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Abstract
Cognitive biases are commonly defined as systematic deviations
from rationality in human judgment and decision making. They
have been studied in psychology for decades, with corresponding
literature claiming to have found evidence for several hundreds of
such biases. Driven by the success of large language models (LLMs),
researchers have recently begun to investigate whether cognitive
biases also emerge in LLMs. While some evidence has been found,
respective studies are typically limited to textual interactions with
the LLM under investigation, i.e., providing a text prompt aimed at
uncovering a cognitive bias and receiving a textual answer. Despite
today’s widespread adoption of vision–language models (VLMs)
and multimodal large language models (MLLMs), multimodal in-
vestigations of cognitive biases in generative artificial intelligence
systems are rare. Addressing this gap, in the position paper at hand,
we review cognitive biases identified in psychology whose study
in LLMs requires multimodal data. Focusing on the text and image
modalities, we discuss the identified biases, offer corresponding
research hypotheses, and provide preliminary evidence.

CCS Concepts
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1 Background and Motivation
Cognitive biases have been researched for decades in psychology,
sociology, and economics. In psychology, they are commonly de-
fined as systematic deviations from rationality and objectivity in
human perception and reasoning, affecting judgment and decision
making processes [12, 25]. While there is an ongoing debate among
psychology scholars about what constitutes a cognitive bias and
what does not [15, 29],1 corresponding literature claims to have
found evidence for more than 200 cognitive biases.

With the spiraling rise of generative large language models
(LLMs), which have reached an unprecedented quality level in
text generation and often provide human-like responses, a natural
question arises as to which extent LLMs may be prone to simi-
lar cognitive biases as humans. As a result, research on natural
language processing has begun studying analogous phenomena
in LLMs [41, 45]. To provide a few examples, strong evidence for
framing effects has been established by Malberg et al. [33] who
showed that LLMs were more likely to positively evaluate a situ-
ation description when it was stated in a positive way compared
to the equivalent information framed more negatively [33]. Alessa
et al. [1] found significant changes in framing, with respect to their
output’s sentiment, when LLMs were prompted to generate sum-
maries of product reviews and interviews. Xu et al. [51] revealed
that LLMs suffer from unwarranted overconfidence in the correct-
ness of their responses to question answering tasks, similar to the
Dunning–Kruger effect in humans [37]. Schilcher et al. [42] uncov-
ered positional effects when tasking LLMs to generate descriptions
for a list of topics. A topic’s position in the prompt affected struc-
tural and coherence features of the created descriptions and, in
some cases, even resulted in the topic’s omission.

Unsurprisingly, the vast majority of research on cognitive biases
in LLMs follows a single-modal approach, where both prompt and
response are purely textual. This is inline with the fact that most
psychological tests for cognitive biases rely on textual instructions
to study subjects in the form of vignettes [6]. In cases where the psy-
chological experimental setup includes exposure to visual stimuli, it
is commonly transformed into a textual description when adapted
for the assessment of LLMs. In both cases, the resulting study setup
neglects the multimedia capabilities of current multimodal large
language models (MLLMs).

State-of-the-art MLLMs are capable of processing textual, visual,
and auditory data, both at prompting and generation stages [23, 30].
This has opened new possibilities to investigate cognitive biases
1This dispute commonly revolves around the interpretation of rationality and is some-
times referred to as "Rationality War". More information can be found, e.g., in [16].
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in LLMs, either by (1) extending experimental setups for already
researched cognitive biases carried out on single-modal materials
to include multimodal artifacts or (2) enabling the study of cogni-
tive biases that could previously not be investigated in LLMs due
to the requirement for visual or auditory stimuli. Addressing (1),
among the few existing works, Huang et al. [20] evaluated MLLMs
with respect to the influence of deceptive patterns in short videos
causing cognitive biases, including logical fallacies. Kim et al. [27]
studied halo effects in MLLM-supported hiring decisions, uncov-
ering differences in MLLMs’ ratings of candidates when prompts
included or excluded pictures of potential candidates. As for (2),
a notable example for a study that could benefit from including
visuals is Asad et al. [2], which investigated body image stereotypes
in a purely textual manner.

Against this background, the position paper at hand proposes
to target both directions, which are still heavily underexplored,
by leveraging highly capable MLLMs that have emerged recently,
such as Qwen3-VL [3], GLM-4.5V [47], InternVL3.5 [49], Gemini 2.5
Pro [9], GPT-5 [43], and Deepseek V4 Vision [11]. In the following,
we detail our perspective on the multimodal study of cognitive
biases in LLMs and provide initial empirical evidence (Section 2).
Subsequently, we point to grand challenges ahead (Section 3).

