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Abstract: Recent years have seen large language models (LLMs) achieve impressive performance with core
linguistic abilities. This can be taken as a demonstration that, contrary to long-held assumptions about innate
linguistic constraints, language can be learned through statistical learning from linguistic input alone. However,
statistical language learning in these models differs from human learners in a crucial way: human language
acquisition evolved not simply as passive absorption of linguistic input but is instead fundamentally interactive,
guided by continuous feedback and social cues. Recent advances in LLM engineering have introduced an addi-
tional step in model training that utilizes more human-like feedback in what has come to be known as rein-
forcement learning from human feedback (RLHF). This procedure results in models which more closely mirror
human linguistic behaviors - even reproducing characteristic human-like errors. We argue that the way RLHF
changes the behavior of LLMs highlights how communicative interaction and socially informed feedback, in
addition to input-driven statistical learning, can explain fundamental aspects of language learning. In particular,
we take LLMs as models of “idealized statistical language learners” and RLHF as a form of “idealized language
feedback”, arguing that this perspective offers valuable insights into our understanding of human language
development.

Keywords: large language models; interaction; language learning; feedback; learning models and linguistic
theory

1 Introduction

Large language models (LLMs), while not full-fledged models of human language acquisition and use, provide
clear evidence that a wide range of linguistic phenomena can be acquired through statistical learning from
linguistic experience (Christiansen and Contreras Kallens 2022). LLMs consistently produce human-like gram-
matical novel outputs without the kind of built-in language-specific biases long assumed to be necessary for
language learning (e.g., Chomsky 1965; Pinker 1994). Describing, testing, and understanding the limits and pos-
sibilities of their linguistic abilities is therefore an important goal for the cognitive science of language (Contreras
Kallens et al. 2023). They provide one of the first working computational models with a more-or-less complete
suite of linguistic abilities, something long thought to be out of reach for any neural network model (see, e.g.,
Pinker and Prince 1988).

Much contemporary discussion of LLMs within the language sciences has tended to adopt the (often implicit)
view that LLMs are akin to passive “statistical sponges” (e.g., Chomsky et al. 2023). In many ways, this is broadly in
agreement with the (again, often implicit) perspective of the dominant Chomskyan approach to human language
acquisition (e.g., Chomsky 2005). Differences in learning mechanism notwithstanding, in both cases the central
argument takes human experience of language to consist of passive exposure. However, there is a largely
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unnoticed difference between this passive image, prima facie more adequate for LLM training, and the type of
experience with language that humans have during learning, which is fundamentally interactive (e.g., Chris-
tiansen and Chater 2022; Clark 1996; Goldstein and Schwade 2008; Pickering and Garrod 2004).

A recent crucial advance in LLM development has closed the gap on this qualitative difference. Previous
generations of LLMs such as GPT-2 and the earliest versions of GPT-3 were trained in such a passive manner but
most contemporary and state-of-the-art models, particularly consumer-facing ones, now undergo an additional
training step known as reinforcement learning from human feedback (RLHF; Christiano et al. 2017; Ziegler et al.
2019). The goal of RLHF is to modify the behavior of the model to ensure that it performs specific tasks in ways
which are considered more desirable by human users of the technology. This process of alignment is achieved
primarily by collecting ranked preferences from human annotators and using them to reward the model for
producing more preferable responses to user prompts and hence improved task performance specifically for
potential human users.

In this position paper, we highlight the difference between passive and active learning in LLMs and argue
that, beyond simply improved task performance, RLHF also has downstream effects on the linguistic abilities of
LLMs in important ways. We draw on preliminary experimental results and argue that they not only reveal the
limitations of the role of passive statistical learning in language acquisition; they also underscore the importance
of interaction in the development of human language abilities. The incorporation of RLHF into LLM training thus
opens new avenues for future research into explaining why human languages are the way they are.

