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Abstract

How interpretable are the features of leading vision models? The question is
increasingly pressing as these models move from research benchmarks into high-
stakes deployments, yet existing methods cannot answer it reliably. We close this
gap with a framework for measuring and comparing the human interpretability of
vision models, built around two complementary psychophysics protocols: (1) lo-
calizability—can an observer predict where a feature fires on a novel image?—and
(2) nameability—can an observer accurately describe what the feature represents?
Features are recovered via sparse autoencoders, and a chance-anchored scoring
function places every model on a common scale. Applying the framework to six
vision transformers—two supervised ViTs and four foundation models (DINOv2,
DINOv3, CLIP, SigLIP)—we collect more than 15,000 behavioral responses, ana-
lyzing the 13,400 responses from the 377 participants who passed our pre-specified
quality checks. Foundation models are consistently /ess interpretable than their
supervised counterparts, and the gap is not a capability tradeoff: interpretabil-
ity does not correlate with downstream task performance on any benchmark we
examine. What does correlate is the locality of a feature’s activations and coarse-
grained semantic alignment with humans—models with focal activations and
representations that reflect the world’s broad categorical structure produce more
interpretable features, whereas fine-grained perceptual alignment does not. The
two protocols yield strongly correlated rankings and share the same predictors,
establishing interpretability as an independent, measurable dimension of represen-
tation quality—and, surprisingly, one on which every foundation model we tested
falls below the supervised baselines that came before. Capability alone cannot
close that gap; locality and coarse-grained alignment can.

1 Introduction

The dominant paradigm in modern computer vision is to pretrain large foundation models and fine-
tune them for specific tasks. Built on the vision transformer [[1], models like CLIP [2]], SigLIP [3l],
DINOV2 [4], and DINOv3 [5] already serve as general-purpose visual backbones across an ever-
expanding range of downstream tasks, including classification [6], segmentation [7]], object track-
ing [8, 9], and robotic perception [L0]. The same models are increasingly deployed in high-stakes
settings—clinical decision support [[11-14], autonomous driving [15} [16]—where a user often needs
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Figure 1: Models trained under different objectives learn different internal representations and,
consequently, different features. Which of these features are more interpretable to humans remains an
open question. Top: the most important feature recovered by each of the six models we study, for the
prediction of traffic light (first row) and mud turtle (second row). Bottom: Our framework, illustrated
for DINOv3. Given a feature and its visual explanation—a synthetic visualization, highly activating
images, and corresponding heatmaps showing where the feature fires (top panels)—participants either
click where they think the feature fires on a novel image (left, localizability) or describe what the
feature represents in free text (right, nameability).

to understand what a model is actually responding to. How interpretable, then, are the features that
today’s leading vision models have learned?

Surprisingly little work compares vision models on this dimension, because existing evaluation
protocols cannot place different models on a common, reliable scale of feature interpretability
(Section[2).

To fill this gap, we introduce a model evaluation framework comprising two psychophysics protocols
that quantify two complementary dimensions of feature understanding: feature localizability — can
an observer predict where a feature fires on a novel image? — and feature nameability — can
an observer accurately describe what a feature represents? Together they form a comprehensive
evaluation (see Fig.[I): a feature can fire in a predictable location yet defy verbal description, or
be easy to name yet hard to point to. The proposed framework has three properties that enable a
fair cross-model comparison: (i) It replaces the polysemantic neuron basis used in prior work with
monosemantic directions recovered via sparse autoencoders [18]), so each tested unit corresponds
to a single concept; (ii) it evaluates functionally analogous features across models by anchoring
feature selection to a shared set of input images (Fig. [T)), rather than sampling features randomly from



each model; and (iii) it uses calibrated scores to a common chance level across features and models,
so raw scores are directly comparable. Furthermore, the evaluation is scaled to ~6,000 features
across six models at a fraction of the cost of previous protocols [19].

We apply the framework to six vision transformers—two supervised ViTs and four foundation
models (DINOv2 [4], DINOv3 [5]], CLIP [2], SigLIP [3])—and collect more than 15,000 behavioral
responses, of which the 13,400 from the 377 participants who passed our pre-specified quality checks
enter the analyzes. The headline finding is sobering: every foundation model we tested produces
features that are less interpretable than those of the supervised baselines that came before, and
downstream task performance does not predict the gap. Two representational properties do: feature
locality and coarse-grained semantic alignment with human similarity judgments. DINOv3—whose
training objective explicitly promotes local features—is the encouraging counterexample, suggesting
that the gap is not architectural destiny.

Our contributions are: (1) a framework for measuring and comparing the human interpretability of
vision models, with two complementary psychophysics protocols—localizability and nameability—
whose convergence on the same rankings and predictors validates the approach; (2) a human study
across six vision transformers showing that every foundation model we tested produces features
that are, surprisingly, less interpretable than those of the supervised baselines that came before,
with no correlation to downstream task performance on any benchmark; and (3) the locality of
feature activations and coarse-grained semantic alignment with humans as the two predictors of
interpretability we identify, both of which capability alone does not deliver.

2 Related Work

Sparse autoencoders and monosemanticity. The superposition hypothesis [20] accounts for
polysemantic neurons: networks encode more features than they have neurons by superimposing
concepts onto each activation channel. Sparse autoencoders (SAEs) recover a sparse dictionary of
monosemantic directions and have emerged as the dominant remedy [17, [18, 21} [22]]. We extract
features via SAEs to avoid the polysemy that complicates neuron-level analysis.

