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Abstract

Amajor debate hasrecently arisen concerning whether large language models (LLMs) have developed an emergent capacity for analogical
reasoning. While some recent work has highlighted the strong zero-shot performance of these systems on a range of text-based analogy
tasks, often rivaling human performance, other work has challenged these conclusions, citing evidence from so-called “counterfactual”
tasks—tasks that are modified so as to decrease similarity with materials that may have been present in the language models’ training
data. Here, we report evidence that language models are also capable of generalizing to these new counterfactual task variants when
they are augmented with the ability to write and execute code. The results further corroborate the emergence of a capacity for
analogical reasoning in LLMs and argue against claims that this capacity depends on simple mimicry of the training data.

Keywords: large language, analogical reasoning, counterfactual tasks, zero-shot reasoning, code execution models

The advent of large language models (LLMs) has already had a
major influence on the cognitive sciences, with much recent
work investigating the potential cognitive capacities of these
systems (1), but a major ongoing debate concerns the question
of whether these capacities extend to higher cognitive processes
such as reasoning (2). One area of particular interest has been
the extent to which LLMs possess an emergent capacity for ana-
logical reasoning, a central aspect of human intelligence that
supports generalization to novel problems and environments
(3). Recent work has found that some state-of-the-art LLMs dis-
play strong zero-shot (i.e. without task-specific training) per-
formance on a range of text-based synthetic and real-world
analogy problems, often performing at or above the level of hu-
man performance (4).

However, it has also been argued that these results do not re-
flect a genuine capacity for analogical reasoning but instead re-
flect “approximate retrieval,” mimicry of similar materials
present in the language models’ training data. Proponents of
this argument have pointed to evidence from “counterfactual”
tasks—a term that was recently introduced to refer to unusual
task variants, designed to deviate from common problems on
which language models may have been trained (5). In particular,
two recent studies have highlighted results from a specific variant
of the letter-string analogy task, involving a permuted alphabet
(see example in Fig. 1a), on which the Generative Pre-trained
Transformer (GPT) class of language models (e.g. GPT-3 and
GPT-4) display degraded performance (6, 7).

Based on these results, ithas been argued that the ability of lan-
guage models to solve other types of analogy problems is based
only on the similarity of those problems to the training data.
This conclusion, however, ignores alternative potential explana-
tions for the poor performance of these models on this particular
task variant. Most notably, such problems require that letters be
converted into the corresponding indices in the permuted alpha-
bet, a process that depends on the ability to precisely count the
items in a list. It is well known that language models have diffi-
culty with counting, a phenomenon that may in fact be related
to the capacity-limited nature of rapid numerical estimation in
visual displays by humans (i.e. “subitizing”) (8). Thus, one poten-
tial alternative interpretation of these results is that they reflect
not a general inability to perform analogical reasoning, but simply
a specific difficulty with problems that require counting.

To test this alternative interpretation, we evaluated a more re-
cently released variant of GPT-4, augmented with the capacity to
write and execute code. This code execution capacity is often in-
voked by the model when performing tasks that require precise in-
dexing within a list. Consistent with this alternative interpretation,
GPT-4 was able to solve these “counterfactual” letter-string analo-
gies at a roughly human level of performance when given the abil-
ity to count using code execution (Fig. 1b; logistic regression,
human participants vs. GPT-4 + code execution: P = 0.92), whereas
without this functionality GPT-4 performed significantly worse, on
par with previous results (6, 7) (human participants vs. GPT-4:
P<2x1071).
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Fig. 1. Results for letter-string analogies with shuffled alphabet. A) Example of a counterfactual letter-string analogy problem constructed using a
permuted alphabet. This example involves a successor transformation with an interval size of 1, applied to the final letter of the string. Other problems
involved an interval size of 2, and different types of transformations. B) Summary of results for human participants, GPT-4, GPT-4 with zero-shot
chain-of-thought, and a variant of GPT-4 augmented with the capacity to write and execute code. C) Results for problems with an interval size of 1, sorted
by transformation type. D) Results for problems with an interval size of 2. Human results reflect average performance for N = 99 participants for
interval-size-1 and N = 97 separate participants for interval-size-2. Human behavioral data were collected in an online experiment. The experiment was
approved by the UCLA Institutional Review Board, and all participants provided informed consent. Black error bars represent standard error of the mean
across participants. Gray error bars represent 95% binomial Cls for average model performance across multiple problems.

We also tested whether zero-shot chain-of-thought (i.e. allowing
the model to “think” before producing a final answer) would improve
GPT-4’s performance, as this approach has been shown to improve
performance on precise quantitative tasks like counting (9). We
found that, although this approach did improve performance to
some extent (GPT-4 vs. GPT-4 + chain-of-thought: P = 0.004), GPT-4
with chain-of-thought still performed worse than human par-
ticipants (human participants vs. GPT-4+ chain-of-thought:
P =3 x 107%) and GPT-4 with code execution (GPT-4 + code execution
vs. GPT-4 + chain-of-thought: P =4.4 x 10~°). These results suggest
that chain-of-thought is not as reliable as code execution for carrying
out the indexing operations in these problems. Consistent with this
hypothesis, we found that GPT-4 could not reliably identify the inter-
val between two letters in our synthetic alphabet (overall accuracy of
10.8% for identification of intervals between —2 and 2), further sug-
gesting that counting is the source of GPT-4’s difficulty on this task.

