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Figure 1. DiffEx explains the decisions of domain-specific classifiers by identifying the most influential semantics affecting their predic-
tions. Classifier scores for each example are displayed in the top-left corner, demonstrating how classifier predictions change in response
to the manipulation of different semantics (original images are shown with red borders). Our approach is capable of explaining classifiers
that concentrate on individual concepts such as faces or animals (top row) as well as those that manage complex scenes involving multiple
objects, such as a formal/casual fit in a fashion context (bottom row).

Abstract

Classifiers are important components in many computer
vision tasks, serving as the foundational backbone of a
wide variety of models employed across diverse applica-
tions. However, understanding the decision-making pro-
cess of classifiers remains a significant challenge. We pro-
pose DiffEx, a novel method that leverages the capabilities
of text-to-image diffusion models to explain classifier deci-
sions. Unlike traditional GAN-based explainability models,
which are limited to simple, single-concept analyses and
typically require training a new model for each classifier,
our approach can explain classifiers that focus on single
concepts (such as faces or animals) as well as those that
handle complex scenes involving multiple concepts. DiffEx
employs vision-language models to create a hierarchical list
of semantics, allowing users to identify not only the overar-
ching semantic influences on classifiers (e.g., the ‘beard’
semantic in a facial classifier) but also their sub-types, such
as ‘goatee’ or ‘Balbo’ beard. Our experiments demonstrate

†Equal contributions.

that DiffEx is able to cover a significantly broader spectrum
of semantics compared to its GAN counterparts, providing
a hierarchical tool that delivers a more detailed and fine-
grained understanding of classifier decisions.

1. Introduction

Classifiers are fundamental to computer vision tasks, form-
ing the backbone of many models used in a broad spec-
trum of applications [15, 21, 30, 32, 52]. Their abil-
ity to generalize across tasks and adapt to new domains
with minimal retraining makes them highly transferable,
and thus they are employed extensively in fields such as
healthcare [37, 39, 42, 69], finance [38, 60, 62], security
[2, 29, 33], and autonomous systems [5, 59, 65]. Despite
their versatility and widespread utility, understanding the
decision-making process of classifiers remains a signifi-
cant challenge [3, 44, 50, 74, 76]. This challenge comes
mainly from their “black box” nature. As images move
through the deep layers of the network, the features used
for classification become more abstract and harder to un-
derstand. The lack of interpretable features in such mod-
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els raises critical concerns, particularly in high-stakes en-
vironments such as medical diagnosis, where understand-
ing the reasoning behind a model’s prediction is crucial
for ensuring trust, accountability, and informed decision-
making [10, 34, 47, 57, 77]. Explaining classifier deci-
sions is crucial for enhancing the transparency and relia-
bility of these models. Prior research [31] has used gen-
erative adversarial networks (GANs) [18] to interpret clas-
sifier decisions by generating counterfactual examples that
manipulate GAN latent semantics. These manipulations il-
lustrate how changes in specific attributes, like the addition
of the eyeglasses semantic, impact classifier outputs. How-
ever, GANs are often limited to single domains, such as fa-
cial images, and typically require training a new model per
classifier, which is resource-intensive and time-consuming.
Moreover, in GAN-based methods, understanding which
latent semantics affect classifier decisions often requires
manual intervention to identify and interpret relevant fea-
tures, such as recognizing that a discovered semantic con-
trols the eyeglasses attribute. This manual process is not
only time-consuming but also less feasible in specialized
fields like medicine, where identifying intricate attributes
requires substantial domain expertise, making the approach
impractical in critical scenarios.