Evaluation of model interpretability. Bau et al. [23]] introduced Network Dissection, to our
knowledge the first framework to compare interpretability across models (architectures and training
regimes). They score every convolutional unit from four CNNs against pixel-level masks from a set
of human-labeled concepts (Broden), and models are ranked by the number of units that align with a
concept above a given threshold. The approach is bounded by Broden’s vocabulary, restricted to the
neuron basis, and conflates concept alignment with interpretability—which, as Section 2] shows, do
not necessarily coincide.

Borowski et al. [24] pioneered psychophysics-based evaluation of DNN interpretability: participants
viewed maximally and minimally activating images for a given neuron, then identified which of two
novel query images also strongly activated it. Zimmermann et al. [19]] scaled this protocol across nine
vision and vision-language architectures (80 features per model, 720 in total—a small fraction of
the thousands a typical model encodes) and concluded that more capable models are not necessarily
more interpretable. Zimmermann et al. [25] later automated the evaluation by replacing human
judgments with pairwise perceptual similarity. Their metric correlates with human results, but cross-
model differences arise primarily from a tail of highly uninterpretable units linked to superposition.
Applying a similar protocol to CNNs, Colin et al. [26] showed that reliance on a neuron basis can
mask cross-model differences because the impact of superposition is itself model-specific. Two
methodological limitations, therefore, prevent fair cross-model comparison in this lineage: exclusive
reliance on the polysemantic neuron basis and a forced-choice task whose process-of-elimination
shortcuts produce model-specific chance levels. Our framework resolves both, and extends model
coverage to several foundation models that postdate prior studies.

We build on this lineage with broader model coverage—several of the foundation models in our
evaluation postdate prior studies—and a model-agnostic framework that resolves two limitations:
exclusive reliance on the neuron basis, and a confound in the forced-choice task that produces
model-specific chance levels and prevents fair cross-model comparison.



3 Method

3.1 Current protocols are ill-suited for models’ interpretability.

Prior protocols [19,124]] frame the task as a contrastive forced-choice: participants view maximally
and minimally activating images for a feature, then select which of two novel query images also
strongly activates it (see Fig. in Appendix |C|for an example trial). While intuitive, this design
has a fundamental confound: participants can identify the correct answer by understanding what
the feature is not about—e. g., not a corn detector (Fig.[A.T)—rather than genuinely interpreting the
feature itself.

To test whether this confounding effect is consequential, we performed a control experiment on two
models from Zimmermann et al. [19] (ResNet-50 and ViT-B32). We ran two versions of a given trial:
the original version (Fig.[A.T)) and a variation where we replaced the maximally activating images
with images ranking 25,000 out of 50,000 in each feature’s activation distribution, thus carrying little
to no information about the feature’s visual content (Fig.[A.2). In this case, participants were expected
to perform at chance (50%). Instead, participants reliably exceeded chance with model-specific
baselines: 53% for ViT-B32 and 60% for ResNet-50.

This model-specific baseline inflation makes raw accuracy scores incomparable across architectures.
Zimmermann et al. [19] reported ResNet-50 as more interpretable than ViT-B32 (83% vs. 80%).
However, once each score is expressed relative to its model-specific baseline, the ranking reverses:
ViT-B32 is 27% above its baseline while ResNet-50 is only 23% above its own. Any protocol that
does not account for this artifact risks drawing erroneous conclusions.

3.2 Framing interpretability as identification.

Overview. We address the limitations described above with a framework comprising of two com-
plementary protocols that operationalize interpretability: localizability, i.e., can a participant predict
where a feature fires on a novel image?; and nameability, i.e., can a participant accurately describe
what a feature represents? Both protocols share the same feature extraction pipeline and the same
visual explanations presented to participants (Fig. [I). They differ only in the task and scoring
function. Because there is no distractor to exploit, participants must rely on genuine understanding of
the feature’s visual content. Localizability scores are mapped to a common chance-anchored scale
(Section[3.2)), enabling direct comparison across features, models and protocols. Nameability requires
no chance-level correction: images and descriptions vary across models, but they are scored in a
shared embedding space, making cross-model comparisons fair.

By evaluating the interpretability of features, we aim to derive a more general score representative of
model interpretability. Whereas Zimmermann et al. [19] studied features across multiple layers, our
focus on foundation models leads us, moving forward, to examine only the last latent representation
of each model, i.e., the output of the penultimate layer for supervised models, the output of the last
layer for DINO models, and the output of the vision encoder for VLMs.

Feature extraction. For each model, we extract features from its vision encoder. Because individual
neurons in vision models are often polysemantic [20], we use sparse autoencoders (SAEs) to recover
a dictionary of monosemantic directions. SAEs are trained on activations from the ImageNet training
split (=1.28M images), using all patch tokens per image (256 for patch size 14 in DINOv2, 196
for patch size 16 in all other models). Each SAE uses an expansion factor of x 10, yielding 3,840
features for ViT-S and 7,680 features from all the other models.

Feature relevance and linear probing. For each model, we train a linear classification head on
ImageNet on top of the frozen backbone, from which we derive (i) per-feature importance scores that
quantify each feature’s contribution to the classifier’s predictions, computed as Gradient input [27]],
shown to be particularly faithful in latent space [28]); and (ii) a downstream accuracy baseline used in
Section 4.1l

Feature selection. Given that current computer vision models are expected to encoded thousands of
features, we aim to scale the number of features evaluated. Building on Zimmermann et al. [19], we
first ran a pilot with 80 features and 10 trials per feature to obtain reliable per-feature interpretability



estimates and a model interpretability score. We then evaluated the depth-vs-breadth tradeoff: we
found that the number of features evaluated is more important than the number of repetitions per
feature to obtain stable model-level estimates (see Appendix [D). We therefore adopted this design in
the main experiment.

