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Abstract

Reliable generative Al models critically rely on expert human annotations to
evaluate output quality, yet these “gold” labels are expensive to collect and limited
in quantity. Organizations thus often turn to collecting vast but noisy “silver”
labels from crowdsourced workers or vendor annotators as proxies for gold labels.
Because gold remains the evaluation target, naively aggregating noisy silver labels
may introduce bias, and estimators built on sparsely observed gold labels may
have high variance to resolve the model performance gaps that guide practical
decisions. Model evaluation has become an ongoing operational practice rather
than a one-time exercise, with evaluation rounds repeating across model versions,
releases, and content domains. A natural question is whether the previous historical
evaluation data can be used to improve each new round of evaluation. We introduce
HERO (History Enhanced RObust model evaluation), a novel framework that
uses historical data to suppress bias (improve reliability) and reduce variance
(improve sensitivity) in model performance evaluation. HERO calibrates silver
labelers’ performance learned from historical gold annotations, and stabilizes the
resulting estimator by anchoring it to covariate information measured with high
precision in the historical data. HERO can be broadly applied across multiple
common evaluation tasks, and remains valid when only a subset of historical
labelers appears in the current round. We establish conditions under which the bias
and variance reductions hold, showcase HERQO’s performance in simulation studies,
and demonstrate its effectiveness on real-world model evaluation benchmarking
datasets.

1 Introduction

1.1 Motivation and Contribution

Human evaluation is at the heart of developing and deploying reliable generative Al models [1].
Many organizations rely heavily on human annotations to evaluate model output quality, assess safety,
calibrate moderation systems, and compare candidate model versions before release [2—4]. Small
differences in estimated model quality, even on the order of a few percentage points in win rate or
defect rate, determine which model is shipped to hundreds of millions of users [5, 6].

As widely documented in natural language processing and related fields, a key challenge within
an annotation task is that expert-annotated “gold" labels (a.k.a. ground truth labels) are expensive
and scarce [2], so organizations often instead rely on judgments from a pool of less specialized
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“silver" annotators whose labeling reliability varies. The so-called gold labels may be produced
by a single expert annotator or by consensus among multiple experts within the organization, and
they serve as the best available reference standard. In contrast, large-scale evaluations typically
rely on silver labels collected from broader, less specialized sources, including crowd or vendor
annotators and automated judges such as LLMs [7] or VLMs [8]. Throughout this paper, we view
silver labels as the primary operational labels used in evaluation, and gold labels as a more accurate
but limited supervision source used to assess and calibrate them. Because silver annotators differ in
reliability, simply aggregating their labels without adjustment can reduce the reliability of evaluation
and introduce bias in the estimated model performance.

Many methods have been developed to account for annotator variability [2, 9—11], but most operate
within a single evaluation round and do not fully leverage the unique structure of modern model
evaluation settings. We note that two novel features distinguish modern Al model evaluations from
classical annotation tasks. First, organizations that evaluate generative models accumulate large-scale
historical annotation data across prior evaluation rounds. These datasets often include repeated
observations of annotator behavior and subsets of instances with gold labels, which together reveal
patterns in labeler reliability. Second, the historical and current model evaluation tasks may share
content that transfers across rounds, such as prompt features. Generation prompts often persist across
rounds because organizations evaluate successive model versions on a stable prompt distribution
drawn from real user traffic or curated benchmarks [1], so the same prompt features that appeared
in earlier rounds also characterize the current evaluation set. With these two features, in principle,
labeler reliability learned from historical gold labels can calibrate current annotations, and the shared
generation prompts available in a large historical sample can stabilize current model evaluation
estimates. We defer a more complete comparison with existing literature to Appendix F.

To fully exploit historical data for reliable model evaluation, we propose HERO (History Enhanced
RObust model evaluation), a framework that adjusts noisy annotation-based estimators with his-
torical evaluation data to reduce both bias and variance in model performance estimates. The key
contributions of our work include:

» We elucidate two unique features that distinguish modern Al evaluation from classical annotation
literature (Figure 2), namely the accumulation of historical annotation data with gold-labeled
subsets, and prompt feature transfer from earlier rounds to the current evaluation round.

» We identify bias sources that arise in this evaluation setting through real-world benchmarking
data, isolating heterogeneous silver labeler reliability and labeler pool shift between rounds
(Figure 1).

* We propose a theoretically grounded yet simple method, HERO, that combines bias reduction
from labeler reliability estimation with variance reduction from control variates (Section 3).
Our control variate construction is customized at the score level, departing from the existing
literature that operates on raw outcomes.

» We show that the proposed method applies across multiple common model evaluation use cases
(Table 1) and validate our method with comprehensive empirical evidence (Sections 4 and 5).

1.2 Model Evaluation Target Parameters and Tasks

We organize common model evaluation scenarios into a unified observational structure. Consider n
instances indexed by 7 = 1, ..., n. For each instance, Y;* denotes the operational ground-truth gold
label, the best available adjudicated assessment of the generated output, and Z; denotes the noisy
silver labels collected from less specialized annotators or automated Al systems as proxies for Y;*.
The target parameter is a function of Y;*, and the task-specific outcome Y; is constructed from Y;*
according to the scenario. Table 1 summarizes four evaluation scenarios, listing the outcome variable
Y, the corresponding target parameter, and the available covariates for each. We summarize each
case in Table 1 below and defer its detailed explanation to the appendix.

2 Bias and Variance in Model Evaluation

Estimating the target parameter E[Y;] from gold labels alone is rarely feasible in practice. This
is because many evaluation tasks provide no gold labels at all. Even when a subset of instances
is annotated by a gold labeler, the labeled fraction is typically small. The sample mean over this
subset is unbiased, but its variance remains too large to resolve the differences in model performance



Use Case

Outcome Y;

Target Parameter

1. Single Model Evaluation

Gold label for Model A: Y; = Y%,

Average performance:

pa = E[Yi]
2. Model Comparative Difference in gold labels: Average performance difference:
Evaluation Y =Y - Y a=EY;]
3. Side-by-Side Model Binary preference indicator: Win rate for Model A:
Comparison Y =1(Y5 = Y/) mass = E[Y;]
4. Safety Moderation True positive flag: Y; = YY1 Precision = E[Y;]/E[Y];
Calibration Recall = E[Y;]/E[Y;*]
Table 1: Summary of model evaluation use cases.
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Figure 1: Panels (A)—(C) show heterogeneous silver labeler agreement rates, sensitivity «;, and
specificity 3;, with 95% confidence intervals in our benchmarking data (Appendix F, Asset detect
detection data). Panel (D) shows the labeler pool shift between the two model evaluation rounds.

that guide practical decisions. For these reasons, practitioners often construct a proxy for Y; by
aggregating the available silver labels Z;. Let i denote an estimator of E[Y;] constructed from a
silver-labeler-based proxy. To assess estimator quality, we decompose the mean-squared error (MSE)
into bias and variance:

B[ (- EM)°| = (ElE] - EYi)® + Var(@). (1)

MSE relative to target

Both components introduce distinct challenges. We start by examining the bias component through
two sources that arise in generative model evaluation. The first source of bias is annotator hetero-
geneity. The inter-rater reliability literature consistently finds variation in annotator accuracy across
domains from medical imaging [12, 13] to natural language processing [14], even under shared guide-
lines [9, 15-17]. Differences in expertise, interpretation standards, and decision thresholds cause
some labelers to favor precision over recall, while others show the opposite tendency. Aggregation
without calibration, such as the majority vote-based estimators, allows these systematic tendencies,
particularly from lower-quality labelers, to shift the estimate of E[Y;] away from the true target.

