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Abstract

Deep learning models achieve high predictive performance
but lack intrinsic interpretability, hindering our understand-
ing of the learned prediction behavior. Existing local ex-
plainability methods focus on associations, neglecting the
causal drivers of model predictions. Other approaches
adopt a causal perspective but primarily provide global,
model-level explanations. However, for specific inputs, it’s
unclear whether globally identified factors apply locally. To
addpress this limitation, we introduce a novel framework for
local interventional explanations by leveraging recent ad-
vances in image-to-image editing models. Our approach
performs gradual interventions on semantic properties to
quantify the corresponding impact on a model’s predictions
using a novel score, the expected property gradient mag-
nitude. We demonstrate the effectiveness of our approach
through an extensive empirical evaluation on a wide range
of architectures and tasks. First, we validate it in a syn-
thetic scenario and demonstrate its ability to locally iden-
tify biases. Afterward, we apply our approach to investigate
medical skin lesion classifiers, analyze network training dy-
namics, and study a pre-trained CLIP model with real-life
interventional data. Our results highlight the potential of
interventional explanations on the property level to reveal
new insights into the behavior of deep models.'

1. Introduction

Modern deep learning models are complex data-centric sys-
tems that achieve high predictive performance but lack in-
trinsic interpretability. Hence, many explainability (XAI)
methods were proposed to interpret trained model behav-
ior, especially for vision models. Post-hoc XAl includes lo-
cal methods, often generating pixel-wise attributions, e.g.,
[39, 53, 63, 64, 66] and global methods focused on human
interpretable concepts or properties [9, 11, 16, 30, 32, 40,
52, 58, 69]. Unfortunately, global insights can be deceiving
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for individual inputs. On the local level, properties can be
occluded or overshadowed by independent visual elements.

To address this limitation, we introduce a novel approach
to locally explain neural network prediction behavior based
on input interventions at the property level. We propose
to leverage recent breakthroughs in image-to-image editing
models, e.g., [5, 15, 41]. These models are trained condi-
tionally using Classifier-Free Guidance (CFG) scaling [26].
Hence, we can gradually control the alignment with the cor-
responding interventional instruction during inference. Our
key insight is that this paradigm facilitates the smooth tran-
sition between two property states (see Fig. |, top row), also
for complex features. Consequently, by utilizing CFG scal-
ing, we intervene on semantic properties for an individual
input and study the shift in prediction behavior of trained
neural networks (see Fig. 1, bottom row). To quantify the
impact of a property on a model, we propose approximating
the corresponding expected property gradient magnitude.
This score is naturally connected to the intuition of measur-
ing the change along the property axis in Fig. 1. Addition-
ally, our expected property gradient magnitude can be seen
as an extension of the causal concept effect [18] for gradual
interventions. Finally, to ensure robustness, we suggest a
corresponding permutation significance test.

We empirically validate our framework for local inter-
ventional explanations on a wide variety of architectures
and tasks. First, we explore a biased scenario (cats vs. dogs
[10]) where we synthetically correlate a property (fur color)
with the label to validate that our approach can locally iden-
tify the causal factor (see Fig. 1). Additionally, our gradual
interventions allow for a direct quantification of how the
outputs change in response to shifts in the selected property,
a key distinction from local methods highlighting image re-
gions, e.g., [13, 19, 31, 39, 48, 53, 63, 64, 66]. Further,
our derived score quantitatively outperforms baselines for
indicating locally biased behavior during interventions. We
corroborate these findings for real-world skin lesion classi-
fication, analyzing a known bias. Afterward, we study the
training dynamics of eight modern classifiers by tracking a
property correlated with the label. Here we find oscillations
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(a) Fur color intervention on a light-furred dog.
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Figure 1. Fig. 1a and Fig. 1b demonstrate our approach to study model predictions through gradual interventions here for two properties: fur
color and background illumination in a cat vs. dog classification task. Using [15], we synthetically adjust these properties, i.e., darkening
the fur or the background, while tracking prediction changes. Specifically, Fig. Ic and Fig. 1d show the resulting shifts in model outputs
for three networks: an unbiased one, one trained only on dark-furred cats and light-furred dogs, and one trained on the opposite bias. The
red line marks the decision threshold, where predictions flip between classes during the intervention.

