
Supplementary Material

Experimental Details
The training process was conducted on a single machine
equipped with a Quadro RTX 8000 GPU, and detailed train-
ing configurations are provided in the supplementary mate-
rial. For a fair evaluation, we used the official codes and
implementations provided on Hugging Face, following the
default parameter settings.

For DreamBooth [12], we set the batch size to 1 and
the learning rate to 5 × 10−6. For Custom Diffusion [9],
we used a batch size of 2 and a learning rate of 1 × 10−5.
For Textual Inversion [6], the learning rate was set to
5.0 × 10−4, with a batch size of 1 and gradient accumu-
lation steps of 4. For NeTI [1], we used a batch size of 2, a
learning rate of 1 × 10−3, and gradient accumulation steps
of 4. For AttnDreamBooth [11], Stage 1 used a learning
rate of 1×10−3 with a batch size of 8; Stage 2 used 2×10−5

with batch size 8; and Stage 3 used 2 × 10−6. The official
implementation used a batch size of 8 and gradient accumu-
lation steps of 1, but due to memory limitations, we used a
batch size of 4 and accumulation steps of 2 in Stage 3. For
DisenBooth [4], we used a learning rate of 1× 10−4 and a
batch size of 1. For Cones2 [10], the learning rate was set
to 5× 10−6 and the batch size to 1.

Comparison With Other Methods
Fine-grained Detail Preservation
NeTI, Textual Inversion and Custom Diffusion require less
storage compared to DreamBooth, making them more effi-
cient. However, in preserving fine-grained details, Dream-
Booth remains superior, as illustrated in Fig. 1. The re-
sults indicate that MINDiff enables the model to maintain
DreamBooth-level subject fidelity while ensuring that the
text prompt is faithfully reflected. This is evident from the
appearance of the backpack, the whale graphic on the can,
and the number ‘3’ on the clock, which demonstrate the su-
perior subject fidelity of our model.

Qualitative Results on SDXL
Figure 2 shows the results of LoRA-based [7] DreamBooth
using the Stable Diffusion XL 1.0 backbone. These results
demonstrate the compatibility of MINDiff with various ver-
sions of Stable Diffusion. While maintaining a similar level

of image fidelity, MINDiff achieves improved text align-
ment.

Mask-Based Editing Comparison
Table 1 summarizes key differences between MINDiff and
existing mask-based editing approaches [2, 3, 5, 8]. Prior
methods typically blend a reconstructed and an edited rep-
resentation using a spatial mask, following a formulation
such as A⊙ (1−m) +B⊙m, where A denotes the recon-
structed representation, B the edited representation, and m
is a binary mask indicating the target region for editing.

In contrast to blending-based approaches, MINDiff in-
troduces a structurally distinct mechanism by directly sub-
tracting a mask-weighted suppression term—derived from
an auxiliary attention branch—from the output of the main
attention operation. This enables spatial control over the
subject’s semantic influence, thereby mitigating overfitting
in personalization models.

PFB-Diff also incorporates masking within the cross-
attention mechanism. However, it applies masks to the at-
tention scores (i.e., QK⊤) to control the appearance of spe-
cific tokens. By contrast, MINDiff modulates the full at-
tention output (i.e., softmax(QK⊤)V ) across all channels,
providing a more direct and global form of suppression.
Clarifying mask application. As shown in Tab. 1, the
compared methods differ in where the mask is applied.
Although the table lists “Feature map” as the main mask
application level for PFB-Diff, it also performs pixel-
space blending in the early stages of the diffusion pro-
cess. DiffEdit automatically generates a mask by compar-
ing noise predictions under different prompts, while MIN-
Diff derives its mask from the cross-attention map of the
subject token. PFB-Diff and our method share certain simi-
larities. Both operate across multiple levels of the architec-
ture, allowing for more seamless integration of mask-based
control.

Mask Analysis
Temporal Evolution of the Mask
To better illustrate the effect of Mask-Integrated Negative
Attention Diffusion (MINDiff), we visualize the generated
masks by dividing the denoising process into six stages in
Fig. 3. This mask represents the pre-inversion state. When
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