2 Cognitive Biases in Multimodal LLMs
To support our main proposal, i.e., the reconsideration of the study
of cognitive biases as a multimodal endeavor, we first carefully
reviewed the list of cognitive biases provided in the Cognitive Bias
Codex [5] and identified those whose analysis in LLMs either ne-
cessitates or could be enriched by integrating multimodal data and
models. We selected five of them (bizarreness effect, declinism, con-
trast effect, pareidolia, and self-preference bias) for further analysis.
In the following, we introduce them and provide hypotheses for
their possible manifestiations in MLLMs as well as initial empiri-
cal evidence. Please note that the conducted experiments are not
meant to be exhaustive. They rather aim to support our perspec-
tive and serve as a starting point for subsequent in-depth studies.
Therefore, the experimental setup was deliberately based on ad-
hoc choices instead of comprehensive permutations of prompting
strategies, models, and multimedia materials. In the experiments,
we considered state-of-the-art models of the GPT, Gemini, Claude,
and Deepseek families because of their widespread usage.

Bizarreness Effect
This effect refers to the human tendency to better remember un-
usual than mundane information [14]. Studying it includes sequen-
tial exposure of participants to mixed lists containing both ordinary
and bizarre stimuli (e.g., words or images) [17]. Retrieved memory
is then assessed through recall tasks in which participants describe
or reproduce the items they have previously observed.

While thememorymechanism ofMLLMs is fundamentally differ-
ent from that of humans, we nevertheless hypothesize that MLLMs
also react differently to strange than to common inputs. We there-
fore adapted the experimental setup fromGounden and Nicolas [18]
by constructing a 4×4 image patch containing 16 images, of which
8 were deliberately bizarre and randomly interspersed among ordi-
nary images. The bizarre images included a green “Go” sign, a red

(a) Image grid provided for analysis

(b) Generation with distractor (c) Generation without distractor

Figure 1: Bizarreness Effect — Images provided for analysis (a)
and generation results with distractor (b) and without dis-
tractor (c) regarding using Gemini 3.5 Flash.

banana, a tree with a face, an astronaut cat, a bicycle with square
wheels, a flying car with wings, and a pink waterfall (Figure 1a).

We first prompted Gemini 3.5 Flash to analyze the composite
image while asking a mathematical question. The rationale was that
the mathematical task would act as an interference step, shifting the
model away from the immediate visual details of the image while
preserving any latent representations that remained salient. In a
subsequent prompt, we asked the model to generate a single image
based on the three most significant visual elements from the image
it had analyzed previously. Figure 1b presents the image generated
by the model. We observe that the selected objects are solely drawn
from the set of bizarre images. Notably, the effect still persisted
when repeating the experiment without the distractor task, as evi-
denced in Figure 1c. Although preliminary, this result suggests that
unusual visual stimuli may produce stronger attention activations
in multimodal models, analogous to the increased memorability of
bizarre stimuli reported in human cognition studies.

Declinism and Rosy Retrospection
These cognitive biases are defined, respectively, as the perception
that the world or society is declining [44] and to remembering past
events more positively than they were actually experienced [35].
Rosy retrospection can therefore be regarded as a cause of declinism.
In the context of the multimodal music domain, such effects have
been found in song lyrics; e.g., Parada-Cabaleiro et al. [40] showed
that emotions reflected in lyrics have become more negative over
the last decades. However, this work considers lyrics only as purely
textual data.
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In a multimodal setting, we hypothesize that image generation
may be affected by such declinism tendencies in a way that, when
prompted to create images from the past, the results will generally
convey or induce more positive emotions compared to prompts
that explicitly ask for a present setting or prompts with no explicit
temporal request. Whether such effects, if existing, are the result
of biased training data or induced during training, finetuning, or
inference, needs further investigation.2

Anecdotal evidence is provided in Figure 2 which illustrates the
results of two neutral prompts to Gemini 3.5 Flash: "Please create
an image that shows the world [in the 1960s | today]."3 While both
images depict a similar scene of a city, the lower one may appear
more dystopian, requiring people to wear masks and only starting
at their smartphones.

Figure 2: Declinism — Images created by Gemini 3.5 Flash
prompted to depict the world "in the 1960s" (above) and "to-
day" (below).