Following common practice[29} 130]], we exclude dense features—i.e., SAE features that activate on
most inputs and do not encode specific concepts—Ileaving between 500 and 1,300 unique features
per model, which reflects architectural differences in feature reuse (see Appendix [F).

Feature explanation. Both protocols present participants with the same visual explanation of a
feature (Fig. [T} top): (a) a synthetic feature visualization synthesized via MACO [31]] that maximally
activates the feature (left panel in Fig. [I); (b) nine highly activating natural images (middle panel
in Fig. [T); and (c) their corresponding RISE heatmaps [32] indicating where the feature fires on
each image (right panel in Fig. [T). Participants use these three sources of information to form an
understanding of the feature before solving the task.

Localizability (where). Each localizability trial additionally presents (d) a novel query image
(bottom, left in Fig. [T)) and participants are asked to click on the region of the image where they
believe the feature appears. Each click is scored against the RISE heatmap of the query image
(smoothed with a Gaussian filter) as follows.

Let v be the heatmap value at the clicked location and p = F'(v) its empirical CDF percentile over
the heatmap pixels. Because heatmap distributions vary across features (e.g., sparse vs. diffuse
activations), raw percentiles are not directly comparable across features or models. V!e therefore
introduce a chance-anchored normalization that pins chance to s = 0.5. Writing p,, = F'(p) for the
percentile rank of the mean activation (1, we map p,, to 0.5 and the extremes to 0 and 1:

Py —DP

0.5—-0.5- , ifp <p,,
Pu
s(v) = pP—p
0.5+ 0.5- —=%  otherwise.
1—p,

A participant who clicks at random scores s = 0.5 in expectation, regardless of whether the feature
activates focally or diffusely. We refer to this score as the localizability score.

Nameability (what). Each nameability trial asks participants to write a short free-text description of
the feature (bottom, right in Fig.[I)), based on the explanation panel shown at the top, and a confidence
score about their description on a 5-point Likert scale. We aim to collect multiple descriptions per
feature, which scales up the number of trials per feature. We compensate this increase by evaluating a
representative subsample rather than the full feature set: for each model, we bin features into deciles
by their localizability score and sample uniformly within each bin (~30 features per 10% bin, ~300
features per model).

We score the description by comparing it against the feature’s visual content in CLIP’s joint vi-
sion—language space [2]. For each of the nine most-activating images, we take a 96 x 96 crop
centered on the peak RISE activation (~ 1/5 of the image) and encode it with the CLIP image
encoder. We encode the participant’s description with the CLIP text encoder. The nameability score
is the mean cosine similarity between the text embedding and the nine crop embeddings.

Note that we compare against crops rather than whole images so the score rewards descriptions that
go beyond naming the object, something that does not necessarily emerge when using the full image
(Fig.[A.3). Regardless, the results are robust to using the full image (see Appendix [E)).

Due to the CLIP modality gap, nameability scores are bounded well below 1. In practice, they range
between 0.13 and 0.35 with a chance-level at 0.19—average similarity for an image-text pair sampled
from two different features. See Appendix [E]for further details.

Participants. Across both experiments, we recruited about 440 participants via Proliﬁ All were
native English speakers without reported visual impairments and completed the study on a laptop
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Table 1: Localizability, Nameability and Confidence scores across six vision transformers. Supervised
models consistently outperform foundation models on both dimensions. Best result per row is in bold,
second best is underlined.

Supervised Foundation
ViT-S ViT-B  DINOv2 DINOv3 CLIP SigLIP
Localizability (1)  80.3 86 71 80 79.7 714
Nameability (1) 0.274 0.273 0.259 0.260 0.266  0.253
Confidence (1) 343 3.61 3.68 341 3.51 3.38

or desktop. Each provided informed consent and received $2.95 (~$16/hr; 10-13 minutes). The
protocol was approved by the IRB of an author-affiliated institution. We analyze about 13,400
behavioral responses from the 377 participants who (i) passed at least 4 of 6 practice trials, (ii)
answered all 4 attentiveness catch trials correctly, and (iii) completed the experiment within 3 SDs of
the mean duration.

4 Results

We evaluated six vision transformers: two supervised baselines (ViT-S/16 and ViT-B/16) and
four foundation models—DINOv2 ViT-B/14, DINOv3 ViT-B/16, CLIP ViT-B/16, and SigLIP
ViT-B/16.

Foundation models are less interpretable than supervised ones. We measure interpretability
with both the localizability and the nameability scoresﬂ reflected in Table |1} Localizability (L)
and nameability (N) scores differ significantly across models (L: Kruskal-Wallis, H(5) = 118.40,
p < .001; N: Kruskal-Wallis, H(5) = 295.36, p < .001). As seen in the table, foundation
models are consistently less interpretable than their supervised counterparts (Dunn’s test and Tukey
HSD’s test, p < .001 vs. ViT-B), regardless of whether they were trained with language supervision
(CLIP, SigLIP) or pure self-supervised objectives (DINOv2, DINOv3). Moreover, while we expect
localizability and nameability to quantify two different dimensions of interpretability, in practice we
find that they are highly correlated (r=0.84, p=0.036; Fig.[A.§).

