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ABSTRACT
As LLMs are increasingly integrated into human-in-the-loop con-
tent moderation systems, a central challenge is deciding when their
outputs can be trusted versus when escalation for human review is
preferable. We propose a novel framework for supervised LLM un-
certainty quantification, learning a dedicated meta-model based on
LLM Performance Predictors (LPPs) derived from LLM outputs: log-
probabilities, entropy, and novel uncertainty attribution indicators.
We demonstrate that our method enables cost-aware selective clas-
sification in real-world human-AI workflows: escalating high-risk
cases while automating the rest. Experiments across state-of-the-art
LLMs, including both off-the-shelf (Gemini, GPT) and open-source
(Llama, Qwen), on multimodal and multilingual moderation tasks,
show significant improvements over existing uncertainty estima-
tors in accuracy-cost trade-offs. Beyond uncertainty estimation, the
LPPs enhance explainability by providing new insights into failure
conditions (e.g., ambiguous content vs. under-specified policy). This
work establishes a principled framework for uncertainty-aware,
scalable, and responsible human-AI moderation workflows.
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1 INTRODUCTION
Human-AI collaboration is at the heart of modern content mod-
eration, which serves as a cornerstone of online trust and safety.
Effective moderation is essential for protecting individuals from
harmful or misleading content, and the pursuit of scalable and re-
sponsible approaches contributes to a safer online environment.
To meet this need, moderation systems must balance the nuanced
accuracy of human experts with the scalability and cost-efficiency
of AI. The rapid growth of user-generated content has made re-
liance solely on manual review infeasible, motivating the growing
deployment of Large Language Models (LLMs) into moderation
workflows. When LLMs are used in human-in-the-loop workflows,
their utility depends not only on their accuracy, but also on their
ability to signal when they are likely to make an incorrect decision.
The effectiveness of such pipelines depends on a single decision
that repeats billions of times per day: should the system trust the
LLM’s judgment or escalate to a human reviewer?

Accordingly, we focus on two research questions:
RQ1: Can we accurately predict when LLMs are likely to be incor-
rect in moderation tasks?
RQ2: Can selective escalation based on these predictions reduce
the overall cost in human-AI moderation workflows?

This trust-or-escalate decision is, at its core, an uncertainty esti-
mation problem. Recent work [6, 9, 25, 33, 40, 47] has explored a
variety of signals for estimating LLMuncertainty. Approaches range
from token-level entropy and log-probability thresholds [20, 22]
to ensemble-based sampling [9] and explicit self-expressed confi-
dence [24, 32, 44, 46].

In the realm of content moderation, current LLM uncertainty
metrics fail to capture the economic value of moderation failure.
To address this, we formulate the decision as a cost minimization
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problem, balancing between the cost of misclassification and the
cost of human review. Moreover, previous work [22, 40] showed
that no single universal uncertainty metric has been proven to
be reliable across tasks and models. These findings motivate the
pursuit of a robust approach that can perform reliably at scale in
high-stakes domains such as content moderation.

To this end, we introduce a novel framework that builds on
this foundation, enabling a unified approach to selective escala-
tion. Unlike prior supervised uncertainty estimation approaches
that typically rely on single or homogeneous signals [17, 22, 33],
or learning-to-defer methods that optimize deferral without un-
certainty attribution [11, 37], we fuse diverse gray- and black-box
output signals and incorporate moderation-specific abstention with
attribution, producing more comprehensive and explainable LLM
Performance Predictors (LPPs). The approach is inspired by Query
Performance Prediction (QPP) [4, 16, 41–43, 52] in Information
Retrieval, which studies how systems can learn to anticipate the
success of individual queries. QPPs are commonly divided into
pre-retrieval predictors and post-retrieval predictors. In this work,
we focus on post-generation predictors, which are scarcer in the
literature [20], due to strong empirical predictive power, as they
leverage richer evidence from the actual model outputs and broad
applicability for both open and closed models.

Uncertainty estimators for LLMs are often categorized by the
level of access to model internals: white-box approaches leverage
hidden states and gradients, gray-box approaches use output-side
signals such as log-probabilities, and black-box approaches rely
only on final predictions or agreement across multiple generations.
In this work, we focus on gray- and black-box features, as they
strike a practical balance between richness of signal, scale, and
applicability across both off-the-shelf and open-source LLMs.

Beyond estimating the level of uncertainty, moderation teams
also need to know the reason for the uncertainty. We therefore
introduce novel moderation-oriented uncertainty attribution in-
dicators that distinguish evidence deficits (e.g. missing transcript
context, visually ambiguous frames, cross-lingual inconsistencies)
from policy gaps (e.g., edge cases not covered by moderation guide-
lines, conflicting definitions across regions). This enables practical
routing: “Tough Calls” (aleatoric) are routed to senior reviewers,
while “Policy Gaps” (epistemic) trigger policy updates or model
retraining with active learning. In doing so, LPPs do not merely
indicate uncertainty; they also shorten the policy-improvement
loop and focus scarce human effort, thereby minimizing the cost of
the entire moderation system.

