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Abstract
Deep Neural Networks are prone to learning spurious corre-
lations embedded in the training data, leading to potentially
biased predictions. This poses risks when deploying these
models for high-stake decision-making, such as in medical
applications. Current methods for post-hoc model correction
either require input-level annotations which are only possi-
ble for spatially localized biases, or augment the latent fea-
ture space, thereby hoping to enforce the right reasons. We
present a novel method for model correction on the con-
cept level that explicitly reduces model sensitivity towards
biases via gradient penalization. When modeling biases via
Concept Activation Vectors, we highlight the importance of
choosing robust directions, as traditional regression-based ap-
proaches such as Support Vector Machines tend to result in
diverging directions. We effectively mitigate biases in con-
trolled and real-world settings on the ISIC, Bone Age, Im-
ageNet and CelebA datasets using VGG, ResNet and Effi-
cientNet architectures. Code and Appendix are available on
https://github.com/frederikpahde/rrclarc.

1 Introduction
For over a decade, Deep Neural Networks (DNNs) face a
growing interest in industry and research, featuring applica-
tion in fields such as medicine or autonomous driving due
to their strong predictive performance. However, their high
performance may potentially be inflated by spurious corre-
lations in the training data, which can pose serious risks in
safety-critical applications (Geirhos et al. 2020). Several so
called “short-cuts” have been found in medical settings, in-
cluding hospital tags in COVID-19 radiographs (DeGrave,
Janizek, and Lee 2021), or skin markings for skin lesion
detection (Cassidy et al. 2022). Such short-cuts might also
compromise fairness, as shown in Figure 1, where a DNN
learned to use apparel features, i.e., a collar, to infer that the
hair is not blonde, due to overly-present dark-haired men
wearing a suit in the training dataset.

In order to reveal such spurious behavior, the field of eX-
plainable Artificial Intelligence (XAI) has proposed several
techniques identifying irregularities in a model’s global be-
havior (Lapuschkin et al. 2019; Bykov et al. 2023; Pahde
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Figure 1: Our DNN bias correction method RR-ClArC con-
sists of two steps: first finding the bias direction in the
model’s latent space, and secondly reducing model sensi-
tivity towards the direction in a fine-tuning step. (a): When
modeling the bias (here “collar”) via CAVs, robust ap-
proaches such as signal-CAV are key to model correction.
Most traditional regression solvers (e.g., SVMs) lead to di-
verging directions. (b): Compared to activation-based meth-
ods, such as A-ClArC, that implicitly regularize model be-
havior, RR-ClArC explicitly reduces bias sensitivity via gra-
dient penalization, ultimately reducing the relevance of the
bias most strongly, as shown in the explanation heatmaps.
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et al. 2023), or by studying individual predictions (Teso and
Kersting 2019). Acting on such findings, a variety of works
perform post-hoc model correction by penalizing model at-
tention on spurious features using pixel-wise input-level
annotations (Ross, Hughes, and Doshi-Velez 2017; Rieger
et al. 2020). Whereas such annotations are highly labor-
intensive and only applicable for spatially localized biases,
i.e., biases that can clearly be located in input space, the
Class Artifact Compensation (ClArC)-framework proposes
bias unlearning in a model’s latent feature space, requiring
only sparse (sample-wise) annotations in the form of artifact
labels (Anders et al. 2022). The approach follows a com-
mon methodology in the field of latent concept interpretabil-
ity: Biases are modeled using latent vectors, referred to as
Concept Activation Vector (CAV) (Kim et al. 2018), which,
importantly, can also describe spatially unlocalized biases,
such as, e.g., color shifts or static artifacts from imaging
equipment, that (possibly) overlay sensible input features.

We find, however, that the effectiveness of the ClArC-
framework’s model correction is limited by targeting only
latent activations, which has two major drawbacks: (1) Ma-
nipulation of latent activations cannot be applied in a class-
specific manner, and (2) biases may be only partially un-
learned due to the method’s indirect regularization.

To enforce the use of the right reasons on the concept
level, we present Right Reason ClArC (RR-ClArC), an ex-
tension to ClArC which explicitly penalizes the model’s la-
tent gradient along the bias direction. Thus, our method en-
ables class-specific unlearning of localized, as well as unlo-
calized biases while only requiring sparse sample-wise label
annotation for the computation of bias CAVs. Furthermore,
these annotations can be acquired semi-automatically using
available XAI tools, as illustrated in (Pahde et al. 2023).