Models can feel more interpretable than they are. Average confidence is fairly homogeneous
across models (3.38 — 3.68, Table [T} bottom row), but its alignment with interpretability is not.
While DINOV?2 elicits the highest confidence and ranks near the bottom on interpretability (last on
localizability, second-to-last on nameability), SigLIP performs poorly on all fronts. Based on these
results, a model can feel more interpretable than it is, a caution worth keeping in mind given that
DINOV2 features have been treated as a reference for interpretable representations [33]].

4.1 Alignment with performance

A natural question is whether interpretability and capability are linked: models with richer, more
semantically structured representations might be both more capable on downstream tasks and more
legible to humans. We measured the Spearman correlation between each model’s interpretability
scores and its performance on three vision tasks: ImageNet- 1k classification, semantic segmentation,
and perceptual grouping. We report those results in Fig.[2]

ImageNet-1k classification. Foundation models lead on ImageNet top-1 accuracy but trail on
interpretability. Across the six models, neither localizability (p = —0.48, p = 0.33) nor nameability
(p = —0.6, p = 0.21) correlate significantly with classification (Fig.[2). DINOv2 and SigLIP match
CLIP on accuracy yet score roughly 8 points lower in localizability.

3For both measures, we report the median per model as scores do not follow a normal distribution, see Appendix
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Figure 2: Interpretability is uncorrelated with downstream task performance. Each panel plots
an interpretability score against a capability benchmark across the six models. Top row: localizability;
bottom row: nameability. Columns: ImageNet-1k top-1 accuracy, ADE20K semantic segmenta-
tion, and perceptual grouping. Spearman p and p-values are shown in each panel. Correlations
are non-significant for both interpretability measures across all three benchmarks, suggesting that
interpretability and downstream task performance capture largely orthogonal properties of a visual
representation.

Semantic segmentation. Segmentation performance on ADE20K][34]—using a linear probeﬂ—
does not correlate significantly with localizability (p = —0.54, p = 0.27) nor with nameability
(p=-0.77,p = 0.07).

Perceptual grouping. On a perceptual grouping benchmark—a more constrained form of segmen-
tation that probes the models’ ability to bind individual object instances—we again find no significant
correlation with either localizability (p = 0.12, p = 0.82) nor nameability (p = 0.09, p = 0.87;
Fig.[2).

Across all three benchmarks, task performance does not predict interpretability. This dissociation
suggests that the representational properties that make a model useful for downstream tasks are
largely orthogonal to those that make its features interpretable to humans.

Locality of the representation. Beyond task performance, we ask whether locality, i.e., the degree
to which a feature’s activations concentrate on confined image regions, predicts interpretability: a
focal activation supplies a concrete spatial anchor (an object part, a texture), while a diffuse one
leaves the participant to guess what the activating regions share. We quantify locality with the Hoyer
metric applied to each feature’s RISE heatmaps [35]:

(v = [x[h/1x]l2)
(vn—1)

H(x) =

with n the number of pixels, and where H = 0 corresponds to uniform activation across the image
and H = 1 to all mass on a single pixel. We average H across each feature’s 9 most activating images
and then across the model “s features. In contrast to task performance, locality correlates strongly
with localizability (p = 0.91, p = 0.01; Fig. 3] top left) and nameability (p = 0.99, p < .001; Fig.[3]
bottom left). See Appendix [H]for additional results.

4We follow the DINOv3 methodology but force all models to an input size of 224 x 224, since supervised ViTs from timm
cannot take flexible input sizes. The same pipeline at 512 x 512 reproduces DINOV3 results.



4.2 Alignment with human perception

Next, we consider human alignment, i.e., the degree to which a model aligns with some properties of
human perception, as alignment has been shown to improve representation quality over a wide range
of downstream tasks [36H39]. Because not all measures of alignment capture the same properties of
human perception [40], we study 3 kinds of alignment: alignment with human (a) visual strategies; (b)
coarse-grained similarity judgments (semantic similarity); and (c) fine-grained similarity judgments
(lower-level visual similarity).

Alignment with human visual strategies. Strategy alignment—the overlap between model-driven
and human-attended image regions [41} 42]—does not correlate significantly with localizability
(p = 0.14, p = 0.8; Fig.[A.9] left) or nameability (p = 0.21, p = 0.7; Fig.[A.9] right).

Alignment with human similarity judgments. Human similarity judgments operate at multiple
levels of abstraction [39]. Fine-grained similarity captures within-category distinctions (e.g., how
similar two butterfly species are to each other), while coarse-grained similarity captures broad
semantic structure across categories (e.g., how similar a buffalo is to a spider relative to grass). We
measure alignment at the different levels of similarity using three datasets: THINGS similarity [43|
44], Levels [39], and NIGHTS [38] 45]].

Alignment with fine-grained similarity does not correlate neither with localizability (NIGHTS:
p = —0.41, p = 0.42; Levels: p = 0.16, p = 0.76; Fig.|A.10] top row) nor nameability (NIGHTS:
p = —0.47,p = 0.35; Levels:p = 0.26, p = 0.62; Fig.|A.10} bottom row). In contrast, alignment
with coarse-grained similarity is generally lower and shows a strong correlation with interpretability
(Fig. 3] middle and right), which is significant for the THINGS similarity dataset: localizability
(THINGS: p = 0.84, p = 0.04, Levels:p = 0.71, p = 0.11) and nameability (THINGS: p = 0.85,
p = 0.03; Levels p = 0.6, p = 0.21). See Appendix [[|for additional results.
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Figure 3: Locality and coarse-grained semantic alignment track interpretability. Each panel
plots an interpretability score against a representational property across the six models. Top row:
localizability; bottom row: nameability. Columns: locality of the representation (mean Hoyer
sparsity over feature heatmaps), and coarse-grained alignment with human similarity judgments on
THINGS [43] and Levels [39] (odd-one-out accuracy). Spearman p and p-values per panel. Locality
is the strongest predictor of interpretability, consistent with focal activations providing a clearer visual
anchor for understanding a feature. Coarse-grained alignment also tracks interpretability, particularly
on THINGS, suggesting that interpretable representations are not only local but also organized in
ways that better reflect human categorical similarity judgments.