As shown in Figure 1 Panels A-C, the seven silver labelers in our benchmarking data span agreement
rates from below 0.4 to above 0.8, and the sensitivity a; and specificity 3; panels reveal asymmetric
error profiles behind that spread, with some labelers favoring positives, others favoring negatives,
and a third group noisy on both axes. A majority-vote estimator weights these labelers equally and
therefore inherits the mixture rather than the gold-labeler target.

A second source of bias arises when the composition of the labeler pool changes between evaluation
rounds. For example, in comparative evaluation tasks (Use Case 2 in Table 1), organizations may
evaluate a newer model against an earlier version at different times. The labeler pools that annotate
each model may only partially overlap. A reliable annotator who contributes a large fraction of
Model A labels may complete only a small fraction of Model B labels, and vice versa. When the
proportion of reliable annotators differs between the two rounds, the observed label difference reflects
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Figure 2: Overview of the History-Enhanced Robust (HERO) evaluation framework. HERO

combines a large historical dataset (Y;, Z;, X,;)N | with a small current sample (Z;, X;)"_; (n < N)
to estimate the target parameter ¢ = E[Y;] with Y; unobserved on current evaluation data.

both true differences in model quality and shifts in the composition of the labeler pool. An estimator
that treats the two label sets as exchangeable confounds these two sources of variation. Figure 1 Panel
D illustrates this shift in our benchmarking data. Two labelers active in the Model A round do not
appear in the Model B round, and the labelers active in both rounds contribute different proportions
of labels across the two models.

The variance component of the MSE in Equation (1) remains a challenge even after addressing the
bias issues mentioned above. Even with a well-calibrated silver label based proxy, a small labeled set
or high labeling outcome heterogeneity across instances can produce confidence intervals too wide
to resolve the performance gaps that guide practical decisions. A variance reduction technique that
halves the estimator variance is equivalent to doubling the effective sample size, so that an evaluation
previously requiring 1,000 labeled instances can reach the same precision with 500, cutting annotation
cost and turnaround time proportionally.

3 Method: History Enhanced RObust (HERO) Model Evaluation

In this paper, we propose a unified framework to reduce both bias and variance for an accurate (im-
proved reliability) and efficient (improved sensitivity) estimation of the target parameter i. Achieving
both goals requires an external source of information beyond the only current silver labels. As
organizations that evaluate generative models often maintain historical evaluation datasets from prior
rounds, our framework leverages these historical data to construct an estimator of y with reduced
MSE. We term the proposed framework History Enhanced RObust (HERO) model evaluation and
organize it as a two-step procedure that first reduces the bias and then controls the variance.

At a very high level, HERO works as follows. When we analyze current evaluation data with
only silver labels, HERO first constructs calibrated gold proxies that weight each silver labeler by
the reliability learned from historical data, yielding a bias-reduced estimator jiggro.1. HERO then
incorporates historical covariates (e.g., prompt features) as control variates to further reduce the
variance of liggro.1, yielding the final estimator figgro.2. This estimator satisfies:

* lixero-1 and Jiggro-2 both have reduced bias compared to the majority-vote-based estimator.

* The variance of Jiggro-2 is reduced compared to figgro.; When shared covariates between the
current and historical data are available.



3.1 Historical and Current Evaluation Data

To distinguish historical data from the current evaluation task, we introduce a consistent notation. We
use a tilde to denote quantities associated with historical data. The historical dataset consists of N
instances collected from earlier evaluation rounds and is defined as follows:
* Noisy silver labels Z; from a pool of m silver labelers. Not all labelers annotate every instance.
The availability indicator A;; € {0, 1} records whether labeler j provided a label for instance 1.
* A set of instances together with their associated covariates {)?Z} N |, such as prompt features,
metadata, or contextual information. These prompts may reappear in future evaluation tasks.
* Gold labels Y; are collected on a subset of historical instances to audit silver labeler performance
and identify which labelers are consistently accurate. These gold labels are obtained under
a randomized routing mechanism with known selection probability given X;. The routing
indicator R; € {0, 1} equals 1 when instance i is sent to a gold labeler and 0 otherwise. Gold
labels are observed only when R; = 1.

Meanwhile, the current evaluation dataset contains n instances, where n << N:

* A set of instances together with their associated covariates { X}, including prompt features,
metadata, and contextual information.
* No gold labels are observed in the current task.
* Noisy silver labels Z; with availability indicators A;; € {0, 1}.
Throughout this section, all outcomes and labels are binary, so that ¥; € {0,1} and Y, € {0,1}. The
target parameter remains p = E[Y;] as defined in Section 1.2, but gold label Y; is unobserved.

Scope of historical data. Our framework allows two kinds of mismatch between current and historical
data. First, the current annotator pool can differ, but it is a subset of the labelers who contributed to
the historical data. Second, the historical task itself may differ from the current task, since HERO
calibrates labeler reliability rather than item-level labels.

3.2 HERO Step 1: Bias Reduction via Quantifying Labeler Reliability

To account for model evaluation bias introduced by silver labeler heterogeneity, historical data provide
a natural source for revealing persistent patterns in labeler behavior. HERO Step 1 extracts these
reliability patterns from the historical data and transfers them to the current evaluation task, where no
gold labels are available. More concretely, we characterize each silver labeler j by two parameters
that describe intrinsic properties of that labeler’s decision process,

aj=P(Zij=1|Y;=1), B;=P(Z;=0]|Y;=0).

Here o is the sensitivity and (; is the specificity. Because these parameters describe the labeler
rather than the task, they are expected to transfer from the historical dataset to the current dataset
even when the underlying evaluation content/task differs.

