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Abstract

Working memory, or the ability to hold and ma-
nipulate information in the mind, is a critical
component of human intelligence and executive
functioning. It is correlated with performance
on various cognitive tasks, including measures
of fluid intelligence, which encompasses rea-
soning and problem solving. We use a compre-
hensive set of classic working memory tasks to
estimate the working memory capacity of large
language models (LLMs). We find that in most
working memory tasks, LLMs exceed norma-
tive human scores. However, we do not find
that the increased working memory capacity is
associated with higher performance on other
executive functioning tasks – specifically cog-
nitive flexibility and attentional control. These
results suggest that an important core deficit in
LLM intelligence may stem from these deficits
in adapting to shifting information and inhibit-
ing automatic responses. We test two reasoning
models and find that they do not fully compen-
sate for these executive functioning deficits.1

1 Introduction

Working memory is the cognitive function that han-
dles storage and manipulation of task-relevant data.
Many everyday tasks, from calculating a tip to play-
ing a game of chess, require keeping relevant infor-
mation in mind and mentally manipulating that in-
formation and thus rely on working memory. Work-
ing memory is correlated with fluid intelligence and
performance on numerous cognitive tests (Conway
et al., 2013), and it has been suggested to be “per-
haps the most significant achievement of human
mental evolution” (Goldman-Rakic, 1992).

Naturally, working memory is also of interest
in the study of artificial intelligence (Yang et al.,
2018) and more recently, in large language models
(LLMs) (Gong et al., 2024; Zhang et al., 2024).

1Our code is available at https://github.com/
minnesotanlp/llm-exec-function.
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Figure 1: Working memory is a keystone component of
high-level human cognition. We administer a standard
set of working memory tasks to LLMs and find that they
tend outperform humans, especially in the simplest tasks.
However, we find that in tasks of executive function, the
LLMs were generally below human baselines.

Working memory in LLMs has been assessed via
the n-back test, with results suggesting LLMs have
human-like working memory. However, n-back
is only one of several standard measures of work-
ing memory capacity, and it is often not the most
representative metric (Frost et al., 2021).

We propose a more robust estimate of LLM
working memory capacity by evaluating LLMs on
a full suite of working memory tasks adapted from
human studies, taking measures of simple and com-
plex spans in addition to the n-back task. We also
extend the study of working memory into executive
functions more broadly. Executive functions are a
group of high-level cognitive processes that enable
sophisticated thinking (Diamond, 2013). There
are three primary executive functions: (1) working
memory, (2) inhibition / attentional control, and
(3) cognitive flexibility. These functions, although
correlated with one another, are also clearly separa-
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ble based on both behavioral and neurological data
(Miyake et al., 2000). We choose one test of atten-
tional control and one test of cognitive flexibility
to assess LLM executive functions beyond work-
ing memory.2 Our experiments consider multiple
model families, sizes, and prompts, and we com-
pare both reasoning and instruction tuned models.

Our findings show that LLMs on most tasks have
a substantially higher working memory capacity
than humans do, and that this capacity is correlated
with model size. Still, LLMs have relatively lower
performance on complex working memory mea-
sures that have additional processing or manipula-
tion demands. Since the transformer architecture
offers much stronger information encoding than the
biological brain, it is not clear whether advanced
working memory capacity in LLMs will correlate
to better performance in other executive functions.
Our tests of other executive functions show no
human-like correlation with working memory ca-
pacity, and further, we find that LLM performance
on these tasks is below published normative data
from human research. This suggests that the bottle-
neck for LLM intelligence is not working memory,
but other critical executive functions required to
perform higher-order tasks.

Finally, we examine the performance of rea-
soning model on these cognitive tasks, since the
thought strings they produce could theoretically
take the role of the central executive by carrying
out selection and goal-oriented manipulation of
task relevant information. We find mixed results in
performance benefits: they improve performance
on a single-turn attentional control task, but not
on a multi-turn cognitive flexibility task. We also
consistently observe the overthinking phenomenon
(Chen et al., 2025) in which simple tasks result
in excessively long thought strings, making per-
formance very inefficient. With specific cognitive
task training, reasoning models may learn to con-
sistently serve as an artificial executive function
mechanism, which may in turn open the door to
more intelligent LLMs. However, in our experi-
ments, we do not find any models that excel across
all executive function tasks.

2 Related Work

Working memory is among the most studied cogni-
tive ability in humans, perhaps because it has been

2Specifically, we administer the Eriksen flanker task and
the Wisconsin Card Sorting Task (WCST).

correlated with a large number of cognitive skills.
In particular, working memory plays an important
role in executive function and problem solving, and
thus has a high impact on goal-oriented behavior
and critical thinking. For an excellent overview on
the relation between working memory and intelli-
gence, see Unsworth et al. (2014).

Working memory is a temporary information
store with limited capacity (Baddeley and Hitch,
1994; Cowan, 2001). There are two critical com-
ponents of working memory. The first is the main-
tenance or storage of relevant information – i.e.,
keeping the information “in mind” – and the sec-
ond is the transformation, processing, or updating
of that information as needed. Neurological stud-
ies indicate that the maintenance of information
in working memory is enabled by sustained acti-
vations of neural circuits (Goldman-Rakic, 1995).
The neural substrates behind the manipulation of
this information are not yet well understood.

The study of working memory in LLMs is still
developing. Gong et al. (2024) found similar perfor-
mance between LLMs and humans on the n-back
task, a common assessment of working memory.
Later work further investigates possible prompt-
ing strategies to enhance model performance on
the task (Zhang et al., 2024). Finally, drawing in-
spiration on cognitive difficulties associated with
overloading working memory in humans, Upad-
hayay et al. (2025) demonstrate that overloading
LLMs with unrelated tasks is an effective jailbreak-
ing technique, suggesting that LLMs may also have
a limited working memory capacity.