also in later epochs, depending on the weight initialization.
Finally, we demonstrate that our model-agnostic approach
works with diverse sources of interventions by capturing
real-life interventional data to analyze a CLIP [50] model.
Our key contributions can be summarized as follows: (1)
We introduce a new framework for local network prediction
explanations based on gradual interventions, e.g., by lever-
aging Classifier-Free Guidance (CFG) scaling [26]. (2) We
derive a novel score to quantify the shift in model behavior
with respect to a property by approximating the expected
property gradient magnitude. (3) We provide a correspond-
ing hypothesis test to verify statistical significance. (4) We
conduct experiments on a wide range of architectures and
tasks to demonstrate the effectiveness of our approach.

2. Related Work

Many methods to derive local explanations aim to find im-
portant regions in the input, e.g., [39, 53, 63, 64, 66, 70].
A subset of these methods, most closely related to our ap-
proach, employs input perturbations to estimate importance.
These perturbations or interventions are often done by re-
placing patches and, therefore, occluding parts of the in-
put. Such occlusion patches can be constructed using noise,
e.g., [47, 70]. Other approaches use similar image regions
[71] or generative infilling [8, 31, 33]. Similarly related
are methods that use causal terminology and generate visual
counterfactual explanations [65] by posing questions of the
form “Which parts of the input need to change to result in
a specific prediction?” Examples of this approach include
[2, 13, 19, 31, 48]. Nevertheless, such visual explanations
necessitate additional semantic interpretations by experts to
identify specific properties responsible for the measured im-
portance. In contrast, our approach explains the prediction
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behavior directly on the level of semantic properties.
Related in that regard are, often global, explanation
methods, e.g., [9, 11, 16, 23, 30, 32, 34, 40, 52, 58—
60, 69], which discover abstract concepts learned by a
trained model. However, these methods require direct ac-
cess to the model parameters or probing datasets. Further,
while they are often explorative, they have difficulty deter-
mining whether a certain property is unused and can suf-
fer from confounding, e.g., [32], see [18]. The approach
described in [52] can test for the usage of human-defined
properties by trained models. To do this, they assume usage
and either confirm or reject the null hypothesis using con-
ditional independence tests. However, the results are binary
and, unfortunately, do not allow actionable interpretations
of the changes in prediction behavior on a local level. While
other works, e.g., [7, 46], use probing datasets to tackle
these limitations, the explanations are strictly associational.
While we similarly test for significance, we propose an in-
terpretable score for the local impact of specific properties.
Additionally, our approach is inherently interventional.
Related to the interventional nature of our work is [6].
The authors generate synthetic data with selected interven-
tions to investigate emotion classifiers. We extend their
work to more general input properties and provide a struc-
tured way to generate local interventional explanations.
Other synthetic analysis datasets, e.g., [3, 25, 51], can be
used to study model behavior. In contrast, we directly in-
tervene in inputs to remove the domain shift necessary for
the synthetic analysis of pre-trained models. The related
approach [30] explains models globally by intervening on
image semantics, while we focus in our work on locally at-
tributing the importance of properties. Regarding the esti-
mation of the impact with respect to a property, our work
is most closely related to [18]. In fact, our measure can be
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Figure 2. Our structural causal model [43] for the property depen-
dence of trained networks. Dashed connections potentially exist
depending on the specific task/property combination, and the sam-
pled (Strqin) data. In this work, we study the red dashed link
between X and Y. By intervening on X, i.e., do(X := x), we in-
duce changes in Y, which are fully determined by the network Fy.

seen as an extension of the causal concept effect for grad-
ual interventions. Lastly, we discuss the interaction with
Pearl’s causal hierarchy and the causal hierarchy theorem
[4], specifically for visual interventions [42]. Other works
study the link between causality and explanations by inter-
vening on training hyperparameters [29] or by casting ex-
planations as falsifiable hypotheses to be verified [61].

3. Method

3.1. Causal Preliminaries

We employ structural causal models (SCMs) [43] to de-
scribe the data-generating process underlying our analysis.
SCMs provide a flexible framework to model complex rela-
tionships between variables. In this work, we aim to un-
derstand the decision-making and prediction behavior of
deep neural networks for individual inputs. Consequently,
we model the outputs of trained networks as results in a
data-generating system and visualize our proposed SCM in
Fig. 2. In there, the network outputs Y are deterministi-
cally produced by a parameterized model Fy. The weights
are optimized on a collection of training data Dyyi,. This
training data is not arbitrary. Instead, the sampled inputs
strongly depend on task-related reference annotations Y.

