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Abstract

In high-stakes domains, small task-specific vision models
are crucial due to their low computational requirements and
the availability of numerous methods to explain their results.
However, these explanations often reveal that the models
do not align well with human domain knowledge, relying
instead on spurious correlations. This might result in brittle
behavior once deployed in the real-world. To address this
issue, we introduce a novel and efficient method for aligning
small task-specific vision models with human domain knowl-
edge by leveraging the generalization capabilities of a Large
Vision Language Model (LVLM). Our LVLM-Aided Visual
Alignment (LVLM-VA) method provides a bidirectional inter-
face that translates model behavior into natural language
and maps human class-level specifications to image-level
critiques, enabling effective interaction between domain ex-
perts and the model. Our method demonstrates substantial
improvement in aligning model behavior with human spec-
ifications, as validated on both synthetic and real-world
datasets. We show that it effectively reduces the model’s de-
pendence on spurious features and on group-specific biases,
without requiring fine-grained feedback.

1. Introduction

In an era of increasingly large general-purpose models
being able to interpret and translate visual inputs in natural
language, reliable small task-specific vision models for
narrow classification tasks are still of vital importance.
This is especially true in many high-stakes domains where
interpretability and trustworthiness demands are rigorous.
Examples include the medical and manufacturing domains,
where misclassifications can have severe downstream impact,
requiring high robustness and explainability. For these
non-functional requirements, current Large Vision Language
Models (LVLMs) fall short [8, 33]. However, ensuring
the continued reliability of small task-specific models and
making their predictions interpretable to subject-matter

Figure 1. LVLM-Aided Visual Alignment (LVLM-VA) of a small
task-specific vision model steered by human domain knowledge,
using Explainable AI (XAI) in conjunction with a Large Vision
Language Model (LVLM) Critic & Judge pair. The domain knowl-
edge is induced into the system via human specifications on a class
level supporting the LVLM to identify relevant core features within
the input images and detect spurious shortcuts based on the model
explanations. The Critic & Judge assessment is used to correct the
original model in an alignment step but can also be used to provide
feedback to the human expert.

experts remain challenging [5]. Spurious correlations in
relatively small training datasets for narrow tasks can cause
a model to learn shortcuts that yield good performance on
the training distribution but result in brittle behavior when
the model is deployed in the real world [17, 24]. One way to
tackle this issue and increase the reliability of models is to
explicitly incorporate human domain knowledge into the
model training pipeline [30] and by this align the model
with how a human would solve the task. While Explainable
AI (XAI) techniques can be utilized to identify the learned
shortcuts and make targeted corrections, interpreting the
explanations generated by widely used XAI methods is
often very difficult for domain experts. Furthermore, current
methods rely on instance-wise feedback on the model’s
explanations [23, 25], which is too time-consuming for
experts who are often highly specialized professionals, such
as medical doctors. However, the bidirectional process of
aligning an ML model, consisting of providing feedback
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and interpreting the model’s reasoning, is important not only
for incorporating human knowledge and values but also for
increasing user trust [26].

In this work, we introduce a synergistic approach
that leverages recent advances in the capabilities of LVLMs
to align small, task-specific vision models with human
domain knowledge. The LVLM acts as a bidirectional
translator. First, it translates explanations of the current
model’s behavior from image space into natural language,
highlighting spurious correlations. Second, it translates
human domain knowledge about the vision task, expressed
in natural language, into instance-wise critiques in image
space. Thus, the LVLM provides domain experts with a
more intuitive interface through which they can actively
steer the model and critically evaluate its reasoning. To
achieve this, we make the following contributions:
• We propose LVLM-Aided Visual Alignment (LVLM-VA)

as a novel approach allowing for automated instance-wise
correction from class-level human specifications to effi-
ciently align a neural network with human domain knowl-
edge, reducing its reliance on spurious correlations.

• We introduce Positive Predictive Effect Probabilistic
Segmentation via Weighted Gaussian Mixtures (PPEPS-
WGM) to facilitate an LVLM to translate model behavior
into natural language to detect spurious features.

• We demonstrate on different synthetic and real-world sce-
narios that our approach can effectively reduce the reliance
of vision models on shortcuts by aligning them with human
domain knowledge, without requiring any fine-grained
feedback.