This limitation highlights the need for more automated
and versatile approaches to interpret classifier decisions.
Text-to-Image (T2I) diffusion models [45] emerge as a
compelling alternative, widely recognized for their ability
to generate high-quality images across various domains,
which makes them a promising tool for explaining clas-
sifier decisions. These models offer the potential for a
richer and more diverse set of semantic features compared
to existing methods. However, their ability to interpret and
utilize latent space semantics remains limited in the con-
text of diffusion models. Existing techniques for identi-
fying meaningful semantics rely largely on supervised ap-
proaches [7, 8], which require users to craft detailed text
prompts to specify particular features for editing, such as
a mustache. This process requires domain expertise to craft
appropriate prompts; thus, a broad semantic corpus is essen-
tial to improve diffusion models for classifier explanations
while reducing manual effort. In this paper, we first employ
Vision-Language Models (VLMs) [36] to extract a large-
scale corpus covering domain-specific hierarchical seman-
tics (see Fig. 2). Then, we introduce a training-free method,
DiffEx, which leverages this hierarchical corpus and text-
to-image diffusion models to explain the decision-making
process of classifiers by identifying the most influential se-
mantics. Our method provides explanations for both coarse
and fine-grained semantics. For example, it can recognize
a ‘beard’ as a coarse semantic influencing age classification
scores and also demonstrate how specific beard types (such
as ‘Balbo’ or ‘Anchor’ beards) impact the classifier’s scores.
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Figure 2. Hierarchical List of Attributes for the Bird Domain.
We use VLMs to extract a hierarchical corpus of semantics within
a given domain. This representation helps illustrate how different
attributes are grouped within a broader domain, facilitating a bet-
ter understanding of how each semantic contributes to the overall
decision-making process of a classifier.

This hierarchical strategy provides users with an overview
of the most significant semantics for a classifier, allowing
them to dig deeper into particular fine-grained semantics
that are essential for understanding classifier behavior. Our
qualitative and quantitative experiments reveal that DiffEx
offers considerably richer and more comprehensive expla-
nations for binary and multi-class classifiers across various
domains, including facial features, retinal health, and plant
pathology. Our contributions are as follows:

• We propose DiffEx, a training-free approach using
VLMs and T2I diffusion models to explain classifier de-
cisions. To the best of our knowledge, this is the first
hierarchical approach that explains classifier decisions.

• Our method employs a VLM to develop a comprehensive
semantic corpus that spans multiple domains, with our
source code publicly available to support future research.

• Unlike GAN-based methods, our approach can address
classifiers that focus on single concepts (such as an ‘age’
classifier analyzing a headshot of a person) and also ex-
tend to classifiers for complex scenes (such as a ‘mod-
ern/traditional architecture’ classifier).

• Our method offers more comprehensible explanations for
classifiers in applications ranging from facial recogni-
tion to retinal health compared to prior approaches and
is adaptable to both binary and multiclassifiers.

2. Related Work

Traditional research focuses mainly on heat maps and
patch-based extractions to explain classifier decisions.
Specifically, class activation and saliency maps attempt to
emulate human visual strategies by focusing on the image
regions most relevant to a specific class [43, 49, 53, 56, 72,
75, 78]. While these maps highlight the object or part of
an image that most influences the classifier’s decision, they
fail to reveal which specific, fine-grained object attributes
(e.g., color, pattern, or texture) impact the classification.
Other approaches try to explain classifier outputs by an-
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Figure 4. Top-7 Facial Attributes for Age Classification. DiffEx
identifies key attributes and their top subtypes for the age classi-
fier. Edited images are arranged hierarchically, with scores for the
“young” label shown at the top-left of each image.

age logit difference between the original and edited images
across a set of sample images, defined as:

I(s) = |f(X ′, s, y)− 1

N

N∑
i=1

C(xi, y)| (1)

f(X, s, y) =
1

N

N∑
i=1

C(g(xi, s), y) (2)

where f(X, s, y) denotes the average classifier’s logit score
for target class y on image set X edited with attribute s.
Here, y represents the unedited images’ target labels, such
as the “young” label for an age classifier. This influence
score I(s) captures the average impact of each semantic at-
tribute on classifier decisions by reflecting the logit score
change due to attribute manipulation.

3.2. Our Method
We first employ Vision-Language Models (VLMs) [36] to
extract a large-scale corpus covering domain-specific hi-
erarchical semantics. Then, we introduce a training-free
method, DiffEx, which leverages this hierarchical corpus
and text-to-image diffusion models to explain the decision-
making process of classifiers by identifying the most influ-
ential semantics.

