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Abstract

Ensuring the reliability of machine learning models in safety-critical domains such as health-
care requires auditing methods that can uncover model shortcomings. We introduce a
method for identifying important visual concepts within large multimodal models (LMMs)
and use it to investigate the behaviors these models exhibit when prompted with medical
tasks. We primarily focus on the task of classifying malignant skin lesions from clinical
dermatology images. After showing how LMMSs display unexpected gaps in performance
between different demographic subgroups when prompted with demonstrating examples,
we apply our method, Visual Concept Ranking (VCR), to these models and prompts. VCR
generates hypotheses related to different visual feature dependencies, which we are then
able to validate with manual interventions.

1. Introduction

The last decade has seen a shift in the architectures and training recipes of the neural net-
works used for medical computer vision tasks. In the 2010s, convolutional neural networks
trained with supervised learning first achieved state-of-the-art performance on natural im-
age classification (Krizhevsky et al., 2012), and were then applied with great success to a
variety of medical fields including dermatology (Esteva et al., 2017), radiology (Rajpurkar
et al., 2017), and cardiology (Ouyang et al., 2020). By the early 2020s, advances in language
modeling eliminated the need for laborious hand-curated supervised labels, and contrastive
learning approaches like ConVIRT and CLIP allowed transformer-based vision encoders to
be trained on datasets of hundreds of millions of image-caption pairs (Zhang et al., 2022;
Radford et al., 2021). Finally, the current state-of-the-art for increasingly complex and
open-ended tasks, such as reasoning about scientific figures (Laurent et al., 2024) or an-
swering questions about entire CT scans (Hamamci et al., 2024), has been achieved by the
joint training of vision encoders with large language models pre-trained on large internet-
scale general text corpora, enabling the creation of large multimodal models (LMMs). These
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Figure 1: Our visual concept ranking method (VCR) identifies visual concepts that have a
statistically significant impact on an LMM’s output for a particular task or prompt. This
concept figure illustrates a hypothetical binary classification prompt for a set of clinical
dermatology images, tested against tens of thousands of visual concepts.

Inputs: “This skin
lesion is most
likely...”

LMDMs take arbitrary sequences of interleaved text and images as input, and produce a prob-
ability distribution over natural language tokens as their output (Wadekar et al., 2024).

While surprisingly performant, the original supervised and convolutional models dis-
cussed above also had surprising failure modes. Their performance would often degrade to
the point of being useless when tested in novel hospitals outside of their development envi-
ronment (Yu et al., 2022). A substantial body of AI interpretability was devoted to uncover-
ing the mechanisms behind these failures of generalization. Early work used saliency maps
to show a propensity of models to look at hospital-specific factors like laterality markers in
chest radiographs (Zech et al., 2018). While saliency maps can identify spatially-localized
dependencies such as a text marker in the corner of an image, they are quite limited in
expressing more abstract concepts. For instance, it is difficult to localize concepts like “the
overall brightness of an image” to a particular set of pixels. Additionally, even if saliency
can be localized to a particular object, per-pixel importance values cannot reveal what vi-
sual characteristics of that object are important to the model. Hence, further approaches
have been developed and applied, such as using generative neural networks to create coun-
terfactual images (Singla et al., 2019; DeGrave et al., 2021), or using linear probes to test
model dependencies on concepts (Kim et al., 2018).

Our work specifically focuses on applying this latter sort of conceptual interpretability
to LMMs. This is of particular interest, as LMMs have already demonstrated a variety of
concerning and often difficult-to-explain behaviors for medical applications. For instance,
Xu et al. (2025) showed that when commercial LMMs like GPT-40 are prompted to predict
malignant skin lesions with an In-Context Learning (ICL) prompt, they may start to per-
form substantially better on one demographic subgroup at the expense of another. What
the models are “looking at” when this occurs is currently unclear.

To identify the visual conceptual dependencies of LMMs, we propose using a method
we call Visual Concept Ranking (VCR). For a given model and a given task, our method
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produces a list of the most statistically significant visual concepts (Figure 1 and Figure 2).
We first validate the efficacy of this approach using synthetic data, demonstrating how our
method is more robust to domain shift than prior methods. Then, focusing on the task of
classification of malignant skin lesions, we use VCR to generate testable hypotheses about
LMMs’ behavior. These hypotheses are finally validated with manual image interventions.

Generalizable Insights about Machine Learning in the Context of Healthcare

We demonstrate that vision-language models (VLMs) can be used to scalably generate
hypotheses about the visual concepts used by LMMs, uncovering both medically-relevant
concepts as well as undesirable “shortcuts.” In addition to demonstrating the utility of this
method for auditing LMMs, we believe our results also demonstrate that despite new model
architectures and training paradigms, LMMs are still susceptible to shortcut learning for
medical problems. Finally, our results show how visual feature dependencies depend on the
context provided in prompts to these models.

2. Method: Visual Concept Ranking (VCR)

Our goal is to identify the most important visual concepts used by LMMs to complete
specific tasks. At a high level, our method works by using a VLM to automatically label a
probe set of images with concept labels. These images can then be used to create concept
activation vectors (Kim et al., 2018) for arbitrarily large numbers of concepts. Finally, the
model’s sensitivity to perturbation along those directions is tested to rank the importance
of the concepts.

To further clarify our terminology here, when we say LMMs in this paper, we mean
models like OpenFlamingo (Awadalla et al., 2023) which have been trained to produce text
when prompted with text and images. When we refer to VLMs, we refer to models like
CLIP (Radford et al., 2021), which comprise an image encoder and text encoder that have
been trained to map images and texts to the same embedding space. The LMM is the
target model we would like to explain, and the VLM is used as an explainer model.

A task is defined by a prompt with an expected set of completions. For instance, binary
classification of malignant skin lesions can be posed as a prompt (“User:[image]|Is this lesion
benign or malignant? Assistant: The lesion is”) and the length-normalized log-probabilities
of the completions “benign” or “malignant” can be used as the binary class probabilities.

We assume that the user has a set of unlabeled images for which they would like to
investigate the model’s behavior: Z = {1y, Is, ..., In}. We also assume that the user
has a set of concepts they would like to test: C = {Cy, Cy, ..., Cx}, where each C;
is a string describing a concept. In this paper we use large concept sets, such as the
20,000 most common English words (Kaufman, 2013), augmented with domain specific
concept lists (Daneshjou et al., 2022b), to enable “hypothesis-free” concept testing, on
analogy to genome-wide association screens. We use “hypothesis-free” to describe only the
initial generation of candidate concepts, as human-in-the-loop interpretation is still essential
downstream. The ability to test very large sets of concepts is a key feature of our method,
enabling the discovery of unexpected relationships between concepts and outcomes. Rather
than testing a small set of preconceived hypotheses, our approach generates novel hypotheses
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about model mechanisms that can then be validated with more difficult and time-intensive
manual interventions.

2.1. Steps of VCR Algorithm
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Figure 2: Visual summary of our method, VCR, to automatically interpret large multimodal
models (LMMs) such as OpenFlamingo (center, grey box). 1, A separate, pretrained vision-
language model (e.g. OpenCLIP) is used to label a probe set of N images with continuous
values reflecting how much a set of K concepts are represented in each image, generating
a concept label matrix Y € RV*X_ 2 For each image in the probe set, the corresponding
activations from the LMM are extracted into an activation matrix A € RV*P where D is
the residual stream dimension (2048 for OF-3B-Instruct and 2560 for OF-4B). 3, Concept
activation vectors for each concept are calculated by learning linear models to predict each
concept label in Y from the activations in A. 4, To calculate the importance of these
concept vectors, the directional derivative of the length-normalized log-probs of the target
completion of the LMM are taken with respect to each concept, then averaged over all
images in the probe set. This entire process is then repeated a number of times with
bootstrap resampled versions of the probe set to allow for statistical significance testing,
ensuring that the concept importance scores have the same direction over the bootstrap
resampled probe sets.

1. Generating concept labels for a probe set of images using a VLM: Given
an image set Z and a concept set C, we use a pre-trained vision-language model to
compute a concept label for each image—concept pair. For each image I; and concept
C}, we calculate the fo-normalized cosine similarities between the embedding of the
image embedded by the VLM’s vision encoder, ¢,(I;), and the concept embedded by
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the VLM’s text encoder, ¢;(Cy):

Y, = do(L1) T ¢¢(Cr) ’ ()

" lee(T) @ (Cr)l

producing a normalized concept label matrix Y € R¥*X_ Intuitively, each entry Yk
quantifies the extent to which concept Cy, is visually represented in image I;. While we
use OpenCLIP (Ilharco et al., 2021) in our experiments, we note that any pretrained
VLM that has been trained to map images and texts to the same embedding space
could theoretically be used here. In Appendix E, we find that different VLMs often
identify the same concepts with different surface form completions (e.g. one VLM
identifies a top concept of “footwear” while another lists a top concept of “feet”).