2 LLMs as idealized language learners

It is clear that LLMs do not learn language in a way which maps directly onto human language learning.
Contemporary models are exposed to volumes of input data far beyond what an individual human learner is
exposed to, both in terms of volume and the range of different domains and contexts. For example, Meta’s most
recent flagship model Llama 3 is trained on 15.6 trillion tokens, over half of which appears to be natural language
data (Dubey et al. 2024). Moreover, LLMs do not suffer from the same kinds of cognitive limitations experienced by
human language learners, such as issues related to memory or retention (e.g., Christiansen and Chater 2016), with
state-of-the-art LLMs retaining vast amounts of linguistic and nonlinguistic information present in their training
data (Carlini et al. 2021; Chang et al. 2023; Chen et al. 2024; Tirumala et al. 2022). In fact, one of the key innovations
of the transformer architecture is that the input is presented to the model in parallel and not sequentially
(Vaswani et al. 2017), a complete departure from the inherently temporal nature of human linguistic experience
(Elman 1990). All of this means that the linguistic model of an LLM implicit in its connection weights is not the
model of any single language user as such, but instead represents a complex amalgam of different linguistic
communities and cultures (Contreras Kallens and Christiansen 2025).

Nevertheless, not all possible models of the shared linguistic environment of a linguistic community are
created equal. Indeed, apart from their impressive linguistic abilities, LLMs have been shown to be able to capture
specifically human linguistic behavior better than other alternatives (e.g., Goldstein et al. 2022). We contend that
this is because they acquire their linguistic ability specifically through statisticar LEARNING. That is to say that these
models begin with no predefined or a priori knowledge of language ahead of time but that this emerges over time
through exposure to statistical regularities in natural language data.! Through repeated exposure to these
regularities at scale, LLMs are ultimately able to learn how to produce language which, with few exceptions, is
consistently grammatical or has error rates comparable to human language users (e.g., Contreras Kallens et al.
2023; Dou et al. 2022). If, as the last decades of research into human language acquisition suggests, humans also

1 Note, however, this does not mean that these models are blank slates but, rather, contain certain computational biases (Linzen and
Baroni 2021). For example, when analyzing the internal representations of old-style connectionist networks, Christiansen and Chater
(1999) found that the dynamics of untrained networks favored right-branching recursive structures over center-embedded ones.
Crucially, though, these biases are domain-general in nature and thus unlike the kind of built-in language-specific properties previously
assumed to be required for language acquisition (Chomsky 1965; Pinker 1994).
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track these statistical regularities to learn language (e.g., Bogaerts et al. 2020; Isbilen and Christiansen 2022; Ruba
et al. 2022; Saffran and Kirkham 2018), this is a key point of similarity between humans and LLMs (but for
complementary arguments that statistical learning is not enough, see Frost et al. 2025). This relative human-
likeness is further evidenced by recent work showing that LLMs are not as easily able to learn impossible languages
compared to English as a control language (Kallini et al. 2024) and that LLMs can be used to perform metalinguistic
reflection, such as eliciting grammaticality judgments (Begus et al. 2025; Hu et al. 2024; Hu and Levy 2023).

The core argument here is emphatically not that LLMs are a working model of exactly how language learning
takes place in humans — far from it (see Birhane and McGann 2024). But the efficacy of models lies exactly in this
abstraction from details: in their ability to provide insights on certain phenomena insofar as they resemble each
other (Frigg and Hartmann 2025; Godfrey-Smith 2006; Morgan and Morrison 1999). In other words, in the context
oflanguage learning, we consider LLMs to be proors-or-concept (Portelance and Jashi 2024). Given the way in which
LLMs acquire core linguistic aptitude, they might be thought of as a kind of idealized language learner; and, again,
insofar as human language learning can be said to resemble these mechanisms, studying LLMs can offer valuable
insights for linguistic theory. In particular, as idealized language learners, unbounded by some, if not most, of the
limitations that shape language processing in humans, LLMs can be used for testing and exploring the limits of
statistical learning in language. And, as has been argued elsewhere by us and others, even when the link between
language in humans and LLMs is kept in this “weak” form, the proficiency achieved by the latter upends key
assumptions about the former (Contreras Kallens et al. 2023; Piantadosi 2024).