Other types of memory3 have a longer history of
study in LLMs. Long term memory, or the back-
ground knowledge learned during pre-training, is
well-established (Petroni et al., 2019); the forma-
tion and forgetting of long-term memory over the
course of pre-training has been investigated (Chang
et al., 2024) and precise weights storing facts have
been localized and causally demonstrated to facil-
itate factual recall (De Cao et al., 2021). Exact
sequence memorization during training has also
been extensively studied, with theoretical bounds
for sequence lengths conditioned on the number
of parameters in a transformers-based architecture
being established (Kim et al., 2023; Kajitsuka and
Sato, 2025; Yun et al., 2020; Zaheer et al., 2020).
The associative memory capability of transformers

3Note that working memory is functionally dissociable
from other forms of memory in humans, as evidenced by
double dissociation in patients with focal brain lesions.
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Figure 2: Our experimental pipeline.

has also been theoretically established (Jiang et al.,
2024), and in-context memorization has been com-
pared to declarative memory in humans (Li et al.,
2024) and linked to the transformers architecture
(Akyürek et al., 2023). Jelassi et al. (2024) show
that the transformers architecture excels at repeat-
ing in-context sequences, which strongly resem-
bles a short-term memory store in humans (see also
(Wen et al., 2024)). Other features of human mem-
ory, such as recency effects and priming effects,
have been documented in LLMs as well (Janik,
2023; Jumelet et al., 2024; Shaki et al., 2023).
Our work expands the study of working memory
in LLMs, with particular focus on whether LLM
working memory modulates downstream skills as
it does in humans.

3 Experimental Setup

Since cognitive processes cannot be directly ob-
served and individual results may reflect task-
specific artifacts, cognitive science aims to col-
lect observations across diverse tasks and popu-
lations. Following this as the primary design prin-
ciple, we introduce variations in our experimental
setups (Figure 2): models, prompt templates, and
task stimuli to see if we obtain comparable findings
under different conditions.

Prompt Variations. When evaluating LLM re-
sponses to cognitive tasks, it is more desirable
to marginalize over all prompts for a given task,
rather than relying on one prompt to evaluate per-
formance, due to high prompt sensitivity in LLM re-
sponses (Sclar et al., 2024; Wahle et al., 2024). We
create thirty prompt permutations based on FOR-
MATSPREAD (Sclar et al., 2024) and paraphrasing
of instructions (Figure 2). For details, see §B.1.
We establish that these prompts induce spread in
model accuracy as expected (see §A.2).

Model Variations. We use six open-source
LLMs (instruction-tuned variants) from three differ-
ent model families, each with two size variations:
Gemma2 with 9B and 27B parameters (Riviere
et al., 2024), Llama3.1 with 8B and 70B parameters
(Dubey et al., 2024), and Qwen2 with 7B and 72B
parameters (Yang et al., 2024). The smaller mod-
els additionally vary in their number of attention
heads, which is theoretically relevant to in-context
memorization: Qwen2-7B has 28 attention heads,
Gemma2-9B has 16, and Llama-3.1-8B has 32.
We also test reasoning variants of two models: a
DeepSeek-R1 (DeepSeek-AI et al., 2025) distilled
Llama3.1-8B and Qwen3-8B. We use the Hugging-
face library (Wolf et al., 2020) for model inference,
applying 4-bit quantization for larger models (27B
or more parameters) to meet computational con-
straints. For experiments with long contexts, we
also use Flash Attention (Dao et al., 2022). Other-
wise, default model configurations and generation
hyperparameters are used in all cases. All experi-
ments are completed on a Linux server equipped
with two Nvidia A100 GPUs.

Task Variation The following result sections an-
swer three research questions, each addressed by a
different set of tasks:

• RQ1 (§4.1, §4.2): Do LLMs show human-like
working memory capacity? We measure access
and manipulation limits in LLMs from five work-
ing memory tasks (Figure 4): two simple spans,
two complex spans, and the n-back task.

• RQ2 (§4.3): Does working memory capacity
in LLMs transfer to other executive functions?
To assess executive functions, we measure tasks
linked to attentional control and strategic flexibil-
ity: one simple task (flanker) and one complex
task (WCST) (Figure 5). These tasks allow us
to estimate both LLM working memory capac-
ity and whether it supports broader cognitive
abilities, i.e., executive functions.

• RQ3 (§5): Can reasoning models provide cog-
nitive benefits that can supplement LLM cogni-
tion? We assess reasoning effects on working
memory capacity (§5) and the cognitive tasks
from RQ2.

4 Estimating working memory capacity

In this section, we detail experiments assessing
working memory capacity in LLMs (§4.1, §4.2),
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Figure 3: Brief overview of the cognitive assessments adapted for LLMs in the present study: (a) working memory
tasks, spanning from simple input/output pairs to full dialogues, (b) executive function tasks, ranging relatively
simple flanker task to complex Wisconsin Card Sorting.
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Figure 4: We asses both simple span tasks (top) and
complex span tasks (bottom). The simple forward
digit span task assesses the storage component of short
term memory, whereas backward digit span has some
overlap with working memory due to the manipulation
component. On the other hand, complex span tasks
also heavily tax information processing, making them a
frequent choice to estimate of working memory spans.

followed by tests of other executive functions §4.3.
Finally, we discuss how reasoning models perform
on these assessments (§5).

4.1 LLMs generally have larger working
memory spans than humans

Standard measures of working memory capacity
are the backward digit span, operation span, and
reading span (see Figure 4) and the n-back task.
Humans struggle with these tasks because stimuli
vanish instantly, subject to rapid decay, and easily
disrupted by interference. Transformers, by con-
trast, do not suffer from sensory decay and can reli-
ability reproduce long sequences with their context
windows by leveraging the self-attention mecha-

nism. (Jelassi et al., 2024).
Prior work shows that LLMs have human-like

n-back performance (Gong et al., 2024). To as-
sess LLM working memory capacity more robustly,
we apply a battery of classic tasks used in psy-
chology. (For details on specific prompting and
evaluation set up, see §B.1.) We reproduce Gong
et al. (2024)’s finding that LLMs have human-
like performance on the n-back task, but for all
other working memory tasks, LLMs meet or sur-
pass human baselines (Table 1). Moreover, we
find parameter count correlates strongly with mean
span performance (r = 0.82, p < 0.05), while the
number of attention heads shows a weaker trend
(r = 0.76; p = 0.08). This suggests that while
attention heads may contribute to straightforward
repetition (e.g., forward digit span), they are less
predictive of tasks requiring information manipula-
tion, such as backward or flexible repetition.

4.2 LLMs excel at simple spans but complex
spans induce more errors

Memory span tasks are often grouped into two
categories: simple spans, i.e. forward and back-
ward digit spans, and complex spans, i.e. operation
and reading spans (Kane and Engle, 2003). In Ta-
ble 1, we see that LLMs vastly exceed human per-
formance on simple spans, but are less dramatically
ahead in complex spans, indicating that additional
information processing demands can hinder LLM
information retrieval in a human-like fashion.

