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Abstract

Language models (LMs) behave more like hu-
mans when their cognitive resources are re-
stricted, particularly in predicting sentence pro-
cessing costs such as reading times. However,
it remains unclear whether such constraints sim-
ilarly affect sentence comprehension strategies,
and existing methods do not directly target the
balance between memory storage and sentence
processing, which is central to human working
memory. To address this issue, we propose a
dual-task paradigm that combines an arithmetic
computation task with a sentence comprehen-
sion task, such as “The 2 cocktail + blended 3
=...”. Our experiments show that under dual-
task conditions, GPT-40, 03-mini, and 04-mini
shift toward plausibility-based comprehension,
mirroring humans’ rational inference. Specifi-
cally, these models show a greater accuracy gap
between plausible sentences (e.g., The cocktail
was blended by the bartender) and implausible
sentences (e.g., The bartender was blended by
the cocktail) in the dual-task condition com-
pared to the single-task conditions. These find-
ings suggest that constraints on the balance be-
tween memory and processing resources pro-
mote rational inference in LMs. More broadly,
they support the view that human-like sentence
comprehension fundamentally arises from the
allocation of limited cognitive resources.

1 Introduction

Working memory is a cognitive system that tem-
porarily stores and maintains information neces-
sary for processing in an accessible state (Atkin-
son and Shiffrin, 1971; Baddeley and Hitch, 1974;
Baddeley, 2003). It is essential for understanding
language in humans.

Comparing the working memory of LMs with
that of humans helps us understand what makes sen-
tence comprehension more human-like. Limitation
of cognitive resources (analogous to working mem-
ory in humans) for sentence comprehension makes
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Figure 1: Overview of hypothesis and tasks. This study
investigates whether language models, similar to hu-
mans, prioritize plausibility over grammar when under-
standing implausible sentences in a dual-task situation
where they simultaneously perform calculation and sen-
tence comprehension.
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LMs behave more like humans (Futrell et al., 2020;
Hahn et al., 2022; Kuribayashi et al., 2021, 2022;
Oh et al., 2022; Oh and Schuler, 2023; Timkey and
Linzen, 2023; Wilcox et al., 2025). Specifically,
LMs with restricted memory resources better ap-
proximate human reading costs, such as reading
times. These findings suggest that resource con-
straints may be a fundamental property of human-
like language comprehension.

However, it remains unclear whether the read-
ing strategies of LMs exhibit patterns analogous
to those of humans under limited cognitive re-
sources. Previous studies have shown that LMs
achieve lower accuracy on complex sentences, sug-
gesting that LMs rely on working-memory-like
mechanisms during sentence processing (Amouyal
et al., 2025a,b; Irwin et al., 2023). We therefore
examine whether LMs adopt human-like compre-
hension strategies when cognitive resources are
constrained.

Existing approaches to constraining cognitive
resources in LMs also face methodological limi-
tations. Prior work has mainly manipulated input
length or model parameters (Asami and Sugawara,



2024; Kuribayashi et al., 2021, 2022; Oh et al.,
2022; Oh and Schuler, 2023; Timkey and Linzen,
2023; Wilcox et al., 2025). These methods either
fail to capture the balance between storage and pro-
cessing that characterizes human working memory
or fail to induce a shift in reading strategy within a
single LM.

To address the methodological issue, we propose
a dual-task paradigm in which models simultane-
ously solve arithmetic problems and answer com-
prehension questions, such as “The 2 cocktail +
blended 3 =...” (see Figure 1). We compare com-
prehension accuracy across three conditions: (i)
single task (comprehension of sentences without
calculation, (ii) noisy single task (comprehension
of sentences with embedded calculation, but no
concurrent arithmetic solving), and (iii) dual task
(comprehension of sentences with embedded cal-
culation while solving the problems).

We focus on one characteristic property of hu-
man reading strategies: limited cognitive resources
promote rational inference (Futrell and Gibson,
2017; Gibson et al., 2013, 2016). Rational infer-
ence involves interpreting literally implausible sen-
tences (e.g., “the cocktail blended the bartender,”)
as plausible meanings consistent with world knowl-
edge (e.g., “the bartender blended the cocktail.”),
prioritizing plausibility over grammatical structure.
Humans are more likely to adopt this strategy under
high cognitive load, such as during dual-task con-
ditions, than under low load (Ayasse et al., 2021;
Rogalsky et al., 2008).

Taken together, we examine whether LMs adopt
rational strategies under dual-task conditions and,
if so, which conditions promote such strategies.
Our contributions are summarized as follows:

(i) We propose a dual-task paradigm to test the
behavior of LMs under limited cognitive re-
sources. This paradigm allows us to observe
the LMs’ function in integrating memory
with sentence processing, analogous to hu-
man working memory.

