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Abstract

Human memory exhibits significant vulnerability in cognitive
tasks and daily life. Comparisons between visual working
memory and new perceptual input (e.g., during cognitive tasks)
can lead to unintended memory distortions. Previous studies
have reported systematic memory distortions after perceptual
comparison, but understanding how perceptual comparison af-
fects memory distortions in real-world objects remains a chal-
lenge. Furthermore, identifying what visual features contribute
to memory vulnerability presents a novel research question.
Here, we propose a novel Al-driven framework that gener-
ates naturalistic visual stimuli grounded in behaviorally rel-
evant object dimensions to elicit similarity-induced memory
biases. We use two types of stimuli—image wheels created
through dimension editing and dimension wheels generated by
dimension activation values—in three visual working mem-
ory (VWM) experiments. These experiments assess mem-
ory distortions under three conditions: no perceptual compari-
son, perceptual comparison with image wheels, and perceptual
comparison with dimension wheels. The results show that sim-
ilar dimensions, like similar images, can also induce memory
distortions. Specifically, visual dimensions are more prone to
distortion than semantic dimensions, indicating that the object
dimensions of naturalistic visual stimuli play a significant role
in the vulnerability of memory.

Keywords: Memory Distortion; Object Dimensions; Al-
driven Generative Model

Introduction

Human visual working memory (VWM) serves as a critical
cognitive interface, allowing us to temporarily retain and ma-
nipulate visual information to guide behavior (Luck & Vo-
gel, 1997; Cowan, 2008; Vogel & Machizawa, 2004). Yet,
this system exhibits marked vulnerability: even routine inter-
actions with perceptual inputs—such as comparing a mem-
orized object to a newly encountered one—can distort the
original memory representation (Fukuda et al., 2022). Such
distortions challenge the fidelity of both visual and semantic
memory features, such as misremembering the color of an
item, or an eyewitness misremembering whether a suspect
was holding a weapon or a repair tool. While prior work
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has established that perceptual comparisons induce retroac-
tive biases in VWM (termed similarity-induced memory bi-
ases, SIMB), three critical questions remain unresolved: (1)
How to construct naturalistic visual stimuli that systemati-
cally elicit dimension-specific memory distortions? (2) Can
perceptual comparisons involving similar abstract dimension
activations, like those with similar images, also induce mem-
ory distortions? and (3) Do visual and semantic dimensions
exhibit differential levels of susceptibility to memory distor-
tions?

Existing research on memory distortion has predominantly
relied on simplified stimuli (e.g., colors, shapes) to iso-
late mechanistic principles (Scotti, Hong, Leber, & Golomb,
2021; Chunharas, Rademaker, Brady, & Serences, 2022;
Saito, Duncan, & Fukuda, 2023; Saito, Kolisnyk, & Fukuda,
2023; Saito, Bae, & Fukuda, 2024). Although these stud-
ies reveal that perceptual similarity amplifies memory biases,
their conclusions are constrained by artificial experimental
contexts. Real-world objects, in contrast, are defined by mul-
tidimensional and hierarchical attributes spanning low-level
visual features (e.g., shape, texture) and high-level semantic
properties (e.g., category, function). Recent evidence sug-
gests that meaningfulness may enhance VWM capacity and
stability (Asp, Stormer, & Brady, 2021; Sasin, Markov, &
Fougnie, 2023), yet no study has compared the contribution
of visual versus semantic dimensions to memory vulnerabil-
ity. These gaps limit our understanding of how natural object
representations interact with perceptual inputs to shape mem-
ory errors—a problem exacerbated by the lack of methods to
precisely control and manipulate object dimensions in natu-
ralistic stimuli.

The rise of Al-driven generative models offers a trans-
formative solution. These models can synthesize naturalis-
tic images, making them valuable tools for cognitive experi-
ments (Karras, 2019; Wei, Zou, Heinke, & Liu, 2024b; Wei
et al., 2025). However, their application to memory research
remains nascent, particularly in the context of disentangling
and editing latent object dimensions. Here, we bridge this
gap by employing a novel Al-driven generative model that
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generates natural visual stimuli through dimension manipula-
tion (Wei, Zou, Heinke, & Liu, 2024a). This approach allows
us to construct stimulus gradients along both holistic percep-
tual variations and isolated dimension activations—a capabil-
ity essential for addressing our three core questions.