In the literature, different alternatives to describe the in-
puts in such a system are discussed, e.g., [6, 18, 29, 52]. In
our work, we follow [6, 52] and model inputs as a possibly
infinite collection of semantic properties. These properties
are not necessarily independent and can be causally related
or spuriously correlated. Note that the reference annotation
Y is such a semantic property, and [y primarily aims to ex-
tract it. Nevertheless, to interpret the prediction behavior of
Fy, we study the influence of other properties of interest X
onY. To do this, we propose to intervene in individual input
properties and measure the changes induced in the outputs.
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3.2. Why Do We Need Interventions?

Causal insights can be hierarchically ordered in the so-
called causal ladder [43]. This ladder, formally Pearl’s
Causal Hierarchy (PCH) [4], contains three distinct levels:
associational, interventional, and counterfactual (see [4] for
a formal definition). The first level, associational, is char-
acterized by correlations observed in a given system. It
focuses on statistical patterns and relationships within the
data. The second level, interventional, involves actively
changing variables within the system to study the resulting
effects. This is formally represented using the do-operator
[43], which allows researchers to examine the causal im-
pact of interventions. The third level, counterfactual, deals
with hypothetical scenarios, where researchers consider the
potential outcome if an intervention had been made, given
specific observations. Crucially, the causal hierarchy theo-
rem [4, Thm. 1] states that the three levels are distinct, and
the PCH almost never collapses in the general case. Hence,
to answer questions of a certain PCH level, data from the
corresponding level is needed [4, Cor. 1].

Consequently, our work falls into the second level and
generates insights beyond associations. Related works on
the interventional level either focus on pixel attributions,
e.g., [8,47,70,71], or global explanations of semantic prop-
erties [18, 30]. Such globally identified causal factors do
not necessarily hold locally. To be specific, for a partic-
ular input, selected properties could be occluded or over-
shadowed. Our approach closes this gap and provides local
interventional insights for specific semantic properties.

3.3. Generating Interventional Data

To locally explain prediction behavior in the vision domain,
we propose intervening directly on a property of interest X
(do(X := x) in Fig. 2). To perturb X in an image, we iden-
tify three options: Capturing new interventional data, de-
signing synthetic interventions, and interventions via gen-
erative models. The first two approaches involve collecting
new interventional data [4] and are suited for specialized
tasks in complex domains. And while we empirically assess
them in Sec. 4, we agree with [18] and argue that generative
models offer broad applicability with reduced human labor.

Consequently, for local interventions, we propose to
leverage recent breakthroughs in image-to-image editing
models, e.g., [5, 15, 41]. These models are based on latent
diffusion [55] and align inputs with text prompts through
classifier-free guidance (CFG) scaling [26]. Following [5]
for timesteps ¢, CFG scaling utilizes

e(zt,er) = e(z, @) + sr(e(z, er) — e(2,2)), (1)
during inference, to steer a parameterized score network e
away from the unconditional distribution, e(z;, &), when
predicting the noise in latents z;. Hence, increasing the



CFG scale sr increases alignment with the conditioning
text instruction cp. In practice, [5, 15] include a second
conditioning term, which we discuss in Appx. A.2.

Crucially, in Eq. (1), e is optimized jointly as a condi-
tional model [26]. Therefore, the generative model learns to
interpolate between property states during training. This is
particularly important for achieving non-linear and gradual
transitions, allowing us to study more complex properties.
Hence, these prompting capabilities facilitate targeted and
controllable interventions via text instructions. Note that
our focus on semantic properties separates our approach
from existing works providing visual counterfactual expla-
nations, e.g., [13, 19, 31, 48] or see [65].

In addition, intervening in the input has distinct advan-
tages. First, the explanations are model-agnostic and do
not depend on a specific architecture. Second, we do not
need access to a model’s weights, only its outputs. Finally,
users can visually inspect the interventions and potentially
include prior knowledge. Consequently, it allows for man-
ual validation of interventional data, which is related to the
idea of care sets proposed as a relaxation of the causal hi-
erarchy theorem in [42]. We discuss alternatives to input
space interventions in Appx. A.3. Having established how
to intervene, we now turn our attention to measuring the im-
pact of these interventions on a model’s predictions. Specif-
ically, given interventional data with respect to a property X,
we aim to quantify the corresponding changes in Y.

