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ABSTRACT

Aligning deep neural networks with human perception has been shown to benefit
visual representations across a wide range of settings, from depth estimation to
generalization capability, motivating the hope that injecting human knowledge
into models may also improve their interpretability. However, whether and how
alignment with human perception improves the interpretability of visual features
remains unclear.
In this work, we introduce an experimental protocol to quantify the interpretability
of visual features in deep neural networks and use it to probe the relationship be-
tween alignment and interpretability by comparing aligned and non-aligned mod-
els of the same family. In particular, we compare the interpretability of three
transformer-based models: DINOv2, a variant of DINOv2 that has been aligned
with human similarity judgments, and DINOv3. Our results illustrate a trend
whereby alignment benefits the interpretability of learned representations, with
the aligned model being significantly more interpretable than both non-aligned
counterparts. Visual inspection further highlights a profound qualitative shift in
the learned features: aligned features tend to be more spatially localized, yet qual-
itatively less visually rich. Together, these findings provide the first concrete ev-
idence that alignment with human perception can enhance interpretability, while
also underscoring that the mechanisms by which alignment reshapes visual repre-
sentations remain only partially understood.

1 INTRODUCTION

Recent years have seen growing interest in aligning vision-based deep neural networks (DNNs)
with human perception (Sucholutsky et al., 2023). This line of research is motivated by the obser-
vation that human perception provides a strong inductive bias for learning efficient and semanti-
cally meaningful representations—i.e., representations that are robust and generalize well. Human
similarity judgments are of particular interest, as they play a central role in cognition—supporting
categorization, memory, and reasoning—and can be seen as a more general objective than object
classification (Roads & Love, 2021; 2024). Accordingly, aligning DNN representations with human
similarity judgments has been shown to improve few-shot learning (Sucholutsky & Griffiths, 2023;
Muttenthaler et al., 2023), robustness, and the transferability of features across tasks (Sucholutsky
& Griffiths, 2023). More recently, alignment with human similarity judgments has been shown to
improve representation quality over a wide range of downstream tasks, suggesting that incorporating
human perceptual knowledge can lead to better representations (Sundaram et al., 2024).

At the same time, the benefits of human alignment are not uniform. While it can improve several
downstream tasks—such as depth estimation, instance-retrieval or counting, other tasks appear to
benefit less, and some tasks may even suffer from alignment, for example, natural image classifi-
cation (Sundaram et al., 2024). These trade-offs have been attributed not only to increased feature
localization, but also to shifts in representational structure that favor human-like similarity at the
expense of class-discriminative signals. These findings suggest that alignment does not universally
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Figure 1: Psychophysics experiment. Example of a trial for DINOv3. A feature is explained
through 3 panels at the top: (left) feature visualization by means of a maximally activating synthetic
image, (middle) a set of images that highly activate the features, with their associated heatmaps
(right) highlighting where the feature is located on those images. Participants were asked to click
on a location where they expected the feature to be present on a new image (bottom). The more
interpretable the feature, the more likely they are to correctly identify an area where the feature is
present in the image.

improve representation quality and that different tasks may rely on different representational prop-
erties. While prior work has shown that aligning representations with similarity judgments impacts
the structure of the representation (Muttenthaler et al., 2023)—capturing typically local, human-like
similarities but failing to reflect the global similarity structure— it remains unclear whether, and in
what ways, alignment qualitatively alters the underlying visual features.

A common assumption underlying alignment research is that aligning models with human percep-
tion should lead to more human-like features, which in turn would yield more interpretable represen-
tations (Fel et al., 2022; Sundaram et al., 2024; Muttenthaler et al., 2025). Yet, direct evidence that
alignment improves interpretability remains scarce. As the factors that determine the interpretabil-
ity of DNNs—and their internal representations—remain an open research question, understanding
whether and how alignment influences interpretability is of substantial practical importance.