In this study, we examined memory vulnerability under
two conditions: perceptual comparison with image wheels
and perceptual comparison with dimension wheels (Fig. 1).
Image wheels are generated by smoothly editing dimension
activation values of an image, while dimension wheels are
constructed from predefined activation values of dimensions
in a latent space. These stimuli allow us to isolate the contri-
butions of image similarity and dimension similarity to mem-
ory distortion during perceptual comparisons, as well as to
disentangle the contributions of individual dimensions. We
hypothesized that perceptual comparisons with both types
of wheels would induce memory distortions, with visual di-
mensions exhibiting greater vulnerability than semantic di-
mensions. This hypothesis aligns with neurocognitive mod-
els positing that semantic features are better remembered
thanks to schema-based representations and deeper process-
ing (Brady, Stormer, & Alvarez, 2016; Brady & Stormer,
2022; Chung, Brady, & Stormer, 2023).

Our results confirm that similar object dimensions, whether
manipulated via images or abstract dimension activations, can
induce significant memory distortions. Additionally, visual
dimensions showed markedly higher distortion susceptibility
compared to semantic dimensions. These findings advance
theoretical frameworks by demonstrating that memory vul-
nerability is not merely a function of perceptual similarity but
is dimensionally structured. Methodologically, our Al-driven
approach provides a blueprint for studying complex cognitive
processes with naturalistic yet controlled stimuli, offering im-
plications for Al-assisted experimental design and computa-
tional models of memory.

Related Works

Similarity-Induced Memory Bias. Studies have shown
that when individuals compare a memorized stimulus to a
similar perceptual input, the memory tends to shift towards
the features of the new input, a phenomenon known as
SIMB (Fukuda et al., 2022). In SIMB experiments, partic-
ipants were asked to remember a target stimulus and later
reproduce it by selecting from a continuous wheel of stim-
uli. When a pair of probe stimuli was introduced during
the retention period, the memory of the target was signifi-
cantly biased toward the probe judged to be similar (Saito,
Duncan, & Fukuda, 2023). While SIMB has been observed
with simple stimuli such as colors and shapes, its applica-
tion to more complex, real-world objects remains understud-
ied. Previous work primarily focused on low-level features,
like color or shape (Fukuda et al., 2022; Saito, Duncan, &
Fukuda, 2023; Saito, Kolisnyk, & Fukuda, 2023; Saito et
al., 2024), but real-world objects are defined by multiple fea-
tures (Hebart, Zheng, Pereira, & Baker, 2020; Bracci & Op de

Beeck, 2023), including both low-level visual attributes (e.g.,
shape, texture) and high-level semantic properties (e.g., func-
tion, category). This suggests that evaluating SIMB with
dimension-based sythetic stimuli, is essential to understand-
ing how image and dimension similarity contribute to mem-
ory distortions, as well as the respective contribution of visual
and semantic dimensions. This is particularly relevant when
studying objects in their natural context, where dimensional-
ity and feature diversity play significant roles in the percep-
tion and memory of objects.

Behavior-Based Object Dimensions. Over the past few
years, behavioral-based object dimensions have attracted
considerable attention, especially in computer vision and cog-
nitive science research. Previous work (Hebart et al., 2019,
2020; Zheng, Pereira, Baker, & Hebart, 2019; Muttenthaler et
al., 2022) has gathered human similarity judgment data for a
naturalistic dataset of 26,107 object images through extensive
behavioral experiments. These studies have decoded the rep-
resentation dimensions of images by either optimizing object-
specific representations or leveraging deep neural networks
(DNNs) to predict human behavior, thus reducing complex
visual information into interpretable, low-dimensional object
features. Notably, recent findings (Kramer, Hebart, Baker, &
Bainbridge, 2023) suggest that these dimensions can be used
to construct an object feature model capable of predicting im-
age memorability. Collectively, these studies highlight the
value of behavior-based object dimensions in understanding
visual perception and memory.

Dimension-Guided Wheel Generation

We employed the Concept-based Controllable Generation
model from (Wei et al., 2024b, 2024a) to generate visual stim-
ulus wheels. The model adopts a two-stage generation strat-
egy: first modeling p(h|e) and subsequently modeling p(x|h),
where e denotes conditioning parameters (dimension activa-
tion values or similarity), & represents CLIP embeddings, and
x is the generated image. By incorporating training-free guid-
ance during the modeling of p(h|e), the model enhances gen-
eration flexibility and applicability. This framework allows
effective guidance of visual stimulus generation through ap-
propriate selection of conditioning parameters e and differen-
tiable loss functions £(f(-),-) based on experimental objec-
tives.

