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Abstract

Large-scale content moderation requires mod-
els that can apply complex, evolving poli-
cies under limited expert supervision. We
present an empirical study of reinforcement
learning (RL) for policy-grounded moderation
across three production-derived tasks. Us-
ing established RL and inference primitives,
we develop three integrity-specific designs: a
policy-grounded full-trace reward, rationale-
marginalized Monte Carlo scoring, and policy-
structured reflection. Each design addresses
an observed failure mode, including reasoning-
length collapse and polarized confidence es-
timates. Across the three tasks, RL-Only
systems trained on 200-836 labeled exam-
ples remain competitive with supervised fine-
tuning (SFT) systems trained on thousands
of examples, corresponding to up to approx-
imately one order of magnitude greater label
efficiency at the evaluated operating points. Per-
formance generally improves with additional
data and training compute before saturating, al-
though larger rollout counts exhibit variability.
The strongest SFT—RL systems attain point-
estimate performance comparable to policy-
trained full-time employee (FTE) reviewers
across the three tasks.

1 Introduction

Content moderation at scale has become a foun-
dational requirement for maintaining safe, trust-
worthy, and policy compliant online environments.
Search and Al platforms such as Google (Google
Cloud, 2023; Weidinger et al., 2024), Social
Networks such as Meta’s Facebook and Insta-
gram (Meta Platforms, 2024; Inan et al., 2023),
online retail such as Amazon (Gampa et al., 2023),
user-facing Al chat such as OpenAl (OpenAl-
Platform, 2023; Guan et al., 2024; Markov et al.,
2023), and Anthropic (Bai et al., 2022) all host

or generate vast volumes of user- and Al-created
text, images, and videos at global scale. These
organizations face simultaneous challenges in de-
tecting, scoring, and mitigating harmful or policy-
violating material. Without effective moderation,
these ecosystems risk the rapid spread of misinfor-
mation, harassment, hate speech, and other harms
that undermine user safety, advertiser trust, and
regulatory compliance (Gao et al., 2025). Conse-
quently, modern moderation pipelines increasingly
combine machine learning classifiers, human re-
view, and adaptive policy frameworks to ensure that
content decisions remain both scalable and aligned
with evolving community and societal standards.

Large Language Models (LLMs) have recently
emerged as a promising paradigm for improving
content moderation due to their strong linguistic
reasoning and generalization capabilities (Markov
et al., 2024; Yuan et al., 2025). By leveraging
rich semantic representations learned during large-
scale pretraining, LLMs can capture subtle contex-
tual cues, linguistic nuances, and domain-specific
patterns that traditional content classifiers often
miss. Related works show that LLM can act as
rule-following moderators via prompting (Kumar
et al., 2024), as supervised fine-tuned (SFT) clas-
sifiers (Ma et al., 2024), or as guardrail models
such as Llama Guard (Inan et al., 2023) and Bin-
goGuard (Yin et al., 2025), with industry adoptions
such as Google Ads’ LLM-based content review
system (Qiao et al., 2024).

However, while effective for many scenarios,
prompting and SFT still face the challenge to en-
code highly complex, conditional, and context-
dependent moderation policies. Real-world con-
tent moderation policies often involve hierarchical
severity levels, exception clauses, and nuanced dis-
tinctions that depend on subtle linguistic cues or
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multi-turn context (Sharma et al., 2022). Capturing
these behaviors through static supervision alone
can lead to inconsistencies, overfitting to annota-
tion artifacts, or poor generalization in ambiguous
or adversarial cases. Data scarcity is another bot-
tleneck in content moderation due to the high cost
and latency of expert labeling (Kiela et al., 2020;
Alam et al., 2022).

Reinforcement learning (RL) has emerged as
a post-training technique for aligning LLMs with
human preferences in safety-critical settings, with
prior work (Sharma et al., 2025; Dai et al., 2023;
Guan et al., 2024; Zhang et al., 2025; Yuan et al.,
2024) demonstrating that RL can optimize behav-
iors beyond token-level supervised training. RL en-
ables models to internalize complex safety policies
and balance competing constraints that are difficult
to encode through SFT alone (Mu et al., 2024a,b).
Constitutional and rule-based alignment methods
encode principles explicitly, preference optimiza-
tion learns from pairwise comparisons, and moder-
ation guardrails commonly target fixed safety tax-
onomies (Bai et al., 2022; Rafailov et al., 2023;
Inan et al., 2023). By contrast, the present setting
requires detailed and evolving integrity policies to
be applied to production-derived examples. Ac-
cordingly, our contribution lies in policy-grounded
reward and inference designs for this setting, rather
than in a new RL optimization algorithm.

Motivated by this gap, we investigate the scaling
of RL-based post-training for content moderation
at META PLATFORMS, INC.. We evaluate sev-
eral training recipes and reward-shaping strategies,
including verifiable rewards (RLVR) and LLM-as-
judge formulations. Direct application of RLVR
is challenging because many moderation policies
do not admit automatically verifiable rewards and
because outcome-only supervision is susceptible
to reward hacking. Our training formulation there-
fore combines verifiable outcome rewards, rubric-
based evaluation, and LLM-judge rewards to pro-
vide structured, policy-aligned supervision beyond
the final binary label.

We evaluate the proposed methods on three
policy-violation classification tasks derived from
production data at META PLATFORMS, INC.and
present a training framework for adapting LLMs
into policy-aligned classifiers. The strongest
SFT—RL systems attain point-estimate perfor-
mance comparable to policy-trained full-time em-
ployee (FTE) reviewers across the three tasks. The
principal findings are as follows:

1. Effective mitigation strategies for critical
RL failure modes. We identify three recur-
rent challenges in RL post-training—bimodal
probability distributions, reward hacking, and
length collapse—that adversely affect faith-
fulness and factuality. We characterize their
emergence during optimization and evaluate
interventions based on rubric rewards and
Monte Carlo score estimation.