3.4. Measuring Systematic Change

We utilize CFG scaling (Eq. (1)) to gradually intervene in
a property of an original input image to generate interven-
tional data. Next, to measure the changes induced in the
network outputs, we approximate the magnitude of the gra-
dient with respect to the property X, i.e., |VxFq(Iy)|. Here,
I, is an input with a specific realization X = x.

Gradients as a measure of change or impact with respect
to X are related to the causal concept effect [18] and can
be seen as an extension for gradual interventions. We pro-
vide a detailed discussion of this connection in Appx. A.4.
Nevertheless, given our gradual approach, this extension is
important as periodical or parabolic effects of properties
are potentially possible. To illustrate this possibility, con-
sider the following example. Imagine a young person with
brown hair, and suppose we gradually intervene on their
hair color, transitioning from brown to gray to white. At
first, an age classifier may become increasingly uncertain
as the hair color changes, predicting an older age as the
hair becomes grayer. However, once the hair is completely
white, the classifier may again correctly predict a younger
age due to hair color trends, e.g., platinum blonde or white
hair amongst young people. By approximating gradient
magnitudes for gradual variations in the hair color property,
we can capture this non-linear shift in behavior.
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Specifically, we subsample interventions and create a
discrete ordered list of interventional inputs I, e.g., by us-
ing [15] and linearly increasing the CFG scale. We then
compute the output of the trained model for each interven-
tional input sample. Finally, assuming a set X of equidistant
property realizations x (x) [6], we approximate the expected
gradient magnitude with respect to X with

Ex[[VxFo(Ix)]] = / IVaFo(L)] - p(x)dx

% 1
WS VFa(L),

|:{‘ xeX

2

where p(x) is the probability density of realizations x.

We refer to scores measured using Eq. (2) as expected
property gradient magnitudes, or E[|Vx|] as a short-form.
To accurately approximate Eq. (2) given our discrete list of
intervened input samples, we employ Fornberg’s finite dif-
ferences [14], as provided in [20]. The expected property
gradient magnitude is an interpretable score of the system-
atic change with respect to variations in X. To illustrate this,
a score of E[|Vx|] = 0.01 indicates an average deviation of
one percent for each discrete step of X.

Nevertheless, E[|Vx|] has limitations, and a high score
does not necessarily indicate significance. In fact, noise can
lead to high gradient magnitudes even if no systematic be-
havior exists. Hence, we need to differentiate between sys-
tematic and random changes in the prediction behavior.

3.5. Testing for Statistical Significance

A high effect size, measured with statistics such as E[|Vx|]
or Pearson’s correlation [44], does not imply significance.
Hence, to determine significance, we follow [6] and employ
shuffle hypothesis testing, e.g., [17]. This approach com-
pares a test statistic from the original observations to K ran-
domly shuffled versions. Here, the interventional values of
X and the corresponding model outputs constitute the orig-
inal correspondence. We use E[|Vx]] as our test statistic,
which connects our measure of behavior changes to the hy-
pothesis test. Permuting the observations destroys the sys-
tematic relationship between X and the model outputs and
facilitates approximating the null hypothesis (pseudo-code
in Appx. A.5). In our experiments, we use a significance
level 0.01 and perform 10K permutations.

4. Experiments

We demonstrate the effectiveness of our local interventional
approach in various experiments. First, we validate it in
a synthetic biased scenario, where we correlate a property
with the label. Second, we investigate a realistic skin lesion
classification task regarding a known bias. Afterward, we
study the training dynamics of eight modern image classi-
fication models and, finally, a large pre-trained CLIP [50]
model using real-life interventional data.
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Figure 3. Average changes in model outputs (softmaxed cat-logit)
for an intervention on the fur color in all dark-furred cat test
images. Here, we use three models: an unbiased one, one trained
on only dark-furred cats and light-furred dogs, and one trained on
the opposite bias. The legend lists the mean E[|Vx|] per model.

Table 1. [E[|Vx|] of the fur color and background property for
our three CvD models. Additionally, we report significance (p <
0.01) abbreviated as “S” and prediction flips denoted as “F”.

