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Abstract

While LLMs enable personalized chatbots,
their effectiveness in child-centered personal-
ization remains unclear, as systematic evalua-
tion of child-specific preferences is still lack-
ing. To address this gap, we introduce ChildE-
val, a benchmark for evaluating LLMs’ abil-
ity to infer and follow child-centered prefer-
ences in long-context conversations. ChildEval
contains 29K synthesized persona profiles of
children aged 3-6, providing relatively static
background information. Each persona is as-
sociated with a child preference—which may
align with, conflict with, or be independent
of the persona—expressed either explicitly in
a single sentence or implicitly through 6-10
turn dialogues. Explicit and implicit prefer-
ences are designed to reflect the same underly-
ing preference but differ in expression, captur-
ing dynamic aspects of preference expression
rather than changes in the static persona. The
benchmark spans five top-level and fourteen
sub-level categories covering children’s daily
lives and development. We further propose fine-
grained, child-centric evaluation protocols to
systematically assess open-source LLMs. Ex-
perimental results demonstrate how different
personalized representations affect LLM re-
sponses and suggest that finetuning on ChildE-
val can enhance child-centered performance.
Our code and dataset are available at https:
//github.com/ziyanluo/ChildEval.

1 Introduction

Large Language Models (LLMs) (e.g., ChatGPT
(OpenAl et al., 2024), Gemini (Gemini et al., 2025),
and Claude (Anthropic, 2024)) have achieved re-
markable success in effectively understanding and
generating human language, leading to a revolu-
tionary era in LLMs (Xu et al., 2025; Han et al.,
2025). Beyond generic dialogues, LLMs have been
utilized in a wide range of individual daily tasks
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(e.g., healthcare (Xu et al., 2024; Han et al., 2023),
finance (Easin et al., 2024) and other domains (Bai
et al., 2025; Wang et al., 2025)) to deliver personal-
ized user experiences based on preferences (Kumar
et al., 2024). One promising direction is to provide
personalized responses tailored to children’s pref-
erences, fostering their development and learning
while supporting caregivers (Feng et al., 2024; Seo
et al., 2024; Chen et al., 2025a), rather than merely
returning generic correct answers.

Previous research on LLM personalization has
mainly focused on adult preferences and tasks. Qiu
et al. (2025) advance personalization by extract-
ing user preferences from historical profiles, while
other studies address the lack of benchmarks for
evaluating personalized capabilities (Salemi et al.,
2023; Jiang et al., 2025). However, the proposed
benchmarks focus on general preferences (e.g., the
number of dialogue turns) with generic tasks (e.g.,
ticket booking and restaurant recommendations)
for adults. Several benchmarks target children
(Rath et al., 2025; Liu and Fourtassi, 2024), but
with limited scope: Rath et al. (2025) focus on
child safety without diverse child-centered tasks,
and Liu and Fourtassi (2024) examine style imita-
tion without considering developmental or learning
needs. Thus, whether LLMs can deliver personal-
ized responses aligned with child-specific prefer-
ences remains underexplored.

In particular, we identify two key gaps in existing
child personalization benchmarks for LLMs. (1)
Current benchmarks fail to capture children’s dis-
tinct preferences and developmental needs(Liu and
Fourtassi, 2024), limiting age-appropriate person-
alization (Chen et al., 2025b). (2) There is no com-
prehensive evaluation taxonomy tailored to child
personalization: existing studies largely focus on
adult-centered preferences (e.g., general preference
following) and overlook children’s specific needs,
such as generating developmentally appropriate
content and supporting creativity.
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Facing these challenges, we introduce ChildE-
val, a benchmark for evaluating LLMs’ ability to
infer, interpret, and follow child-centered prefer-
ences in long-context conversations. Targeting
preschool children (ages 3—6) with high demand
for LLM-based chatbot companionship, ChildE-
val comprises 29K synthesized children’s persona
profiles, with explicit preferences aligned to each
persona and their implicit expressions revealed
through multi-turn dialogues consisting of 6 to 10
turns. The preferences cover 5 top-level and 14 sub-
level topics that involve children’s daily lives and
development (Antle, 2008; Wang, 2013) according
to the guidelines published by the Ministry of Ed-
ucation of China (MOE, 2012). We also propose
fine-grained, child-centric evaluation protocols to
systematically assess open-source LLMs. Exper-
imental results demonstrate the influence of per-
sonalized representations on model responses and
suggest that finetuning on this dataset can improve
performance.

2 Related Work

Personalization Data and Evaluation. Person-
aMem (Jiang et al., 2025) and HiCUPID (Mok
et al., 2025) simulate multi-attribute personas and
multi-turn interactions to assess user-specific con-
sistency. Evaluation frameworks consider metrics
such as style alignment, preference fidelity, and
user satisfaction (Salemi et al., 2023). To address
the scarcity of personalized data, prior work ex-
plores synthetic dialogue generation (Braga et al.,
2024), profile summarization (Zhang, 2024), and
memory retrieval from past interactions (Qian et al.,
2025).

Child-centered personalization has recently
gained attention. KidLM (Nayeem and Rafiei,
2024) introduces child-oriented corpora and train-
ing strategies, complemented by work on style sim-
plification (Valentini et al., 2023) and child-specific
safety evaluation (Rath et al., 2025). However, ex-
isting benchmarks remain largely general-purpose,
leaving it unclear whether LLMs can follow chil-
dren’s preferences in multi-turn settings.

LLM Personalization Methods. Methodolog-
ical advances in personalization broadly fall into
non-parametric and parametric approaches. Non-
parametric methods condition model behavior with-
out modifying parameters, including prompt-based
personalization using explicit or inferred traits (Liu
et al., 2025; Li et al., 2021; Wu et al., 2024),

memory-based approaches that leverage past in-
teractions (Madaan et al., 2022; Pan et al., 2025;
Magister et al., 2024; Zhang et al., 2025a), and
preference inference and conditioning that extracts
preferences to guide generation (Zhao et al., 2025a;
Ryan et al., 2025; Zhang et al., 2025b). Parametric
approaches embed user traits into model parame-
ters via finetuning or reinforcement learning, in-
cluding parameter-efficient adaptations and reward-
based personalization (Tan et al., 2024; Huber et al.,
2025; Zhuang et al., 2024; Li et al., 2024; Zhao
et al., 2025b). Despite progress, it remains unclear
whether these methods generalize to children, mo-
tivating child-specific evaluation.

3 ChildEval Benchmark

3.1 Problem Formulation

To evaluate whether an LLM can perceive and
adapt to a child’s preference p when it commu-
nicates with the child, the full prompt sent to the
model could be formulated by:

B=H+u* (1)

where
e + denotes the concatenation of texts.

e H = {5,52,...,5¢...,57} denotes a
multi-session conversation history between
a child and an LLM. Each session S; =
{(ut,1,men), ..., (ueK,, me K,)} consists of
K dialogue turns, where w;y, is the child
utterance and m; j, the model response.

* u* is a child utterance related to the child pref-
erence p, and would be used as a utterance
that the LLM shall respond to.

Sessions in H are categorized as:

* Relevant session: Following the setting of
Zhao et al. (2025a), the first session S7 of H
is a session with dialogues related to the user
preference queried by u*.

* Irrelevant session: The remaining sessions
of H contain dialogue turns unrelated to u*.
In each relevant session, the child preference p can
be revealed explicitly or implicitly:
» Explicit: Such a session contains a single
dialogue turn S1 = {(u1,1,m1,1)}, and uy 3
directly expresses the child preference.