HERO estimates (o, 3;) for each labeler j from the historical dataset {(X;, R;Y;, Z;, R;, Aij) }Yq
using an EM algorithm that treats unobserved gold labels as latent variables, and use observed gold
labelers as anchors. Given a candidate value y € {0, 1} for the gold label, the likelihood of the
observed silver labels for historical instance % is

Gy = I Pzy1Yi=y), @)
j: Ay =1
= > Zij _ = > 7. al—Zij
where P(Zi; | Yi = 1) = o] ~(1 — ) Ziand P(Z; | Y; = O)~: (1- ,Bj)Z”?j . An
instance without a gold label (R; = 0) contributes the marginal 1z ¢;(1) + (1 — x) ¢;(0), where
i = E[Y] # E[Y]. The full historical log-likelihood is

N
L(ii, {ag BiYjr) = Y[R log 8a(¥a) + (1 = B) log (i 6i(1) + (1 = ) £(0) . )

i=1



To stabilize the EM updates, HERO initializes the parameters using only the gold-labeled subset
G = {i: R; = 1}. Specifically, we set

B =g Y, ol = Lieg AisYiZis o) _ 2ieg A1 =V — Zij)
ieg ! Zieg Aini ’ Zz’eg Aij(l —-Yi)

HERO then maximizes £ via the EM algorithm (see Appendix Algorithm 1, Stage A), producing
estimates (@5, 3;) that are treated as fixed when estimating 4 on the current data.

The current-data likelihood /; () follows the same structure as defined in (2), with (Z;;, A;;) replacing
(Zij,Aij) and the estimates (@, 3;) replacing the unknown parameters. Because no gold labels

are observed, every instance contributes through the marginal form. The HERO Step 1 estimator
maximizes the log-likelihood over i € (0, 1),

n

fiugro-1 = arg max D log[pti(1) + (1= p) £:(0)]. 4
R
The first-order condition is

n

n L é,(l) —EZ(O) B
;w(u) = ; AOEEN O 0, s

which can be solved by any standard one-dimensional optimizer because p is scalar. Here, v;(u)
denotes the individual score contribution from instance .

Remark 1 (Comparison with majority vote). The instance-level ratio £;(1)/¢;(0) controls how each
instance influences [lygro-1. When most high-sensitivity labelers agree on a positive label, this ratio
is large, pulling the estimate toward the value implied by accurate annotators. Conversely, agreement
among labelers with low specificity on a negative label carries less weight. When all labelers share
identical accuracy, ¢;(1)/4;(0) reduces to a monotone function of the majority-vote count, and the
estimator recovers a majority-vote-type solution as a special case.

3.3 HERO Step 2: Variance Reduction via Score-Based Control Variates

On top of bias reduction, HERO can further reduce estimator variance by leveraging auxiliary
covariates that are shared between the historical and current datasets. Prompt features are a natural
shared covariate, since organizations typically evaluate successive model versions on a stable prompt
distribution drawn from real user traffic or curated benchmarks, and the same prompt features that
appeared in earlier rounds also characterize the current evaluation set.

The key observation is that the historical dataset (N > n), being much larger than the current
evaluation sample, provides a substantially more precise estimate of the covariate mean. This
historical mean can therefore serve as a stable reference in a control-variate adjustment without
changing the target parameter.

Yet, the classical control variate adjustment does not transfer directly in our task, because the Step 1
estimator is a calibrated functional of EM posteriors rather than a sample mean. We thus propose to
apply the control variate adjustment to the estimating equation that defines the Step 1 HERO estimator,
with a shared covariate function whose population mean is supplied by the historical sample. Let
X denote a covariate observed in the current evaluation task, and let mx = % Zi,v: 1 X denote the
sample mean of the same covariate in the historical data. We construct a control-variate estimator
based on the score equation in (5). After obtaining the pilot HERO estimator [iygro-; from Step 1,
define the estimated score contribution for instance ¢ as

RN _ ;(1) — £;(0)
vy 7/’1(#1—15110-1) ﬁHERO—lgi(]-) n (1 — ﬁHERO—l)Ei(O)'

We then estimate the control-variate coefficient by regressing the pilot score z@ on X;:
7 = Var(X) "' Cov(X, 9), @
where Var(X) = L Y7 (X, — X)(X; — X)T and Cov(X, ) = 2 30 (X; — X)i.

1=

(6)
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Figure 3: Experiment 1: (A) absolute bias, (B) Monte Carlo standard deviation, and (C) RMSE.

Whenever the covariate mean is shared between the historical and current datasets, the difference
X — mx is asymptotically mean zero. Therefore, the adjustment term 5" (X — f.x ) can be used
to reduce variance without changing the asymptotic expectation of the estimator. We define the
control-variate adjusted estimator [iygro-2 as the solution to

1 & AT o o~
=~ vilp) =FT(X —inx) =0. ®)
=1

As in Step 1, this equation can also be solved using any standard one-dimensional optimizer.

This adjustment reduces variance whenever the covariate X; is correlated with the score contribution
1;, which quantifies how each observation influences the estimator. If X; carries little information
about the outcome, then 7 is close to zero, and the estimator effectively reduces to [iygro-1. Conse-
quently, HERO Step 2 improves efficiency when informative auxiliary covariates are available, while
leaving the estimator essentially unchanged when they are not.

3.4 Theoretical Guarantees

On top of being practical and easy to implement, HERO enjoys theoretical guarantees along three
dimensions: reliability (Theorem 1), sensitivity (Theorem 2), and valid statistical inference (Theorem
3). Reliability means that HERO accurately targets the gold-label estimand, rather than a proxy
estimand distorted by heterogeneous silver labelers. Sensitivity means that HERO reduces variance,
which may improve the detection of small but practically meaningful model-performance differences.
Valid statistical inference means that the estimator admits an asymptotic distribution, providing the
basis for credible confidence intervals. Due to space limit, we defer the formal theorem statements
and proofs to Appendix C.

4 Simulation Study

In this section, we evaluate the performance of HERO method against several benchmark methods.
We summarize our takeaway as follows: First, HERO-1 remains accurate even when the historical
gold-label rate is small, whereas the sample-proportion calibration baseline is unstable when only a
few gold-routed examples are available per labeler. This shows HERO-1 can extract useful reliability
information from the full historical label matrix, not only from the gold-labeled subset. Second,
HERO-2 further improves sensitivity by reducing variance and RMSE relative to HERO-1 when
the shared covariate is informative. Third, under increasing labeler heterogeneity, HERO-1 and
HERO-2 remain substantially more robust than baseline methods, confirming that historical reliability
calibration and score-level control variates reduce estimation errors. Due to the page limit, we defer
the data generating process details to Appendix. In what follows, we introduce the methods in
comparison, evaluation metrics, and simualtion study results.

