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Visual Large Language Models Exhibit Human-Level Cognitive

Flexibility in the Wisconsin Card Sorting Test
Guangfu Hao , Frederic Alexandre , Shan Yu

Abstract—Cognitive flexibility has been extensively studied
in human cognition but remains relatively unexplored in the
context of Visual Large Language Models (VLLMs). This study
assesses the cognitive flexibility of state-of-the-art VLLMs (GPT-
4o, Gemini-1.5 Pro, and Claude-3.5 Sonnet) using the Wisconsin
Card Sorting Test (WCST), a classic measure of set-shifting
ability. Our results reveal that VLLMs achieve or surpass human-
level set-shifting capabilities under chain-of-thought prompt-
ing with text-based inputs. However, their abilities are highly
influenced by both input modality and prompting strategy.
In addition, we find that through role-playing, VLLMs can
simulate various functional deficits aligned with patients having
impairments in cognitive flexibility, suggesting that VLLMs may
possess a cognitive architecture, at least regarding the ability
of set-shifting, similar to the brain. This study reveals the fact
that VLLMs have already approached the human level on a key
component underlying our higher cognition, and highlights the
potential to use them to emulate complex brain processes.

Index Terms—Cognitive flexibility, Wisconsin Card Sorting
Test, Visual large language models, Prefrontal cortex, Prompting
strategy, Cognitive impairment simulation.

I. INTRODUCTION

COGNITIVE flexibility, a key component of executive
function, is fundamental to human adaptability and

problem-solving [1], [2]. This ability to shift between men-
tal sets or strategies in response to changing environmental
demands is crucial for everyday functioning and has been
extensively studied in cognitive psychology research [3]. The
prefrontal cortex (PFC) is known to be central to this cog-
nitive process [4], [5], facilitating goal-directed behavior and
controlled processing.

Recent advancements in artificial intelligence (AI), partic-
ularly in visual large language models (VLLMs) [6], have
sparked a growing need to assess these systems’ cognitive
abilities using paradigms analogous to human cognitive assess-
ment [7]–[9]. State-of-the-art VLLMs such as GPT-4o [10],
Gemini-1.5 Pro [11], and Claude-3.5 Sonnet [12] have demon-
strated remarkable capabilities in processing and interpreting
both textual and visual information, excelling in tasks that
demand complex reasoning and contextual understanding.
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Despite these achievements, the extent to which VLLMs
exhibit cognitive flexibility, especially in tasks requiring set-
shifting and adaptation to changing rules, remains largely
unexplored. While these models have demonstrated impressive
performance across diverse tasks, their ability to flexibly adapt
to changing environmental demands has not been systemati-
cally evaluated. This gap in our understanding is particularly
significant given the increasing integration of VLLMs into
complex, dynamic real-world environments where adaptability
is crucial.

The Wisconsin Card Sorting Test (WCST), developed in
the 1940s [13] and refined over decades, has emerged as
the gold standard for assessing cognitive flexibility in both
clinical and research settings [14], [15]. Originally developed
to evaluate PFC function, it requires participants to discover
sorting rules based on feedback and then flexibly shift to
new rules when the criteria change (see Figure 1). The test’s
sensitivity to PFC function has been consistently demonstrated
through lesion studies [16], neuroimaging research [17], and
clinical observations, cementing its status as a crucial tool in
understanding the cognitive flexibility. While other measures
of cognitive flexibility exist, the WCST’s established validity
make it a core benchmark for evaluating this fundamental
cognitive capacity.

This research aims to evaluate the cognitive flexibility in
VLLMs using the WCST paradigm and investigate how differ-
ent input modalities (image-based vs. text-based) ,prompting
strategy (direct vs. chain-of-thought reasoning) and rule de-
scription specificity affect their performance. Additionally, we
explore the potential of VLLMs to simulate specific patterns
of cognitive impairment through role-playing, which enables
us to understand human cognitive architecture. By comparing
VLLM performance across varied conditions, we aim to elu-
cidate their cognitive flexibility and inherent limitations. This
investigation not only advances our understanding of VLLMs
but also offers insights into the nature of cognitive flexibility
itself.

II. RELATED WORK

A. Cognitive Flexibility and Assessment Methods

Neuroimaging studies have consistently implicated the PFC
in cognitive flexibility tasks. The dorsolateral prefrontal cortex
(DLPFC) and anterior cingulate cortex (ACC) play critical
roles in set-shifting, with the DLPFC maintaining and updating
task rules, and the ACC involved in conflict monitoring and
error detection [18]. The fronto-parietal network, encompass-
ing these regions, dynamically reconfigures during flexibility-
demanding tasks [19]. Cognitive flexibility is closely interre-
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Fig. 1. WCST Procedure and Sample Stimuli. The WCST consists of matching response cards to four stimulus cards based on a sorting rule (color,
shape, or number) that changes periodically. Participants receive feedback on the accuracy of each match but are not explicitly told the sorting rule or when
it changes.

lated with other executive functions: working memory main-
tains task-relevant information and goals [3], while inhibitory
control suppresses previous cognitive sets when rules change
[20].

Several tasks have been developed to assess cognitive flex-
ibility in humans, with the WCST being a widely recognized
measure of set-shifting ability [21]. The WCST’s sensitivity
to PFC dysfunction has been extensively validated [22]. Com-
plementary assessments include the Dimensional Change Card
Sort (DCCS) task for children [23] and the computerized Intra-
Extra Dimensional Set Shift (IED) subtest of the Cambridge
Neuropsychological Test Automated Battery (CANTAB) [24],
offering targeted measures across different populations and
modalities.