(i1)) We demonstrate that GPT-40, 03-mini, and
04-mini shift their comprehension strategies
toward rational inference under the dual-task
condition, showing a larger accuracy gap be-
tween plausible and implausible sentences
than in the single-task and noisy single-task
conditions.

(iii)) We show that these models are more likely

to misunderstand implausible sentences with
passive, dative, or benefactive structures. It
suggests that they rely more on world knowl-
edge and superficial word order than on func-
tion words under limited cognitive resources.

(iv) Our findings support the view that resource
constraints are a fundamental property of
human-like language comprehension, extend-
ing previous evidence from reading cost to
reading strategies.

2 Related Work

2.1 Approach to Constrain the LMs’ Working
Memory

There are two major approaches in computational
psycholinguistics for constraining the cognitive re-
sources of LMs: manipulating the input text and
altering the model’s parameters.

For the first approach, Asami and Sugawara
(2024) manipulates the length of entire sentences
and compares the accuracy differences between
plausible and implausible sentences. Their results
show that longer sentences reduced accuracy for
both types, indicating that increased length does
not promote greater reliance on plausibility infor-
mation. This may be because such manipulation
merely increases processing demands without en-
gaging the balance between storage and processing,
which is a central feature of human working mem-
ory. A key function of working memory is its dual
role of storage and processing, such as remember-
ing a series of numbers while performing a distract-
ing task (Atkinson and Shiffrin, 1971; Baddeley
and Hitch, 1974; Baddeley, 2003).

Regarding the second approach, studies have
shown that reducing the number of attention heads
(Timkey and Linzen, 2023), larger perplexity
(Kuribayashi et al., 2021; Oh et al., 2022; Oh
and Schuler, 2023), limiting context access (Kurib-
ayashi et al., 2022), and small training data size and
training steps (Wilcox et al., 2025) lead to better
prediction of human reading times. However, these
manipulations effectively create different model
configurations, each trained for specific tasks, and
therefore reflect differences between models rather
than shifts within a single model. This is analo-
gous to comparing human participants with dif-
ferent working memory capacities, rather than ex-
amining how one participant adapts under varying
conditions.



To address these limitations, we introduce a dual-
task paradigm in which arithmetic expressions are
interleaved with sentence words (see Figure 1).
This design maintains the need for memory stor-
age while imposing additional processing demands,
thereby constraining the working-memory function
that balances storage and processing. Furthermore,
by manipulating the task rather than the model, our
approach sheds light on how a single model shifts
its reading strategy under resource constraints.

2.2 Dual-Task Approaches in LMs and
Humans

Previous work on multi-task processing in language
models has primarily aimed to improve perfor-
mance or efficiency by enabling models to han-
dle multiple tasks simultaneously (Cheng et al.,
2023; Son et al., 2024). These studies focus on
optimizing accuracy or speed and are not designed
to investigate how cognitive resource limitations
affect language comprehension.

In contrast, some studies have attempted to con-
strain LMs’ working memory using n-back tasks
(Kirchner, 1958), with the explicit goal of taxing in-
ternal memory resources (Gong et al., 2024; Zhang
et al., 2024). While these studies share our ob-
jective of probing working memory limitations, n-
back tasks primarily engage numerical memory and
calculation rather than sentence comprehension.

We build on this latter approach by focusing
on working memory in language comprehension.
Specifically, our dual-task approach is inspired by
human working-memory paradigms, particularly
the operation span task (Turner and Engle, 1989).
This task requires participants to perform arith-
metic operations while memorizing words or let-
ters. In the original version (Turner and Engle,
1989), a mathematical problem followed by a to-
be-remembered word is presented, such as “(3 x 4)
+ 11 =20? BEAR”. Participants first read the prob-
lem aloud and judge whether the answer is correct,
then read and memorize the following word. After
several trials (typically two to six), they are asked
to recall the memorized words in the correct order.

3 Methods
3.1 Task

We conduct three types of question-answering
tasks. The Dual Task is designed according to
the LM’s specifications (where a list of strings is
more suitable). The Noisy Single Task is included

to examine whether performance changes are due
to the presence of noisy arithmetic expressions or
to the additional cognitive demands of the Dual
Task. Exact prompts are in Appendix B.

(i) Single Task (Single): The LM receives a sen-
tence without any embedded arithmetic prob-
lems, then answers a comprehension question
about the sentence.

(ii) Noisy Single Task (Noisy): The LM receives
a sentence with embedded arithmetic prob-
lems but ignores them, then answers a com-
prehension question about the sentence.

(iii)) Dual Task (Dual): The LM receives a sen-
tence with embedded arithmetic problems,
solves the arithmetic problems, and then an-
swers a comprehension question about the
sentence.

Following prior work in psycholinguistics, we
evaluate language models against well-established
human phenomena (Ayasse et al., 2021; Futrell and
Gibson, 2017; Gibson et al., 2013, 2016; Rogal-
sky et al., 2008) without collecting new human
data. The validity of this approach lies in pattern-
level correspondence: our goal is not to re-estimate
human behaviour, but to determine whether LMs
exhibit patterns similar to those observed in human
behaviour.