2. Related Work
Previous works have addressed the challenge of debugging
models relying on spurious correlations by fine-tuning the
model with human critique based on explanations of the
current model behavior [23, 29]. Thereby, these methods
improve the alignment of the model with human reasoning.
However, they often require extensive fine-grained feedback
for each image [25]. Furthermore, explanations of the cur-
rent model behavior and feedback on potential errors must be
provided directly in the image space [23]. This results in an
inefficient interaction with the model. Stammer et al. [28] in-
troduce a method to allow a Vision Language Model (VLM)
to internally critique its own explanations independent of
external human input increasing the model’s performance
but not explicitly aiming for aligning the model with human
domain knowledge. Furthermore, the method does not trans-
late to general small task-specific vision models for broad
classification tasks. The authors in Zheng et al. [34] utilize a
general-purpose captioning model to extract textual concepts
without human steering from images and define a spurious-
ness score for each concept based on the accuracy of the

classifier with and without that concept. However, the pro-
posed captioning models might be incapable of identifying
concepts for settings not explicitly included in the training
data, e.g., medical or industrial images, and are limited to rel-
atively discrete, co-occurring concepts, making it unsuitable
for spurious features that manifest as subtle, continuous vari-
ations such as slight color differences. Gu et al. [7] introduce
an approach to use an LVLM to provide explanations of the
model’s decision in natural language. However, they do not
consider the natural language interface to inject human feed-
back back into the model. In contemporary work, Kuhn et al.
[16] proposed a highly specialized VLM-based method for
mitigating shortcuts in vision transformers. Aside from the
previously mentioned approaches, non-human-centred meth-
ods focus on mitigating shortcuts without describing them
directly in image space. These methods instead address
the issue by balancing the model’s performance between
groups categorized by the class label and the presence or
absence of spurious features. These approaches do not re-
quire instance-wise feedback about the location of spurious
features; however, they do need additional annotations about
the presence of spurious features per image. Kirichenko et al.
[12] propose Deep Feature Reweighting (DFR), in which
they only retrain the final layer of the vision model on a
small, balanced dataset. This is based on the assumption
that core features are often already learned during the initial
training phase and simply need to be reweighted to improve
performance on the test set. Idrissi et al. [11] demonstrate
that straightforward data balancing techniques, such as sub-
sampling or reweighting based on group frequencies, can
deliver competitive worst group accuracy without the need
for sophisticated training procedures. Lastly, Liu et al. [20]
introduce Just Train Twice (JTT), whereby an initially on a
few epochs trained model identifies challenging examples,
and a second model is then trained on a reweighted dataset
that up-samples these examples, aiming to reduce reliance
on spurious correlations. These non-human-centric methods
solely target equal performance across groups, regardless
of the features used to achieve it. More precisely, those
methods do not aim to directly align the model with human
domain knowledge and thus lack explainability.

3. Problem Setting
Assume we have a vision model f : X → Y trained on a
labeled training dataset Ds = (xs, ys)

ns

i=1 with input images
xs ∈ RC×H×W and labels ys ∈ {1, ...,K}. For every class
there exists a human specification Vk elaborating on impor-
tant features to identify the specific class k. Further, explana-
tion function Φ : X×Y×f → RH×W generates explanation
maps in the original image space indicating which regions
the model f considers important for predicting the output y
given the input x. However, the trained model f might focus
on areas identified by the explanations Φ(x, y, f) which do
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Figure 2. Correction mask generation process by the Critic & Judge
pair for a vision model trained on a knee radiograph dataset. The
image shows a hospital tag in the bottom left, which the model
learned as a shortcut to classify the condition of the knee. All
images are of size 224× 224.

not match the description Vk indicating insufficient align-
ment of the model with domain knowledge and the reliance
on spurious features. This results in reduced performance
when the model is applied to test samples Dt = (xt, yt)

nt

i=1

not subject to spurious correlations.

4. LVLM-Aided Visual Alignment (LVLM-VA)

We introduce our LVLM-Aided Visual Alignment (LVLM-
VA) method as a two step approach to reduce the reliance of
any vision classification model on spurious features.