In a similar vein, consider LLM performance on
the forward and backward digit spans. LLMs are
perfect up to 50 forward digits (c.f. the mean 7 dig-
its in humans), but already begin to falter at only 15
backward digits (c.f. the mean 5 digits in humans).4

4We do not find an upper bound on the forward digit span
of LLMs.
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Model 1-back 2-back 3-back O-SPAN R-SPAN BDS (d = 15) FDS (d = 50)

Gemma-2-9B 0.99 0.75 0.72 0.93 0.97 0.21 0.99
Gemma-2-27B 0.91 0.72 0.69 0.92 0.98 0.59 1.00
Llama-3.1-8B 0.76 0.68 0.67 0.99 0.92 0.18 1.00
Llama-3.1-70B 0.93 0.82 0.82 0.99 0.94 0.83 1.00
Qwen2-7B 0.99 0.89 0.85 0.96 0.66 0.00 1.00
Qwen2-72B 0.78 0.74 0.70 0.93 0.97 0.51 1.00

Human (approx) 0.98 0.91 0.75 0.53 0.48 0.00 0.00

Table 1: Average model accuracy on each test. Rough estimates of typical human scores are provided for reference
(see §A.3). Note that for the digit span tasks, we include accuracies for very long strings (d = 15 and d = 50),
while the typical human span is 5 (BDS) to 7 (FDS).

The reversal operation seems to interfere with recall
ability. These findings suggest that while LLMs’
architecture supports large working memory stor-
age capacity, their ability to concurrently integrate
information processing and memory is more lim-
ited. In Section 5, we examine whether reasoning
models can better handle these complex working
memory demands.

4.3 LLMs are below human baselines on tests
of other executive functions

Human working memory capacity is correlated to
a wide range of cognitive abilities, including other
executive functions (Unsworth et al., 2014). Exec-
utive functions are a suite of high-level cognitive
skills that support sophisticate goal-driven behavior.
Having found that LLMs exceed human baselines
of working memory capacity (§ 4.1), we next ask
whether this advantage extends to other executive
functions, which rely on working memory but re-
quire additional control and flexibility.

LLMs show low aptitude on WCST
We first test LLMs on the Wisconsin Card Sorting
Task (WCST) (Grant and Berg, 1948), a widely
studied measure of cognitive flexibility, abstract
reasoning, and set-shifting (Miles et al., 2021). In
this task, participants must infer and apply a sort-
ing rule from feedback, and then adapt when the
rule changes without warning (Figure 5 shows a
schematic). Performance on this task is moder-
ately correlated with working memory capacity on
complex spans (Lehto, 1996; Dann et al., 2023).

We translate the WCST to a textual format for
LLMs; however, we also test two multi-modal mod-
els on visual formats of the task. Each model re-
ceives 102 serially presented stimuli, with three
examples illustrating each sorting rule. The exper-
iment is conducted such that each sorting rule is
presented for 10-15 consecutive turns. Each sort-

ing rule (count, shape, color) is presented twice,
and presented cards do not contain any ambiguous
sorting options (Miles et al., 2021).

In addition, we note that the instructions for hu-
mans taking the WCST are intentionally vague: the
possible sorting rules are not made explicit, and
there are no specific suggestions regarding how
to respond to the feedback. We test models on
prompts adapted directly from the human instruc-
tions, but we also include a version with additional
hints and strategy. Finally, we create a prompt that
contains strategy and organizes all information us-
ing headers tailored for LLMs. (Specific prompts
can be found in Appendix B.1.)

Strategy guidelines added to WCST
prompts

On choosing a rule: (...) There is a simple strategy
you can follow:
(1) if there is a previous answer, check the feedback.
(1a) If the feedback says correct, just apply the same
rule.
(1b) If the feedback says incorrect, choose a *differ-
ent rule* than the one you previously used.
(2) If there is no previous answer, randomly try a rule.

On importance of recent messages: Remember that
the underlying rule can change, so the most recent
feedback (from the last 1-2 turns) is the most impor-
tant to consider – you should ignore all but the most
recent messages.

Results (Table 2) show that all LLMs perform
well below human accuracy, which is typically
70–80% (Barceló et al., 1997; Grant and Berg,
1948; Milner, 1963). Unlike humans, models fail to
respond well to additional exposure of a given rule,
suggesting difficulty in both inferring the underly-
ing rule and maintaining it based on the feedback
received within the dialogue (Fig. 6). This pattern
may echo Coda-Forno et al. (2024), who found
that LLMs under-weight observations in decision-
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Figure 5: The Wisconsin Card Sorting Task (WCST). Participants are serially presented with cards to sort, and they
must infer an underlying “sorting rule” based on feedback. The rule will periodically change without warning, and
people must detect the change and adjust to the new rule. Participants make sorting decisions as quickly as possible.
The WCST tests various executive functions, primarily cognitive flexibility as participants adapt from one set of
rules to another.

(a) Gemma-2-9B: Frequency
of correct answers for turns 1
- 9 after seeing a new rule.

(b) Llama-3.1-70B: Fre-
quency of correct answers for
turns 1-9 after seeing a new
rule .

Figure 6: Results from the WCST task show that some
models have difficulty inferring and maintaining an un-
derlying rule. The pattern suggests a failure to maintain
set: it seems to infer a rule with a slight rise in accuracy,
but the accuracy sharply drops, indicating “forgetting”
of the current rule.

making tasks.
An important metric in WCST results is preser-

vation error, or how frequently participants re-
spond according to the previous rule rather than
the current rule – humans have more preservation
errors than other, non-preservation errors. Because
in our experiments, LLMs fail to effectively learn
a rule, there are few preservation errors and many
non-preservation errors.

For context, in humans, WCST deficits of this
magnitude would be consistent with clinical cog-
nitive impairment (Hammers et al., 2016; Silva-
Filho et al., 2007). While LLMs can perform
well on highly advanced benchmarks, their failure
to adapt to the WCST may indicate foundational
weaknesses in executive function. The WCST may
also hit on the same weaknesses LLMs have in com-
pleting the n-back task: both tasks are multi-turn
and require constant updating of information.

LLMs flanker task performance is below
human baselines
Executive functioning depends not only on flex-
ibility but also on attentional control, the ability

(a) Exemplary image shown
to vision language models do-
ing the WCST task.

