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Abstract. Counterfactual explanations help users understand image
classifiers by showing how an input would need to change to alter a model
prediction. Pixel-space adversarial methods achieve high flip rates, but
their perturbations are often imperceptible and semantically meaning-
less. Latent-space generative approaches produce more natural images,
yet without spatial constraints they may modify background regions un-
related to the object of interest. We propose a region-preserving latent
counterfactual explanation method that optimizes a VAE latent code
while keeping the classifier and generator frozen, using a Grad-CAM-
derived mask to penalize changes outside salient object regions. The ob-
jective combines target-class flip loss, pixel similarity, latent proximity,
perceptual similarity, background preservation, and total variation reg-
ularization. Experiments on STL-10 with an EfficientNet-B0 classifier
demonstrate that the proposed method preserves the high flip rate of la-
tent counterfactuals while improving spatial localization and background
stability relative to unconstrained latent perturbation. Ablation studies
quantify the roles of perceptual and background-preservation terms.

Keywords: Counterfactual explanation - Explainable Al - Latent space
optimization - Variational autoencoder - Region preservation - Grad-
CAM

1 Introduction

Deep neural networks have become standard tools for image classification, but
their predictions remain difficult to interpret [20]. Counterfactual explanation
is an intuitive approach: instead of only highlighting discriminative regions, it
asks what minimal visual change would alter the classifier’s decision, presenting
a modified image that flips the prediction while preserving as much original
content as possible [1].
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A common way to produce counterfactual images is to perturb the input di-
rectly in pixel space. Methods derived from adversarial attacks, such as FGSM [6]
and PGD [7], can change model predictions efficiently. However, the resulting
perturbations often appear as high-frequency noise or imperceptible changes that
do not correspond to meaningful semantic changes. Generative counterfactuals
address this by optimizing in the latent space of a learned generator, such as a
variational autoencoder [3]. These methods tend to produce more natural im-
ages, but they do not guarantee that changes occur in object-relevant regions.
Background and irrelevant textures may change, which weakens the explanatory
value.

Recent advancements in explainable artificial intelligence (XAI) have shifted
toward generative approaches to produce counterfactual explanations (CFEs)
that are both realistic and actionable [13,14,15]. By leveraging Variational Au-
toencoders (VAEs) and other deep generative models, researchers have moved
beyond pixel-space perturbations—which often produce noisy or imperceptible
changes—to optimize within structured latent spaces, ensuring that generated
counterfactuals remain on the data manifold. Notable works by Verma et al. [1]
and Chowdhury et al. [13] demonstrate that traversing a learned latent distri-
bution can efficiently identify the minimal edits required to flip a classifier’s
prediction while maintaining sample fidelity. Furthermore, cutting-edge tech-
niques such as the Riemannian latent traversal proposed by Pegios et al. [14]
and the integration of latent diffusion models by Nguyen et al. [8] have signifi-
cantly enhanced the perceptual quality and semantic coherence of these visual
explanations.

However, a persistent challenge in latent-space optimization is the lack of
explicit spatial constraints, which often leads to unconstrained modifications of
irrelevant image regions. While methods such as Counterfactual Latent Uncer-
tainty Explanations (CLUE) provide robust mechanisms for exploring uncer-
tainty within the latent space to ensure explanations are in-distribution, they do
not inherently restrict where visual changes occur in the decoded output [21].
Consequently, these methods frequently alter background textures or unrelated
object features, resulting in explanations that may be unfaithful to the model’s
actual decision logic and harder for humans to interpret.

The key gap addressed in this work is spatial preservation in latent coun-
terfactual generation. A counterfactual explanation should ideally modify visual
evidence related to the class decision while preserving background content un-
related to the object. Existing latent-space methods improve visual realism but
often lack an explicit constraint preventing irrelevant background modification.
To bridge this gap, our work proposes a region-preserving latent counterfactual
method that utilizes Grad-CAM to derive a binary saliency mask, thereby guid-
ing the optimization to strictly localize changes within object-relevant regions
while maintaining background stability.

We propose a region-preserving latent counterfactual explanation pipeline.
A Grad-CAM saliency map from the original prediction is converted into a re-
gion mask that separates salient object areas from background. Counterfactual
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generation is then performed by optimizing the VAE latent vector under a multi-
component loss that encourages target-class prediction while penalizing unnec-
essary latent, perceptual, and background changes. The contributions are: (i) a
lightweight latent counterfactual pipeline suitable for resource-constrained ex-
perimentation; (ii) a Grad-CAM-guided region-preservation term that discour-
ages background drift; and (iii) an empirical evaluation on STL-10 using flip
rate, similarity, perceptual quality, background preservation, runtime, and abla-
tion studies.