4.1. Detecting Spurious Correlations
In the initial steps of our LVLM-VA approach (Fig. 2), a
combination of XAI and an LVLM is used to generate an
instance-wise correction signal aligning class-level human
specifications and instance-level model explanations.
Sampling Strategy: While our procedure for detecting spu-

rious features and aligning the original model can, in princi-
ple, be applied to the full training set, doing so would cause
an unnecessary computational overhead on large datasets
due to the reliance on a LVLM. To address this, we prefer-
ably generate the steering signal only for those samples on
which the model relies on shortcuts. We propose an unsuper-
vised sampling strategy based on the model’s output entropy,
motivated by the assumption that shortcuts are easier to learn
than robust core features [10]. As a result, the model tends to
exhibit lower output entropy on shortcut dependent training
examples. Consequently, in subsequent steps, our alignment
dataset Dalign is defined as the N training samples with the
lowest output entropy under the original model f . In contrast
to other shortcut-mitigation approaches [11, 12], our method
does not require additional group labels to identify samples
affected by spurious features.
Positive Predictive Effect Probabilistic Segmentation via
Weighted Gaussian Mixtures (PPEPS-WGM):

Based on the alignment set Dalign, we use a large vi-
sion language model (LVLM) to identify potential spurious
features. Following Yang et al. [32], we introduce a pre-
segmentation step on the alignment images. The authors
in [32] employ a Segment Anything Model (SAM) [13]
to partition images based on visual content, showing that
such pre-segmentation improves LVLM’s capability of spa-
tial location. However, we seek segmentation to support
the detection of spurious features. Thus, we generate ex-
planation maps Φ(x, y, f) in image space on the alignment
dataset Dalign as a proxy for the current decision process
of the vision model f . Following, we introduce Positive
Predictive Effect Probabilistic Segmentation via Weighted
Gaussian Mixtures (PPEPS-WGM), which performs model-
centric segmentation by fitting a weighted Gaussian mixture
whose components cluster regions according to their positive
predictive effect shown in Φ(x, y, f). This steers the pre-
segmentation and the LVLM’s subsequent spatial allocation
toward regions that most influence f ’s predictions rather
than object boundaries, enabling more targeted identification
of spurious features, i.e., regions of high positive attribution.

Setting: Let f be a trained model and let b(x) denote
the additive quantity we explain, i.e., the output logit of the
target class. As an explanation method, we use DeepLIFT-
SHAP [21] because of the convenient theoretical proper-
ties of Shapley values. More precisely, given an input
image x ∈ RH×W with M = H · W pixels indexed by
i ∈ {1, . . . ,M}, Shapley values produce per-pixel attribu-
tions {Φi(x)}Mi=1 that satisfy local accuracy:

M∑
i=1

Φi(x) = b(x)− E[b(X)].

Thus, {Φi} form a finite signed measure over pixels, where
the attribution of a region equals the sum of its constituents
and the total effect mass is conserved. In the following steps
we focus on positive contributions as we consider spurious
correlations as signals that falsely increase the score of the
given prediction. We define the positive part of the model
attribution and its total mass as:

Φ+
i (x) = max{Φi(x), 0}, Z+(x) =

M∑
i=1

Φ+
i (x).

We subsequently normalize Φ+
i (x) to obtain a discrete prob-

ability mass function (PMF) over pixels

pi(x) =
Φ+

i (x)

Z+(x)
,

M∑
i=1

pi(x) = 1.

With that pi(x) is the probability that a randomly sampled
unit of positive predictive effect (positive additive change in
b) lies at pixel i.
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Weighted Gaussian Mixture on the Positive-Effect Dis-
tribution: Let zi ∈ Rd denote per-pixel features used for
clustering. As we would like to segment where in the image
the positive effect mass lives, not what the underlying con-
tent is, we instantiate zi as normalized spatial coordinates
on the equidistant image lattice,

zi =
(
(ui +

1
2 )/H, (vi +

1
2 )/W

)
∈ [0, 1]2,

with (ui, vi) ∈ {0, . . . , H−1} × {0, . . . ,W−1} the pixel
indices. We fit a J-component Gaussian mixture to the
discrete distribution p by weighted maximum likelihood:

max
Θ

L(Θ) =

M∑
i=1

wi log

(
J∑

j=1

πj N
(
zi | µj ,Σj

))
,

wi = M · pi(x),

where Θ = {(πj , µj ,Σj)}Jj=1 are the mixture parameters
with πj ≥ 0 and

∑
j πj = 1. We define the responsibilities

rij =
πj N (zi | µj ,Σj)∑J
ℓ=1 πℓ N (zi | µℓ,Σℓ)

.

