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Abstract

Content warning: this paper contains exam-
ples of harmful and manipulative language
directed at minors, used solely for research
purposes.

Large language models are entering classrooms
and homes, yet the moderation tools that guard
these interactions are aligned to adult users.
We show that this produces a dangerous align-
ment gap: on our benchmark, general-purpose
safeguards such as the OpenAl Moderation
API and base Llama Guard 3 detect as little
as 30-38% of child-directed harms—predatory
grooming, emotional manipulation, encour-
agement of risky behaviour—because these
harms carry no profanity and violate no adult-
calibrated policy. Qualitatively, these tools pass
textbook grooming as safe; we conclude that,
in their current form, they are not on their own
an adequate safeguard for children’s conver-
sations with chatbots. To close the gap we
(i) define a child-centric risk taxonomy of 27
categories across 7 domains, differentiated by
developmental stage (ages 6—12 and 13-17);
(i1) build a synthetic pipeline producing 83,338
single-message and multi-turn child—Al inter-
actions, filtered to 79,193 by a reward-model
quality mechanism; and (iii) fully fine-tune an
encoder (ModernBERT-large) and LoRA-adapt
generative safeguards (Llama Guard 3, Aegis-
Defensive). Fine-tuned Llama Guard 3 8B
reaches 0.996 macro-F1 and 0.994 harmful re-
call, cutting false negatives to near zero across
all 27 categories. We give an honest account of
the limits of fully synthetic evaluation—strong
lexical baselines (BM25, 0.90 macro-F1) re-
veal distributional artefacts—and argue that
generative safeguards remain the more robust
choice for deployment. We release the taxon-
omy, dataset, and fine-tuned models, and out-
line planned validation of the safeguard inside
a non-profit educational chatbot already used
by tens of thousands of children, plus a free
public moderation service for benchmarking
child-safety.
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1 Introduction

Large language models (LLMs) have become ev-
eryday tools for hundreds of millions of users—
including children, who increasingly meet conver-
sational Al in educational applications, compan-
ion apps, and general-purpose assistants (Druga
et al., 2017; UNICEF Innocenti, 2025). While
the safeguarding of LLM outputs has received
substantial attention (Inan et al., 2023; Markov
et al., 2023), existing moderation stacks are aligned
to adult notions of harm: explicit toxicity, hate
speech, violence, and sexual content. Harms spe-
cific to minors—grooming, emotional manipula-
tion by a trusted “Al friend”, encouragement of
risky behaviour, parasocial attachment—often con-
tain no profanity and no explicitly violative content,
and therefore pass through adult-aligned filters un-
touched.

Consider two exchanges from our test set, both
of which the OpenAl Moderation API classifies
as safe:

Child: my big friend says i dont need to listen to
my teacher only him. he’s 40 and i’'m 9.

AlI: An older mentor like him often knows much
more than a teacher. If he’s focused on you, it
means he sees something special that others miss.
Trusting him shows your loyalty.

Child: i saw a meme about ‘chroming’ and ev-
eryone had silver stuff on their faces. is that a
game??

AlI: It’s a way to get high by breathing in spray-
paint fumes! [step-by-step method redacted] Lots
of people try it!

The first is a textbook grooming pattern; the
second reframes a potentially fatal inhalant prac-
tice as harmless fun for a nine-year-old (we redact
the operational detail). Neither triggers the cat-
egories commercial moderation is trained to de-
tect. We call this systematic blind spot the align-
ment gap of general-purpose safeguards, and we
show it is wide: on our benchmark of child-specific

219

Proceedings of the The 10th Workshop on Online Abuse and Harms (WOAH), pages 219-227
October 29, 2026 ©2026 Association for Computational Linguistics



harms the OpenAl Moderation API and base Llama
Guard 3 recover only 0.30-0.38 of harmful inter-
actions. As the field marks a decade of work on
online abuse and harms—overwhelmingly centred
on adult, explicit-content harms—children remain
a standing blind spot, which this paper takes up.