Methods in comparison. We compare five estimators: (1) Majority vote. (2) Dawid—Skene
method with current data only: The current-only Dawid—Skene baseline fits the standard latent-class
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Figure 4: Experiment 2: Comparison of (A) absolute bias, (B) Monte Carlo standard deviation,
and (C) RMSE as the Beta concentration & decreases, increasing the dispersion of labeler-specific
sensitivities and specificities

model using the current silver labels alone, jointly estimating ;1 and the labeler-specific parameters
{(aj,B85)} 3]21. (3) Historical sample-proportion calibration. We estimate each labeler’s sensitivity
and specificity using only the gold-labeled subset of the historical data. With Laplace smoothing. We
then maximize the current-data likelihood over p with these calibration estimates fixed. (4) HERO-1
only use historical data for bias reduction. (5) HERO-2 applies the score-anchored control-variate
adjustment to HERO-1. In this simulation, the population mean E[X] = 0 is known, but we use
Xhist to mirror the practical setting in which HERO relies on a high-precision historical estimate
rather than oracle knowledge. Appendix Table 4 summarizes the simulation settings. The target 1
is computed from the data-generating model, pop = Ex{c(8y + $1X)}, and is fixed within each
experimental setting.

Experiment 1: Historical gold-label rate. The first experiment varies the amount of historical
gold supervision. In Setting (ii), we use a larger labeler pool and a stronger covariate signal:
n = 300, N = 800, J = 10, and 8; = 3. We vary p € {0.05,0.06,...,0.10}. Experiment 2:
Labeler heterogeneity. The second experiment studies robustness to heterogeneity in silver-labeler
accuracy. We use the same baseline configuration as Experiment 1 Setting (ii), with n = 300,
N = 800, J = 10, 5y = —0.2, and 5; = 3. We hold the mean reliability fixed at pz, = 0.85
and pg = 0.55, and vary only the Beta concentration parameter k. Under the parametrization
a; ~ Beta{kpa, k(1 — pa)}, B; ~ Beta{kug, k(1 — pg)}, the means satisfy E[o;] = o and

E[B,] = pp for every k, while Var(«;) = %, Var(8;) = W. Thus, decreasing k
increases labeler heterogeneity without changing the average sensitivity or specificity. We consider
the five heterogeneity levels in Appendix Table 4. For each level, we evaluate historical gold-label

rates p € {0.05,0.10}.

Evaluation metrics. For each configuration, we run B = 200 Monte Carlo replications. We
report absolute bias, Monte Carlo standard deviation, and root mean squared error (RMSE). All EM
algorithms use convergence tolerance 10~ and a maximum of 200 iterations.

Simulation study results. Figure 3 shows that Majority vote has nearly constant bias as p varies,
since it does not use historical gold labels. The current-only Dawid—Skene baseline also does not
improve with p and remains limited by the identifiability and finite-sample challenges of estimating
all labeler parameters from the small current round alone. The historical sample-proportion baseline
improves as p increases, but it is unstable when the number of gold-routed examples per labeler is
small. In contrast, HERO-1 is substantially less sensitive to low gold-label rates because its anchored
EM step uses both the gold-routed and ungolded historical instances. HERO-2 further reduces SD
and RMSE by exploiting the correlation between X; and the score contribution, with larger variance
reduction in the stronger-signal setting. We provide additional results in Appendix Figure 6.

Figure 4 shows that majority vote becomes increasingly unreliable as labeler heterogeneity grows,
because it assigns equal weight to labelers with different error profiles. The current-only Dawid—Skene
baseline partially adapts to heterogeneous reliability but remains unstable because the current sample



Estimator Mean estimate  |Bias| SD  RMSE

Majority Vote 0.110 0.130 0.019 0.131
Dawid—Skene 0.120 0.120 0.027 0.123
MLE (hist. sample mean) 0.069 0.171  0.121  0.209
HERO-1 0.302 0.062 0.070  0.093
HERO-2 0.288 0.048 0.064 0.080

Table 2: Case study I (image defect detection), gold-label rate 0.10.
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Figure 5: Case study II: Results in model safety evaluation dataset.

is small and unanchored by gold labels. Historical sample-proportion calibration improves when
enough gold labels are available, but it can still have high variance when each labeler receives few
gold-routed examples. HERO-1 maintains low bias across heterogeneity levels by pooling information
from the full historical label matrix, and HERO-2 achieves the lowest RMSE by combining this
calibration with score-level variance reduction.

5 Results in Real-World Benchmarking Data

In this section, we evaluate the proposed HERO method on two real-world datasets provided by a
technology company that routinely conducts large-scale generative model evaluations. The datasets
were collected to assess the performance of 3D asset generation models and contain both historical
and current evaluation data. The case studies cover two representative tasks: generation defect
evaluation and safety evaluation. In each task, every prompt—asset pair is evaluated by a small number
of randomly selected silver labelers according to the task-specific evaluation objective, and a random
subset of pairs is additionally evaluated by a gold labeler, who is a well-trained expert. To assess
statistical performance and robustness, we use a resampling-based approach to report absolute bias,
SD, and RMSE for the five estimators described in Section 4. Additional details on the real-world
datasets are provided in Appendix E.

Table 5 and Figure 5 show that HERO method reduces absolute bias and RMSE relative to the
baseline methods. This improvement is driven by the presence of labeler heterogeneity and labeler-
pool shift between the historical and current datasets, as illustrated in Figure 1. HERO is designed
to exploit precisely these sources of information by estimating historical labeler reliabilities and
transferring them to the current evaluation task. Furthermore, HERO-2 achieves additional variance
reduction through control variates. In Case Study I, shown in Table 5, HERO-2 uses GPT-5-predicted
labels as the control variate, as all generated contents were evaluated by the same model. In Case
Study II, shown in Figure 5, HERO-2 uses TF-IDF features as the control variate. In both cases,
HERO-2 reduces the SD of HERO-1 by approximately 5%—10%, demonstrating that the proposed
variance-reduction framework is effective across different choices of control variates.



In contrast, the classical Dawid—Skene baseline does not effectively learn labeler heterogeneity in
either case. As a result, it performs worse than HERO and is often closer to Majority Vote in terms of
bias and RMSE.

Limitation. Despite these promising real-world results, HERO Step 1 requires labeler reliability to
transfer from historical data to the current evaluation task and Step 2 requires the shared covariates to
have comparable distributions across the two periods. We view these requirements as mild, but they
may not hold uniformly across model evaluation settings.
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Technical appendices and supplementary material

A Use cases

Following the setup in Section 2 in the main manuscript, we provide more details on the four use
cases for model evaluations:

Use Case 1. Single Model Evaluation. This scenario focuses on evaluating the performance of a
single model (such as defect rate), Model A. We define the outcome as the gold label for the model,
Y, = Y;%,. The target parameter, which represents the average performance or expected quality, is
defined as py = E[Y].