Fur Color Background
Model E[|lVx]] S F E[|Vx] S F
Unbiased 009 v X .00060 vV X
Dark Cats 0109 v v .00006 vV X
Dark Dogs .0110 v v .00013 v X

4.1. Synthetic Biased Scenario

We begin our empirical evaluation by constructing a biased
scenario from the Cats vs. Dogs (CvD) dataset [10]. Us-
ing [35], we create two additional variations of the original
distribution, where the fur color strongly correlates with the
label. After manually verifying this approach, we obtain
three training and test data splits: the original unbiased split,
a split with only dark-furred dogs and light-furred cats, and
the reverse. We hypothesize that models trained on the bi-
ased data splits will strongly rely on the fur color.

To test this hypothesis, we train a ConvMixer [68]
model on each split until it achieves high performance (see
Appx. B for concrete numbers). Biased models exhibit
strong performance degradation on out-of-distribution test
splits, while the unbiased model achieves consistent ac-
curacy across all three scenarios. However, it is unclear
whether the fur color is locally the dominant property driv-
ing predictions for individual inputs. Other properties, such
as background illumination, may also influence model be-
havior. To investigate local prediction behavior, we use [15]
to intervene on both fur color and background, increasing
the CFG scale from 1 to 15. Finally, we quantify the impact
using E[|Vx|] and test for significance. We provide the full
hyperparameters and additional ablations in Appx. B.

Results:  Fig. | visualizes the model output behavior
of all three classifiers for both the fur color intervention
(Fig. 1a) and the background intervention (Fig. 1b) for an
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Figure 4. Local explanations using LIME [53] for the three CvD
models (compare to Fig. 1). We explain with respect to the cat-
logit, i.e., red areas indicate cat, while blue signals dog.

Intervened Image

example. For the fur color intervention, we can confirm our
hypothesis: both biased models flip their predictions to fol-
low the change in fur color, locally disregarding the actual
animal. While the unbiased model always predicts the cor-
rect class (dog), its logit for cat still increases. In contrast,
the background intervention has a minimal effect, and no
model crosses the prediction threshold.

To quantify these findings, we approximate the expected
gradient magnitudes with respect to the intervened proper-
ties (see Tab. 1). For all models, we measure at least one or-
der of magnitude higher E[|Vx|] for the fur color compared
to the background property, corroborating the observed be-
havior changes. Further, we measure the highest E[|Vx]]
of the fur color property for the two biased models, which
coincides with the only observed prediction flips.

Next, to ensure robustness, we repeat the experiment
with all test images again, intervening in the fur colors.
Fig. 3 visualizes the average model outputs for the dark
furred cat split, and we provide the full details, additional
ablations for the remaining splits, background interven-
tions, and a discussion of the intervention failure cases in
Appx. B. Again, we observe the largest changes for the bi-
ased models, which align with flips in the prediction. Thus,
our interventional approach successfully identifies the fur
color as a local cause for the observed model outputs.

To stress its effectiveness, we compare our approach
against local [39, 53, 63, 64, 66, 70] and global [52, 59, 69]
XAl baselines (Appx. B.4, B.5). While global methods find
influential properties, they do not quantify their local im-
pact. Local attribution methods highlight important areas,
but they require semantic interpretation. For example, al-
though LIME explanations in Fig. 4 align with fur color for
biased models, the distinction from the unbiased model is
unclear. Interventions, i.e., the disparity between the top
and bottom row in Fig. 4, can help interpret the results.

To formalize this comparison, we propose a quantita-
tive task inspired by insertion/deletion tests [47]: predict-
ing whether an intervention on a property will change the



Table 2. Mean accuracy (1) and standard deviation in percent (%) of local XAI methods when predicting locally biased model behavior for
an intervention. The first column denotes the dataset, i.e., Cats vs. Dogs [10] (CvD) and ISIC archive [1] (ISIC). For CvD, we evaluate the
three ConvMixer [68] from the separate training datasets. We investigate the interventions discussed in Sec. 4.1 and Sec. 4.2, respectively.