3.2.1. VLM-Based Semantic Space
While the StylEx method outlined in Section 3.1 employs a
logit-based approach to identify semantics, it requires man-
ually labeling each attribute extracted from the trained GAN
model. Moreover, this method does not support the expla-
nation of hierarchical attributes. Therefore, we first compile
a large-scale set of semantics using VLMs. Given a domain
d, such as the ‘facial domain,’ our objective is to identify a
comprehensive set of domain-specific attributes from a col-
lection of domain-specific images, denoted as Nd. To ac-
complish this, we utilize a Vision-Language Model (VLM)
[36] to extract a range of relevant features, represented by

Algorithm 1 DiffEx

Require: Hierarchical structure H with semantic groups
and features, beam width B, classifier or scoring func-
tion f , scoring threshold δ

Ensure: Optimal semantics maximizing I
1: Initialize S ← root-level groups inH {Initial candi-

date set at top-level groups}
2: Initialize beam B ← ∅
3: Score each candidate s ∈ S using the scoring function

f(X, s, y) for y class label
4: Select top B candidates with I(b) ≥ δ and store in

beam B and S {Apply thresholding to filter relevant
candidates}

5: while B ̸= ∅ do
6: Initialize Snext ← ∅
7: for each candidate b ∈ B do
8: Expand b by adding sub-features from its next

level inH to form new candidates
9: for each new combination b′ expanded from b do

10: if I(b′) > I(b) then
11: Add b′ to Snext
12: end if
13: end for
14: end for
15: Set B ← Snext
16: Append Snext to S
17: end while
18: Return highest-scoring combination from final S as the

optimal joint semantic combination

H. Employing in-context learning [9, 58], we prompt the
VLM with a small set of images Nd, along with a detailed
task description and examples of desired outputs. This pro-
cess allows us to generate a substantial semantic corpus of
keywords, H, that captures the fine-grained attributes rel-
evant to the domain. The resulting corpus, H, comprises a
comprehensive collection of keywords that covers full spec-
trum of the domain’s attributes. We use this dataset to hier-
archically explain how different attributes influence classi-
fier decisions.

3.2.2. DiffEx
Considering the extensive number of semantics identified
using a VLM, it is computationally expensive to evaluate
every possible semantic or combination of attributes. We
introduce DiffEx, an efficient approach inspired by beam
search to explain classifier decisions (see Algorithm 1).
This method leverages our hierarchical semantic corpus to
streamline the process. Our approach iteratively refines can-
didate attributes by expanding only the most impactful se-
mantic paths at each hierarchical level, with each path’s rel-
evance guided by a scoring function that assesses the clas-
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Figure 5. Top-7 Discovered Attributes Across Different Ani-
mal Domains. Our method successfully identifies key attributes
for multiple domains, such as bird, wildcat, and pet species. The
original images are depicted with red borders while the edited im-
ages are depicted with black borders. For the pet species domain,
we used a binary classifier and for the bird and wildcat species do-
mains, we used a multi-classifier.

sifier’s response to each semantic feature. Formally, the
scoring function f calculates the average classifier C logit
scores across N images generated using each semantic at-
tribute s, as defined in Eq. (2), where g represents the gen-
erative diffusion model applied to each sample image.
We begin with an initial candidate set S, which in-
cludes high-level groups from the semantic hierarchy (e.g.,
broader categories like ‘mouth features’ or ‘eye features’).
Each candidate in S is evaluated by the scoring function
f(X, s, y), which quantifies the influence of the candidate
on the classifier’s output. Only the top B candidates that
surpass a predefined score threshold δ are retained, setting a
beam width that limits the search to the most impactful can-
didates. For each candidate in the beam, the algorithm pro-
ceeds by expanding to the next hierarchical level, incorpo-
rating more specific sub-features (e.g., for “mouth features,”
sub-features such as “beard” and “mustache” are included).
For each expanded candidate b′, the scoring function in Eq.
(2) is re-evaluated. Only candidates with a score exceed-
ing that of their parent I(b′) > I(b) are retained in the
next candidate set Snext, ensuring that only those additions
that yield significant incremental impact are added. This
process of expansion, scoring, and filtering continues iter-
atively, moving from general to more specific attributes at
each hierarchical level. By dynamically adjusting the can-
didate set based on beam width B and scoring threshold δ,
our method remains computationally efficient, focusing on
high-impact combinations rather than exhaustively evaluat-
ing all possible attribute pairings. For generating counter-
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Figure 6. Visual Comparison of Key Attributes Identified by
StylEx and DiffEx in the Plant Health and Retinal Disease
Domains. This figure illustrates the enhanced capability of our
method in identifying a broader set of significant attributes com-
pared to StylEx within the plant health and retinal disease do-
mains. DiffEx uncovers more detailed and diagnostically relevant
features, such as “leaf vein color” and “macular hole,” which pro-
vide deeper insights into leaf and retina health.

factual images, we utilize an off-the-shelf diffusion-based
editing tool, Ledits++ [8]. However, our approach is versa-
tile enough to accommodate any editing method.