3.2 Dataset

We use a subset of stimuli from the GELP dataset
(Asami and Sugawara, 2024). The dataset consists
of sentence—question pairs. Each sentence includes
one premise connected with two propositions.'

Premises are manipulated by plausibility
(Plausibile / Implausibile) and construction
(Transitive / Passive / Dative / Experiencer Sub-
ject (Exp.Subj.) / Experiencer Object (Exp.Obj.)
/ Benefactive For (Ben.For)), as illustrated in Ta-
ble 1. Although the original dataset includes eight
constructions, two are excluded during preprocess-
ing (see Section 4.2.1 for details).

In addition, to conduct the Dual Task and Noisy
Single Task, we add arithmetic expressions to these
sentences. Randomly generated computation prob-
lems are inserted with identifiers (“x1”, “x2”, “x3”,
...). After the “=", the corresponding identifier

'GELP also contains sentences with one or no propositions.
We use only sentences with two propositions, corresponding
to the high memory-load condition.



Factor Variable Premise and stimuli (Implausible except for the top)
Plausibilit Plausible The bartender blended the cocktail. (Premise)
y Implausible The cocktail blended the bartender. (Premise)
Transitive The cocktail blended the bartender. (Premise)
Passive The bartender was blended by the cocktail. (Premise)
Construction Dative The chef sent the friend to the gift. (Premise)
Exp.Subj. The view missed the traveler. (Premise)
Exp.Ob;j. The researcher encouraged the results. (Premise)
Ben.For The uncle bought the nephew for the toy. (Premise)
Single The cocktail blended the bartender and the intruder cited
the patent after the neurologist baffled the hippie. (Stimuli)
Task Noisy & Dual The 5 cocktail + blended 6 the = bartender x5633 and 9
the + authorities 3 agitated = the x5634 organist 6 after +
the 8 infantryman = saluted x5635 the 3 pollster. (Stimuli,
1dig.2add.)
Correct Answer  Yes / No Did the bartender blend the cocktail? (Question)

Table 1: Examples of premises and stimuli depending on factors and variables. Plausibility and Construction display
premises, and Task displays stimuli we actually used in the experiment. Abbreviations: Exp.Subj = Experiencer
Subject; Exp.Obj. = Experiencer Object; Ben.For = Benefative For.

string (“x17, “x27, “x3”, ...) is appended. Each
arithmetic expression is interleaved into the sen-
tence one word at a time. If the end of the sentence
is reached in the middle of an arithmetic problem,
the remaining calculation problems are not added.

We use ten types of arithmetic problems, varying
in both digit length (1, 3, 5, 10, and 30 digits) and
the number of addends (two vs. three). They are ab-
breviated as Xdig.Yadd. (e.g., 1dig.2add. indicates
the addition of two one-digit numbers). Example
stimuli for some arithmetic types are provided in
Appendix A.

All comprehension questions are binary
(Yes/No), balanced such that half of the correct
answers are Yes and half are No. The final
dataset contains 2,560 sentence—question pairs (2
plausibility levels x 8 constructions x 160 items).

4 Experiments

4.1 Experimental Setup

We evaluate seven LMs: GPT-40 (OpenAl, 2024),
03-mini, o4-mini?, GPT-4.1 (OpenAl, 2024),
DeepSeek-V3 (DeepSeek-Al et al., 2025), Llama-
3.3 (Grattafiori et al., 2024), and Gemma-3 (Team
et al., 2025). The model and prompts are selected
based on the following two criteria: (i) accuracy for
the implausible condition in the Single Task must

Zhttps://openai.com/index/introducing-03-and-o4-mini/

be at least 70%, and (ii) accuracy for the arithmetic
problems in the Dual Task of the 1dig.2add. condi-
tion must be at least 80%.> We set the temperature
t0 0.0.%

4.2 Evaluation Metrics

4.2.1 Preprocessing

Prior to analysis, we filter the data based on model
performance on the Single-Task comprehension
task and the Dual-Task arithmetic problems.

First, we compute Single-Task accuracy for each
construction and plausibility condition and exclude
those below 80%. As a result, two constructions
(double object and benefactive double object) are
excluded for all models, with one additional con-
struction excluded for DeepSeek-V3 and three for
Gemma-3. This ensures that analyses include only
constructions that models reliably comprehend in
the Single Task.

Second, we exclude arithmetic problem types
with incorrect answers exceeding 40%. We also
remove trials where the arithmetic problem was
solved incorrectly or the comprehension response
could not be extracted. This filtering step ensures

3We also test GPT-3.5-turbo (https://platform.
openai.com/docs/models), but it does not meet these
criteria.