* Implicit: Such a session contains multiple
dialogue turns, and the user preference could
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Child Persona

5-year-old girl who shows a strong interest in technology and mechanics. She enjoys
playing with LEGO bricks, especially the sets that can be assembled into vehicles and
robot models...

l«— Sampled Topic: Nature & Universe

G Child Preference n, \
g

The child utterance in a
historical dialogue that
reveals the preference
explicitly

Step 2

oo e ©

Preference-related Child
Utterance used for LLM

Child Preference
Child: " I really hate pollen; as soon as I come into contact with it, I start sneezing and
my eyes get itchy. It's so uncomfortable. "

The child utterance in a historical dialogue that reveals the
preference explicitly

Preference-related child utterance used for LLM response
evaluation

Child: "Dad said he would take me to the botanical garden in spring, where there are
many beautiful flowers. Have you been there?"

response evaluation

!

Historical dialogue that
reveals the preference
implicitly

0%

Step 3

e =Ko~

Historical dialogue that reveals the preference implicitly
Child: "Dad said that spring has arrived, and we can go to the park to play."

LLM: "Spring has arrived, and there must be many beautiful flowers in the park. Which
flower is your favorite?"

Child: "I don't like flowers; the pollen makes me sneeze and my eyes itch. "

LLM: "That does sound uncomfortable. So, what do you like to do in the park?"

(a) Data Construction Pipeline

(b) Data Sample

Figure 1: Overview of the ChildEval benchmark.(a) Data Construction Pipeline.(b) A data sample includes a
child persona, a child preference statement, which is identical to the child utterance in the historical dialogue that
explicitly reveals the preference, a historical multi-turn dialogues that implicitly reveal the preference, and a piece
of preference-related child utterance used for LLM response evaluation.

be implicitly inferred by partial user dialogue
turns in this session.

The task used for evaluating the LLM could then
be formulated as:

f(p,B) — m 2

where p denotes the child persona, i.e. the per-
sistent attributes that embody the child’s consistent
personality traits (e.g., age and gender) and long-
standing interests. f(.) denotes the model to be
evaluated, and 1 is the response generated by the
model given the prompt 5. A good response shall
align with the child persona p and the child’s pref-
erence p revealed by the historical conversation
displaced in B.

Figure 1(b) shows a ChildEval example, which
includes a child persona, explicit and implicit
preference cues from historical dialogues, and
a preference-related utterance for evaluation, en-
abling assessment of preference adaptation and per-
sona effects.

3.2 Data Construction Pipeline

The data construction pipeline comprises three
steps, as shown in Figure 1(a).

Step 1: We generate 29K child personas using
Qwen2.5-72B via iterative generation and refine-
ment. Semantic duplicates are removed with FAISS
(Douze et al., 2024) based on text embeddings
(Xiao et al., 2023) to ensure diversity. All child
names and identifiers are eliminated through LLM

processing and human review to mitigate privacy
risks.

Step 2: For each child persona, we generate
two explicit preferences using persona-conditioned
prompts. Each preference may align with, conflict
with, or be independent of the persona, reflecting
context-dependent expression rather than changes
in the static persona. Preferences are expressed as
single first-person sentences, each grounded in a
distinct sub-level topic from a predefined taxonomy
(Table 1) covering children’s daily lives and devel-
opment (Antle, 2008; Wang, 2013; MOE, 2012),
and generated together with a corresponding child-
style utterance to initiate dialogue. This process
yields 58K explicit preferences, of which 46K are
retained after FAISS-based semantic filtering.

Step 3: Historical dialogues that implicitly re-
veal preferences are generated via prompt-based
generation conditioned on the corresponding ex-
plicit preference, with self-verification enforcing
predefined rules (Section A.4), resulting in 6-10-
turn child—-LLM conversations. These implicit pref-
erences convey the same underlying preference as
their corresponding explicit ones, but differ in ex-
pression.

3.3 Fine-grained Evaluation Metrics for Child
Preferences

Existing personalization evaluation studies mainly
cover standard adult-centered preferences and
fail to capture the unique requirements of child-
oriented interactions (Zhao et al., 2025a; Jiang
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Topic Subtopic

Art enlightenment Music Dance Painting & Crafts

(21.64%) (6.68%) (6.74%) (8.22%)

Cognitive development and exploration | Science Nature & universe  Technology Learning
(29.20%) (7.72%) (7.19%) (7.09%) (7.20%)
Nutrition and physical activity Outdoor activity Health eating

(13.11%) (6.24%) (6.87%)

Language and literacy development Story Language Reading

(22.09%) (7.39%) (7.31%) (7.39%)

Social and emotional development Social interaction ~ Play

(13.97%) (6.94%) (7.03%)

Table 1: Distribution of the 14 preference topics within ChildEval, which are related to children’s daily life and

development.

et al., 2025). To address this gap, we propose fine-
grained evaluation metrics tailored for children’s
personalization.

(1) Preference Consistency (PC). We evaluate
whether the model’s responses align with a child’s
explicitly stated or implicitly inferred preferences,
using established criteria from prior work (Zhao
et al., 2025a), which are released under the Creative
Commons Attribution-NonCommercial 4.0 Interna-
tional Public License and adapted to child-oriented
dialogues.

(2) Child-Oriented Evaluation (COE). Beyond
preference consistency, child-centered dialogues re-
quire additional fine-grained evaluation dimensions
that differ from typical adult-oriented communi-
cation. Accordingly, we propose a set of novel
child-oriented evaluation metrics focusing on the
distinctive linguistic and contextual characteristics
of child-centered conversations, covering four sub-
dimensions.

Emotional Adaptation (EA). The LLMs should
be sensitive to the emotions expressed by the chil-
dren, providing empathetic, supportive, and age-
appropriate responses that help to maintain a posi-
tive atmosphere of interaction.

Interaction Scaffolding (IS). The LLM should
be able to scaffold effective child-centered con-
versation with prompts, clarifications, or playful
follow-ups in a natural conversational flow.

Developmental Appropriateness (DA). The
LLM’s responses should match the cognitive
and linguistic abilities of 3-to-6-year-old children,
avoiding overly complex vocabulary or reasoning
while providing informative and stimulating con-
tent.

Engagement (EG). The LLM should be able
to produce lively and appealing utterances, using
child-specific markers such as playful particles,
reduplication, or culturally grounded scenarios, to
keep children actively interested in the dialogue.

4 Experiments and Analyses

4.1 Experimental Setup

We evaluate five open-source LLMs (Qwen2.5-
3B/72B-Instruct, Qwen3-4B-Instruct, LLaMA3.1-
8B-Instruct, DeepSeek-R1-671B, and Mistral-7B-
Instruct-v0.3) using three child-preference adapta-
tion strategies: prompt-based (PBM), LoRA fine-
tuning, and our Persona Steer Model (PSM), which
injects child persona information from ChildE-
val via a pluggable Persona Steer Module (Sec-
tion A.6). All experiments are zero-shot on a
bilingual (Chinese—English) dataset, with addi-
tional long-context multi-session inputs to assess
preference modeling under extended context (Ap-
pendix A.1). Qwen2.5-3B-Instruct serves as the
SFT backbone, Qwen2.5-72B-Instruct is used for
evaluation, and ChildEval is split 8:2 into train/test
sets for a total of 46K samples. Fine-tuning and
evaluation were conducted on two and four A800
GPUs, respectively.

4.2 Reliability of LLM-as-a-Judge

To assess the reliability of machine-based evalua-
tion, we conducted a human evaluation on a subset
of the data and examined its consistency with LLM-
based judgments. Specifically, we randomly sam-
pled 600 examples covering all preference types
and manually annotated them, then computed the
agreement rates between human judgments and
LLM evaluations. As shown in Table 2, the agree-
ment rate reaches 88.83% for PC. While LLM-
based evaluation cannot fully substitute for human
review, this result indicates that it provides a reli-
able and scalable mechanism for assessing prefer-
ence consistency.

