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1. Algorithm

The pseudo-code for performing object addition, non-
rigid editing, background replacement, object movement,
and outpainting using our method is provided in Algo-
rithms 1, 2, 3, 4, and 5.

2. Generalization to Lumina-Next

We validate the generalization of our method on Lumina-
Next [5], a RoPE-based DiT model with alternating self-
and cross-attention layers. By applying our probing
technique, we identify the most position-sensitive layers
[10,46,14,6,28,20] and the most content-similarity-sensitive
layers [0,2,18,42,38,4], as visualized in Figure 1. Using
these selected layers, we perform object addition (“Sail”)
and non-rigid editing (“Running”) tasks, respectively, and
compare them against the baseline that uses all layers (see
Figure 2). These results strongly support the generalization
ability of our approach to new architectures.
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Figure 1. Layer-wise positional dependency in Lumina-Next.
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Figure 2. Customized editing results with Lumina-Next.

3. More Qualitative Results

In Figures 3, 4, 5, and 6 we give more visual comparison
results with other methods and our results on the outpainting
and object moving tasks.
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Figure 3. Qualitative comparison on the object addition task with training-free methods StableFlow [1] and TamingRF [2], as well as
general image editing models MagicBrush [4] and OmniGen [3]. Our method not only achieves high-quality editing results but also
demonstrates the best ability to preserve irrelevant regions.
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Figure 4. Qualitative comparison on the non-rigid editing task with training-free methods StableFlow [1] and TamingRF [2], as well as
general image editing models MagicBrush [4] and OmniGen [3]. Our method effectively balances object deformation and appearance
transfer.
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Figure 5. Qualitative comparison on the background replacement task with training-free methods StableFlow [1] and TamingRF [2], as
well as general image editing models MagicBrush [4] and OmniGen [3]. Our approach delivers the most visually compelling background
changes while preserving the foreground object intact.
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Figure 6. Visual results of our method on region-preserved editing tasks such as object movement and outpainting.



Algorithm 1: Object Addition

Input: A source prompt Py, A editing prompt
Pedit, a pretrained RoPE-based MMDiT
text-to-image model €y, an image decoder
D, total sampling steps 7" (default 50),
denoising step R (default 7) when applying
Reasoning-before-Generation, the most
position-dependent layers IP.

Output: An edited image % aligned with the

editing prompt Pegy;¢.
1 Initialize 257¢ ~ N(0,1), 254 < z57°,
Zinit < Z’ifc-
2fort=T1tT—- R+ 1do
3 for i in IP do
4 Qire, K Vi €9(277,1, Pare)
5 Quaiv: Keain Veait < €0(2fM b, Peair)
6 Attn(QZ;iZt’ K;;}, ‘/;tr_ci)
7 end
8 279 eo(27%,t, Pare)
9 28 o o (289 1, Pegis, Attn)
10 end
11 The added object region mask M,y,; is reasoned out.

12 257 < Zinit, 258 < Zini

13 fort=T1t1do

14 for i in P do

15 ey Bl Vi < €027, 1, Pare)

1 Qeair Keai: Veair < €0(2£4",t, Peait)

17 K = Mobj x K gy + (1= Moy;) x KL
13 Vit = Mobj X Vi + (1= Mopj) x VI
19 Attn(Qlyly Koyl Vari')

20 end

21 Ztsicl — 60(22‘;7"0’ tv Psr(:)

22 280 e (28t Pegit, Attn)

23 end

24 2°7¢ < D(25")
25 wedit — D(ngit)
26 Return: xc%

Algorithm 2: Non-Rigid Editing

Input: A source prompt Ps,.., A editing prompt
Peait, a pretrained RoPE-based MMDIT
text-to-image model ¢, an image decoder
D, total sampling steps 1" (default 50), the
more content-similarity-dependent layers C.