4. Experiments
Experimental Setup. Our experiments utilize Ledits++ [8]
and Stable Diffusion XL (SDXL) [40] for generating coun-
terfactual images. Twenty-five time steps are omitted to
boost computational efficiency while preserving the qual-
ity of edits. The edit threshold, a hyperparameter that dic-
tates the global application scope of edits, is adjusted based
on each domain. We test our method across diverse clas-
sifiers to evaluate its effectiveness in explaining model be-
havior through semantic influence. Specifically, we utilize
classifiers trained on facial attributes data (i.e. age and gen-
der classifiers) [28] as well as plant health [23], retinal dis-
ease [13], bird species [64], wildcat/pet species [11], fash-
ion [35], places [79], and food data [6]. The experiments
for the face and plant health domains utilize a CLIP-based
classifier [41] to evaluate and interpret edits, while experi-
ments within the bird, wildcat, pet, food, fashion, and places
domains use CNN-based classifiers. These CNN classifiers
were built on the EfficientNet [61] architecture and achieved
an accuracy of over 95 percent on their test sets. For the
retinal disease domain, we utilized the FLAIR model [51],
which is based on a pre-trained vision-language model, to
classify various retina scans.

4.1. Qualitative Experiments
Explaining Classifiers with Single Attributes. We used
various classifiers to analyze fine-grained semantic features
for age categorization, species identification, leaf health as-
sessment, retinal disease detection, etc. In the figures illus-
trating the visual results, the images with red borders indi-
cate the original, unedited versions, while those with black
borders are the edited versions, unless noted otherwise.
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Face (Age) Bird (Species) Leaves (Health) Retina Scans (Disease) Wildcat (Species) Pet (Cat/Dog)
StylEx Ours StylEx Ours StylEx Ours StylEx Ours StylEx Ours StylEx Ours
Skin Pigmentation Eyebrow Belly Color Upperparts Color Base Leaf Color Base Color Exudates Glaucoma Spots Stripes Open Mouth Nose Color
Eyebrow Thickness Makeup Upperparts Color Head Color Apex Color Vein Color Cotton Wool Spots Subretinal Hemorrhage Black Tear Mark Open Eyes Closed Mouth Whiskers
Eyeglasses Mustache Type Wing Pattern Beak Shape Spots Apex Color Hemorrhages Intraretinal Hemorrhage Eye Shape + Size Nose Color Eye Shape Eye Color
Hair Color Teeth Beak Color Beak Color Blight Spots Presence Clustered Exudates Macular Hole ✗ Spots Dropped Ears Closed Mouth
Lip Thickness + Position Lip Volume Head Color Wing Pattern Halos Disease Presence ✗ Hard Exudates ✗ Fur Color Pointed Ears Open Mouth
Bangs Lip Color Breast Color Eye Color ✗ Blight Size ✗ Blackened Macula ✗ Mane Eye Circumference Spots
Eye Makeup Eyelash ✗ Throat Color ✗ Leaf Texture ✗ Soft Exudates ✗ Eye Color ✗ Collar
Facial Hair Color Beard Type ✗ Wing Color ✗ Spots Color ✗ Retinal Drusen ✗ Tongue ✗ Pointed Ears
✗ Facewear ✗ Crest Presence ✗ Discoloration ✗ Optic Disc Hemorrhage ✗ Pupil Size ✗ Mouth Color
✗ Headwear ✗ Feather Texture ✗ Leaf Orientation ✗ Cataract ✗ Whiskers ✗ Fur Pattern

Table 1. Comparison of Top Attributes Across Different Domains and Classifiers. The table above contains a list of the top attributes
discovered by DiffEx (Ours) vs. StylEx. The ✗ in the table indicates attributes that were not mentioned in StylEx. It is also important to
note that “cotton wool spots” and “soft exudates” refer to the same condition within the retinal disease domain.