*This operation was restricted for the 03-mini and o4-mini.


https://platform.openai.com/docs/models
https://platform.openai.com/docs/models

that the models analyzed do not adopt strategies
that ignore or skip the arithmetic task.

4.2.2 Accuracy of Comprehension Task

We statistically analyze whether the plausibility
effect is larger in the Dual Task than in the Sin-
gle Task and Noisy Single Task, using R (R Core
Team, 2025). We use a per-item, non-parametric
difference-in-differences procedure. For each item
¢ and task ¢, we compute mean accuracy p;s, within
each plausibility level p. The within-task plausibil-
ity contrast is defined as:

Ait = ﬁit,Plausible - ﬁit,]mplausible (1)

For each item, we then calculate two difference-
in-differences contrasts:

DS
D; = Ait,Dual - Ait,Single (2)

i
DN
DZ’ = Ait,Dual - Ait,Noisy (3)

Finally, we conduct one-sided Wilcoxon signed-
rank tests to assess Hy : median(D) < 0 sep-
arately for DZ-D S and DZ-D N The null hypothesis
Hj is rejected if the one-sided test is significant at
o = 0.05.

4.3 Results

Figure 2 shows the mean comprehension accuracy
by plausibility, LM, and construction. As seen in
the graph, whether the Dual Task promotes rational
inference depends on both the LM and the sentence
construction. The models can be grouped into three
categories as follows.

(i) GPT-4o0 is likely to use rational inference
in the Dual Task. Four out of six construc-
tions show lower accuracy for implausible
sentences in the Dual Task than in either the
Single or Noisy Single Tasks.

(i1) o3-mini and 04-mini show a similar tendency
but maintain high accuracy across all condi-
tions (around 100%). Four out of six con-
structions show significantly lower accuracy
for implausible sentences in the Dual Task
than in the Single or Noisy Single Tasks.

(iii) The other models, i.e., GPT-4.1, DeepSeek-
V3, Llama-3.3, and Gemma-3, are likely to
rely on rational inference in both the Noisy
Single and Dual Tasks. These models gen-
erally show significantly lower accuracy in
the Noisy Single and Dual Tasks than in the

Single Task, but no significant difference be-
tween the Noisy Single and Dual Tasks.

In summary, the results suggest that GPT-4o,
03-mini, and o4-mini are more likely to engage
in rational inference when cognitive resources are
constrained. A consistent trend is observed when
analyzing plausibility effects across different arith-
metic problems (see Appendix C) and correct an-
swers (see Section 5.1).

5 Analysis
5.1 Effects of Plausibility by Correct Answer

Figure 3 presents the mean accuracy rates of com-
prehension questions by plausibility, task, LM, and
correct answer (Yes or No). When the correct an-
swer was “Yes”, all models show the largest plausi-
bility contrast under the Dual Task condition. This
effect was driven by a substantial decrease in ac-
curacy for implausible sentences under the Dual
Task. That is, the models often fail to correctly
respond “Yes” when asked whether an implausi-
ble sentence expressed an implausible meaning,
instead responding “No”.

On the other hand, when the correct answer is
“No”, GPT-40, 03-mini, and o4-mini still exhibit
tendencies consistent with rational inference, simi-
lar to the Yes condition. Other models do not show
such a pattern. In summary, consistent with the
results in Section 4.3, GPT-40, 03-mini, and 04-
mini reliably demonstrate a shift toward rational
inference across both answer types.

5.2 Conditions Where the Implausible
Sentences Are Misunderstood

The previous sections show that GPT-40, 03-mini,
and o4-mini tend to shift toward rational inference
under the Dual Task. Here, we examine when these
models are most likely to misinterpret implausible
sentences as plausible under the Dual Task. Fig-
ure 4 illustrates the proportion of implausible items
that are answered correctly in the Single and Noisy
Single Tasks but incorrectly in the Dual Task.
Examining the distribution across constructions
in Figure 4 (a), GPT-40, 03-mini, and 04-mini show
the highest error rates for dative and benefactive-
for constructions. GPT-40 also frequently fails on
passive sentences. These constructions share a key
property: when function words (and morphemes)
are removed, the remaining word sequence appears
semantically plausible. For instance, removing
function words from “The bartender was blended
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Figure 2: Accuracy of comprehension tasks by plausibility, task, LM, and construction. Some conditions are
excluded during preprocessing (see Section 4.2.1). *p < 0.05. **p < 0.01. ***¥p < 0.001. Abbreviations: Exp.Subj =
Experiencer Subject; Exp.Obj. = Experiencer Object; Ben.For = Benefative For.

by the cocktail” and “The chef sent the friend to the
gift” yields “bartender blend cocktail” and “chef
send friend gift” respectively, which could be in-
terpreted as a plausible event. Therefore, it sug-
gests that under resource constraints, these models
rely primarily on the superficial word sequence of
content words and plausibility derived from world
knowledge, rather than function words.

