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Abstract

Visual counterfactual explanations aim to reveal the fea-
tures driving a model’s decision by introducing minimal im-
age changes that flip its prediction. For effective interpre-
tation, these changes should be localized, yet most existing
methods alter large image regions because they rely on gen-
erative models for photorealism. Although recent work in-
troduces region constraints, such approaches remain com-
plex and dependent on heavy backbones. We argue that for
explanation, locality should take precedence over photore-
alism, and propose a lightweight alternative built on a sim-
ple auto-encoder, avoiding heavy generative architectures.
This design naturally constrains locality while latent-space
editing suppresses adversarial artifacts. On top of this, we
introduce two components: aggregated gradients in latent
space to further enhance locality, and a sparse concept ob-
jective to encourage semantically meaningful changes. To-
gether, these yield valid, localized, and interpretable coun-
terfactuals. Experiments on CelebA, CelebA-HQ, Ima-
geNet, and CUB show that our approach produces faith-
ful explanations that highlight decision-driving features and
uncover novel discriminative traits.

1. Introduction

How do deep learning vision models arrive at their classi-
fications? This fundamental question has motivated a wide
range of explainable AI (XAI) methods [1, 20, 61]. Among
them, saliency methods such as Grad-CAM [49] are ar-
guably the most widely used. By performing post-hoc anal-
ysis of a model’s inner workings and visualizing them spa-
tially, these methods provide insights into where the model
focuses when making decisions [10, 29, 42, 59, 63]. How-
ever, answering where alone is often insufficient for a full
understanding. Knowing that the model attends to a re-
gion does not reveal what properties—such as shape, color,
or texture—inform its decision. Prototype-based meth-
ods [6, 11, 14, 36] attempt to fill this gap using case-based

reasoning (e.g., “the model is looking at things like this”),
but they typically operate at a coarse patch level and require
manually specified patch sizes and prototype counts, limit-
ing both flexibility and granularity.

Recently, visual counterfactuals have emerged as a more
direct approach to answering the what question [7, 19, 53].
By modifying the input image to flip the model’s predic-
tion, these methods aim to uncover the visual features driv-
ing its decision. For example, in bird species recognition,
selectively altering the beak’s thickness to change the clas-
sification can reveal its importance as a discriminative trait.
Notably, since these edits are applied to the image, counter-
factuals can also implicitly address the where question.

However, a closer look at existing counterfactual meth-
ods shows that many produce global rather than local
changes. Instead of directly editing image pixels, these ap-
proaches often rely on external generative models such as
GANs [32, 38, 50, 64, 67] or diffusion models [3, 4, 27,
35, 48, 64]. These generative models enhance the visual
quality of edits and help avoid adversarial examples, where
changes manifest as imperceptible noise [2, 18, 24, 41, 60].
Nevertheless, their reliance makes it difficult to ensure that
counterfactual changes remain truly local, often introduc-
ing unintended modifications to the background or overall
object pose. To mitigate this, several recent approaches in-
corporate spatial masks into the counterfactual generation
process [28, 54, 65]. Such constraints improve localization,
but they also prompt a key question: If the goal is locality,
do we really need a full generative model?

This question motivates us to rethink the counterfactual
pipeline. Since the goal is to explain a model’s prediction
on a given image—rather than generate new images from
scratch—we argue that a lightweight encoder–decoder (AE)
is sufficient to suppress adversarial artifacts while maintain-
ing visually meaningful counterfactuals. We therefore pro-
pose to edit directly in the AE latent space, which preserves
fine-grained details due to its relatively high spatial reso-
lution [8, 45]. To further enhance locality and ensure se-
mantically meaningful changes, we introduce two simple
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Figure 1. Main Edit Pipeline. The image is passed through an encoder Eϕ to obtain its latent code z. A code edit ∆z is learned to produce
an image edit Dψ(z + ∆z) that flips the classification prediction to a given target class and is sparse. During the creation of the initial
edit zedit, we can create a latent mask MLAG using Latent Aggregated Gradients which is then applied to the edit pipeline and ran again to
produce the final edit. On the right we can qualitatively see two visual concepts emerge. Concept one adds a black stripe through the eye
of the bird, while concept two makes the top of the bird’s head more red.

yet effective components. First, we propose latent aggre-
gated gradients, an accelerated variant of latent integrated
gradients [15], to identify masks for editing. Compared
to the integrated gradients used in [54], our approach con-
siders both the original image and potential edits, yielding
sharper localization. Second, we impose a sparsity objec-
tive in the visual concept space learned by sparse autoen-
coders (SAEs) [23, 37, 40, 56, 58], which disentangle se-
mantic factors in classifier embeddings. This constraint en-
courages counterfactuals with minimal semantic changes.