This dissociation between granularity levels suggests that what matters for interpretability is not
perceptual fidelity to fine visual detail, but rather the degree to which a model organizes its features
around the same high-level semantic categories that structure human perception. A feature that



groups concepts according to what humans consider broadly similar is more likely to be a feature
that humans can understand.

5 Discussion

Two protocols, one interpretability. The two protocols differ in nearly every respect: one asks
participants to point, the other to write; one is scored against a spatial heatmap, the other against a
vision—language embedding. That they yield concordant rankings and surface the same predictors is
unlikely to be coincidence—we appear to be measuring a stable property of the representations rather
than an artifact of any one task, and either protocol may suffice on its own in future work.

Foundation models are less interpretable than their supervised counterparts. The gap appears
in both vision-only SSL models (DINOv2, DINOv3) and vision-language models (CLIP, SigLIP), so
neither pretraining signal is the cause. The common factor is foundation-style pretraining itself. One
reading is that these models reach—and on many benchmarks exceed—human performance in part
by developing superhuman features: representations effective for the task but not the kind a human
observer can readily make sense of. The very generality that makes foundation models capable may
also push their representations away from a human-interpretable basis. This gap is easy to miss
without direct evaluation—DINOV2, often treated as a reference for interpretable representations [33],
elicits the highest rater confidence yet ranks among the least interpretable models on localizability
and nameability.

Interpretability is orthogonal to task performance. Across every benchmark we examined,
capability and interpretability are uncorrelated. The relationship is neither a tradeoff nor a free lunch:
how well a model classifies, segments, or groups says little about whether a human can interpret its
features. The leaderboards by which the field currently judges progress are silent on interpretability, a
property independently desirable in high-stakes settings (e.g., clinical decision support or autonomous
driving) where these same backbones are increasingly considered. Interpretability has to be designed
for explicitly; it will not arrive as a byproduct of capability, and prior evidence suggests that scale
alone does not guarantee it either [[19].

Locality is the proximate signature of an interpretable representation. The locality of feature
activations is the strongest predictor of interpretability we identify. Foundation models tend to
develop diffuse features that fire across larger, less focused regions, blending local content with
broader scene context. This may help on downstream tasks but leaves a human observer without a
clear visual anchor. DINOv3 is the encouraging exception: one of the most capable models in our set
and also among the most interpretable foundation models, because its training objective explicitly
promotes local features. This finding suggests that locality-aware objectives can partially closes the
interpretability gap, though whether they do so without capability cost requires additional direct
experimental verification.

Coarse-grained semantic alignment, not perceptual fidelity, predicts interpretability. Of the
alignment measures we considered, only coarse-grained alignment with human similarity judgments
tracks interpretability. A model can attend to the same image regions humans do, yet still encode what
it sees there in features humans cannot make sense of. Fine-grained perceptual alignment has been
found to be uniformly high and largely shared across models [46]. Coarse-grained alignment, on the
other hand, is consistently lower, leaving real room for improvement. Interpretability appears driven
less by perceptual fidelity than by how a representation organizes the visual world at the categorical
level. Training signals built from human odd-one-out judgments [43]] seem like a promising direction
to close part of the gap.

6 Conclusion

We introduced a framework for measuring and comparing the human interpretability of vision models,
built around two complementary psychophysics protocols: localizability (where a feature fires) and
nameability (what it represents). Across six vision transformers and more than 15,000 behavioral re-
sponses, foundation models, whether trained with language supervision or self-supervised objectives,



were consistently less interpretable than their supervised counterparts—a surprising result for models
that have surpassed those same baselines on most other axes. The gap is not a capability tradeoft:
interpretability is uncorrelated with downstream task performance on every benchmark we examined,
and the two structurally different protocols agree on this conclusion and on the predictors that drive
it. Two properties track interpretability: the locality of a feature’s activations and coarse-grained
semantic alignment with human similarity judgments. Together, they point to a concrete recipe for
building more interpretable vision models—training objectives that promote local feature activations
and align representations with the coarse semantic structure of human perception [39]—and DINOv3,
whose objective explicitly promotes locality, suggests that capability and interpretability need not
trade off when locality is an explicit training objective.
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A Limitations and broader impact.

Limitations. We acknowledge several limitations. First, our model-level analyses span only six
architectures, which limits statistical power and makes it difficult to disentangle correlated properties
of representations (e.g., sparsity and coarse-grained alignment may co-vary across architectures).
Second, almost all models are evaluated at ViT-B scale. This controls for scale across architectures,
but whether the interpretability gap between supervised and foundation models persists or reverses
at larger scales remains an open question. Third, we focus on a specific set of representational
properties: downstream task performance, locality, and alignment with human similarity judgments.
Other factors, such as training data or robustness, may also shape interpretability. Finally, our
nameability protocol relies on external vision-language models to score the accuracy of human
descriptions. This is imperfect: using an external model introduces its own biases and cannot provide
a direct ground-truth measure of whether a description captures the feature. However, directly testing
free-form descriptions against the evaluated vision foundation models is not currently possible, since
these models do not provide a reliable way to judge whether a natural-language description matches
one of their internal visual features. We therefore use external image—text similarity as a practical
proxy, keeping the scorer fixed across all evaluated models so that its biases are held constant in the
comparisons.

