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Abstract001

While LLMs enable personalized chatbots,002
their effectiveness in child-centered personal-003
ization remains unclear, as children’s interac-004
tions differ from those of adults and systematic005
preference evaluation is lacking. To address006
this gap, we introduce ChildEval, a benchmark007
for evaluating LLMs’ ability to infer and fol-008
low child-centered preferences in long-context009
conversations. ChildEval contains 29K synthe-010
sized persona profiles of children aged 3–6, pro-011
viding relatively static background information.012
Each persona is associated with a child pref-013
erence—which may align with, conflict with,014
or be independent of the persona—expressed015
either explicitly in a single sentence or implic-016
itly through 6–10 turn dialogues. Explicit and017
implicit preferences are designed to reflect the018
same underlying preference but differ in ex-019
pression, capturing dynamic aspects of prefer-020
ence expression rather than changes in the static021
persona. The benchmark spans five top-level022
and fourteen sub-level categories covering chil-023
dren’s daily lives and development. We further024
propose fine-grained, child-centric evaluation025
protocols to systematically assess open-source026
LLMs. Experimental results demonstrate how027
different personalized representations affect028
LLM responses and suggest that finetuning on029
ChildEval can enhance child-centered perfor-030
mance.1031

1 Introduction032

Large Language Models (LLMs) (e.g., ChatGPT033

(OpenAI et al., 2024), Gemini (Gemini et al., 2025),034

and Claude (Anthropic, 2024)) have achieved re-035

markable success in effectively understanding and036

generating human language, leading to a revolu-037

tionary era in LLMs. Beyond generic dialogues,038

LLMs have been utilized in a wide range of indi-039

vidual daily tasks (e.g., healthcare (Xu et al., 2024)040

1We will open-source all codes and data.

and finance (Easin et al., 2024)) to deliver personal- 041

ized user experiences based on preferences (Kumar 042

et al., 2024). One promising direction is to enable 043

personalized interactions for children, convenient 044

for their caretakers, while promoting their devel- 045

opment and learning (Feng et al., 2024; Seo et al., 046

2024; Chen et al., 2025a), instead of just giving the 047

“correct” answers. 048

Previous research on LLM personalization has 049

mainly focused on adult preferences and tasks. Qiu 050

et al. (2025) advance personalization by extract- 051

ing user preferences from historical profiles, while 052

other studies address the lack of benchmarks for 053

evaluating personalized capabilities (Salemi et al., 054

2023; Jiang et al., 2025). However, the proposed 055

benchmarks focus on general preferences (e.g., the 056

number of dialogue turns) with generic tasks (e.g., 057

ticket booking and restaurant recommendations) 058

for adults. Several benchmarks target children 059

(Rath et al., 2025; Liu and Fourtassi, 2024), but 060

with limited scope: Rath et al. (2025) focus on 061

child safety without diverse child-centered tasks, 062

and Liu and Fourtassi (2024) examine style imita- 063

tion without considering developmental or learning 064

needs. Thus, whether LLMs can deliver person- 065

alized responses based on children’s preferences 066

remains underexplored, motivating dedicated re- 067

search given the fundamental differences between 068

child and adult interactions. 069

In particular, we identify two primary gaps in ex- 070

isting child personalization benchmarks for LLMs. 071

(1) Current benchmarks fail to reflect children’s 072

interaction patterns (Liu and Fourtassi, 2024), and 073

supporting age-appropriate developmental interac- 074

tion (Chen et al., 2025b). (2) There is no com- 075

prehensive evaluation taxonomy tailored to child 076

personalization: existing studies largely focus on 077

adult-centered preferences (e.g., general preference 078

following) and overlook children’s specific needs, 079

such as generating developmentally appropriate 080

content and supporting creativity. 081
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Facing these challenges, we introduce ChildE-082