2. Up to approximately one order of mag-
nitude greater label efficiency than SFT.
Across all three tasks, RL-Only models
trained on 200-836 examples are competitive
with SFT models trained on thousands of ex-
amples at the evaluated operating points. The
results further indicate that extensive SFT may
constrain subsequent RL exploration, whereas
initialization from a base model retains greater
exploratory capacity.

3. Scaling behavior across data and com-
pute. Data-scaling experiments across all
three tasks and rollout-scaling experiments on
Tasks 1 and 2 indicate that performance gen-
erally improves and subsequently saturates,
with task-dependent variability at larger roll-
out counts. These findings characterize the
marginal returns associated with additional
data and rollout computation.

4. Integrity-specific reward and inference de-
signs. We develop a policy-grounded full-
trace reward that combines accuracy, struc-
ture, reasoning length, and rubric adherence; a
rationale-marginalized Monte Carlo estimator
for reasoning-conditioned label probabilities;
and policy-structured reflection over evidence
sublabels. The corresponding evaluations ex-
amine reward design on Tasks 1 and 3, Monte
Carlo scoring on Tasks 1 and 2, and reflection

on Task 3.
2 Setup
2.1 Prompt

Content moderation can be posed as a classification
problem: given a piece of content C and a policy P,
we aim to estimate the probability that C violates
P. Let the input prompt, g, be

q = concat (Z; P;C) (1)
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where Z is the task instruction. The model in-
duces a conditional distribution over labels y €
{y1,...,yK} defined in the policy,

Py=wilq, i=1,....K 2)

In this work we focus on binary classification
(K = 2;1i.e. violation vs non-violation), where we
take 4y = 1 to indicate a policy violation and y = 0
otherwise.

The model outputs a structured triple

(r,9, D) (3)

where § € {1, 0} is the predicted label in language
space (violation / non-violation), p = Py(y =
1 | q) is the associated probability to that label
in language space, and 7 is the chain-of-thought
reasoning of the model rationale to get to label
7 (Wei et al., 2022). At inference time we are in-
terested in probability of class y; given the context
Py(y = yi | q) and apply threshold 7

g=1Py(y=1]|q) >7], 4)

with threshold 7 € [0, 1] calibrated on a valida-
tion set to satisfy precision/recall or cost-sensitive
targets.

Example 1 and 2 in Appendix A show the exam-
ples of input prompt and model generation.

2.2 Tasks and External Reference Points

We evaluate three binary moderation tasks de-
rived from production data. To improve task in-
terpretability while preserving the confidentiality
of individual examples, we provide organization-
neutral policy definitions, decision rules, contextual
signals, and exceptions in a public policy artifact.
Table 1 summarizes the task scopes and dataset
sizes. For each task, the positive class denotes an
established policy violation.

We also evaluate the publicly available Gemini
2.0 Flash model and policy-trained FTE reviewers
on the same held-out sets using the task-specific
metrics. Table 2 reports these external reference
points together with RL-Only and the strongest
SFT—RL system. At the level of point estimates,
RL-Only is comparable to Gemini on Tasks 1 and
3 and has a higher value on Task 2. SFT—RL has
higher point estimates than Gemini on all three
tasks and is comparable to the policy-trained re-
viewer baseline across the task suite.

2.3 Experimentation Setup

The experiments use Qwen2.5-VL-7B, Qwen2.5-
VL-72B, Qwen3-VL-8B, and Qwen3-VL-32B.
Training is conducted on NVIDIA B200 GPUs.
The primary evaluation metric is recall at 90% pre-
cision (R@P90); area under the precision-recall
curve (PRAUC) and F1 are reported where appro-
priate.

For our RL algorithm, we use Group Relative
Policy Optimization (GRPO) (Shao et al., 2024),
a more compute-efficient alternative to Proximal
Policy Optimization (PPO) (Schulman et al., 2017).
GRPO eliminates the need for an explicit value
function by computing relative advantages across a
group of sampled responses. Given a prompt q, we
draw N rollouts {01, ..., ox} from the current pol-
icy 7y, obtain their scalar rewards { Ry, ..., Ry},
and compute group-normalized advantages A; =
%, where yp and o denote the mean and
standard deviation of the group rewards, respec-
tively. The GRPO objective is then defined as:

EfGRPO

0i
=N Z cli (W%m 02||q;) 1—e€ 1+ e) A;
- BKL(M( L) | mou (- | 2))
)
which updates the policy toward higher-quality
samples identified through groupwise comparison.
This relative-feedback formulation avoids value
estimation and improves optimization stability in
settings with sparse or noisy reward signals.

In all experiments, we set the KL coefficient
B = 0, following recommendations from (Liu et al.,
2025; Shao et al., 2024). Empirically, removing the
KL penalty yields consistently better performance
in our content moderation tasks, as the policy ben-
efits from stronger exploration without collapsing
toward the initial SFT distribution.

We further apply sequence-level normalization
of rewards, rather than token-level normalization,
which we find substantially improves training sta-
bility and final model quality. This design choice
aligns with guidance from GSPO (Zheng et al.,
2025), where sequence-level normalization pre-
serves the relative ordering of complete trajectories
and yields more reliable optimization dynamics for
reasoning-intensive tasks.

We implement RL training with VeRL (Verl-
Team, 2024) and use vLLM (Kwon et al., 2023)
for inference. VeRL is selected because it pro-
vides higher end-to-end training throughput for the
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Task  Scope and positive label RL train  Max. SFT train
1 Prohibited deceptive link or domain impersonation 661 60K
2 Prohibited fraud or scam 836 20K
3 Deceptive impersonation or identity misrepresentation 200 10K

Table 1: Summary of the task definitions and training-set sizes. The evaluation sets contain 4.6K, 5.0K, and 3.9K

examples for Tasks 1-3, respectively.

