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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.

Source All Layers Ours Source All Layers Ours

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 Psrc, A editing prompt

Pedit, a pretrained RoPE-based MMDiT
text-to-image model εθ, an image decoder
D, total sampling steps T (default 50),
denoising step R (default 7) when applying
Reasoning-before-Generation, the most
position-dependent layers P.

Output: An edited image xedit aligned with the
editing prompt Pedit.

1 Initialize zsrcT ∼ N (0, 1), zeditT ← zsrcT ,
zinit ← zsrcT .

2 for t = T to T −R+ 1 do
3 for i in P do
4 Qt−i

src ,K
t−i
src , V

t−i
src ← εθ(z

src
t , t,Psrc)

5 Qt−i
edit,K

t−i
edit, V

t−i
edit ← εθ(z

edit
t , t,Pedit)

6 Attn(Qt−i
edit,K

t−i
src , V

t−i
src )

7 end
8 zsrct−1 ← εθ(z

src
t , t,Psrc)

9 zeditt−1 ← εθ(z
edit
t , t,Pedit, Attn)

10 end
11 The added object region mask Mobj is reasoned out.
12 zsrcT ← zinit, zeditT ← zinit
13 for t = T to 1 do
14 for i in P do
15 Qt−i

src ,K
t−i
src , V

t−i
src ← εθ(z

src
t , t,Psrc)

16 Qt−i
edit,K

t−i
edit, V

t−i
edit ← εθ(z

edit
t , t,Pedit)

17 Kt−i
obj = Mobj ×Kt−i

edit+(1−Mobj)×Kt−i
src

18 V t−i
obj = Mobj × V t−i

edit + (1−Mobj)× V t−i
src

19 Attn(Qt−i
edit,K

t−i
obj , V

t−i
obj )

20 end
21 zsrct−1 ← εθ(z

src
t , t,Psrc)

22 zeditt−1 ← εθ(z
edit
t , t,Pedit, Attn)

23 end
24 xsrc ← D(zsrc0 )

25 xedit ← D(zedit0 )

26 Return: xedit

Algorithm 2: Non-Rigid Editing
Input: A source prompt Psrc, A editing prompt

Pedit, a pretrained RoPE-based MMDiT
text-to-image model εθ, an image decoder
D, total sampling steps T (default 50), the
more content-similarity-dependent layers C.

Output: An edited image xedit aligned with the
editing prompt Pedit.

1 Initialize zsrcT ∼ N (0, 1), zeditT ← zsrcT .
2 for t = T to 1 do
3 for i in C do
4 Qt−i

src ,K
t−i
src , V

t−i
src ← εθ(z

src
t , t,Psrc)

5 Qt−i
edit,K

t−i
edit, V

t−i
edit ← εθ(z

edit
t , t,Pedit)

6 Attn(Qt−i
edit,K

t−i
src , V

t−i
src )

7 end
8 zsrct−1 ← εθ(z

src
t , t,Psrc)

9 zeditt−1 ← εθ(z
edit
t , t,Pedit, Attn)

10 end
11 xsrc ← D(zsrc0 )

12 xedit ← D(zedit0 )

13 Return: xedit



Algorithm 3: Background Replacement
Input: A source prompt Psrc, A editing prompt

Pedit, a pretrained RoPE-based MMDiT
text-to-image model εθ, an image decoder
D, total sampling steps T (default 50),
denoising step B (default 45) to stop value
blending, total number of layers L, the
foreground mask automatically derived by
SAM2 Msam

fg .
Output: An edited image xedit aligned with the

editing prompt Pedit.
1 Initialize zsrcT ∼ N (0, 1), zeditT ← zsrcT .
2 for t = T to T −B + 1 do
3 for i = 1 to L do
4 Qt−i

src ,K
t−i
src , V

t−i
src ← εθ(z

src
t , t,Psrc)

5 Qt−i
edit,K

t−i
edit, V

t−i
edit ← εθ(z

edit
t , t,Pedit)

6 V t−i
fg = Msam

fg ×V t−i
src +(1−Msam

fg )×V t−i
edit

7 Attn(Qt−i
edit,K

t−i
edit, V

t−i
fg )

8 end
9 zsrct−1 ← εθ(z

src
t , t,Psrc)

10 zeditt−1 ← εθ(z
edit
t , t,Pedit, Attn)

11 end
12 for t = T −B to 1 do
13 zsrct−1 ← εθ(z

src
t , t,Psrc)

14 zeditt−1 ← εθ(z
edit
t , t,Pedit)

15 end
16 xsrc ← D(zsrc0 )

17 xedit ← D(zedit0 )

18 Return: xedit

Algorithm 4: Object Movement
Input: A source prompt Psrc, A editing prompt

Pedit, a pretrained RoPE-based MMDiT
text-to-image model εθ, an image decoder
D, total sampling steps T (default 50),
denoising step B (default 45) to stop value
blending, total number of layers L, the
coordinate c of the movement direction, the
function MAP that maps the source object
value to a specified location based on c and
copies the unaffected region.

Output: An edited image xedit aligned with the
editing prompt Pedit.

1 Initialize zsrcT ∼ N (0, 1), zeditT ← zsrcT .
2 for t = T to T −B + 1 do
3 for i = 1 to L do
4 Qt−i

src ,K
t−i
src , V

t−i
src ← εθ(z

src
t , t,Psrc)

5 Qt−i
edit,K

t−i
edit, V

t−i
edit ← εθ(z

edit
t , t,Pedit)

6 V t−i
move = MAP (V t−i

edit , V
t−i
src , c)

7 Attn(Qt−i
edit,K

t−i
edit, V

t−i
move)

8 end
9 zsrct−1 ← εθ(z

src
t , t,Psrc)

10 zeditt−1 ← εθ(z
edit
t , t,Pedit, Attn)

11 end
12 for t = T −B to 1 do
13 zsrct−1 ← εθ(z

src
t , t,Psrc)

14 zeditt−1 ← εθ(z
edit
t , t,Pedit)

15 end
16 xsrc ← D(zsrc0 )

17 xedit ← D(zedit0 )

18 Return: xedit



Algorithm 5: Outpainting
Input: A source prompt Psrc, A editing prompt

Pedit, a pretrained RoPE-based MMDiT
text-to-image model εθ, an image decoder
D, total sampling steps T (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 xedit aligned with the
editing prompt Pedit.

1 Initialize zsrcT ∼ N (0, 1), zeditT ← zsrcT .
2 for t = T to T −B + 1 do
3 for i = 1 to L do
4 Qt−i

src ,K
t−i
src , V

t−i
src ← εθ(z

src
t , t,Psrc)

5 Qt−i
edit,K

t−i
edit, V

t−i
edit ← εθ(z

edit
t , t,Pedit)

6 V t−i
out = PASTE(V t−i

edit , V
t−i
src , c)

7 Attn(Qt−i
edit,K

t−i
edit, V

t−i
out )

8 end
9 zsrct−1 ← εθ(z

src
t , t,Psrc)

10 zeditt−1 ← εθ(z
edit
t , t,Pedit, Attn)

11 end
12 for t = T −B to 1 do
13 zsrct−1 ← εθ(z

src
t , t,Psrc)

14 zeditt−1 ← εθ(z
edit
t , t,Pedit)

15 end
16 xsrc ← D(zsrc0 )

17 xedit ← D(zedit0 )

18 Return: xedit
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