For the generation of image wheels, we randomly select
an image from the THINGS dataset and perform dimension
editing on it. We used the following loss functions to guide
the generation process:

1. Dimensional Guidance: We select two dimensions from
the concept of the given image for editing. As shown in Fig.
1, we pre-designed the concept pair activation values for 12
images, arranging the activation values in a circular pattern
within the representation plane defined by the concept pair
axes. This guides the generation of a smooth transition of
concepts across the image wheel. The corresponding loss
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Figure 1: Experimental Design. (a) Image wheel: A circular arrangement of 12 images featuring gradual variation in charac-
teristics. Participants were instructed to memorize the top image in the wheel (memory item). (b) Bias induction: Image wheel
bias trials used a pair of images include a induction item (red box, selected clockwise from the memory item randomly) and
another image (blue box) for similarity judgments, while dimension wheel bias trials employed pairs from dimension wheels,
where images in dimension wheels were typically perceived as dissimilar to the memory item. (c) Experimental procedure:
Three conditions (baseline, image wheel bias, dimension wheel bias). All conditions began with target memorization, followed
by two similarity judgment phases (except baseline), and concluded with target recognition from the image wheel. Image pairs
for similarity judgments were selected from image wheels in the image bias condition and from dimension wheels in the di-

mension bias condition.

function is:
=Y llg(h)i—cill (M

where c1-c1; constitute circular coordinates in the conceptual
plane.

2. Smoothness Guidance: To ensure the images on the im-
age wheel maintain similarity and smooth transitions, we im-
plemented:

=% =, @
i,jes
where {i, j} denotes indices of neighboring images in the
wheel.

3. CLIP Guidance: To preserve latent feature similarity

with the given image, we used the following loss function:

{=|h—nh| A3)

where & represents the CLIP embedding of the source image.
4. Pixel Guidance: We control the pixel-level similarity
of the images by introducing img2img (Meng et al., 2021),

which uses a noisy version of the given image as the starting
point for generation.

For the generation of dimension wheels , we only applied
dimension guidance. For each image wheel, we aimed to gen-
erate a dimension wheel by setting the predefined dimension
pair activation values as the target. Since there are no restric-
tions on image similarity, the dimension wheels have lower
visual similarity but maintain consistent dimensional similar-
ity. This effectively separates the effects of visual similarity
and dimension similarity on memory distortion.

Image Wheels Induction Experiment
Stimuli and Task Design

Image wheels were constructed using an Al-driven generative
model that smoothly interpolated latent dimension activations
to produce naturalistic object variations. Each wheel repre-
sented a circular manifold of images, where angular positions
corresponded to incremental changes along predefined object
dimensions. A memory item was randomly selected from an
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Figure 2: Wheel generation. The leftmost image shows the dimensions (with categories of visual, semantic, and mixed) that
we selected during image generation. We created circles in the representation space of dimension-pairs as target dimension
activation values, and then used an Al-driven generative model to generate wheels based on dimensions. For the image wheel,
we generated wheels that are similar to the reference images but with different dimension activation values. For the dimension
wheel, we used only the activation values in the dimension-pair space to generate wheels.
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Figure 3: Experimental results of the Image Wheels In-
duction Experiment (N=100). (a) Mean accuracy of mem-
ory performance across dimension-pair categories. (b) Mean
bias scores for dimension-pairs.

Sem. = Semantic, Vis. = Visual, Mix. = Mixed.

image wheel and presented for 1,200 ms. After a 1,500 ms
retention interval, the picture wheel appeared, and the subject
reported which picture in the wheel was the original memory
item.

During the induction phase, two items were simultaneously
displayed: an induction item and a dissimilar item. The in-
duction item was sampled from a 60° arc along a target di-
mension direction relative to the memory item, while the dis-
similar item occupied the position 180° opposite to the in-
duction item. This design ensured that the induction item
shared perceptual similarity with the memory item along the
manipulated dimension, whereas the dissimilar item served
as a control. Participants performed a same-different judg-
ment task on these pairs for 1,500 ms. After a 500 ms re-
tention interval, the picture wheel appeared, and the subject
reported which picture in the wheel was the original memory
item. The interstimulus interval is determined based on the
results of the pre-test, in order to ensure that participants ex-
perience comparable task loads across different experimental
conditions, thereby minimizing the potential interference of
temporal variables on memory performance.

