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Supplementary Material

A. Additional Dataset and Setup Details

A.1. More Dataset Details
Following the evaluation protocol of ACE [8], we evaluate
the proposed MaskDiME on five visual datasets covering
facial attributes, driving scenes, and natural image classifi-
cation. Detailed dataset descriptions and experimental set-
tings are provided below, and an overview is in Tab. 6.

CelebA [10]: CelebA is a large-scale facial attribute
dataset containing over 200,000 aligned images annotated
with 40 attributes. In this work, we focus on two binary
attributes, Smiling and Young. Following ACE and DiME
[7], we use the validation split (19,867 images) and gener-
ate one counterfactual per image for each attribute. All im-
ages are resized to 128 × 128. We adopt the unconditional
DDPM [4] and the DenseNet121 [5] classifier provided by
DiME, using their pretrained weights.

CelebA-HQ [9]: A high-quality extension of CelebA
with 30,000 high-resolution face images. Following ACE,
we use 2,824 test images resized to 256 × 256 and gener-
ate one counterfactual per image per attribute. We adopt
the CelebA-HQ DDPM from ACE and a DenseNet121 [5]
classifier with STEEX [6] pretrained weights.

BDD100K [14] / BDD-OIA [13]: BDD100K is a large-
scale autonomous driving dataset, and BDD-OIA is a task-
specific extension with additional object-induced action an-
notations. We use both datasets for the same binary driving
decision task: Forward vs. Slow Down. Images are resized
to 512×256. Following ACE, we use 10,000 and 2,259 vali-
dation images from BDD100K and BDD-OIA, respectively,
and generate one counterfactual per image. Both datasets
use the ACE driving-scene DDPM and a DenseNet121 clas-
sifier with STEEX pretrained weights.

ImageNet [1]: Following ACE, we evaluate MaskDiME
on more complex natural images using an ImageNet sub-
set of 7,800 resized 256 × 256 images from three category
pairs with strong visual contrasts: Sorrel vs. Zebra, Per-
sian vs. Egyptian Cat, and Cougar vs. Cheetah. These
pairs exhibit pronounced differences in texture, color, and
semantics, providing a more challenging setting for evalu-
ating counterfactual explanation. We adopt the ImageNet
pretrained diffusion model from Guided Diffusion [2] and a
ResNet50 [3] classifier with PyTorch pretrained weights.

A.2. Additional Implementation Details
Across all datasets, we adopt a unified masking strategy
with only a small set of dataset-specific hyperparameters.

For facial datasets (CelebA/CelebA-HQ), the noisy-level
top-k is determined by the typical spatial extent of each at-
tribute: 5% for Smiling and 10% for Age. For the clean-
level mask top-ρk, CelebA uses ρ = 0.5, while CelebA-HQ
adopts a smaller ρ = 0.25, with gradient scales of 8 and
10, respectively. We use a smaller ρ and larger gradient
scale for CelebA-HQ as attribute editing is more challeng-
ing; a smaller ρ localizes updates and yields more infor-
mative gradients, while a larger scale amplifies them. For
non-facial datasets (BDD100K, BDD-OIA, and ImageNet),
we fix k = 10% and ρ = 0.5, and adjust the gradient scale
s to account for differences in gradient magnitudes (s = 14
for BDD100K/BDD-OIA and s = 6.5 for ImageNet). The
batch size is 50 for CelebA and 25 for all other datasets.

We further validate these parameter choices through ad-
ditional ablation studies on CelebA and CelebA-HQ, as
shown in Tab. 5. The results indicate that a larger k
leads to worse FID but higher COUT. Across both datasets,
k = 0.05 achieves a good balance between COUT and FID.
We also verify the necessity of the shrinkage parameter ρ.
When ρ = 1, the same mask is applied to both the noisy
and clean images. Although this setting achieves compara-
ble FID, it results in significantly lower COUT, indicating
less precise and less confident attribute manipulation.

Table 5. Additional ablation study of MaskDiME on smile of
CelebA (ρ = 0.5) and CelebA-HQ (ρ = 0.25).

Setting CelebA CelebA-HQ
FID↓ COUT↑ FID↓ COUT↑

k = 0.025 0.63 0.67 1.95 0.59
k = 0.1 0.82 0.93 4.54 0.87
k = 0.05, ρ = 1 0.71 0.81 2.36 0.60
MaskDiME (k = 0.05) 0.71 0.87 2.51 0.69

B. Quantitative efficiency
In Tab. 7 we report the computational efficiency of DiME
[7], FastDiME [12], ACE [8], RCSB [11], and MaskDiME
on the CelebA 1000-image subset, including their complex-
ity, runtime, and peak GPU memory usage.