We evaluate the LPPs across multiple families of LLMs, including
off-the-shelf (Gemini, GPT) and open-source (Llama, Qwen), on
two moderation datasets, featuring multimodal and multilingual
content across multiple risk categories: hate, violence, and more.
Across settings, LPPs consistently improve the accuracy and cost
frontiers relative to each existing uncertainty estimator. We release
reproducibility code alongside the paper to enable practitioners to
build upon this framework and facilitate future research on LLM
Performance Prediction.1 More broadly, these findings motivate
treating trust calibration in moderation as a learned, cost-aware

1https://github.com/ZEFR-INC/lpp-research

prediction problem, one that can be implemented without access
to model internals.
Contributions. (1) We propose a novel framework for estimating
LLM uncertainty, learning a meta-model based on LLM Perfor-
mance Predictors (LPPs) derived from the LLM’s output; (2) we
demonstrate the merits of our method for selective escalation in
a real-world hybrid human-AI workflow for content moderation
compared to existing uncertainty estimators; and (3) we introduce
novel moderation-oriented uncertainty attribution indicators and
show their contribution to explainability, offering insights into
when and why LLMs fail, thereby improving learning efficiency in
human-AI workflows. Due to space limitations, we defer the full
mathematical specifications of our LPPs, the cost-ratio sensitivity
analysis, prompt templates, and detailed inference configurations
to the extended version of the paper [2].

2 RELATEDWORK
Content moderation refers to the process of detecting user (e.g., [12,
27, 29]) and AI (e.g., [10, 34, 49]) generated content that violates
laws or policies (cf. [12, 13]). The rapid growth of user-generated
content, coupled with the vast and evolving range of moderation
topics across tasks and use cases, rendersmanual review impractical,
particularly in production environments. This situation drives the
increased adoption of unified LLM-based systems for scalable mod-
eration [19, 27, 29, 31]. Recent surveys highlight that uncertainty
quantification is a central challenge for deploying such systems reli-
ably at scale [40], and new methods emphasize efficient estimation
techniques suitable for production use [47].

The use of LLMs in production moderation systems critically
depends on trustworthy confidence estimates, as well-calibrated
confidence scores enable safe automation (e.g., selective deferral to
human reviewers [23, 37]). There is a large body of work on uncer-
tainty quantification in LLMs [3, 6, 9, 22, 24–26, 28, 32, 33, 35, 40, 44–
47, 51]. Prior work has examined verbalized confidence [24, 32, 44,
46], but empirical studies consistently find such methods poorly cal-
ibrated and highly sensitive to prompting and model type [28, 46].
In addition, multi-sample methods are computationally expensive
at production scale. These findings demonstrate that a single, uni-
versal uncertainty metric is unreliable and motivate a more robust,
multifaceted approach for model failure prediction. To address this,
alternative strategies have been explored, including logit-based
calibration [22], reflection or self-consistency signals [35], and
reinforcement prompt learning [51]. Some of them, particularly
logit-based information, are used in this work.

In this work, we propose a novel framework that leverages
a diverse set of predictors to improve both calibration and cost-
aware decision-making in moderation. Our feature set fuses logit-
based features shown to be effective for textual calibration [22]
with additional predictors—including multimodal and uncertainty-
attribution signals—that extend applicability beyond text-only set-
tings. Our framework is evaluated across diverse closed- and open-
source LLMs on two complementarymoderation datasets, including
a multimodal benchmark [31], and employs a learned classifier to
produce calibrated confidence estimates.

Another line of work closely related to ours is query performance
predictors (QPP) for ad hoc document retrieval [4]. These methods
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were devised to predict the effectiveness of search results in the ab-
sence of relevance judgments. It is common to divide them into two
groups: (i) pre-retrieval predictors, which operate prior to retrieval
time and often utilize corpus statistics [16], and (ii) post-retrieval
predictors, which leverage information from the retrieved list [41–
43, 52]. Recently, and with the advance of LLMs, a new category
has emerged: post-generation predictors, which utilize information
extracted after LLM generation (e.g., next-token distribution [20]).
Pre-retrieval, post-retrieval, and post-generation predictors have
also been used to estimate the effectiveness of RAG-based LLM
systems [20]. Motivated by this line of work, we incorporate both
post-retrieval and post-generation predictors into our feature set,
extending them with moderation-oriented attribution features for
cost-aware escalation.

3 METHOD
We address the core challenge of uncertainty-aware human-AI
collaboration through a four-stage framework. Given the increas-
ingly critical role of LLMs in high-stakes content moderation, we
propose a supervised approach to uncertainty quantification that
learns when to trust LLM outputs versus escalating for human re-
view. This directly addresses RQ1 (can we accurately predict LLM
errors?) and RQ2 (can selective escalation reduce overall human-AI
moderation costs?).

As illustrated in Figure 1, our framework proceeds in four stages:
(1)Base LLM Inference: multimodal content is processed by a base
LLM using structured prompts that enforce deterministic, token-
aligned outputs; (2) Integer-Token Output Schema: to ensure
consistent probability extraction across diverse base LLMs, we de-
signed prompts that constrain outputs to single integer tokens:
0 = “no”, 1 = “yes”, 2 = “inconclusive_evidence” (aleatoric uncer-
tainty), and 3 = “inconclusive_definition” (epistemic uncertainty),
which are validated against a fixed schema; invalid (malformed) out-
puts are retried deterministically until a valid integer is obtained
(≤ 3 retries). These tokens are the basis for uncertainty feature
computations [8, 15, 25, 39].2 Reasoning tokens are handled sepa-
rately: they remain free-form and are used only for deriving com-
plementary reasoning-based features (e.g., perplexity, per-token
entropy), not for outcome probability computation [14, 47]; (3) LPP
Feature Extraction: a comprehensive set of LPPs is computed
from model outputs, leveraging gray-box access (token-level log-
probabilities, entropy, and reasoning-path statistics) together with
black-box compatible features (Verbalized Confidence and Uncer-
tainty Attribution Indicators; see Section 3.1); (4a) Meta-Model
Training: a Ridge Regression classifier is trained on LPPs to predict
LLM correctness, providing calibrated uncertainty estimates [18];
and (4b) Cost-Aware Routing: a threshold-based policy decides
whether to trust the LLM prediction or escalate to human review,
optimizing operational costs.