Use Case 2. Model Comparative Evaluation. This scenario independently evaluates two models,
Model A and Model B, on the same prompts to calculate the absolute difference in their performance.
We define the outcome as the difference in gold labels between the two models, Y; = Y, — Y/%;.
The target parameter for the average difference in performance is expressed as o = E[Y;].

Use Case 3. Side-by-Side Model Comparison. This scenario involves a direct, simultaneous
comparison between outputs from multiple models to establish a relative preference. We define the
outcome Y; as a binary indicator of preference rather than an absolute score, such that it equals
1 if the gold labeler prefers Model A over Model B, and 0 otherwise. This can be formulated as
Y, = ]l(Y{fA - YZ*B) The target parameter, representing the win rate or expected preference for

Model A, is mpy 5 = E[Y;].

Use Case 4. Safety Moderation Calibration. This scenario treats the online safety moderation
system as an Al automated rater and the offline human review as the gold truth. We let YA € {0,1}
represent the online model’s evaluation, where Y*! = 1 indicates the content is flagged as unsafe. We
let Y;* € {0, 1} represent the offline human-labeled ground truth, where Y;* = 1 indicates an actual
safety violation. We define the outcome as the intersection of the gold and Al labels, representing
a true positive flag, ¥; = Y;*Y*L. The target parameters include the actual violation percentage or
prevalence base rate, p = IE[YZ*] Additionally, we estimate the online model precision, which is
the probability of a true violation given the model flagged it, calculated as Precision = IéE[[gZI]] . The

i

online model recall, which is the probability the model flagged the content given it is a true violation,

is defined as Recall = ]gE[[;:i]] .

B HERO Algorithmic Presentation

Please see Algorithm 1.

C Theoretical Guarantees of HERO

This section establishes the theoretical guarantees of HERO. The theoretical results rely on three
assumptions on the labeling mechanism, the transportability of labeler reliability between historical
and current data, and the sampling structure. Lemma 1 shows that the reliability estimates &; and

B; converge at rate Op(N ~1/2) when historical gold labels anchor the EM, and Lemma 2 shows
that the same EM algorithm without a gold anchor may fail to recover the true labeler parameters.
Three theorems then state the main results. Theorem 1 shows that HERO-1 attains the parametric rate
Op(n_l/ 2) for the gold-label target, while the majority-vote and unanchored Dawid—Skene baselines
are not guaranteed to converge to that target. Theorem 2 shows that HERO-2 reduces the asymptotic
variance of HERO-1 whenever the shared covariate correlates with the score function, and preserves
the bias of HERO-1 up to higher-order terms. Theorem 3 establishes asymptotic normality for both
estimators, providing the basis for standard error estimation and Wald-type confidence intervals.

Assumption 1 (Randomized labeling). The silver-label availability indicators A;; and Aij are
completely randomized, satisfying

P(Aj; =1) > Tmin >0, P(Ajj =1) > myin > 0,

and the historical gold-routing indicators EZ are completely randomized, satisfying

P(Rizl):pzpmin>0a
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Algorithm 1: HERO

Input: Historical data {(Z, Ai, Ri, Y, )N(z)}iv:l
Current data {(Z;, A;, X;) }ieq
Output: Zinero

/* Stage A. Initialize from the gold-routed historical subset and maximize

E(ﬁv {ajaﬂj}) via EM */
1 LetG = {i : R; = 1}. Initialize, for j = 1,...,m,
. o AiYiZi; o Ay (1=Y)(1 — Zy
ﬁ<_|g|7lz}/i, aj<_21€g i ~J’ j(_Zzeg J(~ )(~ J).
i€g Zieg AijYi Zzeg Ay (1 =Y5)
Clip all initial values to [§, 1 — §] for a small § > 0
2 repeat
3 E-step:
4 fon‘eacllizl,...7Nd0~
5 L if R, = 1then¥; « Y;
6 else y; < pli(1)/[pli(1) + (1 — 1) £4:(0)]
7 M-step:
8 /j — N7! Ziil ?z
9 foreach j = 1,...,mdo
10
,AV,L-NZZ,L rAVi‘l_Ni 1_21
ajgzl i’Y’v]’ ﬁj%ZZ J(~ ’Y)(~ i)
>0 Aigi > A (L —73)

Clip g, ﬁj to [(5, 1- 5]
1 Clip fito [6,1 — §]
12 until relative change in L<e= o(N7Y)
13 Store (&y,@)}”:l

/* Stage B. Maximize L(u) with (@, 3]) */

14 foreachi=1,...,ndo
~Z;; ~N1-Zs SNZs Al—Zij
5 L (1) = Tljoay, =0 @57 (1= @) 770, 4(0) <= T1ja,, =0 (1= B) 798,
16 [IHERO-1 4— aIg MaX,e(0,1) 2orey log[ i (1) + (1 — p) £:(0)]
/* Stage C. Variance reduction via control variates */
17 if no shared covariates available then return figgro-1
8 mx « NN X, Xen 'S0 X
19 foreach:=1,... ndo

i £;(1)—¢;(0)
2 L Yi < BuEro-1 £ (1)+(1—[ingro-1) €4 (0)

n A e LY G- D) - N7 [T - X6

n n

22 figero-2 < Find in (0, 1) such that

1 (1) — £;(0) T
n = pli(1) + (1 — p) £:(0)

return ﬁHERO-Z

where Tmin and pmin are positive constants.

Assumption 2 (Correct specification and transportable reliability). For each labeler j, there exist
constants (o, ;) satisfying ¢ < o, p; < 1 —c for some ¢ > 0 such that the conditional reliabilities
are identical in historical and current data:

Pr(Zi=1|Yi=1)=Pr(Z;=1|Y; =1) = o,
Pr(Zij=0|Y;=0)=Pr(Z; =0|Y; =0) = 3,
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for all instances © and all labelers j. The silver labels are independent across labelers conditional on
the gold label:

PT(ZM = 214y Zig = 25 | Y; =y) = HPI"(ZJ' =z | Yi = y), ©)
j=1
Pr(Zin=z,....Zi =25 | Yi=y) = [[Pr(Z; =2 | Vi =), (10)
j=1
for all instances i and labelers j = 1,...,m. The parameters yu = E[Y] and i = E[ | may differ,

but are bounded away from 0 and 1:
c< ppp<l—ec.

Lemma 1 (Convergence of HERO historical reliability estimates). Under Assumptions 1 and 2, the
estimators for o; and 3; in HERO algorithm satisfy

a; —a; = Op(N~V?), B\j — B = O,(N"Y2),  for each labeler j.

