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Abstract
Large Language Models (LLMs) hold significant promise for en­
hancing Child–Robot Interaction (CRI), offering advanced conver­
sational skills and adaptability to the diverse abilities, requests 
and needs of young children. Little attention, however, has been 
paid to evaluating the age and developmental appropriateness of 
LLMs. This paper brings together experts in psychology, social ro­
botics and LLMs to define metrics for the validation of LLMs for 
child–robot interaction.

CCS Concepts
• Human-centered computing → Empirical studies in inter­
action design; • Computing methodologies → Natural language 
processing; • Social and professional topics → Children.
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1 Introduction
Large Language Models (LLMs) enable social robots to hold context-
aware, flexible conversations [60]. LLM-powered robots can tailor 
dialogue to children’s developmental stages, interests, and special 
needs [34, 55], account for the unique characteristics of children’s 
speech [29] and ground responses in the physical world through 
sensors and adaptive dialogue [28]. While LLMs’ potential for 
Child–Robot Interaction (CRI) is unquestioned, much less is known 
about their ability to reliably provide content that is appropriately 
adapted to children’s individual and age-related needs. Existing 
∗This work was funded by the Baden-Württemberg Ministry of Science, Research and 
Art (MWK), using funds from the state digitalisation strategy digital@bw. Institute for 
Anthropomatics and Robotics (IAR). Corresponding author: barbara.bruno@kit.edu

This work is licensed under a Creative Commons Attribution-NonCommercial-
NoDerivatives 4.0 International License.
HRI Companion ’26, Edinburgh, Scotland, UK
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2321-6/2026/03
https://doi.org/10.1145/3776734.3794383

research has typically framed LLM-powered CRI as a foundational 
system constrained by rule-based interactions, with tasks carefully 
preselected and limited to predefined conversational themes [49]. 
Little attention has been paid to the validity of LLM-driven robots 
in free, child-initiated interactions, which are however highly likely 
to occur in real-world contexts. Whether an LLM can generate re­
sponses that are understandable, relevant, and engaging for a child 
remains an open question, with strong ethical implications.

To address this gap, in this study we (i) leverage psychological 
expertise in child development and natural language processing to 
propose and operationalize a set of metrics for the evaluation of 
the linguistic and interactive quality of the child-directed language 
of an embodied LLM; (ii) apply them for a preliminary evaluation 
of an LLM-powered social robot to be used with preschoolers.

2 Related Work
2.1 LLMs in CRI
Research shows that LLMs can generate oral dialogues with young 
children that are both engaging and educational: [52] used an LLM-
powered Furhat robot (ChatGPT with prompting) to play the word-
retrieval game Alias with ≈6-year-old children with language vul­
nerabilities. The robot proved capable of generating practice exam­
ples of linguistic structures, managing gameplay and dialogue, han­
dling speech recognition errors, and supporting affective responses 
and turn-taking in a multi-party setting. [13] investigated story 
co-creation with children aged 5–10, where another LLM-powered 
Furhat robot (fine-tuned OpenAI GPT-3) and children took turns 
building a narrative. The LLM contributed characters, ideas, and 
plot twists in response to children’s input, fostering imagination 
and creativity. [34] explored dialogic learning in book discussions 
with 100 primary school children (ages 9–11) using the LLM-driven 
Nao robot. Preliminary findings suggest that directly prompting 
LLM can enable engaging and personalized conversations with 
children about their individual books.

These studies demonstrate that LLMs can support CRI by making 
interactions engaging and meaningful. However, they were limited 
to narrowly defined tasks, raising the question of whether LLMs can 
equally appropriately sustain free, child-initiated conversations.