3 The role of feedback in language development

Notwithstanding the possible similarities between human learning and LLM training outlined above, there
remains a fundamental difference. Whereas LLMs are passively exposed to cleaned and preprocessed text data to
which they apply an algorithm optimized for modeling statistical regularities, humans learn language in socially
situated, discursive, and interactive contexts with exposure to rich forms of reepBack.

The role of feedback in language learning has been hotly debated in the language sciences for more than half
a century. In the behaviorist tradition of the first half of the twentieth century, feedback was deemed important
for language learning through interactions between stimuli and the responses they elicited (e.g., Skinner 1957).
With the cognitive revolution following Chomsky’s (1959) criticism of the behaviorist approach, the role of
feedback in language learning was deemed minimal, if not nonexistent (e.g., Baker 1979; Marcus 1993). Instead,
language learning was thought to be governed by a hypothesized innate capacity for language — often called a
“universal grammar” (Chomsky 1965) — without which language learning would be impossible (Chomsky 2017;
Jackendoff and Audring 2019; Yang et al. 2017).

In contrast to this perspective, a growing body of work under the umbrella of usage-based approaches
eschewed the notion of an innate, specifically linguistic principles and/or computations in favor of more general
cognitive mechanisms for statistical learning, abstraction, and generalization (e.g., Christiansen and Chater 2016;
Goldberg 2019; Lieven 2014; Tomasello 2003). While much of this work relies entirely on observational data,
particularly Bayesian approaches (see, e.g., Griffiths et al. 2024; Pearl and Goldwater 2016), usage-based research
broadly construed has found evidence of the efficacy of feedback across different levels of linguistic structure,
from pragmatic-discursive phenomena (Morgenstern et al. 2013) down to the level of phonetics and phonology
(Goldstein and Schwade 2008; Kuhl 2007). The usefulness of feedback has also long been acknowledged in the
second language learning literature (e.g., Leeman 2003; Long et al. 1998; Lyster and Ranta 1997; Muranoi 2000;
Nassaji 2020).

Recently, feedback has also been employed in artificial language learning studies, which aim to study first
and second language learning under carefully controlled laboratory conditions (e.g., Dale and Christiansen 2004;
Jeuniaux et al. 2009; Monaghan et al. 2021). For example, in three experiments, Frinsel et al. (2024) showed that
complex natural language structures, such as dative alternation (e.g., Mary gave the book to John vs. Mary gave
John the book), required feedback to be learned successfully. Such learning was found both for negative feedback
(when participants were told of incorrect responses) and positive feedback (when participants were told of
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correct responses), and the effect was robust to both varying the probability of receiving feedback and inter-
mingling negative and positive feedback.

Most of the work on feedback has focused on the possible role of explicit corrective feedback in language
learning (e.g., Bohannon and Stanowicz 1988; Chouinard and Clark 2003). Such feedback includes corrections of
specific phonological or syntactic errors (negative feedback), reformulations of incorrect sentences (negative
feedback), or repetitions of correct sentences (positive feedback). However, there is another form of feedback that
has received considerably less attention but which may be more important: communicative feedback (Nikolaus
and Fourtassi 2023). Because children learn language through interaction with others (e.g., Casillas et al. 2024;
Christiansen and Chater 2022; Elmlinger et al. 2023), the conversational behavior of their interlocutors can be used
as implicit feedback on what the children just said. For example, adults provide implicit positive evidence when
they nod or smile in response to something the child said (Tolins et al. 2017). And when adults ask for clarification
of a misunderstood child utterance, they implicitly provide negative evidence to the child that they said some-
thing that was not quite right (Grosse et al. 2010). This kind of feedback is ubiquitous in everyday language use
(Dideriksen et al. 2023) and may thus provide a rich source of feedback to scaffold children’s language learning
(Nikolaus and Fourtassi 2023).

