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Abstract. Counterfactual explanations provide interpretable insights
into classifier decisions by identifying minimal input modifications that
alter predictions. While extensively studied for tabular data, visual coun-
terfactuals present unique challenges requiring semantically meaningful
changes rather than imperceptible perturbations. Current approaches
predominantly employ diffusion models, GANs, and VAEs, while nor-
malizing flows remain underexplored despite offering tractable likelihood
computation. We introduce PLACE (Plausible LAtent Counterfactual
Explanations), a method that leverages conditional normalizing flows
for explicit density estimation in counterfactual generation. Operating
in the latent space of a pre-trained autoencoder, PLACE optimizes a
novel composite loss function balancing validity, proximity, and plausi-
bility. The plausibility term directly maximizes log-likelihood under the
target class distribution, enabled by the flow’s tractable density compu-
tation. Experiments on CelebA and MNIST demonstrate that PLACE
achieves competitive performance across multiple metrics while uniquely
satisfying explicit plausibility constraints through substantially improved
log density scores. Our method balances computational efficiency with
multi-objective optimization, validating normalizing flows as an effective
approach for probabilistically constrained visual counterfactual explana-
tions.

Keywords: Machine Learning - Counterfactual Explanations - Explain-
able Artificial Intelligence - Computer Vision.

1 Introduction

Counterfactual explanations (CEs) [23] identify minimal perturbations to input
instances that change a classifier’s prediction, providing insight into learned deci-
sion boundaries. Effective CEs satisfy three properties: minimality (small pertur-
bations), realism (plausible under the data distribution), and actionability (fea-
sible to implement). While extensively studied for tabular data [5, 16], generating
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visual counterfactuals poses significant challenges. Unlike adversarial examples
that achieve misclassification through imperceptible pixel-level noise, counterfac-
tual explanations require semantically meaningful changes (e.g., adding a smile
to a face or changing an object’s color) while preserving class-irrelevant attributes
such as background, pose, and identity.

This semantic requirement has driven the adoption of generative models for
visual counterfactual generation. Current approaches predominantly employ dif-
fusion models [7,3], GANs [1, 14|, and VAEs [21, 8]. Despite their proven effec-
tiveness for density estimation, normalizing flows [17] remain underexplored for
this task [6]. This is surprising given that flows offer a unique advantage: direct
likelihood computation, allowing us to quantify the plausibility of a counter-
factual as a member of the target class. This property is unavailable in other
generative model families. Such probabilistic guarantees are particularly rele-
vant in computational science applications where model interpretability must
be paired with rigorous uncertainty quantification, for instance when explaining
classifiers deployed in medical imaging [2], materials science [28], or computa-
tional biology [19], where stakeholders need to trust that an explanation is not
only valid but also distributionally plausible.

We address this gap by introducing PLACE (Plausible LAtent Counterfactual
Explanations), one of the first methods to utilize conditional normalizing flows
for density estimation of generated counterfactuals. PLACE optimizes a novel
composite loss that jointly enforces decision flipping, plausibility under the tar-
get class distribution, and proximity via L2 and LPIPS perceptual components.
We evaluate on CelebA and MNIST, demonstrating competitive performance
across multiple metrics against established baselines.

2 Related Works

Normalizing Flows. Normalizing flows enable exact density estimation through
invertible transformations with tractable Jacobian determinants [17,15]. How-
ever, flows applied directly in pixel space may capture local correlations rather
than semantic content, motivating their use in learned embedding spaces. In
the counterfactual domain, PPCEF [24] optimizes explicit density functions for
tabular data and CeFlow [4] uses invertible flows for mixed-type features. Plu-
GeN [25] employs flows to disentangle attributes in pre-trained latent spaces,
which we build upon for conditional density estimation.