B. Multifaceted Evaluation of LLMs

Recent studies have employed diverse assessments to eval-
uate large language models (LLMs) and VLLMs across var-
ious domains and tasks. Models like GPT-4 demonstrated
human-level or superior performance on most theory of mind
tests [25]. Similarly, research on human creativity found that
ChatGPT-assisted ideas were more creative compared to those
generated without LLM assistance [26]. However, challenges
persist in other areas. The Test of Time (ToT) benchmark
exposed difficulties with complex temporal reasoning tasks,
particularly those requiring multi-fact integration and intricate

arithmetic operations [27]. Despite strong performance on
high-level vision tasks, state-of-the-art VLLMs struggled with
basic geometric tasks that are straightforward for humans [28].
A neuropsychological investigation revealed a discontinuous
profile in ChatGPT’s prefrontal functioning, with performance
ranging from superior to impaired across different cognitive
tasks [29]. To address the multifaceted nature of artificial
intelligence, researchers have proposed new evaluation frame-
works. A comprehensive framework for artificial general in-
telligence (AGI) tests inspired by cognitive science empha-
sizes the need for multidimensional intelligence assessment
[9]. Additionally, the concept of Turing Experiments (TEs)
was introduced as a method for evaluating LLMs’ ability to
simulate human behavior in experimental settings [30].

C. Prompting Strategies

Prompting strategies significantly influence the performance
of LLMs [31]. The simplest approach, ”Straight-to-Answer”
(STA), directly queries the model without additional context.
While effective for straightforward tasks, STA often falters on
complex problems requiring multi-step reasoning. Chain-of-
Thought (CoT) prompting encourages step-by-step reasoning
[32], substantially improving performance on complex reason-
ing tasks [33]. Variations such as zero-shot CoT [34] and self-
consistency CoT [35] have further refined this approach, adapt-
ing it to scenarios with limited or no task-specific examples. In
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multimodal contexts, visual CoT have extended these concepts
to VLLMs [36], demonstrating the potential for improved
reasoning in tasks that combine textual and visual information.
Other task-specific strategies, such as least-to-most prompting
address challenges of easy-to-hard generalization [37], while
meta-prompting and automatic prompt engineering techniques
aim to optimize the prompts themselves [38], [39].

III. METHOD

A. Models and Experimental Procedure

This study focuses on three state-of-the-art VLLMs: GPT-
4o, Gemini-1.5 Pro, and Claude-3.5 Sonnet. These models rep-
resent the current pinnacle of multimodal LLMs capabilities,
demonstrating proficiency in processing both textual and visual
inputs (see Table V for details). We employs a standard version
of the WCST-64 [15] to assess the cognitive flexibility of
VLLMs. Our experimental design incorporates a 2x2 factorial
structure, manipulating input modality (Visual Input (VI) /
Textual Input (TI)) and prompting strategy (Straight to Answer
(STA) / Chain of Thought (CoT)) to comprehensively evaluate
VLLMs performance. This design resulted in four experimen-
tal conditions: STA-VI, STA-TI, CoT-VI, and CoT-TI. Each
VLLM was tested independently across all four conditions,
with 10 repetitions per condition. The arrangement of stimulus
cards and the sequence of sorting rules were randomized for
each repetition.

Algorithm 1 WCST for VLLMs
1: Initialize r ∈ {color, shape, number}, c ← 0, s ← 0,

t← 0
2: Inform model: ”{Task description}”
3: while t < 64 do
4: Present card and prompt for sorting (image/text for

VI/TI, using STA/CoT)
5: Record and parse model’s response to extract selection

6: if selection is correct then
7: c← c+ 1
8: if c = 10 then
9: Change active rule r

10: s← s+ 1
11: c← 0
12: end if
13: else
14: c← 0
15: end if
16: Provide feedback on correctness of current selection
17: t← t+ 1
18: end while

Additionally, we collected data from 30 cognitively healthy
human participants (aged 20-35) as a baseline for comparison.
Human participants interacted with a web-based interface
designed to replicate the WCST experience while accom-
modating human response patterns (supplementary Figure s-
5). The interface presented cards sequentially and allowed
participants to indicate their sorting choices via button presses.

The language used in instructions was carefully adapted to
be more intuitive for human subjects while maintaining the
essential structure of the task.

We adapted the WCST for use with VLLMs while main-
taining its core principles (see Algorithm 1 for the implemen-
tation). The test consists of a series of virtual cards, each
featuring shapes (circle, cross, triangle, or star) in varying
colors (red, green, yellow, or blue) and quantities (one to four).
The models are tasked with sorting these cards according to
an undisclosed rule (color, shape, or number), which changes
periodically without explicit notification. The sorting rule
changed after ten consecutive correct categorizations. The
assessment concluded after 64 trials. Detailed descriptions of
the task instructions are provided in supplementary Figure
s-2. Example stimuli for VI and TI conditions, and prompt
templates for STA and CoT strategies are provided in supple-
mentary Figure s-3.

Data collection was fully automated using API calls to each
VLLM. Model responses were recorded verbatim for each
trial. Human participant data was collected through the web-
based interface. All participants provided informed consent,
and the study was approved by the institutional review board.

To address potential concerns regarding model memoriza-
tion of the classic WCST paradigm, we also designed a novel
variant called the ALIEN Task that preserves the logical struc-
ture of the WCST while using entirely different terminology,
stimuli, and framing. In this variant, participants explore an
alien civilization by categorizing extraterrestrial astronomical
systems. The original WCST dimensions were replaced with
thematically distinct alternatives: shape was replaced with
planetary orbit types (spiral, elliptical, circular, Z-shaped);
color was replaced with atmospheric composition (hydro-
gen/blue, helium/yellow, nitrogen/purple, oxygen/green); and
count was replaced with number of moons (1, 2, 3, 4). The
underlying logical structure and rule-switching mechanisms
remained identical to the WCST. We implemented this variant
under STA-TI and CoT-TI conditions to examine whether
performance patterns would persist with entirely novel surface
features. The specific instructions and example stimuli for the
ALIEN Task are detailed in supplementary Figure s-4.