Contrast Effect
This effect describes the intensification or diminution of a stimu-
lus’ perception when compared with a simultaneously or recently
observed contrasting stimulus, thereby enhancing the differences
between the compared items. Contrast effects have been founda-
tionally researched in the perception of color contrasts [22] and
product pricing [36].
2Limited technological possibilities in the past, esp. digital photography, may cause (1)
fewer pictures being available from earlier times for training VLMs and (2) available
images being taken in particularly emotion-laden settings, i.e., fewer careless taking
of highly disposable pictures.
3As a side note, it also seems to suffer from an outdated interpretation of "today".

We hypothesize that similar effects also manifest when MLLMs
are presented with two contrasting visual stimuli concurrently.
Adapted from Kenrick and Gutierres [26], who studied contrast
effects on women’s attractiveness, we established a simple multi-
modal experimental setup to investigate the presence of contrast
effects in MLLMs’ judgments. We first presented Gemini 3.5 Flash
with an image of a "normal" room (Figure 3, middle) and asked it to
rate the room’s "physical and aesthetic quality ... on a strict integer
scale from 1 to 10". When evaluated in isolation, the room received
a rating of 5. When presented alongside a luxury room (Figure 3,
right), it again received a rating of 5. However, when presented
alongside a poor-quality room (Figure 3, left), its rating increased
to 6.4 Although preliminary, these results suggest that exposure to
contrasting inputs can influence the model’s evaluation, indicating
the presence of contrast effects in multimodal judgments.

Figure 3: Contrast Effect — Images given to Gemini 3.5 Flash
for rating. The middle picture depicts a normal room while
the room on the left serves as negative contrast and the one
on the right as positive contrast.

Pareidolia
This phenomenon refers to the human tendency to perceive a vague
stimulus as significant and impose a meaningful interpretation [24].
Prominent evidence has been found for perceiving animals, faces,
or objects in cloud formations [32, 53].

We hypothesize that MLLMs could show similar behavior, while
probably not as the dominating response but a secondary reaction
to an image. To test this hypothesis, we first created an image
showing a cloudy sky, intentionally making some clouds in the
right part appear similar to the trunk and head of an elephant,
as shown in Figure 4. Subsequently, we provided the picture to
several MLLMs, applying the ad-hoc prompt "What can you see in
this image?". Interestingly, the answers varied substantially: Claude
Sonnet 5 provided a very detailed analysis, speculating about the
types of clouds and even filters that had likely been used to take
the picture. It also detected "a question mark or a small funnel/tail
shape". In contrast, Gemini 3.5 Flash answered concisely, clearly
identifying a "distinct, twisting cloud formation that resembles a
question mark or a stylized dragon/snake shape".Deepseek V4 Vision
instead perceived a "distinct “S” shape or a jagged, meandering
curve ... a contrail (the condensed water vapor left behind by a high-
flying airplane)". In summary, all investigated MLLMs provided
4To test for possible position effects, we also changed the order of the rooms and asked
the same question. We observed that the ratings pertaining to the 3 rooms remained
the same, results therefore still held.
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some pareidolic speculations, even when not explicitly asked to
search for unusual patterns in the clouds.

Figure 4: Pareidolia — An image showing a cloud formation
whose right parts hint at a trunk of an elephant.

Self-Preference Bias and IKEA Effect
These highly related cognitive biases refer to the phenomenon that
individuals value higher things they invested time or labor in. For
instance, a study reported in Norton et al. [39] found participants
were willing to pay a higher price for furniture they had helped
building than for ready-made items. The common explanation of
this effect is humans’ desire to justify their efforts.

In the context of LLMs, it was found that most models rate texts
they generated themselves higher than texts generated by other
LLMs [8, 52]. To the best of our knowledge, such effects have not
been studied for images. We therefore hypothesize that images
created by one MLLM are rated more positively by that MLLM than
similar images created by other MLLMs.

To test this hypothesis, we carried out a simple experiment:
First, we considered the corresponding prompts of 5 randomly
sampled images from the OpenGPT-4o-Image dataset [7], cover-
ing different categories.5 Subsequently, we used the prompts to
generate new images via the state-of-the-art models Gemini 3.5
Flash and GPT 5.5 Instant.6 In a binary preference assessment task,
we provided each model with each pair of images created with
the same prompt. We investigated prompt-independent preference
and prompt-conditioned preference. For the former, we asked the
MLLMs "Which of these images do you prefer?" while the latter was
assessed using the prompt "Which of these images do you prefer
for “[prompt used for generating the image pair]”?". Interestingly,
the results indicate a tendency for self-preference bias in GPT 5.5
(80% of the preferred content was self-generated) but not in Gem-
ini 3.5 (40% self-preference), for the prompt-independent preference
setup. For the prompt-conditioned experiment, results were even
more pronounced: Gemini 3.5 never preferred its own generations
while GPT 5.5 preferred its own creations in 80% of cases.
5Scientific Imagery, Culture and History, Spatial Reasoning, In-Image Text Rendering,
and Style Control
6The images included in OpenGPT-4o-Image have been created using an older GPT-4o
model and are substantially inferior to those created by state-of-the-art models. A
comparison against those would therefore be misleading.