Task  Metric Gemini FTE RL-Only SFT—RL
1 R@P90  0.673 0.92 0.67 0.95
2 R@P90 0.20 0.54 0.25 0.52
3 PRAUC 0.80 0.90 0.80 0.93

Table 2: External reference points obtained under a com-
mon evaluation protocol. FTE denotes policy-trained
full-time employee reviewers. Boldface indicates the
highest point estimate in each row.

evaluated workload; Appendix A.1 reports a com-
parison with HuggingFace TRL (von Werra et al.,
2020). Rollout generation and reward evaluation
are incurred during offline training for each model-
policy version and are therefore amortized over sub-
sequent deployment. Standard inference requires a
single forward pass, whereas optional Monte Carlo
scoring and reflection introduce additional infer-
ence computation in exchange for improved score
quality.

3 Challenges

This section examines the key challenges of scal-
ing and stabilizing Reinforcement Learning (RL)
for content moderation. We focus specifically on
verifiable reward frameworks, where supervision
is derived on objective final-label correctness. This
approach creates significant hurdles in reward de-
sign, verification, and optimization. Our empiri-
cal analysis details these limitations, providing the
rationale for the methodologies proposed in later
sections.

3.1 Data and Label Scarcity

Data scarcity is a primary bottleneck in content
moderation due to the high cost and latency of ex-
pert labeling (Kiela et al., 2020; Alam et al., 2022).
Typically, policy teams spend months training re-
viewers, who produce only a few hundred labels
weekly. Because high-quality labels require iter-
ative review and correction, scaling from a small
seed set to several thousand examples often takes
months and incurs a tenfold increase in costs.

3.2 Verification and Reward-Design

3.2.1 Lack of a Verification Process

Content moderation shares the complex, rule-
driven reasoning requirements of code genera-
tion and mathematics but lacks a reliable mech-
anism for verifying intermediate steps. Unlike cod-
ing—where compilers provide deterministic feed-
back—or mathematics—where steps are symbol-
ically checkable (Jha et al., 2024)—moderation
has no “safety compiler” to audit reasoning chains.
To address this, Section 3.3.2 introduces reflection
mechanisms for self-evaluating and revising rea-
soning traces. Furthermore, Appendix B.1 demon-
strates how rubric-based rewards serve as a proxy
for explicit verification, improving overall reason-
ing quality.

3.2.2 Susceptible to Reward Hacking

In content moderation tasks, verifiable rewards
based on final-label accuracy (Ra.c, Eq. (8)) of-
ten lead to a performance ceiling characterized by
reward hacking. As shown in Figure 3, the model’s
reasoning length collapses—shrinking from 250 to
under 50 words—resulting in semantically empty
explanations that bypass deeper task logic to short-
cut directly to the final label. This length collapse
also creates a misleading improvement in factual-
ity: shorter outputs contain fewer factual claims
and thus fewer detectable errors, while the model
increasingly generates post-hoc rationales rather
than genuine, input-grounded reasoning (Huang
et al., 2024). To mitigate this and reduce length-
dependent bias, we implement sequence-level re-
ward normalization inspired by GSPO (Zheng et al.,
2025), which stabilizes optimization and preserves
meaningful long-form reasoning.

3.3 Bimodal probability distribution

Following Eq. (3), for reasoning models, a gen-
eration given the input prompt ¢ is o = (7,7, p).
Thus, the token probability, Py(y | 7, q), is a con-
ditional probability dependent on both reasoning
r and input prompt ¢, and we observe it is more
bimodal in classification use cases (as shown in
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Figure 6) because the conclusion about the cor-
rect class is often already included in the reasoning
trace (see prompt example in Section 2.1). This bi-
modal score distribution leads to poor score-based
deployment metrics (PRAUC and R@P90).

We investigate two mitigation strategies.

¢ Monte-Carlo estimation, which smooths the
score distribution by aggregating probabilities
over reasoning trace samples and provides an
approximation of Py(y | q).

* Reflection-aided prompting, which intro-
duces a reflective scheme that encourages the
model to revisit its initial decision before pro-
ducing a final label and reduces extreme po-
larization.

3.3.1 Monte-Carlo estimation

Our solution is to estimate the probability score
through the Monte-Carlo method, which samples a
sufficient number of responses, and approximates
the overall probability. With the law of total proba-
bility, we have the following equation:

Po(yla)=>_ Poly|r,9)Polr | q) ©
=Erpy(rig[Po(y | 7, 9)]

The probability of output y given ¢ is the ex-
pected conditional probability of y given ¢ and a
sampled reasoning trace r (COT), weighted by the
likelihood of each reason. This approach helps
in overcoming the challenges posed by the bi-
modal probability distribution observed in reason-
ing models by providing a more robust estimation
through comprehensive sampling of the thought
space. We evaluated two primary hyperparame-
ters in the Monte Carlo sampling procedure: 1) the
number of rollouts /V and 2) the sampling tempera-
ture 7" in Appendix C.2.

3.3.2 Reflection-aided Prompting

We adopt a multi-stage prompting strategy for bi-
nary classification, inspired by (Shinn et al., 2023):
the model (i) emits an initial label, (ii) reflects on
evidence via sub-labels, and (iii) outputs a final
label as Example 3. This design addresses the
observation that the log-probability of the final la-
bel token is often extremely polarized, exacerbat-
ing the thresholding difficulty in Equation 4. As
demonstrated in Table 7 and Figure 7, reflection-
aided scoring produces substantially more stable
and well-calibrated scores, whereas non-reflective

scoring exhibits highly bimodal distributions that
destabilize threshold-based decisions.

4 Empirical Study of Scaling RL

Figure 1 reports the effect of RL after different
levels of SFT across the three moderation tasks
using Qwen2.5-VL-7B. The RL stage uses a small
set of high-quality examples sampled according
to the same procedure as the ground-truth dataset.
The results yield three observations:

* RL-Only is label-efficient across all three
tasks. With 200-836 labeled examples, RL-
Only remains competitive with SFT trained
on thousands of examples. At the evaluated
operating points, this result corresponds to
up to approximately one order of magnitude
greater label efficiency.