Method Crest Presence Beak Shape Throat Color Feather Texture Eye Color Beak Color Head Color Upperparts Color Avg. Correct Response
Grad-CAM 36% 50% 56% 35% 47% 65% 59% 76% 53%

StylEx 68% 85% 79% 82% 74% 68% 91% 65% 76.5%
DiffEx (Ours) 88% 91% 88% 91% 82% 82% 97% 88% 88.4%

Table 2. Comparison with Other Explainability Methods. The table above displays the percentage of correct attribute selections for
the bird class, as chosen by users when viewing outputs from different explainability methods. It also includes the average percentage of
correct responses across all attributes for each method. As shown, for each attribute presented, the majority of users identified the correct
attribute when viewing the output generated by DiffEx.

Face Domain: In the facial domain, as illustrated in Fig.
4, DiffEx identifies and ranks key attributes impacting age
classification. For example, features such as “makeup
styles,” “lip volume,” and “accessories” (e.g.“hairbands”)
are associated with perceived youthfulness, whereas at-
tributes like “facial hair” and “eyeglasses” are linked with
perceived older age. Notably, the eyeglasses attribute con-
sistently reduces the classifier’s score for the “young” label,
reflecting its association with older demographics. Addi-
tionally, DiffEx uncovers hierarchical attribute structures,
demonstrating how subcategories within a feature can have
varying effects on classifier outcomes. For instance, as
shown in Fig. 4, different beard styles impact the perceived
age differently (e.g. a “Balbo beard” significantly increases
the age classification score more than a “full beard”). Ad-
ditional examples of hierarchical explanations of age clas-
sifiers are detailed in the appendix (S10).
Animal Domain: Furthermore, DiffEx explains classifiers
for a variety of animal types. Fig. 5 highlights the top-7
most influential attributes in the bird, wildcat, and pet do-
mains where our method was able to identify fine-grained
semantics to explain classifier behavior. For example, in
the wildcat classifier, attributes like stripes and manes are
critical in distinguishing wildcats from other species. Ex-
plaining these classifiers also reveals potential biases. For
instance, the presence of a collar significantly increases the
likelihood of an animal being classified as a dog. This bias
may stem from the training dataset where images of dogs
more frequently featured collars compared to cats.
Medical and Plant Health Domains: Fig. 6 demonstrates
the results for retinal disease and plant health domains. For
the retinal disease domain, we use the FLAIR model to clas-
sify images of retinal fundus scans. This model utilizes de-
tailed domain expert knowledge descriptions, such as “no
hemorrhages, microaneurysms, or exudates” compared to
general descriptions like “no diabetic retinopathy” to aid in

its classification. For the plant health domain, the CLIP
classifier we use looks at features such as the presence of
spots, fungus, etc. to make its decision.
Multi-Object Domains involving Complex Scenes: Un-
like traditional GAN-based methods that primarily focus on
single-object scenarios like a cropped face, DiffEx extends
its utility by providing a list of relevant features for do-
mains encompassing multiple objects, such as places, food,
and fashion. Classifiers within these domains often evalu-
ate multiple elements simultaneously. For example, a fash-
ion classifier might determine the ‘formal or casual fit’ of
an outfit by considering various components such as the
hairstyle, top, and bottom. Similarly, an architectural clas-
sifier assessing whether a building appears ‘urban or rural’
may base its evaluation on not just the structure itself but
also its exteriors and surroundings. Explaining the decision-
making process of such classifiers is crucial, as they ana-
lyze multiple objects within a single image, adding com-
plexity to their interpretative frameworks. Fig. 7 illustrates
the top-7 attributes identified by DiffEx for the food, place,
and fashion domains. Moreover, we demonstrate DiffEx
on various diverse domains. For example, for the food do-
main, DiffEx was able to discover that removing “caviar” or
a “plate decoration” from the image made the food appear
to be more perceived as fast food compared to fine dining.
For the places domain, DiffEx was able to find that adding
a “tractor” to an image or a “dirt road” made the place
seem more “rural” than “urban.” In the fashion domain, the
style of a neckline significantly influences whether an out-
fit was classified as “formal” or “casual.” For instance, a
V-neckline was often associated with a more casual look,
whereas a classic boat neckline was generally perceived as
more formal.
Explaining Classifiers with Joint Attributes. Our method
goes beyond analyzing individual attributes by identifying
attribute combinations that collectively improve classifier
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Figure 7. Top-7 Attributes Discovered by DiffEx for Multi-
Object Domains involving Complex Scenes. Compared to ex-
isting methods, DiffEx was used to identify meaningful attributes
for multi-object domains, such as “food,” “places,” and “fashion.”
By identifying semantic features that make food appear “health-
ier” or part of “fine dining,” as well as attributes that give a place
a more “rural” or “modern” feel, DiffEx can serve as a powerful
tool for understanding perceptions through targeted edits.