Together, these components produce counterfactuals that
are both localized and semantically meaningful, offering a
practical balance between locality and photorealism. In do-
ing so, our method captures not only where a model attends
but also what visual concepts drive its predictions.

We extensively evaluate our method on standard bench-
marks including CelebA [34], CelebA-HQ [33], Ima-
geNet [46], and CUB [62]. Results show that our ap-
proach achieves competitive or state-of-the-art performance
on widely used counterfactual metrics, while producing
saliency maps that more faithfully indicate where the model
focuses than many existing saliency methods. Qualitative
analyses further demonstrate that our counterfactuals in-
troduce meaningful changes that reveal what concepts the
model relies on to distinguish categories (e.g., animals),
highlighting its potential both for interpretation and for dis-
covering novel discriminative traits. In particular, experi-
ments on CUB [62] showcase the ability of our method to
isolate individual visual traits. By analyzing sparse changes
in SAE space—and mapping them back to image space—
we can visualize the underlying discriminative concepts and
how they contribute to model predictions.

2. Related Works

Discussion of saliency & prototype methods and feature
disentanglement is provided in Appendix A.
Visual Counterfactual Examples. Visual counterfactual
examples are minimally edited images with minimal change
to alter the prediction of the classifier to a specified cate-
gory. Small changes in the input can reveal the concepts

learned by the classifier (e.g., Fig. 1). However, without
careful design, minimally changing an image often leads to
adversarial examples [18, 60].

As such, visual counterfactual methods must incorpo-
rate resistance to adversarial generation. Some works rely
on adversarially robust classifiers [7, 53] or use the feature
space of the classifier itself [19], while others find that op-
timizing through a latent space reduces the appearance of
adversarial examples. These include generative-adversarial
network (GAN) methods [32, 38, 50, 64, 67], and diffusion-
based approaches [3, 4, 27, 28, 35, 48, 64]. While GAN
and diffusion-based methods produce realistic counterfac-
tual images, the change is often global, making isolation of
important changes difficult to discern. Our approach uti-
lizes the latent space of an autoencoder to make edits as
does [44, 53]. However, neither utilize a regions constraint,
and while [53] utilizes latent integrated gradients (LIG) [15]
for attribution, they do not use it for constraining the edits.
Additionally, [44] still produces global change and [53] is
developed for use on a black-box classifier with a seman-
tically meaningful autoencoder which requires training on
each dataset. Our approach only requires a general-purpose
autoencoder that does not compress the spatial resolution
significantly in order to enable detailed and localized ed-
its. Recent methods have introduced a region-constraint to
enforce locality [28, 54, 65] producing state-of-the-art re-
sults. While all these methods require the use of a diffu-
sion model, we show that a well-defined region-constraint
and an autoencoder are sufficient for performance gains and
capturing the classifier decision semantics.

3. Generating Visual Counterfactual Examples

Given an image x ∈ R3,H,W , and an image classifier gθ,
a visual counterfactual xcf is generated by minimizing the
distance to the image d(x,xcf) while also flipping the orig-
inal prediction gθ(x) ̸= gθ(xcf). A targeted counterfac-
tual optimizes flipping to a specified class label t, such that
gθ(xcf) = t, t ̸= gθ(x). Ideally, a small distance between
x and xcf indicates a modification that is local and contains
minimal, but meaningful, semantic differences.



Figure 2. ImageNet Qualitative Results. Each triplet is comprised of the original image reconstructed (left), the visual counterfactual
(middle), and the difference map between them (right).

Figure 3. CUB Qualitative Results. Each example contains four images from left to right: the original reconstruction, the visual counter-
factual, the difference map between the two, and a reference example of the target class the counterfactual flipped the classifier to.

