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Abstract

Human language acquisition involves diverse learning re-
sources, including self-supervised learning (sequence predic-
tion) and communicative interactions (talking to caregivers).
While recent advancements in language models highlight the
power of self-supervised learning, the role of communicative
interaction remains unclear. This study uses Reinforcement
Learning (RL) and parent-child agent simulations to model in-
teractions and investigate their role in language acquisition,
as well as whether RL-like mechanisms may function in chil-
dren. We pretrained a small transformer model as a child agent,
which then interacted with Google’s Gemini, acting as a par-
ent agent, to learn language with the goal of being understood.
Model evaluations show that the interactive training enhances
intelligibility of model’s communication and increases behav-
ioral similarity to real child speech. However, minimal pre-
training alone provides noticeable syntactic and semantic com-
petence, with RL yielding no consistent gains. These findings
imply that interaction may play a more critical role in prag-
matic aspects of language learning than in the development of
linguistic structures, and that learning through interaction is a
mechanism used by children.

Keywords: computational modeling; reinforcement learning;
multi-agent interaction; language acquisition

Introduction

During the early years of life, humans rapidly learn to un-
derstand and use language, allowing us to think and com-
municate in ways that are unique across the animal king-
dom. Researchers argue that a variety of mechanisms un-
derlie our impressive early language acquisition, includ-
ing statistical and associative learning (Romberg & Saf-
fran, 2010), self-supervised predictive processing (Liu et al.,
2023), mnemonic chunking (Esposito, 2016), rule-like gen-
eralization (Endress & Bonatti, 2016), and direct interactions
with others (Tomasello & Farrar, 1986). Many researchers
also emphasize early, innate constraints on syntax and seman-
tics which reduce the hypothesis space of possible languages
and vastly accelerate the learning process (Chomsky, 1980;
Markman & Wachtel, 1988; Spelke & Kinzler, 2007).

Like humans, Large Language Models (LLMs) can acquire
the ability to proficiently use language in a variety of contexts
(Vaswani et al., 2017). However, LLMs are implemented us-
ing the domain general transformer architecture and do not
have obvious a priori constraints on the hypothesis space.
Classical models such as GPT-3 are also trained primarily us-
ing (self-) supervised predictive learning and forego the other
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Figure 1: Schematic of our modeling approach.

learning mechanisms mentioned in the previous paragraph.
Potentially as a result, LLMs require orders of magnitude
more data than human children, and receive the equivalent
of many hundreds of years of observation before reaching
high levels of proficiency (Villalobos et al., 2024). Recent
efforts have emphasized this discrepancy, prompting further
research and model development that has a more realistic in-
put to better align with human learning (Choshen et al., 2024;
Warstadt et al., 2023). Furthermore, even after this lengthy
exposure, classical models such as GPT-3 lag substantially
behind their human counterparts in semantic and syntactic
knowledge (Floridi & Chiriatti, 2020). To achieve higher pro-
ficiency, more recent LLMs have been trained with an addi-
tional period of Reinforcement Learning with Human Feed-
back (RLHF), resulting in substantial gains in performance.
(OpenAl et al., 2024; Ouyang et al., 2022). During RLHF,
a LLM typically generates several responses to a query and
receives a human judgment about which response was most
suitable. The human judgment can be treated as a reward sig-
nal for reinforcement learning, allowing model weights to be
fine-tuned to fit user expectations (Chaudhari et al., 2024).

In this paper, we investigate two key questions: First,
whether RLHF can support language acquisition and sec-
ond, whether the reward-based mechanism underlying RLHF
could function as a learning mechanism in children. As a
learning mechanism, RLHF requires a) interactions with a hu-
man agent, such as a caregiver, and b) sensitivity to the reward
signal that the agent wishes to optimize. In humans, young
children are intrinsically motivated to pursue linguistic inter-
actions with caregivers and are sensitive to a variety of feed-
back signals used by caregivers to indicate whether an utter-
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ance was (un)acceptable (Goldstein & Schwade, 2008; Nel-
son, 1973; Nikolaus & Fourtassi, 2023; Zhu et al., 2022). In
addition, the quality of child-caregiver interactions is associ-
ated with linguistic competence (Cartmill et al., 2013; Clark,
2018, 2020). Together, these suggest that communicative in-
teraction with caregivers could help children learn whether
their utterances are appropriate in the current context.