(b) Analogous text version
of the WCST, for use in
language-only models.

Figure 7: The WCST stimuli are adapted to both LLMs
and VLMs. Our results do not indicate a strong advan-
tage for either medium.

to prioritize task-relevant information while sup-
pressing distractors. This faculty is tightly coupled
with working memory capacity (Kane and Engle,
2003; Pratt et al., 2011), both relying on a central
“attentional spotlight.”

To test LLMs on attentional control, we use the
classic Eriksen flanker task (Eriksen and Eriksen,
1974). In this task, participants respond to the
central letter of a string: e.g., hit one button if
the center letter is X or C, and another button if the
center letter is B or V. Participants must ignore the
“flanker” letters on either side of the center. Two
types of sequences are shown:

• Congruent trials (e.g., ‘X X C X X’) have
flankers with the same response as the target
(‘X’ and ‘C’).

• Incongruent trials (e.g., ‘B B C B B’) place
the flankers ‘B’ in conflict with target ‘C,’ re-
quiring good attentional control to ignore the
flanker.

The key metric in this task is reaction time, which
typically varies from 300-500ms. Participants have
longer reaction times for incongruent strings be-
cause inhibiting the flankers requires additional
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Accuracy
(↑)

Preservation
Error (↓)

Other
Error (↓)

Model Base Prompt +Strategy +Strat.,Hd Base +Strat. +St,Hd Base +Strat. +St,Hd

Llama-3.1-8B 0.31 (0.09) 0.28 (0.09) 0.33 (0.05) 0.02 0.00 0.03 0.67 0.72 0.64
Llama-3.1-70B 0.31 (0.06) 0.50 (0.07) 0.40 (0.07) 0.04 0.04 0.09 0.65 0.47 0.52
Gemma-2-9B 0.12 (0.06) 0.34 (0.09) 0.22 (0.10) 0.07 0.07 0.00 0.81 0.59 0.78
Gemma-2-27B 0.31 (0.06) 0.41 (0.10) 0.20 (0.18) 0.09 0.05 0.10 0.60 0.54 0.70
Qwen2-7B 0.30 (0.09) 0.39 (0.09) 0.30 (0.06) 0.08 0.07 0.07 0.62 0.54 0.63
Qwen2-72B 0.32 (0.05) 0.48 (0.10) 0.52 (0.13) 0.08 0.06 0.09 0.60 0.47 0.39
Qwen2.5-Vl-7B 0.41 (0.10) 0.38 (0.07) 0.35 (0.09) 0.07 0.10 0.07 0.52 0.52 0.58
Qwen2.5-Vl-32B 0.34 (0.09) 0.35 (0.05) 0.34 (0.07) 0.09 0.08 0.08 0.57 0.57 0.58

Healthy adults 0.77 0.12 0.09

Table 2: Frequencies of correct answers and errors in WCST across different models and prompt types (due to
rounding, all rows do not sum to exactly 1). Models are tested with not only prompts based on the instructions used
for humans, but also prompts that additionally include explicit rules and strategy instructions (+ Strat) and more
prompts that also organize all information neatly with clear delineated headers (+ Strat, Hd). Values in parentheses
represent 95% CI. Human norms naturally vary slightly across studies; the reference values shown here are from a
normative study by Barceló et al. (1997).

(a) Frequencies of correct re-
sponses on the flanker task.
All models do substantially
worse in the incongruent con-
dition.

(b) For correct answers, confi-
dence (probability of the cor-
rect answer) decreases in the
incongruent condition, indi-
cating interference from the
flanking letters.

Figure 8: Flanker task: (a) average accuracy and (b)
probabilities of correct answers. All models tested per-
form worse in the incongruent condition.

cognitive resources, which slows the response.
Because we cannot measure reaction times in

LLMs, we instead measure accuracy and the prob-
abilities assigned to correct answer. We find that
model perform substantially worse in incongruent
trials, with accuracies of 40−60%, compared to hu-
man performance of 93%−96% (Eriksen and Erik-
sen, 1974; Yantis and Johnston, 1990). Even when
responses are correct, model confidence drops in
incongruent cases (Figure 8), indicating a vulnera-
bility to the distracting flankers.5

Together, the WCST and flanker task results sug-
gest that LLMs may lack the executive mechanisms
needed to strategically utilize their large working
memory capacity. While they can access and repro-
duce long sequences, they struggle with selecting
relevant information, suppressing irrelevant inputs,

5We verify that tokenization of the letters never groups
them such that two letters share the same token.

and updating information flexibly.

5 Capabilities of Reasoning models

We next ask whether reasoning-enabled variants of
LLMs show advantages of working memory and
executive function. The rationale is that the inter-
mediate “thought strings” produced by reasoning
models might act as a pseudo central executive, sup-
porting memory maintenance and executive atten-
tion or planning. Specifically, we evaluate Qwen3-
8B and Qwen3-32B, with and without reasoning
enabled, and compare Llama-3.1-8B (instruction-
tuned) variant against its reasoning variant distilled
from DeepSeekR1.

5.1 Reasoning does not consistently improve
working memory capacity

Working memory capacity was tested using the
backward digit span and reading span tasks (Sec-
tions 4.1, 4.2). Across both tasks, reasoning vari-
ants did not yield consistent improvements (Fig-
ure 9). While reasoning sometimes boosted weaker
baselines (e.g., Llama-8B, Qwen-8B on backward
digit span), accuracy remained well below ceil-
ing and failed to generalize. Inspection of thought
strings suggests a tendency toward excessive de-
liberation: models often looped through near-
identical reasoning steps without converging, de-
spite the very simple and straightforward natures
of the tasks (Chen et al., 2025); for examples see
§A.1. When reasoning models do markedly worse,
we find it is because thought strings fail to converge,
possibly due to the tasks being out-of-domain.
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(a) Backward digit span accuracy across sequence lengths for
reasoning vs. non-reasoning models. Reasoning aids weaker
models (Llama-8B, Qwen-8B), but does not achieve perfect
accuracy.

(b) Reading span accuracy. Reasoning variants do not outper-
form instruction-tuned.

Figure 9: Reasoning does not reliably improve working
memory capacity. We find that the majority of errors are
due to models failing to converge during their thought
string or hallucinating during the thought string.