* SFT—RL provides substantial gains when
SFT training is moderate. For models ini-
tialized by SFT on thousands of examples, the
subsequent RL stage yields higher point esti-
mates across all tasks, with typical R@P90 im-
provements of 5—15 percentage points. These
gains suggest that RL can correct residual
errors and refine decision boundaries in this
regime.

* RL gains diminish and eventually saturate
as SFT scale increases. As the SFT dataset
increases to tens of thousands of examples,
the performance difference between SFT and
SFT—RL narrows. One possible explanation
is that extensive SFT provides a stronger ini-
tialization while also concentrating the policy
around previously learned response patterns,
thereby reducing the marginal benefit of sub-
sequent RL exploration.

4.1 Number of training tokens in RL

Figure 2 shows that increasing the number of input
tokens processed during RL improves performance
until the marginal gains diminish at larger scales,
consistent with the saturation behavior reported in
prior work (Khatri et al., 2025).

Low token budgets (0.6B-1.2B): Performance
is substantially limited, with both R@P90 and
PRAUC remaining low. The wide confidence in-
tervals indicate that the model receives too few
comparisons to produce stable gradients.
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Figure 2: Increasing the data scale in RL training ini-
tially boosts model performance, but the gains plateau
after a certain threshold.

Intermediate token budgets (2.4B): We ob-
serve a sharp increase in R@P90 and PRAUC, cor-
responding to the point at which the model has suf-
ficient context to form reliable comparisons. This
regime provides the largest marginal gains.

High token budgets (4.8B-9.6B): Performance
saturates, and the confidence intervals for R@P90
overlap across settings. Additional tokens provide
diminishing returns.

Appendix D presents additional analyses of the
principal training hyperparameters.

¢ Number of Rollouts. Across Tasks 1 and 2,
GRPO performance generally improves and
subsequently saturates as the number of roll-
outs increases, with variability at larger rollout
counts. For Task 1, the point estimate is 0.65
with 64 rollouts and 0.55 with 128 rollouts,
indicating that additional rollouts do not yield
uniform improvements.

* Reward Shaping. On Task 1, the complete
reward increases F1 from 0.49 [0.41, 0.58]
to 0.61 [0.51, 0.71] for Qwen3-VL-8B and
from 0.47 [0.40, 0.55] to 0.60 [0.50, 0.70]
for Qwen2.5-VL-7B. Although the direction

of the point-estimate changes is consistent,
the overlapping confidence intervals do not
support a claim of statistical significance.

* Effective Batch Size. In the Task 1 diagnostic,
increasing the effective batch size from 128 to
1024 raises R@P90 from 0.18 to 0.81, after
which the gains saturate.

* Response Selection Improvement. Our roll-
out analysis suggests that RL primarily im-
proves response selection and consistency
among sampled outputs, rather than creating
entirely new reasoning capability. In partic-
ular, RL increases maj@N and narrows the
gap between best-case and majority-vote per-
formance, indicating that optimization shifts
probability mass toward already reachable cor-
rect responses. We provide the bound analysis
in Appendix D.2.1.

5 Task 1 Case Study: Disagreement
Filtering

This controlled Task 1 case study examines whether
model self-consistency can identify training exam-
ples with high learning value. We refer to this
selection procedure as Disagreement Filtering.
We begin by prompting a pretrained base model
(e.g., Qwen3-VL-8B) multiple times for each input
to generate diverse reasoning paths and final predic-
tions. We define disagreement examples as those
for which the sampled predictions do not reach
consensus. Among the remaining agreement exam-
ples, we further categorize an example as easy if
all sampled predictions are correct, and hard if all
predictions are incorrect. Our intuition is that dis-
agreement examples are neither trivially easy nor
irreducibly hard, and therefore provide an informa-
tive and stable learning signal for RL optimization.
We evaluate disagreement-based data filtering

264



Data Subsets Data Size F1 PRAUC
All 677 0.87 [0.86, 0.89] 0.85
Disagreement + Easy 601 0.86 [0.84, 0.87] 0.84
Easy 566 0.79 [0.77,0.81] 0.80
Disagreement 61 0.88 [0.86, 0.89] 0.90

Table 3: Disagreement filtering results on Task 1 for
Qwen3-VL-8B. Removing hard or easy examples pre-
serves, and in some cases improves, overall performance
despite using substantially fewer training samples.

on the Task 1 task. For each training example, we
generate two rollouts at temperatures 0.7, 1.0, and
1.3, resulting in six trajectories per example. Vary-
ing the sampling temperature encourages diverse
model behaviors and increases the likelihood of
uncovering disagreement.

Starting from 677 total examples, this procedure
yields 76 hard examples, 61 disagreement exam-
ples, and 566 easy examples. We then apply GRPO
to different subsets of the dataset, with results sum-
marized in Table 3.

Within this experiment, removing hard exam-
ples improves performance relative to training on
the full dataset. This finding suggests that exam-
ples on which all sampled predictions are incorrect
may introduce noisy or unstable reward signals,
potentially leading to overfitting or suboptimal pol-
icy updates. GRPO trained on the smaller curated
subsets consequently achieves performance compa-
rable to, and in some settings higher than, training
on the complete dataset.

The cross-task results in Figure 1 show that RL-
Only is competitive with SFT systems trained on
thousands of labels, corresponding to up to approx-
imately one order of magnitude greater label effi-
ciency at the evaluated operating points. Within
Task 1, targeted selection further reduces the num-
ber of training examples: the 61-example disagree-
ment subset attains F1 = 0.88, compared with F1 =
0.87 when all 677 examples are used.