B. Evaluation Metrics

Performance was primarily assessed using the following
metrics which were chosen for their ability to quantify dif-
ferent aspects of cognitive flexibility:

Categories Completed (CC): The number of categories (sets
of 10 consecutive correct sorts) completed.

CC =

n∑
i=1

I(ci = 10) (1)

where n is the total number of trials, ci is the number of
consecutive correct sorts at trial i, and I(·) is the indicator
function.
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Perseverative Errors (PE): The number of errors where
the model persisted with a previously correct but currently
incorrect rule.

PE =

n∑
i=1

I(ri = rprev ∧ ri ̸= rcurrent) (2)

where ri is the rule used by the model at trial i, rprev is the
previously correct rule, and rcurrent is the current correct rule.

Non-Perseverative Errors (NPE): All errors that are not
perseverative.

NPE = Total Errors− PE (3)

NPE captures non-perseverative errors, potentially indicating
exploration or random mistakes.

Trials to First Category (TFC): The number of trials required
to complete the first category, indicating how quickly the
model can deduce and consistently apply the first sorting rule.

TFC = min{i : ci = 10} (4)

where i is the trial number and ci is as defined in CC.
Conceptual Level Responses (CLR): The percentage of

responses occurring in runs of three or more correct sorts,
indicating conceptual understanding.

CLR =

∑n
i=1 I(ci ≥ 3)

n
× 100% (5)

where I(ci ≥ 3) is an indicator function that equals 1 if the
number of consecutive correct sorts up to and including trial
i is 3 or more, and 0 otherwise.

Failure to Maintain Set (FMS): The number of times the
model makes an error after five or more consecutive correct
sorts but before completing a category.

FMS =

n−1∑
i=1

I(5 ≤ ci < 10) · I(ci+1 = 0) (6)

where i is the trial number and ci is as defined in CC.
These metrics collectively provide a comprehensive view

of the VLLMs’ cognitive flexibility [40], capturing various
aspects such as rule learning, set-shifting, perseveration, and
conceptual understanding.

IV. RESULTS

A. WCST Task Performance Across Models and Conditions

The WCST performance of GPT-4o, Gemini-1.5 Pro, and
Claude-3.5 Sonnet exhibited marked variations across the four
conditions (Figure 2). Their cognitive flexibility was measured
using the CC metric, standardized on a 0-1 scale, with the
human baseline(µ = 0.95, σ = 0.09). The CoT-TI condition
consistently yielded superior outcomes across all VLLMs,
followed by CoT-VI, STA-TI, and STA-VI, respectively, un-
derscoring the critical influence of both prompting strategies
and input modalities on VLLMs’ set-shifting capabilities.

In the STA-VI condition, all VLLMs struggled significantly,
with mean performances ranging from 0.02 to 0.04. The
transition to STA-TI yielded modest improvements, particu-
larly for Claude-3.5 Sonnet (µ = 0.10, σ = 0.10). However,
the introduction of CoT prompting precipitated a dramatic

performance surge across all models. In the CoT-VI condition,
Claude-3.5 Sonnet exhibited remarkable improvement (µ =
0.96, σ = 0.08), while Gemini-1.5 Pro and GPT-4o also
showed substantial gains. This stark contrast between STA
and CoT conditions illuminates the pivotal role of explicit
reasoning in augmenting VLLMs’ cognitive flexibility.

The CoT-TI condition elicited peak performances, with
Claude-3.5 Sonnet achieving perfection (µ = 1.00, σ = 0.00),
surpassing even the human baseline. Gemini-1.5 Pro (µ = 0.96,
σ = 0.08) and GPT-4o (µ = 0.92, σ = 0.16) also demonstrated
near-human or human-equivalent performance in this setting.
Notably, the performance variability (σ) was generally higher
in CoT conditions for Gemini-1.5 Pro and GPT-4o, indicating
potential instability in their cognitive processes. The consistent
superiority of TI over VI across all conditions suggests a
potential advantage in processing textual over visual inputs.

The observed performance gradient, from near-chance levels
in STA-VI to human-surpassing in CoT-TI, demonstrates the
potential of VLLMs to exhibit human-like cognitive flexibil-
ity under appropriate conditions, while also highlighting the
critical impact of prompting strategies and input modalities
on their performance in tasks requiring set-shifting and rule
adaptation.

To investigate whether VLLMs’ performance might be
influenced by memorization of similar tasks in their training
data, we evaluated all three models on our novel ALIEN
Task variant under both STA-TI and CoT-TI conditions. The
results, presented in Figure s-1 and Table t-1, demonstrate
performance patterns remarkably consistent with those ob-
served in the original WCST. Under the STA-TI condition, all
models struggled to complete the ALIEN Task, while under the
CoT-TI condition, all models demonstrated high performance
levels that closely mirrored their achievements on the standard
WCST. This consistent performance strongly suggests that the
models’ capabilities reflect genuine cognitive flexibility rather
than memorization of specific task patterns.

B. Detailed Analysis by Evaluation Metric
To offer a comprehensive assessment of the VLLMs’ per-

formance on the WCST, we analyzed six key metrics outlined
in the previous section. Table I presents the mean scores
and standard deviations across all evaluation metrics for each
VLLM and condition. This analysis reveals distinct patterns
in cognitive flexibility and set-shifting abilities among the
models.