As suggested by (Kim et al. 2018), and followed in
the ClArC framework, CAVs are usually computed us-
ing regression-based approaches such as Support Vector
Machines (SVMs). However, we observe that common
regression-based approaches hinder precise model correc-
tion caused by a tendency to diverge from the true con-
cept direction due to, e.g., noise in the data (Haufe et al.
2014). Only for the correlation-based signal-CAV (Pahde
et al. 2022) we observe a strong correlation of the modeled
direction and the true concept direction.

Our contributions include the following:

1. We compare different CAV computation methods and
observe significant shortcomings in widely used ap-
proaches such as SVMs, which deviate strongly from the
true concept direction in controlled settings.

2. We present RR-ClArC, a novel method to correct model
behavior using CAVs, which is based on the latent gradi-
ent w.r.t. the model output, allowing for a class-specific
unlearning of localized and unlocalized biases.

3. We evaluate the performance of RR-ClArC against other
state-of-the-art methods in controlled settings on the
ISIC, Bone Age and ImageNet datasets, as well as for
a dataset-intrinsic bias in the CelebA dataset, using the
VGG, ResNet and EfficientNet architectures.

2 Related Work
Earlier works describe the tendency of DNNs to discover
shortcuts in training data (Geirhos et al. 2020), harming their
generalization capabilities in real-world scenarios. Among
other techniques (Robinson et al. 2021; Makar et al. 2022),
XAI-based methods have proven as useful tools for the de-
tection and removal of shortcuts learned by DNNs (La-
puschkin et al. 2019; Pahde et al. 2023; Wu et al. 2023).

Most approaches for post-hoc model correction are based
on input-level guidance. These either require spatial annota-
tions of the bias in the form of segmentation masks, which
are expensive to retrieve and only applicable for localized bi-
ases (Rieger et al. 2020), or require a data augmentation of
the bias to change the data distribution (Schramowski et al.
2020; Li et al. 2023). The former group of methods aims at
aligning a model’s attention with a pre-defined input-level
prior by penalizing the use of undesired features. The pop-
ular method of Right for the Right Reason (RRR) (Ross,
Hughes, and Doshi-Velez 2017), e.g., achieves model cor-
rection hereby through regularization of the input gradient,
introducing an additional loss term during fine-tuning.

Other recent works propose model correction on the
concept-level, allowing to address biases that are not clearly
localized in input space. While some are only applicable
for interpretable architectures (Bontempelli et al. 2022; Yan
et al. 2023), the ClArC-framework leverages CAVs to model
the direction of undesired data artifacts in latent activation
space (Anders et al. 2022). ClArC-methods, however, are
based on latent feature augmentation and thus do not support
class-specific corrections. Our approach extends the ClArC
framework by explicitly penalizing the model for the use of
artifactual data, as modeled in latent space, for the prediction
of a given class, allowing class-specific corrections.

Note, that shortcut removal by data cleaning, input-level
augmentation, or resampling (Zhang et al. 2018; Plumb,
Ribeiro, and Talwalkar 2022; Wu et al. 2023; Li et al. 2023)
is often insufficient in practice, requiring full re-training,
where the cleaning process itself either leads to reduced
training size, or is impracticably labor-intensive. In this
work, we focus on post-hoc model correction based on only
few fine-tuning steps.

3 Methods
We present RR-ClArC, a novel method for post-hoc model
correction through the latent gradient. As illustrated in Fig-
ure 1, our method is based on two steps: (1) computing a
robust CAV to model a bias concept, as described in Sec-
tion 3.1, and (2) bias unlearning by penalizing model sensi-
tivity along the CAV direction, described in Section 3.3.