This architecture is inspired by Query Performance Prediction
(QPP) in Information Retrieval [4], adapted to the agent-based
setting where a meta-classifier acts as a gating agent, coordinating
between an LLM agent and human reviewers.

2Prior work has also proposed an alternative strategy of adding a dedicated uncertainty
token (e.g., “[IDK]”), enabling the model to explicitly allocate probability mass to “I
don’t know” rather than forcing a distribution over fixed labels [6].

3.1 LLM Performance Predictors (LPPs)
Our LPPs constitute a comprehensive feature set primarily extracted
via gray-box access, which requires token-level log-probabilities
and structured outputs. The feature set also incorporates black-box
compatible features (Verbalized Confidence and Uncertainty Attri-
bution Indicators) derived solely from the structured output. This
strategy ensures broad applicability, as all evaluated base LLMs
provide the necessary gray-box and black-box signals. The combi-
nation of gray-box and black-box features strikes a practical balance
between information richness and scalability, avoiding reliance on
internal activations (white-box) while providing richer signals than
output-onlymethods. Recent analyses have shown that probabilistic
confidence (derived from token probabilities) and verbalized con-
fidence capture complementary aspects of model uncertainty: the
former is more accurate but requires threshold calibration, whereas
the latter provides a reasonable signal without additional setup [38].

LPPs span four families summarized in Table 1; their full math-
ematical specifications are provided in the extended version [2].

Table 1: Overview of LPP Feature Families. Each category
captures a distinct aspect of model uncertainty and is derived
from gray-box or black-box signals.

Feature Family Signal Source & Intuition Example Features

Post-Hoc
Classification
Uncertainty
(Gray-Box)

Confidence at the final
decision boundary, derived
from token log-probabilities
over discrete classification
outcomes.

Max Softmax
Probability (MSP),
Top-5 Entropy
(Entropy), Top-2
Probability Margin
(Top-2 Margin)

Internal
Generation
Uncertainty
(Gray-Box;
excluded from
reported results)

Signals from intermediate
Chain-of-Thought (CoT)
reasoning tokens.

Perplexity (Natural
Base), Sequence
Negative
Log-Likelihood, Mean
Token Entropy, Token
Entropy Quantiles

Verbalized
Confidence
(Black-Box)

Explicit, self-reported
confidence stated by the LLM
in structured natural
language outputs.

Reported Confidence
(Scalar), Confidence
Bands (One-Hot;
VL/L/M/H/VH)

Uncertainty
Attribution
Indicators
(Black-Box)

Uncertainty attribution
indicators that distinguish
aleatoric uncertainty from
epistemic uncertainty.

Evidence-Deficit
Indicator, Policy-Gap
Indicator

Post-Hoc Classification Uncertainty. Features derived from the
probability distribution over outcome tokens, computed over the
top-𝑘 most probable tokens (𝑘 = 5), including Top-5 Entropy 𝐻 (𝑝),
Normalized Top-5 Entropy, Effective Choices (2𝐻 (𝑝̃ ) ), Max Softmax
Probability, and Top-2 Probability Margin [1, 9, 25, 26, 40, 45].
Internal Generation Uncertainty. We implemented Chain-of-
Thought (CoT) prompting solely to extract reasoning-sequence
features (e.g., Perplexity, Sequence Negative Log-Likelihood, Mean
Token Entropy, Token Entropy Quantiles, and Token Probability
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Stage 1
Base LLM Inference

multimodal input
structured prompts

Stage 2
Integer-Token Output Schema

0,1,2,3 labels

Stage 3
LPP Feature Extraction

• Outcome probs
• Verbalized conf.
• Abstention flags

Stage 4a
Meta-Model Training
Ridge; outputs 𝑠𝜃 (𝑥 )

Stage 4b
Cost-Aware Routing

𝑠𝜃 (𝑥 ) ≥𝜏

trust vs. escalate

Figure 1: A four-stage framework: (1) Base LLM Inference; (2) Integer-Token Output Schema; (3) LPP Feature Extraction; (4a)
Meta-Model Training to estimate 𝑠𝜃 (𝑥); (4b) Cost-Aware Routing to trust or escalate.

Quantiles) [1, 14, 47]. In our content-moderation setting, CoT in-
flated confidence and harmed calibration; therefore, these features
are documented for completeness but excluded from the reported
results in this work.
Verbalized Confidence. Self-reported confidence extracted from
structured outputs, including a scalar confidence score 𝑐 ∈ [0, 100]
(normalized to [0, 1]) and confidence bands (Very Low, Low,Medium,
High, Very High) encoded as one-hot features [24, 38, 40, 44, 46, 48].
Uncertainty Attribution Indicators. Binary indicators capturing
cases in which the LLM emits inconclusive_evidence, signaling
aleatoric uncertainty due to missing context or ambiguous frames,
or inconclusive_definition, indicating epistemic uncertainty arising
from policy gaps or edge cases. These novel moderation-oriented
features support interpretable routing [26]: evidence deficient cases
are escalated to senior reviewers, while policy-ambiguous cases
trigger guideline updates or active learning cycles.

3.2 Prompting
We designed four prompt templates: text-only andmultimodal, each
with two variants, a direct-answer version (without explicit rea-
soning steps) and a Chain-of-Thought (CoT) version. All prompts
required a structured JSON output with (i) a single integer label
(0–3), (ii) an optional reasoning field (populated only in the CoT
variant), and (iii) any self-reported confidence. The integer-coded
schema aligns labels with token-level log-probabilities. For com-
pleteness, we implemented both variants; unless otherwise stated,
all results reported in Section 5 use the direct-answer variant.

