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Abstract. We propose a permutation-based explanation method for im-
age classifiers. Current image-model explanations like activation maps
are limited to instance-based explanations in the pixel space, making it
difficult to understand global model behavior. In contrast, permutation
based explanations for tabular data classifiers measure feature impor-
tance by comparing model performance on data before and after permut-
ing a feature. We propose an explanation method for image-based mod-
els that permutes interpretable concepts across dataset images. Given a
dataset of images labeled with specific concepts like captions, we permute
a concept across examples in the text space and then generate images via
a text-conditioned diffusion model. Feature importance is then reflected
by the change in model performance relative to unpermuted data. When
applied to a set of concepts, the method generates a ranking of feature
importance. We show this approach recovers underlying model feature
importance on synthetic and real-world image classification tasks.
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1 Introduction

Understanding AI model predictions is often important for safe deployment.
However, explanation methods for image-based models are instance-based and
rely on heatmaps or masks in the pixel space [18}[25//29}38|, and recent work has
called into question their utility [1,2}/10]. We hypothesize that these methods fall
short in part because they are in the pixel space rather than in the concept space
(e.g., presence of an object), leading to an increase in the cognitive load placed
on a user. Furthermore, while useful for model debugging, it is often intractable
to look at instance-based explanations for every single image in a large test set.

We propose an approach for explaining image-based models that uses per-
mutation importance to produce dataset-level explanations in the concept space.
In contrast to instance-based explanations, our method generates a ranking of
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Fig. 1: Text-conditioned diffusion enables permutation importance for images. Given
images captioned with concepts, we permute concepts across captions. Then, we gen-
erate images via text-conditioned diffusion models and measure classifier performance
relative to unpermuted data. If performance drops, the model relies on the concept.

feature importance by measuring the drop in model performance when one per-
mutes each concept across all instances in the test set. While widely used with
tabular data [3L/4,30], it is unclear how permutation importance applies to im-
ages. For example, given a scene classifier, if we want to know to what extent
it relies on a concept like the presence of a chair, one cannot simply shuffle the
pixels of chairs across images in the dataset.

In light of these challenges, we present DEPICT, an approach that uses dif-
fusion models to enable permutation importance on image classifiers. Our main
insight is that while it is difficult to permute concepts in the pixel space, we can
permute concepts in the text space (Fig. . For example, we can simply shuffle
the presence of a chair in the captions of images. Then, using a text-conditioned
diffusion model, we bridge from text (captions) to pixel space (image), allow-
ing us to permute concepts across images. With the generated permuted and
unpermuted test set, we can apply permutation importance as usual.

Given a target model, an image test set captioned with a set of concepts, and
a text-conditioned diffusion model, we show that DEPICT can generate concept-
based model explanations that would otherwise be intractable via local instance-
based explanations. Through experiments on synthetic and real image data, we
show that our approach can more accurately capture the feature importance of
classifiers over commonly used instance-based explanation approaches.

2 Related Works

We introduce DEPICT, a diffusion-enabled permutation importance approach
to understand image-based classifiers. DEPICT lies at the intersection of ex-
plainable AI, generative models, and human-computer interaction.

Explainable Al. Explainable AT allows us to understand model behavior |32].
Global explanations allow us to do so as a whole. E.g., linear models that oper-
ate directly on the input space are explainable via their weights, which reflect
the importance of each input feature with respect to the model’s output |31].
The usefulness of these explanations depends in part on the interpretability of
the input space. If the input space is just pixels, such explanations are unlikely
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Fig. 2: Approach overview. In tabular permutation importance (left), one obtains
feature importance by permuting each feature column and measuring the impact on
model performance. In di usion-enabled image permutation importance (right), fea-
tures are permuted in the di usion model's conditioned text space and generate dataset
images for classi er evaluation. To validate results, one can check that the model can
accurately classify generated images, and only the permuted concept changed.

to be useful. More complex models like deep neural networks require extrinsic
explanation techniques. For tabular data, the input space corresponds to inter-
pretable concepts, and dataset-speci c feature importance can be calculated with
permutation importance [41[8,/34], which we describe in Sectiof 3|1. Currently,
no global or even dataset-level explanation techniques that rank concepts exist
for image-based models. Instead, researchers typically rely on instance-based ex-
planations in the form of activation maps or masks [[18, 25, 29]. Our approach
helps us understand dataset-level behavior of image-based models by permuting
concepts across images using text-conditioned di usion models.

Generative Al-enabled classi er explanations. Recent breakthroughs in
generative Al have helped researchers probe black-box models. For example,
generative models can produce counterfactual images that subsequently change
a classi er's predictions [7/22], and such changes can be linked to either changes
in natural language text, concept annotations, or expert feedback to better un-
derstand why a model prediction might change. DEPICT is similar in that it
also relies on generative Al techniques to produce images with changed con-
cepts. However, in contrast, DEPICT generates a ranking of concepts based on
their e ect on downstream model performance, rather than their e ect on model
predictions.

Concept bottleneck models. Concept bottleneck models (CBMs) are inter-
pretable models trained by learning a set of neurons that align with human-
speci ed concepts. They support interventions on concepts compared to end-to-
end models|[15,17,19,21,33,35 37]. One can perform permutation on CBMs by
permuting concept predictions in the bottleneck layer. DEPICT di ers by han-
dling a more common case of models. We cannot assume all models are CBMs:
many important networks are black-box, non-CBM models whose parameters
we do not have access to (e.g., proprietary/private data or training algorithms).
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