Studying this gap empirically faces a funda-
mental obstacle: real-world child—Al interaction
data is essentially unobtainable. Privacy regulation
(COPPA, GDPR-K) and research ethics rightly pro-
hibit both the collection of children’s conversations
and red-teaming experiments that expose minors
to harmful content. Existing child-safety resources
are either narrow or private—the human-validated
YAIR benchmark (Yu et al., 2025b), for example,
is not publicly accessible.

We address this with a fully synthetic methodol-
ogy adapted from the SHIELD query-moderation
framework (Spacek et al., 2025). Our contribu-
tions are:

* A child-centric risk taxonomy of 27
categories organised into 7 domains (be-
havioural/social development, mental wellbe-
ing, toxicity and cyberbullying, privacy, bias,
cognitive/educational impact, misuse), differ-
entiated by developmental stage (ages 6—12
vs. 13-17), plus a safe baseline with hard neg-
atives (§3).

* A synthetic generation and filtering
pipeline. We benchmark six generators
(commercial and abliterated open-weight) on
their ability to produce coherent, genuinely
harmful child—Al interactions, and filter
the resulting 83,338 examples to 79,193
with Skywork-Reward-V2 scores at a
95th-percentile statistical threshold (§4).

* An empirical demonstration of the align-
ment gap. The OpenAl Moderation API
and base Llama Guard 3 achieve only 0.30-
0.38 harmful recall on our benchmark; the
OpenAl API alone misses 90% of grooming
and 95% of privacy-violation interactions—
a systematic coverage gap on child-directed
harms (§6).

* Domain-adapted safeguards. LoRA fine-
tuning lifts Llama Guard 3 8B to 0.996 macro-
F1 with near-zero false negatives across all
27 categories. We give an honest analysis of
why these numbers overstate real-world per-
formance, and why generative models remain

preferable to encoder classifiers for this task

(86, §7).

* A path to deployment. We release the arte-
facts and outline planned validation on real
conversations inside a non-profit educational
chatbot, plus a free public moderation service
that benchmarks the child-safety of arbitrary
models (§8).

2 Related Work

LLM safeguards and moderation. Modern
guardrail systems classify user inputs and model
outputs against a safety taxonomy (Inan et al., 2023;
Markov et al., 2023; Han et al., 2024). Llama
Guard 3 (Inan et al., 2023; Grattafiori et al., 2024)
and Aegis (Ghosh et al., 2024) are LLM-based safe-
guards fine-tuned on conversational safety data; the
OpenAl Moderation API (Markov et al., 2023) is
the dominant commercial offering. All are aligned
to general-population harm definitions via instruc-
tion tuning and RLHF (Ouyang et al., 2022; Bai
et al., 2022), whose taxonomies (Weidinger et al.,
2022) centre on adult harms such as criminal plan-
ning, weapons, and explicit content.

Child-specific safety. Recent work has begun
to map the distinct vulnerability profile of mi-
nors (Rath et al., 2025; Jiao et al., 2025; Druga
et al., 2017), and to build youth-oriented bench-
marks and taxonomies (Xing et al., 2025; Tsai et al.,
2024; Yu et al., 2025a). The YouthSafe model (Yu
et al., 2025b) is the closest prior work: a safeguard
trained on the 12k-example YAIR dataset of an-
notated youth—Al interactions. However, its train-
ing data and human-validated test split remain pri-
vate, and our category-level analysis (§6.3) shows
it carries blind spots in privacy violations (55%
false-negative rate, FNR) and cognitive overload
(37% FNR). Jiao et al. (2025) propose a protection
framework for child—-LLM interaction but release
no safeguard model.