PE were most prevalent in the STA-TI condition for all
models, with Claude-3.5 Sonnet showing the highest number
of errors in this condition (µ = 15.90, σ = 17.53). In the STA-
VI condition, PE were relatively low for all models, as they
largely failed to follow the rules at all. However, the transi-
tion to CoT conditions reduced PE, with Claude-3.5 Sonnet
demonstrated the lowest number of PE in the CoT-TI condition
(µ = 6.30, σ = 0.82). This suggests that Claude-3.5 Sonnet
may surpass human performance in adapting to changing rules,
especially when provided with explicit reasoning prompts and
textual descriptions.

NPE showed a dramatic reduction from STA to CoT con-
ditions across all models, with improvements observed in the
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Fig. 2. WCST Task Performance Across Models and Conditions. The distribution of standardized Categories Completed (CC) scores for GPT-4o, Gemini-
1.5 Pro, and Claude-3.5 Sonnet under four experimental conditions: STA-VI (Straight to Answer - Visual Input), STA-TI (Straight to Answer - Textual Input),
CoT-VI (Chain of Thought - Visual Input), and CoT-TI (Chain of Thought - Textual Input), with the human baseline performance.

TABLE I
WCST PERFORMANCE METRICS ACROSS MODELS AND EXPERIMENTAL CONDITIONS

Model Condition CC PE NPE TFC CLR (%) FMS

Gemini-1.5 Pro

STA-VI 0.10 (0.32) 1.70 (5.38) 40.00 (9.51) 11.00 (-) 5.00 (6.15) 0.20 (0.42)
STA-TI 0.40 (0.52) 10.10 (13.99) 29.90 (17.90) 19.25 (-) 9.22 (7.88) 0.10 (0.32)
CoT-VI 2.90 (1.60) 7.40 (4.27) 12.30 (12.37) 19.11 (-) 45.00 (18.95) 0.50 (0.71)
CoT-TI 4.80 (0.42) 6.80 (1.55) 3.50 (1.72) 13.30 (1.95) 63.12 (4.67) 0.10 (0.32)

GPT-4o

STA-VI 0.20 (0.42) 6.20 (13.21) 32.70 (18.57) 19.00 (-) 10.31 (12.11) 0.80 (1.48)
STA-TI 0.30 (0.48) 11.60 (18.72) 28.70 (19.81) 12.00 (-) 8.28 (5.90) 0.30 (0.67)
CoT-VI 2.50 (1.43) 7.60 (5.10) 11.20 (10.03) 17.38 (-) 44.53 (15.51) 1.10 (0.88)
CoT-TI 4.60 (0.84) 7.60 (1.84) 2.10 (0.88) 12.60 (2.46) 63.28 (5.86) 0.10 (0.32)

Claude-3.5 Sonnet

STA-VI 0.10 (0.32) 3.10 (9.80) 24.50 (10.97) 17.00 (-) 20.47 (12.60) 1.60 (0.97)
STA-TI 0.50 (0.53) 15.90 (17.53) 22.90 (18.22) 15.80 (-) 8.90 (7.14) 0.10 (0.32)
CoT-VI 4.80 (0.42) 7.20 (2.82) 2.20 (1.40) 12.70 (1.57) 65.16 (5.32) 0.00 (0.00)
CoT-TI 5.00 (0.00) 6.30 (0.82) 2.00 (0.82) 12.00 (0.94) 67.50 (2.74) 0.00 (0.00)

Human STA-VI 4.73 (0.45) 6.87 (1.63) 2.80 (1.69) 12.93 (1.62) 65.15 (4.35) 0.10 (0.31)

transition from VI to TI inputs. In STA conditions, NPE were
extremely high, indicating near-random performance. The
near-elimination of NPE in CoT-TI (e.g., Claude-3.5 Sonnet: µ
= 2.00, σ = 0.82) suggests that VLLMs can achieve a level of
consistent rule application that exceeds human performance.
This suggests that explicit reasoning prompts enable VLLMs
to maintain a more consistent internal representation of the
current sorting rule, reducing random errors.

All models required the fewest trials to complete the first
category in the CoT-TI condition, with Claude-3.5 Sonnet
performing best (µ = 12.00, σ = 0.94), followed closely by
GPT-4o (µ = 12.60, σ = 2.46) and Gemini-1.5 Pro (µ =
13.30, σ = 1.95). Notably, Claude-3.5 Sonnet outperformed
the human baseline (µ = 12.93, σ = 1.62).

CLR patterns showed substantial improvement from STA to

CoT conditions for all VLLMs, with the highest percentages
observed in the CoT-TI condition. Claude-3.5 Sonnet achieved
the highest CLR in this condition (µ = 67.50%, σ = 2.74%),
followed by GPT-4o (µ = 63.28%, σ = 5.86%) and Gemini-1.5
Pro (µ = 63.12%, σ = 4.67%). This indicates that under CoT-
TI conditions, VLLMs can maintain conceptual understanding
at a level comparable to or exceeding human capability.

FMS were generally low in STA conditions, but this reflects
the models’ overall poor performance rather than true set
maintenance. The transition to CoT conditions led to increased
FMS in the VI condition, suggesting that improved overall
performance paradoxically led to more instances of set loss
after initial successful rule application. However, in the CoT-
TI condition, Claude-3.5 Sonnet achieved perfect set mainte-
nance (FMS = 0.00), outperforming the human baseline. This
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indicates that VLLMs can maintain exceptional consistency in
rule application, potentially surpassing human capabilities in
this aspect of cognitive flexibility.

These detailed metrics collectively reinforce the finding
that CoT prompting, particularly when combined with textual
inputs, substantially enhances VLLMs’ cognitive flexibility as
measured by WCST performance. While all models showed
similar patterns across conditions, Claude-3.5 Sonnet consis-
tently demonstrated superhuman cognitive flexibility in CoT-
TI condition. The consistent pattern across all six metrics
highlights the robustness of the effects of prompting strategy
and input modality, while also revealing subtle differences in
the cognitive capabilities of these VLLMs.