‘ Model Ours G-CAM [63] Int. Grad. [66] Occlusion [70] LIME [53] K-SHAP [39] DeepLift [64]
A | Unbiased 86.13 +20 8470 +2.1 84.77 £ 2.1 8473 +£20 8470 £22  84.67 +2.1 84.83 +2.1
& | Dark Cats Bias 8427 +17 6143 +33 64.77 £ 1.8 67.70 £1.9 58.63+19  60.87 £1.0 67.13 £22
Dark Dogs Bias 82.20 +08 6420 £27 64.10 £22 67.10 £1.2 56.50 +£2.1 58.50 £22 64.77 £2.1
ResNet18 [21] 9550 £12  80.00 +4.0 78.63 +2.7 78.75 £4.0 76.12 +5.1 75.88 £ 4.6 76.88 £6.5
O | EfficientNet-BO [67] 94.25 +24  79.00 £49 7375 £56 75.37 £63 73.88 £5.1 7275 £55 76.38 £6.5
2 | ConvNeXt-S [38] 9288 +1.6  78.00 £4.7 75.50 £3.2 74.88 £ 4.7 75.00 £32 7475 £27 74.88 £5.8
ViT-B/16 [12] 9512 +1.6  80.25 +34 75.87 +£25 77.25 +£35 76.00 + 3.4 75.88 £2.9 77.50 £39
Table 3. E[|Vx]] for colorful patch interventions [62] in skin le-
Nev. b R“\]glli - sion classifiers. We evaluate different models and training data.
2 “—“-“““—_"_“_.‘—‘__,._.._--_--_--_"_':'_"_"_'"“—':: Training Data
VR [RSSRa Model Unbiased Biased ImageNet
0.0 02 04 0.6 08 10
Patch Alpha ResNet18 [21] .00061 00531 .00062
. i EfficientNet-BO [67] .00018  .00495 .00066
& & & & .1 .‘ .' ConvNeXt-S [38] 00001 .00519  .00081
ViT-B/16 [12] .00016  .00208 .00129

Figure 5. We visualize (top) how interventions targeting spuri-
ous colorful patches (bottom) [62] affect three ResNet18 models:
trained on biased/unbiased skin lesion data and ImageNet weights.

model’s output. This task directly assesses if a method can
indicate locally biased behavior. Further, this setup allows
for a quantitative comparison to local baselines, given that
our approach does not produce saliency maps but rather es-
timates the impact of a property directly using E[|Vx|]. To
adapt saliency methods, we measure the mean squared dif-
ference of the explanation pre- and post-intervention (e.g.,
between the two rows in Fig. 4). For a fair comparison,
we select the optimal threshold maximizing the accuracy
for both the local baselines and our score E[|Vx|]. We re-
peat this task for the fur color property of 150 test images
per class, resampling ten times to estimate standard devia-
tions. Tab. 2 (top) summarizes the results and highlights the
advantage of our approach. While all methods perform con-
sistently well in predicting changes for the unbiased model,
E[|Vx|] clearly improves over baselines for models exhibit-
ing local bias. Following this validation, we next analyze a
real-world bias in skin lesion classification.

4.2. Skin Lesion Classification

In the domain of skin lesion classification (here, ne-
vus/healthy vs. melanoma), a known bias is the correla-
tion between colorful patches [62] and the nevus class. We
assess how strongly this property is learned by four archi-
tectures: ResNet18 [21], EfficientNet-BO [67], ConvNext-S
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[38], and ViT-B/16 [12]. For each model, we start with Im-
ageNet [57] weights. Then, we either fine-tune on biased
skin lesion data (50% nevi with colorful patches [62]) or
unbiased data (no patches) from the ISIC archive [1].

To demonstrate that our approach accommodates diverse
sources of interventional data, we build on domain knowl-
edge and intervene synthetically. Specifically, we blend
segmented colorful patches [54] into melanoma images (see
Fig. 5, bottom). We randomly sample ten correctly clas-
sified melanoma images and repeat interventions with five
patches each. Appx. C contains detailed hyperparameters,
predictive performances, and additional visualizations.

Results: The mean E[|Vx|] in Tab. 3 show that models
trained on biased data are most impacted by colorful patch
interventions, indicating they learn the statistical correlation
between the patches and the nevus class. Furthermore, the
variants with ImageNet [57] weights show higher patch sen-
sitivity than the unbiased skin lesion models. We hypothe-
size this is because learning color is beneficial for general-
purpose pre-training, whereas the unbiased models learn to
disregard patches and focus on the actual lesions.