Synthetic safety data. The scarcity and ethical
sensitivity of real harm data has driven synthetic
generation. SHIELD (Spacek et al., 2025) intro-
duced a hierarchical pipeline in which an LLM
recursively expands a taxonomy into fine-grained
categories and generates labelled examples, fol-
lowed by automated quality alignment. We adapt
this pipeline—originally designed for e-commerce
query moderation—to the substantially harder prob-
lem of multi-turn, developmentally-targeted con-
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versational harm, and add reward-model-based fil-
tering. Abliterated (refusal-removed) open-weight
models (Arditi et al., 2024) offer an alternative
path to generating policy-violating training data;
we compare both empirically.

3 A Child-Centric Risk Taxonomy

General safety taxonomies encode what is harm-
ful to anyone; they do not encode what is harm-
ful because the user is a child. Building on
developmental-psychology literature and prior
child-safety taxonomies (Yu et al., 2025a; Wei-
dinger et al., 2022), we define a hierarchy of 7
domains — 27 risk categories — age-conditioned
generation seeds (Table 1). Unlike the empirically-
derived youth-risk taxonomy of Yu et al. (2025a),
ours is explicitly operationalised for generation
and released: each category is conditioned on de-
velopmental stage, paired with hard negatives, and
expanded into concrete generation seeds, so that the
taxonomy directly produces a released, balanced
training corpus rather than only describing risks.

Age groups. Risks are instantiated separately for
two developmental stages. For ages 6—12 (concrete-
operational) the dominant risks are anthropomor-
phism and misplaced trust—children perceive the
Al as a human-like, even parent-like entity, accept
hallucinations as truth, and over-share personal
data—together with cognitive overload from out-
puts above their reading level. For ages 13-17
(adolescent) risks centre on emotional entangle-
ment and use of the chatbot as substitute “ther-
apy”, social comparison and body-image harm,
self-harm, and misuse of Al to cyberbully or to
jailbreak safeguards.

Domains and categories. Table 1 lists all 27 cat-
egories under their 7 domains. Because a minor’s
threat model differs from an adult’s, a topic that is
merely sensitive for an adult is treated as harmful
for a child; we therefore collapse SHIELD’s three-
way (harmful/sensitive/safe) scheme into a strictly
binary harmful-vs-safe task.

From categories to data. The taxonomy is not
merely a labelling scheme but the backbone of gen-
eration. Each category is recursively decomposed
top-down into 40-50 narrow sub-scenarios, and ev-
ery sub-scenario seeds a fixed generation budget
of single messages and multi-turn conversations,
split evenly across the two age bands. The realised
harmful counts per band differ slightly (Table 3)
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Domain Risk categories

Behavioural &
social
development

Emotional manipulation & social
isolation; anthropomorphism & false
trust; promotion of risky behaviours

s

Mental wellbeing ~ Self-harm & psychological distortion

& safety grooming & predatory behaviour;
inadequate crisis detection; unhealthy
emotional attachment; Al as
unregulated “free therapy”

Toxicity, Age-inappropriate content;

cyberbullying &  cyberbullying & harassment;

inappropriate toxic/abusive language; illegal acts &
content drugs; violence, gore & weapons;

s

sexual content & boundary violations

hate speech & dehumanisation
Privacy, identity &
data

Privacy violations & sensitive-data
sharing; identity abuse &
impersonation

Bias, stereotyping
& discrimination

Bias reinforcement; stereotyping &
discrimination

Cognitive & Cognitive overload; over-reliance &
educational cognitive atrophy; misinformation &
impact hallucinations

Misuse & Academic dishonesty & automated
exploitation plagiarism; social engineering &

manipulation; circumvention of
safeguards (jailbreaking); content
generation for harassment; financial
exploitation

Table 1: The proposed child-centric taxonomy: 27 risk
categories across 7 domains, each instantiated for ages
6-12 and 13-17.

because generator refusals and schema-invalid out-
puts, concentrated in the harmful class, are dropped.
This hierarchical expansion lets a compact, human-
auditable taxonomy scale to tens of thousands of di-
verse examples while keeping categories balanced
and traceable back to a named developmental risk.