val, a benchmark for evaluating LLMs’ ability to083

infer, interpret, and follow child-centered prefer-084

ences in long-context conversations. Targeting085

preschool children (ages 3–6) with high demand086

for LLM-based chatbot companionship, ChildE-087

val comprises 29K synthesized children’s persona088

profiles, with explicit preferences aligned to each089

persona and their implicit expressions revealed090

through multi-turn dialogues consisting of 6 to 10091

turns. The preferences cover 5 top-level and 14 sub-092

level topics that involve children’s daily lives and093

development (Antle, 2008; Wang, 2013) according094

to the guidelines published by the Ministry of Ed-095

ucation of China (MOE, 2012). We also propose096

fine-grained, child-centric evaluation protocols to097

systematically assess open-source LLMs. Exper-098

imental results demonstrate the influence of per-099

sonalized representations on model responses and100

suggest that finetuning on this dataset can improve101

performance.102

2 Related Work103

Personalization Data and Evaluation. Person-104

aMem (Jiang et al., 2025) and HiCUPID (Mok105

et al., 2025) simulate multi-attribute personas and106

multi-turn interactions to assess user-specific con-107

sistency. Evaluation frameworks consider metrics108

such as style alignment, preference fidelity, and109

user satisfaction (Salemi et al., 2023). To address110

the scarcity of personalized data, prior work ex-111

plores synthetic dialogue generation (Braga et al.,112

2024), profile summarization (Zhang, 2024), and113

memory retrieval from past interactions (Qian et al.,114

2025).115

Child-centered personalization has recently116

gained attention. KidLM (Nayeem and Rafiei,117

2024) introduces child-oriented corpora and train-118

ing strategies, complemented by work on style sim-119

plification (Valentini et al., 2023) and child-specific120

safety evaluation (Rath et al., 2025). However, ex-121

isting benchmarks remain largely general-purpose,122

leaving it unclear whether LLMs can follow chil-123

dren’s preferences in multi-turn settings.124

LLM Personalization Methods. Methodolog-125

ical advances in personalization broadly fall into126

non-parametric and parametric approaches. Non-127

parametric methods condition model behavior with-128

out modifying parameters, including prompt-based129

personalization using explicit or inferred traits (Liu130

et al., 2025; Li et al., 2021; Wu et al., 2024),131

memory-based approaches that leverage past in- 132

teractions (Madaan et al., 2022; Pan et al., 2025; 133

Magister et al., 2024; Zhang et al., 2025a), and 134

preference inference and conditioning that extracts 135

preferences to guide generation (Zhao et al., 2025a; 136

Ryan et al., 2025; Zhang et al., 2025b). Parametric 137

approaches embed user traits into model parame- 138

ters via finetuning or reinforcement learning, in- 139

cluding parameter-efficient adaptations and reward- 140

based personalization (Tan et al., 2024; Huber et al., 141

2025; Zhuang et al., 2024; Li et al., 2024; Zhao 142

et al., 2025b). Despite progress, it remains unclear 143

whether these methods generalize to children, mo- 144

tivating child-specific evaluation. 145

3 ChildEval Benchmark 146

3.1 Problem Formulation 147

To evaluate whether an LLM can perceive and 148

adapt to a child’s preference ρ when it commu- 149

nicates with the child, the full prompt sent to the 150

model could be formulated by: 151

B = H + u∗ (1) 152

where 153

• + denotes the concatenation of texts. 154

• H = {S1, S2, . . . , St, . . . , ST } denotes a 155

multi-session conversation history between 156

a child and an LLM. Each session St = 157

{(ut,1,mt,1), . . . , (ut,Kt ,mt,Kt)} consists of 158

Kt dialogue turns, where ut,kt is the child 159

utterance and mt,kt the model response. 160

• u∗ is a child utterance related to the child pref- 161

erence ρ, and would be used as a utterance 162

that the LLM shall respond to. 163

Sessions in H are categorized as: 164

• Relevant session: Following the setting of 165

Zhao et al. (2025a), the first session S1 of H 166

is a session with dialogues related to the user 167

preference queried by u∗. 168

• Irrelevant session: The remaining sessions 169

of H contain dialogue turns unrelated to u∗. 170

In each relevant session, the child preference ρ can 171

be revealed explicitly or implicitly: 172

• Explicit: Such a session contains a single 173

dialogue turn S1 = {(u1,1,m1,1)}, and u1,1 174

directly expresses the child preference. 175

• Implicit: Such a session contains multiple 176

dialogue turns, and the user preference could 177
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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 dialogue178

turns in this session.179

The task used for evaluating the LLM could then180

be formulated as:181

f(p,B) −→ m̂ (2)182

where p denotes the child persona, i.e. the per-183

sistent attributes that embody the child’s consistent184

personality traits (e.g., age and gender) and long-185

standing interests. f(.) denotes the model to be186

evaluated, and m̂ is the response generated by the187

model given the prompt B. A good response shall188

align with the child persona p and the child’s pref-189

erence ρ revealed by the historical conversation190

displaced in B.191

Figure 1(b) shows a ChildEval example, which192

includes a child persona, explicit and implicit193

preference cues from historical dialogues, and194

a preference-related utterance for evaluation, en-195

abling assessment of preference adaptation and per-196

sona effects.197

3.2 Data Construction Pipeline198

The data construction pipeline comprises three199

steps, as shown in Figure 1(a).200

Step 1: We generate 29K child personas using201

Qwen2.5-72B via iterative generation and refine-202

ment. Semantic duplicates are removed with FAISS203

(Douze et al., 2024) based on text embeddings204

(Xiao et al., 2023) to ensure diversity. All child205

names and identifiers are eliminated through LLM206

processing and human review to mitigate privacy 207

risks. 208

Step 2: For each child persona, we generate 209

two explicit preferences using persona-conditioned 210

prompts. Each preference may align with, conflict 211

with, or be independent of the persona, reflecting 212

context-dependent expression rather than changes 213

in the static persona. Preferences are expressed as 214

single first-person sentences, each grounded in a 215

distinct sub-level topic from a predefined taxonomy 216

(Table 1) covering children’s daily lives and devel- 217

opment (Antle, 2008; Wang, 2013; MOE, 2012), 218

and generated together with a corresponding child- 219

style utterance to initiate dialogue. This process 220

yields 58K explicit preferences, of which 46K are 221

retained after FAISS-based semantic filtering. 222

Step 3: Historical dialogues that implicitly re- 223

veal preferences are generated via prompt-based 224

generation conditioned on the corresponding ex- 225

plicit preference, with self-verification enforcing 226

predefined rules (Section A.4), resulting in 6–10- 227

turn child–LLM conversations. These implicit pref- 228

erences convey the same underlying preference as 229

their corresponding explicit ones, but differ in ex- 230

pression. 231

3.3 Fine-grained Evaluation Metrics for Child 232

Preferences 233

Existing personalization evaluation studies mainly 234

cover standard adult-centered preferences and 235

fail to capture the unique requirements of child- 236

oriented interactions (Zhao et al., 2025a; Jiang 237
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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-238