These results are further corroborated in Fig. 5, where
we visualize the average changes in model outputs for the
ResNet18 [21] under the synthetic colorful patch interven-
tion. Specifically, we observe that the biased model flips its
prediction and incorrectly classifies the melanoma images
as healthy. This highlights the ability of our interventional
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Figure 6. Average E[|Vx|] visualized against the number of pre-
diction flips for the training of various architectures with respect
to the gray hair intervention. We display both ImageNet [57] pre-
trained and randomly initialized models.

approach to investigate complex scenarios and use domain
knowledge to provide actionable local explanations.

To further substantiate the benefit of our approach, we
again compare against various local baselines in predict-
ing whether an intervention (adding a colorful patch) will
change the model’s output. We follow the setup described
in Sec. 4.1, here using 100 melanoma test images, resam-
pling ten times to estimate standard deviations. We report
accuracies for the four architectures averaged over the bi-
ased and unbiased training in Tab. 2 (bottom). Our score
E[|Vx|] significantly outperforms baseline methods for this
task (p < 0.002), highlighting its use case as a robust score
to interpret local prediction behavior on the property level.
However, our aim is not to replace saliency methods, but
rather to offer a complementary, interventional viewpoint
for analyzing local behavior. We demonstrate these capa-
bilities in the following experiments.

4.3. Training Analysis

We investigate how the E[|Vx]] of a property locally de-
velops during the training of various architectures. This is
an important question because it helps us understand how
diverse models learn to represent and utilize properties in
the data. Additionally, it is crucial to consider the impact
of the initial parameters on the learned properties [45]. To
address these questions, we select a range of convolutional
and transformer-based architectures widely used in com-
puter vision tasks [12,21,27,28,37, 38, 67, 68] (see Fig. 6).
For all of these models, we train a randomly initialized and
an ImageNet [57] pre-trained version for 100 epochs.
Regarding the corresponding task, we construct a binary
classification problem from CelebA [36], following an idea
proposed in [42]. Specifically, we utilize the attribute young
as a label and split the data in a balanced manner. For this
label, the gray hair property is negatively correlated [42],
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Figure 7. E[|Vx|] development during training of DenseNet121
[28] models with respect to the gray hair property. We separate
ImageNet pre-trained [57] and randomly initialized weights, and
highlight epochs where predictions flip under the intervention.

and a well-performing classifier should learn this associa-
tion during the training process. To study the training dy-
namics, we intervene on the hair color of a young test sam-
ple using [15] and calculate E[|Vx|] after each epoch. We
include detailed hyperparameters in Appx. D together with
additional ablations and visualizations.

Results:  In Fig. 6, we visualize the average E[|Vx|] of
the hair color for a local example over the training pro-
cess for both pre-trained and randomly initialized models.
Specifically, we display the average E[|Vx|] against the
observed flips in the prediction during the hair color inter-
vention. In Appx. D.2, we include the concrete numbers
(Tab. 12). Our analysis reveals two key insights:

First, for all architectures, the pre-trained variants locally
exhibit higher E[|Vx|] compared to the randomly initial-
ized versions. This observation is consistent with the num-
ber of times the networks’ predictions flip during training.
Notably, regarding prediction changes, the ConvMixer [68]
and ViT [12] are outliers. However, these two models also
demonstrate the highest measured E[|Vx|] among the ran-
domly initialized variants. In general, we find that increased
E[|Vx|] correlates with more flipped predictions in Fig. 6.

Our second key finding is illustrated in Fig. 7, which re-
veals that the E[|Vx|] with respect to the hair color ex-
hibits strong local fluctuations during the training for the
DenseNets [28] (highest E[|Vx]] difference in Fig. 6). No-
tably, both models classify the original sample correctly
after every epoch during training. This indicates that the
differences in Fig. 7 are not explained by incorrect classi-
fications of the original image for either of the two mod-
els. Nevertheless, the networks do not continuously learn to
rely on the hair color property but instead locally “forget” it,
even in later epochs. This effect is particularly pronounced
for the pre-trained model, whereas the randomly initialized
version tends to show low E[|Vx|] values. We observe sim-
ilar behavior for other architectures (Appx. D.2).
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Figure 8. Average CLIP [50] cosine similarities for real-life inter-
ventional data. We mark high and low points for the ground truth.