Next, the distribution across the correct answer
in Figure 4 (c) shows that errors are more frequent
when the correct answer is “No” than when it is
“Yes”. This indicates that when asked comprehen-
sion questions such as “Did the bartender blend the
cocktail?”, the models tend to respond “Yes”, show-
ing a bias toward affirmative answers. This pattern
resembles acquiescent, called “yea-saying”, ob-
served in humans during Yes/No question answer-
ing tasks (Jackson and Messick, 1958; Knowles

and Condon, 1999). LM’s acquiescent has also
been observed (Dentella et al., 2023).

Finally, the calculation graph in Figure 4 (b)
shows that all three models fail the most frequently
in the 30-digit condition. This suggests that cogni-
tive load increases for the models as the numerical
magnitude grows.

6 Discussion

6.1 Limitation of Resources Promotes LMs’
Rational Inference

Although the patterns varied across LMs, our data
demonstrate that several models showed a tendency
to adopt more rational comprehension strategies un-
der dual-task conditions. This suggests that one of
the reasons for errors that prioritize plausibility in-
formation over function words is the reduction of
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Figure 3: Accuracy of comprehension tasks by plausi-
bility, task, LM, and correct answer.

cognitive resources available for sentence compre-
hension.

Could it be possible that this plausibility-based
shift in the dual task is due to jumbled and longer
input? We find that dependence on plausibility
increased in the dual task condition compared to
the noisy single task condition, even though both
included identical arithmetic expressions. Thus,
the effect cannot be attributed solely to input com-
plexity. Instead, it reflects the additional cognitive
demands imposed by performing two tasks simul-
taneously, which deplete available resources.

Thus, an additional task is a key to distinguish-
ing the present study from Asami and Sugawara
(2024). They manipulate memory load by length-
ening sentences: while longer sentences reduced
overall accuracy, they did not alter the influence of

plausibility. Therefore, our results suggest that task-
induced cognitive load, rather than input length
alone, is a critical factor in constraining LMs’ cog-
nitive resources. Human working memory is not
simply about storage, but about the dynamic in-
teraction between memory access and processing
(Atkinson and Shiffrin, 1971; Baddeley and Hitch,
1974; Baddeley, 2003). Therefore, our findings
suggest that LMs, like humans, rely not only on
short- or long-term memory stores, but also on a
working-memory-like mechanism that integrates
memory with ongoing computation.

Our results also align with findings from rea-
soning studies. LMs show heuristic reasoning
strategies, called “shortcut solution” (Geirhos et al.,
2020; Jia and Liang, 2017; Ko et al., 2021; Tang
et al., 2023). They sometimes rely on superficial
letter sequences rather than the content of the doc-
uments, similar to this study. Furthermore, it has
been observed that when cognitive resources be-
come limited, reasoning processing shifts from syn-
tactic interpretation to more superficial comprehen-
sion based on word-level associations (Lampinen
et al., 2024; Zhang et al., 2024) and degrades some
functions, such as safety mechanisms (Upadhayay
et al., 2025; Xu et al., 2024). Our work further
explores what functions are reduced in sentence
comprehension. In particular, our data show that
adding an arithmetic computation task depletes the
resources and consequently reduces syntactic pro-
cessing.

6.2 Contributions to Psycholinguistics

Finally, we discuss how our results can contribute
to Psycholinguistic theories. Our findings suggest
that limiting cognitive resources induces a shift
toward rational inference, i.e., a human-like com-
prehension strategy. More broadly, these results
support the hypothesis that human-like sentence
understanding fundamentally arises from how lim-
ited cognitive resources are allocated.

In human sentence comprehension, behavioral
effects are often attributed to memory limitations
(Gibson, 1998; Van Dyke and Lewis, 2003, and oth-
ers). Working memory, particularly its temporary
storage used for ongoing processing, has long been
considered a crucial factor. However, it remains
an open question whether human comprehension
behavior can truly be explained solely in terms of
working memory capacity.

This study provides supporting evidence from
non-human systems, namely LMs, that their be-
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havior under constrained conditions resembles hu-
man behavior. Namely, under the limited resources,
LMs and humans (i) reduced reliance on syntactic
function, with increased reliance on world knowl-
edge and superficial word order (Gibson et al.,
2016; Rogalsky et al., 2008), and (ii) a bias to-
ward acquiescence (Condon et al., 2006; Knowles
and Condon, 1999; Lechner and Rammstedt, 2015;
Rammstedt et al., 2023). That is, both humans
and LMs degrade certain functions supporting syn-
tactic processing and rejection when the cognitive
resources are constrained. As a result, they rely
more on semantic plausibility.

Taken together, our results suggest that the un-
derlying principle of human sentence comprehen-
sion may lie in the resource limitation of working

memory, leading to strategies adopted to achieve
efficient sentence comprehension (cf. Cognitive
Load Theory by Sweller (1988) and Sweller et al.
(2019)).