While interpretability admits many definitions, we focus on two aspects that are particularly rel-
evant: understanding (a) the computations underlying a model’s decision and (b) the individual
representational elements upon which those computations are based. In this paper, we concentrate
on the latter and investigate whether alignment makes the visual features learned by a DNN more
interpretable to humans.

Concretely, we assess the interpretability of a visual feature by measuring the extent to which hu-
mans are able to identify its location within an image (see Fig. 1 for an example trial). Just as
interpretability can be defined in multiple ways, models can also be aligned with different aspects of
human perception. In this paper, we focus specifically on alignment of their internal representations
with human similarity judgments. We empirically evaluate the interpretability of 3 transformer-

2



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

based vision models: DINOv2, a variant of DINOv2 aligned with human similarity judgments, and
DINOv3. Our contributions are as follows:

• We propose a novel experimental protocol to quantitatively assess the interpretability of
individual visual features.

• We apply this protocol to compare the interpretability of aligned vs non-aligned models,
directly investigating the relationship between alignment and interpretability.

• We find evidence of a trend whereby alignment with human perception improves inter-
pretability of visual representations. Specifically, the aligned model exhibits significantly
higher interpretability than both non-aligned counterparts.

• Beyond quantitative improvements, we identify a qualitative shift in the nature of the
learned representations, whereby alignment yields features that are more spatially local-
ized yet qualitatively less visually rich.

2 METHODS

2.1 MODELS

DINOv2 Oquab et al. (2023) introduces DINOv2, a self-supervised vision transformer that learns
powerful visual representations, enabling it to support a wide range of downstream tasks. Owing to
the quality of its learned representations, DINOv2 has become widely adopted as a general-purpose
vision backbone (Liu et al., 2024; Yu et al., 2024; Lin et al., 2025; Carion et al., 2025). In addition
to its robustness, DINOv2 produces visually rich representations, making it a natural choice for
evaluating the human interpretability of visual features (Dreyer et al., 2024).

Aligned DINOv2 For direct comparison, we include a human-aligned variant of DINOv2
(DINOv2aligned), created by fine-tuning the original model using human perceptual similarity
judgments (Fu et al., 2023). The authors introduce the NIGHTS dataset, which consists of hu-
man similarity preferences collected through three-alternative forced-choice (3AFC) experiments
over image triplets. They fine-tune DINOv2 on the NIGHTS dataset using a contrastive objective
designed to align embedding-space distances with human similarity judgments. By more closely ap-
proximating human perceptual similarity, this alignment procedure is expected to suppress variations
that humans are less sensitive to—such as image distortions or fine-grained texture—potentially
yielding more interpretable visual features than those of the original DINOv2.

DINOv3 As an additional baseline, we also consider DINOv3 (Siméoni et al., 2025). Building on
DINOv2, DINOv3 introduces a larger-scale training regime, improved data filtering, and enhanced
architectural and optimization strategies, resulting in more robust and localized visual features. As
a result, DINOv3 provides a strong non-aligned baseline whose representations are expected to
be of higher quality than DINOv2, while incorporating properties that may independently benefit
interpretability.

2.2 METHODOLOGY

Experimental protocol We subscribe to the view that interpretability is intrinsically a human
property, and therefore requires human evaluation. Within this line of research, Borowski et al.
(2021) investigated the interpretability of DNN representations by presenting participants with sets
of images that elicited maximal or minimal activation of a given feature, and subsequently asked
them to identify which of two query images would also elicit maximal activation of that feature.
Zimmermann et al. (2021) adapted this protocol by modifying the task so that participants were
asked to predict the effect of an intervention (e.g., occluding a specific image region) on the acti-
vation of a feature. Building upon this body of work, we further improve the protocol by placing
participants in a setting where they directly indicate the location of the visual feature on the query
image, enabling a more precise assessment of the understanding that humans have of a specific vi-
sual feature. This improvement addresses the limitation of previous protocols, where the task could
be trivially solved if the two query images were semantically very different. Figure 1 illustrates the
task at hand.
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Feature extraction Interpreting individual neurons in modern vision models is often challenging,
as single neurons can encode multiple unrelated features—a phenomenon commonly referred to as
superposition (Elhage et al., 2022). A promising alternative for extracting interpretable features
consists of training a sparse autoencoder (SAE) over layer activations. This approach recovers a
dictionary of sparse latent features, which are expected to be easier to interpret than the activations
of individual neurons. Thus, we train SAEs on the activations from the entire ImageNet training
split, using approximately 1.28M images and all corresponding patch tokens—256 for DINOv2 and
196 for DINOv3. The SAEs are trained with an expansion factor of ×10, yielding a dictionary of
7,680 latent features (10x the 768-dimensional input).