Broader impact. This work contributes to human-centered evaluation of model interpretability.
By testing whether people can localize and describe decision-relevant features, our protocol adds to
a broader effort to assess whether vision models are transparent enough for settings where human
oversight matters, including critical applications. However, interpretability evaluations should
not be taken as evidence of safety or reliability on their own. A model whose features appear
more interpretable may still fail under distribution shift or behave unpredictably in downstream
applications. Our results should therefore be viewed as one component of a broader evaluation
ecosystem, complementing robustness, fairness, calibration, and task-specific validation.
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B Additional Related Work

Representational alignment with human perception. A growing body of work investigates how
well DNN representations mirror human perceptual judgments [47], with parallel evidence that
aligning model feature attributions with human importance maps improves object recognition [42].
Alignment with human similarity judgments has been shown to improve transfer [36, [37]], though
benefits are task-dependent: alignment helps retrieval but may hurt discriminative classification [38]].
Crucially, Muttenthaler et al. [39] showed that this trade-off depends on granularity: coarse-grained
and fine-grained alignment affect downstream tasks differently. While prior work treats alignment
as a driver of task performance, we treat it as a potential correlate of feature interpretability—a
connection that, to our knowledge, has not been investigated.

Automated feature scoring with vision-language models. Hernandez et al. [48]] proposed labeling
visual neurons with natural-language descriptions and measuring label quality via retrieval accuracy.
Bills et al. [49] extended this idea to language model neurons, using GPT-4 to generate explanations
scored by how well they predict held-out activations. CLIP-Dissect [50] matched each neuron to
the most CLIP-similar concept from a large vocabulary, enabling scalable, open-vocabulary labeling
without human annotation. Our nameability score builds on this spirit—participants describe a feature
in free text and we measure CLIP cosine similarity between their description and feature-centered
crops—while retaining the validity guarantee of human behavioral data.
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C Details about the control experiment

Which of the two queries has the target feature?

Target feature absent Target feature present

Figure A.1: Example of a trial from Zimmermann et al. [19]]. In this protocol, the task is to pick
the query image that matches the reference images illustrating the feature (left panel), by leveraging
reference images that both highly activate the feature (right panel) and images that minimally activate
it (left panel). In this example, the task can be trivially solved by relying on semantic grouping. By
observation of the minimally activating stimuli (left panel), it is easy to conclude that the neuron of
interest is not a corn detector, yet, it is hard to articulate what visual pattern is captured by the neuron
(images in the right panel)

Which of the two queries has the target feature?

Target feature absent Target feature present

Figure A.2: Instantiation of the trial from Fig. in our control experiment (Sect. EI) In this protocol,
we replace the images that highly activate the feature with images that carry little to no information
about the feature’s visual content. If the protocol only quantify the degree to which participant
understand the feature, we expect them to perform at chance (50%) in this setup
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D Scaling model interpretability

Model-level interpretability is a property of a model’s full feature population. Under a fixed annotation
budget, we therefore face a choice: cover more features (breadth) or measure each feature more
carefully (depth). This pilot asks which choice better approximates the population score.

What we do. We collect interpretability judgments on 80 DINOv2 neurons; this defines our
reference score of 0.5555. We then use bootstrapping (200 resamples per design) to simulate two
cheaper alternatives: subsampling fewer units (breadth) or reducing the number of images and trials
per unit (depth). For each design we report the bootstrap mean and SD.

Strategy  Setting Bootstrap score A vs. ref.
Reference  All 80 units (full data) 0.5555 —

Breadth 10 units 0.5586 £0.0291  +0.0031
Breadth 30 units 0.5541 £0.0142 —0.0014
Breadth 60 units 0.5552 £+ 0.0057  —0.0003
Depth 1 image, 1 trial 0.5475£0.0376  —0.0080
Depth 1 image, 10 trials 0.5484 £0.0278  —0.0071
Depth 10 images, 1 trial 0.5509 £ 0.0083  —0.0046

Table A.1: Breadth vs. depth under a fixed budget. Bootstrap estimates of cheaper designs against
the full-data reference. Breadth approaches the reference quickly; depth saturates only by exhaustively
measuring the same 80 units.

What we find. Breadth converges quickly to the reference: 60 units already match it within +0.006.
On the other hand, depth converges more slowly. Even 10 trials on a single image (40.0278) is less
stable than 30 units alone (+0.0142).

Why this points to scaling features. Depth makes our estimate of the units we picked more precise;
breadth makes it more representative. Because the 80-unit reference is itself a stand-in for a much
larger feature population, only breadth moves the estimate toward what we actually care about. We
therefore allocate the main experiment’s budget across as many features as possible rather than across
repeated judgments on a small set.

17



E Nameability details

Crop vs full image For a given feature, we evaluate both the similarity of a general description—the
name of the main object, and a more specific one which we believe encapsulates the feature better.
Descriptions that go beyond simply naming the main object in the image generally receive a higher
score when using crops (see Fig.[A.3]for an illustration).

“stingray”: 0.312
“stingray's bulging eyes”: 0.312

“stingray”: 0.261
“stingray's bulging eyes”: 0.29

Figure A.3: For a given feature, we evaluate the similarity of two descriptions, a general one consisting
of the name of the main object, and a more specific one which we believe encapsulates the feature
better. Using crops allows us to reward descriptions that go beyond simply naming the main object in
the image.

