target l

'Task Prompt: In each row, a method uses[IMAGE1] gray-shaded: :Task Prompt: Every row demonstrates how to transform [IMAGE1] an image with:
ydepth map with distinct edges, [IMAGE2] Atrtistically rendered; 1vivid details into [IMAGEZ2] gray-scale depth map with clear object boundaries,!
icontent for generating [IMAGE3] High-definition picture in a! '[IMAGE3] rgb normal map for bump mapping effects, [[IMAGE4] soft-edged map from:

:unique art style. : 1hed detection through a logical approach. 1

Figure 9. ARWATLSS & iiliid B30, FATTASCHM B REI & FR A B, (a) RIS AL PR 20 A A1 R TR
5 (b) MRS EFIRHERTIER . WREERIRIEAL, XX T Fig. 3 (Z) #fFESs .

Condition Method Context Controllability Quality Text Consistency
F11+ RMSE | FID [23] ] SSIM 1t MAN-IQA [75] + MUSIQ [30] + CLIP-Score [49]

ControlNet [80] 0.13 - 46.06 0.34 0.31 45.45 34.10
OminiControl [61] 0.47 - 29.58 0.61 0.44 61.40 34.40
OneDiffusion [35] 0.39 - 32.76 0.55 0.46 59.99 34.99

Canny OmniGen [71] 0.43 - 51.58 0.47 0.47 62.66 33.66
Oursgey 0 0.39 - 30.36 0.61 0.48 61.13 35.03
Oursgn 0 0.35 - 30.60 0.55 0.49 64.39 34.98
Oursgin 1 0.36 - 31.34 0.55 0.49 64.12 34.96
Oursgin 2 0.36 - 31.15 0.56 0.49 64.08 34.85
ControlNet [80] - 23.70 36.83 0.41 0.44 60.17 34.49
OminiControl [61] - 21.44 36.23 0.52 0.44 60.18 34.08
OneDiffusion [35] - 10.35 39.03 0.49 0.49 60.49 34.71

Depth OmniGen [71] - 15.07 86.08 0.26 0.49 64.90 29.72
Oursgey 0 - 25.06 42.14 0.53 0.46 58.95 34.80
Oursgn 0 - 10.31 33.88 0.54 0.48 64.85 35.10
Oursgi 1 - 991 34.44 054 0.49 64.32 34.95
Oursgin 2 - 9.68 34.88 0.54 0.48 64.29 34.89
ControlNet [80] - 37.82 53.28 0.49 0.45 61.92 33.80
OminiControl [61] - 19.70 26.17 0.85 0.45 60.70 34.53
OneDiffusion [35] - - - - - - -

Deblur OmniGen [71] - - - - - - -
Oursgev 0 - 25.03 56.76 0.74 0.38 46.68 33.52
Oursip 0 - 26.53 40.59 0.74 0.46 59.62 34.56
Oursgn 1 - 25.87 36.93 0.76 0.48 61.58 34.82
Oursgin 2 - 25.57 36.28 0.76 0.48 61.77 34.82

Table 1. ZfiA: S BB IFAL S 10 E T R . INGRL TR MESF IO ik DA (0 . Rk $807¥R50, PERESRAR I 7 508
A OER , ROETER TRIZ ARk

5.2, RH%E 578 40 ControlNet [80] A1 Omini Control [61], . ¥

fhFEAR NS B 5T Appendix C. b4k, FATIAAE
AR T EE 1) v 5 30 A R B AT bR, L FE 5 FLUX.1-Fill-dev M[A (3L E T A T FLUX. 1-dev
OmniGen [71] il OneDiffusion [35], , PAJ—28% (33] , PATEHEATHE X EE, FH R0 o A5 284 43 il
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Task Prompt: Every row demonstrates how to transform [IMAGE1]
human pose with colored lines for bone structure and [IMAGEZ2]
canny map with sharp white edges and dark into [IMAGE3] a
visually striking and clear picture through a logical approach.

Target

Figure 11. ARWALS ®: ZAEFHRINHA. EFRMFEM
H, TG Z AR ASC LR B ROl . S 2R AL
Fig. 3.