These Task 1 results indicate that disagreement-
based selection can improve sample efficiency in
the evaluated setting and motivate its evaluation on
additional moderation policies.

6 Conclusion

This work presents a systematic empirical study of
reinforcement learning (RL) for LLM-based con-
tent moderation. Across three production-derived
tasks, RL-Only systems trained on 200-836 labeled
examples remain competitive with supervised fine-
tuning (SFT) systems trained on thousands of exam-

ples, corresponding to up to approximately one or-
der of magnitude greater label efficiency at the eval-
uated operating points. Data-scaling experiments
on all three tasks and rollout-scaling experiments
on Tasks 1 and 2 indicate that performance gener-
ally improves and subsequently saturates, with task-
dependent variability at larger rollout counts. The
strongest SFT—RL systems attain point-estimate
performance comparable to policy-trained FTE re-
viewers across the three tasks.

Using established RL and inference primitives,
the study develops integrity-specific designs for
full-trace reward shaping, rationale-marginalized
Monte Carlo scoring, and policy-structured reflec-
tion. Together with the analysis of length col-
lapse, confidence polarization, and the faithfulness—
factuality trade-off, these results characterize sev-
eral design considerations for policy-grounded
moderation systems.

Limitations

The production-derived examples cannot be re-
leased; however, the public policy artifact provides
organization-neutral task definitions and decision
rules. Disagreement filtering and the effective-
batch-size sweep are evaluated only on Task 1,
whereas the broader empirical evidence comprises
data scaling on all three tasks and rollout scaling
on Tasks 1 and 2. Equal reward weights serve as
an untuned default, and the component ablation
does not assess sensitivity to alternative weight
assignments. RL rollout generation and reward
evaluation require additional computation relative
to SFT updates, although these costs are incurred
during offline training for each model-policy ver-
sion and are amortized over deployment. Standard
single-pass inference does not require additional
rollouts, whereas optional Monte Carlo scoring
and reflection incur additional inference computa-
tion. Accordingly, the reported efficiency results
concern label efficiency rather than computational
efficiency as measured by floating-point operations.

Ethics Statement

This study utilizes de-identified data derived
from real-world production traffic at META PLAT-
FORMS, INC., processed in strict compliance with
privacy regulations to preserve user anonymity. La-
bels were obtained from expert policy reviewers
under protocols ensuring their psychological well-
being and limiting exposure to sensitive content.
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A Setup Examples and Appendix
Roadmap

This appendix provides supporting material for the
main claims. It first gives prompt and output ex-
amples and reports the framework throughput com-
parison that motivates our implementation choice.
It then defines the shaped reward used during RL
training before presenting diagnostics for reward
hacking, faithfulness, and factuality. The remain-
ing sections separate inference-time score calibra-
tion from training-time scaling ablations.

Appendix Navigation.

* Setup examples and frameworks (Ap-
pendix A) gives prompt/output templates and
the VeRL-vs.-TRL throughput comparison.

¢ Training-time reward design and diagnos-
tics (Appendix B) defines the shaped reward
and analyzes reward hacking, faithfulness,
and factuality.

* Inference-time score calibration (Ap-
pendix C) covers bimodal label-token
probabilities, Monte Carlo score estimation,
and reflection-aided scoring.

* Training-time scaling ablations (Ap-
pendix D) studies rollout count, effective
batch size, and response-selection bounds.

A.1 Framework Throughput Comparison

Section 2.3 describes the use of VeRL for RL train-
ing. Here, we report the supporting throughput
comparison against HuggingFace TRL (von Werra
et al., 2020). We define throughput as the total

Imagine you are reviewing for
[CONTENT_MODERATION_TASK]. Given the
following content, determine the answer.

Content: [CONTENT_MULTIMODAL] Account
information:

User/Account name: [USERNAME],

Bio: [BIO_TEXT].

Account stated country: [COUNTRY_CODE],
Follower count: [NUMBER],

Recent contents: [CONTENT_MULTIMODAL_1]

The review process should follow the following step:
Step 1. [POLICY_1] [POLICY_1_CONTENT].
Step 2. [POLICY_2] [POLICY_2_CONTENT].
Step 3: [CONCLUSION] Provide final assessment.

Please think step-by-step then provide your
independent assessment in JSON format, including
the following keys:

[KEY_1]: for [POLICY_1] (true/false)

[KEY_2]: for [POLICY_2] (no/yes)

[KEY_3]: for [CONCLUSION] (true/false)

Example 1: Input Prompt

<think>Okay, let’s start by going through each step
carefully.

**Step 1: ...

**Step 2: ...

**Step 3: ...

**Final Decision: Since ... is false.

</think>

{
[KEY_1]: "false",
[KEY_2]: "yes",
[KEY_3]: "true"
}

Example 2: Model Generation

number of tokens (input + output) processed by a
single GPU per second:

Total tokens processed

Th hput =
roughpu Number of GPUs x Time’

(M

where Time is measured in seconds.

As shown in Table 4, VeRL (Verl-Team, 2024),
due to its HybridFlow-based execution backbone,
consistently achieves substantially higher through-
put than TRL, reaching up to 2.5X improve-
ment under comparable settings on both inter-
nal tasks and the external GSM8K benchmark
dataset (Cobbe et al., 2021).
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<think>Okay, let’s start by going through each step
carefully.

**Step 1: ... sub_label_1 is false

**Step 2: ... sub_label_2 is true

**Step 3: Final Decision** Since ... is false.
</think>

{

"first_decision": true/false,
"sub_label_1": true/false,
"sub_label_2": true/false,

"last_decision": true/false

}

Example 3: Example output format for reflection-aided
binary classification with an initial decision, evidence
sub-labels, and a last decision.

Dataset  VeRL TRL  Speedup
Task 2 4600 1854 2.5x
GSM8K 1500 730 2.0x

Table 4: Training efficiency comparison (tokens/s/GPU)
with Qwen2.5-VL-7B on Task 2 and GSMS8K.

