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Why Moderation Changes in
LLM-Augmented Products

LLMs do not just increase content volume — they change the nature of abuse.
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Dating Platforms: Safety Is Product

Quality

In dating, moderation is part of the core product experience, not a back-office

function.

- 4 -
Emotional trust Financial risk 0Op Platform health
Users share private, vulnerable, Romance fraud, scam, (7 @ Bad actors damage retention,
relationship-oriented content. manipulation, off-platform conversion, support load, and

payment attempts. brand trust.
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Trust

Q

Research hook

Dating platforms are high-risk because harm is both
emotional and financial. Generic moderation often
fails on indirect manipulation, grooming-like behavior,

and coded language.
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The Core Problem: Rare Violations,

High Cost of Mistakes

Moderation is not a normal classification problem.

Predicted normal

Actually normal OK

False negative:

safety risk
SAFETY EXPOSURE COST

Actually violation

Predicted violation

False positive:
user friction
PRODUCT FRICTION COST

FP = product friction

FN = safety exposure

(0], )

Under extreme imbalance, accuracy and ROC AUC can look good while missing
the real question: how many dangerous messages we miss, and how many

normal users we wrongly affect.

Accuracy is not the goal. Controlled risk is the goal.
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Policy Is Part of the Model
Specification

In moderation, policy is hot documentation around the model — it is part of the model

itself. ’

Policy object

ML object

Production object

Violation type category label reviewer queue
Severity risk score priority
Confidence B p;)babilityi . : 7threshold
Conte;ti fea;ures / promT)t escaI;tion

Reviewer decision

corrected label

retraining data

.

In strong moderation systems, taxonomy design, labeling instructions, active learning,

and policy routing are core system components — not just data preparation.
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End-to-End Moderation RS
Blueprint

Automoderation is an operating system for safety decisions, not one classifier.

Raw Cleanin Dedu Samolin LLM Human Model Online Thresholdi Reviewer Feedback
chats g P e labeling validation training inference e queues loop
prompts
W
reviewer decisions y

bt e | I |

monitoring
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Data Collection &
Policy Alignment

Raw messages are not training data until they are aligned with policy.

= I
@ Sources 1( Alignment Dﬂ Output
* user-to-user messages * remove test / noise * clean candidate corpus
* reports ¢ map to policy categories ¢ policy-aware samples
* reviewer declsions * preserve user type / context ¢ rare-class candidates
¢ metadata
€ « split by language and platform
* historical moderation actions
A G

r

@ Raw production data

L

O~ Policy-aligned
—> { V Clean corpus | —> Ei candidates

— gg Labeling queue

@ ’ Data quality control and labeling instructions define the upper bound of model quality.
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Cleaning & Dedup: Don't Train on ot
Templates

Without deduplication, the model learns templates instead of abuse semantics.

Problem After dedup
L Hey babe, | need help with my phone bill... J « mass spam templates - ~
(T Can you send money to help me pay rent?
Hey babe, can you help with my phone bill? * paraphrased scam N
= J messages N
L Hi dear, | need a little help with my bill... S P g Letf fnot\;]e toffWhatsApp so | can
p . messages L exptain the orrer |
I’'m from an agency, text me on Telegram = =
. Sl Saherscipeains e | work with a team that manages
I’'m with an agency, message me off-platform SEIIIRE0S several profiles
\ J % J

Send me payment outside the app Collapse templates, preserve diversity.

Deduplication is not just compression.
It is evaluation hygiene.
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LLM Sampler-Labeler for Rare RRS
Classes

For rare violations, progress should be measured by positives found, not rows
processed.

S m Q

-5 - -

& | @

_)
6. Stop when target

1. Sample batch 2. Hash dedup 3. Few-shot retrieval 4. LLM classify 5. Save labels e
positives reached
Labels | Progress toward target positives
@ — clear normal ‘
- 2 (borderline) processed rows (not the metric)
m — clear violation
L J

@ — borderline / needs review A
l counts only 1 + 2

We do not want to label everything. We want to find enough signal.
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Human-in-the-Loop: LLM Labels RS
Are Not Ground Truth

LLM B reason + 3 O  human A D :
" suggestion — fragment N accept/reject @
golden_set.csv training
Message
I'm a wealthy businessman looking for a loyal woman. Human decision

If you're interested, text me on WhatsApp: +1 234 567 8901.

[ v/ Accept ’[ X Reject l

\

LLM decision 1 — clear violation

LLM motivation

The message contains an attempt to move the conversation Notes (optional)
off-platform to WhatsApp, which is a policy violation and a
common scam pattern. Add a note..

Highlighted fragment

I'm a wealthy businessman looking for a loyal woman.
If you're interested, text me on WhatsApp: +1 234 567 8901.

O LLM pre-annotates. Human validates. The golden set belongs to humans.
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Gray Zones: Where Generic BRSE
Moderation Fails

The hardest violations often do not look like violations in one isolated message.

Examples

grooming-like behavior
harassment with indirect wording
off-platform manipulation

scam and romance fraud

Off-platform
manipulation

coded language

culturally specific toxicity
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Hybrid Model
Stack
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A hybrid stack wins because harms differ structurally.