C. Additional qualitative results
In Figs. 7 to 11 we present additional qualitative compar-
isons with prior methods. For all datasets, we show the in-
put image, the counterfactuals produced by different meth-
ods, and their corresponding difference maps. Note that we
include a brief discussion of the results in the captions.
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Figure 7. Additional CelebA qualitative results for the Smiling attribute. DiME introduces noticeable artifacts when removing the
smile attribute, while FastDiME exhibits similar global modifications that may alter irrelevant regions. ACE ℓ1 tends to produce concen-
trated high-contrast change areas that appear less natural. In contrast, MaskDiME achieves smooth and localized smile manipulations in
both directions, resulting in more natural and visually coherent edits.

Table 6. Overview of datasets and pretrained models used for evaluating MaskDiME.

Datasets Domain Resolution #Images Attributes / Classes DDPM
Weights Classifier Weights

CelebA [10] Faces 128×128 19,867 Smile, Age DiME [7] DenseNet121 [5] DiME [7]

CelebA-HQ [9] Faces 256×256 2,824 Smile, Age ACE [8] DenseNet121 [5] STEEX [6]

BDD100K [14]
Autonomous

driving
512×256 10,000 Forward / Slow Down ACE [8] DenseNet121 [5] STEEX [6]

BDD-OIA [13]
Autonomous

driving
512×256 2,259 Forward / Slow Down ACE [8] DenseNet121 [5] STEEX [6]

ImageNet
(subset) [1]

Image
classification

256×256 7,800
Sorrel–Zebra,

Persian–Egyptian cat,
Cougar–Cheetah

Guided-
diffusion [2]

ResNet50 [3] PyTorch
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Figure 8. Additional CelebA qualitative results for the Age attribute. DiME and FastDiME tend to apply more global modifications,
whereas ACE ℓ1 and MaskDiME restrict edits to localized facial regions. Among region-constrained methods, MaskDiME produces more
natural age transitions with fewer unintended changes, as revealed by the difference maps.

Table 7. Efficiency comparison in terms of total runtime (s) and peak GPU memory (MB). T denotes the number of diffusion steps, and N
is the number of adversarial update steps in ACE. MaskDiME (w/o s) corresponds to fixing s = 1, while MaskDiME (w/o mask) refers to
the variant without applying any masking. All results are obtained on the CelebA Smiling 1000-image subset with a batch size of 5. Peak
GPU memory is measured using torch.cuda.max memory allocated() by recording the maximum value across all sampling
steps.

Method Complexity Total Time Peak GPU

DiME O(T 2) 35,034 962
ACE ℓ1 O(NT ) 7,413 12,543
ACE ℓ2 O(NT ) 7,375 12,543
FastDiME O(T ) 2,767 963
FastDiME-2 O(T ) 4,094 963
FastDiME-2+ O(T ) 5,289 963
RCSB O(T ) 5,381 11,147

MaskDiME (w/o s) O(T ) 2,359 965
MaskDiME (w/o mask) O(T ) 1,301 964
MaskDiME O(T ) 1,147 965
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Figure 9. Additional CelebA-HQ qualitative results for the Smiling attribute. In the Smile → No Smile setting, DiME fails to produce
the expected changes, does not achieve an effective counterfactual transformation, and additionally alters many irrelevant regions. Com-
pared with ACE ℓ1, MaskDiME preserves local edits while exhibiting clearer and more natural attribute changes.
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Figure 10. Additional CelebA-HQ qualitative results for the Age attribute. In the Age editing results, DiME successfully performs
the counterfactual transformation but alters the entire face, resulting in a noticeable identity shift. Both ACE ℓ1 and MaskDiME achieve
localized edits; however, MaskDiME produces more natural and perceptually meaningful changes, such as clearer wrinkle formation on
the forehead when aging and smoother facial appearance when rejuvenating.
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Figure 11. Additional qualitative results on BDD and ImageNet. Zoomed-in crops (red boxes) highlight the modified regions. On BDD,
ACE ℓ1 yields scattered and poorly localized changes and barely alters the semantic evidence for the target action, whereas MaskDiME
focuses its edits around the traffic light and changes its color, producing a more interpretable counterfactual. A similar pattern is observed on
ImageNet: ACE ℓ1 modifies large parts of the object in an over-smoothed, less class-specific way, while MaskDiME applies compact, class-
relevant changes (e.g., breed-specific fur texture and zebra stripes), leading to semantically meaningful counterfactual transformations.
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