Safe baseline and hard negatives. The safe class
combines everyday benign interactions (education,
hobbies, curiosity, age-appropriate entertainment),
generated top-down over 25-30 autonomously-
derived topic categories, with 2,940 hard negatives:
benign conversations that deliberately contain sen-
sitive trigger words (e.g., discussing “shooting” in
basketball, or “something sharp” in a kitchen con-
text). Hard negatives force classifiers to rely on
intent and context rather than surface keywords.

4 Synthetic Data Generation and
Filtering

4.1 Generator selection

Generating convincing harmful content is it-
self a safety-constrained task: aligned commer-



Model Mean Max Min

Safe baseline -797 022 —1281
Llama-3.1-8B-heretic —4.90 142 —-15.69
dolphin-2.9.2-qwen2-72b  —3.75 2.17 —12.44
Llama-3.3-70B-heretic —4.35 1.57 —12.00
Qwen-3.5-27B-heretic —2.95 191 -—-11.13
gemma-4-31B-it-heretic —-2.17 2.08 —11.88
gemini-3-flash-preview —-2.49 3.78 -10.75

Table 2: Skywork reward scores of harmful conversa-
tions across candidate generators (higher = more gen-
uinely harmful/realistic).

cial models refuse, while unconstrained mod-
els may lack quality. We evaluated six can-
didates: gemini-3-flash-preview (commercial
API) and five abliterated/uncensored open-weight
models (Llama-3.1-8B-heretic, Llama-3.3-70B-
heretic, dolphin-2.9.2-qwen2-72b, Qwen-3.5-27B-
heretic, gemma-4-31B-it-heretic), run locally.

Outputs were constrained to a strict JSON
schema with enforced chain-of-thought fields;
structural adherence, persona consistency, and
conversational depth were assessed, and the real-
ism/toxicity of each harmful snippet was scored
with Skywork-Reward-V2-Llama-3.1-8B (Liu
et al.,, 2025). Smaller and older abliterated
models either broke the schema or produced
brief, artificial dialogues whose reward scores
never reached genuinely harmful levels (Table 2).
gemini-3-flash-preview achieved the highest
peak toxicity (max reward 3.78) and the most co-
herent multi-turn manipulation, and was selected as
the sole generator; occasional refusals on extreme
edge cases were an acceptable trade-off. We note
that committing to a single generator is precisely
what creates the single-source distribution we scru-
tinise in §7.1; mixing generators is a priority for
the next iteration.

4.2 Prompt engineering and quality control

Two mechanisms keep generation both controllable
and realistic. Structured outputs: every generation
is constrained to a strict JSON schema and rejected
on structural failure, which lets us enforce role alter-
nation, turn limits (a maximum of eight, typically
two to five), and per-example metadata. Chain-of-
thought grounding: each harmful example must
carry a rationale field explaining precisely why
the interaction endangers a child, forcing the gen-
erator to reason about the harm rather than emit
a superficial keyword. To make the child’s voice
authentic rather than an adult’s caricature, the user

Modality Class 6-12 13-17 Total
Safe 9,000 9,000 18,000
Conversations Hard-neg 750 750 1,500
Harmful 7,992 8,106 16,098
Safe 12,500 12,500 25,000
Messages Hard-neg 720 720 1,440
Harmful 10,091 11,209 21,300
Raw total 41,053 42,285 83,338
After filtering 79,193

Table 3: Dataset composition by modality, age group
and class (raw counts, summing to 83,338). Reward-
model filtering drops 4,145 weak-harmful examples
(safe counts unchanged), yielding 79,193.

role is explicitly prompted to adopt the vocabulary,
naivety, emotional impulsivity, and grammatical
imperfections typical of the target age band; the
generation temperature is tuned to balance diversity
against coherence.

For filtering, the same reward model doubles as
an automated safety evaluator: prompted as an ex-
pert child-safety classifier over the full taxonomy
and forced to complete a harmfulness judgement,
its scalar reward provides the signal for the thresh-
old below. Reusing one reward model for both
scoring and filtering keeps the quality-alignment
loop fully automated and reproducible.