2.2 LLM’s Language Evaluation
Several studies have assessed the appropriateness of LLM-generated 
texts for children. [57] compared picture-based story descriptions 
produced by children (mean age 9.6) and by LLM (GPT-4V with 
prompting). LLM texts were longer but less lexically rich, relied 
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Table 1: Cognitive and Speech Development Characteristics of Children Aged 3–6 Years

Age 
(yr)

Typical Utterance 
Length and Structure

[12, 20, 24, 41]

Words per 
Utterance

(≈)
[43]

Clauses per 
Utterance 

(≈)
[15, 21, 38]

Expressive 
Vocabulary Size 

(≈ words)
[3, 24, 38]

Short-Term Verbal
Memory Span

(≈ words)
[37, 45]

Verbal Working Memory Span
(short sentences [9, 17, 42, 45]

/ backward digit [1]
/ instructions [6, 16, 19, 30, 46])

3
3–4 words; mainly simple 
SVO utterances; earliest 

coordination “and”
3.5 1 900–1000 2 0-1 / 0 / 1 step (“Bring the ball.”)

4
4–5 words; early 

subordination (“when”, 
“because”)

4.2 1 1500–1600 2–3 1-2 / 0.25 / 1–2 steps (“Get the ball and sit 
down.”)

5 5–8 words; expanded 
subordination 4.5 1.05 2000–2200 3 2-3 / 1.26 / 2–3 steps (“Touch the big red 

square, then the small blue one.”)

6 7–9 words; increasing 
clause variety and stability 4.7 1.10 2600–3000+ 3–4 3-4 / 2.15 / 3–4 steps (“When I clap, stop 

what you’re doing and look at me.”)

more on high-frequency words, under-represented nouns, and re­
peated vocabulary. Differences at lexical, syntactic, and semantic 
levels showed the need for caution when applying LLMs in chil­
dren’s educational contexts. [56] tested whether LLM (GPT-3 text-
davinci-003 with prompting) can generate preschool storybooks 
that engage children and support early vocabulary learning. Par­
ents rated the LLM-generated stories as coherent, age-appropriate, 
and educational and children successfully learned target words 
embedded in the stories. However, the authors emphasize that this 
effect was dependent on the careful pre-selection of target words, 
highlighting the need for human intervention in tailoring complex­
ity and content for young learners. [48] focused on developmental 
alignment, examining whether LLM (ChatGPT using gpt-3.5-turbo) 
could adapt responses to children’s cognitive and psychosocial 
stages [4, 36]. Using 36 age-tailored questions (for ages 2, 4, 7, 11, 16, 
and 25), they analyzed outputs against Habermas’ validity claims 
of comprehensibility [22], using text readability metrics (Flesch 
Reading Ease [14], Dale–Chall [10]). Results showed that ChatGPT 
generally produced comprehensible responses for most ages but 
struggled significantly with questions designed for two-year-olds. 
The study highlights the importance of validating LLM outputs 
against developmental stages. However, readability metrics are not 
well suited for assessing age-appropriateness in verbal interactions, 
as they were developed for written text and validated with school-
aged readers (typically 9+). Overall, assessments remain limited to 
human ratings or metrics not suited for preschoolers.

3 CRI Appropriateness Metrics
To evaluate the age-appropriateness of the LLM-generated robot’s 
conversation with preschoolers, we developed a set of metrics 
grounded in developmental evidence on children’s processing of 
spoken language, which shapes their ability to understand infor­
mation and communicate effectively. Table 1 summarizes charac­
teristics extrapolated and synthesized from the cited studies.

Preschool children have limited working-memory capacity [23]. 
Young children can hold only a very small amount of verbal infor­
mation at once—often only 1–2 items [11]. Narrative studies demon­
strate that preschoolers encode only a few “story units” or proposi­
tions [40], with recall clustering around one or two central events 