Visual Counterfactual Explanations. Wachter et al. [23] formalized CEs as an
optimization balancing classifier loss and input distance, though without plau-
sibility constraints. REVISE [8] addresses this by optimizing in a VAE’s latent
space, constraining the search to the learned data manifold but suffering from a
plateau effect near decision boundaries. CLARITY [21] mitigates this by training
classifier ensembles directly in the latent space, producing smoother boundaries
at the cost of retraining. Other notable approaches include DiVE [18] for diverse
counterfactuals, prototype-guided methods [12], and GAN-based approaches [20,
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14]. Diffusion-based methods such as DIME [7] and DVCE [3] achieve strong
results but at higher computational cost. Recent work increasingly treats plau-
sibility as an explicit constraint [22, 13], motivating our use of normalizing flows
for direct density-based optimization.

3 Method

We propose PLACE, a method for generating counterfactual explanations that
operates in the latent space of a pre-trained autoencoder enhanced with nor-
malizing flows. Our approach addresses three key desiderata for visual coun-
terfactuals: (i) validity, i.e., flipping the classifier’s decision, (ii) prozimity, i.e.,
remaining close to the original input, and (iii) plausibility, i.e., staying within
high-probability regions of the learned data distribution.

3.1 Counterfactual Optimization

We consider a discriminative differentiable model pq(y|z) (e.g., a CNN classifier).
Given an input image x with latent representation z = E(z) obtained via the
encoder F, current class y, and target label § # y, we optimize a counterfactual
embedding 2’ € R? in the d-dimensional latent space. The counterfactual image
Z is generated as & = G(z2'), where G denotes the decoder. We minimize the
following composite loss function:

’
'C(Z ) = )\dec»cdecision + Adistﬁdistance + )\plausﬁplausibility + )\perc»cperceptual; (1)
where Agec, Adists Aplaus; and Apere control the relative importance of each term.

Decision Loss. Following Wielopolski et al. [24], we use a margin-based loss to
ensure prediction flip:

‘Cdccisioll(‘%7 Zj) = maX(O'E) +e— Pd(lﬂf)’ 0)7 (2)

where € > 0 provides a safety margin beyond the decision boundary, ensuring
robust flips that are stable under small perturbations.

Distance Loss. The distance loss penalizes large deviations from the original
latent representation:

Laistance(2, 2) = |z — 2|2, (3)
promoting minimal-magnitude changes that preserve the original image’s seman-
tic content.

Plausibility Loss. The plausibility loss leverages the normalizing flow’s exact
density computation:

Eplausibility(zlv g) = - IOg pF(zl|g)a (4)

where pp(|7) is the conditional normalizing flow model estimating the density
for the target class ¢. This ensures counterfactuals lie within high-density regions
of the target class distribution, preventing unrealistic examples.
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Perceptual Loss. The perceptual loss preserves high-level visual features:
[fperceptual(xz i‘) = LPIPS(Q}, "Z‘)a (5)

where LPIPS [27] measures distance in deep feature space. This complements
Ldistance Dy enforcing proximity at a semantic level, ensuring that texture, struc-
ture, and identity remain consistent.

3.2 Architecture

Following PluGeN [25], we combine a deterministic convolutional autoencoder
(encoder E : X — Z, decoder G : Z — X, Z C R?%) with an attribute-factorized
normalizing flow F' : Z — R? that enables tractable conditional density com-
putation in the latent space. A separately trained classifier pg(y|z) provides the
decisions we aim to explain. All components remain frozen during counterfactual
generation. Figure 1 illustrates the complete pipeline.

Repeat N times

— Pd | Lecision «——

Original: 0
Target: 1

Copy and Freeze |

L

plaus’

Fig. 1. Overview of the PLACE architecture. The input image is encoded into the
latent space, and the embedding is iteratively optimized by minimizing a composite
loss that combines decision, distance, plausibility, and perceptual terms. The decoder,
classifier, and normalizing flow all remain frozen during optimization.

4 Experiments

We evaluate PLACE against established baselines on two benchmark datasets:
CelebA [11] (smile classification, images resized to 256 x 256, standard train/test
split) and MNIST [10] (digit-to-digit transformations such as 0—8 and 1—5,
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images resized to 32 x 32). We measure validity, LPIPS [27], FID [26], L2 dis-
tance, log density log pr(2'|7), and wall-clock time. We compare against CLAR-
ITY [21] and REVISE [8], two established latent-space counterfactual meth-
ods that share our autoencoder-based pipeline; a comparison with diffusion-
based approaches |7, 3], which operate under fundamentally different generative
paradigms, is left to future work.