. Learning concept activation vectors from concept labels and model activa-
tions:

To interpret a target LMM (f), we collect the model’s activations from a specific
layer (¢) when prompted with each image in the probe set. We use the activations
corresponding to the last token position from the template text (Zou et al., 2023).
This yields an activation matrix A € RV*P where each row a; = fy(I;)[—1] is the
D-dimensional residual stream activation vector at layer ¢ for the final token for the
prompt including an image I;. For each experiment, all components of the prompt
(e.g., demonstrations in the ICL setting) are held fixed except for the final image
query, and consequently the model’s dependence on both the rest of the prompt and
the underlying model parameters is omitted from the functional notation. In Appendix
G, we analyze the sensitivity of our method to minor variations in prompt.

Using the concept labels Y as targets and the activation matrix A as features, we train
a linear regression model for each concept k € C, using A to predict the corresponding
column Y. ;:
Wi = arg min_[[Awg — yi |3 + A wy 3. (2)
wiERD

The normalized version of the vector wj then defines a “concept activation vector”
(CAV) (Kim et al., 2018), which represents the unit-length direction in activation
space corresponding to concept Cy: vi = ”‘;’,"ﬁ

We use an L2 regularized model to ensure a unique solution when D (order of mag-
nitude 1000s of latents) exceeds the number of probe images N (order of magnitude
hundreds of samples), and to allow a closed-form solution for computational efficiency.
Given that our method is designed to test tens of thousands of concepts, this compu-
tational efficiency is essential for practical applicability.

. Measuring model’s sensitivity to concept vectors: We assess the importance of
each concept to the model’s output for the task of interest via directional derivatives.
For classification tasks (e.g., predicting whether a skin lesion is malignant), we define
a task score as the length-normalized log-probability of the target class:

L
1
L « . ) (t) .
Si = 7 tg_l log P¢(“malignant”'" | I;), (3)



VisuAL CONCEPT RANKING

where L is the sequence length and the sum is over token positions in the target class
label.

The sensitivity of concept k is then the directional derivative along the normalized
concept vector:

1 N
g = N ; <vais(ai)ﬂ Vk) ) (4)

where V,,5(a;) is the gradient of the task score (defined above) with respect to the
activations a;, and the sum is taken over all images in the probe set to produce a
single global importance score for each concept.

4. Significance Testing

To assess the statistical significance of each concept’s global importance score (),
we repeat our VCR process using bootstrap resampled versions of the image probing
set. For each of the K concepts tested, we perform a two-sided one-sample t-test com-
paring the distribution of the concept’s global importance scores across repeated runs
against the null hypothesis of zero importance. To conservatively correct for multi-
ple comparisons across all K concepts, we apply a Bonferroni correction (Bonferroni,
1936), rejecting null hypotheses only at a threshold of p < 0.05/K.

2.2. Related Work

A recent paper that was highly influential to our VCR method was another method for model
auditing using VLMs, called MA-MONET (Kim et al., 2024). Like VCR, the MA-MONET
method proposes using VLMs to label a probe set of images which can then be used to audit
model behaviors. Unlike VCR, MA-MONET looks at correlations between visual features
and model outputs rather than using model internals (i.e. activations and gradients) to
directly interpret causal mechanisms. While this has some advantages compared to our
method!, we hypothesized that it may cause MA-MONET to behave counterintuitively in
some frequently encountered medical settings.

To illustrate this point, consider two visual features that may be used to predict pneu-
monia from a chest radiograph: (1) the presence of opacities in the lung fields, and (2) a
potential “shortcut” like a hospital-specific laterality marker in the corner of an image (Zech
et al., 2018; DeGrave et al., 2021). One can imagine a well-trained LMM that looks at lung
opacities but not the shortcut, as a result of the specific data used in its training. Now, say
that a correlational approach like MA-MONET is used to audit this LMM. The user, who
does not necessarily have access to the full training corpus of the model?, collects a probe
set of images from their own hospital, where there is a very strong correlation between the
laterality marker and pneumonia. In this case, a correlational approach like MA-MONET
will notice that there is a strong association between the model’s prediction of pneumonia
and the presence of this shortcut feature, and report it as an important visual conceptual
association, despite the fact that the model does not depend on this visual feature, and would

1. MA-MONET can be used to audit API-access-only models where users don’t have access to model
internals
2. Frequently the case with models with open-weights but not open-source, like LLaMa
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not be impacted by adding or removing it. Given the frequency of potential shortcuts in
medical datasets, we wanted to develop a method that would report causal dependencies
on visual features (see Figure 4).

A second closely related prior work is a recently published paper on Language-Guided
CAVs (LG-CAV) (Huang et al., 2024). Like VCR, LG-CAV also leverages VLMs to gener-
ate supervision signals for concept activation vectors. Our method differs in two key ways.
First, LG-CAV is designed for image classification models trained with supervised learn-
ing and fixed class logits and hence cannot be applied to LMMs (preventing a full, direct
comparison). VCR, on the other hand, can be applied to LMMs that produce probabil-
ity distributions over natural language tokens (see step 3 of our algorithm outline, where
a natural language “task score” is defined). Second, LG-CAV presumes access to labeled
examples of concept classes (used in its deviation sample reweighting module and classifi-
cation loss), while VCR requires no ground-truth concept labels. While this prevents direct
comparison, we ran additional experiments in Appendix F to measure the effects of includ-
ing or omitting two aspects of the LG-CAV method which do not required concept labels.
Essentially, VCR can be viewed as an adaptation of LG-CAV tailored to LMMs and the
less-structured data settings in which they are typically audited.

For discussion of additional related prior work, see discussion in Appendix O.

3. Results
3.1. Synthetic data benchmarks

Before applying VCR to the actual medical problems we wanted to analyze, we first needed
to validate its function in a controlled setting where the ground truth is well-defined. In-
spired by the Elements dataset (Nicolson et al., 2024), we designed a synthetic dataset
experiment to allow us to control ground-truth feature-outcome relationships. We gener-
ated a number of datasets with visual feature pairs (e.g., red vs. green objects, square vs.
circle shapes) and systematically varied the correlation between each feature and a binary
classification label in each dataset. By fine-tuning models on these synthetic data with
different correlation strengths between visual features and expected model output, we were
able to induce different underlying model dependencies on these features (See Appendix
A for additional experimental details, as well as results from additional LMMs and fine-
tuning settings). For each correlation condition, we fine-tuned an LMM on the synthetic
data, computed ground-truth interventional effects (the effect of adding or removing a vi-
sual feature from an image on the model’s output), and compared these to VCR sensitivity
scores. For each of 8 feature pairs (16 features), we tested 5 correlation levels over 10
bootstrap replicates, leading to 800 total experimental conditions.

For the OpenFlamingo-4B model, we found a strong association between VCR sensitivity
values and ground-truth interventional effects (overall Pearson’s r: 0.53, p : 4.9 x 10749).
Figure 3 shows example synthetic images from the training dataset, detailed per-experiment
results for two feature pairs, and summary results for all eight pairs of features. We repeat
this set of experiments several times in Appendices A and B with different fine-tuning
settings and models (see Supplementary Figures 14, 15, 16 and 17), and find that the same
general trend replicates. VCR values are highly correlated with the ground truth importance
of a concept. We also show that VCR and a purely correlative approach (similar to MA-
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Figure 3: Left, Example images from the synthetic datasets. Middle, For two synthetic
feature pairs (Square/Circle, and Empty/Filled), the relationship between VCR sensitivity
score and measured interventional effect. Fach point represents an OpenFlamingo-4B model
fine-tuned on one of ten bootstrap replicates of one of five different training sets with
different feature-label correlation levels. Right, Summary of VCR-intervention correlations.
For each feature pair tested in an experiment with fine-tuned OpenFlamingo-4B models,
except for the two pairs of feature related to position within the image, the overall correlation
between VCR sensitivity and ground-truth measured interventional effect had Pearson’s
r > 0.6. Neither feature related to position within the image was significantly positively
correlated (See Appendix M for further discussion).

MONET) both work well in this setting where there are no confounding shortcuts or data
shifts between the training data and the probe set.

While VCR scores correlated well with actual interventional effects for 6 out of 8 feature
pairs tested, synthetic data benchmarking also led us to find a failure case for our method
in 2 out of 8 feature pairs (see Figure 3). Specifically, we found that VCR struggled with
concepts related to spatial locations within input images (top/bottom and left /right). This
not only emphasizes the importance of rigorous benchmarking of interpretability methods,
but also highlights the fact that different interpretability techniques may be complementary
to each other. While the limitations of saliency maps are discussed above in the introduction,
this shortcoming of our method is exactly where saliency maps excel.

After demonstrating that VCR scores generally correlated well with interventional effects
when the probe set distribution matched the training distribution, we wanted to test whether
or not the method would be robust to differences in distributions. Again, this is important to
be able to know if our method is identifying features that are causally important to the model
we are interpreting. For six of the eight visual feature pairs (image position features were
excluded, as they did not perform well in the prior experiment without distribution shift),
we designated feature A as “reliable” (positively correlated with the label in both training
and test) and feature B as “spurious” (strongly negatively correlated during training with
pp = —0.8, but positively correlated at test time). A causally-meaningful interpretability
method should assign positive importance to feature A and negative importance to feature
B. Across 60 experimental conditions using the OpenFlamingo-4B model (6 feature pairs x
10 bootstrap replicates), VCR correctly identified the true effect of the “spurious” feature
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Figure 4: VCR correctly identifies the causal effect of a spuriously correlated visual feature
92% of the time, as compared to a CLIP-only approach that does not use model internals
(akin to MA-MONET) and only identifies the correct direction 18% of the time. Each point
represents an OpenFlamingo-4B model fine-tuned on one of ten bootstrap replicates of one
of six different feature-pair synthetic datasets.