A feed-forward DNN can be seen as a function f : X →
Y , mapping input samples x ∈ X to outputs y ∈ Y , that is
given as a composition of n functions fi for each layer as

f = fn ◦ fn−1 ◦ · · · ◦ fl+1︸ ︷︷ ︸
f̃ :Rm→Y

◦fl ◦ · · · ◦ f1︸ ︷︷ ︸
a:X→Rm

. (1)

We can further split the model f into two parts as noted in
Equation (1): a feature extractor a : X → Rm for the latent
activations of a chosen layer l (with m neurons), and a model
head f̃ : Rm → Y , mapping the activations to the outputs.
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3.1 Choosing The Right Direction
The authors of (Kim et al. 2018) define a Concept Activa-
tion Vector as the normal to a hyperplane separating samples
without a concept and samples with a concept in the model’s
latent activations for a selected layer. This hyperplane is
commonly computed by solving a classification problem,
e.g., using SVMs, ridge, lasso, or logistic regression (Kim
et al. 2018; Pfau et al. 2021; Anders et al. 2022; Yuksek-
gonul, Wang, and Zou 2023). We refer to Appendix A.4 for
details on optimizer differences. The weight vector result-
ing from classification solvers, however, are not necessar-
ily ideal CAVs, as the direction best separating two distri-
butions does not always point from one distribution to the
other (Haufe et al. 2014). To that end, signal-pattern-based
CAVs (“signal-CAVs”) have been proposed (Pahde et al.
2022), which are more robust against noise.

Concretely, a signal-CAV is given by the correlation be-
tween latent activations a(x) of samples x and concept la-
bels t ∈ {0, 1} of the concept-labeled dataset x, t ∈ Xh as

hsignal =
∑

x,t∈Xh

(a(x)− ā)(t− t̄) (2)

with mean activation ā = 1
|Xh|

∑
x,t∈Xh

a(x) and mean
concept label t̄ = 1

|Xh|
∑

x,t∈Xh
t.

3.2 Class Artifact Compensation
The ClArC framework corrects model (mis-)behavior w.r.t.
an artifact by modeling its direction h in latent space
using CAVs. The framework consists of two methods,
namely Augmentive ClArC (A-ClArC) and Projective
ClArC (P-ClArC). While A-ClArC adds the artifact to acti-
vations a(x) of layer l for all samples in a fine-tuning phase,
hence teaching the model to become more invariant towards
that direction, P-ClArC suppresses the artifact direction dur-
ing the test phase and does not require fine-tuning. More
precisely, the perturbed activations a′(x) are given by

a′(x) = a(x) + γ(x)h (3)

with perturbation strength γ(x) depending on input x. Here,
γ(x) is chosen such that the activation in direction of the
CAV is as high as the average value over non-artifactual or
artifactual samples for P-ClArC or A-ClArC, respectively.

3.3 RR-ClArC: Penalizing the Wrong Reasons
To reduce a DNN’s bias sensitivity, we introduce RR-ClArC,
which explicitly penalizes the output gradient in the direc-
tion of a bias CAV h. Specifically, RR-ClArC introduces an
additional loss term for a fine-tuning step which penalizes
the model for using features aligning with the bias direction
by computing the inner product between CAV h (bias direc-
tion) and the gradient of the output w.r.t. the latent features
∇af̃(a(x)) (sensitivity w.r.t. latent features), given by

LRR(x) =
(
∇af̃(a(x)) · h

)2

. (4)

To enable a class-specific bias unlearning for models with k
(multiple) output classes, described by function f(x) ∈ Rk,
we extend the loss term to

LRR(x) =
(
∇a

[
m · f̃(a(x))

]
· h

)2

(5)
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Figure 2: Overview of investigated data biases. (Top left):
Samples of the ISIC dataset are corrupted using an LSB at-
tack. (Top right): The brightness of samples from the Bone
Age dataset is increased. (Bottom left): An artificial times-
tamp is added to samples from ImageNet. (Bottom right):
The CelebA dataset intrinsically has a negative correlation
between the existence of collars and blonde hair.

where the regularization can be controlled class-specifically
with annotation vector m ∈ Rk. For regularizing all classes,
we can set all elements of m to one. However, choosing el-
ements uniformly randomly as (m)i ∈R {−1, 1} for each
sample x improves regularization, further motivated in Ap-
pendix E. Alternatively, we can also correct for a specific
class c by choosing (m)i = δic with Kronecker-delta δ,
which ensures that related (harmless) concepts relevant for
other classes are not unlearned (see Section 4.4).