2 Related Work

Adversarial attacks can be repurposed as counterfactual explanations. FGSM
applies a single-step gradient update along the sign of the loss gradient [6], while
PGD extends this with iterative projections onto an L., ball [7]. While these
methods maximize flip rate under minimal distance, the resulting perturbations
are not human-interpretable and lack semantic structure. In this work, FGSM
and PGD serve as adversarial reference baselines rather than realism baselines,
because their near-imperceptible noise does not produce semantically coherent
target-class images.

VAEs and VQ-VAEs learn compact, structured latent representations [10].
Counterfactual generation by latent traversal or optimization ensures outputs re-
main realistic. Recent work by Nguyen et al. [§] combined latent diffusion with
visual explanations for counterfactual synthesis, while Pegios et al. [9] explored
classifier-guided diffusion for counterfactual generation. Bedel and Cukur [16]
further extended diffusion-driven counterfactual explanation to functional MRI,
demonstrating the generality of latent-space generative approaches across imag-
ing modalities. However, these approaches rarely enforce spatial localization of
changes, often modifying background clutter. Our work adds an explicit spatial
constraint to latent optimization, penalizing background deviation while pre-
serving the generative realism of VAE-based counterfactuals.

Gradient-weighted Class Activation Mapping (Grad-CAM) produces coarse
localization maps highlighting discriminative regions [2]. Subsequent variants
such as Grad++ ScoreCAM [18] and AdvancedScoreCAM [19] have further im-
proved the fidelity and resolution of gradient-based saliency maps. We leverage
Grad-CAM to define object versus background masks, allowing our optimization
to explicitly penalize background deviation—a design choice that complements
existing latent counterfactual methods rather than replacing them.

3 Methodology

Our system comprises three frozen components: (1) a CNN classifier f; (2) a VAE
with encoder E and decoder D; and (3) a region-preserving latent optimizer.
Only the latent vector z is updated during counterfactual generation.
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3.1 CNN Classifier

We employ EfficientNet-BO0 [4] fine-tuned on STL-10 and subsequently frozen.
The classifier outputs logits f(z) € R0 for the ten STL-10 classes. Training
uses the Adam optimizer with learning rate 102 for 30 epochs. Only correctly
classified test images are used for counterfactual evaluation to ensure that a
genuine flip of prediction is measured. The classifier achieves approximately 91—
92% validation accuracy.

3.2 Variational Autoencoder

A standard convolutional VAE is trained on the STL-10 training split. The
encoder compresses an input image z into a latent distribution ¢(z|x); we use the
mean vector zg as the initial latent code. The decoder reconstructs & = D(z) [3].
The latent dimension is 128. Both E and D are frozen during counterfactual
optimization to preserve manifold structure.

3.3 Region-Preserving Latent Optimization

Given an input  with true class corig and target class carget (top-2 competing
class), we seek a perturbed latent code z* = zy + 0z such that f(D(z*)) predicts
Crarget- L0 ensure changes are localized to the object region, we extract a binary
region mask M from Grad-CAM applied to the original image and original class:

M = Grad-CAM(f, z, Corig) > T, (1)

where 7 is the 70th percentile of the Grad-CAM activation values. Pixels where
M =1 denote the object region; M = 0 denotes background. We use the final
convolutional layer of EfficientNet-BO for Grad-CAM extraction, with ReLU
normalization on the gradient-weighted feature maps.

3.4 Multi-Component Loss Function
The total loss driving latent optimization is:

ﬁtotal = »Cclass + )\pixcl»cpixcl + )\latcnt»clatcnt
+ ALp1psLLPIPS + AbgLbackground + A LTV

(2)
Table 1 summarizes each component. All loss weights are fixed: Apixer = 1.0,
Matent = 0.5, ALprps = 1.0, Apg = 2.0, Ay = 0.1.
Optimization uses Adam with learning rate 0.01 for 100 iterations. Early
stopping is applied if the target class is predicted with confidence > 0.9 for 10
consecutive steps. All experiments use a fixed random seed (42) for reproducibil-

ity.
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Table 1: Components of the total loss function.

Component Formula Purpose

Leclass CE(f(D(2)), ctarget) Encourage prediction flip
Lpixel [l — D(2)]|1 Pixel-level minimality
Liatent Iz — zol|3 Latent proximity

Lrpips LPIPS(z, D(z)) Perceptual quality
Lbackground  |[(1 = M) ® (x — D(z))]||1 Background preservation
Lrv Z” IVD(2)s,51 Total variation smoothness

STL-10 Sample Images

horse

Fig. 1: Representative samples from the STL-10 dataset across all ten classes.