Feature relevance and linear probing We train a linear classification head on ImageNet on top
of the frozen self-supervised backbone of each of the models under consideration. This linear probe
serves two complementary purposes. First, it provides a quantitative measure of how alignment with
the learned representations impacts downstream classification performance. Second, it allows us to
compute feature importance scores, which quantify the contribution of each feature to the classifier’s
predictions. We then leverage these scores to identify features that are both strongly activated and
influential for the model’s decision-making process.

Feature selection To obtain a representative subset of features, we aim to select features that are
both diverse and relevant to the model’s decisions. To this end, we randomly sample one image for
each of the 559 superordinate classes underlying the 1,000 ImageNet labels, yielding a fixed set of
559 images. For each image, we select the three visual features that rank as the most important for
the model’s prediction on that image. This procedure yields a total of 559 × 3 = 1,677 trials per
model.

Trials If a visual feature is interpretable, we expect participants to be able to identify where it
appears in an image. To evaluate that, we illustrate a feature through (a) a feature visualization, i.e.,
a synthetic image that maximally activates the feature, generated using MACO (Fel et al., 2023)
(left-most image in Fig. 1); (b) a set of 9 images where the feature is highly activated (central panel
in Fig. 1); and (c) their corresponding heatmaps highlighting where the feature is located on those
images using RISE (Petsiuk et al., 2018) (right-hand panel in Fig. 1). Participants are asked to click
where they expect the feature to be present on a new image (bottom image in Fig. 1).

Scoring We score each participant’s response using the heatmap of the query image, smoothed
with a Gaussian filter so that each location reflects the importance of a local region rather than an
individual pixel. We then extract the importance value v at the click location and evaluate how
it ranks relative to all pixels in the heatmap using its empirical cumulative distribution function
(ECDF). To enable fair comparison across features and models, we apply a mean-aware normaliza-
tion of this rank, such that chance-level performance corresponds to selecting locations with typical
(mean-level) activation. Full details of the scoring procedure are provided in Appendix D.

3 RESULTS

3.1 ALIGNMENT & CLASSIFICATION

First, we measure the alignment of all models on the NIGHTS dataset used to finetune DINOv2,
as well as their classification performance on the ImageNet validation set. Consistent with Sun-
daram et al. (2024), we find that increased alignment with human judgments is associated with
reduced downstream classification performance: the alignment of DINOv2 comes with a 7% drop
in classification performance. Interestingly, DINOv3 achieves higher alignment than DINOv2 while
maintaining a comparable classification performance.

3.2 INTERPRETABILITY

To measure the interpretability of each of the three models, we carried out a psychophysics experi-
ment with the previously described experimental protocol.

4



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

A total of 162 participants were recruited through the Prolific 1 online platform. After applying
quality and attentiveness criteria, we analyzed responses from 119 native English-speaking partici-
pants with normal vision, who completed the study on a desktop or laptop. Further details about the
participants can be found in the Appendix.

Models ImageNet Accuracy Alignment Interpretability

DINOv2 84 86.8 71.2
DINOv3 83.9 87.8 78.1
DINOv2aligned 77 95.5 86.8

Table 1: ImageNet validation set accuracy, Alignment with the NIGHTS human similarity judgment
dataset, and median interpretability score (across all 1,677 trials) as evaluated with the protocol
proposed in this paper. Higher is better.