7 Conclusion

We implement a dual-task paradigm in which the
models simultaneously solve arithmetic problems
and answer comprehension questions. GPT-4o,
03-mini, and o4-mini shift their comprehension
strategies under cognitive resource limitations to-
ward rational inference, similar to humans. Our
findings suggest that task-induced cognitive load,
rather than input length alone, constrains LMs’ cog-
nitive resources and makes them more human-like.



Limitations

First, further research is needed to explore what
drives LMs’ rational reading strategies under dual-
task conditions. While some models demonstrate
a clear shift toward plausibility-based comprehen-
sion, others do not. Notably, even within the GPT-4
family, GPT-40 exhibits rational inference behavior,
whereas GPT-4.1 does not, indicating that identify-
ing the source of this difference is not straightfor-
ward. It remains unclear whether these variations
arise from differences in internal architecture, train-
ing procedures, or other aspects of the model.’
Recent studies have proposed that attention mech-
anisms in LMs serve as a working-memory-like
component in the context of modeling sentence pro-
cessing costs (Ryu and Lewis, 2021; Timkey and
Linzen, 2023; Yoshida et al., 2025). Thus, future
research could extend this line of inquiry to com-
prehension strategies, potentially providing new
insights into human working memory processes
during comprehension.

The second limitation of this study is that the
results may depend on the choice of baseline and
prompt design. Although our Noisy Single Task
is designed to isolate the effect of adding a cal-
culation task by comparing the Dual Task, other
baselines or formatting choices may yield differ-
ent outcomes. This is relevant because large LMs
are known to be sensitive to prompt formulation
(Kojima et al., 2022; Schmidt et al., 2024; Sclar
et al., 2024). Thus, systematically varying prompts,
including non-semantic interruptions such as de-
limiters or formatting tokens instead of numerics,
would be an important direction for future work.

Finally, direct human-LM comparisons would
be highly valuable for more detailed modeling of
human sentence comprehension. Although human
rational inference in similar comprehension tasks is
well established in the psycholinguistic literature,
differences between humans and LMs may be sen-
sitive to task design or stimulus properties. Impor-
tantly, establishing a robust and well-characterized
dual-task paradigm for LMs is a necessary prerequi-
site for meaningful human—-LLM comparison, as pre-
mature comparisons risk conflating methodological
artifacts with cognitive effects. Our contribution

SWe examined whether language models acquire a rational
inference strategy during training using OLMo (Groeneveld
et al., 2024), which provides access to both training data and
intermediate training checkpoints. However, even the final
models fail to solve the arithmetic problems in the dual-task
condition.

should therefore be viewed as a first step: intro-
ducing a dual-task paradigm for LMs and demon-
strating its potential to reveal rational inference
behavior.

Taken together, future work should therefore en-
hance the dual-task paradigm by exploring alter-
native baselines and prompt designs. After estab-
lishing robust experimental settings, subsequent
work can pursue more detailed human-LM com-
parisons and deeper investigation into the internal
mechanisms underlying working memory in LMs.
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A Example stimuli for the Noisy Single
Task and the Dual Task

Table 2 represents example stimuli for the noisy
single task and the dual task.

B Prompts

The method to make prompts is as follows. We put
instructions of tasks and few-shot examples on the
system message, and a sentence and a question on
the user message. The few-shot example contains
four sets of sentence and question, each of these
are plausible or implausible, and question whose
answer is Yes or No. Examples of prompts are in
Figures 5-7.

C Effect of plausibility by calculation

Figure 8 represents the mean accuracy rates of com-
prehension questions by plausibility, LM, and cal-
culation. The graph shows the consistent results
with the results by construction and correct answer
(see Figure 2 and 3): GPT-40, 03-mini, and o04-
mini have the greater difference between plausible
and implausible conditions in the dual task than the
single task or the noisy single task. DeepSeek-V3
also represents this trend.

D Accuracy for Calulation

The accuracy of arithmetic problems is displayed
in Table 3. The table shows that most of the LMs
have around 90% accuracy except for Llama-3.3,
which has below 80% in any conditions.
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Single Task
System Message:

Please read the sentence. Once the sentence
ends, answer the yes/no question about the
sentence. The question relates to the
sentence and requires a yes or no response.
Return the question answers as [Yes] or [No].
The following are examples of sentences and
questions about it.

Sentence: The boy is eating an apple and a
banana in his house.

Question: Is the boy eating an apple?
Answer: [Yes]

Sentence: The teacher put a cup on the table
and read his favorite book while listening
to music.

Question: Did a book read the teacher?
Answer: [No]

Context: The dog was chased by the man before
the woman saw the pianist.

Question: Was the man chased by the dog?
Answer: [No]

Context: The refrigerator painted the
carpenter while the mountain laughed at the
sandwich and the sky was green.

Question: Did the refrigerator paint the
carpenter?