92% of the time, as compared to a correlational baseline (like MA-MONET), which only
correctly identifies the true effect of the spurious feature 18% of the time (see Figure 4). Both
approaches succeed at identifying the effect of the feature that does not undergo dataset
shift between the train and probe data (98% and 100%). We observed a similar trend when
repeating these experiments with a different LMM (OpenFlamingo-3B-Instruct) and with
different fine-tuning settings (see Appendices C and D and Supplementary Figures 18, 19
and 20). This demonstrates that VCR captures causal model behavior rather than simple
input-output correlations present in the evaluation set.

3.2. Understanding skin lesion classification

After confirming the performance of our model in a synthetic data setting, we turned to
applying it to the task of clinical dermatology. While numerous prior works have investi-
gated the interpretability of dermatology image models, LMMs have provided interesting
new phenomena to explain. For instance, Xu et al. (2025) demonstrated a bizarre and unex-
pected model behavior when they prompted commercial LMMs to classify skin lesions from
the Diverse Dermatology Images (DDI) dataset (Daneshjou et al., 2022a) as malignant or
benign. In the zero-shot setting, ChatGPT-40 had similar predictive performance between
patients with different skin type subgroups: i.e. lighter skin, Fitzpatrick Skin Type (FST)
I/11, or darker skin, FST V/VI). However, when demonstrating examples were added to the
prompt (In-Context Learning, (Radford et al., 2019)), the model’s performance improved
for patients with darker skin while worsening for patients with lighter skin.

Because our approach requires access to model gradients, it can not directly be applied
to commercial models with API-only access. Therefore, we first tested to see if any open-
source/open-weight LMMs recapitulated this behavior, allowing them to serve as a “model
organism” for further investigation (Hubinger et al., 2023), although noting that behavioral
resemblance does not necessarily imply shared internal mechanism. When testing using
images from the DDI dataset, we found that OpenFlamingo-3B-Instruct displayed a similar
pattern to the one identified by Xu et al. (2025), where adding ICL demonstrations increased
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predictive performance for patients with darker skin while actually worsening predictive
performance for patients with lighter skin (Figure 5).3
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Figure 5: Predictive performance of OpenFlamingo-3B-Instruct for skin lesion malignancy
classification across skin type subgroups as additional demonstrating examples are added
in-context. Points represent the mean and shading represents one standard deviation over
3 replicates (where the specific demonstrating examples are re-sampled across replicates).

Having confirmed that OpenFlamingo-3B-Instruct has this unexpected behavior, we
next wanted to see if our VCR approach could identify differences between the visual features
used by the model for FST I/II and FST V/VI skin images, which could possibly serve as
an explanation. We therefore generated four sets of VCR concept explanations, one for
each combination of FST I/II and FST V/VI skin images in the zero-shot and ICL settings
(Figure 6).

Within the set of top concepts increasing the probability of malignancy, we saw that for
all settings except ICL + Fitzpatrick I /11, the concepts “tattoo” and/or “Purpura/Petechiae”
were statistically significant. After plotting the most and least activating images for both of
these concept vectors, we saw that both concepts corresponded to blue/purple skin mark-
ings (Figure 7a and Figure 7b), which are frequently used by dermatologists to mark skin
lesions for biopsy, and hence serve as a shortcut for malignancy prediction. This led us
to a testable hypothesis: adding blue/purple skin markings should increase the predicted
probability of “malignant” for the OpenFlamingo-3B-Instruct model for FST V/VI patient
samples in both the zero-shot and ICL setting, but should only do so for FST I/II patient
samples in the zero-shot setting.

We confirmed this hypothesis by manually adding these blue/purple skin markings to
neutral background skin images (Figure 8). We generated the background skin images for
each skin type using Gemini-3 (see Appendix H for further details), and added the skin
markings using Python Imaging Library. All synthetic images, pre- and post-intervention,
were reviewed by an MD for realism. We find that this manual intervention confirms

3. We note that other open-source medical LMMs display their own distinct patterns of sub-group per-
formance changes in response to adding in-context examples. We ran additional experiments with
MedFlamingo (Moor et al., 2023), a model with medical-specific tuning based on OpenFlamingo-9B,
and found it does not exhibit the issue where AUROC rises for one group at the other’s expense as
in-context examples are added (see Supplemental Fig. 26). Instead, AUROC improves for both groups
(albeit more for FST I/II than FST V/VI). That this occurs for some but not all LMMs is notable; our
method shows it relates to visual shortcuts, but determining which features in the training data mixes
are fully responsible for driving this phenomenon may be valuable future work.
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Figure 6: Top visual features for the OpenFlamingo-3B-Instruct model in the Zero-Shot
(top) and ICL (bottom) prompt settings for FST I/II (left) and FST V/VI (right) samples.
Each point is one replicate of the overall VCR score on one bootstrap resampled probe set,
and the bold lines indicate the mean over replicates. All features shown have significant
p-values after Bonferroni correction.

Purpura/Petechiae tattoo

Figure 7: Most (top) and least (bottom) activating images for two concepts that appear to
be driven by blue/purple ink markings. Left: the Purpura/Petechiae concept. Right: the
tattoo concept.

the exact hypothesis generated by our VCR concepts: the blue/purple skin markings are
persistently important for FST V/VI after demos are added to the prompt in the ICL
setting, but lose their saliency for FST I/IT samples.

In addition to generating hypotheses about differences between performance for different
demographic subgroups, we also wanted to see what features these models might rely upon
more generally across all samples. For example, by plotting the top concepts decreasing
the probability of malignancy for OpenFlamingo-4B, we saw many examples that seemed
to be related to the background body part upon which the lesion was found. This was
of particular interest to us as this is the sort of feature that prior methods would have
struggled to identify; saliency maps would struggle to localize a feature spread so diffusely
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Figure 8: (Left) Examples of skin images before and after intervening by adding purple/blue
dots. (Right) As predicted by the VCR explanations, the purple dots have an impact in
both the zero-shot and ICL settings for FST V /VI patients, but only in the zero-shot setting
for FST I/II patients.
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Figure 9: For the OpenFlamingo-4B model prompted with an ICL prompt, the top statis-
tically significant visual features decreasing the probability of malignancy.

throughout an image, and counterfactual image generation approaches would struggle to
maintain cycle-consistency while changing so many pixels within an image.

Among the top concepts in Figure 9, we found multiple visual features that seemed to
be associated with lesions found on the face (e.g. “collar,” “neck,” and “teeth”), and the
top activating examples for these concepts confirmed that these concepts were activated by
images containing patients’ faces/necks (see Figure 10). This led us to the hypothesis that
we should expect OpenFlamingo-4B to output on average a lower probability of malignancy
for images with face backgrounds than generic skin backgrounds. We tested this by using
the same generic skin background images generated by Gemini-3 in the prior experiment,
and comparing the average model output on these images to another set of generated skin
images of patients’ faces/necks. We found that the probability assigned to the “malignant”
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Concept: neck
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Figure 10: Most (top) and least (bottom) activating images for “neck” concept.
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Figure 11: On the left, representative examples of synthetic generated “Generic Back-
ground” and “Face Background” images. On the right, the average length-normalized
log-probs of OpenFlamingo-4B predicting “malignant” when a lesion is placed on a generic
background versus a face background.

completion was significantly lower for the face background images than the generic skin
background images (see Figure 11).

Another feature we investigated was a concept labeled by our approach as “hair.” When
we examined the top activating images for this concept, however, it appeared that the
concept activated more specifically for images of scalps than “hair” alone (see Figure 12).
This led us to another testable hypothesis: that we should expect OpenFlamingo-4B to
output a lower probability of malignancy on average for images with scalp backgrounds
than generic skin backgrounds. When using the same testing protocol described above and
in Appendix H.4, we found that the probability assigned to the “malignant” completion
was significantly lower for the scalp background images than the generic skin background
images (see Figure 13). Again, in this experiment all synthetic images were reviewed by an
MD for realism.

3.3. Additional supplemental experiments

In addition to our detailed experiments on a synthetic data benchmark and a dermatology
dataset, we included several supplemental experiments to showcase the versatility of our
method.