B Training-Time Reward Design and
Diagnostics

This section expands the reward-design discussion
from Section 3.2. We first define the shaped reward
used for training, then show why the additional
reward terms are necessary by analyzing length
collapse, faithfulness, and factuality.

B.1 Reward Shaping

Taken together, findings in Section 3.2 illustrate a
central tension in RL for LLMs: structural stability
and semantic grounding do not naturally co-evolve.
To encourage the model to reason with sufficient
detail while remaining grounded in the moderation
policy, we combine four reward signals:

1. Final Verifiable Accuracy Reward (R,.): A
deterministic reward that checks whether the
model’s final binary prediction matches the
ground-truth label. This reward is fully verifi-
able and does not require an external judge.

2. Format Reward (R ): A structural reward
that ensures the model emits both its reasoning
trace and final answer in the expected format,
such as reasoning tags, a JSON schema, or
answer markers.

3. Targeted Reasoning Length Reward (R, ):
A reward that encourages outputs to fall
within a desired length range, giving the
model sufficient room for reasoning and pre-
venting collapse into short, label-only re-
sponses.

4. Rubric-Based Reasoning Reward (R.p): A
qualitative reward that evaluates the reason-
ing trace beyond the final binary label. It as-
sesses instruction adherence, policy consis-
tency, and correct application of task-specific
criteria. The rubric is implemented using ei-
ther an LLM-as-a-judge or human-provided
rubric annotations. For example, in a profile-
matching task, the judge is asked: “Does the
reasoning correctly compare the two profile
images according to the rubric?” The result-
ing score is assigned to the full generation, and
we apply inverse-frequency weighting when
aggregating rewards so that high-frequency
labels do not dominate optimization.

We combine these terms into a single scalar re-
ward:

Rl = oace Race + e Rimt + Qen Rlen + Qb Rrub7
3

where iace, Qfmt, Qlen, and iy are non-negative

weighting coefficients satisfying cacc +tfme+en+
amp = 1. In the reported experiments, the four
components receive equal weights as an untuned
default. The component ablation therefore mea-
sures the incremental contribution of the reward
terms rather than sensitivity to alternative weight
assignments. A systematic evaluation of the weight-
ing coefficients is left for future work.

The accuracy and format rewards provide sparse
but reliable supervision. The length reward dis-
courages shortcut solutions that omit reasoning,
whereas the rubric reward continues to provide a
learning signal after the outcome reward has satu-
rated. On Task 1, the complete reward increases
F1 from 0.49 [0.41, 0.58] to 0.61 [0.51, 0.71] for
Qwen3-VL-8B and from 0.47 [0.40, 0.55] to 0.60
[0.50, 0.70] for Qwen2.5-VL-7B. Although the
point estimates increase consistently, the overlap-
ping confidence intervals do not support a claim
of statistical significance. On Task 3, adding the
rubric reward increases PRAUC by 0.04 relative
to the accuracy-plus-format baseline when rubric
labels are obtained through human annotation.
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Model Reward Setup

Recall Precision F1

Racc + Rim: (Baseline)
Racc + Rfmt + Rlen
Racc + Rfmt + Rlen + Rruh

Qwen3-VL-8B

0.58 (0.47, 0.68)
0.61 (0.48, 0.75)
0.71 (0.59, 0.83)

0.43 (0.34,0.52) 0.49 (0.41, 0.58)
0.41 (0.30,0.54)  0.49 (0.38, 0.60)
0.54 (0.43,0.67)  0.61 (0.51,0.71)

Racc + Rfmt (Baseline)
Racc + Rfmt + Rlen
Racc + Rfmt + Rlen + Rrub

Qwen2.5-VL-7B

0.49 (0.39, 0.59)
0.67 (0.55, 0.80)
0.69 (0.57, 0.81)

0.46 (0.37,0.55)  0.47 (0.40, 0.55)
0.45(0.34,0.57)  0.54 (0.44, 0.63)
0.54 (0.42,0.67)  0.60 (0.50, 0.70)

Table 5: Task 1 performance under different reward configurations. Values in parentheses denote confidence
intervals. Because the intervals overlap, the observed gains are interpreted as directional rather than statistically

significant.
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Figure 3: Accuracy-based rewards induce reward hack-
ing: explanation length collapses over training, and
responses degenerate into short label assertions.

B.2 Reward Hacking

For our content-moderation tasks, we find that sim-
ple, verifiable rewards based on final-label match-
ing (Ryec in Eq. (8)) quickly reach a performance
ceiling.

Figure 3 shows a typical trajectory in which the
model’s reasoning length steadily collapses (from
roughly 250 words to fewer than 50), yielding ex-
tremely brief or semantically empty explanations
followed by a bare True/False prediction. This
behavior indicates that the model is not learning
deeper task structure or producing meaningful rea-
soning chains; instead, it is exploiting the reward
by shortcutting directly to the final label. To reduce
length-dependent bias in the GRPO updates, we ap-
ply sequence-level reward normalization, following
the stabilization strategy proposed in GSPO (Zheng
etal., 2025), which improves optimization behavior
for long-form reasoning tasks.

B.2.1 Factuality and Faithfulness

We observe a distinct trade-off between two types
of hallucination during RL optimization: (1) faith-
fulness, which measures the model’s ability to
follow instructions, and (2) factuality, which

measures the model’s adherence to the factual
information specified in the policy. To evalu-
ate both faithfulness and factuality of the trained
policy model, we use the state-of-the-art LLM-
based judge Gemini-2.5-Pro (Comanici et al.,
2025). For factuality in particular, we further lever-
age the Hughes Hallucination Evaluation Model
(HHEM) (Hughes, 2023).