The M-step sufficient statistics are formed with effective
weights wirij for pixel i and component j. The mixture-
weight update equals the positive-effect share captured by
component j:

πnew
j =

∑M
i=1 wirij∑M
i=1 wi

=

M∑
i=1

pi(x) rij = Sj ,

where Sj ∈ [0, 1] and
∑

j Sj = 1. Hence πj at optimum is
interpretable as the fraction of total positive effect explained
by component j.

Lastly, we derive a segmentation by assigning each pixel
to its most probable component:

ci = arg max
j∈{1,...,J}

rij , C ∈ {1, . . . , J}H×W

given after reshaping {ci}Mi=1.

Generating LVLM-based Alignment Verdicts: Follow-
ing the clustering step, the segmented explanation map C,
together with the original image x and the ground truth la-
bel y, are provided to the LVLM-based Critic g. Further,
a third image showing the original image overlapped with
the segmentation is provided to the Critic in order to sup-
port the correct localization of the segments. To facilitate
g in detecting if the vision model f relies on spurious fea-
tures, it is instructed to utilize a chain-of-thought process
[31]. The introduced prompt guides the model to (1) exam-
ine the original image, (2) identify which regions belong to

the ground truth class y, (3) determine for each segmented
cluster which parts of the original image are included, (4)
combine both insights, and (5) describe if a cluster covers
a relevant region, and (6) lastly provide a verdict whether a
cluster is relevant based on the previous insights. To further
allow to steer the LVLM in this process and emphasize what
important concepts define a particular class, class-specific
prompts include human-defined descriptions Vk about how
to accurately recognize the class k. As these descriptions
allow scaling class-level human feedback to instance-wise
critique, they drastically decrease human effort for aligning
the model. To seamlessly integrate the LVLM assessment
into an automatic training pipeline and reduce the overall
complexity of the task, we employ an LLM Judge h (which
may be instantiated as the same model as g) that maps the
free-form output of g for x to a final binary verdict R. It
determines whether each cluster corresponds to a spurious
feature, yielding a single binary verdict Rj for every cluster
j in C. A class-agnostic prompt for h further steers this
verdict by providing example pairs of Critic assessments
and their associated binary human judgments. Evaluating
prototypical outputs of g and specifying aligned verdicts
establishes another option for bidirectional feedback, giv-
ing the human expert a mechanism to influence the final
decision. In addition to aligning the outcome with human
knowledge, prior work shows that such few-shot exemplars
can substantially increase LLM performance on specified
tasks [2].

4.2. Visual Alignment using LVLM Verdicts
Different previous works have focused on correcting model
explanations [23, 27] by aligning them with fine-grained hu-
man feedback [25] in the form of instance-wise corrections
in image space. In our LVLM-VA approach, we utilize the
Right for the Right Reasons (RRR) loss function introduced
by Ross et al. [23] for the alignment:

L(θ,X,y,A) =

N∑
n=1

K∑
k=1

−ynk log(ŷnk)+

λ

N∑
n=1

M∑
i=1

(
Ani

∂

∂xni

K∑
k=1

log(ŷnk)

)2

+ γ
∑
i

θ2i

Here, N is the number of used alignment samples, K refers
to the number of classes, and M is the dimensionality of
the input x. The first term ”right answers” corresponds to
the cross-entropy loss, optimizing the model to make correct
classification predictions. The second term ”right reasons”
ensures that the model’s decisions are based on relevant fea-
tures by reducing the gradient in regions deemed irrelevant
by experts via a binary mask A, steering the model to focus
on important features and avoid spurious correlations. Ad-
ditionally, an optional term ”regularization” on the model

7840



parameters θ can be added to prevent overfitting.
We automatically transfer the binary verdicts generated via
the Critic & Judge pair into the correction maps A:

A =

J∑
j=1

Rj · 1 [C = j] ,

where the cluster verdict Rj is applied to the corresponding
cluster j in the segmented explanation map C such that A
only features clusters considered to be spurious. By this, we
render the previously required tedious per-instance interac-
tion to generate the expert maps obsolete. For the fine-tuning
using the RRR loss, the alignment samples xa are mixed
with the training samples xs in each batch of size I with a
ratio of Ixa

Ixs
. An epoch for NTrain training samples consists

of NTrain

Ixs
train iterations, in the case that this is greater than

N
Ixa

, the alignment samples are over-sampled. With this pro-
cedure, we aim to avoid catastrophic forgetting of previously
learned core features. In summary, fine-tuning the original
model f using the RRR loss with instance-wise masks gen-
erated automatically based on human specifications allows
our method to significantly reduce manual effort whilst still
allowing human steering of the vision model.