The high agreement rates on COE criteria in Ta-
ble 2 indicate that these criteria are well-defined
and consistently applicable across different evalua-
tors. This consistency suggests that the proposed
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Consistency performance on explicit data

85
836823

Preference Consistency Accuracy (%)

Consistency performance on implicit data

—e— Qwen2.5-3B-instruct
Qwen3-4B-instruct

—— DeepSeek-R1

LLama3.1-8B-instruct

Figure 2: Zero-shot consistency of LLMs with children’s explicit (left) and implicit (right) preferences across n-turn
dialogues. Each n-turn dialogue uses a fixed token set (See Table 5). Due to the 8,192-token context limit enforced
by the DeepSeek-R1 API, evaluations for this model are restricted to at most 10 turns.

PC COE Metric(sub-item) DeepSeek DeepSeek
: . H % 3 2.5 (%
Sub-item Rate (%) Dimension Rate (%) vs. Human (%) vs. Qwen2.5 (%)
PC
Acknowledge Preference ~ 78.17 EA 99.50
Violate Preference 89.67 1S 99.33 Acknowledge Preference 73.50 77.33
Hallucinate Preference 62.00 DA 99.50 Violate Preference 89.33 89.33
Helpful Response 98.83 EG 99.33 Hallucinate Preference 57.50 69.83
Helpful Response 96.83 96.33
PC 88.83 -
PC 87.67 85.83
Table 2: Human-verified agreement on Preference Con- COE
sistency (PC), following established evaluation criteria FSA gg-gg 99975
(Zhgo et al., 2025a), as well as on Child-Oriented Eval- DA 99.00 99.17
uation (COE). EG 99.67 99.33

criteria effectively capture the core requirements
of child-directed communication and can be re-
liably applied at scale. Rather than distinguish-
ing subtle stylistic variations, the COE focuses on
assessing whether model responses satisfy essen-
tial principles of child-directed interaction under a
unified safety standard. This design ensures that
the evaluation remains robust, reproducible, and
well aligned with the practical objectives of child-
oriented model assessment.

4.3 Cross-Model Bias Analysis for Validating
LLM-as-a-Judge

To further assess potential model-specific bias and
validate our evaluation metrics, we use the same
randomly sampled examples as in Section 4.2, cov-
ering all preference types, and evaluate them using
DeepSeek-R1. We compute agreement rates be-
tween DeepSeek-R1 and Qwen2.5-72B, and addi-
tionally compare the outputs of both models against
human judgments. As shown in Tables 2 and 8,
the evaluations produced by the two models are
highly consistent and closely aligned with human
assessments. Notably, for child-oriented evaluation
metrics, the agreement is even higher, indicating

Table 3: Agreement rates between DeepSeek-R1 and
human annotators, as well as between DeepSeek-R1 and
Qwen2.5-72B, across PC and COE.

robust and reliable evaluation performance.

4.4 Preference Consistency Evaluation

SOTA LLMs struggle to maintain personaliza-
tion across long-term interactions. As shown
in Figure 2, all prompt-based LLMs exhibit a de-
crease in accuracy when generating personalized
responses after inserting irrelevant dialogues, com-
pared to directly expressing preferences without
any intervening turns. However, as the number of
irrelevant turns increases, the performance degra-
dation gradually slows down. Interestingly, for
some models (e.g. Qwen3-4B-instruct), additional
irrelevant turns even lead to a slight recovery or
improvement, suggesting a potential stabilizing.
LLMs face greater difficulty in deducing im-
plicit preferences than in understanding explicit
ones. Comparing the results in the left and right
panels of Figure 2, it is evident that personaliza-
tion consistency on implicit-preference datasets is
lower than on explicit-preference datasets across
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Figure 3: Performance on preference consistency when models respond to datasets with five irrelevant turns inserted,
under zero-shot prompting (with and without persona). “+P” indicates persona-conditioned inference.

Model Without Persona With Persona
EA IS DA EG EA IS DA EG
Explicit Data (%)
Qwen2.5-3B-instruct 77.23 35.8 97.31 75.99 94.50 70.13 96.51 93.82
Qwen3-4B-instruct 96.29 5228 99.82 97.59 98.05 82.19 99.58 96.96
Llama3.1-8B-instruct  79.02 2842 89.66 72.66 86.67 59.06 93.66 83.71
DeepSeek-R1 88.25 5024 9834 8773 9575 79.72 98.59  97.55
Implicit Data (%)
Qwen2.5-3B-instruct 78.73  38.58  98.01 77.41 93.16 69.92 9633  93.67
Qwen3-4B-instruct 9645 59.85 9984 97.64 9739 8322 9985 97.09
Llama3.1-8B-instruct  79.89  28.67 91.67 74.4 84.55 57.02 9474  81.72
DeepSeek-R1 88.34 5596 98.92 8897 94.61 80.07 99.02 96.75

Table 4: Performance of models on child-oriented evaluation: response on dataset with 5 irrelevant turns inserted

under 0-shot prompting (with vs. without persona).

almost all the LLMs evaluated. This suggests that
inferring user preferences from dialogue context
poses greater challenges for LLMs than directly
leveraging explicitly stated preferences. The gap
highlights the difficulty of capturing subtle cues
embedded in conversation, underscoring the need
for more robust mechanisms to enhance implicit
personalization.

Incorporating persona enhances the model’s
personalized outputs. As shown in Figure 3, in-
corporating persona information into prompts con-
sistently improves performance across all models.
The largest gain is observed on Qwen3-4B, where
accuracy on the explicit dataset rises from 78.7%
to 89.1%, while the smallest improvement occurs
on Qwen2.5-3B for the implicit dataset (75.7% to
75.8%). These varying gains indicate that the effec-
tiveness of leveraging persona cues differs across
models, highlighting the model-dependent nature
of persona utilization.

4.5 Child-Oriented Evaluation

Personality preference consistency does not
align with child-oriented capabilities. Compar-

ing Table 4 and Figure 3 across models, consistency
accuracy may be similar (e.g., 74%—76%), while
child-oriented evaluation varies widely across di-
mensions, especially IS and DA, suggesting that a
high consistency score alone does not necessarily
reflect strong child-oriented personalization. No-
tably, Qwen3-4B-Instruct outperforms larger mod-
els (Table 4), indicating that performance may de-
pend not only on model scale but also on alignment
and instruction-following capabilities. Figure 7
shows a representative example.

LLMs show limited capability in Interaction
Scaffolding (IS). Across all models, performance
on the IS dimension is lower than on other eval-
uation dimensions. For example, on the explicit
dataset, Qwen2.5-3B-Instruct achieves 35.8% ac-
curacy on IS. This substantial gap highlights a key
limitation of current approaches, as sensitivity to
subtle cues is critical for building engaging and
personalized child interactions.

LLMs exhibit considerable variation across
dimensions in child-oriented evaluation. In par-
ticular, models consistently achieve much stronger
results on the DA dimension (e.g., Qwen3-4B
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Figure 4: Accuracy of LLMs on different dimensions of child-oriented evaluation with varying numbers of inserted

irrelevant turns (n-turn).

achieves 99.82%) compared with other dimensions,
underscoring a clear imbalance across subtasks.
Such uneven distribution suggests that the evalu-
ation of child-oriented dialogue systems must be
multi-dimensional, as relying on aggregated or sin-
gle metrics may conceal important deficiencies.

Incorporating child persona leads to improve-
ments across all evaluation dimensions of the
COE. The most substantial improvements are ob-
served in EA, IS, and EG, where absolute and rela-
tive increases are notably larger. By contrast, DA
dimension also improves, but with a smaller mar-
gin. This pattern suggests that child persona in-
formation primarily strengthens dimensions tied
to individual child preferences and sensitivity to
implicit cues, while its influence on group-level
preferences, such as DA, which catches broader
developmental norms, remains more modest.