Proof. LetG = {i: Rz = 1} denote the set of gold-routed historical instances. By the algorithm, the
EM is initialized using the gold-only sample-mean estimators

70— Loy 50 - TiegdiViZ g0 Tueg Au(l =)0~ Z)
il i€g 2ieg AyY; ! Yieg Aij(1=Y))

Under Assumption 1, the gold-routing indicators R; are completely randomized with P(ﬁl =1)=
P > pmin > 0 and the silver-label availability indicators A;; are completely randomized with
P(Aij = 1) > min > 0, so by the law of large numbers and the delta method, for each 7,

a§0)_aj = Op ((prj)—1/2)7 Bj('o)_ﬁj = Op ((Npﬂ'j)_l/2> ) ﬁ(o)_ﬁ = Op ((Np)_l/Q)a

which implies that the initialization lies within a neighborhood of the gold-oriented population
parameter 79 = (fi, &1, 81, - - -, Qn, B ). Under Assumption 2, the historical data follow the Dawid—
Skene model with true gold-oriented parameters 79 = (fx, a1, 51, - - -, Qm, Bm.), SO that for each i

and j the conditional distributions of Z;; given Y; are correctly specified and independent across
labelers. The observed-data log-likelihood for the historical dataset is

, J=1,....,m.

N
Ly, {oy,B8i1) = Z [Ri log £;(Y;) + (1 — Ry) log (fui(1) + (1 — /7)51'(0))}'
i=1

By construction, this likelihood is twice continuously differentiable in a neighborhood of 79, and the
Fisher information matrix

82
g
is nonsingular because each labeler contributes a positive amount of information and o, 8; € (¢, 1—c)

for some ¢ > 0, ensuring strong identifiability. By standard results on EM for latent-variable models
[18, 19], the EM map is monotone in the log-likelihood, i.e.,

Lynn*D) > Ly(n™),

Z,= log P(Z; | Vi)

77:770}

and converges to a stationary point of L. Since the initialization n(®) is obtained from the gold-only
sample mean and satisfies ||17(*) — 1o = O, ((N pmmin)~1/?), it lies within the basin of attraction of
the gold-oriented local maximizer 7, and therefore the EM iterates converge to 7. By the stopping
criterion € = o(N 1), the EM optimization error satisfies

In ™) = x|l = 0p(N71/2),
so that it is negligible relative to the statistical variability of the maximizer. Finally, applying standard
M-estimation theory for local maximizers of smooth likelihoods [20], we have

N — N0 = Op(N71/2)7
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and combining with the EM optimization error yields
qj—a; =0,(N"Y2), B =B =0,(N"Y2), h—a=0,(N"% — j=1,...m.
O

Lemma 2 (EM without gold anchor may fail). Consider the Dawid-Skene EM applied to historical
data or current data without using any gold labels. Then the EM does not necessarily recover the
true parameters o and 3.

Proof. Let the observed-data likelihood for the unsupervised DS problem be

N
L (p {ay, B;}) = Zlog(u@(l) + (1 - w)t;(0)),

with _
L= II ofva-ap=, Loy = [ a-8)%8 "
GiAi =1 Gidij=1
Consider the second derivative of the likelihood with respect to any «;:
? o (00, 6(0)" 4 (02, ) + (1 - p)dE G(0)6(D)
D2 log (11 (1) + (1 — p)¢:(0)) = = =~
o (nti(1) + (1 = p)t:(0))

which depends on both £;(1) and £;(0). Since /;(0) depends nonlinearly on B; and £;(1) depends on
a5, the Hessian is not negative semidefinite in general. Therefore, £ is not concave in (i, cj, ;).

Y

Because EM is a local algorithm, it is only guaranteed to converge to a stationary point of Ly [18, 19].
Hence, EM without a gold anchor does not guarantee consistent recovery of the true maxima. [

Theorem 1 (Estimation rate and comparison with baselines). Under Assumptions 1 and 2, the
HERO-1 estimator satisfies

fuero-1 — 1= Op(n™Y2) + O,(N~1/2).

In contrast, the Majority Vote estimator and the classical Dawid—Skene EM estimator without gold
anchor do not necessarily converge to the gold-oriented truth.

Proof. Decompose the HERO-1 estimation error as

fuERO-1 — = (HnERO-1 — H°) + (1" — 1),

where
n

p* = arg mex > log[utli(1; 5, 85) + (1 = )i (0; a5, ;)]
=1

is the oracle MLE computed using the true labeler parameters (c;, 5;).
By standard MLE theory [20], the oracle MLE satisfies
©r— = 0,(n?),

because the log-likelihood for the current data is smooth and concave in p, and the n instances are
independent.

From Lemma 1, the historical HERO EM estimates satisfy
aj—a;=0,(N"?),  B,=B,=0,(N"?), j=1,....m.
Since the current-data likelihood is smooth in (v}, 3;), a first-order Taylor expansion gives
G(L:8)) = i(Liag) = Op(NTY2), (03 5) = 4:(0; ;) = Op(N1/2),
uniformly in ¢. Applying the delta method to the MLE equation for figgro.1, we obtain
HHERO-1 — 1 = Op(N71/2)-
Combining the two contributions via the triangle inequality yields
ﬁHERO—l —u= Op(nfl/z) + Op(Nil/z).
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Assumption 3 (Instance sampling and moments). The current instances {i = 1, ...,n} and historical
instances {i = 1,..., N} are independently and identically distributed from the same population,
with sample size N > n. The HERO-1 score contributions 1; (o) and covariates X; have finite
second moments:

Elti(p0)’] < 00, E[X]] < co.

Theorem 2 (Variance reduction of HERO-2 over HERO-1). Under Assumption 3, the asymptotic
variances of the HERO-1 and HERO-2 estimators satisfy

V(ﬁHERO»Z) = V(ﬁHERO—l) - IaQCOV{@bi(NO), Xi}TZ;(ICOV{Xia Wy (NO)}>

where Ty = —8ME[¢1(M)]| > 0. Consequently,

H=Ho
V(ﬁHERO—Z) < V(ﬁHERO— 1 ) ;

with strict reduction whenever Cov{X;,1;(10)} # 0. Moreover, HERO-2 preserves the bias
reduction of HERO-1:

Bias(fiuero-2) = Bias(lugro-1) + O(Nfl/z) + o(nfl/z).

Proof. We first consider the oracle HERO-2 estimator using the true control-variate coefficient *
and the population mean m x . Linearizing the score equation around the true parameter jo, we have

n

. a1 .
Hugro-2 — o = I 15 Z(wz(ﬂo) - T(Xi - mX)) + R,,
i=1

where [y = —8HIE[1/)Z-(M)]|H=M0 > 0 and R, = o,(n"'/?) is the remainder from the Taylor

expansion of the score function. By the standard projection property of linear regression, the variance
decomposes as

Var [¢; (o) —7* T (Xi—mx)] = Var[th;(110)]—Cov (1 (1), X;) T S5 Cov(Xi, 5 (o)) < Var[ehs (po)],
with strict inequality whenever Cov(; (1), X;) # 0.