3.3 Cost-Aware Escalation Policy
The meta-model output is a score 𝑠𝜃 (𝑥) ∈ [0, 1] representing the
probability that the base LLM is correct. To operationalize this
into a binary trust-or-escalate decision, we employ a cost-aware
threshold policy. A prediction is trusted if 𝑠𝜃 (𝑥) ≥ 𝜏 ; otherwise,
it is escalated to human review [7]. Let 𝑐mis denote the cost of an
undetected misclassification (allowing an LLM error into produc-
tion) and 𝑐rev denote the cost of human review. The expected cost,
relative to a baseline of always trusting the LLM, is:

C(𝜏) = 𝑐mis · FP + (𝑐rev − 𝑐mis) · TN + 𝑐rev · FN,

where FP, TN, FN are counts of selector decisions (trust/escalate)
against LLM correctness (correct/incorrect). Here:

• TP (True Positives): Trusting a correct LLM prediction ⇒
no costs.

• FP (False Positives): Trusting an incorrect LLM prediction
⇒ misclassification cost (error is missed).

• TN (True Negatives): Escalating an incorrect LLM predic-
tion⇒ review cost offset by avoided misclassification cost
(error is caught).

• FN (False Negatives): Escalating a correct LLM prediction
⇒ unnecessary review cost.

The cost of human reviewers was calculated by multiplying the
total review time by their hourly rate (USD). The cost of misclassifi-
cation was estimated based on projected business losses, specifically
the reduction in customer lifetime value caused by churn due to
undetected errors. Based on these estimates, we set the baseline
cost ratio 𝑟 := 𝑐rev/𝑐mis ≈ 0.64 for optimizing the operating thresh-
old 𝜏★. Varying 𝑟 over [0.4, 0.9] changes absolute costs but yields
consistent qualitative conclusions and cost-accuracy trends. The
operating threshold 𝜏★ is optimized on a held-out validation set
(20% of the training data) by sweeping 𝜏 ∈ [0.35, 0.70], a practical
range within which the optimum consistently lies near the mid-
point (0.5). The value minimizing C(𝜏) is then fixed and applied to
the held-out test set for evaluation.

3.4 Meta-Model Training
Our meta-model is a supervised binary classifier trained to predict
whether the base LLM is correct (𝑧 = 1) or incorrect (𝑧 = 0) given
the extracted LPPs. If the base LLM outputs an inconclusive label
(2/3), we re-run the same prompt with a forced yes/no constraint
(0/1 only) to define 𝑧, while retaining the original inconclusive type
as an attribution feature. Based on extensive preliminary experi-
ments, we selected Ridge Regression, whose output scores were
converted into probabilities using either sigmoid or isotonic calibra-
tion via scikit-learn’s CalibratedClassifierCV. This approach
was chosen for the following reasons:
Calibration and Robustness. Ridge Regression’s 𝐿2 regulariza-
tion provides crucial protection against multicollinearity, expected
within the LPP feature set where signals like entropy and max
probability are inherently correlated. This regularization prevents
overfitting and improves out-of-sample calibration, critical for reli-
able uncertainty quantification in production systems.
Interpretability. Ridge coefficients can be inspected to understand
which LPPs are most predictive of errors, supporting explainability
requirements in high-stakes moderation workflows.
HandlingClass Imbalance. In theMultimodalModerationDataset
(1,500 samples), base LLM predictions were correct in roughly 80–
90% of cases (10–20% errors), resulting in a strong class imbalance.
To address this, we downsampled the majority class. We applied
a hybrid undersampling strategy combining Tomek Links [30] for
boundary cleaning with random undersampling of the remain-
ing majority samples. This reduces redundancy while maintaining
representative class ratios, and ensures that rare abstention cases
(< 5% of data) are always retained. We also tested oversampling
methods such as SMOTE [5], which yielded comparable perfor-
mance; for simplicity and reproducibility, we report results us-
ing the Tomek+random undersampling approach. We also tuned
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Ridge’s class_weight via grid search, testing ratios informed by
the cost structure:𝑤0/𝑤1 ≈ 𝑐rev/𝑐mis ≈ 0.64. After downsampling
and stratified train–test splitting, our typical training set contains
∼800 samples and the test set ∼300 samples for the Multimodal
Moderation Dataset, and ∼3,500 training and ∼900 test samples for
the OpenAI Moderation Dataset, with both classes well represented.
To ensure fair comparison across LLMs under class imbalance, we
fixed the number of negative (error) cases in the test sets: 45 for the
Multimodal Moderation Dataset and 135 for the OpenAI Modera-
tion Dataset. This controlled evaluation design mitigates variability
due to scarcity of negative samples while preserving comparability
across models.
Cross-Validation and Hyperparameter Search. We employ
stratified 3-fold cross-validation and a comprehensive grid search
on the training portion of the data (after holding out a validation
split for threshold selection) over:

• alpha ∈ {0.1, 1.0, 10.0, 100.0} (regularization strength)
• solver ∈ {auto, lsqr}
• tol ∈ {10−6, 10−5, 10−4, 10−3} (convergence tolerance)
• max_iter ∈ {1000, 2000, 3000}
• class_weight ∈ {ratios around 𝑐rev/𝑐mis, “balanced”}
• method ∈ {sigmoid, isotonic}

Models are selected based on F1-score on the minority class (errors),
as this metric balances precision and recall for the operationally
critical decision of identifying when the LLM is wrong.
Formally, each sample is labeled with a binary correctness indicator
𝑧𝑖 ∈ {0, 1}, equal to 1 if the LLM prediction matches the ground
truth and 0 otherwise. The ridge regression objective is

min
𝑤,𝑏

1
𝑁

𝑁∑︁
𝑖=1

(
𝑧𝑖 − (𝑤⊤ 𝑓 (𝑥𝑖 ) + 𝑏)

)2 + 𝜆∥𝑤 ∥22,

where 𝑓 (𝑥𝑖 ) ∈ R𝑑 is the feature vector, 𝑤 ∈ R𝑑 and 𝑏 ∈ R are
model parameters, and 𝜆 ≥ 0 controls 𝐿2 regularization. This yields
a calibrated linear predictor of correctness probability, with isotonic
or Platt scaling to map scores into [0, 1]. Inference settings are
described in Section 4.1.