5. Experiments

We evaluate our approach using three different datasets and
two shortcut learning settings. In the first multi-class clas-
sification setting, artificial spurious decoys occur through-
out the entire training set and their appearance correlates
with the classes, but they are absent in the test set, which
leads to low test performance. This setting may reflect a
systematic bias in the data generation process, such as dif-
ferent camera settings when the model is trained and de-
ployed. In the second setting, we evaluate two real-world
binary classification tasks where the spurious features re-
main similar in both the training and test sets, but their
frequency of occurrence in the training set depends on the
class, whereas they are equally distributed when the model
is deployed. This could be attributed to a shift between the
training and test distributions. Within these settings, we
benchmark our approach against constrained optimization
with instance-level human feedback [23] and shortcut mit-
igation strategies that aim to reduce differences between
group accuracies [11, 12, 20]. We use DeepLiftSHAP [21]
to generate the explanation maps Φ(x, y, f) across all ex-
periments. For the Critic and Judge, we use a GPT-4o
model. The remainder of this section first presents the
multi-class setting with artificial decoys before moving on
to the real-world medical setting. More details are docu-
mented in the Appendix and code is provided at: https:
//github.com/alexanderkoebler/LVLM-VA.

Figure 3. Intermediate results for aligning an MLP model for clas-
sifying DecoyMNIST. Based on the input of the original image, the
segmentation map and the class level description, the LVLM-Critic
correctly identifies that the top left corner includes the spurious
decoy. The LLM-Judge assigns the right binary label which is sub-
sequently transferred into the correction mask where black refers
to ’not relevant’.

Figure 4. The explanations generated for a test example for an MLP
model trained on DecoyMNIST before and after the alignment step.
The original model clearly focuses on the spurious decoy in the
upper left corner whereas the attribution of the aligned model is
almost fully distributed across the actual digit.

5.1. Mitigating Systematic Decoys Across the Entire
Training Set

In the first scenario, we evaluate our approach using an
artificial decoy dataset based on digit classification [19] with
added artificial decoys. This dataset is frequently used in the
literature to study model debugging [1, 23].
Experimental Setting: Each image in the dataset contains
a grey patch in a random corner. While the shade of grey
for the samples in the training set depends on the digit k
(255 − 25 · k), it is chosen randomly in the test set. As a
result, these patches represent simple shortcut candidates
for the model across all classes in the training set but act as
harmful confounders in the test set. For this experiment we
train a two-layer Multi-Layer-Perceptron (MLP) of width
256. For the alignment set we use N = 256 samples xa

from the training set using the previously described sampling
strategy. The number of clusters J for PPEPS-WGM is set
to three which, as shown in Fig. 3, is sufficient for allowing
to clearly identify the spurious features.

Results: Subsequently, we first qualitatively evaluate the
effect of the alignment step on the model’s reliance on spuri-
ous decoys. The explanations of the MLP model in Fig. 4
show a complete reassignment of the model’s attention to the
actual digit. This indicates that the model is significantly less
affected by the spurious features introduced during training.
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Figure 5. Alignment and accuracy on the test set across differ-
ent λ values weighing the influence of the RRR loss term during
alignment. Alignment as well as accuracy rise with increase in
λ until 105 where the accuracy drops substantially. At λ = 105

both metrics are close to the upper bound reached when using the
ground truth correction masks.

