Simple Localized Counterfactuals for Visual Explanation

Supplementary Material

A. Extended Related Works

Saliency & Prototype Methods. Saliency-based meth-
ods give importance maps that highlight which pixels in
the image are the most influential in the classifier’s deci-
sion. Some approaches calculate these through perturba-
tions [16, 17, 42], others through gradients [59], or class
activation maps (CAM) [10, 29, 49, 63, 66]. Locating these
pixels is a vital step to understanding the classifier’s de-
cision, but it does not tell what visual concepts are being
represented. Prototype-based methods [6, 11, 14, 36] use
case-based reasoning by comparing with examples of sim-
ilar training image patches. Although this improves in dis-
covering the visual concepts utilized by the model, show-
ing similar patches may still be too coarse to discover the
specific visual concepts surrounding the decision boundary.
Additionally, these methods are ante-hoc, requiring a prede-
fined architecture with specified patch sizes and prototype
count, further hindering their flexibility. In contrast, our
method seeks to be a general approach for post-hoc insights
into a model’s existing case-base reasoning.

Feature Disentanglement. One of the main reasons for
models being difficult to interpret is the existence of polyse-
mantic neurons [39, 47]. There are many works that inves-
tigate feature disentanglement [12, 13, 57], but we utilize
the recent work of sparse autoencoders (SAEs) [23, 37, 40,
56, 58] since they are differential and lightweight to train.
We refer the reader to the literature for the latest disentan-
glement approaches.

B. Extended Mask Details and Ablations

Extended Mask Details. We further improve the compu-
tational efficiency of the above mask generation process by
computing the gradient-based mask on the update trajec-
tory during the first stage of counterfactual generation by
aggregating the gradients of the loss function V A, L with
respect to the delta variable Az, which we call latent aggre-
gated gradients (LAG).

Our choice of using LAG for mask generation is val-
idated in an ablation study on the Zebra-Sorrel task (de-
tails in Sec. 4), incorporating different masking approaches.
Quantitatively, Table 3 shows that the use of LIG or
LAG gives superior performance in flipping the prediction.
We also compare our method with non-region constrained
methods (DVCE, LCDE, GCD) in Table 1. The superi-
ority suggests that the masking alone can improve coun-
terfactual example construction without generative priors.
Qualitatively, Fig. 6 shows that editing in the pixel space
leads to more artifacting and is void of semantic meaning,

while editing in the latent space produces more meaningful
changes.

Since we create a mask by optimizing Equation 3, our
approach is a two stage approach where the second stage
utilizes the mask resulting in the final counterfactual.
Mask Ablations. We conduct an ablation study regarding
different counterfactual example generation strategies, in-
cluding applying the modification at the pixel/latent space
and different masking techniques. The results are shown
in Fig. 6. When the original sorrel image is modified to
create the counterfactual example zebra, the stripes concept
appears for almost all strategies. However, the location and
quality of the change vary. For pixel-based modifications,
we see significant artifacts. Even with masks applied to the
pixel space, there still exist a large number of modified pix-
els in the background. In contrast, latent-based methods
generate fewer global modifications, especially when masks
are applied.

For latent-based methods, the choice of masking is crit-
ical. Using our mask processing, of keeping a soft mask,
thresholding below a certain value, and applying a Gaussian
filter, the IG method fails to localize in our approach, while
LAG succeeds in obtaining localized change. We note that
in [54] binning gradients to image-grid blocks and threshold
based on an overall area may produce successful results for
IG, but this puts a hard constraint on the masking. We al-
low a soft mask, and thresholding is based on a normalized
value, allowing for a varied mask-size-to-image ratio.

We conduct another ablation study to highlight the lo-
calization ability of our mask compared to other saliency-
based approaches. Results can be viewed in Table 4. Our
latent aggregated gradient approach is superior in the Zebra-
Sorrel task, of which we randomly sample 100 images, and
it competitive on the CUB dataset where we randomly sam-
ple 5 images per class.

C. Dataset Descriptions

* CelebA [34] contains over 200K celebrity face images
annotated with 40 binary attributes. These attributes can
be effectively leveraged for different categories in coun-
terfactual experiments.

* CelebA-HQ [33] is a higher-resolution subset of CelebA
with improved image quality and more realistic details.

* ImageNet [46] provides 1,000 object categories with di-
verse natural images, enabling us to apply the counterfac-
tual generation on real-world scenarios.

* CUB [62] consists of 200 bird species, which acts as a
challenging benchmark of fine-grained tasks.
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Figure 5. Masking. Masks are post-processed with a Gaussian filter and thresholding before being passed as a region constraint in the

second stage of editing.
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Figure 6. Mask Ablation. Corresponding to Table 3, this figure shows the different visual counterfactuals resulting from different editing
and masking setups. The first row is the original image (repeated for viewing convenience), the second is the resulting counterfactual, and

the third is a difference map between the two.