For instance, we applied our method to the CheXpert dataset of chest radiographs
(Rajpurkar et al., 2017). We prompted the model to differentiate normal from abnormal

13



VisuAL CONCEPT RANKING
Concept: hair
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Figure 12: Most (top) and least (bottom) activating images for the “hair” concept, which
appears to activate more spemﬁcally for images of scalps.
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Figure 13: On the left, representative examples of synthetic generated “Generic Back-
ground” and “Scalp Background” images. On the right, the average length-normalized
log-probs of OpenFlamingo-4B predicting “malignant” when a lesion is placed on a generic
background versus a scalp background.

chest radiographs. In response to this prompt, we found that one of the top concepts used
by the model was named “wiring.” When we examine the top activating examples for this
concept, we see that this concepts activates for radiographs with medical support devices
such as pacemaker wires and EKG leads (Figure 23). This is an obvious shortcut, in the
sense that the models are again looking at visual clues that a doctor was suspicious that
the patient was sick rather than looking for anatomic/pathologic evidence that the patient
is sick.

To demonstrate the broad applicability of our method outside of medical tasks, we also
experiment with applying our method in the context of non-medical prompts using natural
images from the publicly available Imagenette dataset (Figures 24 and 25). Finally, to
demonstrate the computational efficiency of our approach, we included several experiments
testing how the computational cost of our method scales with concepts in the concept set
(Figure 21) and images in the probe set (Figure 22).

4. Discussion

In this work, we introduced Visual Concept Ranking (VCR), a method for identifying
the visual concepts that large multimodal models depend upon when completing specific
tasks. We validated VCR on synthetic datasets where ground-truth feature dependencies
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were known, demonstrating strong correlations between VCR sensitivity scores and actual
interventional effects. Critically, we showed that VCR correctly identifies causal model
dependencies even under distribution shift between training and evaluation data, a setting
where purely correlational approaches fail. We then applied VCR to investigate LMM
behavior on clinical dermatology images, generating hypotheses about model shortcuts that
we subsequently confirmed through manual image interventions.

One of our central findings relates to the unexpected demographic disparities that emerge
when LMMs are prompted with in-context learning demonstrations. VCR analysis revealed
that concepts related to blue/purple skin markings, which serve as shortcuts for malig-
nancy prediction since these markings are often used by dermatologists to identify lesions
for biopsy, remained significant predictors for FST V/VI patients across both zero-shot and
ICL settings but lost significance for FST I/II patients in the ICL setting. While the reliance
of dermatology AI models on ink markings has been documented previously (Bissoto et al.,
2020), our findings demonstrate that this dependency is not static: it varies with the specific
prompt used (zero-shot versus ICL) and is not homogeneous across demographic groups.
This suggests that the addition of demonstration examples may alter the model’s reliance
on shortcut features differently across skin type subgroups, perhaps because demonstration
images contain different distributions of these shortcuts across skin types. This has signif-
icant implications for clinical deployment, as careful curation of demonstration examples
may be necessary to ensure equitable model performance.

Beyond demographic disparities, our analysis uncovered model dependencies on anatom-
ical location that could compromise clinical utility. VCR identified concepts such as“neck”
and “hair” as significantly decreasing predicted malignancy probability, and interventional
experiments confirmed that lesions presented on face or scalp backgrounds received lower
malignancy predictions than identical lesions on generic skin backgrounds. If models sys-
tematically underestimate malignancy risk for lesions on certain body sites, this could lead
to missed diagnoses. These location-based biases represent the kind of shortcut behavior
that would be difficult to detect through standard performance benchmarking alone.

A key strength of VCR relative to prior approaches is its robustness to distribution shift.
Methods that rely on correlations between input features and model outputs will report
features as important if they correlate with outcomes in the evaluation set, regardless of
whether the model actually uses those features. VCR directly measures model sensitivity
through gradients and activation patterns, enabling it to distinguish between features that
are merely correlated with outcomes and features that causally influence predictions. VCR
also offers complementary strengths to other interpretability approaches: saliency maps
excel at spatially localized features but struggle with diffuse concepts like background body
part, while counterfactual image generation can test specific hypotheses but struggles to
maintain cycle-consistency when modifying large image regions.

Limitations Several limitations warrant discussion. VCR requires access to model gra-
dients, precluding direct application to API-only commercial models. Our synthetic bench-
marks revealed that VCR struggles with concepts related to spatial position within images, a
setting where traditional saliency methods remain preferable. The semantic labels assigned
to concept vectors may not perfectly capture their true meaning, as we observed with the
“Purpura/Petechiae” and “tattoo” labels activating most strongly for dermatologic skin ink
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markings, and a “hair” concept activating most strongly for scalp images rather than hair
per se. This underscores that VCR is best understood as a hypothesis-generation tool re-
quiring human interpretation and validation rather than a fully automated auditing system.
Future avenues of work from this study include combining VCR with activation steering
methods to enable correction of undesirable behaviors and developing improved methods
for encoding spatial concepts. As LMMs become increasingly prevalent in safety-critical do-
mains like healthcare, methods that illuminate their internal mechanisms will be essential
for building justified trust in their predictions.

Code and data availability This paper uses the Diverse Dermatology Images (DDI)
dataset (Daneshjou et al., 2022a) for the main text experiments and the CheXpert dataset
(Rajpurkar et al., 2017) for supplemental experiments, both of which are available on the
Stanford AIMI repository. Additional supplemental experiments are conducted on the pub-
licly available Imagenette dataset. Code, including code to generate the synthetic datasets,
is available at https://github.com/jjanizek/vcr-paper.
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Appendix A. Detailed Methods for Synthetic VCR Validation

A.1. Overview and Motivation

The core challenge in validating interpretability methods is establishing ground truth: in
natural datasets, we rarely know which visual features truly cause a model’s predictions
versus which are merely correlated with outputs. To address this, we constructed synthetic
datasets where we precisely control feature-label correlations, enabling direct comparison
between VCR’s predicted concept importance and measured causal effects.

A.2. Visual Feature Pairs

We designed eight binary feature pairs:

1. Red vs. green: Colored rectangles (RGB 220,50,50 vs. 50,180,50) on neutral gray
background, with 2-pixel dark outline and small elliptical distractors.

2. Left vs. right: Single ellipse positioned in left half (z € [10, W/2 —60]) vs. right half
(x € [W/2+4 10, W — 60]) of the image.

3. One vs. many: Single large ellipse (50px diameter) vs. cluster of 6-10 small ellipses
(18-20px diameter).

4. Horizontal vs. vertical: Rectangular bar oriented horizontally (width > height)
vs. vertically (height > width).

5. Square vs. circle: 60px square vs. 60px diameter circle with 3-pixel black outline.

6. Empty vs. filled: Hollow ellipse (5px outline, no fill) vs. solid filled ellipse. VCR
concept names: “loops” (empty), “spots” (filled).

7. Striped vs. solid: Rectangle with vertical stripes (3px width, 8px spacing) vs. uni-
form solid fill. VCR concept names: “bars” (striped), “cube” (solid).

8. Top vs. bottom: Ellipse positioned in upper half (y € [15, H/2 — 65]) vs. lower half
(y € [H/2 + 15, H — 65)).

While we initially computed VCR scores using the concept names we expected, we found
that for two experiments (“empty” vs “filled”, and “striped” vs “solid”), the anticipated
concept names were not significantly important. The cause for this was immediately resolved
when examining the top significant features. For the Empty vs filled experiment, we saw
that the top features were “loops” and “spots,” rather than the names we anticipated these
features would have. Likewise, for Striped and solid the top features were “bars” and
”cube,” which makes sense given that all of the images in our synthetic dataset for that
example were rectangular.

A.3. Image Generation

All images were generated at 224 x 224 pixels using PIL/Pillow. Each generator function ac-
cepts boolean flags (has_a, has_b) indicating presence of each feature, along with a random
seed for reproducibility. Images include controlled randomization:
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Object positions sampled uniformly within designated regions

Object colors sampled from RGB range [50, 150] (except for red/green pair)

Background colors set to neutral grays (RGB values 200-235)

Small distractor shapes added where appropriate

A.4. Dataset Construction

For each feature pair, we created training sets with systematically varied feature-label cor-
relations. The correlation parameter py € {—1.0,—0.5,0.0,40.5,+1.0} controls feature A’s
correlation with the positive label, while pg = —p 4 ensures anticorrelated features.

Training sets contained Nipain = 400 images (200 positive, 200 negative). For positive-
labeled images, the number of images containing feature A was:

s = | 2 (pa+ 1) Q

For negative-labeled images:

e = | 55 (= a 1)) ©)

Test sets contained 200 images with perfectly balanced feature combinations: 50 images
for each of the four (has_a, has b) € {True, False}? conditions, enabling unbiased estimation
of interventional effects. Test images used seeds offset by 10,000 from training images to
ensure no overlap.

A.5. Model Architecture and Fine-tuning

We used both OpenFlamingo-3B-Instruct and OpenFlamingo-4B as the base large multi-
modal models for our experiments, accessed via our custom FlamingoAPI wrapper. The
model architecture consists of a vision encoder and language model with cross-attention
layers for multimodal fusion.

Fine-tuning configuration: We ran experiments with either the final transformer block
(model.lang encoder.transformer.blocks) unfrozen, or with the fourth from final trans-
former block unfrozen; all other parameters remained frozen. For the optimizer, we used
AdamW with learning rate n = 10~%. Batch size was set to 8. The fine-tuning was run for 5
epochs with a loss function of cross-entropy on next-token prediction. The training prompt
we used was "<image>This image is {label}" where label € {positive, negative}.