Layer Best for Why it works Limitation
links, obvious abuse, fast, cheap, :
Rules / keywords obfication explainable misses context
Lightweight ML R Laning scalable online needs strong labels
categories inference
LLM / MLLM gray ones: igesAnds expensive, slower
reasoning, context nuance

Human
reviewer

/ LLM judge \

Lightweight ML

Human review

final authority

policy judgment

limited capacity

Rules

I Not all moderation tasks require expensive LLM inference. But nuanced harms require LLM / MLLM triage and human escalation.
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Real-Time Decision Dy
Layer

The model score is not the final moderation decision.

_______________________________________
(

INPUTS (risk signals combined)
N\

Q_ model probability j (Q user risk J (:&% reviewer capacutyj (@ allow )
[ Q. review ]
[@ category ] [[,,__] conversation contextj ,
[ A priority review
(@ severity j (@ language j . . f ® blaek
Production moderation output should L oc
(~

VAS

be used for filtering, review routing, and
account intervention — not just label
prediction.

escalate |

Prediction is ML. Decisioning is product engineering.
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Thresholding Under Extreme SR
Imbalance

Thresholds are operational controls, not fixed ML constants.

low risk - allow medium risk - review high risk - block / urgent review

o »
w Ld

4 »
« >

4 b
< >

7 Thresholds need recalibration

K~/ when policy changes, abuse
patterns change, or the
underlying model changes.

Count (log scale)

0 0.2 0.4 0.6 0.8 1.0
Model score (0 = least risky, 1 = most risky)
f Caitegoryﬁii " Th;'esl;old st}le L) | 7Reason s e MER
| Spam higher automation low ambiguity
Scam high precision + escalation business and user risk
Harassment review-heavy context-sensitive
Grooming lower threshold for review high safety cost
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Evaluation & Error Analysis Loop BROH™

Metrics T
D 1. Predictions
* precision at low recall w Model scores,

« recall on high-severity classes categories, risk signals

« false positive rate by category

* queue precision

* reviewer agreement 2. Reviewer decisions

% . . N Human labels,
¢ time-to-review rationale, actions

5. Monitor & iterate

o appeal / reversal rate

¢ Track metrics,
« drift by language, country, platform 0 [] P — J«

[\— 3. Error buckets

FP / FN / Disagreement /
Research hook Borderline / Drift
In subjective and imbalanced tasks, Y

disagreement is signal.
Borderline cases should not be hidden —
they should drive policy and model improvement.

O 4a. Policy update @ 4b. Prompt update : 4c. Threshold update @ 4d. Retraining

Clarify rules, Improve instructions, Recalibrate by category, New labels, hard cases,
definitions examples severity, risk data improvements

%} Remember: Offline metrics are not enough for moderation quality.
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Production Rollout &

Monitoring

Rollout timeline

(

Offline
validation

Monitoring dashboard
Traffic volume

|
f!!!!ll!'l!!'l’!ﬂ;':ﬂ!"!M
32M msgs / day

False positive rate

1.3%

v 0.2pp vs yesterday

o

©

Shadow Limited A/B
mode traffic thresholds
Category distribution Score distribution
‘[ﬁ:‘r.: @ Spam 42% M |"i
’ "\‘ A @ Scam 22% | I‘ 'M‘[ | 1.
3 ® Harassment 18% JlIl | : | MH)"'!
". 4 @ Other 18% ..A-‘n&\{h L ‘\ Elzh‘. ilnan..
0 05 10
Latency / errors Drift (population)
120 ms 0.07%
P95 latency Error rate PSI 0.32
(moderate)

Canary

Reviewer load

72%

of capacity
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Full
rollout

Backlog SLA

94%

within SLA

Policy version cohorts

v24.1 I  62%
v24.0 28%

V239 N

10%
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Abuse Evolves: Drift Is Not Only

Statistical

In moderation, drift means users are adapting against the system.

Scammers actively change
wording, use coded
language, and move to
indirect behavior.

Static evaluation becomes
stale quickly.

Scam evolves faster than static benchmarks.

language
drift

multimodal /
agentic
drift

evasion
P drift

reviewer- \ .-~
disagreement
drift

platform /
product
drift
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Impact

The system reduces manual load while preserving safety coverage.

Millions

of messages / day

-60%

reviewer load
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90%+
violations caught

Important: Interpret with operational definitions.

« which policy classes

« which time window

» what "caught" means

» how borderline cases are counted

» whether reviewer denominator changed

Impact metrics in moderation are easy to misread without operational definitions
because class imbalance, disagreement, and queueing effects change the denominator.
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Key Takeaways B
LLM-powered moderation works when it is designed as a system.
F— N

1. Policy first

Policy taxonomy defines what
the model can learn.

2. Hybrid architecture wins

Rules, ML, LLMs, and humans
solve different parts of the problem.

3. Rare-class thinking matters

Sampling, metrics, and thresholds
must handle imbalance.

g J
4 N a N\
4. Queue design matters 5. Feedback loop is the product
Reviewer attention is Abuse evolves, so moderation
the scarcest resource. must continuously adapt.
e V. . >
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