C. Analysis of Input modality

To investigate the performance difference between visual
and textual input conditions, we conducted a detailed analysis
of each model’s ability to accurately perceive and interpret
the WCST card features. This analysis aimed to determine
whether the performance gap was due to limitations in visual
processing or differences in cognitive flexibility across modal-
ities. We evaluated the models’ accuracy in identifying the
three key features of WCST cards: color, shape, and number,
comparing their descriptions against actual card features for
each trial (detailed in Appendix -E).

The results indicate that all three models demonstrated
high accuracy in visual feature recognition (Table II). Claude-
3.5 Sonnet demonstrated perfect accuracy across all features,
while Gemini-1.5 Pro and GPT-4o showed a decline in visual
capabilities, particularly when recognizing how many cards
were present in the image and the number of shapes on each
card. Notably, GPT-4o almost always misidentified 5 cards as
6 cards.

TABLE II
VISUAL FEATURE RECOGNITION ACCURACY (%)

Model Count Color Shape Number Overall

Gemini-1.5 Pro 75 100 100 97.81 96.97
GPT-4o 0 100 100 96.56 89.55
Claude-3.5 Sonnet 100 100 100 100 100

These findings suggest that the performance gap between
VI and TI conditions is not solely attributable to limitations
in visual feature extraction, but rather to the cascading ef-
fects of occasional visual misinterpretations on higher-order
cognitive processes. In the VI condition, visual recognition
errors can disrupt the model’s ability to consistently apply
a rule, necessitating re-exploration of the problem space.
This phenomenon explains the increased variance observed
in model performance under the CoT-VI condition compared
to CoT-TI. The textual input’s inherent precision eliminates
this source of variability, allowing models to demonstrate
more consistent cognitive flexibility. These results reveal the
complex interplay between visual perception and executive
function in VLLMs, highlighting the need for more robust
visual processing pipelines.

D. Impact of Explicit Rule Exclusivity
All results in previous analyses were obtained under con-

ditions that included both a general rule statement specifying
“ The correct answer depends on a rule, which will be based
solely on either the number of shapes, the color of the shapes,
or the shape type itself ” and an explicit rule exclusivity
constraint stating “ There will be no combination of these
characteristics to define the rule ”. To further investigate the
robustness of VLLMs’ cognitive flexibility, we conducted an
additional study examining performance when explicit rule
exclusivity was removed. We examined this under the CoT-
TI condition, which had previously demonstrated near-human
or superior cognitive flexibility for all models. The results are
in Table III.

TABLE III
IMPACT OF EXPLICIT RULE EXCLUSIVITY ON CC

Model Normal w/o Constraints Decline

Gemini-1.5 Pro 4.8 (0.42) 2.6 (2.01) 2.2
GPT-4o 4.6 (0.84) 3.5 (1.27) 1.1
Claude-3.5 Sonnet 5.0 (0.00) 4.7 (0.67) 0.3

Gemini-1.5 Pro exhibited the most pronounced sensitivity
to the absence of explicit rule exclusivity, with mean CC
decreasing from 4.8 (σ = 0.42) with the constraint to 2.6
(σ = 2.01) without it, representing a 2.2 decline. GPT-4o
demonstrated moderate sensitivity, with performance dropping
from 4.6 (σ = 0.84) to 3.5 (σ = 1.27) categories. Claude-3.5
Sonnet showed the most robust performance, maintaining high
functionality even without the explicit exclusivity statement,
with only a marginal decline from perfect performance (µ =
5.0, σ = 0.00) to near-perfect (µ = 4.7, σ = 0.67). The observed
increases in standard deviations across all models when the
exclusivity constraint was removed indicate that explicit rule
exclusivity not only enhances performance but also promotes
more consistent cognitive flexibility.

The differential declines observed among models reflect
disparities in their ability to maintain simple rule structures
in the absence of explicit constraints against more complex
possibilities. Claude-3.5 Sonnet’s robust performance suggests
a superior ability to infer and adhere to simpler rule structures,
even when the possibility of more complex rules is not
explicitly excluded.

E. Simulating Cognitive Impairment
To explore the potential of VLLMs in modeling human

cognitive impairment without modifying the models, we em-
ployed role-playing prompts to simulate three key aspects of
the PFC function commonly impaired in various neurological
conditions [41], [42]: goal maintenance, inhibitory control,
and adaptive updating. This method leverages the models’
ability to imagine and simulate different cognitive states,
allowing us to study how they conceptualize and perform
under various impairment conditions without modifying the
underlying model architecture.

We focused on the CoT-TI condition, as it consistently
yielded the best performance across all models in our previous
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TABLE IV
WCST PERFORMANCE UNDER NORMAL AND SIMULATED IMPAIRMENT CONDITIONS (COT-TI)

Model Condition CC PE NPE TFC CLR (%) FMS

Gemini-1.5 Pro

Normal 4.80 (0.42) 6.80 (1.55) 3.50 (1.72) 13.30 (1.95) 63.12 (4.67) 0.10 (0.32)
Goal Maint. (↓) 1.90 (1.60) 8.60 (7.83) 12.00 (12.38) 16.86 (-) 37.03 (22.39) 0.60 (0.70)
Inhib. Ctrl. (↓) 1.70 (1.49) 6.40 (5.66) 20.10 (14.04) 32.00 (-) 30.63 (18.91) 0.90 (0.99)
Adapt. Upd. (↓) 3.90 (0.74) 8.30 (2.71) 6.70 (4.57) 17.50 (6.20) 56.09 (9.53) 0.00 (0.00)