Using Assumption 3, the historical mean 77y satisfies mx — mx = O,(N~'/2) and the estimated
coefficient 7 satisfies ¥ — v* = 0,(1). These contribute only a higher-order term of

Op(N™H2) + 0y (n™1/2)

to the asymptotic expansion of [iygro-2 since N > n, which does not affect the first-order variance
reduction.

Therefore, replacing m x by mx and v* by 7 preserves the variance reduction, and the bias satisfies
Bias(Jiuero-2) = Bias(finero-1) + O(N~Y2) 4 o(n=1/2).

This proves that HERO-2 strictly reduces variance relative to HERO-1 while preserving its bias

properties. O

Theorem 3 (Asymptotic normality of HERO-1 and HERO-2). Suppose Assumptions 1-3 hold, then
HERO-1 satisfies

Vi(finsro1 — 110) 2 N (0, Ty 2Var{ti(uo)}) ,
and HERO-2 satisfies
Vi(fiuero-2 — o) ~ N (0, Iy *Var{e; (o) — 7" (X; —mx)}) .

Proof. For HERO-1, consider first the idealized MLE using the true labeler reliabilities a; and (3;.
The score equation for x is smooth and strictly concave, so by the classical M-estimator theory, we
have

Vit(finsso-1 (@, B8) = o) % N (0,752 Var{ts(110)}),
where 1); (1) is the per-instance score and Zg = —9,E[t; (1)]|u=po > 0.
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By Lemma 1, the estimated @;, 3; from the historical data satisfy &, — a; = O,(N~/2), B, — 8; =
O,(N~'/2). Using Assumption 3 that N >> n, the contribution of the estimation error to the y-MLE
is
O;
! (2
(e, B)

80 v/n(fluero-1 — fo) has the same asymptotic distribution as the idealized MLE.

(a - O‘7B\_ 6) = O;D(n_l/2>7

For HERO-2, consider first the oracle estimator using the true control-variate coefficient v* and
population mean m x . Linearizing the adjusted score equation, we have

\/ﬁ(/jHERo-Z('Y*7mX) - MO) = I()_I% Z (¢L(MO) - ’Y*T(Xi - mX)) + Op(l)a

which immediately yields the asymptotic normality with variance Z, 2 Var [i(po) —7* T (X; —mx))].

Finally, by the argument in the proof of Theorem 2, replacing v* and m x by their estimators 7 and
mx contributes only o, (1) to the \/n-scale expansion. Hence the asymptotic distribution of HERO-2
is unchanged. This completes the proof. O

D Additional simulation details and results

In this section, we shall provide additional simulation setup details in Section D.1 and additional
simulation results in Section D.2.

D.1 Simulation setup additional details.

In Table 3, we shall provide the details of how we define heterogeneity level in Experiment 2. In
Table 4, we summarize the simulation parameters used in the main manuscript. In what follows, we
shall describe the data generating process. In each Monte Carlo replication, we generate two datasets:
a large historical evaluation sample of size /N and a smaller current evaluation sample of size n. The
two samples share the same prompt-feature distribution and the same pool of silver labelers, but gold
labels are observed only for a randomized subset of historical instances. This construction matches
the intended deployment setting of HERO, where historical gold labels are used to learn persistent
labeler reliability and historical covariates provide a high-precision control-variate anchor. For each
instance 7, we draw a scalar covariate X; ~ N(0, 1), and generate the latent gold label from the
logistic model Y; | X; ~ Bernoulli{p(X;)}, p(z) = o(Bo + 1), o(t) = ﬁp(*ﬂ' The estimand

is therefore 1o := Ex{o (8o + 81 X)}. We set By = —0.2. The slope 3; controls the correlation
between the auxiliary covariate X; and the latent label Y;: larger 1 makes X; more informative and
therefore increases the potential gain from the HERO-2 control-variate adjustment.

Each silver labeler j € {1,...,J} has a sensitivity «; and specificity 5;, o; = Pr(Z;; = 1 |
Y; = 1),8; = Pr(Z;; = 0| Y; = 0). To induce persistent labeler heterogeneity, we draw
a; id Beta{kpta, k(1 — pa)}, 5; id Beta{kpug, k(1 — pug)}. Throughout Experiment 1 we use
o = 0.85, ug = 0.55, and k = 8. Thus, the average silver labeler has high sensitivity but only
moderate specificity, creating an asymmetric error pattern under which uncalibrated majority vote is
expected to be biased. The concentration parameter k controls across-labeler heterogeneity: larger
k yields a more homogeneous labeler pool around the same mean reliability, whereas smaller &
yields more dispersed labeler-specific error rates. Each labeler j annotates instance ¢ with probability
A;; ~ Bernoulli(r;), m; ~ Uniform(0.2,0.6), independently across instances conditional on 7;.
If A;; = 1, the observed silver label is generated as Z;; | ¥; = Bernoulli(a;), if ¥; = 1, and
Z;; | Y; = Bernoulli(1 — ), if Y; = 0. Instances with no observed silver labels are excluded from
all estimators; this event is rare in the reported settings and affects all methods equally. The historical
and current datasets are generated from the same mechanism, with independent instances but a
common labeler pool. For the historical sample, a randomized routing indicator R; ~ Bernoulli(p)
determines whether the latent gold label is revealed. The parameter p is the historical gold-label rate.
For the current sample, R; = 0 for all instances, so no current gold labels are observed.
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Table 3: Heterogeneity levels used in Experiment 2. Smaller k£ corresponds to greater across-labeler
dispersion while preserving the same mean sensitivity and specificity.

Category kE Ela;] SD(ey) E[B;] SD(B;)
Very low 150  0.85 0.029 0.55 0.040
Low 30 0.85 0.064 0.55 0.089
Moderate 12 0.85 0.099 0.55 0.138
High 6 0.85 0.135 0.55 0.188
Extreme 3 0.85 0.179 0.55 0.249

Table 4: Simulation parameters.

Simulation parameters used in the Monte Carlo experiments.

Uniform(0.2, 0.6)
{0.01,0.02,...,0.10}
{0.05,0.06......0.10}
{150, 30,12, 6, 3}
{0.05,0.10}

Labeler-specific annotation probability

Historical gold-label rate in Experiment 1 Setting (i)
Historical gold-label rate in Experiment 1 Setting (ii)
Beta concentration levels in Experiment 2

Historical gold-label rates in Experiment 2

Parameter  Value Description

n 150 Current instances in Experiment 1 Setting (i)

n 300 Current instances in Experiment 1 Setting (ii) and Experiment 2
N 400 Historical instances in Experiment 1 Setting (i)

N 800 Historical instances in Experiment 1 Setting (ii) and Experiment 2
J 5 Number of labelers in Experiment 1 Setting (i)

J 10 Number of labelers in Experiment 1 Setting (ii) and Experiment 2
Bo -0.2 Logistic intercept

51 1.0 Logistic slope in Experiment 1 Setting (i)

51 3.0 Logistic slope in Experiment 1 Setting (ii) and Experiment 2

Lo 0.85 Mean silver-labeler sensitivity

1% 0.55 Mean silver-labeler specificity

k 8 Baseline Beta concentration in Experiment 1

Ly

P

p

k

p

B

200

Monte Carlo replications

D.2 Additional simulation results

In what follows, we show another setting of Experiment 1. In this setting, we use a small current
sample and a moderate covariate signal: n = 150, N = 400, J = 5, and $; = 1. We vary the
historical gold-label rate over p € {0.01,0.02,...,0.10}.