4.4. CLIP Zero-Shot Classification

In our final set of experiments, we investigate the widely
used multimodal backbone CLIP ViT-B/32 [50] for zero-
shot classification. Our approach is model-agnostic, requir-
ing only access to model outputs, here cosine similarities in
the learned latent space. Specifically, we measure the im-
pact of interventional data by comparing ten different text
descriptions against the visual embeddings. This procedure
follows recent trends to increase zero-shot performance for
CLIP models, e.g., [49, 56].

As the property of interest, we select object orientation,
which is a known bias, for example, in ImageNet models
[22]. Additionally, we demonstrate a third type of inter-
ventional data and capture real-life interventional images.
Specifically, we record a rotation of three toy figures (ele-
phant, giraffe, and stegosaurus) using a turntable. Note that
during rotation, the ground truth does not change, i.e., it is
the identical object. We provide the hyperparameters and
additional visualizations in Appx. E.

Results:  Fig. 8 displays the average changes in output
behavior ( E[|Vx|] scores in Appx. E) for our real-life in-
terventions. Specifically, we visualize zero-shot classifica-
tions of a CLIP model. Note that the behavior is remarkably
consistent between text descriptors with similar standard
deviations during the full interventions. Further, all mea-
sured E[|Vx]] are statistically significant (p < 0.01), i.e.,
the CLIP model is influenced by object orientation. While
expected, e.g., [22], our local interventional approach facil-
itates direct interpretations of the change in behavior.

Fig. 8 reveals that the highest average similarity for the
correct class occurs when the toy animal is rotated side-
ways. Periodical minima align with the front or back-facing
orientations. In contrast, the highest similarities for the
other classes appear close to the minimum of the ground
truth, indicating lower confidence. In Appx. E, we include
the response of CLIP to synthetic rotations of a 3D model
around other axes as additional ablations. We confirm
that uncommon, e.g., upside-down positions, lead to lower
scores. Hence, our approach provides actionable guidance
to locally select an appropriate input orientation.
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5. Limitations

The main limitation of our work is related to a point dis-
cussed in [18]. Specifically, we rely on interventional data,
which must be captured or virtually acquired. While we fol-
low the idea of using generative models, i.e., image editing
models [5, 15] together with CFG scaling [26], we under-
stand that for these models, the causal hierarchy theorem
applies [42]. However, note that [15] is trained on synthetic
interventional data using [24]. Further, intervening in input
space enables visual verification of whether the intervention
targets the correct property. An idea related to the care set
of properties in [42]. Nevertheless, we include failure cases
for interventions with [15] in Appx. B.3.

Similar to [19, 32, 52], our approach is non-explorative.
Hence, we need a concrete property to investigate and mea-
sure the corresponding E[|Vx|]. While this has the ad-
vantage of being able to investigate unlearned properties,
we believe a combination with explorative methods, e.g.,
[11, 30, 40, 69], is an interesting future direction.

6. Conclusions

By adopting a causal perspective, we study deep learning
models and move beyond local associational explanations
of their prediction behavior. We leverage recent break-
throughs in image-to-image editing models and Classifier-
Free Guidance (CFG) scaling to gradually intervene in se-
mantic properties. To quantify the impact of the selected
properties on the predictions of a trained model, we approx-
imate the expected property gradient magnitude E[|Vx]]
and verify statistical significance with a corresponding hy-
pothesis test. Our approach offers several advantages, in-
cluding the ability to locally identify causal factors and
facilitate direct interpretation and quantification of corre-
sponding output changes. To demonstrate its effectiveness,
we perform an extensive empirical evaluation and study var-
ious models and tasks. First, we validate our approach on
synthetically biased data and identify the causal factor be-
fore applying it to real-world skin lesion data. In both sce-
narios, we find that our approach outperforms local base-
lines in predicting locally biased behavior. Then, while
investigating the training dynamics of eight classification
models, we show that our E[|Vx|] score locally correlates
well with the number of flipped predictions. Finally, we use
real-life interventions to study a pre-trained CLIP model,
demonstrating that our approach can utilize diverse sources
of interventional data. As black-box models continue to
play an increasingly prominent role in a wide range of appli-
cations, we believe that our work can aid the development
of more trustworthy systems.
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