4 RLHF as idealized feedback

As the name suggests, RLHF is a form of reinforcement learning (RL), which has a long, rich history as an approach
to machine learning (Sutton and Barto 2018). It is designed primarily to explore solutions to complex tasks with
goals that are difficult to define or specify, making it particularly well suited for the kinds of tasks regularly
encountered in computer vision and, more importantly for our purposes, natural language processing (Christiano
et al. 2017; Ziegler et al. 2019). The mathematics underlying RL goes beyond the scope of this paper but the essentials
can be grasped quite intuitively, since RL simply involves agents learning how to act appropriately in response to
external stimuli. An RL agent utilizes a roricy which specifies how to select actions given some state derived from
these stimuli, with different states being weighted by a rewarp runcrion which prioritizes preferred states.

In other words, the goal of RL is to create agents which can learn more effectively to respond and act based on
environmental feedback. Traditional approaches to this task generally had a predefined reward function, with the
model learning the optimum policy given the data (for a full survey, see Kaufmann et al. 2024). However, this
approach very quickly runs into an obvious problem, which is that explicitly defining a reward function can be
extremely challenging for sufficiently complex tasks. For example: what is the goal of language learning? This is a
question for linguistic theory and one which is likely to generate as many different responses as there are competing
theories of language. Likewise, even the most well-defined reward functions may have unexpected outcomes as a
result of blind spots and oversights. Given the seeming intractability of these questions, much recent research in RL
has instead gravitated towards REWARD LEARNING, Where a REwARD MODEL is learned in parallel to the policy.

RLHF is a particularly successful application of this kind of reward learning where both the reward model and
policy are learned based on explicit feedback from humans. For most contemporary LLMs, RLHF is achieved
through human annotators ranking multiple outputs from LLMs trained directly on natural language data (merely
optimizing predictive success), with preferred outputs ranked more highly (Ouyang et al. 2022). This particular
training regime has been so successful that it now forms the basis of nearly all of the most highly performant
consumer-facing LLMs (Casper et al. 2023; Kaufmann et al. 2024). Given the kinds of goal-oriented motivation
common to machine learning research, RLHF has been widely adopted in contemporary natural language pro-
cessing primarily because systems using ranked human preferences tend to result in better performance on
downstream tasks. In the context of interactive LLMs or “chatbots” such as ChatGPT, this feedback has the additional
effect of creating models which generate language more similar to the kinds of outputs users want to see.

As such, the role of RLHF in the case of LLMs can be seen as analogous to interactive feedback in human
language acquisition, ensuring that an individual’s learned model of language more closely matches the ex-
pectations of the language community. Indeed, RL has been studied as a paradigm of interactive language
learning, such as in vocal motor development (Warlaumont et al. 2013), dialogue modeling (Khalid et al. 2020), and
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elements of Gricean and relevance-theoretic pragmatic phenomena (Sumers et al. 2024). RL has also been used to
model key aspects of language evolution, such as the emergence of representational alignment (Kouwenhoven
et al. 2024). Since LLMs passively exposed to natural language data can be understood as idealized language
learners, we propose that RLHF can be understood analogously as a kind of IDEALIZED LANGUAGE FEEDBACK, promoting
alignment with broader norms around language use that go beyond its sole statistical structure. But how far does
this analogy go? Beyond simply improving performance on technical benchmarks, how much - if at all — does
RLHF modify the actual linguistic output produced by LLMs?

We can begin to approach these questions experimentally by drawing on human behavioral data from
previous research and comparing these human responses to LLMs trained both with and without RLHF. A simple,
compelling example of this can be demonstrated by drawing on data taken from previous experiments comparing
language models with human behavioral data. Linzen et al. (2016) tested comparatively simple recurrent neural
networks and found them to significantly outperform humans when it comes to accurately learning long-distance
dependencies in a subject—verb agreement task in English with either is or are as the target verb and different
types of distractors in the sentence. Using their data, we designed and preregistered a series of simple experi-
ments to determine the effect of RLHF by prompting both an LLM acting as a “passive sponge” (davinci, or
“vanilla”) and a model trained with RLHF (text-davinci-003, or “chat”). Both models are of OpenAI’s GPT-3 family,
with the main difference between them seemingly being the introduction of RLHF for text-davinci-003.