4 EXPERIMENTS
We evaluate the proposed LPPs framework in the context of cost-
aware selective escalation for human-AI content moderation. From
a multi-agent systems perspective, our experiments study the coor-
dination dynamics between autonomous LLM agents and human
reviewers, where the LPP meta-model serves as a decision-making
intermediary that allocates tasks under cost constraints.

4.1 Experimental Setup
We evaluate several LLMs: proprietary (gpt-4o-mini, gpt-4o, gpt-4.1-
mini, gemini-2.5-flash-lite, gemini-2.0-flash-lite, gemini-2.0-flash-
001) and open-source (QWEN3-14B, QWEN3-32B, LLAMA3.2-11B).3
Following Section 3, we instantiate LPPs using ridge regression
trained on heterogeneous feature families derived from intrinsic
model signals (e.g., token-level probabilities, self-consistency mark-
ers) and post-hoc signals (e.g., calibration-based scores). A summary

3We considered including safety-specialized models such as Llama Guard [21], but
defer discussion of these to Section 5.5.

of feature families is provided in Table 1. Hyperparameters for base-
lines and themeta-model are tuned via nested cross-validation, with
stratified sampling. To address class imbalance, we apply down-
sampling as described in Section 3.4, and evaluate final performance
on a held-out test set using the optimized threshold.
Additional Experimental Details. We use deterministic decod-
ing parameters (temperature=0, top-p=1) with a fixed random
seed (random_state=42) for data splitting and cross-validation re-
producibility. For each generated token, we request log-probabilities
of the top-20 candidate tokens. From these, we compute two feature
families:

(1) Unfiltered top-5 features: standard uncertainty metrics
computed over the five most probable tokens.

(2) Filtered features: log-probabilities restricted to the four
valid class labels (0-3).

This dual representation captures both the model’s general un-
certainty landscape and its calibrated confidence over the task’s
decision space. CoT perplexity is computed with natural logarithms.
Cross-validation uses StratifiedKFold with 𝐾 = 3 splits.

4.2 Datasets
We use two complementary datasets: (i) the OpenAI Moderation
Dataset [36], which contains 1,680 English text samples annotated
across multiple moderation categories (hate, self-harm, sexual, and
violence, with fine-grained subcategories such as hate/threatening,
sexual/minors, and violence/graphic). Since the dataset is multi-
label, we evaluate our model at the level of text–label pairs: each
annotation is treated as a separate prediction instance. Thus, while
the corpus comprises 1,680 source texts, the effective number of
evaluation instances is larger, reflecting the total set of text–label
assignments. This framing allows a more precise assessment of
category-specificmoderation performance; (ii) aMultimodalMod-
eration Dataset [31] of 1,500 short-form videos spanning three
categories: Death, Injury and Military Conflict; Drugs, Alcohol and
Tobacco; and Kids content, across 12 languages and four modalities
(text, thumbnail, transcript, video/frame). Together, these datasets
(Table 2) enable evaluation of both text-only and multimodal mod-
eration scenarios.

Table 2: Summary of datasets.

Dataset Size Languages /
Modalities

Categories

OpenAI
Moderation [36]

1,680
texts

English / Text Hate, Self-harm, Sexual,
Violence (with
subcategories)

Multimodal
Moderation [31]

1,500
videos

12 languages /
Text,
Thumbnail,
Transcript,
Video/Frames

DIMC
(Death/Injury/Military
Conflict), DAT
(Drugs/Alcohol/Tobacco),
Kids

4.3 Baselines
We compare our LPP-based meta-model against widely used uncer-
tainty heuristics:
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• MSP [11, 17].
• Top-2 Margin [15].
• Entropy [3, 26].

These represent the strongest post-hoc uncertainty signals. We also
include a cost-insensitive always-trust baseline.

4.4 Evaluation Metrics
To address RQ1, we evaluate error prediction using:

• AUC-ROC: area under the receiver operating characteristic
curve, measuring ranking quality of correct vs. incorrect
predictions across thresholds.

• F1-Score: harmonic mean of precision and recall, balancing
false positives and false negatives.

• Macro-F1: F1 macro-averaged over correctness labels (cor-
rect vs. incorrect), giving equal weight to error and non-error
cases.

To address RQ2, we evaluate:
• Expected Cost C(𝜏), as defined in Section 3.3.
• Escalation Rate, defined as the fraction of items routed to
human review:

Escalation Rate =
𝑇𝑁 + 𝐹𝑁

𝑇𝑃 + 𝐹𝑃 +𝑇𝑁 + 𝐹𝑁 .

Following best practices in selective prediction [11, 17], we
report both the escalation rate (percentage of items escalated)
and the absolute number of escalations.

5 RESULTS
Our meta-model outperforms standard uncertainty estimators in
predictive accuracy and cost-aware decision-making across datasets
and LLM families. Although we implemented CoT variants, all
reported results use direct-answer prompting, as CoT increased
confidence without improving calibration.