As training progresses, RL-optimized policies of-
ten appear to improve instruction following (Huang
et al., 2024), while their measured factuality error
rate decreases. However, this apparent improve-
ment is largely an artifact of length collapse: the
policy learns to produce increasingly short out-
puts—an effect illustrated in Figure 3—which re-
duces the number of explicit factual statements
and therefore the number of opportunities for de-
tectable errors. In practice, the model’s underlying
grounding does not improve. Instead, the policy
increasingly generates post-hoc rationales crafted
to align with the ground-truth label, rather than
engaging in genuine, input-grounded reasoning.

To further examine these optimization dynamics,
we compare two common training recipes for LLM-
based classifiers:

(a) Direct RL (RL-Only). Applying RL directly
to the base model leads to a severe degradation
in instruction adherence, manifesting as increased
instruction hallucination, as shown in Figure 4a.
Without the inductive bias provided by supervised
demonstrations, the policy fails to converge to a sta-
ble reasoning schema and instead produces unstruc-
tured, off-topic, or constraint-violating outputs.
This behavior reflects classical under-regularization
in policy optimization, in which the model ex-
ploits reward shortcuts rather than learning task-
consistent reasoning patterns.

(b) Two-Stage Training (SFT — RL). Initializ-
ing with SFT substantially stabilizes RL, anchoring
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the model in a coherent reasoning structure that pre-
vents the degenerate behaviors observed in the RL-
Only setting. However, this regularity introduces
a secondary issue: a higher incidence of factual-
ity hallucinations, as shown in Figure 4b. Under
optimization pressure, the model generates plau-
sible, well-structured rationales crafted to support
the ground-truth label, even when these explana-
tions lack semantic correctness or grounding in the
content moderation policy specified in the prompt.
Thus, although the reasoning format remains intact,
the underlying factuality does not improve—and
may in fact degrade.

In our experiments, we evaluate instruction hal-
lucination, defined as the complement of faith-
fulness; thus, higher faithfulness denotes a closer
adherence to instructions without invention. Simi-
larly, we assess factuality hallucination, the com-
plement of factuality, where higher scores indicate
reasoning that remains grounded in evidence and
free from unsupported claims.

C Inference-Time Score Calibration

C.1 Bimodal Probability Distribution

Following Eq. (3), a reasoning-model generation
is 0 = (r, 9, p). The label-token probability Py(y |
r,q) is therefore conditioned on both the prompt
and the sampled reasoning trace. Because the rea-
soning often already states the conclusion, label
scores become highly polarized, producing the bi-
modal behavior shown in Figure 6. This appendix
section evaluates the two inference-time mitiga-
tions introduced in Section 3.3.1 and Section 3.3.2:
Monte Carlo score estimation and reflection-aided
scoring.

C.2 Monte Carlo Score Estimation

N  Gain on R@P90

0.03
0.04
0.05
0.05
0.03
0.05
0.05

Do w W

Table 6: Performance gain of Task 2 after applying
Monte-Carlo sampling at T = 1.0 for different N, com-
pared to baseline of T =0.0 and N = 1

Monte Carlo scoring estimates Py (y | ¢) by sam-
pling multiple reasoning traces and averaging the

conditional label probability across them. By the
law of total probability:

Xty

= ]Er~P9<r\q> [Po(y |7, q)]

Po(ylq) = [r,q)P(r | q)

€))

The resulting score averages over the sampled
reasoning space rather than relying on a single, po-
tentially overconfident rationale-conditioned label
probability.

We tune two primary hyperparameters in the
Monte Carlo sampling procedure: the number of
rollouts IV and the sampling temperature 7'. Fig-
ure 5 illustrates how varying IV and T affects model
performance.

1. Effect of the number of rollouts. At moder-
ate sampling temperatures (1" < 1.0), increas-
ing the number of rollouts N consistently im-
proves performance, albeit with diminishing
returns. Table 6 reports the performance gains
obtained by Monte Carlo sampling at 7' = 1.0
for different values of N. We observe that
performance plateaus beyond N = 4, indicat-
ing that test-time scaling (Muennighoff et al.,
2025) can be effective.

2. Effect of sampling temperature. We find
that the optimal sampling temperature lies be-
tween 0.7 and 1.0. For temperatures above
1.0, performance degrades due to an increased
incidence of parsing errors and generation
anomalies, which negatively impact down-
stream evaluation.

To confirm how Monte-Carlo sampling helps
with mitigating bimodal probability distribution,
we compare the label token distribution with and
without our sampling strategy in Figure 6. We can
observe that such strategy indeed shifts some of the
extreme probability mass into the center to account
for model uncertainty.

C.3 Reflection-Aided Scoring

Inspired by work on LLM reflection during rea-
soning (Shinn et al., 2023), we use a three-stage
binary-classification template: the model first emits
an initial label (first decision), then reflects on evi-
dence through sub-labels, and finally emits a last
decision. Example 3 shows the expected output
format. This structure lets us score the earlier deci-
sion point before the final conclusion has been rein-
forced by the reasoning trace, reducing the extreme
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Figure 4: Faithfulness and factuality under RL ablations. “Instruction hallucination” and “factuality hallucination”
are the complements of faithfulness and factuality, respectively.

1.00 1.00
g 0.75 g 0.75
°©' E""—"—/ ——— T=00 °© 551 ———% 2
< —— T=01 "4 —— T=0.0
k] —— T=07 s —— T =0.7
£ 0.50 —— T=1.0 £ 0.50 —— T=10
= - T=12 o - T=12
9] - o
K —e— T=15 =
= =4
=) =)

o
N
Ul
o
N
&

-
EN

8 16 32 1 4 8 16 32
Inference Rollout N Inference Rollout N

Figure 5: Monte-Carlo Sampling at Different N (number of rollouts) and T (temperature) for Task 1 and Task 2

Scoring method ~ PRAUC R@P90

Without Reflection 0.77 0.05
With Reflection 0.89 0.59

=3 With Monte-Carlo Sampling T= 1.0, N =32  [ZX3 Without Monte-Carlo Sampling T = 0.0, N = 1

w0 Table 7: Performance of the LLM moderator with and
’ . without reflection for Task 3.
% 30
g 25 2
S 08
° 10 . . .
s final-token polarization that complicates threshold-
0.0 0.2 0.4 0.6 ] 0.8 1.0 0 Ing 1n Eq (4)
Score/probability
Figure 6: Comparison of label token probability distri- Table 7 shows that reflection substantially im-

bution: without Monte-Carlo sampling vs with Monte-  proves PRAUC and R@P90 for the same model.