To ensure robust estimates, we performed 10 bootstrap replicates per condition, resam-
pling training data with replacement (using pandas.DataFrame.sample with replace=True)
while keeping test sets fixed.
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A.6. Interventional Effect Measurement

Ground-truth interventional effects were computed on the balanced test set after fine-tuning.
For each test image ¢:

1. Extract next-token logits given prompt "<image>This image is"
2. Compute normalized probability:

exp(pos) )

P tive) =
(positive) exP(Lpos) + €xp(Lneg)

where {05 and e are logits for the tokens

space).

‘ positive” and “ negative” (with leading

The interventional effect for feature X € {A, B} was calculated as:
E[P(pos) | X = present| — E[P(pos) | X = absent)] (8)

where expectations are computed over the balanced test set. Positive effects indicate the
feature increases P(positive); negative effects indicate suppression.

A.7. VCR Sensitivity Computation

VCR analysis was performed using the ConceptAnalyzer class with the following configu-
rations. For concept vocabulary, we used Google 10,000 English words (Kaufman, 2013),
with the embedding model set to OpenCLIP (via CLIPEmbedder utility class. Activations
were collected via hook from the final transformer block, regardless of the layer unfrozen
for fine-tuning. The prompt template used was: "<image>This image is". Batch size was
set to 1 to avoid padding artifacts.

Concept model training: We trained CAVs via L2-regularized linear regression from
activations to CLIP similarity scores (as described in other sections. The concept vectors
were extracted as regression weights, normalized, then the concept weights were computed
from the similarity matrix.

Sensitivity computation: Directional derivatives were computed with respect to the
completion token “ positive”, measuring how much each concept vector’s direction in ac-
tivation space influences the model’s probability of predicting “positive.” This required
temporarily enabling gradients for all model parameters during the backward pass.

A.8. CLIP-Only Baseline

As a baseline comparison, we computed CLIP scores without using any gradient information
from the fine-tuned model.
The CLIP-only score was computed as:

CLIP score;, = Pearson (Y}, p'**") )
where Y} is the vector of CLIP cosine similarities between concept ¢ and each test image

(i) in the probe set (Y;; = M%), and p's is the model’s output probability
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P(positive) for each image in the probe/test set. This baseline tests whether simple input-
output correlation (without probing internal model representations) can predict causal ef-
fects.

A.9. Statistical Analysis

For each feature pair and correlation condition, we recorded (1) VCR sensitivity (mean
across test images) for concepts A and B, (2) CLIP correlation scores for concepts A and
B, and (3) the Interventional effects for features A and B.

Overall correlation between VCR sensitivity and interventional effects was computed
using Pearson’s r across all 800 data points (8 feature pairs x 5 correlations x 2 features
x 10 seeds). Per-feature-pair correlations were computed separately to assess consistency
across visual domains. Statistical significance was assessed using scipy’s stats.pearsonr
function.

A.10. Computational Resources

All experiments were conducted on a Lambda Vector workstation with 2x NVIDIA 4090
GPUs.

A.11. Supplemental Experiments

In addition to the figures in the main text, which show the results of the synthetic data
experiments for OpenFlamingo-4B models with fine-tuning done on the parameters of the
last transformer block, we repeated the experiment for (1) OpenFlamingo-4B models with
fine-tuning done on the parameters of the fourth-from-last transformer block (see Figure 15),
(2) OpenFlamingo-3B-Instruct models with fine-tuning done on the parameters of the last
transformer block (see Figure 16), and (3) OpenFlamingo-3B-Instruct models with fine-
tuning done on the parameters of the fourth-from-last transformer block (see Figure 17).

For all of these experiments, the VCR score is compared to the CLIP-alone score. We
see that while both tend to correlate well, the correlation VLM /CLIP-alone score tends to
correlate slightly better with ground truth. This is an expected result, as in this experiment
the training data and testing data have similar distributions, and so the CLIP score (which
doesn’t need to learn a concept activation vector from a small number of samples) will tend
to be more highly correlated and less susceptible to noise. This comes with the drawback,
however, that it is not learning a real causal dependency of the model, and will be subject
to arbitrarily bad interpretability performance if the training and probing distributions are
different, as demonstrated in the next section of experiments.

Appendix B. LoRA Fine-tuning

Our main synthetic experiments fine-tune only a single transformer block of the target
LMM (either last or 4th from last), which could in principle bias representations toward
the probed layer. To check that VCR also recovers causal concept importance when the
learned task representation is distributed across the entire model, we repeated the synthetic
benchmark with low-rank adaptation (LoRA) applied to every nn.Linear leaf module of
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Figure 14: The results shown in main text Figure 4, including comparison to CLIP-alone
score.
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Figure 15: The results shown in main text Figure 4 replicate when using OpenFlamingo-4B
models with the fine-tuning done on the fourth-from-last transformer block.
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Figure 16: The results shown in main text Figure 4 replicate when using OpenFlamingo-
3B-Instruct models with the fine-tuning done on the last transformer block.
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Figure 17: The results shown in main text Figure 4 replicate when using OpenFlamingo-
3B-Instruct models with the fine-tuning done on the fourth-from-last transformer block.
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OpenFlamingo-3B-Instruct (rank r=8, =16, dropout 0.05), using the PEFT library im-
plementation of LoRA. All other training hyperparameters (AdamW, n=10"*, batch size
8, 5 epochs, 10 bootstrap seeds, 5 correlation levels, 8 feature pairs) were held identical to
the single-block setup. VCR activations were collected from the final transformer block of
the LoRA-adapted backbone.

Across all 600 non-position-pair data points, VCR sensitivity remained significantly cor-
related with the measured interventional effect (Pearson r=0.4, p=2.1x10727). Per-feature-
pair Pearson’s r between VCR sensitivity and interventional effect was 0.67 (red/green),
0.59 (one/many), 0.57 (square/circle), 0.58 (striped/solid), and 0.49 (empty/filled); consis-
tent with the main-text results, while the two position-based pairs were not recovered. As
expected, scores are slightly attenuated relative to the single-block setting because the final
layer is no longer forced to be the unique locus of the learned feature, but the qualitative
conclusion — VCR tracks causal interventional effect under distributed fine-tuning — is
unchanged.

Appendix C. Detailed Methods for Adversarial Distribution Shift
Experiment

C.1. Adversarial Dataset Construction

A fundamental question for any interpretability method is whether it identifies causal fea-
tures that the model is actually sensitive to perturbations in versus features that happen to
correlate with model outputs in the evaluation or probe data. These can diverge when the
evaluation distribution differs from training. We designed an adversarial setup that delib-
erately introduces such divergence: a “spurious” feature that negatively predicts the label
during training (so the model should learn to ignore or inversely weight it) but positively
correlates with the label at test time (potentially confusing correlation-based methods).

For each feature pair, we construct training and test sets with deliberately mismatched
feature-label correlations:

Training set (Ngrain = 400): Feature A (reliable): Correlation p4 = +1.0 with the
positive label. Feature A is present in 100% of positive examples and 0% of negative
examples. Feature B (spurious): Correlation pp = —0.8 with the positive label. Feature
B is present in only 10% of positive examples but 90% of negative examples. The model
learns that feature A strongly predicts “positive” while feature B predicts “negative.”

Test (probe) set (Niest = 200): Feature A: Remains perfectly predictive. All positive
examples have has_a = True; all negative examples have has_a = False. Feature B: Now
positively correlated. 80% of positive examples have feature B present; only 20% of negative
examples have feature B. This creates a distribution shift where: Corr(B, label)iain = —0.8,
but  Corr(B,label)iest =~ +0.6.

C.2. Feature Pairs and Visual Properties

We used six of eight feature pairs as the previously described correlation-varying experi-
ment (with the two positional features omitted because they were not well detected in the
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non-adversarial setting), with identical image generation procedures. For the adversarial
experiment:

e Feature A (first in each pair): designated as “reliable”

e Feature B (second in each pair): designated as “spurious”

The pairs were: red/green, one/many, horizontal/vertical, square/circle, empty/filled,
and striped /solid.

C.3. Model Training Configuration

Training followed the same protocol as the correlation-varying experiment. The models used
were either OpenFlamingo-3B-Instruct or OpenFlamingo-4B. Fine-tuning was done on the
last transformer block only or 4th-from-last transformer block only (further experiments
with LoRA. The optimizer was AdamW with n = 107%. Batch size was set to 8. The
fine-tuning was run for 5 epochs, with 10 bootstrap replicates per feature pair.

C.4. Evaluation Metrics

For each method (VCR and CLIP-only), we computed the correlation between the score
and the true interventional effect, as well as the sign-concordance between the score and
interventional effect, which we defined as the fraction of “reliable” features with predicted
positive effect, and the fraction of “spurious” features with predicted negative effect.

C.5. CLIP-Only Baseline Computation
For the adversarial experiment, the CLIP-only score was computed as:
CLIP_score;, = Pearson (YieSt, pteSt) (10)

where Y[*' is the vector of CLIP cosine similarities between concept ¢ and each test image

(i) in the probe set (Y;; = m%), and p'®' is the model’s output probability
P(positive) for each image in the probe/test set.