Importantly, GPT-4 only relied on code execution to convert letters
into their corresponding indices, using code that GPT-4 generated on
its own. Moreover, it was not necessary to instruct GPT-4 to use code
execution in this manner, nor to provide any task-specific instruc-
tions (e.g. regarding the importance of position or interval size). In a
control experiment, in which the code execution model was in-
structed not to invoke its code execution facility, performance was
on par with GPT-4 alone (GPT-4, accuracy =21.7%; code execution

control model, accuracy = 22.5%; logistic regression, GPT-4 vs. control
model: P=0.73). This result indicates that improved performance
was causally related to the use of code execution, and not to any aux-
iliary prompts that may be employed in the code execution model.

Looking more closely at the responses generated by the model, we
found that correct responses were typically accompanied by a co-
herent and accurate explanation (see example in Supplementary
Section S11). In addition, many incorrect responses were based on
aless abstractbutnevertheless valid rule, at arate similar to that ob-
served for human participants (38% of GPT-4’s errors involved a val-
id alternative rule, compared with 39% of errors in the human
behavioral results reported in previous work (7)). Of course, the
use of code execution to solve these particular problems is not a
human-like solution (humans do not need to write code to count
theitems in a list). But these results suggest that the inability of lan-
guage models to solve these particular reasoning problems is most
likely the result of a specific difficulty with counting, rather than a
general inability to solve analogy problems. Given the deliberate
“counterfactual” design of this task, GPT-4’s ability to solve these
problems at a roughly human level, and to provide accurate explan-
ations of its solutions, is difficult to explain in terms of the presence
of these problems in the training data.

It might be argued that by converting letters from the permuted
alphabet into numerical indices, the code-augmented variant of
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GPT-4 effectively rerepresented the counterfactual letter-string
problems as more familiar numerical problems (i.e. the counter-
factual problems were transformed into a known format). But as
early Gestalt psychologists emphasized, human reasoners also
make use of rerepresentation to solve insight problems (10). The
basic role of analogy in problem solving is to understand an un-
familiar target problem by mapping it onto a more familiar source
(11). This aspect of the code-augmented model’s approach is thus
arguably human-like. It should be emphasized that the
code-augmented model autonomously generated code to convert
problems into a suitable format—the system as a whole was pre-
sented only with the counterfactual problems, and the ability to
solve them thus cannot be explained by dependence on similarity
to the training data. Importantly, these findings pertain specifical-
ly to the domain of analogical reasoning, and do not rule out the
possibility that LLMs may depend on “approximate retrieval” in
other domains of reasoning (e.g. logical reasoning (5)).

Our results should not be interpreted as suggesting that code
execution is generally required for language models to solve coun-
terfactual analogy problems. Indeed, previous work (4), found that
language models can solve some types of counterfactual prob-
lems, including a variant of letter-string analogies involving gen-
eralization from letters to real-world concepts (e.g.pqr:pqs:
cold cool warm : ? ), and a novel matrix reasoning task designed
specifically to test language models. Instead, in our experiments
code execution is employed to assist the language model with a
specific auxiliary task (counting) that must be performed to gener-
ate the inputs to analogical reasoning.

More generally, these results illustrate an important point
about the evaluation of cognitive capacities in artificial systems.
A central lesson of cognitive science is that cognition is comprised
of interacting, but dissociable, processes. There is no particular
reason to expect that these processes will similarly covary in arti-
ficial systems, especially those with radically different develop-
mental origins from our own. Thus, as has previously been
argued (4), it is important to distinguish domain-specific failures
in processes such as physical reasoning—or, in this case, count-
ing—from the evaluation of core competencies such as analogical
reasoning. Indeed, human reasoners also display dramatic vari-
ability in their capacity to deploy analogical reasoning in specific
domains, based on their expertise in those domains (12). This ob-
servation echoes recently articulated concerns about the poten-
tial confounding influence of auxiliary task demands when
evaluating LLMs (13). Just as when testing young children or non-
human animals, it is important to design evaluations that probe
the capacity of interest while avoiding confounds resulting from
auxiliary task demands.

A full account of emergent analogical reasoningin LLMs, and of
its relationship to human reasoning, will require us to go beyond
behavioral evaluations by examining the internal mechanisms
that support this capacity. While there is still much to learn, a
growing body of evidence suggests that this capacity may be sup-
ported by a set of structured operations and emergent relational
representations (14). Indeed, in-context learning—the capacity of
LLMs to rapidly learn new tasks by conditioning their predictions
on a small set of in-context task examples—may itself depend on
analogical reasoning (or more generally, schema induction). This
possibility is suggested by the dependence of in-context learning
on the emergence of structured mechanisms for similarity-based
inductive inference (15). Thus, the core mechanisms of few-shot
learning and inference in transformer-based language models

may depend on reasoning over patterns of similarity, mirroring
the central role of similarity in human reasoning (3). It remains
an important priority for future work to determine whether and
how the mechanisms that support this capacity in LLMs relate to
those that implement reasoning in the human brain.
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