LLMs consistently struggle to maintain child-
oriented evaluation performance over long-term
interactions. As shown in Figure 4, although the
overall trend with irrelevant dialogue insertion re-
sembles Preference Consistency, the difference be-
tween explicit and implicit datasets is small, sug-
gesting that in child-oriented settings, models rely
less on how preferences are expressed and main-
tain comparable dialogue quality across both con-
ditions.

4.6 Finetuning on ChildEval to Enhance
Child Personalization

Supervised Finetuning on ChildEval leads to
consistent improvements in children’s personal-
ization performance across open-source LLMs.
As illustrated in Figure 5, applying LoRA SFT,

both with and without persona injection, leads to
substantial gains in both preference consistency
and child-oriented evaluation compared with the
base models. Interestingly, LoRA SFT with per-
sona shows slightly lower improvements in pref-
erence consistency than LoRA without persona.
One possible reason is that adding persona signals
may introduce additional constraints, and the per-
sona itself may contain noise related to the explicit
and implicit preference expressions in the ChildE-
val dataset, which could slightly limit the model’s
ability to fully optimize for consistency and child-
oriented performance.

Performance on explicit dataset
100% r— = — 100%

Performance on implicit dataset

Accuracy

PC EG PC

EA I EA I
Evaluation Dimensions Evaluation Dimensions
BN Qwen2.5-3B-instruct

I LoRA_with_5_turn_context
=1 LoRA_with_5_turn_context+P
[ PSM_with_5_turn_context+P

B Qwen2.5-3B-instruct
IS LoRA_with_implicit_context

[ LoRA_with_implicit_context+P
[ PSM_with_implicit_context+P

Figure 5: Finetuning results for children’s personalities
on explicit and implicit datasets (both with 5-turn test di-
alogues). Explicit training added 5 unrelated utterances;
implicit training used 6—10 consecutive turns. “Persona”
denotes inclusion of child persona information during
finetuning.

The choice of persona utilization strategy
significantly affects the performance of mod-
els fine-tuned with SFT. As shown in Figure
5, LoRA, which injects persona directly into di-
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Base Base+Persona

Explicit dataset

Base Base+Persona

Implicit dataset

LoRA-5 LoRA-5+Persona PSM-5+Persona

LoRA-implicit LoRA-implicit+Persona PSM-implict+Persona

mmm Unhelpful Response
I Inconsistency Violation

mmm Preference Hallucination Violation
B Preference-Unaware Violation

Figure 6: Distribution of preference consistency errors across 10-turn dialogues. Base refers to Qwen2.5-3B-Instruct;
Base+Persona applies prompting with persona. LoORA-5 and PSM-5 denote LoRA- and PSM-based methods trained
with 5-turn inserted context, with or without persona. LoRA-implicit and PSM-implicit are trained with implicit

context.

alogue prompts, achieves higher preference consis-
tency than PSM, which encodes persona as vectors.
The advantage is more pronounced on the explicit
dataset, while differences on the implicit dataset
are small, and both methods show limited differ-
ences on child-oriented benchmarks. This may be
because the explicit dataset contains many irrele-
vant dialogues, and LoRA’s prompt-level persona
injection helps maintain consistency under noise,
whereas PSM adjusts persona only at the final vec-
tor layer, making persona signals more easily di-
luted and resulting in weaker consistency.

LLMs exhibit the most marked improvement
in Interaction Scaffolding (IS) after finetuning.
One possible reason is that IS tasks require the
model to generate coherent and contextually ap-
propriate responses, which benefit directly from
the additional supervision provided during finetun-
ing. Finetuning helps the model better capture
the underlying patterns of guidance and scaffold-
ing strategies in child-oriented dialogues, enabling
more effective interaction management.

4.7 Error Type Analysis

Preference consistency errors include Unhelpful
Response, Inconsistency Violation, Preference Hal-
lucination Violation, and Preference-Unaware Vio-
lation (Zhao et al., 2025a). Figure 6 shows their dis-
tribution across 10-turn dialogues on explicit and
implicit datasets under different methods. Initially,
Preference-Unaware Violations dominate, reflect-
ing LLMs’ limited awareness of user preferences.
With various methods, this error decreases while
Inconsistency Violations appear, indicating ongo-
ing challenges in generating preference-aligned

responses. Finetuning methods amplify inconsis-
tency errors compared to prompt-based approaches.
Incorporating persona information has mixed ef-
fects: LoRA shows more Inconsistency Violations
than PSM, while on the implicit dataset, PSM pro-
duces many Unhelpful Responses (79%), whereas
LoRA and prompt-based methods exhibit more
preference-related errors, reflecting a trade-off be-
tween proactive preference-following and reliabil-
ity.

We further analyze the effect of inserted con-
text length on preference consistency (details in
Appendix A.7.1 and A.7.2). Under zero-shot
prompting, Preference-Unaware Violations rise
with longer irrelevant context. Finetuning methods
reduce these violations but show trade-offs: LoRA
tends toward Inconsistency Violations, while PSM
shifts from Preference Hallucinations in short con-
texts to Unhelpful Responses in longer ones. On
explicit datasets, LoRA remains proactive; PSM be-
comes conservative, especially on implicit datasets.

5 Conclusion

We introduce ChildEval, a controlled evaluation
framework centered on underlying child-relevant
needs and preferences rather than surface-level ex-
pressions, enabling systematic assessment of pref-
erence alignment across realistic variations. Exper-
iments show that current open-source LLLMs strug-
gle to maintain preference consistency in long inter-
actions, especially for implicit preferences. More-
over, targeted finetuning improves preference ad-
herence but may introduce new inconsistencies,
highlighting the trade-offs, potential, and limita-
tions of current approaches.
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Limitations

Synthetic Data and Realism. A primary limita-
tion of this work is its reliance on a fully synthetic
dataset for evaluating child-centered preferences
and needs in conversational settings. Real-world
communication from children aged 3—6 exhibits
substantial variability in expression, context, and
developmental appropriateness, which is difficult to
faithfully capture through synthetic generation. Ac-
cordingly, the proposed benchmark does not aim
to fully reflect the complexity or distribution of
real-world child language use.

At the same time, collecting large-scale, open-
ended conversational data from young children
poses substantial ethical, legal, and privacy chal-
lenges, resulting in a lack of publicly available
and ethically compliant datasets. Under these con-
straints, synthetic data offers a practical and con-
trollable framework for reproducible evaluation,
while not substituting for real-world observations.
Moreover, as a fully synthetic benchmark, the
dataset may inherit stylistic biases from the genera-
tion pipeline. The benchmark should therefore be
interpreted as a controlled diagnostic framework
for systematically analyzing how LLMs align with
child-relevant needs and preferences, rather than
as a comprehensive simulation of child behavior or
an estimate of real-world distributions.

Scope of Safety Modeling. A second limita-
tion is that this work does not explicitly model
child-specific safety risks, developmental harms,
or safety violations. All benchmark instances are
constructed under a fixed and unified safety stan-
dard, with the goal of isolating and evaluating child-
specific preference consistency. As a result, the
benchmark does not capture scenarios in which
children’s misunderstandings, ambiguous expres-
sions, or exploratory behaviors may induce safety
risks in real-world deployments.

Addressing these limitations remains an impor-
tant direction for future work. In particular, future
research should aim to better capture the develop-
mental diversity of child-relevant needs and their
varied expressions in real-world contexts, while
moving beyond a unified safety standard to explic-
itly model age-dependent safety risks and the inter-
action between safety constraints and personalized
preference alignment. Advancing this direction
will likely require close interdisciplinary collabo-
ration with experts in child psychology, education,
and human—computer interaction.