To also quantitatively evaluate the benefit of our method
in this setting, we use the intuitive lower and upper bounds
for human involvement as a baseline. The least human in-
volvement is given by not aligning the model at all and only
using the simple target labels during the original training pro-
cess. In contrast, using instance-wise human-generated ex-
pert masks A(GT ) in combination with the RRR loss requires
significant manual effort if not automatically generated as in
this synthetic setting. The availability of information about
the location of the spurious features in this scenario allows
us to also quantitatively evaluate the alignment of the model.
For this, we introduce an alignment metric adapted from
[14, 15] between the ground truth masks A(GT ), i.e., the
artificial decoys in the corner, and the absolute explanation
maps after alignment |Φ(x, y, f)|. This metric measures the
fraction of attribution mass that lies outside the ground-truth
spurious region and therefore on the relevant digit features.
For Nt test samples it is defined as

µAlign = 1− 1

Nt

Nt∑
n=1

∑M
i=1 A

(GT )
n,i |Φi(xn, yn, f)|∑M

i=1 |Φi(xn, yn, f)|
.

As shown in Fig. 5, our LVLM-VA approach improves both
performance and model alignment. This effect is empha-
sized by increasing the influence of the RRR loss up to
λ = 105. However, at this point, performance drops drasti-
cally as the cross-entropy loss becomes negligible. LVLM-
VA achieves values approaching those obtained using ground
truth instance-wise feedback within the RRR loss, which re-
quires substantial manual labelling effort.

5.2. Mitigating Spurious Correlations in Real-
World Medical Datasets

In the following two experiments, we investigate the effec-
tiveness of LVLM-VA to mitigate learned shortcuts in two
real-world medical datasets shown in Fig. 6. In the med-
ical domain, it is of vital importance to ensure consistent
model performance despite often limited data quality and

Figure 6. Prototypical images for the medical datasets. Some of
the knee radiograph images (left) include spurious hospital tags
whereas the skin lesion images (right) include colored bandages.
Both of those spurious features might be learned as simple shortcuts
compared to the complex original classification task.

quantity. Therefore, the model’s performance should be in-
dependent of any spurious elements introduced in a subset of
the available images that could lead to biases for any given
(potentially protected) group. For this reason, we measure
the effectiveness of our approach by its ability to improve
the accuracy of the worst performing group (a standard met-
ric for shortcut mitigation strategies [12, 34]) whilst at least
maintaining overall accuracy. As the manual curation of
medical datasets is very laborious and the time of medical
experts is limited, LVLM-VA can help to automatically align
the model with high-level expert input.
Experimental Setting: First, we evaluate our method on the
International Skin Imaging Collaboration (ISIC) skin lesion
dataset [4], which is also used in multiple other shortcut
mitigation works [1, 18, 22]. This dataset contains images
of real skin lesions, which are either benign or malignant
tumors. Some of the images contain bandages of different
colours, which are located randomly next to the skin lesions.
Our training set consists of 1,800 samples per class. For the
benign class, there are an equal number of images containing
and not containing coloured bandages. In contrast, only ten
images in the malignant class contain one or multiple ban-
dages. This difference in the occurrence of bandages across
the classes renders them a spurious feature that can easily be
learned as a shortcut during the initial training phase. In the
test set, bandages occur equally frequently, leading to low ac-
curacy for images of malignant lesions containing bandages.
For our LVLM-VA approach, we use an alignment dataset