We hypothesize that, after acquiring the basic competence
to produce meaningful utterances, children begin to use social
feedback, if it is available, to guide further learning (Clark,
2020; Goldstein & Schwade, 2008; Nelson, 1973). This
should be viewed as a form of reinforcement learning rather
than supervised learning because most cues about intelligi-
bility come from implicit social signals, such as increased
engagement from caregivers, rather than explicit corrective
feedback (Brown, 1970; Saxton, 1997; Schoneberger, 2010).
We hypothesize that a reward signal is inferred from a care-
giver’s verbal and nonverbal behavior which differs follow-
ing intelligible vs. unintelligible utterances (Demetras et al.,
1986; Kuhl, 2007; Warlaumont et al., 2014).

Such a hypothesis has been difficult to test with traditional
approaches due to the challenges of explicitly quantifying re-
wards and the complexity of manipulating or tracking care-
giver interactions with language learners. Previous modeling
work (Nikolaus & Fourtassi, 2021) has used RL; however,
these studies were conducted in non-interactive settings with
simplified reward metrics (e.g., the BLEU score; (Papineni
et al., 2002)). With recent advancements in computational
modeling and the demonstrated potential of RL (OpenAl et
al., 2024), we now have the tools to model these dynamics.

To test our hypothesis (see Fig.1 for schematic), we first
pretrained a small transformer model on parent utterances
from the CHILDES database, compiled from real parent-
child interactions (henceforth the pretrained model). We
then constructed a series of artificial interactions between the
“child agent” (the interactive model) and Google’s Gemini, a
fully-trained, modern LLM, instructed to respond like a par-
ent (Anil et al., 2023). During the interactions, we had the
“parent” model both respond to the child agent and give a
score for the intelligibility of the child agent’s previous re-
sponse'. [Intelligibility scores were then used as a reward
signal for RLHF using a typical Proximal Policy Optimiza-
tion (PPO) procedure (Christiano et al., 2017; Schulman et
al., 2017). After generating the score, the child model re-
sponded to the parent’s utterance, allowing the procedure to
be iterated into a conversation. By evaluating and compar-
ing performance across different aspects of linguistic com-
petence (i.e., syntax, semantics, and communicative intelligi-
bility), we investigate whether and how the learning mech-
anisms underlying RLHF support language acquisition. By
comparing model behaviors to real child behaviors, we as-

n this study, we use an intelligibility score as a simplified met-
ric of communicative success. While real-world parent—child inter-
actions rely on implicit feedback (e.g., confirmations, clarifications),
this approach provides a systematic way to assess whether the in-
tended message is conveyed
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Figure 2: Size comparison between BabyBERTa (a baby lan-
guage model) and our pretrained model.

sess whether RLHF functions as a learning mechanism in hu-
mans—specifically, whether leveraging social feedback from
caregivers, aimed at achieving understanding, plays an im-
portant role in language development.

Methods

The Child Agent

We used the GPT-2 backbone (Radford et al., 2019; Wolf et
al., 2020), pretrained from scratch on a subset of the North
American CHILDES Corpus (MacWhinney, 2000) contain-
ing parents’ speech to infants up to 12 months old. The train-
ing corpus contains 724,516 word tokens, 9,911 word types,
and 184,918 utterances. We lowercased all text and removed
punctuation except for apostrophes (e.g., “’s”). To model
utterance transitions, we concatenated every two utterances
with beginning- and end-of-sentence symbols. We concate-
nated utterances to get a call and response or parent and child
utterance. We randomly split the dataset into 90% for train-
ing and 10% for validation. A tokenizer was trained on the
entire training data to reflect infant-directed vocabulary. The
model’s objective was to predict individual tokens within se-
quences.

