Can Human Perceptual Similarity Alignment Improve
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Abstract

What makes the features learned by vision models inter-
pretable to humans? We introduce a psychophysics pro-
tocol that directly measures feature interpretability—the
degree to which a person, given a feature visualization
and importance maps, can predict where that feature will
activate in a new image. Applying this protocol to sparse
autoencoder features from a range of vision transform-
ers, we find that self-supervised and foundation mod-
els are consistently less interpretable than their super-
vised counterparts. While fine-grained alignment with hu-
man similarity judgments is uniformly high across models
and does not predict interpretability, coarse-grained align-
ment—capturing semantic rather than perceptual struc-
ture—is a stronger correlate, suggesting that further im-
provements in interpretability depend less on perceptual
fidelity than on whether a model’s representations reflect
the semantic organization of human perception.

Introduction

A growing hope in the field is that aligning vision mod-
els with human perception will make them more inter-
pretable (Fel et al., 2022; Muttenthaler et al., 2025).
Yet this hypothesis remains largely untested: we lack
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both a rigorous measure of the interpretability of individ-
ual model features and a systematic comparison across
models with varying degrees of human alignment. Here
we address both gaps.

We operationalize feature interpretability through a
psychophysics protocol: participants are shown a fea-
ture visualization and importance maps, and are asked
to localize the feature on novel images (Fig. 2). If a fea-
ture captures a recognizable visual concept, observers
should be able to find it; if it does not, they will strug-
gle. We apply this protocol to sparse autoencoder fea-
tures extracted from a diverse set of vision transformers
trained under different learning frameworks.

We find that foundation models are consistently less
interpretable than their supervised counterparts. Criti-
cally, while fine-grained alignment with human similar-
ity judgments does not predict interpretability, coarse-
grained alignment does—suggesting that representa-
tions capturing the semantic structure of human percep-
tion yield features that are easier for people to under-
stand.

Methodology

Features and models For each model, we train a
sparse autoencoder (SAE) (Gao et al., 2024) to de-
compose the activations of the last layer into a dictio-
nary of K = 7,680 (or K = 3,840 for ViT-S) individ-
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Figure 1: Most important feature for the prediction (top) mud turtle and (bottom) grocery store.
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ual features over the ImageNet training set (Deng et al.,
2009). A linear probe is trained on top of the frozen rep-
resentations to estimate feature importance. Figure 1
shows examples of extracted features for two represen-
tative classes. We evaluate a diverse set of vision trans-
formers spanning supervised and self-supervised learn-
ing frameworks: ViT-S/16 and ViT-B/16 (supervised),
DINOv2 ViT-B/14, DINOv3 ViT-B/16, CLIP ViT-B/186,
and SigLIP ViT-B/16.

Psychophysics experiment For a given visual fea-
ture, we illustrate it via (i) a synthetic visualization (Fel
et al., 2023), (ii) highly activating images, and (iii) cor-
responding importance heatmaps (Petsiuk et al., 2018),
and we ask participants to indicate its location on a novel
query image (Fig. 2). We select a representative set of
features by sampling one image per superordinate class
of ImageNet and retaining the top-3 most important fea-
tures per image for the prediction of the model on that
image (1,677 trials/model).

Question: In the query image below, where is the target visual element most pronounced?

Hint 1: What the visual element looks
like to the Al

Figure 2: Psychophysics experiment. Example of a
trial for DINOv3. The more interpretable the feature, the
more likely participants are to correctly identify an area
where the feature is present in the image.

Interpretability score Responses are scored against
the heatmap of the query image. We compute the per-
centile rank of the clicked heatmap value among all pix-
els, then normalize it relative to the percentile of the
mean heatmap activation, which defines chance perfor-
mance. This maps clicks at the mean to 0.5, clicks be-
low the mean below chance, and clicks above the mean
above chance, yielding a comparable localizability score
across features and models.

Alignment Human perceived similarity is commonly
evaluated using an odd-one-out task (Fu et al., 2023;
Hebart et al., 2020), where three images are presented
to participants, and they must indicate which image from
the triplet is least similar to the other two. Depending
on how this triplet is constructed, different levels of sim-
ilarity will be captured. To test whether alignment with

human representations can benefit interpretability, we
leverage the dataset of human coarse-grained similar-
ity judgment from Hebart et al. (2020) collected on the
THINGS dataset (Hebart et al., 2023), and we lever-
age the NIGHTS dataset from (Fu et al., 2023) for fine-
grained similarity judgments.

Discussion

Table 1: Interpretability, accuracy and alignments score
(in %) across models. Chance level is 50% for inter-
pretability, 0.1% for accuracy, and 33% for alignments.
Bold: best. Underline: second best.

ViT-S VIiT DINOv2 DINOv3 CLIP SigLIP

Interpretability 1 80.3 86 71 80 79.7 714
ImageNet Accuracy 1 78.2 78.9 84 839 782 80

Fine-grained Alignment 1 85.2 839 86.8 878 835 851
Coarse-grained Alignment+ 475 50.6 41.9 43.3 50.7 40.8

We analyze responses from 228 participants (~40 per
model). Interpretability differs significantly across mod-
els (H(5) = 118.40, p < .001), with supervised ViT-B
achieving the highest score (p < .001, Dunn’s test).
Surprisingly, we find that foundation models are consis-
tently less interpretable than their supervised counter-
parts (p < .001).

Interpretability is not predicted by classification perfor-
mance (r = —0.48, p = 0.33), nor by fine-grained align-
ment with human similarity judgments (r = —0.41,p =
0.42). In contrast, coarse-grained alignment strongly
correlates with interpretability (r = 0.84, p = 0.04).

This suggests that differences in interpretability are
driven less by already-saturated perceptual fidelity and
more by how representations organize semantic struc-
ture. While fine-grained similarity is largely shared
across models (Groger et al., 2026), coarse-grained
structure reflects model-specific invariances. When
these align with human perception, features appear
more stable and easier to interpret (Fig. 1).

Conclusion

We introduced a human-centered measure of feature in-
terpretability based on the ability to localize features in
images. Using this framework, we find that foundation
models are less interpretable than supervised models,
and that interpretability is not explained by performance
or fine-grained perceptual alignment.

Instead, interpretability is best predicted by coarse-
grained alignment with human similarity judgments, sug-
gesting that improving interpretability will require mod-
els to better capture the semantic organization of vi-
sual experience. These results provide initial evidence
that aligning representations with human perception is
a promising direction for improving interpretability and
identify semantic structure as a key target for future
work.
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