4.1 Hyperparameters

All methods use Adam [9] with early stopping. For PLACE on CelebA: learning
rate 5x 1073, Ageec = 1000, Agise = 1.0, Aplaus = 2.0, € = 0.05. On MNIST: learn-
ing rate 1072, Agec = 10.0, Adist = 1.0, Aplaus = 10.0. REVISE and CLARITY
baselines follow their original configurations. The pretrained classifier is ResNet-
34 for CelebA (>95% accuracy) and a convolutional network for MNIST.

4.2 Results

Figure 2 illustrates the optimization process on CelebA, showing how PLACE
progressively modifies discriminative features to achieve class change while pre-
serving non-discriminative attributes.

Smile probability

0.77

Original 50 100 150 200 250 300
Epoch number

Fig. 2. Counterfactual generation on CelebA. PLACE progressively modifies smile-
related features until the classifier’s confidence for the original class drops below 50%,
preserving identity and non-discriminative attributes.

CelebA Results. Table 1 presents results for smile classification counterfactuals.
All methods achieve perfect validity. PLACE achieves the best LPIPS (0.21)
and competitive log density (—1950.56), demonstrating effective balance between
perceptual quality and plausibility. CLARITY achieves the best FID (105.01)
and L2 (79.04) but requires the longest computation. REVISE is fastest but
produces substantially worse perceptual quality (LPIPS 0.952).

MNIST Results. Table 2 shows results on MNIST. All methods achieve perfect
validity. PLACE achieves substantially better log density (—120.66) compared to
CLARITY (—134.11) and REVISE (—135.67), demonstrating the effectiveness
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Table 1. Quantitative results on CelebA dataset. All methods achieve 100% validity.

Method Validity LPIPS | FID | L2 | Log Density 1 Time (s) |

CLARITY 1.0 0.244 105.01 79.04 -2210.19 10424.38
REVISE 1.0 0.952  442.67 265.37  -1909.05 4268.71
Ours 1.0 0.21  124.27 92.69 -1950.56 7525.64

Table 2. Quantitative results on MNIST dataset. All methods achieve 100% validity.

Method Validity L2 | Log Density T Time (s) |

CLARITY 1.0 13.87 -134.11 41.13
REVISE 1.0 13.83 -135.67 0.57
Ours 1.0 15.97 -120.66 14.39

of explicit density-based plausibility constraints, with slightly higher L2 distance
(15.97 vs. ~13.8) as a trade-off.

Overall, PLACE uniquely satisfies explicit plausibility constraints through
normalizing flows while maintaining competitive proximity and perceptual qual-
ity. The substantial log density improvement validates the advantage of tractable
likelihood computation for enforcing probabilistic plausibility, a property un-
available in baseline methods.

5 Conclusions and Future Work

We presented PLACE, a method for generating visual counterfactual expla-
nations using conditional normalizing flows for explicit plausibility estimation
in the latent space of a pre-trained autoencoder. Experiments on CelebA and
MNIST demonstrate that PLACE achieves competitive performance across mul-
tiple metrics while uniquely satisfying explicit plausibility constraints, as evi-
denced by substantially improved log density scores. Our explicit density-based
optimization provides direct control over plausibility, making PLACE particu-
larly suitable for safety-critical applications requiring trustworthy explanations.

Several directions remain for future work. First, we plan to benchmark PLACE
against diffusion-based counterfactual methods [7, 3] to provide a more compre-
hensive comparison across generative paradigms. Second, we intend to evaluate
our framework on domain-specific datasets from computational science, such
as medical imaging [2] and materials characterization [28], where plausibility-
constrained explanations can directly support scientific discovery and clinical
decision-making. Finally, scaling PLACE to higher-resolution images and ex-
ploring more expressive flow architectures may further improve the quality and
applicability of the generated counterfactuals.
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