5.2 Reasoning improves attentional control on
flanker task (at high computational cost)

In contrast, reasoning models show clear benefits
on flanker task accuracy (Table 3). They outper-
form their non-reasoning counterparts on incongru-
ent trials, though at high computational cost: mod-
els often generate thousands of tokens to solve a
task humans complete in 300-500ms. Notably, rea-
soning sequences were equally long for congruent
and incongruent conditions, suggesting that mod-
els do not capitalize on the simplicity of congruent
cases (all letters require the same response, so it
does not really matter which letter is in the middle).
Instead, they adapt thought heuristics likely learned

Model Congruent Incongruent

Llama-3.1-8B 0.944 0.471
+Reasoning 0.977 0.910

Qwen2-32B 0.917 0.638
+Reasoning 0.994 0.985

Table 3: Flanker accuracies (simple attentional control)
on the congruent vs. incongruent conditions. Adding
reasoning allows models to achieve much higher accu-
racies in this task. Thought strings are several hundred
tokens long, despite the straightforward and simple task.

during training, such as: “Maybe the middle letter
isn’t the exact center, but the third in the sequence.”
These strategies appear inefficient.

5.3 Reasoning sometimes offers modest
improvement on WCST

We also tested reasoning models on the Wisconsin
Card Sorting Task (Section 4.3). Instruction-tuned
LLMs performed substantially below healthy adult
baselines, failing to adapt to feedback when in-
ferring the rule. We find that reasoning variants
of models sometimes fail to outperform their non-
reasoning counterparts, or offer modest improve-
ments that do not close the gap with human norms
(Table 4).

Thought strings often failed to terminate under
our 30,000 token limit (a generous threshold, given
that humans make their choice in seconds). In-
spection of thought strings revealed frequent hal-
lucinations, irrelevant elaborations, and fabricated
stimuli, rather than systematic strategic adjustment.
The thought strings also frequently disregard the
instructions on task strategy; for instance Qwen3-
8B generates: “Wait, the previous rule was count,
and the feedback was correct. But maybe the rule
changed?” which directly contradicts the instruc-
tions.

6 Discussion

Our experiments consistently suggest that LLMs
have a larger working memory capacity than hu-
mans do. This is not wholly unsurprising, given
the propensity the transformers architecture has for
copying in-context text. However, we critically
find that LLM memory tends to get weaker when
manipulation of in-context information is required
(even a simple reversal, as in the backward digit
span), when updating is required (e.g., n-back task),
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Accuracy
(↑)

Llama-3.1-8B
Human Inst. 0.31 (0.09)
+ Strategy 0.28 (0.09)
+ Strat., Hdr. 0.33 (0.05)

Deepseek-R1-
Distill-Llama-8B

Human Inst. 0.14 (0.15)
+ Strategy 0.29 (0.05)
+ Strat., Hdr. 0.30 (0.09)

Qwen2-7B
Human 0.30 (0.09)
Strategy1 0.39 (0.09)
+ Strat., Hdr. 0.30 (0.06)

Qwen3-8B Human 0.47 (0.09)
+ Strategy 0.53 (0.08)
+ Strat., Hdr. 0.22 (0.08)

Healthy adults 0.77

Table 4: Frequencies of correct answers in WCST across
reasoning models and their instruction-tuned counter-
parts. The reasoning Llama variant shows no improve-
ment, while the reasoning Qwen variant shows some
improvement, albeit still falling behind human accuracy.
Results are shown across three prompting strategies:
prompt based on human instructions, an augmented
prompt that makes rules and strategy explicit (+ Strat-
egy), and a further augmented prompt that clearly orga-
nizes information under headers (+ Strat, Hdr). Human
norms naturally vary slightly across studies; reference
values shown are from Barceló et al. (1997).

or when simultaneous processing is required (i.e.,
operation span or reading span).

Our results further suggest that attentional con-
trol – or selecting relevant information to focus on
while ignoring distractors – is another vulnerability
for LLMs. Notably, reasoning models were able to
successfully mitigate this in the flanker task.

Difficulty with updating task-relevant informa-
tion may also interfere with LLM ability to adapt
to the WCST. While humans can infer a simple
sorting rule with relative ease based on feedback
from an examiner, no model approached human-
like performance on this task. If LLMs have dif-
ficulty updating the state of relevant information,
then they will not be able to successfully update
their beliefs after receiving feedback, leading to
low accuracy scores like the ones we observe.

While reasoning models can possibly supple-
ment these difficulties by, e.g., generating thought
strings that repeat information in a strategic, goal-
oriented way to aid retrieval, we do not find con-
sistent evidence of such behavior. Instead, the rea-
soning models tested could augment performance
on simpler, one-turn tasks (e.g., Flanker, backward
digit span) and offered little help on the most com-

plex, longest task (WCST). Finally, we note that
these tasks are relatively fast and simple for hu-
mans to complete, meaning little explicit reasoning
should be required. However, we find that models
generate thousands of tokens to solve these straight-
forward tasks.

It is possible that reasoning models are more
suited to certain cognitive functions, explaining
the asymmetric success we observe. However, it
should be noted that reasoning models are trained
on thought strings for vastly different types of prob-
lem solving, and their learned thought heuristics
(e.g., “Wait,” or “let me double check”) do not ap-
pear to serve them well on these simple cognitive
tasks. With more cognitively-focused training and
more efficient thought strings, reasoning models
could effectively augment executive functioning in
LLMs, unlocking more intelligent models.

7 Conclusion

We apply a suite of working memory tasks to
LLMs, finding that they consistently exceed hu-
man performance. In contrast, we find that the
LLMs tested do poorly on tasks of executive func-
tioning. Manipulation and updating of information
are identified as key cognitive difficulties for LLMs,
and some difficulties with attentional control are
also observed. While reasoning models show some
signs of compensating for these cognitive deficits,
they are highly inefficient and consistently produce
sub-optimal reasoning strings.

Limitations

We report only behavioral results that cannot be
used to interpret what a model encodes in its inter-
nal representations. We believe these behavioral
results are revealing, but as they only capture the
generation process, they do not shed light on the
models’ internal computations or knowledge.

We focus on a collection of six instruction-tuned
and three reasoning models; it is possible that other
language models will not follow the trends found
here, although we have made efforts to collect a
reasonable sample of models.

We make efforts to test a range of prompts and
pilot test prompting strategies, but we are unable to
definitively determine that our prompts are repre-
senting the full range of possible model responses
to these tasks.
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Ethics Statement

In trying to address the working memory limita-
tions discussed in this paper, it may be tempting
to turn to scaling up LLMs, whether via additional
attention heads, wider context windows, generat-
ing more reasoning tokens, ensembling multiple
language models, or some combination thereof.