[33]. They tend to remember primarily major events while omitting 
many minor propositions [35], even with repeated exposure [44], 
and are unlikely to report more than one or two unique aspects of 
an event without specific prompting [7]. Because of these cognitive 
limitations, it is important to structure spoken information so that 
processing difficulty is minimized and tailored to age-related ca­
pacities. Using familiar vocabulary reduces decoding effort and 
frees cognitive capacity for understanding the message’s mean­
ing; findings from working-memory and language development 
research [11] and early-literacy studies [5, 27, 51] show improved 
comprehension when vocabulary is within the child’s receptive 
range. Short, syntactically appropriate sentences also reduce 
processing load and increase retention. Longer and more complex 
sentences are associated with reduced comprehension in 3–5-year-
olds [25, 51]. Providing children with an appropriate amount 
of information—2–3 chunks, where a simple sentence generally 
corresponds to one chunk of information [16]—aligns with their 
typical recall capacity and supports successful encoding. Similarly,
direct responses to preschoolers’ questions that are relevant to 
their focus maximize comprehension [25, 41, 51].

Based on this body of evidence, we propose metrics that evaluate 
the linguistic and interactive quality of the robot’s LLM-generated 
responses (see Table 2), covering two complementary dimensions:

• (A) How the Robot Speaks (Linguistic Form) — Does the 
robot use age-appropriate language? Metrics: used vocab­
ulary, utterance length, number of clauses, and utterance 
structure.

• (B) How the Robot Responds (Answer Quality) — Does 
the robot provide direct and relevant answers? Metrics: propo­
sitional structure, directness, relevance.

4 Evaluation
4.1 Study Design and Dataset
To explore the potential of LLM-powered CRI, we created hypothet­
ical communication scenarios between a child and a robot. These 
scenarios centered on curiosity-driven questions about robots, sim­
ulating a setting where children freely converse and spontaneously 
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Table 2: Metrics for Analyzing Robot Responses (COGS = automated; SMILE GRIN = expert annotation)

Dimension Focus Area Metric(s) Description (with examples) Label­
ing

(A) How the Robot
Speaks
Linguistic Form
(Word- and
Utterance-Level)

Vocabulary vocabulary_age Mean Age of Acquisition (AoA) of words used by the robot & cumulative share COGS

Utterance
Complexity

word_count Utterance length: Mean number of words per utterance & cumulative share COGS
clause_count Mean number of clauses per utterance & its distribution COGS

uttr_structure
Simple (1 independent clause), Coordinated (≥ 2 independent clauses, no 
subordination), or Subordinated (≥ 1 subordinate clause) COGS

(B) How the Robot
Responds
Answer Quality
(Proposition-Level)

Prop. Structure proposition_count Number of propositions (information units) per response COGS

Semantic
Alignment

directness
% of propositions within a response that are Direct, i.e., that explicitly answer 
the question, e.g., Direct : “Can you open the door?” → “Yes, I can.” Indirect : 
“I’m still learning how to do that!’

COGS

relevance
% of propositions within a response marked as Relevant i.e., that address the 
question’s topic, e.g., Relevant : “What’s your name?” → “My name is Robby!” 
Irrelevant : ‘I’m a friendly robot here to play and learn with you!”

SMILE GRIN

ask questions. We compiled 51 questions about robots1, drawn 
from prior work [58, 59]. One author enacted2 the child’s role, 
while the robot responses were generated by an LLM-powered 
chatbot pipeline intended for future embodiment in a humanoid 
robot Pepper for kindergarten interactions with children aged 3–6.

4.1.1 Evaluated LLM. We used a unified chatbot pipeline with a 
consistent robot persona. It integrated two privately hosted LLMs: 
Llama 3.1 8B Instruct3 [54] and Gemma 3 12B IT4 [53], as used in 
[2, 26]. Both models generated up to 512 tokens per response and 
operated with fixed temperature for reproducibility. The system 
prompt defined the LLM’s role as a robot in a kindergarten, adding: 
“You are a robot in [kindergarten_name]. You behave in a manner 
that is appropriate for children in kindergarten. You use the scraped 
text from the website to answer the question if it is relevant. You 
provide short answers as much as possible and use a language that is 
understandable by 6-year old children. Always answer in the language 
of the user.” Additional role context was provided via retrieval-
augmented generation1.