Defining A Mask. The demands of locality on the target
object have inspired the use of regional constraints in visual
counterfactual methods [28, 35, 54, 65]. These methods
show the benefit of constraining the edit with masks, but
are usually based on generative priors. The incorporation
of generative models encourages photorealism of the coun-
terfactual example, yet also brings an extra computational
burden. We argue that, in the case of explaining model de-
cisions, locality should be the focus, not photorealism.

Therefore, instead of relying on generative models, we
generate xcf by learning a sparse edit ∆z in the latent space
of an autoencoder {Eϕ,Dψ} and applying it to the latent
variable of the original image z = Eϕ(x) ∈ RD×h×w. A
counterfactual example is generated by Eq. (1) and Eq. (2).

zedit = z +∆z (1) xcf = Dψ(zedit) (2)

Lcf = λcLclass(xcf, t) + λsLsparsity(∆z) (3)

To encourage minimal change, we apply a sparsity loss
to ∆z and minimize Eq. (3), where Lsparsity is an L1
loss, and Lclass maximizes the target logit. The entire edit
pipeline can be viewed in Fig. 1.

Similar to region constraint methods, we generate a mask
to enhance the locality of the counterfactual modification,
yet without the reliance on generative models. Starting from
Latent Integrated Gradients (LIG) [15], we leverage the edit
∆z produced from Eq. (3) but stop early when the classifi-
cation is flipped.

Minit = ∆z

∫ 1

α=0

δgθ(D(z + α∆z))

δz
δα (4)

M = T (G(Minit, σ), t) (5)

The initial mask is generated by Eq. (4), where α is the
interpolation parameter. The mask is then passed through
a Gaussian filter and thresholded to produce a smooth and
localized version. An example is shown in Fig. 5 following
Eq. (5), where G is the Guassian filter operation given σ
and T is a thresholding operation given the threshold value
t. The smoothed mask is applied to Eq. (1) and Eq. (3)
to replace ∆z with ∆z ⊙M to constrain the modification

in the masked area. More details and ablations on mask
construction can be found in Appendix B.
Minimizing Semantic Change with Sparse Autoen-
coders. The application of latent gradients facilitates gener-
ating localized edits. Thereby, the counterfactual examples
with localized edits are more practical to identify indepen-
dent visual concepts with the model’s classification deci-
sion. However, there are cases where multiple visual con-
cepts occur in one counterfactual example. If so, it would be
ideal to know which concepts contribute more to the clas-
sifier’s decision. Intuitively, we could look at the feature
activations in the classifier, but neurons are often polyse-
mantic, representing multiple concepts, thus making anal-
ysis difficult [39, 47]. Recent disentanglement approaches
seek to create monosemantic neurons by training sparse au-
toencoders (SAEs) [9, 23, 37, 40, 56, 58]. SAEs learn a
higher-dimensional sparse projection on the original feature
space, which enables easier analysis of the underlying se-
mantic concepts of the classifier. Motivated by this, we train
SAE models as specified in [56], where the encoder consists
of a single ReLU-activated linear layer encoder henc whose
output is a factor of the image classifier’s feature dimension.
Likewise, the decoder consists of a single linear layer hdec.
A basic SAE optimizes the following loss:

LSAE = ||x− x′||22 + λ||henc(x)||1, (6)

where x′ = hdec(henc(x)). In our experiments, we train
Matryoshka [9] SAEs. To encourage trait sparsity in our
counterfactuals, we add an additional term to Eq. (3):

Ltrait = λt||henc(xcf)− henc(x)||1, (7)

4. Experiments
Datasets and Evaluation Metrics. We employ four widely
used benchmarks spanning diverse visual domains: CelebA
[34], CelebA-HQ [33], ImageNet [46], CUB [62]. Due to
space limitations, we move results on CelebA and CelebA-
HQ to Appendix E with details about each dataset in Ap-
pendix C. To evaluate counterfactual quality, we adopt pop-
ular metrics such as Fréchet Inception Distance (FID) and



Zebra - Sorrel Cheetah - Cougar Egyptian Cat - Persian Cat

Method
FID
(↓)

sFID
(↓)

S3

(↑)
COUT

(↑)
FR
(↑)

FID
(↓)

sFID
(↓)

S3

(↑)
COUT

(↑)
FR
(↑)

FID
(↓)

sFID
(↓)