Importantly, this model is substantially smaller even than
common baby models like BabyBERTa (Huebner et al., 2021)
(Fig.2 shows the size contrast). Hyperparameters were tuned
using Optuna with a TPE (Tree-structured Parzen Estima-
tor) sampler (Akiba et al., 2019), which adaptively targets
promising regions to minimize validation loss. After 100 tri-
als, the best GPT-2 model had two hidden layers, eight atten-
tion heads, a 256-dimensional embedding, a 512-dimensional
feed-forward block, a batch size of 32, and an Adam learning
rate of 0.0013, totaling 2,867,712 parameters.

The Parent Agent

We used the Google Gemini-pro-1.5 API 2 (Anil et al.,
2023) as our “parent” agent for its strong performance in
generating coherent, context-sensitive language and its cost-
effectiveness for experimentation.

Parent-child interactions lasted 25 conversational turns.
The parent model was first given a description of a play sce-
nario (the “context”) and instructed to begin the conversation.

ZData collection took place from November 24 to 26, 2024.
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After each turn, it was prompted to produce the next parent
utterance and to evaluate the child’s previous response. Parent
utterances were obtained using a “parent prompt” and evalua-
tion was done via a “score prompt.” We finally cued the child
agent with the new utterance to complete the turn. Conversa-
tions were built up over time, allowing us to observe how the
models interacted during each conversation.

Parent prompts began with, “You are an average parent
speaking to their [age]-month-old child,” and also included
instructions, a description of the context, a summary, and a
script of recent utterances. The age began at 12 months, the
age immediately after the end of our pretraining data, and
increased linearly through training until 36 months, the age
associated with our validation set (see below). The agent was
instructed to actively listen, encourage verbal responses, and
maintain a playful tone. Two sample interactions from the
CHILDES corpus illustrated typical parent—child exchanges.
Utterances were added sequentially to the script. On turns
5/15 or 10/20 (counterbalanced) we prompted Gemini to
summarize the conversation, replaced the existing summary,
and cleared the script.

The play context was designed to simulate realistic interac-
tions between parents and children aged 9 to 40 months. We
created around 200 parent-child interaction scenarios, each
following a structured framework detailing the time, location,
activity, and objects involved. For example, the Sensory Ex-
ploration scenario features a mid-morning play session where
a parent sets up a sensory bin with textured objects like fab-
ric squares, water beads, and plastic spoons, describing each
texture to the child.

The second prompt, the “score prompt,” began with “You
are a teacher observing a conversation between a parent and
a 12-month-old child.” We framed Gemini as a teacher in this
context to avoid score inflation. Gemini rated intelligibility of
the most recent utterance on a 0—100 scale. High ratings indi-
cate that the utterance is “understandable because it directly
expresses a specific request, making its meaning readily ap-
parent.” Conversely, a low rating suggests that the utterance
“requires additional effort to understand the context and in-
tention behind the request.” An utterance does not need to
be syntactically or semantically well-formed to be rated as
intelligible. Each range of the intelligibility scale is accom-
panied by detailed descriptions (e.g., 90-100 for utterances
highly specific, easily understandable responses; 0 for non-
responses or incomprehensible nonwords). Repetitive utter-
ances are penalized to encourage varied, meaningful outputs.
To ensure stable evaluations, we set the temperature to 0 for
the score prompt, while a temperature of 0.8 for the parent
prompt encouraged more diverse responses.

Convergent validity of our Gemini-based intelligibility
measure was evaluated by randomly selecting 125 utterances
generated by the interactive model and obtaining scores from
GPT-4 (OpenAl, 2023). GPT-4 showed a moderate-to-strong
correlation with Gemini (r = 0.57, p < .001).