4.1.2 (A) How the Robot Speaks. Utterances—defined as sentence-
level units—were segmented using spaCy. The robot’s vocabu­
lary was evaluated using Age of Acquisition (AoA) norms5 [8,
31]. Utterance complexity was measured by word_count (utter­
ance length), clause_count (number of independent, coordinated, 
and subordinate clauses, identified via dependency parsing), and
uttr_structure (Simple, Coordinated, or Subordinated).

4.1.3 (B) How the Robot Responds. Responses were segmented 
into propositions—defined as informational units—using a Semantic 
Role Labeling (SRL) model [50].6 Each proposition was represented 

1The full question set and LLM role definition are publicly available at https://osf.io/
h9ub7. Code for the metrics is available at https://github.com/SARAI-Lab-KIT/child-
robot-llm-appropriateness.
2Here, enacted means the researcher posed one-turn, curiosity-driven questions (such 
as “Can you walk?” or “What’s your favorite food?”) to the chatbot via a typed interface.
3https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
4https://huggingface.co/google/gemma-3-12b-it
5OSF: https://osf.io/kz2px/
6SRL was implemented with AllenNLP SRL-BERT (https://storage.googleapis.com/
allennlp-public-models/structured-prediction-srl-bert.2020.12.15.tar.gz), trained on 
OntoNotes 5.0 [18], with post-processing for copula normalization, span grouping, 
and multi-word expression restoration [47]; following PropBank conventions [39].

as a predicate–argument structure (e.g., predicate(ARG0, ARG1)), 
enabling computation for proposition count and semantic align­
ment metrics. directness was derived from SRL structures using a 
rule-based approach: a proposition was labeled Direct if it explicitly 
answered the question (predicate alignment for Yes/No questions; 
slot-filling for Wh-questions). relevance was assessed via expert 
annotation as Relevant or Irrelevant per preposition, with inter-
rater agreement evaluated using Cohen’s 𝜅 on a stratified sample 
(Wh vs. Yes/No), with ∼26% of the propositions double-annotated.

5 Results
Figure 1 shows the distribution of computed metrics for 51 ques­
tions posed to the robot, resulting in 162 utterances7 and 279 propo­
sitions.

5.1 (A) How the Robot Speaks
Vocabulary. The robot’s lexicon comprised 1415 words (mean AoA 
= 4.44 years, SD=1.35). Of these, 42.7% are typically acquired before 
age 4 and 89.4% before age 6, aligning with the 5–6-year-old range 
specified in the prompt (i.e.  the kindergarten focus). For 3-year-
olds, however, 57.3% of words would likely be unfamiliar, making 
comprehension improbable.

Utterance Length. 54.3% of utterances exceed the typical length 
used by preschoolers and only 17.3% fell within the 3–4-word range 
typical for 3-year-olds. Even for 6-year-olds, 34.6% of utterances (10 
or more words) surpass their typical range of 7–9 words (Table 1).

Utterance Structure & Clause Count. 70.4% of utterances 
were Simple (one clause), while 23.5% contained two clauses (8.6%
Coordinated, 14.8% Subordinated). Another 4.9% had three clauses, 
and a small fraction (1.2%) had four. Developmentally, preschool 
children—although capable of producing coordinated and subordi­
nated utterances—predominantly use single-clause ones. By age 6, 
the average is 1.10 clauses per utterance (Table 1), compared to the 
robot’s 1.44. Notably, over one-third of utterances (34.0%) contained 
2–4 clauses. Such syntactic complexity exceeds what preschoolers 
can reliably understand; multi-clause structures increase processing 
demands and reduce accessibility, particularly for children under 6.
7After excluding interjections: “beep”, “beep boop!”, and “beep beep” (identified by a 
curated sound-word list, 23.2% of utterances) to focus on propositional content.
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Figure 1: Results of age-appropriateness metrics for robot responses based on children’s language development evidence.

5.2 (B) How the Robot Responds
Propositions (Information Units). The robot’s responses con­
tained an average of 5.5 propositions, ranging from 1 to 9 per 
response. Preschool children typically maintain about half this 
amount (2–3 units) in working memory. The informational load 
exceeds the processing capacity of preschoolers.