We instead advocate for research toward more
efficient models. There are very pressing environ-
mental concerns associated with generative lan-
guage models, and further scaling reasoning tokens
should not be done without regard to the sustain-
ability of the models. This is particularly relevant
as this paper addresses working memory, a key
feature for models in industrial, user-facing appli-
cations.
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A Appendix

A.1 Overthinking in Models
We observe several detrimental thought patterns in
reasoning models. Below are selected examples
from Qwen3-8B.

One is incoherent reiterations of the situation,
e.g., “Now, the third letter is being presented. But
the user hasn’t given it yet,” or “Some words are
repetitive and nonsensical, but these are the ones
that can be clearly recalled,” from the reading and
operation span tasks.

Sometimes we see muddled logic, e.g.: “The
last few interactions included words like ‘problem,’
‘speed,’ ‘ice,’ and the current one. So, the words
to recall would be ‘ice’ and any others mentioned
in the current round. But since the user hasn’t
provided more than one word in this round, the
answer should be “ice.””

Thought strings will sometimes veer from the
task entirely, circling without making progress, e.g.:
“I think I’m getting the hang of it.</br> So,</br> I
need to make sure that I don’t make mistakes.</br>
But I’m still learning.</br> I think I need to be
careful.</br>”

We also note that learned reasoning heuristics
(“Wait” or “let me double check”) are not very
useful in these tasks, further hindering reasoning
models. For instance, consider Qwen3-8B’s : “Al-
right, let’s break it down. When I receive a new
letter, I need to look back three positions to see if

5982

https://openreview.net/forum?id=RIu5lyNXjT
https://openreview.net/forum?id=RIu5lyNXjT
https://openreview.net/forum?id=RIu5lyNXjT
https://doi.org/10.3233/faia230505
https://aclanthology.org/2024.emnlp-main.617
https://aclanthology.org/2024.emnlp-main.617
https://www.aclweb.org/anthology/2020.emnlp-demos.6
https://www.aclweb.org/anthology/2020.emnlp-demos.6


(a) Flanker (b) WCST
(c) Digit
Span

(d) Back-
ward DS

Figure 10: For each prompt variation, we compute each
model’s average accuracy on several tasks. These box
plots display the range in resulting model accuracies
over the prompts. For challenging tasks like Flanker and
WCST, the range accuracies are comparatively large.

it matches. If it does, I write ’m’; if not, I write
’-’. Simple enough, but I have to be careful not to
make a mistake with the positions. Maybe I should
write them down as I go along to keep track.

Wait, what if the sequence is longer? I mean,
how do I handle it if the sequence is, say, 10 letters
long? I need to make sure I don’t miss any or mis-
count the positions. Maybe I can keep a running
tally or use some kind of notation to mark the po-
sitions as I go. That way, when I get to the fourth
letter, I can check the first one easily.

Wait, but what if the sequence has letters that
repeat or have patterns?”

“Lastly, I should remind myself to stick strictly
to the rules. Only ’m’ and ’-’ are allowed, and no
explanations. So, I have to make sure my responses
are clear and follow the instructions precisely. That
way, I can ensure my task is done correctly and
efficiently.”

A.2 Prompt Variations
We assess the extent to which the prompt variations
affect the spread of model responses and find that
outside of very easy tasks, the variations capture a
range of model accuracies (Fig. 10).

A.3 Estimation of human baselines
It is difficult to precisely estimate human baselines
due to the sheer number of studies applying these
experimental tasks across a variety of human popu-
lations.

We estimate human baseline accuracy for the
backward digit span of length 7 by referring to the
means and standard deviations presented in (Choi
et al., 2013). Ideally we would use the Weschler
norms, but these are proprietary and we do not
have access. Given the backward digit span norms
µ = 5.4, σ = 1.5, we estimate that about 14% of
people could have a backward digit span of 7. For
the forward digit span of length 7, multiple sources
report means of 7 (Banken, 1985; Monaco et al.,
2013), so we estimate the accuracy at 50%.

Figure 11: Mean model accuracy, by digit sequence
length, in the backward digit span task across all trials
(n = 2100, 70 stimuli x 30 prompts).

We use the reported mean human WCST errors
in (Barceló et al., 1997) to estimate human WCST
accuracy. The reported mean number of errors is
58.9 across 252 trials, so we estimate the baseline
accuracy to be about 77%.

To estimate n-back accuracy we use Experiment
2 in Jaeggi et al. (2010).

We use the reported incongruent error rate in
the Flanker task from (Yantis and Johnston, 1990),
4.7%, to estimate the baseline human accuracy for
incongruent stimuli to be about 95%.

We estimated reading span and operation span
accuracy through reported means from Experiment
1 in (Broadway and Engle, 2010).

A.4 Additional Results

A.4.1 Forward Digit Span
The mean accuracies for forward digit span across
all models can be found in Table 5 .

A.4.2 Backward Digit Span
The mean accuracies for forward digit span across
all models can be found in Figure 11.

A.4.3 Wisconsin Card Sorting Task
The average error rates over the first ten turns after
a rule is introduced are shown in Figure 12 for each
model.

We also investigate model performance over all
dialogue turns. Correlation results are in Table 6,
and the remaining model plots are in Figure 13.

Finally, decreases in accuracy between first and
second exposure to a sorting rule can be seen in
Figure 14

B Licenses of Models

All licenses are fair use for this work.

1. LLaMA-3.1 have a Community License that
permits research.
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Length Gemma-2-27B Gemma-2-9B Llama-3.1-70B Llama-3.1-8B Qwen2-72B Qwen2-7B
7 1.00 1.00 0.99 1.00 1.00 1.00
20 1.00 1.00 1.00 1.00 1.00 0.98
30 1.00 1.00 1.00 1.00 1.00 1.00
50 1.00 0.99 0.99 1.00 1.00 1.00

Table 5: Mean accuracies on forward digit span across all prompts.

Gemma-27B Gemma-9B Llama-70B Llama-8B Qwen-72B Qwen-7B
Pearson’s r -0.36* -0.51* -0.31* -0.33* -0.45* -0.28*

Table 6: Pearson correlation results for model accuracy and dialogue length in the WCST. Significant correlations
(p < 0.05) are marked with *. We find all model accuracy decreases as the dialogue goes on.