GPT-4o

Normal 4.60 (0.84) 7.60 (1.84) 2.10 (0.88) 12.60 (2.46) 63.28 (5.86) 0.10 (0.32)
Goal Maint. (↓) 3.50 (1.65) 9.80 (2.66) 4.50 (3.78) 18.10 (9.46) 52.34 (16.49) 0.80 (1.03)
Inhib. Ctrl. (↓) 4.20 (1.03) 10.10 (6.66) 3.70 (2.41) 14.00 (3.50) 57.97 (11.66) 0.30 (0.48)
Adapt. Upd. (↓) 4.30 (0.82) 8.30 (3.13) 2.80 (2.49) 13.10 (1.79) 61.56 (9.24) 0.10 (0.32)

Claude-3.5 Sonnet

Normal 5.00 (0.00) 6.30 (0.82) 2.00 (0.82) 12.00 (0.94) 67.50 (2.74) 0.00 (0.00)
Goal Maint. (↓) 3.20 (1.40) 12.50 (5.64) 5.50 (4.79) 17.50 (7.20) 47.19 (17.44) 0.60 (0.84)
Inhib. Ctrl. (↓) 1.50 (1.65) 12.80 (13.82) 18.70 (19.82) 18.83 (-) 23.59 (20.75) 0.40 (0.52)
Adapt. Upd. (↓) 3.60 (1.26) 8.60 (4.93) 7.50 (9.35) 20.60 (12.55) 51.56 (14.91) 0.00 (0.00)

experiments. The specific role-playing prompts and analysis
methods for this component are detailed in supplementary
Figure s-6. The results presented in Table IV, reveal that
all three VLLMs demonstrated significant performance decre-
ments under simulated impairment conditions, with patterns
that align with neuropsychological observations of patients
with prefrontal dysfunction.

Gemini-1.5 Pro exhibited the highest sensitivity to sim-
ulated impairments, with substantial declines in CC across
all conditions. The most severe impact was observed under
inhibitory control impairment (CC reduced from 4.80 to 1.70),
accompanied by a marked increase in NPE from 3.50 to 20.10.

GPT-4o demonstrated greater resilience, maintaining rela-
tively stable performance across impairment conditions. The
model’s CC decreased modestly from 4.60 to 3.50-4.30, with
PE showing consistent increases across conditions. Notably,
NPE remained stable, indicating a robust ability to maintain
overall response consistency even under simulated impair-
ments. This stability suggests that GPT-4o’s decision-making
processes may be more resistant to perturbation.

Claude-3.5 Sonnet, despite showing the highest baseline
performance (CC = 5.00), exhibited significant vulnerability
to simulated impairments. The model showed increases in
both PE and NPE under impairment conditions, particularly
for inhibitory control (PE: 12.80, NPE: 18.70). This pattern
suggests that Claude-3.5 Sonnet’s high baseline performance
may rely on finely tuned cognitive processes that are more
susceptible to disruption when specific aspects of executive
function are impaired.

Across all models, inhibitory control impairment consis-
tently produced the most severe performance decrements and
led to increased NPE and FMS, aligning with observations
in patients with orbitofrontal damage [43]. Models frequently
mentioned irrelevant card features, simulating distraction and
impulsivity. Goal maintenance impairment primarily affected
CLR and FMS, reflecting difficulties in consistently applying
rules. This pattern is consistent with observations in patients
with dorsolateral prefrontal cortex lesions [44]. Adaptive
updating impairment had a more moderate impact, mainly

affecting CC and CLR, while having less effect on FMS, con-
sistent with difficulties in switching to new rules [45]. These
distinct patterns of impairment across models suggest that
while VLLMs can simulate aspects of cognitive dysfunction,
the underlying mechanisms of their decision-making processes
may differ.

V. DISCUSSION AND CONCLUSION

This study demonstrates that state-of-the-art VLLMs can
achieve, and in some cases surpass, human-level cognitive
flexibility as measured by the WCST, suggesting a potential for
emulating and exceeding human set-shifting abilities in spe-
cific contexts. The observed performance gradient underscores
the complex interplay between input modalities and prompting
strategies. The consistent performance across both the standard
WCST and our novel ALIEN Task variant provides compelling
evidence that these models demonstrate genuine cognitive
flexibility rather than relying on memorized patterns. Despite
the complete transformation of surface features, the models
exhibited virtually identical performance patterns across con-
ditions, suggesting engagement with the underlying logical
structure of set-shifting tasks rather than merely recalling
similar examples from their training data. The performance
gap between VI and TI conditions indicates that current
VLLMs may rely more heavily on language-based reasoning
pathways, even when processing visual information. Explicit
reasoning prompts enable VLLMs to maintain more stable
internal representations of task rules.

Our analysis of explicit rule exclusivity reveals a critical
dependence of VLLMs on precise task instructions. The
significant performance decline observed when specific rule
constraints were removed highlights the models’ reliance on
explicit information to guide their decision-making processes.
This finding suggests that VLLMs’ impressive performance in
structured tasks may not fully generalize to more ambiguous
real-world scenarios without careful consideration of instruc-
tion design.

The simulation of cognitive impairments through role-
playing prompts demonstrates the potential of VLLMs to
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model complex behavioral patterns of executive dysfunction.
The distinct performance profiles observed under simulated
goal maintenance, inhibitory control, and adaptive updating
impairments closely mirror behavioral patterns seen in human
neuropsychological research. However, as recent research has
shown that language models can form biased associations that
mirror societal stereotypes , it is important to acknowledge
that VLLMs’ simulations of cognitive impairments may reflect
stereotypical representations of clinical populations rather than
authentic mechanisms underlying the disorders themselves.

Future research should focus on elucidating the underlying
mechanisms that enable VLLMs to perform set-shifting tasks
and investigating the generalizability of these abilities to other
domains of executive function. Additionally, the development
of more sophisticated visual processing capabilities and the in-
tegration of multimodal information processing warrant further
exploration. The potential of VLLMs to simulate specific pat-
terns of cognitive impairment also opens up new possibilities
for creating realistic models of neuropsychological conditions,
which could have applications in both clinical research and AI
safety. By analyzing VLLMs’ internal representations during
simulated impairments, we could potentially decode the com-
putational principles underlying various cognitive functions,
complementing traditional neuroscience methods.