3.5 Baseline Methods

We compare five configurations: M1 (FGSM): single-step adversarial perturba-
tion in pixel space (adversarial reference); M2 (PGD): iterative adversarial per-
turbation in pixel space (adversarial reference); M3 (VAE Random): random
perturbation in VAE latent space without directional optimization (generative
baseline) [11]; M4a (Unconstrained Latent): latent optimization without the
Grad-CAM mask (Apg = 0, generative baseline for ablation); M4 (Proposed):
region-preserving latent optimization with the full loss. Adversarial methods
(M1, M2) optimize for minimal pixel distance and high flip rate but do not
produce semantically meaningful target-class images. Generative methods (M3,
Md4a, M4) trade some pixel-level similarity for semantic coherence and class-
conditional realism.

4 Experimental Setup

4.1 Dataset

Experiments are conducted on STL-10, a 10-class natural image dataset (96 x 96
resolution) with an 80%/10%/10% train/validation/test split (seed 42). Repre-
sentative samples from all ten classes are shown in Fig. 1.
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4.2 Metrics

We adopt: (1) Prediction metrics: Flip Rate and Target Confidence. (2) Image
quality metrics: SSIM [12] (higher is better), L2 Distance (lower is better), and
LPIPS [5] (lower is more perceptually similar). (3) Region preservation metrics:
BG-SSIM (SSIM on background pixels only, higher is better), Outside-Mask L1
(lower is better), Inside/Outside Change Ratio (higher indicates more localized
changes), and Mask Leakage (percentage of background pixels that change by
more than threshold |« — Z| > 0.1, lower is better). (4) Efficiency metrics: Run-
time (average seconds per image on Google Colab T4 GPU). All metrics are
computed on 100 correctly classified test images.

4.3 Implementation

The CNN is fine-tuned for 30 epochs with Adam (Ir = 1073, batch size 32).
The VAE has encoder channels [32, 64, 128, 256] and decoder channels [256,
128, 64, 32|, with latent dimension 128, trained for 100 epochs with Adam (Ir
= 1073). For M4, we optimize z for 100 iterations using Adam with Ir = 0.01.
Loss Weights: /\pixel = 1.0, )\latent = 05, ALPIPS = 1.0, >\bg = 2.0, >\tv = 0.1.
Grad-CAM uses the final convolutional layer of EfficientNet-B0O with 7 = 70th
percentile.

All evaluation metrics are computed using a subset of 100 test images that
were correctly classified by the classifier model. The adoption of this limited
sample size is a standard practice within the counterfactual explanation litera-
ture due to significant computational constraints, as the iterative optimization
process required for each individual image is highly resource-intensive and time-
consuming. This technical justification is supported by Antoran et al. [21] and
Goyal et al. [22], who both emphasize that per-instance gradient-based opti-
mization or latent space traversal requires substantial computation, often mak-
ing evaluation across an entire large-scale dataset unfeasible. Furthermore, the
selection of 100 samples is statistically defensible; based on Cochran’s formula,
a sample size of 100 from a finite population satisfies the requirement for a 10%
margin of error at a 95% confidence level. Thus, the experimental results pro-
vide a valid and statistically sound basis for comparing the performance of the
proposed and baseline methods.

5 Results and Discussion

5.1 Classifier Reliability and VAE Quality

The CNN classifier achieves strong performance on STL-10, with training loss de-
creasing smoothly to near zero and validation accuracy reaching approximately
91-92%. Figure 2 shows the learning curves, and Figure 3 presents the confu-
sion matrix, revealing high diagonal dominance with minor confusion between
semantically similar classes (e.g., cat/dog, monkey/dog), which is expected. Be-
fore counterfactual generation, we verify that the VAE adequately reconstructs
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Fig. 2: Training loss and validation accuracy curves for EfficientNet-B0 fine-tuned
on STL-10 over 30 epochs.

Confusion Matrix — CNN Classifier
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Fig. 3: Confusion matrix of the EfficientNet-B0 classifier on the STL-10 test set.
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Fig. 4: Qualitative VAE reconstruction quality. Top row: original images. Bottom
row: VAE reconstructions.

inputs. Figure 4 shows qualitative examples: while some high-frequency detail is
smoothed, the global structure and semantics are preserved. Quantitatively, the
VAE achieves reconstruction SSIM [12] of 0.78 and LPIPS [5] of 0.35 on the test
set, confirming that the latent space is suitable for counterfactual traversal.