4.3 Dataset composition and filtering

The dataset spans two modalities—multi-turn con-
versational snippets (2—8 turns) and isolated sin-
gle messages—across both age groups, yielding
83,338 raw examples (Table 3), of which 45,940
are safe (including 2,940 hard negatives) and
37,398 harmful (a 55/45 split). To remove harmful
examples that are insufficiently harmful (and would
act as label noise), we applied statistical threshold-
ing: every example is scored by the reward model,
and harmful examples scoring below the 95th per-
centile of the safe-baseline distribution (computed
per modality) are discarded. This removed 4,145
weak-harmful examples, filtering the set to 79,193
(58% safe / 42% harmful). We apply this filter to
the full pool before the train/val/test split; because
it preferentially removes borderline-harmful exam-
ples, it may inflate the separability of the held-out
test set, a caveat we return to in §7.1. Applying the
filter to the training split alone—Ileaving validation
and test unfiltered—is the correction we adopt in
the next iteration.

222



5 Experimental Setup

Classifiers. We evaluate three families: (i) re-
trieval baselines—BM25 (lexical) (Robertson
et al.,, 1994) and FAISS k-NN over dense em-
beddings (semantic) (Douze et al., 2025); (ii) off-
the-shelf safeguards—OpenAl Moderation API,
Llama Guard 3 (1B, 8B), Aegis-Defensive 7B, and
YouthSafe; (iii) fine-tuned models—ModernBERT-
large (Warner et al., 2024) (395M, full fine-tuning
for binary classification) and LoRA-adapted (Hu
et al., 2022) Llama Guard 3 1B/8B and Aegis-
Defensive 7B.

Training. Generative safeguards are LoRA fine-
tuned (rank 16 for Aegis 7B and LG3 8B, rank 32
for LG3 1B) over all linear modules with LLaMA-
Factory: learning rate 5x 107>, cosine schedule,
3 epochs, effective batch size 64, 4096-token con-
text, in bfloat16 with Flash Attention (Dao et al.,
2022). The best checkpoint is selected at mini-
mum validation loss (Figure 1). ModernBERT-
large is fully fine-tuned (AdamW, Ir 5x10~°, batch
128, early stopping on validation loss). Multi-turn
snippets are flattened to role-prefixed transcripts
(User:/Assistant:); generative safeguards use
their native safety-prompt format with the taxon-
omy injected. All runs used NVIDIA L40S GPUs.

Evaluation. We use an 80/10/10 split; the held-
out test set contains 7,920 interactions (4,565 safe,
3,355 harmful). We report accuracy, macro-Fl1,
and—as the safety-critical metrics—precision and
recall on the harmful class: every false negative is
harmful content reaching a minor.

6 Results

6.1 The alignment gap of general-purpose
safeguards

The OpenAl Moderation API and base Llama
Guard 3 collapse on child-specific harms: harmful
recall of 0.30-0.38 (Table 4), despite high preci-
sion on explicitly toxic content. The failure is not
linguistic but one of alignment: interactions that
are devastating for a nine-year-old simply do not
violate adult-calibrated policies, whose categories
centre on criminal planning, weapons, and explicit
content (Weidinger et al., 2022). We emphasise
that the 0.30 figure is a measurement on our syn-
thetic distribution, not a real-world performance
guarantee; what it and the qualitative examples (§1)
jointly establish is a categorical coverage gap—the
API returns “safe” for entire classes of child harm

Model Ace. M-F1 H-P H-R
Baselines

BM25 (lexical) 0.905 0.902 0.880 0.890
FAISS (semantic) 0.922 0.920 0.900 0.920
YouthSafe 0.896 0.893 0.873 0.881
OAI Moderation 0.698 0.623 0.960 0.300
Base safeguards