In conclusion, this study provides insights into our under-
standing of cognitive flexibility in VLLMs, revealing capabil-
ities that match or exceed human performance and important
limitations that depend on task framing and input modalities.
As these models continue to evolve, a deeper understanding
of their cognitive processes will be crucial for harnessing their
potential while addressing their constraints, ultimately leading
to more adaptive and robust AI systems that can flexibly
navigate complex, real-world environments.

MODEL DETAILS

This study employs three state-of-the-art visual language
models: Gemini-1.5 Pro, GPT-4o, and Claude-3.5 Sonnet.
Table A1 presents a comparative overview of these models’
key characteristics.

A. Gemini-1.5 Pro

Gemini-1.5 Pro, created by Google, employs a Mixture of
Experts architecture, allowing for efficient processing of both
textual and visual inputs. While specific architectural details
are proprietary, the model demonstrates strong performance
across various tasks. For image processing, Gemini-1.5 Pro
uses a standardized approach where each image is equivalent
to 258 tokens, regardless of size. Large images are scaled down
to a maximum of 3072x3072 pixels, while small images are
scaled up to 768x768 pixels, both preserving aspect ratio.

B. GPT-4o

GPT-4o, developed by OpenAI, represents an advanced
iteration of the GPT series. It utilizes a transformer-based
architecture and incorporates visual processing capabilities.
GPT-4o offers adaptive image processing with low and high
resolution modes, allowing for a balance between processing
speed and detail level. In low resolution mode, it processes a
512px x 512px version of the image, representing it with 85
tokens. The high resolution mode initially processes a low-
res image, then creates detailed 512px x 512px crops, each
represented by 170 tokens.

C. Claude-3.5 Sonnet

Developed by Anthropic, Claude-3.5 Sonnet builds upon
previous Claude models, incorporating enhanced visual under-
standing capabilities. The model utilizes a transformer-based
architecture optimized for multimodal inputs. Claude-3.5 Son-
net balances multi-image processing by resizing images that
exceed 1568 pixels on the long edge or approximately 1,600
tokens. It calculates token usage based on image dimensions
(tokens = (width px * height px)/750) and emphasizes image
clarity and text legibility for optimal performance.

PROMPTS AND TOKEN USAGE

D. Detailed prompts

The WCST setup consists of four stimulus cards, each
featuring unique combinations of color (red, green, yellow,
blue), shape (triangle, star, cross, circle), and number (one,

TABLE V
COMPARISON OF VISUAL LANGUAGE MODELS

Characteristic Gemini-1.5 Pro GPT-4o Claude-3.5 Sonnet

Multimodal Capabilities Text, audio, image, video Text, audio, image Text, image

API Version gemini-1.5-pro gpt-4o-2024-05-13 claude-3-5-sonnet
-20240620

Access Method aistudio.google.com platform.openai.com console.anthropic.com
Context Window 2M tokens 128K tokens 200K tokens
Maximum Out-Tokens 8,192 tokens 4,096 tokens 4,096 tokens
Knowledge Cutoff November 2023 October 2023 April 2024
Release Date May 2024 May 2024 June 2024

Model Ranking
(till 2024-08-31)

LMSYS #4 #1 #2
OpenCompass #5 #1 #2
Benchmarks #4 #2 #1
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two, three, four) of symbols. A series of 64 response cards
is used, each sharing properties with the stimulus cards but
in different combinations. The sorting rules are based on
three possible categories: color, shape, or number. In our
implementation, each trial is presented to the VLLMs as a
single image containing two rows. The top row displays the
four stimulus cards, while the bottom row shows one response
card. This format is consistent across all 64 trials, providing
a standardized visual input for the models to process. For
the text-based conditions (TI), detailed descriptions of these
images are provided instead.

The test procedure begins with the VLLM being instructed
to match each response card to one of the stimulus cards
based on a rule that it must deduce from feedback. After
each match attempt, the VLLM receives feedback (correct or
incorrect) without explicit mention of the current sorting rule.
The sorting rule changes after 10 consecutive correct matches,
without notification to the VLLM. The test concludes after all
64 cards have been presented.

We implemented four distinct experimental conditions to
assess the VLLMs’ performance: STA-VI (Straight to Answer
with Original Image input), STA-TI (Straight to Answer with
Original Text description input), CoT-VI (Chain of Thought
reasoning with Original Image input), and CoT-TI (Chain
of Thought reasoning with Original Text description input).
Supplementary Figure s-2 provides a visual representation of
the WCST procedure and sample stimuli used in our study.

The prompting strategies for each condition are illustrated
in supplementary Figure s-3. For the CoT conditions, VLLMs
were explicitly instructed to verbalize their reasoning process,
including their observations, hypotheses about the current rule,
and justification for their sorting decisions.

Supplementary Figure s-5 presents the web-based interface
developed for human participants. This interface was designed
to closely mimic the experience of VLLMs while accommo-
dating human interaction patterns. It features a clear presen-
tation of stimulus and response cards, along with intuitive
controls for participants to indicate their sorting choices. The
interface also provides immediate feedback on sorting deci-
sions, mirroring the feedback mechanism used with VLLMs.

To explore the VLLMs’ capacity to simulate cognitive im-
pairments, we introduced role-playing scenarios as described
in supplementary Figure s-6. This figure outlines the specific
instructions given to models for simulating various prefrontal
cortex dysfunctions, including impaired goal maintenance,
inhibitory control deficits, and adaptive updating impairments.
These scenarios were carefully designed to mimic specific cog-
nitive deficits commonly observed in neurological conditions,
allowing us to assess the models’ ability to flexibly adapt their
behavior to simulate human-like cognitive impairments.