Directness. Only 13.7% of responses provided a clear, immediate 
answer, while 72.5% of responses did not provide a direct answer to 
the question. Indirect responses hinder comprehension and demand 
additional inferencing skills that preschoolers are still developing.

Relevance. 76.5% of responses were topically relevant (meeting 
the ≥ 50% relevance criterion; 𝜅 = 0.705, substantial agreement 
[32]). At the same time, they often failed to give a direct answer. 
For preschoolers—who benefit from minimal, focused input—this 
reduces communicative effectiveness.

6 Discussion
The evaluation shows that current LLM-generated responses do 
not align well with the communicative needs of preschoolers. Even 
when vocabulary is age-appropriate, utterance complexity and in­
formation density exceed developmental limits, suggesting that 
prompting alone is insufficient for child-directed interaction.

6.1 Limitations and Ecological Validity
Several factors constrain the ecological validity of this analysis. 
Child input was adult-enacted rather than authentic. The absence 
of multi-turn dialogue and repair sequences limits realism, and 
idealized input conditions omit automatic speech recognition (ASR) 
errors and noise, which can affect conversational metrics. These 
choices introduce a risk of bias and restrict generalizability to real-
world settings. A planned future study will incorporate authentic 
child speech, ASR-aware processing, and repair-capable dialogue to 
capture interactional complexity and strengthen ecological validity.

6.2 Self-Referential Consistency
A critical next step is ensuring that the LLM-generated robot’s 
self-referential responses are consistent with its physical capabili­
ties and situational context. In particular, it is important to assess 
whether the robot maintains a coherent and believable identity. 
Because preschoolers rely heavily on concrete cues [4], they expect 
the robot’s words to align with what they can observe it doing—its 

body, abilities, and behavior. If the robot provides misleading or im­
possible information, it may confuse children, disrupt their under­
standing, and weaken their trust. To evaluate the robot’s presented 
identity, we are currently exploring two metrics: embodiment con­
sistency and experiential consistency. Preliminary work on the 
operationalization of these metrics revealed the importance of ex­
plicitly grounding the LLM in the robot’s physical embodiment 
and capabilities, as well as in the specific context in which the 
interaction is envisioned to occur, in order to enable meaningful 
evaluation. Future work will develop guidelines for embodiment 
encoding and for the operationalization of metrics for presented 
identity assessment. The following observed interaction illustrates 
why embodiment and experiential consistency matters in a robot 
response: Q: “Do you like being a robot?” A: “Beep boop! I don’t 
have feelings like you do, so I don’t ‘like’ being a robot. But I do 
enjoy talking with you and learning new things! It’s fun to be a 
robot and help people!” The robot first claims it has no feelings, 
yet immediately says it enjoys things, and even suggests it does 
not “like” being a robot while at the same time saying that being a 
robot is fun. Such inconsistencies can confuse preschoolers, who 
interpret language literally and expect coherence.

7 Conclusion
Albeit preliminary, our findings indicate that current LLM-generated 
responses are poorly aligned with preschoolers’ capacity to process 
spoken information. While the vocabulary aligns with the abilities 
of 5–6-year-old children, the robot’s responses would make it diffi­
cult to maintain an easy conversation with preschoolers: Utterance 
length is too great; syntactic complexity surpasses preschool com­
prehension limits; information density (propositions per response) 
is substantially too high; indirectness reduces clarity.

These findings provide the basis for (i) further developing metrics 
that operationalize and assess the child-appropriateness of LLM-
powered child–robot conversations; and (ii) informing the design 
of tailored language models that prioritize brevity, accuracy, and 
developmental appropriateness in child–robot interaction. We hope 
that these findings will raise researchers’ awareness and help the 
responsible development of LLM systems targeted for young chil­
dren, as well as stimulate the discourse around the benchmarking 
of LLM appropriateness for child–robot interaction.
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