Intuitively, the loss LRR penalizes the model for chang-
ing the output when slightly adding or removing activations
along the bias direction h, i.e.

lim
ϵ→0

f̃(a(x) + ϵh)− f̃(a(x))

ϵ
≈ ∇af̃(a(x)) · h

!
= 0 . (6)

Thus, by minimizing LRR, the model becomes insensitive
towards the bias direction. Note, that in order to ensure that
the bias direction h in layer l stays constant, all weights of
layers l′ ≤ l need to be frozen during the fine-tuning phase.

4 Experiments
Our experiments aim to answer the following questions:

(Q1) How well do CAVs computed with typical approaches
align with the true bias direction?

(Q2) How effective does RR-ClArC revise biases compared
to other state-of-the-art methods?

(Q3) Is RR-ClArC suitable for class-specific unlearning?
(Q4) How does each component of RR-ClArC affect its per-

formance?

4.1 Experimental Setting
Datasets and Models We fine-tune pre-trained
VGG-16 (Simonyan and Zisserman 2015), ResNet-18 (He
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Figure 3: Evaluating CAV alignments. (a): CAV localization heatmaps allow to qualitatively check the alignment of a CAV with
a concept. Whereas the signal-CAV tends to pinpoint the bias best for CelebA, all CAV types similarly highlight the biases of
the ImageNet, ISIC, Bone Age dataset. (b): In controlled settings, we can compute the true alignment with the modeled CAV by
measuring the change in activations when the bias concept is added to the input. Here, signal-CAV leads to significantly better
alignments than other commonly used regression-based approaches, such as SVM-CAV in all experiments. This indicates, that
sensible CAV localizations do not necessitate a high alignment. The Standard Error of the Mean (SEM) is shown by error bars.

et al. 2016) and EfficientNet-B0 (Tan and Le 2019) models
on the ISIC 2019 dataset (Codella et al. 2018; Tschandl,
Rosendahl, and Kittler 2018; Combalia et al. 2019) for skin
lesion classification, the Pediatric Bone Age dataset (Ha-
labi et al. 2019) for bone age estimation based on hand
radiographs, ImageNet (Deng et al. 2009) for large scale
visual recognition, and the CelebA dataset (Liu et al. 2015),
offering face attributes of celebrities with the task to predict
hair color. For the former three datasets, we artificially insert
“Clever Hans” artifacts, i.e., features unrelated to the given
task, yet correlating with the target class, into data samples
from only one class in a controlled setting, encouraging the
model to learn a shortcut. Specifically, we use two spatially
unlocalized artifacts, by (1) increasing the image brightness,
i.e., increasing pixel values for each color channel, for the
Bone Age dataset, and (2), run a least significant bit (LSB)
attack on ISIC 2019. Inspired by steganography techniques,
LSB attacks hide secret messages, e.g., a text message
converted into a bit stream, into the least significant bits
of input features (here: voxel values) of the DNN (Li
et al. 2020), which is hardly visible to the human eye. For
ImageNet, we insert a timestamp to images, mimicking the
option of digital cameras to add time information via text
overlay. Lastly, for CelebA, we leverage a dataset-intrinsic
bias, namely the negative correlation of the existence of
collars and blonde hair, which is picked up by models to
predict hair color (see Figure 1). An overview of the data
artifacts is provided in Figure 2. All datasets are split into
training, validation, and test sets. Additional dataset and
training details are provided in Appendix A.

Concept Activation Vectors To compute CAVs, the last
convolutional layer is chosen for all models to extract fea-
tures a(x), most likely representing disentangled represen-
tations (Zeiler and Fergus 2014). We tune hyperparameters

γ as γ ∈ {10−5, 10−4, . . . , 105} for all regression-based op-
timizers. Further details are given in Appendix A.

4.2 CAV Alignment With True Direction (Q1)

A CAV, modeling an artifact, ideally represents the direction
in latent activation space pointing from a cluster of clean
samples to a cluster of artifactual samples. However, the
alignment between CAV and (usually unknown) concept di-
rection is often not evaluated. In the following, we illustrate
a qualitative and quantitative approach to assess CAVs, and
identify shortcomings of regression-based CAV optimizers.