%8 Oursgey and Oursg. KT Oursqey HIIFELHFE
5 I, Appendix B,

TERMAEN S ERGBEEES Y, 112 % Omini-
Control [61] MPPAL ¥, MATEEME . W6 & A SCA
— Bt = AN R P TG . 40 Tab. 1R, 3K
TR REZEAE T 0 T 5 PR 38 5 ¥EAH 2, TR
P BT A SCA—BE T RIE . 5% A
e, ATWERTAEZAMMES ERAAHET, £27
C{l;pth—to—image (R R ER ) 55 i T ey
ENIETRAT S, FRAVEAH  [49] BERLPEAL SCA—
ek 5 KA XTI L. 4 Tab. 3R, , AT ELE
SCASNFF A RAE— 2 B 8T OmniGen [71] 2%
3% . BS54 AR InstantStyle-Plus [81], F4i]

Method Context DINOv2 CLIP-I CLIP-T
OminiControl [61] 73.17 87.70 33.53
OneDiffusion [35] 73.88  86.91 34.85
OmniGen [71] 67.73 83.43 34.53
Oursgev 0 78.05 87.68 35.06
Oursgn 0 80.41 89.63 35.16
Oursgy 1 79.33 89.22 35.02
Oursg 2 80.32 89.36 35.01

Table 2. F:IRBKEN AR S0 E LR . AR T 30—
FCPERIAAMG—EPERg CLIP 139 & MBLPA (O BT 1E
RIRTTIET, MERBRICE DA ML R, ROEE A TRIZ x

text? image?
InstantStyle [64] 0.27 0.60
OmniGen [71] 0.27 0.52
Oursgey 0.30 0.53
Oursﬁn 0.29 0.55

Table 3. MAERAL 55 09 & UL . FATHR AL T30 —EE
5 W2y CLIP 1553, £ MBPAK (0 div. FEH AR
JriEH, PERERILE LA ML, IR DA TRIZ ARt

WAE A —F M FIRTHT 2%, KU S EAUIS A R

W

PeAh, FATIEAEET FARIK SN 1 B A AT 55 okt
BERHEAT T V-4, 4 DINOv2 [47],, CLIP-T [49]
A CLIP-T  [49] 8Fpd 5 H A5 S . W Tab. 25
N, TERTA bR L, IRATA SRR A LB T e dE
F. B, 5% AR OminiControl [61] Ak, F&AT
TEX =AM A SHETF T 7.15%. 1.66% #il 1.48%.

PR A BRI LS. FATBY 35 (Oursen) T
FLUX.1-Fill-dev [33] Z I, HHRSHANIG—AILE
G AR SRR R — B NI S, FRATEAEA
[l 5 R T Fill.l-dev [33] (FRR Oursqey) #EFTXF
te. 507 elesh B nl 3 i i A AR A RS Oursgy A
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B, HR Appendix B, RN, Oursay #K
RAEZ TS5 R B AR PERE

i Tab. 1fF7~, £ canny-to-image 4 AF %,
Oursqey B F1 044 T Oursgn o (BAEHABAE S,
Oursgy EELH EEMLH . B, £ depth-to-image {F:
%1, Oursgy #F RMSE M 25.06 5% 10.31. 7EZ
BOIE S5, Oursgn FEARFRE R SSIM [ [R] B 1K
T RMSE, REoRH SRR E. e RIS E
BAERH, Tab. 2 J&/R i Ourspy IHZALET Oursgey o
PEAN, TR AN KA E AT 55 4, a0 Tab. 3fr
7N, Oursgy 5 Oursgey FFAHY .
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| In-context exam

Conditions

(a) Concatenated images

Layout instruction:

grid of 3 rows and 4 columns,

1
I'12 images are organized intoa |
|
| evenly spaced. |

(=

— e — . ——— — —

I Each row describes a process that
Ibegins with [[IMAGE1] white |

edge lines on black from canny |
[ detection, [IMAGE2] Photo with )
a strong artistic theme, [[IMAGE3] |
a reference image showcasing the |
dominant object and results in |
[IMAGE4] High-quality visual |
with distinct artistic touch. |

Layout instruction:

— e ——— — e — — o —

aligned in a clean and structured

1
I'A 3x3 grid containing 9 images, |
l |
| layout |

—

—— i — — — s — —

‘Every row provides a step-by-step (
l guide to evolve [IMAGEI1] a |
‘reference image with the main |
lsubject included, [[MAGE2] an |
| image with flawless clarity into |
| [IMAGE3] a high-quality image. |

Content instruction:

, The bottom-right corner image

! presents: A glossy gel nail polish
l bottle. At the edge of a bustling
city park, this item rests on
vibrant green grass, captured with
a subtle bokeh effect as joggers
and pets move in the background.

—_—— e e — e —

(b) Language instructions

Figure 13. W& X TPHEEBRAG)R . (558 K& HARE BN ERTES 52 m 6.
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Condition Target Condition Target

(a) separate mean and shift (b) unified mean and shift

Figure 14. 7 FLUX.1-dev I}, Z B IS ERFSHIRCR o
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