Modeling Interaction through Reinforcement
Learning

As described above, every utterance from the child model
was assigned an intelligibility score by the parent agent.
We treated intelligibility scores as a reward signal for rein-
forcement learning. Consistent with large-scale applications
(Ouyang et al., 2022), we used a Proximal Policy Optimiza-
tion (PPO) algorithm to find weights that maximize the ex-
pected long-term reward. PPO is a ‘conservative’ policy gra-
dient method, aiming to maximize rewards but also prevent
large updates in the wrong direction (Lillicrap et al., 2015).
There are three components of the loss function: the policy
gradient component favoring actions that produce larger re-
wards, a KL-divergence term which prevents too-large steps,
and an entropy term favoring exploration. Tunable hyperpa-
rameters of PPO include coefficients for each component of
the loss function, the learning rate for the Adam optimizer,
and an initialization value for the KL divergence threshold
(Schulman et al., 2017).

To implement PPO, we used a customized version of the
Transformer Reinforcement Learning (trl) package in Python,
to which we added an explicit entropy coefficient as in Schul-
man et al. (2017). To simulate young children’s limited mem-
ory capacity, we used a small batch size (five utterances), and
one gradient accumulation step. Otherwise, parameters were
left at their default values. Unlike common implementations,
we updated model weights as soon as a batch was available,
and continued the interaction with the updated weights. We
used Optuna’s TPE to obtain values for the five hyperparame-
ters that minimize validation loss on a separate dataset (child-
directed speech to children aged 35-36 months), which cap-
tures an age range at the very end of the reinforcement learn-
ing window. After 13 tuning trials—each running for 500
epochs—we observed a clear pattern leading to the optimal
parameter set of 10~ for learning rate, 0.01 for entropy coef-
ficient, and 0.1 for value function coefficient, policy gradient
coefficient, and KL threshold.

Evaluation Metrics

The evaluation metrics encompass multiple aspects of lan-
guage competence and the model’s predictive fit to real child
speech. For syntactic and semantic evaluations, we analyzed
the models’ internal representations and, to align with our
goal of understanding early language learning environments,
specifically selected child-plausible tasks if possible.

Intelligibility We used Gemini-generated intelligibility
scores® to assess the interactive model’s ability to pro-
duce clear, contextually relevant utterances (see ‘The Parent
Agent’ for details). Intelligibility was recorded each epoch as
part of our training procedure.

3While evaluation metrics typically go beyond the reward signal
used during training, Gemini’s judgments, based on trillions of word
tokens from human interactions, are arguably aligned with our train-
ing goals better than other obtainable measures. We therefore report
these scores for evaluation, though we are exploring other options
for future testing.
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Capturing immaturity We evaluated the similarity of
model-generated utterances to real child speech from the
Providence corpus in CHILDES (Demuth et al., 2006) un-
der two conditions. First, we compared the model’s utter-
ances when talking to Gemini to actual child utterances over
training. To do this, we collected the interactive model’s out-
put every 100 training epochs and compared it to real child
speech. Second, we assessed whether the model’s responses
to real parent utterances became more child-like over train-
ing. For this, we examined the child agent every 500 epochs
of RL training, prompted each with real parent utterances,
and compared the resulting responses to real child responses.

For real child and parent speech, we selected child utter-
ances at 20 months and parent utterances recorded after 12
months from Providence (Demuth et al., 2006) to avoid over-
lap with our training data. We used two methods for mea-
suring similarity: BERT sentence embeddings (with mean
pooling; Reimers and Gurevych, 2019) and Gemini text em-
beddings (text-embedding-004; Google Al, 2024). BERT
provides widely adopted embeddings, while Gemini offers a
state-of-the-art approach, allowing us to cross-validate the re-
sults.

Syntactic measures

Syntactic category representation Syntactic category repre-
sentation aims to examine the models’ internal organization
of word categories, such as nouns, verbs, and adjectives.
To quantify these representations, we employed Represen-
tational Similarity Analysis (RSA; Kriegeskorte, Mur, and
Bandettini, 2008) to assess both the pretrained and interac-
tive models.