Our data was generated using the OpenAl Completions API for Python (https://platform.openai.com/docs/api-
reference/completions). For each experimental item from Linzen et al. (2016), we zero-shot prompted each model to
generate a completion for that sentence fragment, with the prompt given to the models mirroring the instructions
shown to the human subjects as closely as possible, including that the correct answer is either is or are. We calculated
the probabilities of the models continuing a given sequence with is or are immediately after the input sequence. The
temperature was set to 0, which means that the model’s predictions were deterministic, so each sentence was
completed only once per condition. There are two manipulations for each sentence. First, the number of each of the
nouns in subject and object positions is varied (S = singular; P = plural), as illustrated in examples (1)-(4):

@ The dog who ate the cake is/are (S/S)

2 The dogs who ate the cake is/are (P/S)

3) The dog who ate the cakes is/are (S/P)

4 The dogs who ate the cakes is/are (P/P)

And second, the type of clause is also varied (R = relative; P = prepositional), as seen in (5) and (6):
(5) The dog who ate the cakes is/are (S/P/R)

(6) The dog with the cat is/are (S/S/P)

The sensitivity of agreement processes in English to these kinds of attractor effects is well known and widely
attested in the psycholinguistic literature, both in natural production of speech (Bock and Miller 1991) and in
comprehension tasks (Pearlmutter et al. 1999). Linzen et al. (2016) found that humans were prone to making
mistakes when there are mismatches of number in the nouns, particularly when the subject is singular and the
intervening noun is plural, both in relative and prepositional clauses, with a stronger effect for the latter.
Figure 1shows the results of this experiment. The different spokes on the radar charts represent the different
types of sentences with which humans were tested, varying both number and type of clause. The overlaid
polygons show in blue the performance of humans in Linzen et al. (2016) and in yellow and red the performance of
the vanilla and chat models, respectively. Performance has been normalized to the 0-1 range, with 1 being the
type of sentence with the higher performance. For humans, these are the filler sentences, with all but P/S/R (0.67),
S/P/R (0.21), and S/P/P (0) around the 0.85 performance mark. For the vanilla davinci model on the left, the
attractors cause no problem for the LLM, which can predict the correct verb in this context in various conditions:
fillers are still the highest, with S/P/P (0.95), S/S/P (0.95), and P/P/P (0.85) close behind it. In contrast to humans,
however, the vanilla model struggles with relative clauses even with no attractor, with low proportional accuracy
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Figure 1: Relative performance for the base davinci model (or “vanilla”, in yellow) compared to the RLHF trained text-davinci-003 (or “chat”,
in red). Human performance is shown in blue. Each sentence was completed once with a model temperature of 0. The overall performance
on each sentence type was min-max normalized with the best performance coded a 1 and the worst performance as 0. The dashed line
marks 0.5. Each spoke represents a different condition. The first letter is the number of the subject (S for singular, P for plural), the second
letter is the number of the attractor noun (S for singular, P for plural), and the third letter represents the type of clause (P for prepositional, R
for relative) (adapted from Contreras Kallens et al. 2025).

in S/S/R (0.5), P/P/R (0.08), S/P/R (0.48), and P/S/R (0). The Pearson correlation between the normalized scores
between humans and the vanilla model is nonexistent, at —0.04 (¢t = -0.11, df = 7, p = 0.92).

By contrast, the model trained with the additional RLHF step displays a more human-like performance on
most conditions. The maximum scores are in the filler, P/P/R, P/P/P, and in the clauses with singular attractors, P/S/
R and P/S/P. What is more intriguing, however, is that the worst performance is on sentences with plural
attractors, S/P/R (0.39) and S/P/P (0), as illustrated in examples (7) and (8):

W) The dog who ate the cakes is/are (S/P/R)
8) The dog with the cats is/are (S/P/P)

This similitude is in marked contrast to the vanilla model, with a Pearson correlation with the human scores of
0.86 (t = 4.54, df = 7, p = 0.003). It is worth remarking that, in this case, the RLHF training was detrimental to
absolute performance in the task, as the accuracy in S/P/P sentences was 0.97 for the vanilla model compared to
0.28 for the chat model.