E Additional details on real-world case studies

1. Asset defect detection dataset. This dataset is designed to evaluate generation defects

in 3D generation models. It contains data from two versions of the model: the historical
dataset consists of outputs generated by the older model version, while the current dataset
consists of outputs generated by the newer model version. Both model versions generate
3D assets from the same set of 532 prompts. For each prompt—asset pair, silver labelers
evaluate whether the generated asset contains a specific type of defect. The silver labels
are binary, with Yes/No responses encoded as 1/0. There are 10 silver labelers in total, and
each prompt—asset pair is evaluated by three randomly selected, distinct silver labelers. In
addition, a completely random 10% subset of prompt—asset pairs is evaluated by a golden
labeler, who is a well-trained expert. Most prompt—asset pairs are also evaluated by an Al
labeler, GPT-5, which is prompted to provide the same binary defect label.

Shared control variate. For the HERO-2 method, we use the Al labels generated by GPT-5
as control variates. We repeat this procedure 100 times and report the absolute bias, standard
deviation, and root mean squared error (RMSE) based on the resampled results, following
the similar evaluation protocol as in the Simulation Study.
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Figure 6: Experiment 1 Setting (ii): Comparison of (A) absolute bias, (B) variance, and (C) MSE
with respect to various gold label rate. 81 = 1, J = 5, n = 150, N = 400 Effect of historical
gold-label rate in Setting (i). Panels report (A) absolute bias, (B) Monte Carlo standard deviation,
and (C) RMSE for estimating ;1o = E[Y;]. The current sample is small and the covariate signal is
moderate: 5, = 1, J = 5, n = 150, and N = 400.

2. Safety evaluation dataset. This dataset contains both a historical dataset and a current
dataset for evaluating the safety of a 3D generation model with respect to policy violation
categories. The historical dataset corresponds to evaluations along one safety dimension,
whereas the current dataset corresponds to evaluations along another safety dimension. The
model generates 3D assets from 2,046 prompts. For each prompt—asset pair, silver labelers
provide binary safety labels along the corresponding safety dimension. There are 11 silver
labelers in total, and each prompt—asset pair is evaluated by a randomly selected set of 4—7
distinct silver labelers. In addition, a completely random 80% subset of prompt—asset pairs
is evaluated by a golden labeler, who is a well-trained expert, to benchmark the performance
of the silver labelers.

Shared control variate. For HERO-2, we use TF-IDF features extracted from the prompts as
control variates. Since TF-IDF (Term Frequency-Inverse Document Frequency) features
are typically high-dimensional relative to the sample size, we apply a ridge penalty when
estimating the coefficient -y in the score-based control-variate adjustment. As in the previous
case study, we report the absolute bias, standard deviation, and RMSE for HERO and the
baseline methods.

F Comparison with existing literature

In this section, we compare HERO with three related strands of work: learning from noisy annotators,
variance reduction techniques, and generative Al evaluation.

Learning from crowds and noisy annotators has a long history in statistics and machine learning.
The classical Dawid—Skene (DS) model [9] introduced an EM-based approach to estimate individual
annotator error rates from noisy labels. Subsequent work extended this idea to more complex
scenarios, including latent variable models for multi-dimensional annotation [21], probabilistic truth
inference [10], and crowdsourced aggregation with worker reliability [11, 22]. Most of these studies
assume that all labelers are noisy, and they do not exploit the existence of a small set of high-
quality gold labels for calibration, leaving a gap for methods that systematically combine historical
gold-labeled subset with current noisy annotations.

Variance reduction has been studied extensively in statistics and experimental design. Classical tools
include control variates and regression adjustment, where auxiliary information is used to reduce
estimation variance without bias [23, 24]. In applied fields, [25] uses pre-experiment measurements
to improve sensitivity in controlled experiments, and Monte Carlo methods with control variates have
arich theoretical literature [26]. These techniques reduce variance by exploiting correlated auxiliary
variables, but, to our knowledge, they have not been systematically adapted to the noisy-label setting.
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Evaluation of generative Al raises additional challenges. Human preference judgments and pairwise
comparison metrics have been used in practice to assess LLM quality [1, 27], and broad benchmark-
ing frameworks such as HELM [28] aggregate diverse evaluation metrics. Safety and robustness
evaluations, such as toxicity benchmarks, further illustrate the complexity of human annotations
[29, 30]. However, there is not yet a fully statistical framework that jointly accounts for annotator
heterogeneity, leverages historical gold supervision, and reduces variance in large-scale Al model

evaluation.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: Please see Section 1
Guidelines:
e The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Please see Section 5.
Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: Please see Section 3.4 and Appendix Section C.

Guidelines:

The answer [N/A] means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Please see Section 4, Section 5 and Appendix Section D and E.

Guidelines:

The answer [IN/A] means that the paper does not include experiments.
If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: We provide code and detailed instructions for reproducing the simulation
studies and all synthetic-data experiments reported in the paper. The real-world evaluation
datasets are proprietary and cannot be publicly released at this stage; however, we describe
the data structure, preprocessing steps, and experimental protocol in sufficient detail to
support reproducibility on comparable datasets.

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Justification: Please see Section 4, Section 5 and Appendix Section D and E.
Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: Please see Section 4 and 5
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

¢ The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Please see Appendix Section D and E.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research in the paper conforms with the NeurIPS Code of Ethics.

Guidelines:
e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
e If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discussed the potential positive social impacts in Section 1. The negative
social impacts are not applicable.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: The paper poses no such risks.
Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We have properly credited the original data source.
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]
Justification: The paper does not release new assets.
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]

Justification: The paper uses pre-collected annotation data and does not conduct new
crowdsourcing experiments or new human-subject data collection. Therefore, participant
instructions, screenshots, and compensation details are not applicable.

Guidelines:

* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]

Justification: Not applicable, because this paper analyzes pre-collected annotation data
and does not involve new interaction with study participants or new human-subject data
collection.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: Although the paper studies generative model evaluation, LLMs are not used as
an important, original, or non-standard component of the proposed method.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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