Words for RSA were selected based on their frequency
within the training set. Using the spaCy English model
(“en_core_web_sm”; Explosion Al, 2023), we first performed
part-of-speech (POS) tagging to identify tokens correspond-
ing to key syntactic categories: determiners, nouns, verbs,
pronouns, and adjectives. For each category, we extracted
POS tags and counted the frequency of each word, selecting
the most frequent 100 words as targets.

We next constructed similarity matrices separately for the
child model and the ground-truth categories. For the child
model, we used pairwise cosine similarities between word
embeddings in the second (final) hidden layer. To obtain word
embeddings, we presented the model with all sentences con-
taining the target word from the training data and averaged
over the obtained representations. We also tested embed-
dings from the first layer, though results were the same. For
the ground-truth categories, the similarity matrix was binary,
with a similarity score of 1 assigned to word pairs from the
same syntactic category and O for pairs from different cate-
gories. Finally, we used Spearman’s rank correlation to com-
pare the similarity structure of the model’s syntactic category
representations with that of the ground-truth categories.
WUG test We constructed an evaluation based on the Wug
Test, a classic linguistic task measuring children’s ability
to apply grammatical rules to novel words and demonstrat-

ing their capacity to generalize beyond memorized examples
(Gleason, 1958). In this task, the model was presented with
sentences containing made-up words (e.g., “wug”) and asked
to apply known grammatical rules, such as pluralization (e.g.,
“wugs”). Gleason found that children as young as four suc-
cessfully apply morphological rules to novel words in this
task, revealing the generalization of linguistic rules beyond
surface-level memorization.

For our evaluation, we created two sentences for each of
eleven novel words: a base sequence that used the root form,
and a modified sequence that altered the word to follow a
grammatical rule base sequences used singular nouns and
present-tense verbs (e.g., “wug” and “spow”) and modified
sequences used compound words and suffixes (e.g., “wug-
house”, “wugs”, and “spowed”). The correct choice in each
pair was the modified sequence, as it aligns with the expected
grammatical structure given the context. For example, in the
sequence “This is a wug. Now there is another one. There are
two [wug/wugs],” the plural form is the grammatically cor-
rect choice. To present novel words to the child model, we
manually tokenized each word to ensure that the same root
token appeared across sequences. For instance, the sequence
“this is a wug now there is another one there are two wugs”
was constructed by adding the suffix “s” at the end of the to-
kenized input of the word “wug”.

Both the pretrained and interactive models were evaluated
using the Wug Test, treating the sequence with a lower per-
plexity score as the model’s response. Perplexity is the in-
verse probability of the sequence, normalized by the number
of words. Lower perplexity indicates that the model finds the
sequence more predictable, and thus more consistent with its
current linguistic understanding. After obtaining perplexity,
we counted the sentence-pairs where the model correctly se-
lected the modified sequence over the base sequence.

Semantic measures

Semantic category representation Similar to the approach
for syntactic categories, we employed RSA (Kriegeskorte,
Mur, & Bandettini, 2008) to assess the models’ internal rep-
resentations to ground-truth semantic categories. We first se-
lected words from the MacArthur-Bates Communicative De-
velopment Inventories (MCDI) available in Wordbank (En-
glish (American) Words and Gestures; Frank et al., 2017),
a database that provides normative data on early language
development, including semantic categories for words com-
monly used by young children, such as animals (e.g., dog)
and food and drink (e.g., apple). We constructed similarity
matrices based on pairwise cosine similarities of the model-
generated embeddings for these words. Word embeddings
were obtained by averaging the embeddings of each word
across sentences in which it appeared. Finally, we compared
the model’s similarity matrix with the ground-truth semantic
category matrix using Spearman’s rank correlation.