Regardless, Table [A.2] highlights that results are fairly robust to the type of image used: full images
VS. crops.

Table A.2: Nameability scores computed using the full image (bottom row) versus crops (top row)
around the feature location. Best result per row is in bold, second best is underlined.

Supervised Foundation
ViT-S/16 ~ ViT-B/16 DINOv2 DINOv3 CLIP  SigLIP
Crops (1) 0.274 0.273 0.259 0.260 0.266  0.253

Full image (1) 0.276 0.277 0.256 0.258 0.260  0.250
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F Distribution of feature reuse across models

Table A.3: Number of unique SAE features retained after filtering dense features for each model.
Differences reflect varying degrees of feature reuse across architectures.

Supervised Foundation
ViT-S/16  ViT-B/16 DINOv2 DINOv3 CLIP SigLIP
# Unique features 1012 1305 1119 1018 545 896
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G Detailed results for the psychophysics experiments.

Across both protocols, interpretability scores were non-normally distributed (Fig.[A.4]and Fig.[A23))
for every model (Shapiro—Wilk test, p < .001). We therefore report the median score per model as a
more representative measure of central tendency.

(a) ViT-S (b) ViT-B (c) DINOv2
(d) DINOvV3 (e) CLIP (f) SigLIP

Figure A.4: Distribution of feature localizability scores across models. Each panel shows the
distribution of localizability scores for one model.
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Figure A.5: Distribution of feature nameability scores across models. Each panel shows the
distribution of nameability scores for one model.
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H Additional results on locality of representations

A feature can be considered local if it fires on a few grouped pixels, i.e., (i) few pixels are active
and (ii) those active pixels are spatially grouped. The Hoyer sparsity used in Section .| primarily
targets the first component. As a complementary proxy for the latter, we use the Kolmogorov
complexity![S1] of each feature’s RISE heatmaps, approximated by their JPEG compressibility: the
size of the losslessly compressed heatmap, normalized by its uncompressed size. Grouped activations
form contiguous, redundant regions and compress well; scattered activations do not. Lower values
therefore indicate more spatially grouped heatmaps. We average over the heatmaps of each feature’s
nine most activating images and then over all features for a model.

Results. Across the six models, compressibility correlates with both interpretability protocols
in the expected direction (see Fig. [A.6)—interpretable models tend to have more compressible
heatmaps—although neither correlation reaches significance: localizability (p = —0.63, p = 0.178)
and nameability (p = —0.78, p = 0.216).

Limitation. Compressibility alone does not distinguish a heatmap with a single active pixel and a
heatmap where every pixel takes the same value are both highly compressible. The score therefore,
captures the presence and, to some extent, the number of activation groups, but not whether those
groups are spatially confined. We therefore read it as a useful complement to Hoyer sparsity:
suggestive of grouping, but, on its own, an incomplete proxy for locality.
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Figure A.6: Compressibility of feature heatmaps as a complementary measure of locality. Each
panel plots an interpretability score against the mean compressibility of a model’s feature heatmaps
(lower = more grouped activations). Left: localizability. Right: nameability. Spearman p and
p-values shown per panel. Correlations point in the expected direction on both protocols but do not
reach significance.

I Additional results on alignment with human similarity judgments

The Levels dataset [39] provides human similarity judgment at three different levels, by constructing
triplets using 3 images from 1 class to 3 different classes. For completeness, in this section we report
results from the third triplet category beyond the coarse- and fine-grained ones reported in Section[4.2}
In this class-level category, two images share a basic-level class while the third belongs to a different
basic-level class within the same superordinate category, probing a granularity that sits between fine
and coarse similarity.

The Spearman correlations with class-level alignment fall between the coarse- and fine-grained results,
with positive but non-significant trends on both protocols (see Fig.[A.7): localizability (p = 0.58,
p = 0.223) and nameability (p = 0.72, p = 0.11). The pattern is consistent with interpretability
tracking categorical alignment more closely than within-category alignment.
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Figure A.7: Class-level alignment on the Levels dataset. Each panel plots an interpretability score
against odd-one-out accuracy on the class-level triplets of Levels [? ]. Left: localizability. Right:

nameability. Spearman p and p-values per panel. Both correlations are positive but non-significant,
sitting between the coarse- and fine-grained results.
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Figure A.8: The two protocols converge on the same model ranking. Median nameability plotted
against median localizability across the six vision transformers. Despite differing in nearly every
respect — pointing vs. writing, spatial heatmap vs. vision-language embedding — the two protocols
produce a similar ranking of models, suggesting that we are measuring a stable property of the
representation rather than an artifact of any one task.
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Figure A.9: Alignment with human visual strategies does not predict interpretability. Each panel
plots an interpretability score against the overlap between model-driven and human-attended image
regions [42? ] across the six models. Left: localizability; right: nameability. Neither correlation is
significant: a model can attend to the same image regions humans do and still encode what it sees
there in features humans cannot readily make sense of.
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Figure A.10: Alignment with fine-grained similarity does not predict interpretability. Each
panel plots an interpretability score against an alignment measure across the six models. Top row:
localizability; bottom row: nameability. Columns: fine-grained alignment with human similarity
judgments on THINGS [43] and Levels [? ] (odd-one-out accuracy). Spearman p and p-values
per panel. None of the four correlations reaches significance, suggesting that what matters for
interpretability is not perceptual fidelity to fine visual details.