D. Training and Optimization Hyperparame-
ters

All experiments, unless otherwise stated, have a learning
rate of 0.01 using the Adam [3 1] optimizer, compute a max-
imum of 25 steps for the first stage or until the prediction is
flipped to the target to obtain gradients for computing the
mask. o is set to 3, and ¢ is set to 0.5 as defined in Equa-
tion 5. During the second stage of optimization, a small
amount of peturbation is added to the masked latent area.
Optimization halts either when the target class is predicted
or when a maximum of 500 steps is reached. The A; is set
to 0.1 and A, 1s set to 0.1. For CelebA and CelebA-HQ,
we set sigma to 2 and for CUB we set it to 4 and set ¢ to
0.7.

E. CalebA and CelebA-HQ Results

Quantitative Results. We use pretrained classifiers as
given in [26] for CelebA and [25] for CelebA-HQ. We are

not as competitive in realism in CelebA and CelebA-HQ as
shown in Table 2, but we still see superior or competitive re-
sults in sparsity as indicated by COUT. Additionally, adding
our trait sparsity 1088 Liin (i-e., Our + SAE) leads to signif-
icant increases in sparsity with the exception of CelebA-HQ
on the age task.

Qualitative Results. We show that our approach is able to
successfully transition between young and old by adding or
removing wrinkles and move between smiling and not by
exaggerating and diminishing the cheekbones in Fig. 8

F. Additional Results

Fig. 9 shows additional results on ImageNet [46]. We can
see brown color added to the zebra, spots are removed from
behind the mouth of the cheetah, and the Egyptian cat has
spots removed and a fluffy texture is added. Additional
CUB [62] results are shown in Fig. 7
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Figure 7. CUB Qualitative Results. Two examples are given. Each example contains four images from left to right: the original
reconstruction, the visual counterfactual, the difference map between the two, and a reference example of the target class the counterfactual
flipped the classifier to.
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Figure 8. CelebA and CelebA-HQ Qualitative Results. Rows indicate the counterfactual generation task, and columns indicate the
source dataset of the images shown. Each item is a triplet of images with the first being the original image reconstructed, the second being
the generated counterfactual, and the third being the difference map between them.



CelebA (Smile) CelebA (Age) CelebA-HQ (Smile) CelebA-HQ (Age)
Method FID sFID COUT FR FID sFID COUT FR FID sFID COUT FR FID sFID COUT FR
(CA I ) ) ) (@) (@) ) ) (@) (@3] ) ) (@) (@3] ) )
ACE [, [28] 1.3 4.0 0.78 97.6 1.5 4.1 0.72 96.2 32 202 0.55 95.0 53 21.7 0.40 95.0
ACE I3 [28] 19 4.6 0.62 84.3 2.1 4.6 0.56 71.5 69 220 0.59 95.0 | 164 282 0.53 95.0
DIiME [26] 3.2 4.9 0.53 97.2 4.2 59 0.44 99.0 | 18.1 277 0.65 97.0 | 187 278 0.56 97.0
FastDiME [65] 4.2 6.1 0.45 99.0 4.8 6.8 0.36 98.6 - - - - - - - -
FastDIME-2 [65] 33 5.5 0.44 99.4 4.0 6.0 0.37 99.3 - - - - - - - -
FastDIME-2+ [65] | 3.2 52 0.41 98.9 3.6 5.6 0.32 98.7 - - - - - - - -
LCDE-txt [48] - - - - - - - - 13.6 258 0.34 - 142 256 0.33 -
GCD [53] 7.2 7.7 0.40 97.2 8.7 9.1 0.32 96.0 7.3 7.9 0.51 97.5 9.5 10.1 0.30 96.0
RCSB [54] 3.0 4.8 0.87 99.8 2.9 49 0.81 99.3 3.0 200 0.83 98.9 49 273 0.80 99.4
Ours 9.8 178 0.70 100.0 | 9.8 12.8 0.75 1000 | 44 194 0.79 1000 | 5.0 199 0.64 99.9
Ours + SAE 94 123 0.76 999 | 103 132 0.82 99.9 5.6 202 0.88 99.9 50 199 0.62 97.7

Table 2. CelebA & CelebA-HQ Tasks. Results for popular counterfactual tasks smile and age are given. FastDiME [65] does report results
for CelebA-HQ, and LCDE [48] does not report results for CelebA nor for flip rate (FR). Results for other methods are from [28, 48, 65]

Zebra — Sorrel

Figure 9. ImageNet Qualitative Results. Each image triplet is
titled with the counterfactual generation direction and is comprised
of the original image reconstructed (left), the visual counterfactual
(middle), and the difference map between them (right).
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