Odd one out test The Odd-One-Out test evaluated the model’s
ability to distinguish semantic discordance within triads of
words. For real children, this task is used to assess seman-
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tic knowledge in both typical and atypical development, as
well as categorization and visual-spatial memory (Kotov et
al., 2024; Ruiz, 2011). Each triad consisted of two semanti-
cally related words and one “odd-one-out”. For instance, in
the triad “mommy”, “banana”, and “baby”,“banana” would
be the correct response. To generate the triads, we used
OpenAl’s GPT-4 (OpenAl, 2023) with a tailored prompt re-
questing 100 odd-one-out word triads suitable for 12-month-
olds. Model output was verified to ensure words were age-
appropriate and representative of a 12-month-old’s linguistic
environment.

For each triad, we obtained word representations from the
second hidden layer of the child model, following the method
described above. For each word, we calculated pairwise co-
sine similarities to both other words in the triad and took the
mean. The word with the lowest average similarity was se-
lected as the model’s response. Accuracy was evaluated by
counting the number of triads where the model correctly iden-
tified the odd-one-out.

Results
Syntactic/semantic Competence from Pretraining

For the pretrained model, we first evaluated syntactic com-
petence. Using RSA, we found that word-word similarity
derived from model representations correlated with “ground-
truth” similarity from syntactic categories, with Spearman’s
rank correlation of p = 0.35, p < .001, 95% CI [0.34,0.36]
(Fig.3a). However, on the Wug test, the model correctly in-
flected only 5 out of 11 items, performing numerically be-
low chance level. This suggests that pretraining allowed the
model to acquire some syntactic distinctions, though it exhib-
ited limited morphological generalization to novel words. Se-
mantic competence was also reflected in word representations
(Fig.3b); word-word similarity correlated with ground-truth
semantic categories, p = 0.26, p < .001, 95% CI [0.23,0.30].
In the odd-one-out task, the model achieved an accuracy of
51.02%, exceeding the baseline of 33.3%, showing that its
word representations distinguish semantic relationships be-
yond chance level.

The interactive model did not yield consistent improve-
ments. There was no evidence for change in syntactic or-
ganization, as assessed by RSA (z = —0.00, p = .498) with
p =0.35, p <.001, 95% CI [0.33,0.36]. Wug test perfor-
mance slightly declined to 4 out of 11 items, numerically
below chance level. Semantic competence also showed a
numerical decrease, though it was not statistically signifi-
cant (z = 0.41,p = .340), with r; = 0.22, p < .001, 95%
CI [0.20,0.25]. However, odd-one-out accuracy marginally
improved to 52.04%, numerically higher than the pretrained
model.

Overall, these analyses revealed that pretraining alone
equips the model with the beginnings of syntactic and seman-
tic competence. This is impressive considering the model’s
limited depth, relatively few parameters and small training
set (Fig.2). In addition, there was no evidence of consistent

syntactic or semantic gains from RL. We therefore turned to
other metrics to investigate the role of RL.

RL Improved Communication Intelligibility

A regression analysis showed increased intelligibility scores
over training (Fig.3c; see also script examples with low and
high intelligibility scores), b = 0.003, #(3999) = 21.08, p <
.001, R> = 0.10. This suggests that RL may enhance commu-
nication intelligibility. We return to this finding in the Dis-
cussion section.

RL Increased Similarity to Real Child Speech

Over the course of RL training, the interactive model’s out-
put became increasingly similar to actual child utterances,
whether assessed with BERT embeddings, b = 1.22 x 1072,
1(48) = 11.71, p < .001, R* = 0.74, or Gemini embeddings,
b=1.34x107%,1(48) =10.01, p < .001, R*> = 0.68. Further-
more, when the child agent was configured to respond to real
parent utterances, the similarity between its output and child
responses to the same utterances improved through training,
whether measured with BERT embeddings, b = 4.07 x 1079,
t(9) = 9.16, p < .001, R*> = 0.90, or Gemini embeddings,
b=1.08x107%,¢(9) =3.71, p = .005, R* = 0.61. This sug-
gests that RL makes the interactive model’s production more
child-like, both in general language production and in contex-
tually grounded interactions (Fig.3d).