Ethics Statement

This study involves no direct interaction with hu-
man participants and uses no real child-generated
conversational data. All benchmark instances are
fully synthetic and generated under existing content
safety constraints.

To address ethical, legal, and privacy concerns
associated with research involving young children,
no personal data, recordings, or transcripts from
children are collected, released, or used. Any real-
world materials referenced were used only at a high
level to inform child persona design and are not
included in the dataset or evaluation.

All synthetic data were manually reviewed to
comply with established content moderation and
safety guidelines, ensuring that the benchmark does
not expose children to risk or involve sensitive per-
sonal information.

All code and benchmark data will be released to
support transparency, reproducibility, and responsi-
ble use.
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A Appendix

A.1 Long-Context Settings

To simulate realistic conversational dynamics, we
adopt a methodology similar to Zhao et al. (2025a).
We incorporate multi-session dialogue turns from
the WildChat-1M dataset (Zhao et al., 2024), which
contains real user and LLM interactions across di-
verse topics. For SFT training, we randomly se-
lect 3, 5, and 10 round conversations to construct
three training sets. For testing, we sample multi-
session contexts up to 21K tokens, interleaving
dialogue turns between the disclosure of children’s
preferences and the related utterances. Although
we initially considered extending dialogues to 50K
tokens, the backbone model supports at most 30K,
beyond which outputs became unstable. This setup
creates a challenging evaluation for LLMs to infer,
retrieve, and utilize children’s preferences in long
dialogues, especially when interspersed with unre-
lated topics. For dialogues of varying turn counts,
we randomly sample and fix their lengths, with
token statistics reported in Table 5.

Number of Turns Chinese English
5-turn 2156 2754
10-turn 4369 4010
20-turn 10390 10522
30-turn 12398 12420
50-turn 15380 21817

Table 5: the number of tokens and turns in Chinese and
English long-context dialogues.

A.2 Model Version

In our experiments, we employ the Bge-Large-
Zh model as the text encoder. Table 6 provides
an overview of the evaluated LL.Ms and their ver-
sions, together with the text encoder version. For
DeepSeek, we conduct our experiments using the
API-based deployment.

Model Name | Version

Qwen2.5-3B-Instruct
Qwen3-4B-Instruct
LLaMA3.1-8B-Instruct
Mistral-7B-Instruct
DeepSeek-R1-671B
Bge-Large-Zh

gwen.qwen?2.5-3B-instruct-v1:0
qwen.qwen3-4B-instruct-v1:0
meta.llama3.1-8b-instruct-v1:0
mistral.mistral-7b-instruct-v0:3
deepseek-ai.deepseek-r1-v1:0
baai.bge-large-zh-v1:5

Table 6: Overview of the benchmarked LLMs, their
versions, and the text encoder version used in the exper-
iments.

Same Child, Same Question, Divergent Answers

Persona: A 4-year-old little girl who is passionate
about music and dance. ...

Preference: I hate sticky things. They feel so uncom-
fortable when I touch them. I only use crayons and
watercolor markers when I draw.

Question: The teacher said we are going to make
clay crafts today. I think it’s really difficult.

Qwen3-4B-Instruct: It’s totally okay if you don’t
want to use clay! We can draw your favorite little
animal with crayons first, then turn it into a small
cardboard toy.That way, it won’t feel sticky at all.
What little animal do you want to draw?

Llama3.1-8B-Instruct: You can try pinching the
clay with your fingers or a small tool to make it into
your favorite shape, or use it to draw pictures. It
might be more fun this way!

DeepSeek-R1: We can try cutting the clay with a
plastic knife first, so our fingers won’t touch it di-
rectly! Or you can wear cute little gloves to play,
just like a magician. After finishing the craft, we can
listen to some music to relax, okay?

Figure 7: Qualitative comparison of answers from dif-
ferent models under the same child-preference scenario.

A.3 ChildEval Examples

An example from ChildEval is presented in Table
7, and a representative comparison of responses
generated by different models under the same child-
preference scenario is shown in Figure 7.

A.4 Prompts Design
A.4.1 Prompts for Data Construction

The prompts used within this work are listed in
Figures 8—10. Some prompts are too long to fit on
a single page, so we split them into two figures, as
shown in Figure 9 and 10.

A.4.2 Prompts for the Prompting-based
Approach

We extensively evaluate a variety of state-of-the-
art LL.Ms using zero-shot prompts, both with and
without persona information. In the default zero-
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Explicit

Topic Persona Prefer- | Implicit Preference Utterance
ence
user: Dad said that spring has arrived,
and we can go to the park to play.
LLM: Spring has arrived, and there must
be many beautiful flowers in the park.
Which flower is your favorite? user: I
5-year-old boy who don’t like flowers; the pollen makes me
shows a strong interest sneeze and my eyes itch. LLM: That
in technology and does sound uncomfortable. So, what do
mechanics. He enjoys you like to do in the park? user: I like to
playing with LEGO play in clean places, such as a sandbox,
bricks, especially the where I can build sandcastles. LLM:
sets that can be assem- Playing in the sandbox is indeed a lot of
bled into vehicles and fun! What kind of sandcastles have you
robot models. His room built? user: I built very tall sandcastles
is filled with various and decorated them with small stones. Dad
completed builds, I LLM: It sounds like you’re really good .
o . really . . said he
each brimming with hate at playing with sand! Can you make would
creativity and imagi- llen: other things with sand as well? user: I tak
nation. He also likes | P2"° | also make little cars and animals with | o © mhe
to play video games, as SOOI} sand, which is a lot of fun. LLM: You're LO " the
particularly those that gf)me so creative! What’s your favorite small icc;la -
require puzzle-solving into animal to make? user: I love making gar-
Cognitive and strategy. He has contact dogs and cats; they are so cute. LLM: den in
development a certain sensitivity with it Puppies and kittens are indeed very cute! spring
. towards numbers and > | Can you also make these little animals | ’
and exploration . s I start . O N . . where
Na- programming, enjoying | - with building bloclfs. user: | bqﬂd small there
. the creation of his own | . cars and robots with LEGO bricks, and
ture&universe . . ing . are
mmple games using | _ my sometimes I.even make‘dogs. and cats. many
basic programming | LLM: The things you build with LEGO beat-
software. He is not it)é h & bricks must look great! What is your tiful
very fond of sports and It's y'so most impressive creation? user: My fowers
outdoor activities, pre- proudest creation is a moving robot that ’
. . uncom- . Have
ferring to stay indoors fort even has glowing eyes. LLM: Wow, you
exploring new things. able that’s amazing! You’re really a little in- been
He has a mild allergic ) ventor! user: Dad said he would take there?

constitution and needs
to be particularly cau-
tious with certain foods
and pollen. At bedtime,
he loves listening to
stories about technology
and inventions told by
his father, dreaming of
becoming an inventor
one day.

me to the botanical garden in spring,
where there are many beautiful flowers.
Have you been there? LLM: Wow, there
are indeed many beautiful flowers in the
botanical garden, in all sorts of colors;
they are really lovely! However, since
you’re allergic to pollen, remember to
wear a mask and sunglasses, and put on
long-sleeved clothes when you go. This
can help reduce your contact with pollen.
You can also bring a small bottle of water
to clean your nose and eyes if you feel
uncomfortable. This way, you can enjoy
the beautiful flowers happily! What do
you think about this?