5.1 Main Performance Benchmarks: Predictive
Accuracy (RQ1)

Tables 3 and 4 report error predictionmetrics (F1, AUC-ROC,Macro-
F1) across nine LLMs on the OpenAI Moderation Dataset [36] and
the Multimodal Moderation Dataset [31]. The meta-model consis-
tently exceeds the MSP, Top-2 Margin, and Entropy baselines.
Text-Only (OpenAI Moderation Dataset). The meta-model im-
proves ranking and class balance across models. Relative to the
strongest baseline in each row, for gpt-4o-mini, F1 increases from
81.27% to 94.14%, AUC-ROC from 83.55% to 93.46%, and Macro-
F1 from 64.96% to 82.31%. Similar improvements are observed for
gemini-2.5-flash-lite, where F1 increases from 82.70% to 89.11%,
AUC-ROC from 82.22% to 87.58%, and Macro-F1 from 66.51% to
74.00%, and for gemini-2.0-flash-lite, where F1 increases from
88.73% to 93.55%, AUC-ROC from 85.66% to 89.76%, and Macro-F1
from 74.52% to 81.39%. For the stronger-performing models gpt-
4.1-mini and gpt-4o, F1 increases from 88.79% to 91.93% and from
84.41% to 91.35%, respectively. Entries for LLAMA3.2-11B and
QWEN3-32B are omitted from the OpenAI Moderation Dataset
results. The former could not be reliably evaluated due to challenges
in parsing its outputs across the dataset’s taxonomy, while the latter

required compute resources beyond the scope of our evaluation.
These omissions do not affect the aggregate trends reported.
Multimodal (Multimodal Moderation Dataset). On the harder
Multimodal Moderation Dataset, effects are more model-dependent.
For gpt-4o-mini, F1 increases from 85.71% to 87.34%, AUC-ROC
from 83.95% to 88.71%, and Macro-F1 from 71.20% to 74.07%. For
gpt-4o, F1 increases from 88.05% to 91.42%, while Macro-F1 in-
creases from 67.85% to 69.80%. The largest gains are observed for
gemini-2.0-flash-lite, where F1 increases from 69.85% to 85.47%
and Macro-F1 from 52.67% to 61.09%. In contrast, some models ex-
hibit trade-offs: for gpt-4.1-mini, Macro-F1 decreases from 72.39%
to 69.02%, and for gemini-2.5-flash-lite, Macro-F1 decreases from
64.77% to 57.59%. In several cases (e.g., QWEN3-14B, LLAMA3.2-
11B), F1 decreases despite gains in Macro-F1, indicating calibration
challenges and majority-class bias under distribution shift.

5.2 Cost-Aware Escalation: Operational
Efficiency (RQ2)

Table 5 reports the expected costs and escalation rates under the
cost-aware policy described in Section 3.3. These results address
RQ2 by quantifying the economic value of selective escalation in
human-AI workflows in production.
Significant Cost Reductions on Text-Only Benchmark. On
the OpenAI Moderation Dataset, the meta-model achieves substan-
tial cost savings relative to standard baselines for most evaluated
models. For gpt-4o-mini, the expected cost decreases from $132
(best baseline: Top-2 Margin) to $38 (a 71% reduction), while the
number of escalations decreases from 331 to 148. Similarly, for
gemini-2.5-flash-lite, the expected cost decreases from $122 to
$77 (a 37% reduction), and escalations decrease from 315 to 227.
For gemini-2.0-flash-lite, the expected cost decreases from $74
to $41 (a 45% reduction), with escalations decreasing from 248 to
162. These patterns indicate that baseline methods (MSP, Top-2
Margin, and Entropy) tend to over-escalate, triggering unnecessary
human reviews that inflate operational costs without proportional
gains in error prevention. In contrast, the meta-model’s improved
calibration enables more targeted escalation, reducing false alarms
while preserving error detection.4
Generalization to Multimodal Workflows. The Multimodal
Moderation Dataset exhibits similar trends, with notable variation
across models. For gpt-4o-mini, the expected cost decreases from
$37 (best baseline: Top-2 Margin) to $22 (a 41% reduction), with
escalations decreasing from 107 to 80. gpt-4o shows a comparable
pattern, with the expected cost decreasing from $42 to $29 (a 31%
reduction) and escalations decreasing from 73 to 38. Notably, for
gemini-2.5-flash-lite, the expected cost decreases from $51 to
$40 (a 22% reduction), while the number of escalations decreases
from 90 to 20. These results suggest that the meta-model can ex-
ploit modality-specific uncertainty signals (e.g., visual ambiguity
vs. transcript inconsistency) that single-metric baselines fail to cap-
ture. However, not all models benefit uniformly: for QWEN3-14B
and LLAMA3.2-11B, the expected cost remains comparable to the
Top-2Margin baseline, indicating limited gains frommeta-modeling
on this dataset.

4Costs are reported in $, based on estimated review time and projected business loss
per error; exact values are task-dependent, and we report relative comparisons.
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Table 3: Baseline vs. meta-model predictive performance on the OpenAIModeration Dataset. Metrics are reported as percentages.
Bold values indicate the best result per metric for each LLM (row-wise).