The crucial implication to be drawn from these results, although preliminary, is that the LLM supplemented
with human feedback produces more human-like outputs including reproducing the kinds of errors commonly
made by humans. This seems counterintuitive, given that the additional feedback results in models which perform
worse from a purely objective grammatical perspective and instead appear to mimic human patterns of incorrect
performance. It is also surprising, as imitating human grammatical errors is not part of the explicit goals pursued
by the RLHF procedure. Moreover, it is unlikely that feedback is the reason for similar mistakes in humans, for
whom agreement processing is a complex psycholinguistic process (Kandel and Colin 2022; Kandel et al. 2022). One
possible explanation for what is happening is that agreement errors are already present in the training data to
which the vanilla model has been exposed, but that they are dispreferred and hence not regularly generated by
the vanilla model. Depending on the annotation guidelines and individual preferences, human annotators may
unconsciously rank more highly responses with agreement mismatches. The point here then is that RLHF does not
create novel behavior but instead amplifies latent potential, steering the LLM towards the preference of a given
community-level linguistic environment (Contreras Kallens and Christiansen 2025).*

2 We wish to thank an anonymous reviewer for drawing our attention to this suggestion.
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Nevertheless, our initial experiments demonstrate that the introduction of ranked human preferences
results in models that behave linguistically in different ways from those simply exposed to large volumes of
natural language data. Perhaps even more striking is that, since RLHF alone is responsible for weight updates in
the chat-based model, the statistical regularities learned from exposure to trillions of tokens of natural language
appear to have been partially overridden by exposure to comparatively little in the way of feedback. Far from
being passive statistical sponges that recapitulate the statistics of their massive input, then, contemporary LLMs
actively learn to optimize their language production based on the feedback they receive from their environment.
That this happens at all is a nontrivial result with potentially far-reaching implications for theories of language
acquisition and use as well as offering insight into more applied efforts to control and improve model training. It
therefore seems that careful experimentation designed to probe the limits and possibilities inherent to LLMs as
models of human language is a vital testbed for linguistic theory and the wider language sciences.

5 Conclusions

In this position paper, as elsewhere, we have argued that LLMs provide working proof that core linguistic
competencies can be acquired through statistical learning from distributional properties of natural language.
That this is possible at all suggests that humans can also learn to process a grammar purely through statistical
learning, without the need for a particular faculty dedicated to language acquisition. However, empirical evi-
dence suggests that statistical learning is not the be-all and end-all when it comes to human language acquisition,
with social, communicative, and interactive feedback playing a foundational role in the development of human
language in addition to the ability to purely track statistical patterns. Our experiment suggests that feedback plays
a similarly crucial role in the way contemporary LLMs learn to process and generate natural language, even
causing models to produce more errors in order to be more human-like.

What does this mean for linguistics and the cognitive science of language? We do not wish to argue that
human language learning or use occurs in exactly the same ways that LLMs learn and use language. Nor do we
wish to suggest that RLHF is fully comparable with the rich cultural, social, and interactive linguistic feedback to
which humans are exposed. Instead, we contend that, just as LLMs can be understood as idealized language
learners, RLHF can be understood as a model of some aspects of language feedback. Although “implemented” in
widely different ways, both humans and LLMs learn the statistical patterns from exposure to language data, and
both seem to require additional alignment, humans to their linguistic communities and LLMs to the relevant
community in which they are to be used (typically contemporary American English). In this way, LLMs seem to
capture meaningful dimensions of a complex and adaptive cultural system which both guides and is shaped by
learning and communication through processes that resemble some relevant aspects of human language learning
(Contreras Kallens and Christiansen 2025). This system, human language, has evolved for the purpose of inter-
active use in conversation (Christiansen and Chater 2022; Roberts and Levinson 2017; Tomasello 1999). Insofar as
contemporary LLMs highlight this fact, they continue to provide compelling computational tools to understand
why languages are the way they are.
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