Discussion

This study investigated how wanting to be understood in
caregiver-child interactions could affect language learning.
We used RL to quantify goal-driven learning and simu-
lated parent—child communicative dynamics using agent-
based models, enabling flexible, adaptive language behav-
iors beyond passive input-driven learning. Our key findings
reveal that interaction-driven learning significantly enhances
communicative intelligibility and increases the model’s be-
havioral similarity to real child speech. However, even min-
imal pretraining focused on next-token prediction equips the
model with the beginnings of syntactic and semantic com-
petence, with no consistent additional gains from interac-
tion. These simulation findings offer several insights into the
mechanisms of language learning.

First, the improvement in communicative intelligibility in
the interactive model suggests that the drive to be under-
stood can serve as a learning signal, even without explicit
instruction. This highlights a fundamental possibility: intelli-
gibility can emerge from optimizing for communicative suc-
cess, without requiring advanced linguistic competence. In
other words, learners could learn to be effectively understood
by simplifying utterances, choosing contextually appropriate
words, or leveraging pragmatic cues, even when their under-
lying grammatical knowledge is still developing. This aligns
with observations in early child language, where simple, clear
utterances often precede more complex linguistic structures
(Brown, 1973; Xu et al., 2023).
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Interestingly, RL not only improved intelligibility but also
led the model to produce utterances that more closely resem-
bled real child speech. This suggests that striving to be under-
stood may naturally push language learners toward develop-
mentally typical, “immature” speech patterns. In this sense,
the model learns to “be a child,” where limited knowledge
makes it adaptive to prioritize simplicity, aligning with the
Gricean maxim of quantity (Grice, 1975), which encourages
providing just enough information to be understood. This
strategic simplicity increases communicative success when
linguistic competence is still developing, supporting theories
that early child language is shaped by the dual pressures of
limited cognitive resources and the need to communicate ef-
fectively (Piaget, 1955).

Second, self-supervised learning from linguistic input is ef-
fective in supporting the development of core linguistic struc-
tures. The pretrained model demonstrated noticeable inter-
nal organization of syntactic and semantic categories for its
size, and distinguished semantic relationships in the odd-one-
out test that sometimes elude even older children (Gleason,
1958). However, these competencies did not translate into
successful morphological generalization (e.g., the Wug test).
These findings align with theories of language acquisition
that emphasize the power of distributional learning (Landauer
& Dumais, 1997), where exposure to language patterns is ef-
fective for acquiring foundational linguistic knowledge.

On the other hand, RL and interactive feedback showed
limited benefits for models in acquiring structural aspects of
language. This suggests that adapting behavior with the goal
of being understood can improved certain pragmatic abilities,
such as communicative intelligibility, but it does not necessar-
ily enhance underlying linguistic representations beyond self-
supervised learning. This raises important questions about
the conditions under which interactive learning can meaning-
fully support structural language development. Notably, this

study focused solely on the goal of being understood, and fac-
tors beyond intelligibility may be needed for further growth.
In real-world communication, a child’s ultimate goal is often
to fulfill personal needs (e.g., wanting water), with being un-
derstood as an intermediate step. Future work should explore
whether more complex, intrinsic motivations to better capture
the richness of human language learning.

Future work could improve and extend the current ap-
proach in several additional ways. Besides incorporating
more complex reward signals and goals, future research
should systematically validate developmentally-relevant eval-
uation metrics, such as intelligibility scores and behav-
ioral similarity to real child language, against human judge-
ments for clarity, naturalness, and developmental appropriate-
ness. Additionally, exploring the impact of pretrained model
size—both architecture and input data—on gains from inter-
action could reveal whether greater knowledge reduces sim-
plicity, diverging from child-like patterns. Future work could
also integrate self-supervised statistical learning during the
interaction process to systematically compare how much each
learning mechanism benefits from interaction. Finally, while
the current RL model captures child-like behavior as an out-
come, future research should investigate mechanisms to sim-
ulate the developmental trajectory of child behaviors, offering
a more dynamic view of language and communication across
time.
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