Responses were analyzed using linear mixed-effects models with the interpretability score as the de-
pendent variable. Models included fixed effects for model identity and feature importance rank, and
random intercepts for image and participant to account for shared stimulus difficulty and individual
differences. The effects of model and rank were assessed using Type III Wald F-tests, and pair-
wise model comparisons were performed using estimated marginal means with Holm correction for
multiple comparisons. Models were fit in R, with degrees of freedom estimated via Satterthwaite’s
approximation.

Based on our analyses, we identify the following three main findings.

Alignment benefits Interpretability The median interpretability score across all trials is 71.2%
for DINOv2, 78.1% for DINOv3, and 86.8% for DINOv2aligned. Although interpretability in-
creases monotonically with alignment (DINOv2 < DINOv3 < DINOv2aligned), our analysis
reveals that only DINOv2aligned is significantly more interpretable than both DINOv2 and DINOv3
(F(2, 3713.8) = 74.09, p < .001), while no significant difference is observed between the non-
aligned models. Interestingly, we also find weak but consistent evidence that model differences are
concentrated among the most important features, as reflected by a significant effect of feature rank
on interpretability (F(2, 3818.0) = 15.68, p < .001).

Alignment qualitatively alters visual features We illustrate representative trials for the differ-
ent models in Figures 1, 2 and 3, and visualize the most important feature for 6 randomly sampled
images using maximally activating stimuli in Figure 4. The most salient effect of alignment is a
qualitative shift in the nature of the learned representations: aligned features are markedly more
localized and appear to rely on less global context than those of either baseline model, including DI-
NOv3, which was explicitly trained to promote spatially localized representations. Consistent with
this observation, heatmaps for highly activating images of aligned features consistently highlight
similar, spatially confined regions. This increased localization provides a plausible explanation for
the observed drop in classification accuracy after alignment.

4 CONCLUSION

In this paper, we investigate how aligning visual representations with human similarity judgments
affects interpretability. Through a psychophysics study involving 119 participants, we find that
alignment significantly improves the interpretability of the representation, albeit at the cost of clas-
sification performance. Alignment also induces qualitative changes in the learned features, which
become more spatially localized and less dependent on global context. This is reflected both in
feature heatmaps that consistently highlight similar, spatially confined regions, and in maximally
activating stimuli that appear visually less rich than those of the non-aligned models. Together, our
results show that alignment reshapes not only the structure and functional properties of the learned
representations, but also the nature of their visual features, underscoring the need for further research
to understand the mechanisms through which alignment induces these transformations.
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A LIMITATION

This work represents a first step toward an empirical investigation of how aligning models with
human perception impacts interpretability. To keep the study tractable, we focus on a restricted
setting: alignment with human fine-grained similarity judgments, a single family of models (DINO),
and a specific definition of interpretability based on feature localization. While this limits the scope
of our conclusions, it nevertheless provides initial evidence that alignment induces a qualitative shift
in the nature of the learned features, a phenomenon that remains only partially understood. Whether
these effects extend to other forms of alignment, model families, or definitions of interpretability
remains an open question for future work.
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B HUMAN SIMILARITY JUDGMENTS AND INTERPRETABILITY

Using a large-scale dataset of human similarity judgments over image triplets, Hebart et al. (2020)
learn a model that accurately predicts human judgments. They further examine the dimensions
recovered by this model through a combination of qualitative and quantitative evaluations, providing
evidence that these dimensions are meaningful and interpretable. Qualitatively, 20 participants are
asked to assign semantic labels to each dimension while viewing images sorted by their values
along that dimension; the responses are summarized as word clouds, and the most prevalent label
is taken to characterize each dimension. Quantitatively, 20 participants are shown images spanning
a given dimension and asked to indicate where novel query images fall along it; averaging these
responses yields a human-predicted similarity matrix that strongly correlates with the model-derived
one. Together, these findings suggest that the learned dimensions capture interpretable structure.