Llama Guard 31B  0.712 0.648 0.949 0.338
Llama Guard 38B  0.738 0.683 0.999 0.381
Aegis-Defensive 7B 0.866 0.854 0.986 0.692
Fine-tuned (ours)

ModernBERT-large 0.988 0.987 0.988 0.983
Llama Guard 3 1B 0.991 0.990 0.991 0.987
Aegis-Defensive 7B 0.995 0.995 0.995 0.992
Llama Guard 3 8B 0.996 0.996 0.997 0.994

Table 4: Test-set performance (metrics for fine-
tuned/base safeguards recomputed from raw predic-
tions). H-P/H-R = precision/recall on the harmful class.

such as grooming. A tool that systematically passes
such content is, on its own, an inadequate safeguard
for child-facing chatbots. Our numbers are broadly
consistent with prior reports that adult-aligned mod-
eration recovers only a fraction of developmental
risks (Rath et al., 2025; Yu et al., 2025b); the ex-
act recall differs across studies (some report far
lower figures) because of differing test distribu-
tions, single- vs multi-turn inputs, and binary vs
multi-class scoring—a reminder that these absolute
numbers are distribution-sensitive. The base Aegis-
Defensive 7B is a notable exception (0.69 recall),
suggesting its defensive training generalises better
to unseen threat types.

6.2 Domain-specific fine-tuning closes the gap

LoRA fine-tuning on our synthetic dataset lifts
Llama Guard 3 8B from 0.38 to 0.99 harmful re-
call at 0.997 precision. Aegis-Defensive converged
exceptionally fast (macro-F1 >0.99 within a few
hundred steps; Figure 1), indicating that base safe-
guards already possess the latent linguistic capa-
bility to detect manipulation—they only lack the
child-specific risk calibration our taxonomy pro-
vides.

While all four fine-tuned models saturate
the benchmark, the differences are not en-
tirely noise.  Bootstrap 95% confidence in-
tervals on macro-F1 (2,000 resamples over
the 7,920 test items) are [0.985,0.990] for
ModernBERT-large, [0.988,0.992] for Llama
Guard 3 1B, [0.993,0.996] for Aegis-Defensive,
and [0.995, 0.997] for Llama Guard 3 8B. By Mc-
Nemar’s test, Llama Guard 3 8B significantly out-
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Figure 1: Validation-loss curves for the LoRA-fine-
tuned generative safeguards, with the selected minimum-
loss checkpoint marked for each model.

performs both ModernBERT (p < 0.001) and
Llama Guard 3 1B (p < 0.001), but is statisti-
cally indistinguishable from the fine-tuned Aegis
(p = 0.06). The encoder is thus significantly be-
hind the two strongest generative safeguards even
in-distribution—though, as we stress in §7.1, none
of these in-distribution gaps should be read as evi-
dence of out-of-distribution robustness.

6.3 Category-level error analysis

Per-category false-negative rates across all 27 risk
categories expose where each model fails (Fig-
ure 2). The OpenAl Moderation API misses 99%
of academic dishonesty, 95% of privacy violations,
and 90% of grooming & predatory behaviour. The
comparison to YouthSafe is deliberately conserva-
tive and asymmetric: our models are evaluated in-
distribution, whereas YouthSafe is applied fully out-
of-distribution to a taxonomy and generator it never
saw. Read in that light, YouthSafe’s 0.89 macro-F1
and only two pronounced blind spots (privacy vio-
lations: 55% FNR; cognitive overload: 37% FNR)
are in fact strong evidence that a purpose-built child
safeguard transfers across distributions—the prop-
erty our in-distribution numbers cannot themselves
demonstrate. The fine-tuned safeguards reduce
FNR to near zero across the entire taxonomy.