Rating Bird Domain Face Domain
Edit Quality 3.386 ± 0.223 3.659 ± 0.248
Disentanglement 3.163 ± 0.197 3.204 ± 0.213

Table 3. Edit Quality and Disentanglement Ratings. These
scores across various domains from User Study 1 are shown above.

interpretation. While single attributes may have a mini-
mal impact on logits, their combined effect can substantially
influence the classifier’s output, uncovering subtle interac-
tions that shape decision-making. For example, as shown in
Fig. 8, Section C, individual changes in “lip color” or “eye
makeup” result in minimal score changes, but when mod-
ified together, they make the subject appear significantly
younger. This analysis shows how classifiers may respond
more robustly to specific attribute combinations. Additional
examples are provided in the appendix (S7, S8, S9).
Extending DiffEx for Multi-Classifier Analysis. We

adapt DiffEx for multi-classifier applications to uncover se-
mantic attributes essential for tasks like retinal disease clas-
sification (Fig. 6) and bird and wildcat species identifica-
tion (Fig. 5). This approach highlights key features such
as “upperparts color” and “beak shape” for bird species,
“stripes” and “nose color” for wildcat species, and types
of hemorrhages and exudates for retinal conditions. The re-
sults in Fig. 6 for the retinal diseases domain and Fig. 5 for
the bird/wildcat species domain demonstrate that modifying
these attributes significantly alters classifier scores, impact-
ing assessments for species identification and disease like-
lihood.
Qualitative Comparisons. In Fig. 6, we present a visual
comparison of the top attributes and classification scores
identified by DiffEx against those identified by StylEx for
the plant health and retinal disease domains. As illustrated,
DiffEx successfully uncovers a broader set of semantically
meaningful attributes compared to StylEx. For instance,
DiffEx identifies detailed attributes such as “leaf vein color”
and “spots color,” in addition to the more general attributes
found by StylEx, like “leaf base color” and “apex color.”
Table 1 provides a comprehensive comparison of the top
features identified by StylEx and our method, highlighting
DiffEx’s superior ability to uncover semantics that are cru-
cial for the classifier’s decision-making process. In partic-
ular, the table presents an extended list of features across
domains such as faces, bird species, plant health, retina
scans, wildcat species, and pet types, all of which influence
a classifier’s score—further emphasizing DiffEx’s ability to
uncover fine-grained and contextually rich features. Addi-
tionally, in Figure 8 in Sections A and B, we visually com-
pare DiffEx with other diffusion-based, counterfactual gen-
eration methods, such as FastDiME [68], DiME [26], and
ACE [27] in the face and medical domains. As seen in
Figure 8, Section B, DiffEx is able to preserve important
features, such as a person’s eyes, glasses, etc., in various
cases, such as removing a smile or making an older person
look younger. Furthermore, Figure 8, Section A shows Dif-
fEx’s ability to generate counterfactuals in various medical
subdomains, such as skin lesions and chest x-rays. Specifi-
cally, for the skin lesion domain, DiffEx was able to remove
ruler markings in images from the ISIC dataset [12, 63],
while in the chest x-rays domain, DiffEx was able to re-
move chest drains and pacemakers from images from the
NIH [67] dataset and CheXpert [25] dataset. As seen in
Figure 8, Section A, DiffEx achieved similar results to Fast-
DiME (Med) [68], a diffusion-based counterfactual model
that was trained on medical images.

4.2. Quantitative Experiments

Baselines. To quantitatively evaluate the effectiveness of
DiffEx compared to other explainability methods, such as
StylEx [31] and Grad-CAM [49], we conducted a series of
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