
Humans Remember People; Models Remember Pixels: Exposing Blind Spots
in Visual Memorability Prediction

Benjamin TenWolde and Virginia de Sa
Department of Cognitive Science, University of California, San Diego

btenwolde@ucsd.edu, desa@ucsd.edu

Abstract

Memorability is highly consistent across viewers, yet the
models that predict it remain poorly understood. We ana-
lyze two architectures (ResMem, ViTMem) using attribu-
tion analysis, synthetic probes, and counterfactual inter-
ventions on THINGS. Both show little sensitivity to person
presence (r=0.145 for humans vs. r=−0.068 for ResMem)
and instead respond to chromatic and frequency statistics
not linked to behavioral evidence. Gradient-guided pixel
perturbations (𝜖=0.005; L∞≈1.3/255) shift predictions by
∼0.56, more than eight times the person-presence effect,
indicating that these models rely on pixel-level statistics
rather than the scene-level processing that underlies hu-
man memorability.

Introduction
Memorability is highly consistent across observers
(Goetschalckx & Wagemans, 2019; Isola et al., 2011)
and has been framed as a stimulus-intrinsic property
tied to processing efficiency (Bainbridge et al., 2025).
Modern predictors such as ResMem (Needell & Bain-
bridge, 2022) and ViTMem (Hagen & Espeseth, 2023)
achieve rank correlations above 0.6 with human an-
notations, yet remain largely opaque. Neuroscience
evidence suggests this opacity may mask mismatches
with human processing: intracranial EEG shows mem-
orability encoded in prefrontal cortex dissociably from
visual and semantic coding (Wang et al., 2026), memo-
rable images elicit facilitated N300/N400 ERPs (Deng
et al., 2024), and memorability depends on surrounding
context (Bylinskii et al., 2015) and interference dynamics
(Morales-Calva et al., 2025). Current models account for
none of these factors. We combine attribution analysis,
synthetic probes, and counterfactual interventions on
THINGS (Hebart et al., 2019) to identify where these
models diverge from human memorability.

Method
Models and target. ResMem (Needell & Bainbridge,
2022) pairs an ImageNet-pretrained ResNet-152 with a
regression head fine-tuned on LaMem (Khosla et al.,
2015) (∼60k images). ViTMem (Hagen & Espeseth,
2023) fits a regression head on frozen ViT-B/16 features
trained on LaMem.

Figure 1: LIME overlays on THINGS images. Top:
ResMem distributes importance broadly. Bottom: ViT-
Mem produces near-uniform attributions, indicating no
spatial selectivity.

Attribution analysis. For CNNs we compute Grad-
CAM (Selvaraju et al., 2017); for transformers we use at-
tention weights combined with input-gradient maps. Both
are cross-checked with LIME (Ribeiro et al., 2016) and
SHAP (Lundberg & Lee, 2017) over 144 segments (512
images per model). We measure how concentrated each
attribution map is by the number of segments needed
to account for 50% of attribution mass. Progressive oc-
clusion (5% steps) tests whether the highlighted regions
actually drive predictions.

Synthetic probes and interventions. We gener-
ate 270 procedural patterns spanning the HSV color
space and multiple texture families (Fig. 3). Counterfac-
tual interventions include frequency filters, desaturation,
and gradient-guided pixel perturbations (PGD, 10 steps,
𝜖=0.005; pixel L∞≈1.3/255) on 512 THINGS images;
if such small pixel changes control model output, the
learned discriminants are not human-aligned. Person
presence is estimated using OpenCLIP ViT-B/16 (Cherti
et al., 2023), a vision-language model that scores each
image for person content without task-specific training.

Results
Attribution maps reveal contrasting strategies (Fig. 1).
ResMem LIME attributions are broadly distributed, with
≈33 of 144 segments covering 50% of attribution mass;
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Figure 2: (A) Person presence (recognition-accuracy Δ, distinct from the correlation r in Table 1): humans +0.033,
models reversed or flat. (B) Occlusion reveals divergent degradation. (C) Pixel perturbations (𝜖=0.005, L∞≈1.3/255)
swing ResMem by 0.56, exceeding all other effects.

Figure 3: Left: Synthetic probes: models respond to
chromatic and frequency statistics, not semantic content
(R=ResMem, V=ViTMem). Right: Small perturbations
(𝜖=0.005, L∞≈1.3/255) control the full prediction range,
confirming pixel-level rather than scene-level discrimi-
nants.

ViTMem attributions are near-uniform, spread across all
144 segments, consistent with global rather than local
reliance. Progressive occlusion (Fig. 2B) confirms this:
ResMem is stable under occlusion (drop of 0.012 at 30%,
reaching 0.048 at 95%) while ViTMem degrades steadily
(0.052 at 30%, plateauing at ∼0.091 by 65%). This paral-
lels the texture bias in classification CNNs (Geirhos et al.,
2019), and may be more pronounced because memo-
rability regression offers no object category to localize,
leaving no pressure to attend to specific regions.

Synthetic probes reveal chromatic biases: ResMem
peaks in yellow–green; ViTMem drifts toward cyan–blue.
Neither matches documented human chromatic prefer-
ences.

The clearest divergence is semantic. On THINGS
memorability (Kramer et al., 2023), person-containing
images are +3.3 pp more memorable to humans
(recognition-accuracy Δ; rank correlation r=0.145,
p<0.001, n=11,998); ResMem correlates negatively
(r=−0.068) and ViTMem shows no reliable association
(Fig. 2A). Removing mid-range spatial frequencies (band-
stop filtering) shifts predictions by −0.030 (ResMem) and
−0.044 (ViTMem), and retaining only high frequencies
increases ViTMem predictions by +0.038. Intracranial

EEG shows memorability arises from prefrontal repre-
sentations that integrate visual and semantic information
over time (Wang et al., 2026); feedforward pixel-to-score
regression cannot learn such representations. A per-
turbation probe confirms this: at 𝜖=0.005 (≈1.3/255
pixel L∞) gradient-guided pixel changes shift predictions
by ∼0.56 (above the models’ ≈0.4 natural range on
THINGS), more than eight times the person-presence
effect, from a visually subtle change. As in adversarial
robustness research on classifiers (Ilyas et al., 2019),
the discriminants these models rely on are pixel-level
statistics without perceptual relevance to human memory
(Table 1).

Table 1: Human–model dissociations.

Diagnostic Human ResMem ViTMem
Person presence r +0.145 −0.068 n/a
Band-stop Δ — −0.030 −0.044
High-pass Δ — +0.004 +0.038
50% coverage (of 144) — 33 144
Perturbation swing 0 ∼0.56 ∼0

Conclusion
Humans are sensitive to semantic content, especially
people, while both architectures respond to chromatic,
frequency, and pixel-level statistics not linked to behav-
ioral evidence. That small perturbations shift predictions
across the full range confirms these discriminants are not
human-aligned. Growing evidence shows memorability
depends on context and interference dynamics (Bylin-
skii et al., 2015; Morales-Calva et al., 2025): an image’s
memorability changes with the surrounding sequence,
yet current models assign a fixed score per image in iso-
lation. Standard repeat-detection paradigms with large
inter-item lags may themselves underestimate these con-
textual effects, suggesting that both the models and the
benchmarks used to train them underrepresent the rela-
tional nature of human memory.
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