Answer: [Yes]

User Message:

Sentence: The bartender was blended by the
cocktail.

Question: Did the bartender blend the
cocktail?

Answer:

Figure 5: Example prompt of the single task.
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Calculation Stimuli

1dig.2add. The 5 cocktail + blended 6 the = bartender x5633 and 9 the + authorities
3 agitated = the x5634 organist 6 after + the 8 infantryman = saluted
x5635 the 3 pollster.

1dig.3add. The 7 cocktail + blended 6 the + bartender 5 and = the x4210 authorities

2 agitated + the 4 organist + after 4 the = infantryman x4211 saluted 4
the + pollster.

3dig.2add. The 952 cocktail + blended 604 the = bartender x5633 and 793 the
+ authorities 271 agitated = the x5634 organist 770 after + the 832
infantryman = saluted x5635 the 531 pollster.

3dig.3add. The 212 cocktail + blended 260 the + bartender 341 and = the x4210
authorities 220 agitated + the 631 organist + after 753 the = infantryman
x4211 saluted 264 the + pollster.

Table 2: Example stimuli by arithmetic problem. Context stimuli in the noisy single task and the dual task embed
arithmetic problems in sentences.
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Noisy Single Task
System Message:

The sentence combines a math problem and a text
alternating one word at a time. The math problem
is split and placed after each word in the
sentence, such as 2 + 8 = x1. Please read the
sentence while ignoring the math problems. Once
the sentence ends, answer the yes/no question
about the sentence. The question relates to the
sentence and requires a yes or no response.
Return the question answers as [Yes] or [No].
The following are examples of sentences with
math problems and a yes/no question about it.

Sentence: The 2 boy + is 8 eating = an x1 apple
1 and + a 5 banana = in x2 his 3 house.
Question: Is the boy eating an apple?

Answer: [Yes]

Sentence: The 4 teacher + put 9 a + cup 7 on =
the x3 table 1 and + read 4 his + favorite 6
book = while x4 listening 5 to + music.
Question: Did a book read the teacher?

Answer: [No]

Context: The 5 dog + was 5 chased = by x6 the 2
man + before 7 the = woman x7 saw 3 the +
pianist.

Question: Was the man chased by the dog?
Answer: [No]

Context: The 3 refrigerator + painted 6 the +
carpenter 2 while = the x9 mountain 8 laughed +
at 1 the + sandwich 7 and = the x10 sky 1 was +
green.

Question: Did the refrigerator paint the
carpenter?"

Answer: [Yes]

User Message:

Sentence: The 5 cocktail + blended 6 the =
bartender x5633 and 9 the + authorities 3
agitated = the x5634 organist 6 after + the 8
infantryman = saluted x5635 the 3 pollster.
Question: Did the bartender blend the cocktail?
Answer:

Figure 6: Example prompt of the noisy single task.

Dual Task
System Message:

The sentence combines a math problem and a
text alternating one word at a time. The math
problem is split and placed after each word
in the sentence, such as 2 + 8 = x1. Please
read the sentence while accurately
calculating the math problems. When x1, x2,
x3... appear, output the answer to the math
problem carefully. Once the sentence ends,
answer the yes/no question about the
sentence. The question relates to the
sentence and requires a yes or no response.
However, prioritize the quality of solving
the math problems over answering the
sentence. Ensure all math problems are solved
correctly, with each one being an addition of
two or three numbers. Return the math
problems and their answers as tuples, e.g.,
(x1, 2 + 8, 10), (x3, 4+ 9 + 7, 20). Return
the question answers as [Yes] or [No]. The
following are examples of sentences with math
problems and a yes/no question about it.

Sentence: The 2 boy + is 8 eating = an x1
apple 1 and + a 5 banana = in x2 his 3 house.
Question: Is the boy eating an apple?

Answer for the math problem: (x1, 2 + 8, 10),
(x2, 1 + 5, 6)

Answer for the question: [Yes]

Sentence: The 4 teacher + put 9 a + cup 7 on
= the x3 table 1 and + read 4 his + favorite
6 book = while x4 listening 5 to + music.
Question: Did a book read the teacher?
Answer for the math problem: (x3, 4 + 9 + 7,
20), (x4, 1 + 4 + 6, 11)

Answer for the question: [No]

Context: The 5 dog + was 5 chased = by x6 the
2 man + before 7 the = woman x7 saw 3 the +
pianist.

Question: Was the man chased by the dog?
Answer for the math problem: (x6, 5 + 5, 10),
(x7, 2 + 7, 9)

Answer for the question: [No]

Context: The 3 refrigerator + painted 6 the =
carpenter x9 while 8 the + mountain 1 laughed
= at x10 the 7 sandwich + and 9 the = sky x11
was 2 green.

Question: Did the refrigerator paint the
carpenter?