S3

(↑)
COUT

(↑)
FR
(↑)

ACE l1 [28] 84.5 122.7 0.92 -0.45 47.0 70.2 100.5 0.91 0.02 77.0 93.6 156.7 0.85 0.25 85.0
ACE l2 [28] 67.7 98.4 0.90 -0.25 81.0 74.1 102.5 0.88 0.12 95.0 107.3 160.4 0.78 0.34 97.0

LCDE-cls [48] 84.2 107.2 0.78 -0.06 88.0 71.0 91.8 0.62 0.51 100.0 102.7 140.7 0.63 0.52 99.0
LCDE-txt [48] 82.4 107.2 0.71 -0.21 81.0 91.2 117.0 0.59 0.34 98.0 121.7 162.4 0.61 0.56 99.0

DVCE [3] 33.1 43.9 0.62 -0.21 57.8 46.9 54.1 0.70 0.49 99.0 46.6 59.2 0.59 0.60 98.5
RCSBC [54] 13.0 20.4 0.82 0.70 99.7 30.2 39.2 0.87 0.79 100.0 41.1 56.3 0.79 0.82 100.0
RCSBB [54] 9.5 17.4 0.86 0.72 97.4 23.4 32.4 0.90 0.85 99.9 31.3 48.1 0.84 0.87 100.0
RCSBA [54] 8.0 16.2 0.88 0.74 94.7 17.2 26.6 0.92 0.92 100.0 23.0 40.0 0.87 0.92 100.0

Ours 19.5 26.2 0.96 0.81 99.1 26.7 34.1 0.97 0.90 99.8 37.4 51.2 0.92 0.93 99.9
Ours + SAE 17.2 24.3 0.97 0.81 99.3 23.3 31.6 0.97 0.92 99.9 35.9 50.1 0.93 0.94 99.9

Table 1. Imagenet Tasks. Quantitative results for three popular visual counterfactual tasks based on the Imagenet training are given along
with commonly reported metrics. Results for other methods are from [54].

(a) Multiple Trait Changes. (b) SAE Difference. (c) SAE dissection.

Figure 4. SAE Exploration. (a) Left: real red-winged blackbird image. Right: counterfactual for a rose-breasted Grosbeak. (b) Top 5 SAE
feature differences between the source image and its counterfactual. (c) Counterfactuals when optimizing on the SAE features in Fig. 4b.

spatial FID (sFID) for realism, Semantic Self-Similarity
(S3) to measure the instance similarity between counter-
factuals and their source image, COUnterfactual Transition
(COUT) measures the sparsity of change, and Flip Rate
(FR) indicates the success rate of generated counterfactu-
als changing the prediction of the classifier.
Quantitative Results. We use a pretrained Resnet50 [21]
on Imagenet for the Imagenet tasks, and we fine-tune a lin-
ear layer on top of a DinoV3 [52] model for CUB. We use
an off the shelf autoencoder from [8]. For Imagenet tasks
in Tab. 1, we see that we are just behind RCSB in realism,
but out perform all methods in S3 and COUT indicating our
counterfactuals are more sparse. Training and optimization
hyperparameters are detailed in Appendix D.
Qualitative Results. The feasibility of our method to suc-
cessfully visualize the semantics in the decision of image
classifier is evaluated across various datasets. On Ima-
geNet [46], we can see stripes added to the sorrel, spots
are added to the cougar, and the Persian cat is given spots
Fig. 2. On a more fine-grained dataset like CUB [62], our
method is able to visualize a multitude of traits Fig. 3.
Trait Isolation with Sparse Autoencoders. Even with re-
gion constraints, multiple visual features (i.e., traits) may
change, ambiguating which carries more weight to the clas-
sification. We explore the use of sparse autoencoders to iso-
late these traits. By simply changing the classification loss
in Eq. (3) to a dimension in the SAE space, which is ideally
monosemantic, we can change individual traits.

Consider the original image and its counterfactual in

Fig. 4a. We can see multiple visual traits changes (e.g.,
orange to red patch, black to white feathers). How can we
know which ones are more important for flipping the predic-
tion of the classifier? Having the ability to change individ-
ual traits helps answer this question. We move toward this
by taking the top changed SAE features between the origi-
nal image and its counterfactual (Fig. 4b). Each feature can
be added or removed during the counterfactual generation
process by setting the classification objective to minimize
or maximize the presence of the specific trait. We perform
this process for the top 5 SAE features (Fig. 4c). Several vi-
sual traits are observed: spot change to darker red or lighter
orange, or adding white feathers (dimensions 18 and 27).