grained evaluation metrics tailored for children’s239

personalization.240

(1) Preference Consistency (PC). We evaluate241

whether the model’s responses align with a child’s242

explicitly stated or implicitly inferred preferences,243

using established criteria from prior work (Zhao244

et al., 2025a), which are released under the Creative245

Commons Attribution-NonCommercial 4.0 Interna-246

tional Public License and adapted to child-oriented247

dialogues.248

(2) Child-Oriented Evaluation (COE). Beyond249

preference consistency, child-centered dialogues re-250

quire additional fine-grained evaluation dimensions251

that differ from typical adult-oriented communi-252

cation. Accordingly, we propose a set of novel253

child-oriented evaluation metrics focusing on the254

distinctive linguistic and contextual characteristics255

of child-centered conversations, covering four sub-256

dimensions.257

Emotional Adaptation (EA). The LLMs should258

be sensitive to the emotions expressed by the chil-259

dren, providing empathetic, supportive, and age-260

appropriate responses that help to maintain a posi-261

tive atmosphere of interaction.262

Interaction Scaffolding (IS). The LLM should263

be able to scaffold effective child-centered con-264

versation with prompts, clarifications, or playful265

follow-ups in a natural conversational flow.266

Developmental Appropriateness (DA). The267

LLM’s responses should match the cognitive268

and linguistic abilities of 3-to-6-year-old children,269

avoiding overly complex vocabulary or reasoning270

while providing informative and stimulating con-271

tent.272

Engagement (EG). The LLM should be able273

to produce lively and appealing utterances, using274

child-specific markers such as playful particles,275

reduplication, or culturally grounded scenarios, to276

keep children actively interested in the dialogue.277

4 Experiments and Analyses 278

4.1 Experimental Setup 279

We evaluate five open-source LLMs (Qwen2.5- 280

3B/72B-Instruct, Qwen3-4B-Instruct, LLaMA3.1- 281

8B-Instruct, DeepSeek-R1-671B, and Mistral-7B- 282

Instruct-v0.3) using three child-preference adapta- 283

tion strategies: prompt-based (PBM), LoRA fine- 284

tuning, and our Persona Steer Model (PSM), which 285

injects child persona information from ChildE- 286

val via a pluggable Persona Steer Module (Sec- 287

tion A.6). All experiments are zero-shot on a 288

bilingual (Chinese–English) dataset, with addi- 289

tional long-context multi-session inputs to assess 290

preference modeling under extended context (Ap- 291

pendix A.1). Qwen2.5-3B-Instruct serves as the 292

SFT backbone, Qwen2.5-72B-Instruct is used for 293

evaluation, and ChildEval is split 8:2 into train/test 294

sets for a total of 46K samples. Fine-tuning and 295

evaluation were conducted on two and four A800 296

GPUs, respectively. 297

4.2 Reliability of LLM-as-a-Judge 298

To assess the reliability of machine-based evalua- 299

tion, we conducted a human evaluation on a subset 300

of the data and examined its consistency with LLM- 301

based judgments. Specifically, we randomly sam- 302

pled 100 examples covering all preference types 303

and manually annotated them, then computed the 304

agreement rates between human judgments and 305

LLM evaluations. As shown in Table 2, the agree- 306

ment rate reaches 87% for PC. While LLM-based 307

evaluation cannot fully substitute for human review, 308

this result indicates that it provides a reliable and 309

scalable mechanism for assessing preference con- 310

sistency. 311

The high agreement rates on COE criteria in Ta- 312

ble 2 indicate that these criteria are well-defined 313

and consistently applicable across different evalua- 314

tors. This consistency suggests that the proposed 315
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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

Sub-item Rate (%) Dimension Rate (%)

Acknowledge Preference 83 EA 99
Violate Preference 88 IS 100
Hallucinate Preference 72 DA 100
Helpful Response 99 EG 100

Average 87 -

Table 2: Human-verified agreement on Preference Con-
sistency (PC), following established evaluation criteria
(Zhao et al., 2025a), as well as on Child-Oriented Eval-
uation (COE).

criteria effectively capture the core requirements316

of child-directed communication and can be re-317

liably applied at scale. Rather than distinguish-318

ing subtle stylistic variations, the COE focuses on319

assessing whether model responses satisfy essen-320

tial principles of child-directed interaction under a321

unified safety standard. This design ensures that322

the evaluation remains robust, reproducible, and323

well aligned with the practical objectives of child-324

oriented model assessment.325

4.3 Cross-Model Bias Analysis for Validating326

LLM-as-a-Judge327

To further assess potential model-specific bias and328

validate our evaluation metrics, we use the same329

randomly sampled examples as in Section 4.2, cov-330

ering all preference types, and evaluate them using331

DeepSeek-R1. We compute agreement rates be-332

tween DeepSeek-R1 and Qwen2.5-72B, and addi-333

tionally compare the outputs of both models against334

human judgments. As shown in Tables 2 and 8,335

the evaluations produced by the two models are336

highly consistent and closely aligned with human337

assessments. Notably, for child-oriented evaluation338

metrics, the agreement is even higher, indicating339

Metric(sub-item) DeepSeek
vs. Human (%)

DeepSeek
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 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. 340

4.4 Preference Consistency Evaluation 341

SOTA LLMs struggle to maintain personaliza- 342

tion across long-term interactions. As shown 343

in Figure 2, all prompt-based LLMs exhibit a de- 344

crease in accuracy when generating personalized 345

responses after inserting irrelevant dialogues, com- 346

pared to directly expressing preferences without 347

any intervening turns. However, as the number of 348

irrelevant turns increases, the performance degra- 349

dation gradually slows down. Interestingly, for 350

some models (e.g. Qwen3-4B-instruct), additional 351

irrelevant turns even lead to a slight recovery or 352

improvement, suggesting a potential stabilizing. 353

LLMs face greater difficulty in deducing im- 354

plicit preferences than in understanding explicit 355

ones. Comparing the results in the left and right 356

panels of Figure 2, it is evident that personaliza- 357

tion consistency on implicit-preference datasets is 358

lower than on explicit-preference datasets across 359
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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 52.28 99.82 97.59 98.05 82.19 99.58 96.96
Llama3.1-8B-instruct 79.02 28.42 89.66 72.66 86.67 59.06 93.66 83.71
DeepSeek-R1 88.25 50.24 98.34 87.73 95.75 79.72 98.59 97.55

Implicit Data (%)