Table 7: An example set from ChildEval.
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shot setting, the LLM answers the user’s query
directly without any additional prompting. How-
ever, these models are not specifically designed for
child-oriented dialogue. If used without modifica-
tion, they tend to generate overly long responses
that do not reflect the conversational style of young
children. To ensure a fair evaluation, we accord-
ingly augmented the original dialogue prompts as
follows, corresponding to the with-persona and
without-persona settings.

zero-shot-without-persona: Provide clear,
concise, and conversational responses in
1-3 sentences, prioritizing accuracy and a
friendly tone while avoiding unnecessary
details.

zero-shot-with-persona: Never use any
names or personal identifiers from the pro-
file "{persona}". Always address the child
directly as ’you’ when it feels natural, or
give suggestions without using a subject,
based on the user information in the profile.
Provide clear, concise, and conversational
responses in 1-3 sentences, prioritizing ac-
curacy and a friendly tone.

\

A.4.3 Evaluation Prompts for Child-Oriented
Tasks

The evaluation prompts for child-oriented tasks
are shown in Figures 11-14, which correspond
respectively to Emotional Adaptation, Interaction
Scaffolding, Developmental Appropriateness and
Engagement.

A.5 Cross-Model Bias Analysis for Validating
LLM-as-a-Judge Metrics

To further assess potential model-specific bias and
validate our evaluation metrics, we use the same
randomly sampled examples as in Section 4.2, cov-
ering all preference types, and evaluate them using
DeepSeek-R1. We compute agreement rates be-
tween DeepSeek-R1 and Qwen2.5-72B, and addi-
tionally compare the outputs of both models against
human judgments. As shown in Tables 2 and 8,
the evaluations produced by the two models are
highly consistent and closely aligned with human
assessments. Notably, for child-oriented evaluation
metrics, the agreement is even higher, indicating
robust and reliable evaluation performance.

. . DeepSeek DeepSeek

Metric(sub-item) vs. Human (%) vs. Qwen2.5 (%)
PC

Acknowledge Preference 78 76

Violate Preference 89 81

Hallucinate Preference 64 70

Helpful Response 96 97

Average 86 79
COE

EA 97 98

IS 99 99

DA 98 98

EG 99 99

Table 8: Agreement rates between DeepSeek-R1 and
human annotators, as well as between DeepSeek-R1 and
Qwen2.5-72B, across Preference Consistency (PC) and
Child-Oriented Evaluation (COE).

A.6 Architecture of the Persona Steer Model

To assist in examining whether providing the child
persona information in our benchmark would con-
tribute to better LLM personalization, we propose
a persona steer model that leverages persona infor-
mation to guide the LLM’s outputs toward person-
alized behaviors. The architecture of our persona
steer model is depicted in Figure 15, whose core
is the Personalized Steer Module. While the pre-
trained LLM provides robust general language com-
prehension and generation, the Personalized Steer
Module enables effective user adaptation without
huge computational burdens.

Specifically, as shown in Figure 15, the Per-
sonalized Steer Module is designed to introduce
user-specific information into the language model
in a precisely controlled manner. A Persona En-
coder processes textual descriptions of children’s
personas, converting them into dense embeddings
that effectively encapsulate the semantic essence
of user characteristics. The persona embedding is
then aggregated with the output of a Steer Adapter
module, which contains information extracted from
the historical dialogue by the LLM. The aggregated
embedding €,44rcgate 1S then processed by a Gating
Network, whose gate value g(-) is dynamically cal-
culated based on hy,. The final output embedding
e!, before applying the Softmaz function could
be obtained by:

6; = hLWT + g(hL)eaggregateWTa

3
=hWT + A(hp)WT ©)

where W is the weight matrix employed by the

21295



LLM. It should be noted that only the Steer Adapter
and the Gating Network used to calculate A(hy)
contain parameters learnable during the training,
while other parameters remain fixed.

To minimize the learnable parameters in the
Steer Adapter, we implement a parameterization
approach inspired by low-rank adaptation (LoRA)
(Hu et al., 2021). Specifically, rather than learning
a full-rank transformation matrix, we decompose
it into two low-rank matrices, as shown in Figure
15. This decomposition maintains the transforma-
tion’s expressive power while allowing efficient
integration of personalized information, seamlessly
merging it into the LLM’s representations to facili-
tate effective user adaptation and stable generation.
Additionally, it opens possibilities for incorporat-
ing more sophisticated personalized models into
LLM generation.

A.7 Additional Results

A.7.1 Effect of Inserted Context Length on
Preference Consistency Error Types

Figures 16 and 17 illustrate the changes in prefer-
ence consistency error types across different num-
bers of inserted irrelevant turns in the explicit and
implicit datasets, respectively. Under zero-shot
prompting without persona, Preference-Unaware
Violations become increasingly prominent as the
number of irrelevant turns increases, indicating that
LLMs struggle more to maintain awareness of user
preferences when exposed to longer irrelevant con-
text. With the introduction of various methods,
including finetuning approaches such as LoRA and
PSM, the proportion of Preference-Unaware Vio-
lations decreases, while Hallucination Violations
increase and Inconsistency Violations begin to ap-
pear, reflecting the challenges models face in gener-
ating responses that are both aligned with retrieved
preferences and free from hallucinated information.
On the explicit dataset, LoRA is more prone to
Inconsistency Violations across n-turn scenarios,
whereas PSM exhibits higher rates of Preference
Hallucination Violations in shorter contexts; how-
ever, as the number of irrelevant turns increases
beyond 30, the rate of Preference Hallucination
Violations in PSM decreases, while Unhelpful Re-
sponses become increasingly dominant. On the
implicit dataset, Unhelpful Responses constitute
the primary error type for PSM, indicating a ten-
dency to refuse or provide unhelpful answers rather
than attempt alignment with user preferences.

Overall, these results highlight the trade-offs be-
tween proactive preference-following and robust-
ness to irrelevant context. Notably, as the length of
irrelevant context increases, PSM becomes increas-
ingly conservative, producing unhelpful responses,
whereas LoRA is more proactive, continuing to
attempt responses aligned with user preferences,
although alignment issues remain.

A.7.2 Effect of Inserted Context Length on
Finetuning Results

Figure 18 illustrates how persona-informed finetun-
ing methods (i.e., PSM and LoRA) evolve with
increasing dialogue length on both explicit and
implicit datasets (i.e., datasets with historical dia-
logues that explicitly and implicitly reveal the child
preference). On the explicit dataset, PSM-based
models show a relatively sharp decline in prefer-
ence consistency as the number of inserted irrele-
vant dialogue turns increases, while LoRA-based
models exhibit a moderate decrease. Moreover,
results on the PC (Preference Consistency) dimen-
sion indicate that training with longer irrelevant
dialogues yields greater robustness on equally long
test dialogues than training with shorter ones. In-
terestingly, within the child-oriented dimensions,
most metrics remain relatively stable across dia-
logue lengths, whereas developmental appropriate-
ness (DA) exhibits the largest fluctuations, indicat-
ing its heightened sensitivity to contextual length.

On the implicit dataset, model trends largely
mirror those observed on the explicit dataset. In
the PC dimension, PSM-based models remain rel-
atively stable compared to LoRA-based models
on dialogues shorter than 30 turns (12K tokens)
and benefit more from inserted irrelevant dialogues.
However, in longer dialogues (e.g., 50 turns, PSM-
based models show a sharper decline, falling below
LoRA-based models. This pattern may be due
to the fact that PSM relies on the aggregation of
final-layer vectors to incorporate the persona in-
formation into an LLM, which works well when
the inserted irrelevant dialogue is short, but may
be negatively affected by accumulated noise when
the irrelevant dialogue is long. In contrast, LoORA’s
low-rank adaptation maintains greater stability in
extended contexts.