Answer for the math problem: (x9, 3 + 6, 9),
(x10, 8 + 1, 9), (x11, 7 + 9, 16)

Answer for the question: [Yes]

User Message:

Sentence: The 5 cocktail + blended 6 the =
bartender x5633 and 9 the + authorities 3
agitated = the x5634 organist 6 after + the 8
infantryman = saluted x5635 the 3 pollster.
Question: Did the bartender blend the
cocktail?

Answer for the math problem:

Answer for the question:

Figure 7: Example prompt of the dual task.



Model Calculation Mean SD

GPT-40 1dig.2add. 0.99 0.12
GPT-40 1dig.3add. 1.00 0.00
GPT-40 3dig.2add. 0.99 0.11
GPT-40 3dig.3add. 1.00 0.00
GPT-40 5dig.2add. 0.99 0.10
GPT-40 5dig.3add. 0.99 0.11
GPT-40 10dig.2add. 0.92 0.26
GPT-40 10dig.3add. 0.50 0.50
GPT-40 30dig.2add. 0.77 0.42
GPT-40 30dig.3add. 0.04 0.19
03-mini 1dig.2add. 0.97 0.17
03-mini 1dig.3add. 0.98 0.14
03-mini 3dig.2add. 0.95 0.22
03-mini 3dig.3add. 0.98 0.14
03-mini 5dig.2add. 0.95 0.22
03-mini 5dig.3add. 0.97 0.17
03-mini 10dig.2add. 0.93 0.25
03-mini 10dig.3add. 0.93 0.25
03-mini 30dig.2add. 0.71 0.45
03-mini 30dig.3add. 0.58 0.49
o4-mini 1dig.2add. 0.97 0.16
04-mini 1dig.3add. 0.95 0.21
04-mini 3dig.2add. 0.97 0.17
04-mini 3dig.3add. 0.94 0.23
o4-mini 5dig.2add. 0.96 0.20
o4-mini 5dig.3add. 0.93 0.25
04-mini 10dig.2add. 0.94 0.24
04-mini 10dig.3add. 091 0.29
04-mini 30dig.2add. 0.82 0.38
o4-mini 30dig.3add. 0.76 0.43
GPT-4.1 1dig.2add. 1.00 0.00
GPT-4.1 1dig.3add. 1.00 0.05
GPT-4.1 3dig.2add. 1.00 0.00
GPT-4.1 3dig.3add. 1.00 0.01
GPT-4.1 5dig.2add. 1.00 0.04
GPT-4.1 5dig.3add. 0.99 0.11
GPT-4.1 10dig.2add. 0.92 0.28
GPT-4.1 10dig.3add. 0.12 0.33
GPT-4.1 30dig.2add. 0.64 0.48
GPT-4.1 30dig.3add. 0.03 0.18

DeepSeek-V3 1dig.2add. 0.99 0.11
DeepSeek-V3 1dig.3add. 0.99 0.09
DeepSeek-V3 3dig.2add. 0.99 0.12
DeepSeek-V3 3dig.3add. 0.99 0.08
DeepSeek-V3 5dig.2add. 0.97 0.17
DeepSeek-V3 Sdig.3add. 0.99 0.10
DeepSeek-V3  10dig.2add. 0.90 0.30
DeepSeek-V3  10dig.3add. 0.84 0.37
DeepSeek-V3 30dig.2add. 091 0.29
DeepSeek-V3  30dig.3add. 0.58 0.49

Llama-3.3 1dig.2add. 0.82 0.38
Llama-3.3 1dig.3add. 0.73 0.44
Llama-3.3 3dig.2add. 0.76 0.43
Llama-3.3 3dig.3add. 0.50 0.50
Llama-3.3 5dig.2add. 0.78 0.42
Llama-3.3 Sdig.3add. 0.42 0.49

Llama-3.3 10dig.2add. 0.66 0.47
Llama-3.3 10dig.3add. 0.26 0.44
Llama-3.3 30dig.2add. 0.24 0.43
Llama-3.3 30dig.3add. 0.01 0.08

Gemma-3 1dig.2add. 0.89 0.32
Gemma-3 1dig.3add. 0.82 0.39
Gemma-3 3dig.2add. 0.93 0.26
Gemma-3 3dig.3add. 0.83 0.38
Gemma-3 Sdig.2add. 0.81 0.39
Gemma-3 Sdig.3add. 0.72 0.45

Gemma-3 10dig.2add. 0.56 0.50
Gemma-3 10dig.3add. 0.44 0.50
Gemma-3 30dig.2add. 0.18 0.38
Gemma-3 30dig.3add. 0.00 0.00

Table 3: Accuracy of arithmetic problems. Some con-
ditions are excluded during preprocessing (see Section
4.2.1). SD = standard deviation.
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Figure 8: Accuracy rate of comprehension tasks by plausibility, task, LM, and calculation. Some conditions are
excluded during preprocessing (see Section 4.2.1). *p < 0.05. **p < 0.01. ***p < 0.001.
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