MSP Top-2 Margin Entropy Meta-Model (Ours)

LLM F1 AUC-ROC Macro-F1 F1 AUC-ROC Macro-F1 F1 AUC-ROC Macro-F1 F1 AUC-ROC Macro-F1

gpt-4o-mini 81.27% 83.55% 64.96% 81.27% 83.55% 64.96% 80.55% 83.43% 64.20% 94.14% 93.46% 82.31%
gpt-4o 84.35% 90.34% 71.14% 84.41% 90.33% 70.96% 84.35% 90.48% 71.14% 91.35% 90.64% 76.81%
gpt-4.1-mini 88.79% 91.10% 75.28% 88.21% 91.04% 74.56% 88.71% 91.07% 75.16% 91.93% 91.73% 79.94%
gemini-2.5-flash-lite 81.04% 81.69% 65.67% 82.70% 81.41% 66.51% 80.95% 82.22% 65.58% 89.11% 87.58% 74.00%
gemini-2.0-flash-lite 88.73% 85.57% 74.52% 88.48% 85.66% 74.26% 88.73% 85.52% 74.52% 93.55% 89.76% 81.39%
gemini-2.0-flash-001 85.29% 82.76% 70.39% 85.29% 82.76% 70.39% 85.29% 82.76% 70.39% 89.38% 86.34% 75.36%
QWEN3-14B 90.93% 89.94% 64.25% 90.88% 89.90% 63.54% 91.07% 89.99% 66.52% 90.54% 92.07% 77.20%

Table 4: Baseline vs. meta-model predictive performance on the Multimodal Moderation Dataset. Metrics are reported as
percentages. Bold values indicate the best result per metric for each LLM (row-wise).

MSP Top-2 Margin Entropy Meta-Model (Ours)

LLM F1 AUC-ROC Macro-F1 F1 AUC-ROC Macro-F1 F1 AUC-ROC Macro-F1 F1 AUC-ROC Macro-F1

gpt-4o-mini 85.71% 83.87% 71.20% 85.71% 83.95% 71.20% 85.12% 83.69% 70.47% 87.34% 88.71% 74.07%
gpt-4o 88.05% 84.97% 67.39% 87.58% 84.72% 66.73% 88.00% 84.98% 67.85% 91.42% 84.43% 69.80%
gpt-4.1-mini 88.84% 84.93% 72.39% 88.84% 84.82% 72.39% 88.84% 84.93% 72.39% 90.98% 84.18% 69.02%
gemini-2.5-flash-lite 84.53% 75.18% 63.87% 85.28% 75.20% 64.77% 83.19% 75.21% 62.81% 90.56% 68.26% 57.59%
gemini-2.0-flash-lite 69.52% 67.34% 52.41% 69.85% 67.29% 52.67% 69.52% 67.37% 52.41% 85.47% 69.37% 61.09%
gemini-2.0-flash-001 91.65% 62.38% 45.82% 91.30% 62.52% 52.17% 91.65% 62.32% 45.82% 90.71% 66.37% 56.47%
QWEN3-14B 91.06% 74.04% 60.04% 91.06% 73.92% 60.04% 90.57% 74.25% 60.44% 86.49% 73.77% 65.97%
QWEN3-32B 87.70% 74.70% 55.10% 87.70% 74.52% 55.10% 87.25% 74.79% 54.60% 86.82% 74.71% 57.69%
LLAMA3.2-11B 86.32% 70.79% 56.02% 86.32% 70.49% 56.02% 86.02% 70.74% 59.68% 79.51% 70.67% 62.52%

Table 5: Cost-aware evaluation. Metrics: Always-Trust cost in $ (A.T.), expected cost in $ (Cost), number of escalations (Esc), and
escalation rate (Rate). Bold values indicate the lowest expected cost among methods for each LLM (row-wise).

(a) OpenAI Moderation Dataset

LLM A.T. MSP Top-2 Margin Entropy Meta-Model (Ours)
Cost Esc Rate Cost Esc Rate Cost Esc Rate Cost Esc Rate

gpt-4o-mini 127 138 339 38% 132 331 37% 138 339 38% 38 148 16%
gpt-4o 127 74 275 31% 75 271 30% 74 275 31% 51 151 17%
gpt-4.1-mini 127 69 258 29% 73 267 30% 69 259 29% 45 212 24%
gemini-2.5-flash-lite 127 128 347 38% 122 315 35% 128 348 39% 77 227 25%
gemini-2.0-flash-lite 127 74 248 28% 75 253 28% 74 248 28% 41 162 18%
gemini-2.0-flash-001 127 97 297 33% 97 297 33% 97 297 33% 69 238 26%
QWEN3-14B 127 103 73 8% 105 70 8% 98 84 9% 56 205 23%
QWEN3-32B NA NA NA NA NA NA NA NA NA NA NA NA NA
LLAMA3.2-11B NA NA NA NA NA NA NA NA NA NA NA NA NA

(b) Multimodal Moderation Dataset

A.T. MSP Top-2 Margin Entropy Meta-Model (Ours)
Cost Esc Rate Cost Esc Rate Cost Esc Rate Cost Esc Rate

42 39 110 37% 37 107 36% 39 110 37% 22 80 27%
42 41 70 23% 42 73 24% 40 72 24% 29 38 13%
42 32 85 28% 32 85 28% 32 85 28% 30 40 13%
42 53 93 31% 51 90 30% 53 92 31% 40 20 7%
42 80 163 54% 80 162 54% 80 163 54% 45 64 21%
42 35 7 2% 35 7 2% 35 10 3% 34 15 5%
42 36 17 6% 36 65 22% 36 21 7% 36 65 22%
42 47 35 12% 47 46 15% 49 37 12% 47 46 15%
42 41 25 8% 39 78 26% 38 33 11% 39 78 26%

5.3 Feature Family Ablations: Decomposing LPP
Contributions

To quantify the individual contributions of each LPP family, we con-
duct systematic ablation studies where the meta-model is trained
with one feature family removed. Figures 2 and 3 visualize the
resulting cost increases relative to the full model across base LLMs.
ComplementaryNature of Feature Families. Across all settings,
removing any feature family degrades performance, confirming
that the three LPP families (Post-Hoc Classification Uncertainty,
Verbalized Confidence, and Uncertainty Attribution Indicators) cap-
ture complementary aspects of model behavior. On the OpenAI
Moderation Dataset (Figure 2), removing Post-Hoc Classification

Uncertainty features (Entropy, MSP, Top-2 Margin) leads to the
largest cost increases for most models, consistent with prior work
showing that token-level probabilities are the strongest single un-
certainty signal. Removing verbalized confidence also increases
costs by roughly 5–15%, as indicated by the cost differences in
Figures 2 and 3, suggesting that self-reported confidence adds com-
plementary signals not fully captured by probabilistic features.