Qualitative Alignment To bridge the gap between latent
activation space and human-interpretable input space, we
follow (Anders et al. 2022; Pahde et al. 2023), and localize
our biases in the input image based on CAVs. Such localiza-
tion can be achieved by computing an attribution heatmap,
not w.r.t. to the output logit as for standard explanation
heatmaps, but w.r.t. the dot-product between CAV and ac-
tivations, i.e., a ·h. All computed heatmaps are based on the
LRP attribution method (Bach et al. 2015) with the εz+♭-
composite (Kohlbrenner et al. 2020), as implemented in the
zennit (Anders et al. 2021) package.

Examples of bias localization heatmaps using signal,
ridge and SVM-CAVs are shown in Figure 3a for all ex-
perimental datasets with VGG-16. For the CelebA dataset,
signal-CAVs tend to pinpoint the collar bias best, with ridge
and SVM also highlighting unrelated features. Regarding
ImageNet and the unlocalized biases (ISIC, Bone Age), all
CAV types highlight bias features. Here, no difference be-
tween CAV types is apparent. More bias localizations are
provided in Appendix B. Note, however, that a good agree-
ment in localization does not necessitate good alignment, as
the quantitative evaluation in the following section shows.
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Figure 4: Effect of model correction on explanation heatmaps for the VGG-16 model on all datasets. Whereas RRR successfully
decreases the relevance on localized biases (ImageNet and CelebA), RRR tends to fail on unlocalized artifacts (ISIC, Bone Age),
with the model’s attention focusing on arbitrary features. Overall, RR-ClArC reduces bias attention most reliably.

Quantitative Alignment In order to measure to which de-
gree a bias CAV corresponds to the true direction in the la-
tent space, we perform experiments in a controlled setting
(ISIC, ImageNet, Bone Age). Specifically, we apply an input
transformation φ that adds the bias to the input as φ(x) = x̃,
and measure the cosine similarity between the bias CAV and
the resulting difference in activations ∆a(x) = a(x̃)−a(x).
The alignment s of CAV h is then given as

s =
1

|X |
∑
x∈X

h ·∆a(x)

∥h∥2∥∆a(x)∥2
, (7)

where the alignment is computed w.r.t. to the activation dif-
ference in each sample of dataset X . Alternatively, we also
compute the overall alignment s̄ given by

s̄ =
h

∥h∥2
·

1
|X|

∑
x∈X ∆a(x)

∥ 1
|X|

∑
x′∈X ∆a(x′)∥2

, (8)

which describes how well the CAV aligns with the mean
activation change over all samples.

The resulting alignment scores are shown in Figure 3b
for the VGG-16 model and the ISIC, ImageNet and Bone
Age datasets. Here, we compare CAVs computed through
SVM, ridge, lasso and logistic regression as well as correla-
tion (signal). It is apparent, that signal-CAVs perform signif-
icantly better than the other approaches, resulting in overall
alignments s̄ of over 90 % compared to less than 60 % for
the regression CAVs. Also, for the sample-wise alignment
s, signal-CAVs often shows twice as high alignment scores
as other approaches. For EfficientNet and ResNet, similar
results can be observed, as shown in Appendix B.

The sample-wise alignment s is generally smaller than the
overall alignment. We find that transformation φ barely af-
fects samples in some cases, e.g., when adding a black times-
tamp to a dark background (ImageNet), leading to low align-

ments s. We show samples with high and low alignment for
all experiments in Appendix Figure A.3.

All in all, the qualitative and quantitative CAV evaluations
show, that the CAV optimizer can have a significant impact
on the alignment, with regression-based optimizers showing
diverging directions. Sensible bias localizations may hint at
diverging directions, but do not necessitate good alignment,
underlined by the quantitative evaluation.