of size N = 1024 and provide short human descriptions for
both classes.
Secondly, we use a knee osteoarthritis radiograph dataset
[3, 16] that includes images depicting various stages of os-
teoarthritis. We evaluate the binary classification task of
distinguishing between ’no’ and ’moderate’ osteoarthritis.
Similar as done by DeGrave et al. [6], shortcuts are added in
the form of hospital tags specified as ’L’ or ’R’ to the edges
of the images, indicating the right or left knee. The occur-
rence of these tags in the training set is class-dependent, with
50% of healthy knees and only 2.5% of arthritic knees co-
occurring with hospital tags. In total, there are 1,000 training
samples. Furthermore, there are 400 test samples, distributed
equally across the groups. As expected, the hospital tags
lead to spurious shortcuts, resulting in low group accuracy
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for arthritic knee images with hospital tags. The alignment
dataset includes N = 256 samples, and we provide short
human descriptions for both classes.
For both experiments, we use a ResNet50 model [9] and
set λ = 1. We set the number of clusters J to seven. The
performance is stable for reasonably large J (see Appendix).
We benchmark LVLM-VA against the three commonly ap-
plied shortcut mitigation methods: sub-sampling groups
(SUBG) [11], Deep Feature Reweighting [12] (DFR), and
Just Train Twice [20] (JTT).
Results: Fig. 7 illustrates the initial stage of identifying
potential spurious features and generating the correspond-
ing correction maps A for the skin dataset. The proposed
clustering approach, based on model explanations combined
with PPEPS-WGM, generates one or more clusters cover-
ing irrelevant features without substantially overlapping the
core features relevant for classification (i.e. the knee or skin
lesion). The provided human descriptions help the LVLM-
Critic identify which parts of the image should be considered
core features, given a particular class. Based on this infor-
mation, the LVLM-Critic provides intermediate assessments,
enforced by the chain-of-thought prompt, as well as a clear,
combined statement about the relevance of the considered
cluster. This enables the Judge to efficiently generate a struc-
tured binary verdict for each cluster. These verdicts are then
translated into the displayed correction masks. For knee
radiographs, where the LVLM is unable to judge and is not
intended to identify which part of the knee is relevant, it
only declares the cluster that actually includes the spurious
hospital tag as irrelevant (see Fig. 2). In contrast, for the
ISIC dataset, where it is clear that clusters not covering the
skin lesion should be irrelevant for the classification, the
LVLM also labels clusters as irrelevant even though they do
not include a bandage (see Fig. 7). This approach enables
spurious features that are neither described by humans nor
detected by the critic to be removed (e.g. slight shadows or
reflections) without eliminating potentially important core
features and sacrificing overall performance. In Fig. 8 and
Fig. 9, the change in the model’s average group / overall
accuracy (∆AGA) and the worst group accuracy (∆WGA)
before and after the shortcut mitigation step for LVLM-VA
is compared to that of the three baselines. Across both ex-
periments, LVLM-VA enables a significant improvement
in the worst group accuracy without diminishing the over-
all accuracy. The two step JTT approach enables a slight
improvement in WGA for the skin dataset, but does not con-
sistently improve performance for both datasets. Subsam-
pling groups (SUBG) improves WGA, even outperforming
LVLM-VA on the knee dataset, but significantly sacrifices
overall accuracy, rendering it invalid for most applications.
Deep Feature Reweighting (DFR) was not beneficial in ei-
ther experiment. The experiments on medical datasets
demonstrate that LVLM-VA is the most effective way of