A total of 100 participants completed the experiment on

the Brain Island platform. Each participant performed 120 tri-
als, including 30 no-induction baseline trials and 90 induction
memory trials. The experimental stimuli were categorized
into three groups based on feature dimensions: visual (e.g.,
shape-color), semantic (e.g., tool-animal), and mixed (e.g.,
color-category). The mixed condition integrates both visual
and semantic information dimensions, and we collected data
from this condition to ensure the completeness of the study.
However, the primary aim of this research was to compare
the memory vulnerability differences between visual and se-
mantic dimensions, so we did not conduct an in-depth analy-
sis of the mixed condition. The results from the mixed con-
dition were only used as supplementary information to help
us gain a more comprehensive understanding of the poten-
tial impact of visual and semantic information integration on
memory. The accuracy of the no-induction experiment re-
flects the participant’s ability to remember the images. If a
participant’s overall accuracy in the no-induction experiment
is below 40%, we do not accept their experimental results. In
the induction experiment, the participant undergoes two in-
duction trials. We consider the participant’s final selection
results in the image wheel to be valid only if they select the
induction item in both induction trials, as this indicates their
memory of the image is accurate. Additionally, at the end
of each experimental trial, participants are asked to rate their
confidence in their selection. We excluded low-confidence
trials because they are less likely to reflect the participant’s
true memory and are more likely to be based on uncertainty
or guessing. Excluding these trials helps ensure that the mem-
ory distortions we observe are due to actual memory effects
rather than guesses.

Behavioral Measures and Analysis

Memory performance was quantified using two metrics: (1)
accuracy, defined as the proportion of correct probe identifi-
cations, and (2) bias scores, calculated as the angular devi-
ation between participants’ memory reports and the original
memory item, with higher scores indicating stronger distor-
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body part-related/brittleness
containers for liquids/beverage
cotton clothing/clothing

face accessories/eyes
flammability/fire

flying to not/flight

groups of small objects/multicolored

many colors/multicolored

Semantic Visual Mixed

aquatic activities/sea balls/spherical decorative/gold
baby toys/kid rope/twine green/vegetable
baked food/healthy circular/discs home tools/silver

ice/white

natural minerals/crystal

ground animals/mammal
household furniture/furniture
masculine/limbs

medical supplies/absorbency
music instruments/instruments
natural resources/terrestrial

old technology/used

outdoor objects/outdoor
recreational instruments/sport
things with wheels/transportation

wheeled vehicles/transportation

pattern/texture paper-like/paper
pole/sticks plant/green
red/shininess pointy/tools
string-like/netting weaponry/silver
yellow/gold wearable/black
wood/brown

Table 1: Dimension Categorization. Classify the 42-dimensional behavior-based object dimensions across semantic, visual,

and mixed dimensions.

tion toward the induction direction. The bias score is calcu-
lated using the following formula:

Bias Score = |Oreport — OTarget| )

where 0 represents the angular coordinate. For example, if
the angle deviation between the memory report and the orig-
inal item is 15°, the bias score would be 15°.

Results

The experiment revealed systematic differences in memory
vulnerability across dimensions (Figure 3b—c). For accu-
racy, visual dimensions (0.372) and mixed+visual combina-
tions (0.484) showed significantly lower performance com-
pared to semantic dimensions (0.503) and mixed+semantic
combinations (0.498). Bias scores further highlighted this
asymmetry: visual dimensions exhibited the strongest dis-
tortion (13.210°), followed by mixed+visual pairs (11.930°),
whereas semantic dimensions (10.053°) and mixed+semantic
pairs (9.194°) showed comparatively weaker biases.

Interpretation

These results demonstrate that perceptual comparisons with
image similarity robustly induce retroactive memory distor-
tions, specifically reflected in the tendency of participants to
recall memory content that is biased toward the induced items
with similar characteristics, with visual dimensions being dis-
proportionately vulnerable. The gradient structure of the im-
age wheels allowed us to isolate dimension-specific interfer-
ence, confirming that even naturalistic, multidimensional ob-
jects are subject to similarity-driven biases. The weaker dis-
tortion in semantic dimensions aligns with theories positing
that schematic or categorical representations stabilize mem-
ory traces against interference.

Dimension Wheels Induction Experiment
Stimuli and Task Design

Dimension wheels were constructed by embedding prede-
fined activation values of visual or semantic dimensions into
a latent space using an Al-driven generative model. Unlike
image wheels, which interpolate between holistic perceptual
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Figure 4: Experimental results of the Dimension Wheels
Induction Experiment(N=146). (a) Mean accuracy of mem-
ory performance across dimension-pair categories. (b) Mean
bias scores for dimension-pairs.

variations, dimension wheels explicitly manipulate isolated
dimensions.