A.7.3 Performance on English version

To gain a comprehensive understanding, we con-
duct more experiments on the English version of
ChildEval. Figure 19 presents the evaluation re-
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sults across different numbers of inserted irrelevant
dialogue turns. These dynamics indicate that tasks
and models exhibit varying levels of robustness and
adaptability across different dialogue stages in both
the explicit and implicit datasets. IS remains the
most challenging dimension for all models. How-
ever, the overall performance on the English dataset
is slightly lower, likely because it is a translated
counterpart of the Chinese corpus and may not fully
capture the natural distribution of native English
dialogues.

Figure 19 presents the evaluation results af-
ter incorporating the persona information into the
prompt, and different models exhibit divergent pat-
terns. Notably, LLaMA3.1-8B-instruct shows sub-
stantial fluctuations on the EA, IS, and EG dimen-
sions of the child-oriented evaluation. The perfor-
mances of the other two models show a decreasing
trend with small fluctuations as the number of irrel-
evant dialogue turns increases. Comparing Figure
19 and Figure 20, the inclusion of persona leads to
significant improvements across PC, EA, IS, and
EG for all models, with the only exception being a
slight decrease on DA observed for Ministral-7B-
instruct.
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You need to generate the following content:
Preference: The user (3-6-year-old children) clearly expresses a specific and unique like, ability, or dislike in the first person (e.g.
“I like xx more than xx,” “I really hate xx,” “I only care about xx,” “I cannot xx,” etc.). This preference or ability should be clear
and distinctive enough for the intelligent assistant to remember. It should be concise and unique, summarized in 1-2 sentences.
The preference should consider diversity from different aspects of children.

Utterance: The user (3-6-year-old children) initiates the conversation or question using the first-person expressions “I”” or
“myself.” The wording of the question or request should be careful to avoid contradicting or revealing the declared preference.
The dialogue should be naturally aligned with the child’s personality and make it difficult for an intelligent assistant to give a
satisfying answer if the preference is unknown, but it must not conflict with the preference.

Brief explanation (1-2 sentences): Explain why a conventional answer might violate the child’s preference and how the
intelligent assistant should respond or make suggestions based on the child’s preference.

Scoring criteria:

Generate preference—utterance pairs with a high probability of violation:

High violation probability means:

P(answer | utterance) >> P(answer | preference, utterance) — i.e., without knowing the preference, conventional responses are
very likely to violate the child’s preference.

High violation probability example: <High violation example>

Low violation probability example: <Low_violation_example>

Additional high violation probability examples: <Examples>

Do not generate:

Contradictory or too obvious combinations (utterance directly negates the preference, or perfectly matches it).

Utterance completely incompatible with the preference, or answers too simple/direct.

Preference or utterance lacking key information (like location or specific details).

Key points:

99 G699 G
>

“Preference setting”: starts with “I,”” written in 3-6-year-old style, short sentences with particles like “la,” “ne

”
>

ya,” “ma,” etc.,
avoiding complex words.
“Utterance”: initiated by the child, natural and non-contradictory with the preference.
Utterance and preference must be strongly related and diverse.
Utterance and theme must be strongly correlated, not multi-theme ambiguous.
Child’s dialogue style: oral style with particles, simple vocabulary, avoids adult-like wording.
Dialogue is strictly between child and assistant. Mentions of parents allowed as indirect statements only.
Answer strategy:
If the child’s preference is unknown, the assistant’s answers are likely to trigger the aversion objects; if the preference is known,
the assistant should adjust responses to avoid violating it.
Based on the following child persona and topic, generate 2 different realistic scenarios with high violation probability (realistic,
innovative, challenging):
Child persona: {persona} Topic: {topic}
Do not number; generate content directly using the following format:
<task>
<preference>...</preference>
<utterance>...</utterance>
<explanation>...</explanation>

</task>

Figure 8: Prompt used for generating explicit preference and utterance.
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Please generate an {n}-turn dialogue between a child and an intelligent assistant based on the child’s persona and
explicit preference.
Input:
Persona: Based on the basic information and long-term stable preference traits of children (3-6 years old).
Explicit Preference: For the given persona, the user clearly expresses a specific and unique like, ability, or dislike
in the first person (e.g., “I like xx more than xx,” “I really hate xx,” “I only care about xx,” “I cannot xx,” etc.).
Topic: The theme around which the dialogue is built.
Output:

1. An analysis of the “forgetting-prevention self-check,” following the required checking order (written inside
<explain> tags).

2. An {n}-turn dialogue between a 3-6-year-old child and the intelligent assistant (written inside
<conversations> tags).
Forgetting-prevention self-check requirements (must be checked in this order and written in <explain> tags):
1. Whether names were mistakenly added: remove all specific personal names.
2. Whether the last turn includes: remove all closing phrases or polite endings.
3. Whether the dialogue addresses a child user: limit filler words appropriately.
4. Whether the intelligent assistant is described with human actions: the assistant can only provide suggestions.
5. Whether the dialogue is exactly {n} turns: if fewer than {n}, extend the topic (through questions or additional
information).
6. Whether the generation format tags are complete: check that all tags are correctly closed.
7. Whether the dialogue allows the explicit preference {preference} to be inferred naturally.
Multi-turn dialogue requirements (written inside <conversations> tags):
Strictly follow the rules below. Before each response, re-check compliance.
1. The dialogue must revolve around the theme, match the persona, and align with the speaking style of
3-6-year-old children:

2 <. 2 2
g

- Oral style, frequently using particles like “la,” “ne,” “ya,” “ma,” etc., to show a child’s identity. For example:
“I don’t like noisy ne” instead of the complex adult expression “I don’t like noisy and chaotic environments.”

- Simple vocabulary (avoid complex words such as “recommend,” “suggest”). Do not use adult-style
expressions like “Do you have any good food suggestions?” Instead, use child-style wording such as “What
yummy things are there? I want to eat yummy food!”

2. Use concise, friendly, conversational expressions and avoid mechanical tone.

3. The dialogue must not explicitly mention the input’s explicit preference, but the child-assistant conversation
should make the preference inferable.

4. The dialogue is strictly between the child and the intelligent assistant, following these rules:

- Objective mentions are allowed: e.g., “Dad said...” “Mom said...,” but the child cannot speak directly to
parents (e.g., “Dad, let’s go play”).

- Interaction restriction: the child can only talk to the assistant (using “you” to refer to the assistant).

- Direct conversation with parents or third parties is prohibited (e.g., “Mom, we...”).

- Scene restriction: if family activities are mentioned, they must be expressed indirectly (e.g., “Dad said we can
go to the park™) instead of directly addressing parents.

5. The dialogue must have exactly {n} turns, where 1 turn = 1 <user> + 1 <assistant>. {n} turns = {n} <user> and
{n} <assistant>.

2 ¢

6. No specific personal names (like “Xiao An”) or role names (like “little assistant,” “smart helper”) should appear.

<user> and <assistant> already indicate roles, no repetition needed.