Critically, this baseline uses only test-set statistics. Since feature B is positively corre-
lated with the label in the test set, and the model outputs are also correlated with the label
(because the model performs well), CLIP-only will observe a positive correlation for feature

B even though the model learned to ignore or inversely weight it.

Appendix D. LoRA Fine-tuning Under Distribution Shift

We also repeated the adversarial distribution-shift experiment with the whole-model LoRA
setup described in Appendix B (same rank, alpha, dropout, epochs). Across 60 conditions (6
non-position feature pairs x 10 bootstrap replicates), VCR correctly assigned the expected
sign to the spurious feature in 70% of cases, while the CLIP-only baseline assigned the
correct sign only 17% of the time, similar to the baseline performance in the main-text last-
block setting. For the reliable feature, VCR was sign-correct in 87% of cases and CLIP-only
in 100%. Consistent with the main text, CLIP-only is fooled by the spurious feature’s
positive test-set correlation, whereas VCR continues to identify the actual causal concept
dependencies of the model.
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Appendix E. Robustness to the Explainer VLM

VCR uses a pretrained vision-language model to pseudo-label probe images with contin-
uous concept scores. To test sensitivity to this choice, we re-ran the DDI experiment on
OpenFlamingo-3B-Instruct using three VLMs that share the ViT-L/14 architecture but
differ in pretraining data:

e CLIP/OpenAl,
e laion/CLIP-ViT-L-14-laion2B-s32B-b82K,
e laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K.

For each pair of explainers, we computed the Pearson correlation of per-concept VCR
sensitivity scores and the Jaccard overlap of the top-k concepts, averaged over 10 probe
bootstrap seeds (Table 1).

Table 1: Pairwise stability across explainer VLMs on DDI / OpenFlamingo-3B-Instruct.

Pair Pearson »  Jaccard@50
OpenAl vs. LAION-2B 0.06 0.04
OpenAl vs. DataComp-XL 0.12 0.05
LAION-2B vs. DataComp-XL 0.21 0.07

Surface-form overlap is low, which initially surprised us. However, manual inspection
of the top 50 concepts under each explainer reveals substantial semantic overlap masked
by vocabulary differences: the foot-related feature is labeled “foot” by one VLM, “feet” by
another, and “footwear” by the third; the dermatologic ink-marking feature is labeled “Pur-
pura/Petechiae” by OpenAl CLIP, “markers” by LAION-2B, and “purple” by DataComp-
XL. The underlying CAVs (which we validated through the manual interventions of Figure 8,
Figure 11, and Figure 13) are recovered by all three explainers; only the text label attached
to each CAV drifts with the VLM’s vocabulary.

This is a practically important limitation. It means that when reporting VCR results, a
single CAV’s text label should be interpreted in conjunction with its top-activating images,
and stability should be assessed at the level of the CAV direction (or probe-image cluster)
rather than at the level of the concept string. It also reinforces our framing of VCR as a
hypothesis generation tool that requires human-in-the-loop interpretation (Appendix O).

Appendix F. Ablating LG-CAV’s Gaussian Alignment and Concept
Ensemble Modules

LG-CAV (Huang et al., 2024) adds two modules during CAV training that VCR omits:
Gaussian Alignment (GA) and Concept Ensembling (CE). Because neither of these modules
necessitates ground-truth concept labels, we are able to test the effect of adding them to our
VCR method. Using the same LoRA-adapted OpenFlamingo-3B-Instruct backbones and
probe sets as Appendix B, we compared (i) our stock VCR against (ii) VCR augmented
with GA and CE (“VCR+GA+CE”), which is the closest LMM-compatible analogue of
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LG-CAV. We found that the effect of including these modules was inconsistent, marginally
improving the correlation with ground truth effect for 4/8 pairs, while marginally worsening
correlation with ground truth effect for 3/8 pairs. Consequently, for the sake of simplicity
of our method we opted to omit these modules from future experiments.

Appendix G. Robustness to Prompt Wording

A reasonable concern for any method that relies on a target completion is that the resulting
concept ranking may reflect surface-form prompt artifacts rather than the model’s under-
lying visual reasoning. We therefore ran VCR on OpenFlamingo-3B-Instruct over the DDI
dataset using five distinct prompt variants that preserve the binary malignant-vs-benign
task but vary in lexical choice:

1. canonical benign malignant: “Based on the image, this lesion is {benign, malig-
nant}” (original).

2. nonmalignant_malignant: same template with completions {non-malignant, ma-
lignant}.

3. noncancerous_cancerous: completions {non-cancerous, cancerous}.

4. diagnosis_benign malignant: “The diagnosis for this lesion is {benign, malig-
nant}.”

5. assessment_noncancerous_cancerous: “The clinical assessment of this lesion is
{non-cancerous, cancerous}.”

Each variant was run across 10 probe-set bootstrap replicates. We find that small
wording changes preserving the same positive/negative label tokens (“benign/malignant”
vs. “non-malignant /malignant”) yield very stable rankings (r=0.92, Jaccard@20 = 0.51),
indicating that VCR is not merely picking up prompt-level lexical noise. Second, switch-
ing to semantically equivalent but lexically distinct completions (cancerous/non-cancerous)
degrades rank overlap substantially. We view this as partly a property of the model being
audited: the original BiasICL finding (Xu et al., 2025) explicitly reports that small prompt
perturbations can change LMM behavior, so it is expected that an interpretability method
which truthfully reflects the model will also shift.

Despite this, the concepts highlighted in the main text survive: Purpura/Petechiae is
ranked highly under four of the five prompts, as is the hair concept. Both concepts therefore
appear as significant predictors of the model’s output across multiple prompt wordings,
strengthening our interpretation that they reflect features the model actually uses rather
than prompt-format artifacts.

G.1. Supplemental Experiments

In addition to the figure in the main text, which shows the results of the experiment
for OpenFlamingo-4B models with fine-tuning done on the parameters of the last trans-
former block, we repeated the experiment for (1) OpenFlamingo-4B models with fine-
tuning done on the parameters of the fourth-from-last transformer block (see Figure 18),
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Figure 18: The results shown in main text Figure 4 replicate when using OpenFlamingo-4B
models with the fine-tuning done on the fourth-from-last transformer block.
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Figure 19: The results shown in main text Figure 4 replicate when using OpenFlamingo-
3B-Instruct models with the fine-tuning done on the last transformer block.

(2) OpenFlamingo-3B-Instruct models with fine-tuning done on the parameters of the last
transformer block (see Figure 19), and (3) OpenFlamingo-3B-Instruct models with fine-
tuning done on the parameters of the fourth-from-last transformer block (see Figure 20).

Appendix H. Manual Intervention Experiments

To validate whether VCR, correctly identifies visual features that causally influence model
predictions, we designed a series of controlled intervention experiments. These experiments
introduce specific visual perturbations to synthetic skin images and measure the result-
ing changes in model behavior, allowing us to test whether features identified by VCR as
important genuinely affect classification decisions.

Data Shift Experiment, Op ingo-3B-1 , Layer -4
VCR CLIP-only
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Figure 20: The results shown in main text Figure 4 replicate when using OpenFlamingo-
3B-Instruct models with the fine-tuning done on the fourth-from-last transformer block.
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H.1. Experimental Design

We conducted three distinct intervention experiments, each targeting a different type of
visual feature: (1) colored dot artifacts (corresponding to the skin markings made by der-
matologists prior to biopsies), (2) scalp backgrounds, and (3) facial backgrounds. All exper-
iments followed a common framework: synthetic skin images were modified with controlled
visual perturbations, and the model’s predicted probability of malignancy was measured
before and after intervention.

Synthetic Image Generation. We used synthetic skin patch images generated to rep-
resent two Fitzpatrick skin type (FST) groups: FST I-1I (lighter skin tones) and FST V-VI
(darker skin tones). These synthetic images contain no actual lesions, providing a neu-
tral baseline against which to measure the effect of spurious visual features on malignancy
predictions. These were generated by prompting Gemini-3 Image Creation mode with the
following prompts: “Create a close up of Fitzpatrick Skin Type insert type here skin,
as would be seen for a realistic clinical dermatology image in a dermatology textbook.” All
synthetic images, pre- and post-intervention, were reviewed by an MD for realism.

Model and Inference. We evaluated OpenFlamingo models (3B-Instruct for the colored
dot experiment; 4B for the scalp and face experiments). For each test image, we constructed
prompts containing demonstration examples sampled from the Diverse Dermatology Images
(DDI) dataset with ground-truth labels. Zero-shot prompts followed the format:

Based on the image, this lesion is benign.
<|endofchunk|>

Based on the image, this lesion is malignant.
<|endofchunk|>

<i>Based on the image, this lesion is

While the ICL prompt followed the format:

Based on the image, this lesion is benign.
<|endofchunk|>

Based on the image, this lesion is malignant.
<|endofchunk|>

<i>Based on the image, this lesion is {labl}.
<|endofchunk|>

<i>Based on the image, this lesion is

where <i> indicates the image tag, lab is replaced with the demonstration label, and
demonstration images and labels preceded the test/query image. We measured the length-
normalized log-probability of the token “malignant” as our primary outcome metric, com-

puted via:
1

|malignant|

Z log P(x¢|x <4, context) (11)
t
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Demonstration Example Selection. Demonstration examples were sampled from a
held-out subset of the DDI dataset. For each experiment, we selected 4 malignant and 12
benign examples (a 1:3 ratio reflecting class imbalance in clinical settings), balanced across
FST I-II and FST V-VI skin types. Examples were shuffled to prevent ordering effects.