4.3 Revising Model Biases (Q2)
We revise model biases by applying the methods of A- and
P-ClArC, the input-level correction method RRR, as well
as our introduced method RR-ClArC, and compare with a
Vanilla model. All models are fine-tuned for 10 epochs. Al-
though not requiring further training, before the application
of P-ClArC we fine-tune the model in Vanilla fashion for
better comparability. For RRR and RR-ClArC, we test dif-
ferent regularization strengths λ, detailed in Appendix A.3.
As RRR requires prior input-level bias localizations, we use
a threshold to convert artifact localizations retrieved as de-
scribed in Section 4.2 into binary masks for CelebA. In
the controlled experiments, we generate ground truth binary
masks to localize inserted artifacts. For unlocalized artifacts
(spreading over the entire input) ground truth masks cover
the full image. We use signal-CAVs to represent artifacts in
latent space for ClArC-methods, as they have shown the best
alignment scores in Section 4.2. We fine-tune models using
the training set, choose optimal λ values using the validation
set, and measure the accuracy on a clean and a biased test
set. While we insert the Clever Hans artifact into all samples
from the biased test set in the controlled setting, for CelebA
we use a subset from the original test set with samples con-
taining the collar-artifact.

Moreover, we measure the remaining sensitivity on the
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Bone Age ISIC ImageNet CelebA
architecture method clean biased TCAV clean biased TCAV clean biased TCAV clean biased TCAV

VGG-16

Vanilla 78.8 49.8 0.86 76.2 34.9 0.84 68.7 43.5 0.63 93.7 82.8 0.37

RRR 78.8 49.8 0.86 76.7 42.8 0.72 68.6 49.6 0.55 93.7 91.2 0.43
P-ClArC 78.9 77.4 0.66 75.1 49.0 0.77 68.3 62.6 0.37 56.6 60.8 0.19
A-ClArC 77.8 69.0 0.66 75.2 49.5 0.65 67.7 60.9 0.49 93.0 90.4 0.44
RR-ClArC (ours) 78.8 77.7 0.52 74.3 57.0 0.49 68.5 62.6 0.49 93.6 92.6 0.54

ResNet-18

Vanilla 75.1 46.3 1.00 81.8 56.8 1.00 66.7 52.9 1.00 96.8 58.3 0.21

RRR 74.5 47.9 1.00 78.7 61.1 1.00 66.4 59.1 0.08 95.5 74.7 0.92
P-ClArC 75.0 70.7 0.60 60.8 59.9 1.00 67.0 61.7 0.80 96.5 64.4 0.06
A-ClArC 74.8 57.4 0.34 77.1 65.0 0.98 65.0 63.3 0.88 96.1 62.9 0.38
RR-ClArC (ours) 71.1 74.2 0.39 78.5 71.2 0.76 66.5 64.0 0.55 95.8 75.3 0.61

Efficient
Net-B0

Vanilla 78.2 44.3 0.90 84.2 62.9 1.00 73.9 53.2 0.99 96.6 58.3 0.25

RRR 78.4 49.6 0.79 83.1 68.7 0.85 73.9 59.1 0.66 95.4 75.6 0.50
P-ClArC 65.2 35.1 0.02 19.7 29.6 1.00 74.1 54.6 0.21 96.8 55.0 0.05
A-ClArC 78.0 54.2 0.64 77.7 72.8 0.68 71.4 69.9 0.90 96.7 60.6 0.24
RR-ClArC (ours) 77.6 70.3 0.53 78.7 75.6 0.54 73.9 70.8 0.56 92.0 77.6 0.43

Table 1: Model correction results for all experiments. We report model accuracy (in %) on clean and biased test sets, as well as
TCAV bias score. Higher scores are better for accuracy and scores close to 0.5 are best for TCAV, with best scores bold.

bias in latent space via TCAV (Kim et al. 2018), given as

TCAV =

∣∣{x ∈ Xbias : ∇af̃(a(x)) · h > 0
}∣∣

|Xbias|
(9)

computed over the set of all bias samples Xbias. For a bias-
insensitive model, we expect TCAV ≈ 0.5, describing a ran-
dom bias impact. For a positively or negatively contributing
bias, we expect TCAV > 0.5 or TCAV < 0.5, respectively.

Results The results for all architectures and datasets are
shown in Table 1, with respective standard errors given
in Appendix C. Across all experiments, RR-ClArC outper-
forms all competitors on the biased test set in terms of accu-
racy, while not significantly hurting the classification perfor-
mance on the clean test set. Here, RR-ClArC shows the best
tradeoff between accuracy on clean and biased data. Note,
that an accuracy drop on the clean test set can be expected,
as the bias concept might be (partially) entangled with sensi-
ble related concepts in latent space, which, consequently, are
suppressed during unlearning as well. However, in princi-
ple, the clean accuracy could also increase when alternative
strategies based on other features are found.