(a) Gemma2
(9B)

(b) Gemma2
(27B)

(c) Llama3
(8B)

(d) Llama3
(70B) (e) Qwen2 (7B)

(f) Qwen2
(72B)

Figure 12: We take the average error rate for preser-
vation (red) and other (blue) errors across the first 10
rounds after a new rule is introduced. We find no corre-
lation between any type of model error and the number
of rounds exposed to a new rule.

(a) Gemma 2 (9B) (b) Gemma 2 (27B)

(c) Llama 3.1 (8B) (d) Llama 3.1 (70B)

(e) Qwen 2 (7B) (f) Qwen 2 (72B)

Figure 13: Trends for model accuracy over the course
of the WCST dialogue.

Figure 14: Models tend to have lower accuracy the
second time they are exposed to the count and shape
sorting rules (second and third rows).

2. Qwen models have an Apache 2.0 license.

3. Gemma has a custom Gemma Terms of Use
license that permits research.

B.1 Prompt Specifications
Prompts from the reading span task:

The following task consists of two parts. First, you will be presented with
sentences, which you are supposed to read carefully. These sentences can make
sense (e.g. More and more women want to have a career.) or not (e.g. I stopped
by the gas station to refuel on apple juice.). Your first task is to judge the content
of each sentence. You will then respond with your judgment (True = yes it makes
sense, False = no it does not). After this decision you will see a word on the
screen, which you are also supposed to read carefully. Your second task is to
memorize this word in order to recall it later on. After two to six sentences (which
you are supposed to judge) and words (which you are supposed to memorize),
you will see three question marks (???). Whenever this happens, please respond
by recalling all words you still remember since the last ???. Often it’s easier
to recall them in the order in which they were presented, but this isn’t really
necessary. If you only remember a couple, but not all words, it’s okay to only
name the ones that you do remember. After you have named all these words, the
next round will begin. Your answers will all be recorded. We will now begin.

Prompts from the backward digit span:

You will be presented with a list of digits. Repeat the digits back, in reverse
order. Your response should contain *only* the reversed digits. Below are
some examples of number sequences, followed by the reverse sequence:Digits:
1,2,3,4,5 5,4,3,2,1 Digits: 6,1,2,3,1,8,7 7,8,1,3,2,1,6 This concludes the examples.
Below is a list of digits; respond by repeating these digits back, in reverse order.
Your response should contain *only* the reversed digits.

Prompts from the flanker task:

you’ll be presented with 5 to 11 letters. Focus on the letter in the center. When
encountering an X or a C, reply with Ä.Ïf a V or a B appears, reply with L̈.Ÿour
response should solely consist of Äör L̈,ëxcluding any other letters. For example,
if you see the letters B̈BCBBÿour response should be exactly Ä.̈ If you see the
letters ẌXXXCXXXXÿour response should be exactly Ä.̈ Only respond with a
single letter. This is the end of the instructions; the letters are below:

Prompts from WCST (human-like, base
prompt):

This is a card matching game. I’m going to show you some cards. Each card will
have colored shapes on it.

Your task is to match each card I show you to one of four key card options.
I can’t tell you how to match the cards, but I will tell you after each choice
whether you are right or wrong. There is a correct way to match the cards, and
you need to use my feedback to figure out what it is.

The way the cards are supposed to be matched will change from time to time
during the test, but I won’t tell you when this happens. When it does change,
you’ll have to figure out the new way to match them, again using my feedback to
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help you.

**RESPONSE FORMAT:**
For each card, respond with the sorting principle you’re using and your choice
number.

Format: [principle] - [option number]
Example:
Item: Two red triangles
Options: 1. One red circle, 2. Two green stars, 3. Three yellow crosses, 4. Four
blue triangles
Your response: color – 1
(matching by color: red)

OR
Your response: count – 2
(matching by count: two items)

OR
Your response: shape – 4
(matching by shape: triangles)

Prompts from WCST (with additional explicit
rules and strategy):

You will observe an object and need to categorize it into one of four options.
Your goal is to determine the rule that classifies the object into one of these
options.

Reply with *only the option number* where you believe the object belongs.
Once you submit your answer, you’ll receive feedback on whether your
classification was correct. If it was correct, continue the same classification
strategy; if it was incorrect, try a different rule until you find the correct rule.

At some point(s), without warning, the correct classification strategy will change.
When this happens, forget the old classification strategy and once again, use the
feedback to deduce the new classification strategy.

Below is an example in which the underlying rule is color:

EXAMPLE START
Item: two red triangles
Options: 1. one red circle, 2. two blue crosses, 3. three yellow stars, 4. four
green triangles
Answer: 1
Feedback: Correct
EXAMPLE END

EXAMPLE START

Below is an example in which the underlying rule is shape:
EXAMPLE START
Item: two red triangles
Options: 1. one red circle, 2. two blue crosses, 3. three yellow stars, 4. four
green triangles
Answer: 4
Feedback: Correct
EXAMPLE END

Below is an example in which the underlying rule is count:
EXAMPLE START
Item: two red triangles
Options: 1. one red circle, 2. two blue crosses, 3. three yellow stars, 4. four
green triangles
Answer: 2
Feedback: Correct
EXAMPLE END

To review, over the course of this conversation, there is a changing
hidden classification rule. Your objective is to deduce the current rule, using the
previous answers and feedback. Now let’s start.

Prompt from the WCST (with additional strategy
and organized headers):

Your goal: Sort a presented item into one of four available options using the
correct sorting criterion.

**Available Criteria:**
- COLOR (match by color)
- SHAPE (match by shape)
- COUNT (match by quantity)

**Important Details:**
- Exactly one criterion is correct at any given time
- The correct criterion may shift unexpectedly during the task
- You’ll receive feedback (correct/incorrect) after each attempt

**How to Proceed:**
When you have previous feedback:
- Correct feedback? Stick with that criterion
- Incorrect feedback? Choose a different criterion than the one you just used

When starting fresh or after a potential rule shift:
- Select any criterion to test

**Key Point:**
Prioritize your most recent attempt and its feedback. Earlier rounds may reflect a
different criterion that’s no longer active.

**Answer Format:**
Provide only the criterion and option number, with no additional text. Format
examples:
- ‘color - 2‘
- ‘shape - 4‘
- ‘count - 1‘

Below, we use an example from the WCST to
illustrate the prompt perturbation process.