Data Augmentation. To increase statistical power and reduce variance from specific
image characteristics, each synthetic test image was augmented 10 times using random
transformations: rotation (up to £15), translation (up to 10% of image dimensions), and
random resized crops (scale factor 0.85-1.0) to a final resolution of 224 x 224 pixels.

H.2. Colored Dot Experiment

This experiment tested whether the model associates small blue/purple dots with ma-
lignancy predictions, a potential source of spurious correlation in clinical datasets where
dermatologist-applied skin markings may correlate with lesion severity.

Intervention. For each synthetic skin image, we added four circular dots of radius 30
pixels at random locations. Dots were colored with an identical purple hue (RGB: 60, 34,
112) for both FST groups.

Conditions. We evaluated four conditions in a 2 x 2 factorial design: skin type (FST I-1T
vs. FST V-VI) x dots present (yes vs. no). Both zero-shot and ICL settings were tested.

Analysis. For each condition, we computed the mean change in log-probability of malig-
nancy:

A = logprob(malignant) ., — logprob(malignant) (12)

no dots

Standard errors were estimated via bootstrap resampling of the difference in means.

H.3. Facial Background Experiment

This experiment tested whether the presence of patient faces in the image background—a
feature that should be irrelevant to dermatological diagnosis—affects malignancy predic-
tions.

Intervention. We compared: (1) baseline synthetic skin patches with neutral back-
grounds, and (2) synthetic skin patches composited onto images of human faces. Both
sets used FST I-II skin tones, and the face images were selected to match the skin tone of
the lesion patches.

Analysis. Identical to the scalp experiment: we computed the difference in mean log-
probability and assessed significance via independent-samples ¢-test.
H.4. Scalp Background Experiment

This experiment tested whether anatomical context (specifically, scalp backgrounds with
visible hair) influences malignancy predictions independently of lesion characteristics.

Intervention. We compared two image sets: (1) baseline synthetic skin patches with
neutral backgrounds, and (2) synthetic skin patches composited onto scalp backgrounds
showing hair patterns. Both sets used FST I-II skin tones.
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Analysis. We computed the difference in mean log-probability of malignancy between
scalp-background and neutral-background conditions. Statistical significance was assessed
using an independent-samples ¢-test:

.f'sgalp — Tbaseline (13)
Spy/2 / n

t=

where s, is the pooled standard deviation.

Appendix I. Computational Efficiency

We also analyzed the wall-clock time of VCR (see Figure 21A). Using the 328 train samples
from the DDI dataset (half of the dataset) with the zero-shot prompt, we found that it took
approximately 60 to 90 seconds on a single NVIDIA GeForce RTX 4090 GPU to generate
between 500 and 20K concept explanations for a single layer. Importantly, we see that
adding additional concepts did not significantly impact the overall time required, adding
only 8 seconds to generate 20K vs 500 concept explanations (Fig. 21B). This is because the
process of generating VLM embeddings and training CAVs was relatively small compared to
fixed costs like loading the LMM onto the GPU, the forward passes required to extract log-
probs and activations, and the backward passes required to calculate directional derivatives.
We also analyze the impact of changing the probe set size, which has a much larger impact
on the total time required. This effect is linear in the number of images in the probe set, as
this increases the number of forward passes and backward passes of the model required. We
highlight here that our approach remains so computational feasible that we are also able to
use an order of magnitude larger probe set sizes than those described in prior work such
as Kim et al. (2018), where they demonstrated effective CAV training with approximately
30 example images. Our probe set sizes were similar to prior automated approaches like
LG-CAV (Huang et al., 2024).

(a) Total Explanation Time vs. Concept Count (b) Component-wise Scaling Analysis

Time (seconds)

Figure 21: Wall-clock time to generate explanations for the last layer of two OpenFlamingo
models, as the number of concept explanations generated is varied.

Our timing analysis focused on five key computational components: (1) model loading,

(2) CLIP embedding computation, (3) concept model training, (4) directional derivatives
calculation, and (5) other processing steps including activation collection and concept weight
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computation. Both the concept-scaling and probe set-scaling experiments were run with a
fixed random seed to ensure reproducible data splits and timing measurements.

To evaluate how explanation time scales with concept vocabulary size, we varied the
number of concepts while holding other parameters constant. We tested four concept vo-
cabulary sizes: 500, 1,000, 5,000, and 20,000 concepts. The probe set was constructed by
randomly sampling training images from the DDI dataset, with a fixed train/test split ratio
of 0.5 and consistent data preprocessing across all concept vocabulary sizes. We used layer
23 for OpenFlamingo-3B-Instruct and layer 31 for OpenFlamingo-4B, representing the final
decoder layers in each model architecture.

To assess computational scaling with respect to training data size, we varied the probe
set size while maintaining a fixed concept vocabulary of 1,000 concepts. We tested three
probe set sizes: 50, 100, and 200 training samples. For each probe set size, we randomly
sampled the specified number of training images from the DDI dataset, with remaining
samples allocated to the test set. This design allowed us to isolate the computational
impact of increasing the number of images for which activations must be collected and
gradients computed, while controlling for concept vocabulary complexity. The same model
layers and processing pipeline were used as in Experiment 1.

Each experiment measured wall-clock time for individual computational components
using Python’s time module. We recorded the duration of each major processing step and
computed total explanation time as the sum of all components. To account for potential
GPU memory and caching effects, we performed cleanup operations between different pa-
rameter settings, including removal of temporary files and explicit garbage collection. The
timing measurements capture the end-to-end computational cost of generating explanations
for a single model layer, including all preprocessing, model inference, and post-processing
steps required by our approach.

(a) Total Explanation Time vs. Probe Set Size (b) Component-wise Scaling Analysis

Time (seconds)

Total Explanation Tims

60 80 100 120 140 160 180 200 60 80 100 120 140 160 180 200
Probe Set Size (Training Samples) Probe Set Size (Training Samples)

Figure 22: Wall-clock time to generate explanations for the last layer of two OpenFlamingo
models, as the number of images in the probe set is varied.

Appendix J. CheXpert Chest Radiographs

To demonstrate the applicability of our VCR approach beyond dermatology, we conducted
our analysis using the CheXpert chest radiograph dataset. We analyzed the OpenFlamingo-
4B model, focusing on the final decoder layer (layer 31 of the GPT-NeoX language encoder).

34



VisuAL CONCEPT RANKING

Concept 9021: wiring
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Figure 23: Most (top) and least (bottom) activating images for wiring concept.
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We selected 400 frontal chest radiographs, balanced between normal findings (n=200) and
abnormal findings (n=200), with patient-level splitting to prevent data leakage. The dataset
was divided 50/50 into training and test sets using stratified sampling by patient ID. We
employed a zero-shot prompting strategy with the template “Based on the image, this radio-
graph is normal/abnormal” to elicit binary classification behavior. We used approximately
10,000 diverse concept terms from a filtered English word list.

To ensure stability of concepts we repeated the complete VCR analysis pipeline across 25
independent random seeds (seeds 0-24), with each seed producing a different train/test split.
For each seed iteration, we computed CLIP text-image similarity matrices, collected layer
activations, trained linear concept models with L2 regularization, calculated concept weights
from empirical variance, and computed weighted directional derivatives to rank concept
sensitivity. We then performed statistical significance testing using one-sample t-tests (two-
sided, null hypothesis: mean directional derivative = 0) across all seeds for each concept. To
control for multiple comparisons across the approximately 10,000 concepts tested, we applied
Bonferroni correction (o = 0.05/nconcepts). We identified the top 20 significantly positive
concepts (highest mean directional derivatives toward “abnormal” predictions) and top
20 significantly negative concepts (lowest mean directional derivatives, favoring “normal”
predictions). For visualization purposes, we used the CLIP similarity matrix from seed 0 to
identify the most and least activating probe images for each significant concept, displaying
7 representative examples from each extreme using center-cropped square images at 300
DPI resolution.

One of the top concepts identified by this analysis is plotted in Figure 23, where the top
row shows the most activating images. These radiographs show a wide diversity of medical
support devices. For instance, the first from left has EKG leads; the second from left has
has EKG leads, a ventricular assist device, as well as a pacemaker with pacemaker leads;
etc.