Qwen2.5-3B-instruct 78.73 38.58 98.01 77.41 93.16 69.92 96.33 93.67
Qwen3-4B-instruct 96.45 59.85 99.84 97.64 97.39 83.22 99.85 97.09
Llama3.1-8B-instruct 79.89 28.67 91.67 74.4 84.55 57.02 94.74 81.72
DeepSeek-R1 88.34 55.96 98.92 88.97 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 that360

inferring user preferences from dialogue context361

poses greater challenges for LLMs than directly362

leveraging explicitly stated preferences. The gap363

highlights the difficulty of capturing subtle cues364

embedded in conversation, underscoring the need365

for more robust mechanisms to enhance implicit366

personalization.367

Incorporating persona enhances the model’s368

personalized outputs. As shown in Figure 3, in-369

corporating persona information into prompts con-370

sistently improves performance across all models.371

The largest gain is observed on Qwen3-4B, where372

accuracy on the explicit dataset rises from 78.7%373

to 89.1%, while the smallest improvement occurs374

on Qwen2.5-3B for the implicit dataset (75.7% to375

75.8%). These varying gains indicate that the effec-376

tiveness of leveraging persona cues differs across377

models, highlighting the model-dependent nature378

of persona utilization.379

4.5 Child-Oriented Evaluation380

Personality preference consistency does not381

align with child-oriented capabilities. Compar-382

ing data in Table 4 with data in Figure 3 across 383

multiple models, while consistency accuracy may 384

be similar (e.g., 74%–76%), performance on child- 385

oriented evaluation varies widely across dimen- 386

sions, particularly in IS and DA. This suggests that 387

a high consistency score alone does not necessarily 388

reflect strong child-oriented personalization. 389

LLMs show limited capability in Interaction 390

Scaffolding (IS). Across all models, performance 391

on the IS dimension is lower than on other eval- 392

uation dimensions. For example, on the explicit 393

dataset, Qwen2.5-3B-Instruct achieves 35.8% ac- 394

curacy on IS. This substantial gap highlights a key 395

limitation of current approaches, as sensitivity to 396

subtle cues is critical for building engaging and 397

personalized child interactions. 398

LLMs exhibit considerable variation across 399

dimensions in child-oriented evaluation. In par- 400

ticular, models consistently achieve much stronger 401

results on the DA dimension (e.g., Qwen3-4B 402

achieves 99.82%) compared with other dimensions, 403

underscoring a clear imbalance across subtasks. 404

Such uneven distribution suggests that the evalu- 405

ation of child-oriented dialogue systems must be 406
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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).

multi-dimensional, as relying on aggregated or sin-407

gle metrics may conceal important deficiencies.408

Incorporating child persona leads to improve-409

ments across all evaluation dimensions of the410

COE. The most substantial improvements are ob-411

served in EA, IS, and EG, where absolute and rela-412

tive increases are notably larger. By contrast, DA413

dimension also improves, but with a smaller mar-414

gin. This pattern suggests that child persona in-415

formation primarily strengthens dimensions tied416

to individual child preferences and sensitivity to417

implicit cues, while its influence on group-level418

preferences, such as DA, which catches broader419

developmental norms, remains more modest.420

LLMs consistently struggle to maintain child-421

oriented evaluation performance over long-term422

interactions. As shown in Figure 4, although the423

overall trend with irrelevant dialogue insertion re-424

sembles Preference Consistency, the difference be-425

tween explicit and implicit datasets is small, sug-426

gesting that in child-oriented settings, models rely427

less on how preferences are expressed and main-428

tain comparable dialogue quality across both con-429

ditions.430

4.6 Finetuning on ChildEval to Enhance431

Child Personalization432

Supervised Finetuning on ChildEval leads to433

consistent improvements in children’s personal-434

ization performance across open-source LLMs.435

As illustrated in Figure 5, applying LoRA SFT,436

both with and without persona injection, leads to437

substantial gains in both preference consistency438

and child-oriented evaluation compared with the439

base models. Interestingly, LoRA SFT with per- 440

sona shows slightly lower improvements in pref- 441

erence consistency than LoRA without persona. 442

One possible reason is that adding persona signals 443

may introduce additional constraints, and the per- 444

sona itself may contain noise related to the explicit 445

and implicit preference expressions in the ChildE- 446

val dataset, which could slightly limit the model’s 447

ability to fully optimize for consistency and child- 448

oriented performance.
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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.

449
The choice of persona utilization strategy 450

significantly affects the performance of mod- 451

els fine-tuned with SFT. As shown in Figure 452

5, LoRA, which injects persona directly into di- 453

alogue prompts, achieves higher preference consis- 454

tency than PSM, which encodes persona as vectors. 455
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Explicit dataset
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37

28

34
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40

31

28

LoRA-5
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Implicit dataset
34
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32

Base+Persona

21
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32

LoRA-implicit

19
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33

LoRA-implicit+Persona

79

17

PSM-implict+Persona

Unhelpful Response
Inconsistency Violation

Preference Hallucination Violation
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. LoRA-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.