5. Conclusion

We rethink the visual counterfactual pipeline and argue lo-
cality should take precedence over photorealism. We by-
pass full generative models and adopt a lightweight auto-
encoder, providing both a prior to suppress adversarial arti-
facts and a latent space for local edits. Combined with two
simple components—latent aggregated gradient masks and
a sparsity constraint in the SAE concept space—our method
produces localized, semantically meaningful counterfactu-
als that illuminate the decision-making process of image
classifiers. Qualitative results show its ability to isolate fine-
grained traits within the same region, enabling deeper anal-
ysis and supporting scientific discovery.
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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 ∇∆zLcf with
respect to the delta variable ∆z, 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.



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.

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 [31] 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. σ is set to 3, and t 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 λs is set
to 0.1 and λtrain is set to 0.1. For CelebA and CelebA-HQ,
we set sigma to 2 and for CUB we set it to 4 and set t 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 loss Ltrain (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



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.

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
(↑)

ACE l1 [28] 1.3 4.0 0.78 97.6 1.5 4.1 0.72 96.2 3.2 20.2 0.55 95.0 5.3 21.7 0.40 95.0
ACE l2 [28] 1.9 4.6 0.62 84.3 2.1 4.6 0.56 77.5 6.9 22.0 0.59 95.0 16.4 28.2 0.53 95.0
DiME [26] 3.2 4.9 0.53 97.2 4.2 5.9 0.44 99.0 18.1 27.7 0.65 97.0 18.7 27.8 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] 3.3 5.5 0.44 99.4 4.0 6.0 0.37 99.3 - - - - - - - -

FastDiME-2+ [65] 3.2 5.2 0.41 98.9 3.6 5.6 0.32 98.7 - - - - - - - -
LCDE-txt [48] - - - - - - - - 13.6 25.8 0.34 - 14.2 25.6 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 4.9 0.81 99.3 3.0 20.0 0.83 98.9 4.9 27.3 0.80 99.4

Ours 9.8 17.8 0.70 100.0 9.8 12.8 0.75 100.0 4.4 19.4 0.79 100.0 5.0 19.9 0.64 99.9
Ours + SAE 9.4 12.3 0.76 99.9 10.3 13.2 0.82 99.9 5.6 20.2 0.88 99.9 5.0 19.9 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]

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).

Edit Mask
FID
(↓)

sFID
(↓)

S3

(↑)
COUT

(↑)
FR
(↑)

Zebra - Sorrel
Pixel - 82.7 103.4 0.74 0.51 99.0
Pixel IG 26.8 68.9 0.97 0.07 95.0

Latent - 70.1 87.9 0.74 0.56 100.0
Latent IG 60.2 82.0 0.79 0.53 100.0
Latent LIG 48.8 80.5 0.96 0.80 98.0
Latent LAG* 45.7 76.9 97.0 0.78 98.0
Latent LAG 48.6 78.5 0.95 0.81 99.0

Table 3. Mask Ablation. Different masking variants are analyzed
by creating counterfactual examples on a random subset of 100
images in the Zebra-Sorrel dataset. The edit is either performed
in the pixel space (removing the autoencoder) or the latent space.
The mask is either removed or computed using Integrated Gradi-
ents (IG), Latent Integrated Gradients (LIG), or Latent Aggregated
Gradients (LAG). LAG* is calculated by performing a single op-
timization step in the initial editing phase.

Saliency Method Zebra - Sorrel CUB

LIME [43] 0.20 252.22
IxG [51] 0.12 100.28
GC [49] 0.08 41.61
LC [29] 0.07 45.95
SC [63] 0.08 94.66

GIG [30] 0.11 87.66
GBP [55] 0.07 64.86
IG [59] 0.11 105.26

Ours (LAG) 0.05 48.09

Table 4. Localization Ablation. Pixel Flipping [5] as imple-
mented in the Quantus [22] package measures the impact of re-
moving pixel in descending order of their attribution value. The
lower the better.
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