Supplementary Figure s-7 provides a detailed example of
a typical VLLM interaction during the WCST. This example
illustrates how models process the presented cards, articulate
their reasoning (in CoT-TI conditions), and make decisions.
Supplementary Figure s-8 showcases the visual processing
capabilities of VLLMs.

E. Visual Accuracy Calculation

The visual accuracy of VLLMs was assessed using a
comprehensive scoring system that evaluated their ability to
correctly identify key features of the WCST cards across 64
trials. The system encompassed five distinct measures: Card
Count Accuracy, Color Accuracy, Shape Accuracy, Number
Accuracy, and Overall Accuracy. For each trial, models were
evaluated on their ability to correctly identify the presence
of five cards and accurately describe the color, shape, and
number of symbols on each card. Detailed descriptions of the
Visual instructions are provided in supplementary Figure s-
3. Supplementary Figure s-8 showcases the visual processing
capabilities of VLLMs.

Count Accuracy was calculated as the proportion of trials
where the model correctly identified the presence of five cards:

ACCcount =

∑64
i=1 I(ci = 5)

64
× 100% (7)

where I(ci = 5) is an indicator function that equals 1 if the
model correctly counted 5 cards in trial i, and 0 otherwise.

Color Accuracy , Shape Accuracy , and Number Accuracy
were calculated similarly, assessing the model’s performance
across all cards in all trials:

ACCfeature =

∑64
i=1

∑5
j=1 I(fij = f∗

ij)

64 ∗ 5
× 100% (8)

where feature ∈ color, shape, number, fij is the model’s
identification of the feature for card j in trial i, and f∗

ij is the
correct feature.

The Overall Accuracy (ACCoverall) was computed as a
composite score, incorporating all correct identifications while
applying a penalty for overcounting cards. First, we define a
penalty function P for overcounting:

P =

∑64
i=1 0.5×max(0, ci − 5)

64
× 100% (9)

where ci is the number of cards counted by the model in
trial i. This penalty deducts 0.5 points for each card counted
beyond the correct number of 5 in any given trial.

The Overall Accuracy is then calculated as:

ACCoverall = ACCcount +
∑

ACCfeature − P (10)

This assessment of the VLLMs’ visual processing capabili-
ties enables detailed comparisons across models and features.
By evaluating multiple aspects of visual perception, from basic
counting to complex feature recognition, the system offered
insights into the strengths and limitations of each model’s
visual cognition in the context of the WCST.

F. Token Usage

To provide insight into the computational resources re-
quired, we list token usage across models and conditions
(Table VI). Across all models, VI conditions consistently
required more tokens than TI conditions, reflecting the addi-
tional computational demand of processing visual information.
CoT conditions consumed significantly more tokens than STA
conditions, indicating the increased computational cost of
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TABLE VI
TOKEN USAGE AND COST ANALYSIS

Model Condition Task Last Token Avg Session Token Avg Session Price Avg Total Tokens Total Price

Gemini-1.5 Pro

STA-VI WCST 18,221 604,260 $2.12 6,042,605 $21.17
STA-TI WCST 6,631 227,378 $0.8 2,273,782 $7.95
CoT-VI WCST 19,898 658,489 $2.32 6,584,887 $23.18

CoT-TI

WCST 9,885 338,747 $1.21 3,387,469 $12.09
WCST w/o restriction 12,795 421,199 $1.52 4,211,991 $15.19

WCST Goal Maint 8,970 311,489 $1.11 3,114,890 $11.08
WCST Inhib Ctrl 10,447 355,556 $1.27 3,555,564 $12.74
WCST Adapt Upd 8,423 295,753 $1.05 2,957,531 $10.49

GPT-4o

STA-VI WCST 7,373 251,712 $1.26 2,517,120 $12.62
STA-TI WCST 6,831 233,900 $1.17 2,338,995 $11.66
CoT-VI WCST 20,210 670,972 $3.49 6,709,718 $34.87

CoT-TI

WCST 20,216 672,265 $3.5 6,722,651 $34.96
WCST w/o restriction 23,093 749,301 $3.91 7,493,007 $39.12

WCST Goal Maint 18,414 619,910 $3.22 6,199,099 $32.19
WCST Inhib Ctrl 18,642 624,323 $3.24 6,243,230 $32.43
WCST Adapt Upd 18,824 634,350 $3.29 6,343,505 $32.93

Claude-3.5 Sonnet

STA-VI WCST 27,404 903,104 $2.72 9,031,040 $27.2
STA-TI WCST 7,073 242,113 $0.73 2,421,131 $7.34
CoT-VI WCST 43,704 1,426,502 $4.48 14,265,023 $44.78

CoT-TI

WCST 19,257 641,037 $2.08 6,410,367 $20.77
WCST w/o restriction 20,718 675,461 $2.2 6,754,606 $21.96

WCST Goal Maint 23,806 778,877 $2.54 7,788,771 $25.42
WCST Inhib Ctrl 24,550 802,087 $2.62 8,020,867 $26.18
WCST Adapt Upd 24,774 799,338 $2.62 7,993,378 $26.16

explicit reasoning processes. Among the models, Claude-3.5
Sonnet showed the highest token usage across all conditions,
suggesting a more computationally intensive approach to task
processing. These token usage patterns provide valuable in-
sights into the relative efficiency and resource requirements
of different VLLMs and experimental conditions in cognitive
flexibility tasks.

CODE AVAILABILITY

The complete code and experimental data
are available at: https://drive.google.com/file/d/
1uUyPn6fP4JDI50zRcdMeGJKwRaI-JTUs/view?usp=
sharing.
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