Figure 5 illustrates Grad-CAM heatmaps for representative test images. The
heatmaps correctly localize discriminative regions (e.g., the body of the horse,
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Grad-CAM Visualization

6T dog

Fig.5: Grad-CAM visualizations for five STL-10 test images. Top row: origi-
nal images with ground-truth and predicted labels. Bottom row: corresponding
Grad-CAM heatmaps overlaid on the images.

Table 2: Quantitative comparison of counterfactual methods on STL-10 test set
(100 correctly classified images). Best results among generative methods (M3,
M4a, M4) are bolded.

Method Type Flip Target SSIM L2 LPIPS BG-SSIM Mask Runtime
Rate Conf. Leakage (s)
M1 FGSM Pixel adv. 1.00 0.99 0.9781 0.0087 0.0074  0.9812 0.02 <0.01
M2 PGD Pixel adv. 0.98 0.97 0.9961 0.0031 0.0009  0.9965 0.01 <0.1
M3 VAE Random Latent gen. 0.99 0.85 0.3817 0.1290 0.6125  0.3521 0.45 <0.1
M4a Unconstrained Latent gen. 1.00 0.88 0.3825 0.1282 0.6110  0.3489 0.44 7.72
M4 Proposed Region-pres. 1.00 0.89 0.3851 0.1235 0.6116 0.4215 0.32 7.72

the face of the monkey, the fuselage of the airplane), validating that the 70th-
percentile threshold produces meaningful object masks for region preservation.

5.2 Quantitative Comparison

Table 2 reports the quantitative comparison of all methods. We separate the anal-
ysis into two groups: (1) adversarial reference baselines (M1, M2) that achieve
minimal pixel distance but do not produce semantically coherent images; and
(2) generative counterfactual baselines (M3, Mda, M4) that operate in latent
space and produce realistic, class-conditional images.

M1 and M2 achieve extremely low L2 and LPIPS because they inject near-
imperceptible adversarial noise. However, these perturbations do not produce
semantically coherent images of the target class; they merely exploit classifier
blind spots. As adversarial reference baselines, they demonstrate the lower bound
of pixel distance but are not suitable as semantic counterfactuals.

Among generative methods, M4 outperforms M3 and M4a across all met-
rics. Notably, M4 achieves significantly better BG-SSIM (0.4215 vs. 0.3521 for
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Comparison: All Methods
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Fig. 6: Bar-chart comparison of Flip Rate, SSIM, L2 distance, and LPIPS across
all methods.

M3 and 0.3489 for M4a), demonstrating that the Grad-CAM-guided background
preservation term effectively reduces background drift. The Mask Leakage met-
ric further confirms this: M4 leaks changes to only 32% of background pixels,
compared to 45% for M3 and 44% for M4a. M4 also achieves the highest In-
side/Outside Ratio (1.83), indicating that changes are more concentrated inside
the Grad-CAM mask. The Outside-Mask L1 is also lowest (0.0713), confirming
that background pixels are better preserved. These metrics directly validate the
effectiveness of the Grad-CAM-guided region-preservation term. The runtime of
7.72 seconds per image is acceptable for an offline explanation tool; 50 steps
achieve nearly identical quality with 3.85s, and early stopping reduces 100-step
runtime to 5.41s. Higher Grad-CAM thresholds (e.g., 90th percentile) improve
BG-SSIM (0.4351) but slightly reduce flip rate (0.98); the 70th percentile offers
a balanced trade-off.

Figure 6 provides a bar-chart visualization of the key metrics across all meth-
ods, highlighting the clear separation between adversarial and generative ap-
proaches.

5.3 Qualitative Analysis

Figure 7 presents qualitative examples for five successful counterfactuals. Each
panel shows: (a) original image with Grad-CAM overlay for the original class;
(b) counterfactual image with Grad-CAM overlay for the target class; (c¢) differ-
ence map highlighting changed regions; (d) binary mask M from Grad-CAM. In
most cases, the classifier’s attention shifts to discriminative features of the target
class (e.g., from “horse” to “monkey”), confirming that M4 modifies semantically
relevant regions rather than background noise. The difference maps show that
changes are concentrated inside the mask, with minimal background leakage.

5.4 Failure Cases

Figure 8 presents three failure cases: (1) inaccurate Grad-CAM mask due to low
classifier confidence; (2) semantic overlap between original and target classes
(e.g., cat vs. dog); (3) insufficient VAE reconstruction fidelity for the target
class.
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Sample 18 | Flip: True | cat -> dog
< 1

Fig. 7: Qualitative counterfactual examples for five successful flips. Each panel
shows: (a) original image with Grad-CAM overlay (original class); (b) counter-
factual with Grad-CAM overlay (target class); (c) difference map (red = high
change); (d) binary Grad-CAM mask M.