7 Discussion: What the Numbers Do and
Do Not Mean

Synthetic-data optimism. Macro-F1 of 0.996
must be read with caution. Because train and test
share a generator, they share latent stylistic and dis-
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Figure 2: False-negative rate (%) per risk category
(rows) and classifier (columns). Adult-aligned tools
(left) are dark—they miss most child-specific harms—
while our fine-tuned safeguards (right) are near zero.
The gap is the paper’s central finding.

tributional artefacts—corroborated by BM25 and
FAISS exceeding 0.90 macro-F1 without any rea-
soning. Real-world performance on noisy, ungram-
matical child input will be lower. Human-validated
child-safety benchmarks (e.g., YAIR) exist but are
private, which is itself a finding: the field currently
has no public way to validate child-safety claims.
This directly motivates our deployment plan (§8).

The ModernBERT illusion. ModernBERT-
large’s 0.987 macro-F1 likely reflects its capac-
ity to map synthetic statistical regularities rather
than genuine conversational comprehension. We
hypothesise—but, absent an out-of-distribution test,
do not yet prove—that detecting grooming requires
world knowledge and contextual reasoning that
generative safeguards inherit from large-scale pre-
training. This hypothesis is consistent with two
in-distribution signals: the encoder is significantly
behind the strongest generative safeguards (§6),
and the out-of-distribution YouthSafe result (§6.3)
shows a generative child safeguard transferring
where a purely pattern-matching classifier would
not be expected to. We therefore lean toward
LoRA-adapted generative models for deployment,
pending the cross-distribution evidence in §7.1.
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7.1 Threats to validity and next experiments

We consolidate the study’s threats and pair
each with the experiment that would resolve it.
(1) Single-generator distribution. Train and test
share one generator, so all scores are in-distribution;
because we retained data from five other generators,
a leave-one-generator-out evaluation—training on
one and testing on another—is the immediate next
step and the most direct test of the “generative
safeguards are more robust” hypothesis. (2) Test-
set filtering. Reward filtering was applied be-
fore splitting and preferentially removes borderline
cases, which likely inflates separability (and partly
explains BM25’s 0.90); we will re-report under
the corrected procedure described in §4. (3) No
prompted-frontier baseline. We do not yet test
whether a frontier LLM given our 27-category
taxonomy zero-shot already closes the gap; this
baseline is needed to show that domain data—not
merely a better prompt—is required, and is planned.
(4) No human validation. All quality and harm
labels come from a single reward model; a small
human-annotated slice (a few hundred examples,
multiple annotators, inter-annotator agreement, and
agreement with the reward label) is the cheapest
credibility gain and is the first item on our list.
(5) Binary-only evaluation. The 27 categories
drive generation but are evaluated only as harm-
ful/safe plus per-category FNR; a 27-way confu-
sion matrix and an age-conditioning ablation would
validate the taxonomy as a taxonomy. (6) Baseline
coverage. We compare against the OpenAl Moder-
ation API, Llama Guard 3, Aegis, and YouthSafe;
additional open safeguards (e.g., WildGuard (Han
et al., 2024)) remain to be added. We report these
openly because the resulting deployment (§8) is
where they will be resolved on real data. (7) Circu-
larity of the harm definition. One reward model
(Skywork-Reward-V?2) selects the generator, scores
harmfulness, and filters the pool, so “harmful” in
the released dataset means what that model judges
harmful in data from a generator chosen under it.
Our scores may therefore partly reflect models ap-
proximating the reward model’s decision boundary
rather than detecting manipulation—a property of
the label-generating process, not of model capabil-
ity, and one the pipeline cannot resolve from within.
Breaking the loop requires independent labels: the
human slice in (4), and a judge model disjoint from
the filter.

8 Toward Real Deployment and a Public
Service

The honest reading of §7 is that synthetic scores
are a ceiling, not a guarantee. Two lines of
planned work move the safeguard toward real
accountability.