Carlo sampling Figure 7 shows the mechanism: reflection pro-
duces a less polarized probability distribution than
scoring without reflection, improving calibration-
sensitive metrics even when the final predicted la-
bels are unchanged.
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Figure 7: Comparison of score/probability distributions
with and without reflection.

Number of rollouts Task 1 Task 2
8 0.17 0.53
16 0.18 0.56
32 0.31 0.63
64 0.65 0.62
128 0.55 0.64

Table 8: Performance for Task 1 and Task 2 versus
number of rollouts.

D Training-Time Scaling Ablations

D.1 Number of Rollouts

Across Tasks 1 and 2, GRPO performance gen-
erally improves and subsequently saturates as the
number of rollouts increases, although the relation-
ship is not uniformly monotonic. For Task 1, per-
formance increases from 0.17 with eight rollouts
to 0.65 with 64 rollouts and then decreases to 0.55
with 128 rollouts; Task 2 attains its highest point
estimate with 128 rollouts. Larger rollout groups
may provide more reliable relative comparisons,
but their marginal benefit depends on the task and
operating point (Hou et al., 2025; Li et al., 2025).

In practice, however, the use of large rollout
counts is limited by the capacity of the LLM-based
judge used for rubric-based rewards (R, Sec-
tion B.1), particularly when multiple rubric criteria
must be evaluated in parallel.

D.2 Effective Batch Size: Task 1 Diagnostic

In the Task 1 diagnostic, effective batch size sub-
stantially affects training stability and convergence.
As shown in Table 9, increasing the effective batch
size from 128 to 1024 raises R@P90 from 0.18
to 0.81. Performance plateaus at approximately
0.85 for batch sizes of 2048 and above, indicating
diminishing returns beyond this threshold under

Effective batch size  Task 1 R@P90

128 0.18
1024 0.81
2048 0.85
4096 0.85

Table 9: Task 1 Unweighted R@P90 by effective batch
size

the evaluated configuration. In distributed training
frameworks such as TRL and VeRL, the effective
batch size is computed as the product of three key
components:

Effective Batch Size = Bioca X Ngpu X Naccum (10)
where each term represents:

 Local batch size (Bjoca1): The number of sam-
ples processed per GPU device in a single
forward pass. This parameter is constrained
by GPU memory capacity and depends on
model size and input sequence length. In TRL
terminology, this is referred to as “batch size
per device,” while VeRL uses the term “micro-
batch size.”

e Number of GPUs (Ngpy): The total number
of GPU devices available for distributed train-
ing. This represents the available computa-
tional resources and enables data parallelism
across multiple devices.

* Gradient accumulation steps (Naccum): The
number of forward-backward passes per-
formed before updating model parame-
ters.  This hyperparameter (denoted as
gradient_accumulation_steps in most
frameworks) requires careful tuning to bal-
ance training efficiency and gradient quality.

For Task 1, these results support an effective batch
size of at least 1024 under the evaluated configu-
ration. Because the sweep is restricted to one task,
this threshold requires validation for other policies,
model sizes, and training systems.

D.2.1 RL improves response selection on
rollouts: bound analysis

Drawing from recent findings (Yue et al., 2025;
Shao et al., 2024), RL often improves performance
not by enhancing a model’s underlying reasoning
ability, but by increasing the probability of select-
ing a correct answer from a set of candidate gen-
erations. In this view, RL fine-tuning functions
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Figure 8: Comparison of accuracy as a function of roll-
outs N for SFT and SFT—RL trained models

primarily as a response selection mechanism rather
than a fundamental capability enhancement step.

To examine whether this dynamic also holds
for content moderation, we evaluate an SFT base-
line and a two-stage SFT—RL model on the
Task 2 dataset, with results shown in Figure 8. We
measure performance using two complementary
sampling-based metrics over varying numbers of
rollouts (N € [1, 32]):

pass@ N: The probability that at least one of N
independent rollouts yields a correct response. This
metric reflects the model’s best-case correctness
and directly relates to improvements driven by R.:
higher accuracy rewards increase the chance that
at least one sampled output is correct.

maj@N: The probability that at least half of
the N rollouts are correct. This metric captures
consistency and it complements R;.. by measuring
whether RL fine-tuning increases the model’s reli-
ability across samples, not just the probability of
producing a single correct output.
Key Observations:

1. Impact of RL Fine-Tuning: Following RL
training on top of SFI, maj@N demon-
strates substantial improvement, increasing
from 0.72 to 0.82 at N = 1, and from 0.77
to 0.83 at N = 32. This indicates that RL
effectively increases the model’s propensity
to generate correct responses.

2. Convergence of Metrics: The gap between
pass@N-SFT and maj@N-SFT—RL narrows
considerably compared to the SFT baseline
(pass@N-SFT vs. maj@N-SFT). This conver-
gence suggests that RL training improves out-
put consistency across multiple rollouts, mak-
ing the model’s behavior more deterministic
and reliable.

3. Performance Ceiling Estimation: The differ-
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ence between pass@N-SFT and pass@1-SFT
serves as a (loose) upper bound on the po-
tential performance gains achievable through
RL-based optimization in two stage SFT—RL
training. If this gap is small, it indicates lim-
ited headroom for improvement via better re-
sponse selection strategies.