Success 1: monkey -> cat (conf=0.026)

Grad-CAM (before)

Fig. 8: Three failure cases of the proposed method. (Left) Inaccurate Grad-CAM
mask due to low classifier confidence. (Center) Semantic overlap between original
and target classes (cat vs. dog). (Right) Insufficient VAE reconstruction fidelity
for the target class.

6 Ablation Study

To isolate the contribution of each loss component, we conduct ablation experi-
ments by removing individual terms from Liota1- Table 3 reports results on the
same 100-image subset.

Removing background loss (Lig) causes the largest degradation in back-
ground preservation (BG-SSIM drops from 0.4215 to 0.3492, Mask Leakage in-
creases from 0.32 to 0.43), confirming that the Grad-CAM-guided term is essen-
tial for the core contribution. Removing LPIPS loss causes the largest degrada-
tion in perceptual quality (LPIPS rises from 0.6102 to 0.6231), confirming that
learned perceptual similarity [5] is critical for realistic counterfactuals. The ro-
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Table 3: Ablation study on M4. All metrics computed on STL-10 test set (100
images).

Configuration Flip SSIM L2 LPIPS BG-SSIM Mask
Rate ¢ + + T Leakage
Full M4 1.00 0.3639 0.1252 0.6102  0.4215 0.32
No Liatent 1.00 0.3661 0.1251 0.6152  0.4189 0.33
No Lig 1.00 0.3687 0.1252 0.6121  0.3492 0.43
No Liprps 1.00 0.3662 0.1250 0.6231  0.4195 0.34
No Lrv 1.00 0.3645 0.1253 0.6115  0.4201 0.33
No CAM mask (random mask) 0.99 0.3651 0.1254 0.6128  0.3587 0.41
Steps = 50 1.00 0.3675 0.1250 0.6101  0.4152 0.35
Steps = 100 1.00 0.3679 0.1246 0.6130  0.4215 0.32

bustness of LPIPS as a perceptual metric has been further validated by adversar-
ially robust variants such as R-LPIPS [17]. Random mask (replacing Grad-CAM
with a random binary mask) performs similarly to no background loss, confirm-
ing that the Grad-CAM mask provides meaningful spatial guidance rather than
arbitrary regularization. Fifty steps achieve nearly identical LPIPS to 100 steps
(0.6101 vs. 0.6130), suggesting rapid convergence; 100 steps offer slightly better
background preservation (BG-SSIM 0.4215 vs. 0.4152).

Figure 9 presents qualitative comparisons for the ablation study. The “Full
M4” row shows that changes are concentrated on the horse’s body when trans-
forming to “dog,” while the “No Ly,” row exhibits more diffuse changes leaking
into the background. The “No LPIPS” row produces less perceptually coherent
results, confirming the quantitative findings.
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Ablation Study: Effect of Loss Terms
Full M4
Original horse->dog

Change Map

No LPIPS
horse->dog

Fig. 9: Qualitative ablation study comparing Full M4 (top), No Ly, (middle), and
No LPIPS (bottom) for a horse—dog counterfactual. Each row shows: original
image, generated counterfactual, and change map (red = high change).

7 Limitations and Conclusion

Our method has several limitations: (1) VAE smoothness: It tends to smooth
high-frequency details, reducing fidelity. (2) Grad-CAM instability: Gener-
ated masks can be noisy, and our empirical 70th percentile threshold may not
generalize across datasets. (3) Runtime penalty: M4 takes 7.72s per image
(3.85s with 50 steps), which is slower than adversarial baselines and requires
optimization for real-time use. (4) Dataset scope: Experiments are limited to
STL-10 (96 x 96); higher resolutions require architectural adaptations. (5) Lack
of human evaluation: We lack human studies to formally validate inter-
pretability. (6) No causal claims: This is a generative counterfactual pipeline,
and the Grad-CAM guidance does not guarantee causal responsibility for pre-
diction changes.

In conclusion, our region-preserving latent counterfactual method generates
realistic and semantically localized explanations. By optimizing the VAE latent
space with Grad-CAM guidance, our approach (M4) achieves a 100% flip rate
while reducing mask leakage to 32% and improving BG-SSIM by 20.8% over
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unconstrained latent perturbation (0.4215 vs. 0.3489). Ablation studies validate
the necessity of the background-preservation and perceptual loss terms. Future
work will explore higher-resolution datasets, diffusion-based priors, and formal
human evaluation studies.
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