Figure 7. Prototypical shortcut detection results for the skin lesion
dataset. Only the green cluster in the segmented input image covers
the actual skin lesion. This enables the LVLM-Critic, which is
informed by the human class description, to deem all other clusters
as irrelevant. This produces a correction mask A, where gradients
will be penalized except in the green segment during the fine-tuning
step.

Figure 8. Change in Average Group Accuracy (AGA) and Worst
Group Accuracy (WGA) relative to the original model after shortcut
mitigation on the knee radiographs dataset. Results are averaged
over seven random seeds (mean ± std). LVLM-VA is the only
method which increases the WGA whilst maintaining overall accu-
racy. (*: Wilcoxon Signed-Rank Test p < 0.05)

Figure 9. Change in Average Group Accuracy (AGA) and Worst
Group Accuracy (WGA) relative to the original model after shortcut
mitigation on the skin lesion dataset. Results are averaged over
seven random seeds (mean ± std). LVLM-VA is the only method
which increases the WGA whilst maintaining overall accuracy. (*:
Wilcoxon Signed-Rank Test p < 0.05).

mitigating group biases caused by spurious features, without
requiring to specify which samples are affected by shortcuts.
These instance-wise group labels are significantly more labor
intensive to generate than human descriptions at the class
level.
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6. Ablations and Discussion
In this section, we present a user study to evaluate the effect
of LVLM-VA on the perceived alignment of vision models.
In addition, we conducted several experiments that examine
the choice of sub-components of LVLM-VA and further dis-
cuss the limitations and scope.
User Study on Alignment: The conducted user study in-
cludes 18 participants with a data science background and
familiarity with medical imaging. They assess three as-
pects across 26 questions covering both medical datasets:
(1) Cluster relevance: Participants are asked to select irrele-
vant/spurious clusters given the original and the segmented
image. They agreed with the LVLM-selected clusters in 88%
of cases, which is in line with the measured verdict accuracy
of 87% on the entire alignment set. (2) Critic reasoning:
Participants are presented with the Critic’s natural-language
argumentation in addition to the previous images and tasked
to assess its correctness. They agreed with the LVLM’s ar-
gumentation in 87% of cases. (3) Explanation alignment:
The participants are shown the target model explanations
before and after the alignment step. Participants conclude
that the post-alignment explanations are better aligned with
their expectations in 86% of cases. This is consistent with
the alignment analysis on DecoyMNIST (Fig. 4 & Fig. 5).
Together, these results underline that LVLM-VA can signifi-
cantly contribute to a better alignment of vision models with
human expectations.
LVLM Choice: Our method leverages recent advances in
rapidly evolving LVLMs. During the main development
phase of this work, GPT-4o was used. However, Table 1
shows that newer models outperform older ones in verdict
accuracy, which measures whether a cluster flagged as spu-
rious actually contains part of the spurious feature. This
higher verdict accuracy leads to an increased WGA, while
at the same time, newer models continue to decrease in cost,
thereby steadily improving the accessibility of our method.
Sampling Strategy: We further reduced the LVLM costs by

Table 1. Benchmark verdict accuracy (knee) and ∆WGA for differ-
ent Critic/Judge LVLMs. Costs in USD per one million input tokens
(Nov. 2025). (*: Wilcoxon Signed-Rank Test for the improvement
in WGA w.r.t. the original model across 7 seeds p < 0.05)

Model Cost Verdict Acc. ∆WGA

GPT-4o (used) 2.50 0.87 0.16± 0.06*
GPT-5 1.25 1.00 0.20± 0.09*
GPT-4o-mini 0.15 0.42 0.09± 0.02*

introducing a low-entropy sampling strategy, which preferen-
tially applies the Critic & Judge only to samples containing
spurious features. On the knee dataset, this strategy produces
an alignment set in which 56% of images contain spurious
features, compared to only 25% under random sampling and

2% when sampling based on high entropy.
Segmentation Method: To make the most effective use of
the limited alignment set, we introduced PPEPS-WGM as a
segmentation method that targets clusters with high positive
attribution density, rather than segmenting the underlying
image content directly. To assess the benefit of PPEPS-
WGM, we compare it to segmenting the input images with
a Segment Anything Model (SAM) [13] as done by Yang
et al. [32]. Table 2 shows that, although the verdict accuracy
of the two approaches is similar, the overall improvement
in ∆WGA achieved with SAM is smaller. This is because
SAM frequently groups the spurious feature together with
the relevant knee structures into a single segment. In con-
trast, PPEPS-WGM more effectively isolates the spurious
feature by clustering spatially separated positive attribution.

Table 2. Verdict accuracy and corresponding increase in ∆WGA
(knee) for SAM VIT B model (SAM) and PPEPS-WGM. (*:
Wilcoxon Signed-Rank Test for the improvement in WGA w.r.t.
the original model across 7 seeds p < 0.05)

Method Verdict Acc. ∆ WGA

PPEPS-WGM 0.87 0.16± 0.06*
SAM 0.87 0.11± 0.04*

Limitations: Although LVLM-VA removes the need for
fine-grained annotations, it relies on class-level descriptions
provided by domain experts. In some cases, these descrip-
tions may be difficult to formalize, as experts have rather
learned those patterns intuitively. Furthermore, the distinc-
tion between core and spurious features is not always clear
or spatially separable. We address this issue by having dif-
fering degrees of intervention between the skin lesion and
knee radiograph datasets. While the LVLM intervenes on
clear spurious features in the case of the synthetic decoy
and knee dataset, it rather focuses on preserving clearly de-
scribed core features in the form of skin lesions for the ISIC
dataset. Being able to explicitly describe either core or spu-
rious features applies to most real-world use-cases making
our method applicable to a wide variety of settings.

7. Conclusion
We have proposed a novel approach, LVLM-Aided Visual
Alignment (LVLM-VA), to correct spurious correlations and
increase the overall and worst group accuracy of small, task-
specific vision models. LVLM-VA translates model behavior
into natural language and incorporates human descriptions at
the class level via instance-wise critique into the model. This
provides an efficient human-centered interface for aligning
vision models with domain knowledge, eliminating the need
for expensive fine-grained feedback or group labels. LVLM-
VA fosters synergies between generative AI models and more
explainable, established discriminative approaches.
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