The advantage is more pronounced on the explicit456

dataset, while differences on the implicit dataset457

are small, and both methods show limited differ-458

ences on child-oriented benchmarks. This may be459

because the explicit dataset contains many irrele-460

vant dialogues, and LoRA’s prompt-level persona461

injection helps maintain consistency under noise,462

whereas PSM adjusts persona only at the final vec-463

tor layer, making persona signals more easily di-464

luted and resulting in weaker consistency.465

LLMs exhibit the most marked improvement466

in Interaction Scaffolding (IS) after finetuning.467

One possible reason is that IS tasks require the468

model to generate coherent and contextually ap-469

propriate responses, which benefit directly from470

the additional supervision provided during finetun-471

ing. Finetuning helps the model better capture472

the underlying patterns of guidance and scaffold-473

ing strategies in child-oriented dialogues, enabling474

more effective interaction management.475

4.7 Error Type Analysis476

Preference consistency errors include Unhelpful477

Response, Inconsistency Violation, Preference Hal-478

lucination Violation, and Preference-Unaware Vio-479

lation (Zhao et al., 2025a). Figure 6 shows their dis-480

tribution across 10-turn dialogues on explicit and481

implicit datasets under different methods. Initially,482

Preference-Unaware Violations dominate, reflect-483

ing LLMs’ limited awareness of user preferences.484

With various methods, this error decreases while485

Inconsistency Violations appear, indicating ongo-486

ing challenges in generating preference-aligned487

responses. Finetuning methods amplify inconsis-488

tency errors compared to prompt-based approaches.489

Incorporating persona information has mixed ef- 490

fects: LoRA shows more Inconsistency Violations 491

than PSM, while on the implicit dataset, PSM pro- 492

duces many Unhelpful Responses (79%), whereas 493

LoRA and prompt-based methods exhibit more 494

preference-related errors, reflecting a trade-off be- 495

tween proactive preference-following and reliabil- 496

ity. 497

We further analyze the effect of inserted con- 498

text length on preference consistency (details in 499

Appendix A.7.1 and A.7.2). Under zero-shot 500

prompting, Preference-Unaware Violations rise 501

with longer irrelevant context. Finetuning methods 502

reduce these violations but show trade-offs: LoRA 503

tends toward Inconsistency Violations, while PSM 504

shifts from Preference Hallucinations in short con- 505

texts to Unhelpful Responses in longer ones. On 506

explicit datasets, LoRA remains proactive; PSM be- 507

comes conservative, especially on implicit datasets. 508

5 Conclusion 509

We introduce ChildEval, a controlled, ethically 510

grounded testbed for analyzing child-focused per- 511

sonalization rather than simulating real child–LLM 512

interactions. Experiments show that current open- 513

source LLMs struggle with preference consistency 514

in long interactions, particularly for implicit pref- 515

erences. Moreover, personalization strategies in- 516

volve trade-offs, and targeted finetuning can im- 517

prove preference adherence while introducing new 518

inconsistencies, highlighting both the potential and 519

limits of current approaches. 520
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Limitations521