In contrast, subsequent work building on this line of research typically does not directly evaluate
interpretability (Muttenthaler et al., 2023; 2025). Instead, improved prediction of human similarity
judgments is used as a proxy for interpretability. However, there is limited empirical evidence
directly assessing whether the resulting dimensions or features of these aligned models are actually
understandable to humans.
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APPENDIX

C PARTICIPANTS IN THE PSYCHOPHYSICS EXPERIMENT

A total of 162 participants were recruited through the Prolific 2 online platform. All participants
were native English speakers who reported no visual impairments and completed the study on a
laptop or desktop computer (not mobile devices). They provided informed consent electronically and
were compensated $2.95 for their time, corresponding to $̃16 USD per hour (approximately 10–13
minutes). The protocol was approved by the Institutional Review Board (IRB) of an institution
affiliated with the authors. We analyze the responses of 119 participants who (1) succeeded in at
least 4 of the 6 practice trials, (2) correctly answered all 4 catch trials (attentiveness tests) randomly
inserted throughout the experiment, and (3) completed the experiment within 3 standard deviations
of the mean completion time for that experiment.

2www.prolific.com
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D SCORING DETAILS

We assign each participant click a score s ∈ [0, 1] that quantifies the degree to which the feature is
present at the selected location, relative to all possible locations in the image.

Let xi denote the normalized heatmap value at pixel i and n the total number of pixels. Given
a participant click with associated value v, we first compute its empirical cumulative distribution
function (ECDF):

p = F̂ (v) =
1

n

n∑
i=1

1(xi ≤ v) .

This percentile measures how highly the clicked location ranks within the heatmap. However, be-
cause the distribution of heatmap values varies across features (e.g., sparse vs. dense), raw per-
centiles are not directly comparable across features and models.

To address this, we introduce a mean-aware normalization. Rather than interpreting percentiles
in absolute terms, we measure their deviation from the typical activation level of the heatmap, as
captured by its mean intensity µ. This ensures that selecting a location with average activation
corresponds to chance-level performance.

Concretely, we obtain the score s by normalizing the ECDF value p around pµ = F̂ (µ) so that the
mean maps to 0.5, while the minimum and maximum map to 0 and 1:

s(v) =


0.5− 0.5 · pµ − p

pµ
, if p < pµ,

0.5 + 0.5 · p− pµ
1− pµ

, otherwise.
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E ILLUSTRATION OF TRIALS

We illustrate the same trial (image 24, the most important feature for the image classification) illus-
trated in Fig 1 but for DINOv2 and DINOv2 aligned.

Figure 2: Psychophysics experiment. Example of a trial for DINOv2. A feature is explained
through 3 panels at the top: (left) a feature visualization by means of a maximally activating syn-
thetic image, (middle) a set of images that highly activate the features, with (right) their associated
heatmaps highlighting where the feature is located on those images. Participants were asked to click
on a location where they expected the feature to be present on a new image (bottom). The more
interpretable the feature, the more likely they are to correctly identify an area where the feature is
present in the image.
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Figure 3: Psychophysics experiment. Example of a trial for DINOv2aligned. A feature is ex-
plained through 3 panels at the top: (left) a feature visualization by means of a maximally activating
synthetic image, (middle) a set of images that highly activate the features, with (right) their associ-
ated heatmaps highlighting where the feature is located on those images. Participants were asked to
click on a location where they expected the feature to be present on a new image (bottom). The more
interpretable the feature, the more likely they are to correctly identify an area where the feature is
present in the image.
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F ILLUSTRATION OF FEATURES

We illustrate the qualitative differences between the features of the three models considered in Fig 4.

Figure 4: The most important features for 6 randomly sampled images for (left) DINOv2, (middle)
DINOv3 and (right) DINOv2aligned

14


	Introduction
	Methods
	Models
	Methodology

	Results
	Alignment & Classification
	Interpretability

	Conclusion
	Limitation
	Human similarity judgments and interpretability
	Participants in the psychophysics experiment
	Scoring details
	Illustration of trials
	Illustration of features