A total of 146 participants took part in this experiment
on the Brain Island platform. The experimental procedure,
total number of trials, and selection criteria for the dimen-
sion wheel experiment were the same as those for the image
wheel experiment, with the only change being that all induc-
tion items were drawn from the dimension wheel.

Behavioral Measures and Analysis

As in the Image Wheels experiment, memory performance
was assessed via accuracy (proportion of correct responses)
and bias scores (angular deviation toward the induction item).

Results

The experiment revealed a pronounced hierarchy in
dimension-specific memory vulnerability (Fig. 4). For ac-
curacy, visual dimensions (mean accuracy = 0.500) and
mixed+visual combinations (0.557) underperformed relative
to semantic dimensions (0.530) and mixed+semantic pairs
(0.617). Bias scores further emphasized this pattern: visual
dimensions exhibited the strongest distortion (mean bias =
6.290°), followed by mixed pairs (3.805°) and mixed+visual
pairs (3.090°), while semantic dimensions (2.530°) and
mixed+semantic pairs (0.254°) showed minimal biases.

Interpretation

These results confirm that memory distortions can be induced
even by abstract dimension activations, independent of holis-
tic perceptual similarity. The significantly weaker biases in
semantic dimensions compared to visual dimensions, suggest
that semantic features benefit from conceptual hierarchies or
schema-based stabilization.

In addition, although the overall memory distortion in-
duced by the dimension wheel (accuarcy = 0.556, bias score
= 1.520°) was smaller than that of the picture wheel (ac-
cuarcy = 0.470, bias score = 10.780°), the difference between
the semantic dimension and the visual dimension was signif-
icantly larger in the dimension wheel. By decoupling dimen-
sion activations from perceptual context, this experiment ad-
vances computational models of VWM, highlighting the need

to account for both feature-specific and integrative similarity
mechanisms.

Discussion

Our findings provide novel insights into the dimensional ar-
chitecture of vulnerability in visual working memory. By
leveraging Al-driven generative models to disentangle and
manipulate object dimensions in naturalistic stimuli, we ad-
dressed three critical gaps in the literature: (1) the construc-
tion of dimension-specific naturalistic memory probes, (2) the
role of abstract dimension activations in inducing memory bi-
ases, and (3) the differential susceptibility of visual versus
semantic features to retroactive interference.

Dimension-Specific Vulnerability in Memory. As pre-
dicted, both holistic (image wheels) and dimension-specific
(dimension wheels) comparisons distorted memory. Visual
dimensions showed greater distortion than semantic ones,
supporting models that link semantic memory to deeper,
schema-based processing (Brady et al., 2016; Chung et al.,
2023). In contrast, early-stage visual features are more
prone to interference from similar stimuli. This visual-
semantic asymmetry challenges purely perceptual accounts
of similarity-induced memory biases (Scotti et al., 2021;
Saito, Kolisnyk, & Fukuda, 2023), suggesting that memory
errors are also dimensionally organized. This has practi-
cal implications—for instance, enhancing semantic context
could reduce memory distortions in settings like eyewitness
testimony or Al-assisted tasks.

AlI-Driven Methods for Cognitive Research. Our ap-
proach demonstrates how generative models can isolate and
manipulate object dimensions in complex, realistic stimuli.
Unlike traditional methods using simple shapes, our frame-
work preserves naturalistic detail while enabling precise con-
trol. This allows for studying feature interactions in mem-
ory, and potentially in other areas like attention or decision-
making. The distinction between image and dimension
wheels further validates this method. While image wheels
caused greater overall distortion, dimension wheels revealed
a clearer divergence between visual and semantic memory er-
rors. These findings point to the need for memory models to
account for multidimensional similarity, not just perceptual
distance.

Limitations and Future Directions. While our Al-driven
approach advances stimulus control, several limitations war-
rant attention. First, our stimuli, though naturalistic, were
constrained to predefined latent dimensions; real-world ob-
jects may exhibit emergent features not captured by current
generative models. Second, our experiments focused on static
comparisons, whereas dynamic interactions (e.g., sequential
object manipulations) might reveal additional mechanisms of
memory distortion. Finally, individual differences in cogni-
tive style or expertise—factors known to influence schema
formation—were not explored but could further explain vari-
ability in dimensional vulnerability.
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