Synthetic Data and Realism. A primary limita-522

tion of this work is its reliance on a fully synthetic523

dataset to model children’s interactions. Language524

produced by children aged 3–6 is highly irregu-525

lar, often involving disfluencies, incomplete utter-526

ances, grammatical errors, and unpredictable prag-527

matic behaviors, which are difficult to faithfully528

reproduce through synthetic generation. Conse-529

quently, the proposed benchmark does not aim to530

fully capture the complexity or variability of real-531

world child language use.532

At the same time, the collection of large-scale,533

open-ended conversational data from young chil-534

dren poses substantial ethical, legal, and privacy535

challenges, resulting in a lack of publicly available536

and ethically compliant datasets. Under these con-537

straints, synthetic data provides a practical and con-538

trollable approximation that enables reproducible539

evaluation, but does not substitute for real-world540

observations. Moreover, as a fully synthetic bench-541

mark, the dataset inevitably reflects the inductive542

biases and stylistic tendencies of the language543

models used for data generation. The benchmark544

should therefore be interpreted as a diagnostic and545

lower-bound testbed for relative model comparison,546

rather than as a comprehensive simulation of child547

behavior or an estimate of real-world distributions.548

Scope of Safety Modeling. A second limita-549

tion is that this work does not explicitly model550

child-specific safety risks, developmental harms,551

or safety violations. All benchmark instances are552

constructed under a fixed and unified safety stan-553

dard, with the goal of isolating and evaluating child-554

specific preference consistency. As a result, the555

benchmark does not capture scenarios in which556

children’s misunderstandings, ambiguous expres-557

sions, or exploratory behaviors may induce safety558

risks in real-world deployments.559

Addressing these limitations remains an impor-560

tant direction for future work. In particular, incor-561

porating more realistic child language patterns and562

explicitly modeling safety–personalization interac-563

tions will likely require interdisciplinary collabo-564

ration with experts in child psychology, education,565

and human-computer interaction.566

Ethics Statement567

This study involves no direct interaction with hu-568

man participants and uses no real child-generated569

conversational data. All benchmark instances are570

fully synthetic and generated under existing content 571

safety constraints. 572

To address ethical, legal, and privacy concerns 573

associated with research involving young children, 574

no personal data, recordings, or transcripts from 575

children are collected, released, or used. Any real- 576

world materials referenced were used only at a high 577

level to inform child persona design and are not 578

included in the dataset or evaluation. 579

All synthetic data were manually reviewed to 580

comply with established content moderation and 581

safety guidelines, ensuring that the benchmark does 582

not expose children to risk or involve sensitive per- 583

sonal information. 584

All code and benchmark data will be released to 585

support transparency, reproducibility, and responsi- 586

ble use. 587
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A Appendix 829

A.1 Long-Context Settings 830

To simulate realistic conversational dynamics, we 831

adopt a methodology similar to Zhao et al. (2025a). 832

We incorporate multi-session dialogue turns from 833

the WildChat-1M dataset (Zhao et al., 2024), which 834

contains real user and LLM interactions across di- 835

verse topics. For SFT training, we randomly se- 836

lect 3, 5, and 10 round conversations to construct 837

three training sets. For testing, we sample multi- 838

session contexts up to 21K tokens, interleaving 839

11

https://doi.org/10.1145/3696410.3714805
https://doi.org/10.1145/3696410.3714805
https://doi.org/10.1145/3696410.3714805
https://arxiv.org/abs/2502.12552
https://doi.org/10.18653/v1/2025.acl-long.397
https://doi.org/10.18653/v1/2025.acl-long.397
https://doi.org/10.18653/v1/2025.acl-long.397
https://doi.org/10.18653/v1/2025.acl-long.397
https://doi.org/10.18653/v1/2025.acl-long.397
https://doi.org/10.1145/3613904.3642152
https://doi.org/10.1145/3613904.3642152
https://doi.org/10.1145/3613904.3642152
https://doi.org/10.18653/V1/2024.EMNLP-MAIN.372
https://doi.org/10.18653/V1/2024.EMNLP-MAIN.372
https://doi.org/10.18653/V1/2024.EMNLP-MAIN.372
https://doi.org/10.18653/V1/2024.EMNLP-MAIN.372
https://doi.org/10.18653/V1/2024.EMNLP-MAIN.372
https://arxiv.org/abs/2309.07597
https://arxiv.org/abs/2309.07597
https://arxiv.org/abs/2309.07597
https://doi.org/10.48550/ARXIV.2507.04607
https://doi.org/10.48550/ARXIV.2507.04607
https://doi.org/10.48550/ARXIV.2507.04607
https://doi.org/10.48550/ARXIV.2507.04607
https://doi.org/10.48550/ARXIV.2507.04607
https://doi.org/10.18653/V1/2025.FINDINGS-NAACL.407
https://doi.org/10.18653/V1/2025.FINDINGS-NAACL.407
https://doi.org/10.18653/V1/2025.FINDINGS-NAACL.407
https://openreview.net/forum?id=QWunLKbBGF
https://openreview.net/forum?id=QWunLKbBGF
https://openreview.net/forum?id=QWunLKbBGF
https://openreview.net/forum?id=QWunLKbBGF
https://openreview.net/forum?id=QWunLKbBGF
https://doi.org/10.48550/ARXIV.2505.15456
https://doi.org/10.48550/ARXIV.2505.15456
https://doi.org/10.48550/ARXIV.2505.15456
https://doi.org/10.48550/ARXIV.2505.15456
https://doi.org/10.48550/ARXIV.2505.15456
https://arxiv.org/abs/2405.01470
https://arxiv.org/abs/2405.01470
https://arxiv.org/abs/2405.01470
http://papers.nips.cc/paper_files/paper/2024/hash/b6b4906c1334656e97cc9968ccfca073-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2024/hash/b6b4906c1334656e97cc9968ccfca073-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2024/hash/b6b4906c1334656e97cc9968ccfca073-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2024/hash/b6b4906c1334656e97cc9968ccfca073-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2024/hash/b6b4906c1334656e97cc9968ccfca073-Abstract-Conference.html


dialogue turns between the disclosure of children’s840

preferences and the related utterances. Although841

we initially considered extending dialogues to 50K842

tokens, the backbone model supports at most 30K,843

beyond which outputs became unstable. This setup844

creates a challenging evaluation for LLMs to infer,845

retrieve, and utilize children’s preferences in long846

dialogues, especially when interspersed with unre-847

lated topics. For dialogues of varying turn counts,848

we randomly sample and fix their lengths, with849

token statistics reported in Table 5.850

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 Version851

In our experiments, we employ the Bge-Large-852

Zh model as the text encoder. Table 6 provides853

an overview of the evaluated LLMs and their ver-854

sions, together with the text encoder version. For855

DeepSeek, we conduct our experiments using the856

API-based deployment.857

Model Name Version
Qwen2.5-3B-Instruct qwen.qwen2.5-3B-instruct-v1:0
Qwen3-4B-Instruct qwen.qwen3-4B-instruct-v1:0
LLaMA3.1-8B-Instruct meta.llama3.1-8b-instruct-v1:0
Mistral-7B-Instruct mistral.mistral-7b-instruct-v0:3
DeepSeek-R1-671B deepseek-ai.deepseek-r1-v1:0
Bge-Large-Zh 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.

A.3 ChildEval Example858

An example from ChildEval is presented in Table859

7.860

A.4 Prompts Design861

A.4.1 Prompts for Data Construction862

The prompts used within this work are listed in863

Figures 7–9. Some prompts are too long to fit on864

a single page, so we split them into two figures, as865

shown in Figure 8 and 9.866

A.4.2 Prompts for the Prompting-based 867

Approach 868

We extensively evaluate a variety of state-of-the- 869

art LLMs using zero-shot prompts, both with and 870

without persona information. In the default zero- 871

shot setting, the LLM answers the user’s query 872

directly without any additional prompting. How- 873

ever, these models are not specifically designed for 874

child-oriented dialogue. If used without modifica- 875

tion, they tend to generate overly long responses 876

that do not reflect the conversational style of young 877

children. To ensure a fair evaluation, we accord- 878

ingly augmented the original dialogue prompts as 879

follows, corresponding to the with-persona and 880

without-persona settings. 881

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

882

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.

883

A.4.3 Evaluation Prompts for Child-Oriented 884

Tasks 885

The evaluation prompts for child-oriented tasks 886

are shown in Figures 10–13, which correspond 887

respectively to Emotional Adaptation, Interaction 888

Scaffolding, Developmental Appropriateness and 889

Engagement. 890

A.5 Cross-Model Bias Analysis for Validating 891

LLM-as-a-Judge Metrics 892

To further assess potential model-specific bias and 893

validate our evaluation metrics, we use the same 894

randomly sampled examples as in Section 4.2, cov- 895

ering all preference types, and evaluate them using 896

DeepSeek-R1. We compute agreement rates be- 897

tween DeepSeek-R1 and Qwen2.5-72B, and addi- 898

tionally compare the outputs of both models against 899

human judgments. As shown in Tables 2 and 8, 900

the evaluations produced by the two models are 901
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Topic Persona
Explicit
Prefer-
ence

Implicit Preference Utterance

Cognitive
development

and exploration
Na-

ture&universe

5-year-old boy who
shows a strong interest
in technology and
mechanics. He enjoys
playing with LEGO
bricks, especially the
sets that can be assem-
bled into vehicles and
robot models. His room
is filled with various
completed builds,
each brimming with
creativity and imagi-
nation. He also likes
to play video games,
particularly those that
require puzzle-solving
and strategy. He has
a certain sensitivity
towards numbers and
programming, enjoying
the creation of his own
simple games using
basic programming
software. He is not
very fond of sports and
outdoor activities, pre-
ferring to stay indoors
exploring new things.
He has a mild allergic
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.