K Psychophysics experiment

Welcome

This is a computational neuroscience study looking to discover how artificial intelligence (Al) "thinks". Specifically,
we are interested in Al trained to recognize images. We wish to understand the visual elements (e.g. information in
the image like color, simple or complex shapes, texture, efc.) it focuses on. Beware, those visual elements are not
necessarily about the main object in the image. Participation in this study involves completing a 10-15 minute task.

The task consists of several independent trials, each inquiring about a different target visual element. You will be
asked to indicate where the target visual element Is most pronounced in an image. The Al will never tell you in

words what the target visual element is. Instead, it will give you three hints.

Each time, one of the hints will be a computer-generated visualization. These visualizations can look a little bizarre
orunnatural.

Localizability

Welcome

This is a computational neuroscience study looking to discover how artificial intelligence (Al) "thinks". Specifically,

we are interested in Al trained to recognize images. We wish to understand the visual elements (e.g. information in

the image like color, simple or complex shapes, texture, abstract concepts, etc.) it focuses on. Beware, those visual
lement ily about the main object in the images. Participation in this study involves completing a

10-15 minute task.

The task consists of several independent trials, each inquiring about a different target visual element. You will be
asked to gi hort ipti what the target vi: I it is about. You will also rate how
confident you are in your description on a scale from 1to 5. The Al will never tell you in words what the target visual
element is. Instead, it will give you three hints.

an look a little bizarre

Each time, one of the hints will be a computer- These vi

or unnatural,

Nameability

Figure A.11: Welcome screens shown to participants before the psychophysics experiments. Left:
instructions for the localizability task. Right: instructions for the nameability task.
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Question: In the query image below, where is the target visual element most pronounced?

Hint 1: What the visual element looks Hint 2: Images that contain the visual element Hint 3: Location(s) of the visual element
like to the Al

Figure A.12: Screenshot of a trial for the localizability experiment 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.

NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction state the paper’s scope and contributions: a two-
protocol framework for human interpretability, a comparison of six vision transformers, and
analyses relating interpretability to downstream performance and several representational
properties. These claims are supported by the Methods, Results, Discussion, and Limitations
section.

Guidelines:
e The answer [N/A | means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
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Question: What is the target visual element about?

Hint 1: What the visual element looks Hint 2: Images that contain the visual element Hint 3: Location(s) of the visual element

Figure A.13:

like to the Al

Write a short description of the target visual element.

Your confidence in the description
Low High

Screenshot of a trial for the nameability experiment 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 give a
text-free description of what the feature is about (bottom). The more interpretable the feature, the
more accurate their description.

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: The paper includes a dedicated Limitations section in the Appendix discussing

the

limited number of models, restriction to ViT-B scale, the focus on a specific set of

representational properties, the bias introduced by selecting decision-relevant features, and
the limitations of the protocol.

Guidelines:

The answer [N/A] means that the paper has no limitation while the answer [No| means
that the paper has limitations, but those are not discussed in the paper.

The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.
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* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]

Justification: The paper does not present theoretical results, theorems, or proofs. The
equations define the proposed scoring procedures rather than establishing formal theoretical
claims.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Because this work centers on human behavioral evaluation rather than model
training, reproducibility mainly depends on the experimental protocol and data-processing
pipeline. We describe the feature selection, stimulus generation, participant tasks, scoring
functions, and filtering criteria, and will release processed data and analysis files to support
figure reproduction and reuse.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.
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* While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: The submission does not yet include a public data or code release. Upon
acceptance, we will make the behavioral responses, analysis scripts, and materials needed to
regenerate the main results available to the research community.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https !
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Yes. Since the main contribution is a human behavioral evaluation rather
than a new training method, the relevant details concern the evaluation pipeline more than
optimizer or hyperparameter choices. The paper specifies the model set, feature extraction
and selection procedure, stimulus construction, participant tasks, scoring functions, data
filtering, and the benchmark evaluations used to contextualize the results.

Guidelines:
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» The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: The Results section reports statistical significance for the main model com-
parisons and correlation analyses, including Kruskal-WallisfANOVA tests, post-hoc com-
parisons, and Spearman correlations; Appendix references provide additional details where
relevant.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:

Justification: The paper does not yet report detailed compute requirements such as hardware
type, memory, or runtime. Most experiments are human behavioral evaluations and offline
analyses rather than large-scale model training, but we will add compute details for feature
extraction, SAE training, and analysis where relevant.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).
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9.

10.

11.

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The research involves low-risk behavioral experiments with informed consent,
compensation, participant filtering, and IRB approval reported in the Participants paragraph.
No deceptive, harmful, or high-risk intervention is described.

Guidelines:

e The answer [N/A]| means that the authors have not reviewed the NeurIPS Code of
Ethics.

e If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: The manuscript contains a broader impacts statement in the Appendix.
Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The paper does not release high-risk models, image generators, scraped
datasets, or other assets with a clear misuse risk. The evaluated models are existing public
vision backbones, and the work primarily introduces an evaluation framework and human-
study results.

Guidelines:
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* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

13.

14.

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: The paper cites the main datasets, models, and methods used.
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer:

Justification: The paper introduces a new set of human behavioral data, which is described in
the experimental sections but not yet released. We will provide the dataset and accompanying
documentation upon acceptance.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
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15.

16.

Answer: [Yes]

Justification: Yes, details about the experiment are available through the main text or
appendix.

Guidelines:

* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]

Justification: The Participants paragraph states that participants provided informed consent,
were compensated, and that the protocol was approved by the IRB of an author-affiliated
institution. The task is low risk and involves visual judgments and free-text descriptions of
image features.

Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: The core methodology does not use LLMs as an important, original, or
non-standard research component.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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