Original Prompt Template - WCST

You will see an item, and you will have to match it to one of four options. Your
task is to figure out the classification rule to sort the item into one of the four
options.
Respond with *only the option number* you would like to sort the card into.
After you respond, you will get feedback about your response. You will have to
try a different classification rule if the feedback says you were wrong. This is an
example in which the underlying rule is color:
[EXAMPLE START]
Item: two red circles Options: 1. one red circle, 2. two blue crosses, 3. three
yellow stars, 4. four green triangles
—
Answer: 1
—
Feedback: Correct
[EXAMPLE END]
Here’s an example in which the underlying classification rule is *count*:
[EXAMPLE START] Item: two yellow triangles Options: 1. one red circle, 2.
two blue crosses, 3. three yellow stars, 4. four green triangles
—
Answer: 4
—
Feedback: Correct [EXAMPLE END]
Here’s an example in which the underlying classification rule is *shape*:
[EXAMPLE START]
Item: two green circles Options: 1. one red circle, 2. two blue crosses, 3. three
yellow stars, 4. four green triangles
—
Answer: 1
—
Feedback: Correct
[EXAMPLE END]
Now we will begin.
<<DATA>>

Paraphrased Prompt Template 1 - WCST

You will be shown an item, and your task is to match it with one of four options.
Your objective is to determine the hidden classification rule that assigns the item
into one of these four options. The classification rule may be shape, color, or
count.
Reply with *only the option number* you believe the item should be matched
with, based on the classification rule. After you reply, you will receive feedback
regarding your choice. If the feedback says you were incorrect, you will need
to attempt a different classification rule. Note that the rule may change at any
point; keep using the feedback to figure out the current rule. Here’s an example
in which the underlying rule is color:
[EXAMPLE START]
Item: two red circles Options: 1. one red circle, 2. two blue crosses, 3. three
yellow stars, 4. four green triangles
—
Answer: 1
—
Feedback: Correct
[EXAMPLE END]
Here’s an example in which the underlying classification rule is *count*:
[EXAMPLE START] Item: two yellow triangles Options: 1. one red circle, 2.
two blue crosses, 3. three yellow stars, 4. four green triangles
—
Answer: 4
—
Feedback: Correct [EXAMPLE END]
Here’s an example in which the underlying classification rule is *shape*:
[EXAMPLE START]
Item: two green circles Options: 1. one red circle, 2. two blue crosses, 3. three
yellow stars, 4. four green triangles
—
Answer: 1
—
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Feedback: Correct
[EXAMPLE END]
Let’s get started.
<<DATA>>

Paraphrased Prompt Template 2 - WCST

You will observe an object and need to categorize it into one of four options. Your
goal is to determine the rule that classifies the object into one of these options.
Reply with *only the option number* where you believe the object belongs. Once
you submit your answer, you’ll receive feedback on whether your classification
was correct. If it was incorrect, you’ll need to revise your classification strategy.
Below is an example in which the underlying rule is color:
[EXAMPLE START]
Item: two red circles Options: 1. one red circle, 2. two blue crosses, 3. three
yellow stars, 4. four green triangles
—
Answer: 1
—
Feedback: Correct
[EXAMPLE END]
Next is an example in which the underlying classification rule is *count*:
[EXAMPLE START]Item: two yellow triangles Options: 1. one red circle, 2.
two blue crosses, 3. three yellow stars, 4. four green triangles
—
Answer: 4
—
Feedback: Correct [EXAMPLE END]
Finally, an example in which the underlying classification rule is *shape*:
[EXAMPLE START]
Item: two green circles Options: 1. one red circle, 2. two blue crosses, 3. three
yellow stars, 4. four green triangles
—
Answer: 1
—
Feedback: Correct
[EXAMPLE END]
Now let’s start...
<<DATA>>

Data Format 1 (original) - WCST

Feedback: (|FEEDBACK TEXT|)

Item: (|CARD TO SORT|)

Options:
1. one red circle,
2. two green triangles,
3. three blue crosses,
4. four yellow stars

Data Format 2 (Field: {}\n Answer: {}) - WCST

Feedback: (|FEEDBACK TEXT|)

Item: (|CARD TO SORT|)

Options:
1. one red circle, 2. two green triangles, 3. three blue crosses, 4. four yellow stars

Data Format 3 (Field: {} <sep> Answer: {}) - WCST

Feedback: (|FEEDBACK TEXT|) <sep>
Item: (|CARD TO SORT|) <sep>
Options:
1. one red circle, 2. two green triangles, 3. three blue crosses, 4. four yellow stars

Data Format 4 (Field - {}. Answer - {}) - WCST

Feedback - (|FEEDBACK TEXT|).
Item - (|CARD TO SORT|).
Options -
1. one red circle, 2. two green triangles, 3. three blue crosses, 4. four yellow stars

Data Format 5 (Field\t{}. Answer\t{}) - WCST

Feedback (|FEEDBACK TEXT|).
Item (|CARD TO SORT|).
Options
1. one red circle, 2. two green triangles, 3. three blue crosses, 4. four yellow stars

Data Format 6 (FIELD- {} \n ANSWER- {}) - WCST

FEEDBACK- (|FEEDBACK TEXT|)
ITEM- (|CARD TO SORT|)
OPTIONS-
1. one red circle, 2. two green triangles, 3. three blue crosses, 4. four yellow stars

Data Format 7 (field:: {} – answer:: {}) - WCST

feedback:: (|FEEDBACK TEXT|) –
item:: (|CARD TO SORT|) –
options::
1. one red circle, 2. two green triangles, 3. three blue crosses, 4. four yellow stars

Data Format 8 (field - {} , answer - {}) - WCST

feedback - (|FEEDBACK TEXT|) ,
item - (|CARD TO SORT|) ,
options -
1. one red circle, 2. two green triangles, 3. three blue crosses, 4. four yellow stars

Data Format 9 (Field \n\t{} \n Answer \n\t{}) - WCST

Feedback
(|FEEDBACK TEXT|)
Item
(|CARD TO SORT|)
Options
1. one red circle, 2. two green triangles, 3. three blue crosses, 4. four yellow stars

Data Format 10 (Field - {}\n Answer - {}) - WCST

Feedback - (|FEEDBACK TEXT|)
Item - (|CARD TO SORT|)
Options -
1. one red circle, 2. two green triangles, 3. three blue crosses, 4. four yellow stars
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