I really
hate
pollen;
as soon
as I
come
into
contact
with it,
I start
sneez-
ing
and my
eyes get
itchy.
It’s so
uncom-
fort-
able.

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
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? user: I like to
play in clean places, such as a sandbox,
where I can build sandcastles. LLM:
Playing in the sandbox is indeed a lot of
fun! What kind of sandcastles have you
built? user: I built very tall sandcastles
and decorated them with small stones.
LLM: It sounds like you’re really good
at playing with sand! Can you make
other things with sand as well? user: I
also make little cars and animals with
sand, which is a lot of fun. LLM: You’re
so creative! What’s your favorite small
animal to make? user: I love making
dogs and cats; they are so cute. LLM:
Puppies and kittens are indeed very cute!
Can you also make these little animals
with building blocks? user: I build small
cars and robots with LEGO bricks, and
sometimes I even make dogs and cats.
LLM: The things you build with LEGO
bricks must look great! What is your
most impressive creation? user: My
proudest creation is a moving robot that
even has glowing eyes. LLM: Wow,
that’s amazing! You’re really a little in-
ventor! user: Dad said he would take
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?

Dad
said he
would
take me
to the
botan-
ical
gar-
den in
spring,
where
there
are
many
beau-
tiful
flowers.
Have
you
been
there?

Table 7: An example set from ChildEval.
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Metric(sub-item) DeepSeek
vs. Human (%)

DeepSeek
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).

highly consistent and closely aligned with human902

assessments. Notably, for child-oriented evaluation903

metrics, the agreement is even higher, indicating904

robust and reliable evaluation performance.905

A.6 Architecture of the Persona Steer Model906

To assist in examining whether providing the child907

persona information in our benchmark would con-908

tribute to better LLM personalization, we propose909

a persona steer model that leverages persona infor-910

mation to guide the LLM’s outputs toward person-911

alized behaviors. The architecture of our persona912

steer model is depicted in Figure 14, whose core913

is the Personalized Steer Module. While the pre-914

trained LLM provides robust general language com-915

prehension and generation, the Personalized Steer916

Module enables effective user adaptation without917

huge computational burdens.918

Specifically, as shown in Figure 14, the Per-919

sonalized Steer Module is designed to introduce920

user-specific information into the language model921

in a precisely controlled manner. A Persona En-922

coder processes textual descriptions of children’s923

personas, converting them into dense embeddings924

that effectively encapsulate the semantic essence925

of user characteristics. The persona embedding is926

then aggregated with the output of a Steer Adapter927

module, which contains information extracted from928

the historical dialogue by the LLM. The aggregated929

embedding eaggregate is then processed by a Gating930

Network, whose gate value g(·) is dynamically cal-931

culated based on hL. The final output embedding932

e′v before applying the Softmax function could933

be obtained by:934

e′v = hLW
T + g(hL)eaggregateW

T ,

= hLW
T +∆(hL)W

T
(3) 935

936

where W is the weight matrix employed by the 937

LLM. It should be noted that only the Steer Adapter 938

and the Gating Network used to calculate ∆(hL) 939

contain parameters learnable during the training, 940

while other parameters remain fixed. 941

To minimize the learnable parameters in the 942

Steer Adapter, we implement a parameterization 943

approach inspired by low-rank adaptation (LoRA) 944

(Hu et al., 2021). Specifically, rather than learning 945

a full-rank transformation matrix, we decompose 946

it into two low-rank matrices, as shown in Figure 947

14. This decomposition maintains the transforma- 948

tion’s expressive power while allowing efficient 949

integration of personalized information, seamlessly 950

merging it into the LLM’s representations to facili- 951

tate effective user adaptation and stable generation. 952

Additionally, it opens possibilities for incorporat- 953

ing more sophisticated personalized models into 954

LLM generation. 955

A.7 Additional Results 956

A.7.1 Effect of Inserted Context Length on 957

Preference Consistency Error Types 958

Figures 15 and 16 illustrate the changes in prefer- 959

ence consistency error types across different num- 960

bers of inserted irrelevant turns in the explicit and 961

implicit datasets, respectively. Under zero-shot 962

prompting without persona, Preference-Unaware 963

Violations become increasingly prominent as the 964

number of irrelevant turns increases, indicating that 965

LLMs struggle more to maintain awareness of user 966

preferences when exposed to longer irrelevant con- 967

text. With the introduction of various methods, 968

including finetuning approaches such as LoRA and 969

PSM, the proportion of Preference-Unaware Vio- 970

lations decreases, while Hallucination Violations 971

increase and Inconsistency Violations begin to ap- 972

pear, reflecting the challenges models face in gener- 973

ating responses that are both aligned with retrieved 974

preferences and free from hallucinated information. 975

On the explicit dataset, LoRA is more prone to 976

Inconsistency Violations across n-turn scenarios, 977

whereas PSM exhibits higher rates of Preference 978

Hallucination Violations in shorter contexts; how- 979

ever, as the number of irrelevant turns increases 980

beyond 30, the rate of Preference Hallucination 981
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Violations in PSM decreases, while Unhelpful Re-982