Other Relevant Cognitive Biases
In addition to the cognitive biases discussed above in more detail,
we identified the following ones from the Cognitive Bias Codex [5]
whose study could benefit from a multimodal perspective:

Cognitive Dissonance refers to the cognitive tension that humans
feel when presented with contradictory information or actions [19].
This stimulates the mind to resolve the conflict. An example where
such effects were studied in LLMs is Lehr et al. [28], who found
that GPT-4o changed its attitude towards a person to resolve con-
tradictory stimuli. However, their work was disputed, in particular
by Cummins et al. [10]. In any case, Lehr et al. [28] relied purely
on text, while MLLMs could be leveraged to study textual-visual,
audio-visual, and even textual-audio-visual inconsistencies.

Halo Effect and Horn Effect describe humans’ tendency to gener-
alize initially perceived specific traits of a person in a positive or
negative way, respectively [38, 48]. This indicates a spill-over of the
"first impression" one gets of a subject to their other characteris-
tics. For instance, Batres and Shiramizu [4] showed that physically
attractive people tend to be perceived as having more positive per-
sonality traits than less attractive ones. In the context of LLMs,
Kim et al. [27] studied halo effects and horn effects by simulating
a candidate rating task for a given job ad. They prompted vari-
ous LLMs and MLLMs with job applications and supplementary
information of the candidates (either textual or visual), finding that
image-based supplementary information had a larger influence on
evaluations compared to text-only information. In visual settings,
LLaVA-OneVisionmodels resulted in a particularly pronounced halo
effect, while the 26B version of InternVL2.5 showed a considerable
horn effect.

Salience Bias is defined as the tendency to focus one’s attention to
items with particularly outstanding, prominent, or emotion-laden
features, even if they are irrelevant in the given context [21, 46].
In contrast to the bizarreness effect discussed above, the focus
here lies on the attention given to items with salient characteristics
instead of the ease of remembering them. Salience bias in MLLMs
could be uncovered by examining their attention maps. Similarities
between manifestations of this bias in humans and in MLLMs could
be researched, e.g., by comparing MLLMs’ attention maps with the
output of detectors for salient regions [31, 34] or salient objects [13,
50], or with human annotations given either by explicit saliency
labels or eyetracking data. If findings point to the existence of
salience biases in MLLMs, the next step should be to investigate
the ways in which they influence the models’ responses.

3 Conclusions and Grand Challenges
This position paper argued for reconsidering the emerging research
direction of investigating cognitive biases in LLMs by taking a
multimodal perspective, in particular, by leveraging the analytical
and generative capabilities of modern MLLMs. Under this perspec-
tive, we reviewed the Cognitive Bias Codex to identify suited biases
and examined five in more detail, discussing existing work that
addressed them in text-only setups and providing hypotheses and
initial evidence in textual-visual settings. While the conducted ex-
periments support our hypotheses, additional and deeper investiga-
tions on a larger scale are required next. More generally, following
this research path, the grand challenges we envision include:



A Multimedia Perspective on the Study of Cognitive Biases in Large Language Models MUWS ’26, November 10–14, 2026, Rio de Janeiro, Brazil

• Creating a detailed taxonomy of cognitive biases relevant
to study under a multimodal perspective, including but not
limited to textual, visual, and auditory channels.

• Researching technologically and psychologically sound adap-
tations of human experiments to a multimedia-driven cogni-
tive bias analysis in MLLMs.

• Beyond the single prompt–response interaction in our initial
experiments, examining how cognitive biases evolve and in-
fluence each other in longer conversations between humans
and MLLMs or even between different MLLMs.

• Mitigating detrimental effects of multimedia-informed cog-
nitive biases in human–MLLM or MLLM–MLLM communi-
cation scenarios.

• Leveraging potentials of multimedia-informed cognitive bi-
ases in MLLMs, e.g., to improve their explainability, effi-
ciency, or trustworthiness.

To conclude, we look forward to seeing exciting interdisciplinary
research at the intersection of computer science and psychology,
that investigates cognitive biases throughout the entire MLLM
ecosystem from a multimedia perspective.
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