Appendix K. Imagenette

As mentioned in our Discussion section, our VCR approach is likely to be broadly applicable
both within and outside of medicine. To demonstrate that our approach can be applied
to other models, data, and task types, we generated VCR explanations for a larger, 9B
parameter OpenFlamingo model. We focused on the self-attention modules within the
decoder layers. We used natural images from ImageNette to test the model, specifically
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selecting two distinct object classes: Fish images (Class n01440764 from Imagenette) and
Golf ball images (Class n03445777 from Imagenette). The dataset was split 50/50 into
training and test sets using a fixed random seed (1017) to ensure reproducibility. We
employed 3,000 diverse concept terms from a broad vocabulary file. We designed a few-shot
learning template to elicit binary classification behavior. The resulting top concepts (see
Appendix Table 2) demonstrate that: (1) the model’s fish concepts are semantically coherent
(biological, aquatic terms), (2) Golf ball concepts relate to sports equipment and visual
patterns (see Appendix Fig. 25, which shows that a dotted visual pattern is important,
and Appendix Fig. 24, which shows that the visual presence of logos in the image leads
a model to predict an image is a golf ball). The model successfully learns to distinguish
domain-specific features at the attention layer level, not just in the residual stream.

Table 2: Top 25 visual concepts for Fish vs Golf Ball Classification in 9B parameter
Flamingo model’s 25th decoder layer self-attention module.

Fish Concepts

aquaculture fisheries
suriname fish
carp freshwater
mutant fishing
bass peruvian
female specimen
biodiversity fishery
unit discarded
marrow futuna
syndicate meal
nunavut pike
sphere guyana
syrian

Golf Ball Concepts
putting logos
tights dotted
incorporates pointing
plaid stripes
visor affiliations
pointers overall
iu acura
pantera lettering
docs paige
scottsdale pines
memberships belts
tapestry rings
classicvacations

Appendix L. Repeating ICL experiments with MedFlamingo

As noted in the footnote to the main text section 3.2 on “Understanding skin lesion classifi-
cation,” while searching for an open LMM to serve as a “model organism” that recapitulated
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Concept 3920: logos
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Figure 24: Most (top) and least (bottom) activating images for logos concept.

Concept 19400: dotted

Most Activating
Iimages
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Images

Figure 25: Most (top) and least (bottom) activating images for dotted concept.

the same behaviors as the frontier models tested in Xu et al. (2025), we found that not all
LMMs exhibited the same behaviors when prompted with additional in-context examples.
For example, when we prompted MedFlamingo (Moor et al., 2023) with the same tech-
nique used for our experiments with OpenFlamingo using examples from the DDI dataset,
we found that AUROC improved for both FST I/IT and FST V/VI, however with greater
improvements for FST I/II patients than for FST V/VI patients (see Supplemental Fig.
26).

Appendix M. Difficulties with positional features

As shown in the main text, our method struggles to identify positional features compared to
other types of features. This is due to an underlying weakness of the OpenCLIP model used
in the experiments rather than an issue with the LMM being interpreted or an inherent
limitation of a CAV-based framework. Prior literature has shown that many VLMs fail
to learn discriminative positional features, and have proposed fixes like Spatial CLIP Wang
et al. (2025) to overcome this problem. Due to the modularity of our approach, a VLM like
Spatial CLIP could be easily dropped into our workflow with a single string change in the
code (loading Spatial CLIP rather than OpenCLIP).

To further explore how other interpretability methods might have utility when features
are spatially localized, we explored using Integrated Gradients Sundararajan et al. (2017)
to generate attributions for several examples from the synthetic dataset examples where the
model is trained to learn that an object on the left side of the image means “positive” and an
object on the right side of the image means “negative.” The attribution target is the same
scalar used for the interventional measurements, f(z) = logit( “positive”)—logit( “negative”).
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Figure 26: MedFlamingo AUROC at malignancy classification (y-axis) from clinical skin
images from the DDI dataset as additional in-context examples are provided in the prompt
(x-axis). Blue line shows bulk AUROC, while green and red show AUROC per demo-
graphic subgroup. Unlike OpenFlamingo-3B and OpenFlamingo-4B (as well as the frontier
models in Xu et al. (2025)), MedFlamingo malignancy risk-stratification improves for both
demographic subgroups as examples are added in-context, but increases more for FST I/11
patients than for FST V/VI patients.

Previous work has noted the importance of baseline selection for Integrated Gradients
Sturmfels et al. (2020); Erion et al. (2021), and we select the same background color used
in the synthetic images without the presence of any shapes. This ensures that attribution
only gets credited to things that are added to the image. Additionally, we carefully verify
completeness by adding steps in the integration until ), IG; matches the directly measured
f(x) = f(Zpaseline). We found that it took a suprising number of steps for convergence, with
over 1,000 steps for images with a single object and over 4,000 steps for images with two
objects to attain a completeness threshold of max(5% |A|, 0.5) logits.

While the resultant IG saliency maps (see Fig. 27 are difficult to visually interpret (there
are mixed positive and negative attributions within each object), when we sum the total
attributions within each object we find that Integrated Gradients either fails to fully describe
the rule learned by the model, or that the model is using an unexpected/uninterpretable rule
to correctly respond to and classify the left /right interventions. The sum of the integrated
gradients values in a single object image sum to the correct delta (by construction), but when
both a left and a right object are present, Integrated Gradients puts negative attribution
in the left object and positive attribution in the right object (which is opposite of what we
know the model is doing by interventional experiments).

Appendix N. Comparison to CLIP-only correlational top concepts

While we provide direct comparison to a correlational approach in synthetic experiments,
this becomes more difficult in the real-world setting with the DDI dataset, where there is
no known ground truth used by the models to validate against. We therefore compare to
the CLIP-only correlations for a feature where we do have ground truth via the manual
image interventions: Purpura/Petechiae (purple dots experiments). We find that for the
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Integrated Gradients for ‘left_right' (fine-tuned with corr_a=+1.0, corr_b=-1.0)
target = logit(positive) — logit(negative); boxed numbers = net attribution per object
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Figure 27: Integrated Gradients on a positional left/right synthetic feature pair. Each
panel shows one test image for OpenFlamingo-4B fine-tuned with pq = +1 (left object —
positive), overlaid with pixel-space IG attributions toward logit(positive) — logit(negative)
(red: evidence for positive; blue: for negative). Boxed numbers give each object’s net
attribution; panel titles report the model’s prediction and the total attribution, which
matches the directly measured logit change (completeness verified to within 5%A logits;
the two-object panel is within 0.6 logits). The left object alone contributes +13.7 logits;
the right object alone —2.0; when they are both present, Integrated gradients puts positive
attribution on the right object and negative attribution on the left object.

zero-shot setting for OpenFlamingo-3B-Instruct with FST V/VI patients, the CLIP-only
baseline assigns Purpura/Petechiae a the most negative correlation out of all examples while
VCR ranks it in the top 2% of most positive concepts, matching the validated intervention
in that subgroup. This highlights the importance of the use of internal model gradients and
causal probing.

Appendix O. Related interpretability papers

While we do not call our approach an “automatic interpretability” method, because we
believe this is somewhat of a misleading way to describe a method that works best with
a human-in-the-loop to examine concepts and run validating experiments, our method has
a lot in common with and draws from techniques that have been branded as “automatic
interpretability.” For instance, previous papers have used VLMs for automatic interpretabil-
ity. For example, CLIP-Dissect (Oikarinen and Weng, 2022) used CLIP to label the most
important concepts for individual neurons within a neural network. Kim et al. (2024)
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first designed a specially-trained dermatology-specific foundation model that they called
MONET, then used MONET to find concepts that correlate with a model’s output or a
model’s loss, an approach they called Model Auditing with MONET (MA-MONET).

Other approaches to automatic interpretability include Zhang et al. (2024), where au-
thors trained SAEs on the activations of a small LMM (LLaVA-NeXT-8B) to produce
disentangled latent features, then used a larger LMM (LLaVA-OV-72B) to automatically
interpret those latents by generating natural language descriptions from top-activating ex-
amples. Similarly, Paulo et al. (2024) build a pipeline using LLMs to automatically generate
natural language explanations for SAE features from other LLMs.

Beyond automatic interpretability, there has been substantial research into linear rep-
resentations of concepts and linear probing of neural networks (Belinkov, 2022; Park et al.,
2023). For example, a recent paper by Rajaram et al. (2025) trained linear probes on
residual stream activations of LMMs and demonstrated that image features are represented
linearly, become more multimodal in deeper layers, and can be manipulated to control model
behavior. Kim et al. (2018) introduced Testing with Concept Activation Vectors (TCAV),
a method to quantify how much user-defined, human-interpretable concepts influence a
model’s predictions by measuring directional derivatives along concept vectors in activation
space. Zou et al. (2023) develop RepEng, an approach for testing LLMs’ sensitivity to
particular textual concepts, and steering their use of those concepts.

Finally, there has been extensive work into interpretability for skin images. For instance,
DeGrave et al. (2025) and Gadgil et al. (2025) both propose methods involving generation
of counterfactual images to investigate various aspects/behaviors of clinical dermatology
models. Jin and Ghassemi (2025) investigate a small number of artifactual confounders for
dermoscopy classifiers using denoising diffusion models. Yan et al. (2023) make use of CAVs
in experiments on building interpretable/steerable dermatology models, and Nicolson et al.
(2024) demonstrate some potential short-comings of their method.
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