The Uncertainty Attribution Indicators, despite being binary,
contribute measurably to cost reduction, with especially visible ef-
fects for gemini-2.5-flash-lite and gemini-2.0-flash-lite, where
removing them produces clear increases in expected costs. This
highlights the value of explicit abstention signals in helping the
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meta-model avoid false confidence—cases where the base LLM
assigns high probability to an incorrect answer due to policy ambi-
guity or evidence deficits.

Figure 2: Ablation study on the OpenAI Moderation Dataset.
Bars show total cost ($) when removing one feature family,
illustrating each predictor family’s contribution.

Figure 3: Ablation study on the Multimodal Moderation
Dataset. Bars show total cost ($) when removing one fea-
ture family, illustrating each predictor family’s contribution.

5.4 Cross-Dataset Generalization and
Robustness

Akey question formeta-learning is whether patterns transfer across
distributions. Our two-dataset evaluation shows model-dependent
robustness: on the OpenAI Moderation Dataset (text-only), the
meta-model consistently outperforms the baselines, while on the
Multimodal Moderation Dataset it improves the performance for
some models (e.g., gpt-4o-mini, gpt-4o, gemini-2.0-flash-lite) but is
matched or outperformed by others (e.g., Qwen, Llama), reflecting
heterogeneity under domain shift.

Absolute performance naturally degrades for some models when
moving from the text-only benchmark to the harder multimodal
distribution. For example, for gpt-4.1-mini, the Macro-F1 score
decreases from 79.94% (text-only) to 69.02% (multimodal), illus-
trating the additional complexity introduced by visual ambiguity,
multilingual code-switching, and culturally contingent modera-
tion judgments. Despite these shifts, the meta-model retains gains
for multiple models on the Multimodal Moderation Dataset, while
revealing cases where baseline methods remain competitive, under-
scoring that generalization depends on both the base LLM family
and the evaluation distribution.

These patterns reinforce the cost-aware view: even when accu-
racy gains are mixed under distribution shift, LPP-based escalation
yields savings by directing review to the most error-prone cases.

5.5 Limitations and Open Challenges
Our study demonstrates substantial progress, but several limitations
remain. First, the meta-model requires labeled data samples with
ground-truth moderation decisions, which introduces annotation
costs. Semi-supervised and active learning strategies could reduce
this burden. Second, we focus only on post-response LPPs extracted
after the LLM generates an answer. Incorporating pre-response pre-
dictors could enable anticipatory escalation and adaptive coordi-
nation. Third, although we evaluate across a range of LLM fam-
ilies, all are transformer-based autoregressive models. Whether
LPPs generalize to other architectures (e.g., retrieval-augmented or
neuro-symbolic systems) remains an open question. Fourth, our cost
model assumes fixed review and error penalties, whereas in practice
costs vary by severity, reviewer expertise, and platform-specific risk
tolerance. Extending escalation to a dynamic resource-allocation
problem is a promising direction. Finally, while we extracted Chain-
of-Thought (CoT) derived features, we do not advocate CoT prompt-
ing in this setting: in our experiments, it inflated confidence and
harmed calibration [44, 50].

More broadly, while our experiments focus on content modera-
tion, the LPP framework generalizes to other high-stakes decision
settings such as fraud detection, compliance, or medical triage,
where abstention signals and cost-sensitive escalation are equally
critical. By abstracting uncertainty-aware routing beyond modera-
tion, LPPs can serve as a general-purpose coordination mechanism
wherever human expertise must be allocated efficiently under un-
certainty. We excluded safety-specialized models such as Llama
Guard [21], whose taxonomies do not align with our categories
(DIMC: Death, Injury, Military Conflict; DAT: Drugs, Alcohol, To-
bacco; Kids). Such models may offer stronger abstention signals
or calibration, and hybrid setups with domain-specialized safety
models are a natural future direction.

6 CONCLUSIONS
Synthesis: Toward Uncertainty-Aware Multi-Agent Modera-
tion. Our empirical findings collectively establish that supervised
LPPs enable a principled, cost-effective approach to human-AI col-
laboration in content moderation. The meta-model acts as an intel-
ligent gating agent, coordinating between autonomous LLM agents
and human reviewers by dynamically allocating tasks based on
predicted error likelihood and operational constraints.

The LPP framework also opens research directions at the inter-
section of uncertainty and multi-agent coordination: (i) hierarchi-
cal escalation to reviewers with varying expertise, (ii) federated
learning for privacy-preserving training across platforms, and (iii)
integration with RLHF to couple uncertainty estimation with model
improvement through iterative feedback loops.

Ultimately, effective human-AI collaboration depends not only
on accuracy but on systems that know what they don’t know. By
quantifying and attributing uncertainty, LPPs turn opaque LLM
outputs into actionable signals, enabling reviewers to focus their
expertise where it matters most.
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