Output: An edited image 2°%* aligned with the

editing prompt Peg+-
1 Initialize 257¢ ~ N(0,1), 253 « zs7¢,
2 fort =T 1to1ldo
3 for i in C do
wrer Kl Ve < o287, Pare)
Qeaivs Keaivs Veait = €01, Peait)
Attn( zgilt’ K;Tci? Vvstrzi)
end
2579 ep(257, t, Psre)
o | 20t < (28Tt Pogit, Attn)
10 end
1 x7¢ « D(2§7)
12 l,edit — 'D(ngit)
13 Return: z¢%
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Algorithm 3: Background Replacement

Algorithm 4: Object Movement

Input: A source prompt Py, A editing prompt

Output: An edited image x

1 Init

Peait» a pretrained RoPE-based MMDiT

text-to-image model ¢, an image decoder

D, total sampling steps 7" (default 50),

denoising step B (default 45) to stop value

blending, total number of layers L, the

foreground mask automatically derived by

SAM2 Mg,

edit gligned with the
editing prompt Peg;:.

ialize 257¢ ~ N(0,1), 253 « zs7¢,

2fort=TtT - B-+1do

R-T- RN B - L7 I )

10
11 end

for: =117 L do
s Bl Vi < 02771, Pare)
Quairr Keain: Veair < €0(55"" 1, Peain)
Vig " = Myg™ x Vi + (1= Mg™) x Vg

Attn(Q gt Ky Vis")
end

Zficl — 59(Ztsrca t, Psrc)
280 e (28t Pegit, Attn)

12 fort=T— Btoldo

13
14
15 end

Zficl — Ee(ztsrcat,Psrc)
dit dit
Zte—ll — 59(2”7&53 ¢ 7ta7)edit)

16 257« D(7°)
17 Iedit — D(Zazdit)

18 Ret

urn: xedit

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18

Input: A source prompt Pg,., A editing prompt
Peait, a pretrained RoPE-based MMDiT
text-to-image model £y, an image decoder
D, total sampling steps 7" (default 50),
denoising step B (default 45) to stop value
blending, total number of layers L, the
coordinate ¢ of the movement direction, the
function M AP that maps the source object
value to a specified location based on ¢ and
copies the unaffected region.

Output: An edited image z°% aligned with the

editing prompt P g;;.

Initialize 27 ~ N(0, 1), 259 + 257,

fort=TtoT - B+ 1do

fori =11t L do

te;clv Kiffv V;;cz — 59(ztsrca t, PSTC)

t—i pot—i yrt—i dit

Qeaits Keaits Veair < e9(2£"" t, Pedit)
t—i t—1i t—1

Virowe = MAP(V. .1, VI c)

move src

Att’l’L(QZ;;ta Kz;;ta Vﬁz?);e)
end

Zfsicl — 59(Zfrca t, Psrc)

odit edit
Ztele < Ee(zte ’ 7ta7D€ditaAttn)

end
fort =T — Bto1ldo
Ztsici — 50('2?7‘53 t7 Psrc)

edit edit
th—ll — 50(32’ ’ 7tapedit)

end

ISTC (_ D(ZSTC)
edit edit

et D(ZQ )

Return: z¢%it




Algorithm 5: Outpainting

Input: A source prompt Py, A editing prompt
Peait» a pretrained RoPE-based MMDiT
text-to-image model ¢, an image decoder
D, total sampling steps 7" (default 50),
denoising step B (default 45) to stop value
blending, total number of layers L, the paste
coordinates c of the original image on the
higher-resolution edited image, the function
PASTE copies the value of the original
image to the corresponding position in the
edited image based on c.

Output: An edited image z°% aligned with the
editing prompt P, g;;.
1 Initialize 257¢ ~ N(0, 1), 259 « zsre,
2fort=TtoT — B+ 1do
3 fori =11t L do
4 e K& Vine! < €027, 1, Pare)
s Quair: Keaiv: Veair < €0(2{"" £, Peait)
6 Vi =PASTE(V! I ViZi c)
7 Attn(Qeaiv: Keaits Vour')
8 end
9 2578 < ep(277C,t, Psre)

10 280 e (28t Pegit, Attn)
11 end

12 fort=T — Btoldo

13 257 < ep(277¢,t, Psre)

14 Ztegllt — Ee(zfdit7ta7)edit)

15 end

16 °7¢ < D(z§7°)

17 Iedit — D(Zazdit)

18 Return: et
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