Notably, RRR increases the biased test set accuracy only
for localized biases effectively (ImageNet, CelebA). This is
expected, as input localizations for unlocalized biases cover
the full image (including sensible features), and thus tend to
steer the models’ attention towards sparse, but (possibly) in-
sensible features. Our findings are supported by qualitative
results in Figure 4, showing LRP explanation heatmaps for
the corrected and Vanilla models. While the Vanilla models
show large fractions of relevance on the biases (background
for unlocalized artifacts), RR-ClArC performs best in teach-
ing the model to solely focus on the object of interest, which
RRR can only achieve for the localized artifacts.

Whereas ClArC-methods operating in latent activation
space show reasonable accuracy gains in comparison with

the Vanilla model for most tasks, they mostly only slightly
decrease bias sensitivity. RR-ClArC yields better results for
TCAV, i.e. TCAV ≈ 0.5, due to the explicit penalization of
bias sensitivity in latent space, as described in Equation (5).
Note, that TCAV only takes into account the sign of bias
sensitivity, not the magnitude. To that end, we further report
bias sensitivity magnitudes in Appendix C, and alternatively,
also report input-level bias relevances for localized artifacts.

Overall, RR-ClArC yields the most reliable results, re-
covering the classification performance on biased datasets
for both localized and unlocalized artifacts, while strongly
decreasing bias sensitivity and remaining predictive perfor-
mance on the clean test set.

Computational Cost By performing a single forward pass
per sample, A-ClArC is as computationally expensive as
Vanilla training. RR-ClArC increases training time for the
VGG-16 model by about 20 % due to, e.g., additionally re-
quiring a partial backward pass (up to the CAV layer) to
compute the latent gradient for the loss. RRR is most ex-
pensive with a time increase of about 73 % for VGG-16, re-
quiring both a full forward and backward pass to compute
the loss. Note, that P-ClArC does not require fine-tuning.
Exact training times are given in Table A.6 of the Appendix.

4.4 Class-specific Model Correction (Q3)
Another advantage of RR-ClArC in comparison to other
ClArC methods is its ability to correct model behavior w.r.t.
bias concepts for specific classes by specifying annotation
vector m in Equation 5 accordingly, penalizing the gradient
only for chosen classes. This allows to teach the model to
ignore concepts, e.g., the timestamp artifact (ImageNet), for
a specific class (here: “tench”), while allowing other classes
such as, e.g., “digital clock”, to rely on related concepts.

In this experiment, we study the impact of model correc-
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selected 
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book jacket menu

Figure 5: Impact of model correction for the timestamp
bias (ImageNet) on model accuracy for random and selected
classes (bottom), where selected classes are highly impacted
by the timestamp bias, e.g., “digital clock” (top). While
A-ClArC and P-ClArC are class-inspecific and lead to a drop
in accuracy for selected classes, RRR and RR-ClArC only
unlearn the artifact for a specific class. Note, that RR-ClArC
can target both, all classes or specific classes.

tions on model accuracy w.r.t. classes using concepts related
to the timestamp bias. A selected subset of related classes
is identified by a strong increase in their output logit when
adding a timestamp to the input, listed in Appendix D. We
then compare the impact of model corrections on the accu-
racy for clean samples between the selected classes and all
classes. The change in accuracies for VGG-16 corrections in
comparison with the Vanilla model is shown in Figure 5, and
for other architectures in Appendix D. As expected, A- and
P-ClArC lead to a significant drop in accuracy for the se-
lected classes, confirming that the model suppressed related
concepts required to recognize these classes. RRR and RR-
ClArC, however, targeting the “tench” class only through the
gradient, retain the model’s accuracy for the selected classes.
Note, that RR-ClArC can also target all classes, showing
similar results as A- and P-ClArC then.

4.5 Ablation Study (Q4)
The following ablation study measures the impact of the
main influencing factors of RR-ClArC, including the choice
of CAV optimizer and regularization strength. Other factors,
including the number of fine-tuning epochs and the choice of
the target w.r.t. which the gradient is computed as in Equa-
tion (5), are discussed in Appendix E.