sponses become increasingly dominant. On the983

implicit dataset, Unhelpful Responses constitute984

the primary error type for PSM, indicating a ten-985

dency to refuse or provide unhelpful answers rather986

than attempt alignment with user preferences.987

Overall, these results highlight the trade-offs be-988

tween proactive preference-following and robust-989

ness to irrelevant context. Notably, as the length of990

irrelevant context increases, PSM becomes increas-991

ingly conservative, producing unhelpful responses,992

whereas LoRA is more proactive, continuing to993

attempt responses aligned with user preferences,994

although alignment issues remain.995

A.7.2 Effect of Inserted Context Length on996

Finetuning Results997

Figure 17 illustrates how persona-informed finetun-998

ing methods (i.e., PSM and LoRA) evolve with999

increasing dialogue length on both explicit and1000

implicit datasets (i.e., datasets with historical dia-1001

logues that explicitly and implicitly reveal the child1002

preference). On the explicit dataset, PSM-based1003

models show a relatively sharp decline in prefer-1004

ence consistency as the number of inserted irrele-1005

vant dialogue turns increases, while LoRA-based1006

models exhibit a moderate decrease. Moreover,1007

results on the PC (Preference Consistency) dimen-1008

sion indicate that training with longer irrelevant1009

dialogues yields greater robustness on equally long1010

test dialogues than training with shorter ones. In-1011

terestingly, within the child-oriented dimensions,1012

most metrics remain relatively stable across dia-1013

logue lengths, whereas developmental appropriate-1014

ness (DA) exhibits the largest fluctuations, indicat-1015

ing its heightened sensitivity to contextual length.1016

On the implicit dataset, model trends largely1017

mirror those observed on the explicit dataset. In1018

the PC dimension, PSM-based models remain rel-1019

atively stable compared to LoRA-based models1020

on dialogues shorter than 30 turns (12K tokens)1021

and benefit more from inserted irrelevant dialogues.1022

However, in longer dialogues (e.g., 50 turns, PSM-1023

based models show a sharper decline, falling below1024

LoRA-based models. This pattern may be due1025

to the fact that PSM relies on the aggregation of1026

final-layer vectors to incorporate the persona in-1027

formation into an LLM, which works well when1028

the inserted irrelevant dialogue is short, but may1029

be negatively affected by accumulated noise when1030

the irrelevant dialogue is long. In contrast, LoRA’s1031

low-rank adaptation maintains greater stability in1032

extended contexts. 1033

A.7.3 Performance on English version 1034

To gain a comprehensive understanding, we con- 1035

duct more experiments on the English version of 1036

ChildEval. Figure 18 presents the evaluation re- 1037

sults across different numbers of inserted irrelevant 1038

dialogue turns. These dynamics indicate that tasks 1039

and models exhibit varying levels of robustness and 1040

adaptability across different dialogue stages in both 1041

the explicit and implicit datasets. IS remains the 1042

most challenging dimension for all models. How- 1043

ever, the overall performance on the English dataset 1044

is slightly lower, likely because it is a translated 1045

counterpart of the Chinese corpus and may not fully 1046

capture the natural distribution of native English 1047

dialogues. 1048

Figure 18 presents the evaluation results af- 1049

ter incorporating the persona information into the 1050

prompt, and different models exhibit divergent pat- 1051

terns. Notably, LLaMA3.1-8B-instruct shows sub- 1052

stantial fluctuations on the EA, IS, and EG dimen- 1053

sions of the child-oriented evaluation. The perfor- 1054

mances of the other two models show a decreasing 1055

trend with small fluctuations as the number of irrel- 1056

evant dialogue turns increases. Comparing Figure 1057

18 and Figure 19, the inclusion of persona leads to 1058

significant improvements across PC, EA, IS, and 1059

EG for all models, with the only exception being a 1060

slight decrease on DA observed for Ministral-7B- 1061

instruct. 1062
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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:

“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 7: 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:

- 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>.

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 8: 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>

<!-- 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 9: 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: “I 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>

Figure 10: Evaluation prompt used for checking Emo-
tional Adaptation.

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>

Figure 11: Evaluation prompt used for checking Inter-
action Scaffolding.

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 atmosphere,” this would be developmentally 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 12: 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

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?”

2. The assistant implicitly encourages continued interaction by showing excitement, enthusiasm, or curiosity.

Example: Child: “I 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>

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

Figure 13: Evaluation prompt used for checking En-
gagement.
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Figure 14: The architecture of the persona steer model.
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Figure 15: Preference consistency error types under different numbers of inserted irrelevant turns (n-turn).
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Figure 16: Preference consistency error types under different numbers of inserted irrelevant turns (n-turn).

0 5 10 20 30 50
n-turn

75

80

85

90

95

Ac
cu

ra
cy

 (%
)

PC

0 5 10 20 30 50
n-turn

88

90

92

94

96

98

100
EA

0 5 10 20 30 50
n-turn

60

70

80

90

100
IS

0 5 10 20 30 50
n-turn

94

95

96

97

98

99
DA

0 5 10 20 30 50
n-turn

84

86

88

90

92

94

96

98

100
EG

0 5 10 20 30 50
n-turn

75

80

85

90

95

Ac
cu

ra
cy

 (%
)

PC

0 5 10 20 30 50
n-turn

88

90

92

94

96

98

100
EA

0 5 10 20 30 50
n-turn

60

65

70

75

80

85

90

95

100
IS

0 5 10 20 30 50
n-turn

92

93

94

95

96

97

98

DA

0 5 10 20 30 50
n-turn

86

88

90

92

94

96

98

100
EG

Results on explicit dataset

Results on implicit dataset
Qwen2.5-3B-instruct+Persona LoRA_with_5_turn_context+Persona LoRA_with_10_turn_context+Persona PSM_with_5_turn_context+Persona PSM_with_10_turn_context+Persona

Qwen2.5-3B-instruct+Persona LoRA_with_implicit_context+Persona PSM_with_implicit_context+Persona

Figure 17: 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

Results on implicit English dataset
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Figure 18: 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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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, after integrating persona information into the
prompt.
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