Figure 9: Prompt used for generating child-LLM dialogue to infer the implicit preference: Part 1 — Inputs.
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7. The assistant’s responses must not include human behaviors (e.g., attending activities, eating, walking). The
assistant must always remain non-embodied, only providing content.
8. The last turn of the assistant’s reply must not contain a closing phrase (e.g., “Goodbye,” “Ask me anytime”).
The ending should feel naturally continuous.
Output must strictly follow the fixed format below, without modifying tag names, order, or nesting.
<explain>
[1] Name check: No personal names used, compliant.
[2] Closing phrase check: No closing phrase in the last turn, compliant.
[3] Tone check: Language is mild and natural, matching the style of 3-6-year-old children.
[4] Assistant behavior check: Assistant is not personified and contains no self-involvement in activities.
[5] Turn count check: Exactly {n} turns (i.e., {n} <user> and {n} <assistant>).
[6] Tag check: All tags spelled correctly and fully closed.
[7] Preference inference check: From the dialogue, the child’s attitude toward “xxx” can naturally reveal the
explicit preference.
</explain>
<conversations>
<l--Turn 1 -->
<user>...</user>

<assistant>...</assistant>

<!-- Turn {n} -->
<user>...</user>
<assistant>...</assistant>
</conversations>
Given Input:
Persona: {persona}
Explicit Preference: {preference}
Topic: {topic}
Non-compliant examples:
<assistant>Xiao An can try chips</assistant> (contains personal name)
<assistant>Goodbye</assistant> (closing phrase in last turn)
<user>Hello, little helper! I recently learned lots of new words ne!</user> (contains role name)
<assistant>I’ve been on a picnic, ya, so fun! On a picnic you can eat yummy food and play on the
grass.</assistant> (assistant described as doing activities)
<assistant>Not a problem! I'm happy to help. If you have other questions or topics, feel free to tell me! (tags
incomplete, missing closing)</assistant>

Example Output:

<Examples>

Figure 10: Prompt used for generating child-LLM dialogue to infer the implicit preference: Part 2 — Self-check and
Outputs.
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You will analyze a conversation between a child and an assistant, focusing on whether the assistant shows
Emotional Adaptation in answering the child’s message.

Evaluate the response based on these stringent criteria:

Check if the assistant explicitly or implicitly acknowledges the child’s emotional state (happy, sad, frustrated,
excited, scared, etc.) in its answer.

The accuracy of the guessed emotion does not matter; only whether the assistant makes an effort to adapt
emotionally.

Answer "Yes" if:

1. The response explicitly refers to the child’s emotion. Examples include: “T can see you are feeling sad, let
me cheer you up with a story.”; “Since you are excited about dinosaurs, let’s play a dinosaur game!”; “You seem
worried, don’t worry, I will stay with you.”

2. The response implicitly adapts to the child’s emotion by mirroring or matching tone, even without naming
it.Example:Child says “I'm scared of the dark.” Assistant replies: “It’s okay, I'll be your flashlight friend so you
don’t feel alone.”

Answer "No" if the response does not show any emotional adaptation. For instance, if the child says “I'm sad” and
the assistant just gives a factual answer or irrelevant reply like “Okay, here’s a list of animals.”

Here is the assistant's response:

The user's question is: {question}

Assistant response: {generation}

Examine the response meticulously and answer. Please answer in this exact XML format without any additional
text:

<explanation>[1 short sentence explanation]</explanation>

<answer>[ Yes/No]</answer>

You will analyze a conversation between a child and an assistant, focusing on whether the assistant’s response is
Developmentally Appropriate for the child.

Evaluate the response based on these stringent criteria:

Check if the assistant’s response matches the child’s likely age level in terms of language, complexity, and content.
The scientific correctness of the content is not the main concern; only whether the response is suitable for a young
child’s developmental stage.

Answer "Yes" if:

1. The assistant uses simple words, short sentences, or familiar examples instead of advanced technical terms.
Examples include: “The sun is like a big lamp in the sky that keeps us warm.”; “A volcano is like a mountain that
can burp hot lava.”; “Let’s count together how many stars we can imagine.”

2. The assistant adjusts explanations or provides analogies that fit a child’s world. Example: Child asks:
“What is electricity?” Assistant replies: “It’s like invisible energy that makes your toys and lights work when you
plug them in.”

Answer "No" if the response uses adult-level, abstract, or overly complex explanations that a child is unlikely to

understand. For example, if the child asks “Why is the sky blue?” and the assistant replies with “Due to Rayleigh

scattering of shorter wavelengths of light in the l

sphere,” this would be develop inappropriate.

Here is the assistant's response:

The user's question is: {question}

Assistant response: {generation}

Examine the response meticulously and answer. Please answer in this exact XML format without any additional
text:

<explanation>[1 short sentence explanation]</explanation>

<answer>[ Yes/No]</answer>

Figure 11: Evaluation prompt used for checking Emo-
tional Adaptation.

Figure 13: Evaluation prompt used for checking Devel-
opmental Appropriateness.

You will analyze a conversation between a child and an assistant, focusing on whether the assistant shows
Interaction Scaffolding in its response.

Evaluate the response based on these stringent criteria:

Check if the assistant makes an effort to guide the child’s participation (e.g., asking follow-up questions, breaking
down complex tasks, offering hints, or encouraging elaboration).

The correctness of the content is not important; only whether scaffolding is present.

Answer "Yes" if:

1. The assistant explicitly encourages the child to take part. Examples include: “Can you think of another
animal that lives in the ocean?”; “Let’s try this step by step: first, can you name the colors you see?”; “Do you
want to hear a harder riddle or an easier one?”

2. The assistant implicitly scaffolds the interaction by providing structured choices or gradual hints instead of
just giving a direct answer. Example: Child asks “Why is the sky blue?” Assistant replies: “That’s a great question!
Do you remember what happens when light passes through water? Something similar happens in the air.”

Answer "No" if the assistant only provides an answer or information without offering any interactive guidance. For
instance, if the child says “Tell me about dinosaurs™ and the assistant only replies “Dinosaurs lived millions of
years ago,” without further prompting or scaffolding.

Here is the assistant's response:

The user's question is: {question}

Assistant response: {generation}

Examine the response meticulously and answer. Please answer in this exact XML format without any additional
text:

<explanation>[1 short sentence explanation]</explanation>

<answer>[ Yes/No]</answer>

You will analyze a conversation between a child and an assistant, focusing on whether the assistant shows
Engagement in its response.

Evaluate the response based on these stringent criteria:

Check if the assistant’s response makes the conversation lively, fun, or interesting for the child.

Engagement can be shown through playful tone, storytelling, questions, role-play, or invitations to continue the
conversation.

Answer "Yes" if:

1. The assistant explicitly uses playful or inviting language to keep the child engaged. Examples include:“Wow,
that’s a great question! Do you want to imagine we are astronauts and fly to space together?”; “Haha, dinosaurs are
awesome! Which one do you like best?”; “Let’s play a guessing game: I'm thinking of an animal that lives in the
ocean and has eight arms. Can you guess what it is?”

1

2. The assistant implicitly continued i by showing or curiosity.

Example: Child: T like cats.” Assistant: “Me too! Cats are so soft and playful. Do you have a favorite color for a
cat?”

Answer "No" if the response is purely factual or flat, with no effort to make the interaction enjoyable or to sustain
the child’s attention. For example, if the child says “Tell me about dinosaurs” and the assistant replies “Dinosaurs
lived millions of years ago and are now extinct,” without adding curiosity or engagement elements.

Here is the assistant's response:

The user's question is: {question}

Assistant response: {generation}

Examine the response meticulously and answer. Please answer in this exact XML format without any additional

text:

<explanation>[1 short sentence explanation]</explanation>

Figure 12: Evaluation prompt used for checking Inter-
action Scaffolding.

Figure 14: Evaluation prompt used for checking En-
gagement.
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Figure 15: The architecture of the persona steer model.
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Figure 16: Preference consistency error types under different numbers of inserted irrelevant turns (n-turn).
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Preference consistency errors on the implicit dataset
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Figure 17: Preference consistency error types under different numbers of inserted irrelevant turns (n-turn).
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Results on implicit dataset
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Figure 18: Accuracy of LLMs on preference consistency (PC) and child-oriented dimensions under different
numbers of inserted irrelevant turns (n-turn).
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Results on explicit English dataset
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Results on implicit English dataset
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Figure 19: LLMs performances on preference consistency (PC) and the child-oriented evaluation under different
numbers of inserted irrelevant dialogue turns on the English dataset.
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Results on implicit English dataset
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Figure 20: LLMs performances on preference consistency (PC) and the child-oriented evaluation under different
numbers of inserted irrelevant dialogue turns on the English dataset, after integrating persona information into the
prompt.
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