Concept Activation Vector When comparing the accu-
racy on the biased test set after model correction with RR-
ClArC using different CAV optimizers, signal-CAVs signif-
icantly outperform all competitors, as shown in Figure 6 for
the VGG-16 model with controlled biases. This follows the
trend in the alignment experiment of Section 4.2, confirming
that a high CAV alignment is required to effectively regular-
ize all parts of a concept to fully unlearn harmful concepts.

RR-ClArC
method

Vanilla

dataset
ISIC
Bone
ImageNet

Figure 6: On all experiments, the CAV type has a signifi-
cant impact on model correction (regarding accuracy on the
biased dataset), with signal-CAV leading to the highest ac-
curacies (Standard Error (SE) less than 1 %). These results
mirror the CAV alignment experiment in Figure 3b.

Regularization Strength Besides CAV type, the regular-
ization strength λ is another important parameter control-
ling the amount of unlearning. The higher λ, the higher the
accuracy on the biased dataset up to a turning point, when
the regularization becomes too strong, and the overall ac-
curacy is reduced again, also shown in Figure A.18 of the
Appendix. When a CAV is not perfectly aligned, or the bias
concept entangled with useful directions in the latent space,
strong regularization can be expected to harm performance.

5 Conclusion
We present RR-ClArC, a post-hoc model correction method
based on CAVs and the latent gradient. RR-ClArC is a step
towards easier and more generalized model correction re-
quiring only sparse labels to unlearn any concept (unlo-
calized or localized) class-specifically, and being applica-
ble to any DNN architecture with access to latent features.
Throughout experiments with three popular DNN architec-
tures on four datasets with controlled and data-intrinsic bi-
ases, RR-ClArC unlearns biases most effectively and consis-
tently compared to other state-of-the-art approaches. In our
experiments, we find that Concept Activation Vectors, which
are usually applied to model latent concepts, tend to result
in diverging directions when based on popular regression-
based approaches such as, e.g., SVMs. An important future
direction will be to investigate these shortcomings further,
with the possibility to improve concept-based methods in
various applications.

Limitations RR-ClArC requires the freezing of layers
from input to the feature layer where the bias-CAV is mod-
eled. However, in principle, a subsequent fine-tuning step
without freezing parameters on clean data is possible. More-
over, our experiments show that a well-aligned CAV is nec-
essary for effective bias unlearning. Choosing the last con-
volutional layer for modeling CAVs might not always be op-
timal. It is still an open question, how to choose the optimal
layer for bias correction.

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

21052



Acknowledgements
This work was supported by the Federal Ministry of Educa-
tion and Research (BMBF) as grant BIFOLD (01IS18025A,
01IS180371I); the German Research Foundation (DFG) as
research unit DeSBi (KI-FOR 5363); the European Union’s
Horizon Europe research and innovation programme (EU
Horizon Europe) as grant TEMA (101093003); the Euro-
pean Union’s Horizon 2020 research and innovation pro-
gramme (EU Horizon 2020) as grant iToBoS (965221); and
the state of Berlin within the innovation support programme
ProFIT (IBB) as grant BerDiBa (10174498).

References
Anders, C. J.; Neumann, D.; Samek, W.; Müller, K.-R.; and
Lapuschkin, S. 2021. Software for Dataset-wide XAI: From
Local Explanations to Global Insights with Zennit, CoRe-
lAy, and ViRelAy. arXiv:2106.13200.
Anders, C. J.; Weber, L.; Neumann, D.; Samek, W.; Müller,
K.-R.; and Lapuschkin, S. 2022. Finding and Removing
Clever Hans: Using Explanation Methods to Debug and Im-
prove Deep Models. Information Fusion, 77: 261–295.
Bach, S.; Binder, A.; Montavon, G.; Klauschen, F.; Müller,
K.-R.; and Samek, W. 2015. On Pixel-Wise Explanations for
Non-Linear Classifier Decisions by Layer-Wise Relevance
Propagation. PloS one, 10(7): e0130140.
Bontempelli, A.; Teso, S.; Giunchiglia, F.; and Passerini,
A. 2022. Concept-level Debugging of Part-Prototype Net-
works. In Workshop on Trustworthy Artificial Intelligence
as a part of the ECML/PKDD 22 program.
Bykov, K.; Deb, M.; Grinwald, D.; Muller, K. R.; and
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