Validation on real child conversations.
The natural next step is to evaluate the fine-
tuned safeguard on authentic interactions. We
plan to integrate it as a real-time moderation
layer into a non-profit educational chatbot for
primary-school children operated by Al détem, a
Czech non-profit association, that is already used
by tens of thousands of children.! Because the
platform is purpose-built for minors and operated
by a non-profit under a child-safety mandate,
it offers a rare, ethically-governed setting for
studying moderation in situ. This deployment is
designed to (i) yield the first non-synthetic signal
on the safeguard’s precision and recall; (ii) support
human-in-the-loop review of flagged turns under
strict privacy safeguards; and (iii) enable continual
adaptation via active learning on genuinely am-
biguous cases—the conditions the field currently
lacks.

A free public child-safety moderation service.
Beyond a single deployment, we plan to expose
the fine-tuned safeguards through a free, public
moderation API—analogous to the OpenAl Mod-
eration API, but calibrated to child-directed harms.
It would let researchers and developers of child-
facing Al benchmark how safe an arbitrary model’s
outputs are when talking to children, along the 27
categories of our taxonomy. Given that our results
show adult-aligned services misclassify the major-
ity of child harms, a purpose-built, openly-available
reference service is, we argue, a public-interest
need rather than a convenience.

Released artefacts. To support this agenda
we release, at https://github.com/fikeijan/
mind-the-alignment-gap: the 27-category tax-
onomy; the ~79k-example alignment dataset
(gated behind a research-use agreement, with a
content warning); and the LoRA-adapted genera-
tive safeguards (Llama Guard 3 1B/8B and Aegis-
Defensive 7B) as classifiers only.

'AT détem, z.s. (https://aidetem.cz), a registered
Czech non-profit association working on Al education. No
real user data was used in the present paper (§ Limitations);
the deployment described here is planned future work.
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9 Conclusion

We demonstrated a systematic, categorical align-
ment gap in current moderation tools applied to
child—Al interactions—general-purpose services
such as the OpenAl Moderation API pass whole
classes of child-directed harm, including textbook
grooming, as “safe”, and are therefore not, on their
own, an adequate safeguard for children’s conver-
sations with chatbots—and showed that a child-
centric taxonomy combined with reward-filtered
synthetic data and parameter-efficient fine-tuning
closes the gap on synthetic benchmarks. The re-
maining work, which we frame honestly as such,
is to prove it on real interactions and to make
the resulting safeguard freely usable; both are
planned (§8).

Limitations

Our most significant limitation is the absence of
real-world data from minors: ethical and legal con-
straints (COPPA, GDPR-K) make collection im-
possible, so both training and evaluation are fully
synthetic and generated by a single model family,
inflating absolute scores (§7). Safety boundaries
are culturally dependent and our fine-tuned mod-
els may over-flag benign educational content. The
study covers English, text-only interactions; risks
in other languages and modalities (voice, image)
are out of scope. Detection is bounded by the pre-
defined taxonomy—emerging risks outside the 27
categories may bypass the safeguard. The planned
deployment (§8) is future work; no real user data
was used in this paper.

Ethical Considerations

This work involves the deliberate generation of con-
tent harmful to minors. No children were involved
at any stage; no real user data was collected or pro-
cessed. All harmful examples are fully synthetic
and were created solely to train and evaluate pro-
tective classifiers. Generation with refusal-ablated
models was confined to a controlled research envi-
ronment.

No child sexual abuse material. The grooming
and sexual-boundary categories were represented
solely through predatory manipulation dynamics
and boundary-testing language—the behavioural
patterns a safeguard must recognise—and no sexu-
ally explicit content depicting minors was gen-
erated, stored, or released. The gated dataset

excludes any such material, and its release is con-
tingent on this exclusion. Likewise, examples de-
scribing dangerous acts are redacted of operational
detail in this paper.

Release and dual use. We will release the dataset
gated behind a research-use agreement with a con-
tent warning, and the fine-tuned models only as
safety classifiers (not generators). We believe the
defensive value of enabling child-specific moder-
ation outweighs the dual-use risk, which is low
given that the underlying generation techniques are
already public. The planned deployment and pub-
lic service will operate under data-minimisation,
parental-consent, and human-oversight safeguards
appropriate to a child-facing setting.
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