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Abstract

As models, particularly large language models
(LLMs), are deployed on increasingly challeng-
ing tasks, correctly evaluating their perfor-
mance is growing in importance and difficulty.
Expert human labelers are high-quality but
scarce and resource-intensive to obtain, while
crowd-sourced labels are more readily accessi-
ble at scale but lower in quality. We propose
Maven (Model And Voter EvaluatioN), a
hierarchical Bayesian model that combines
these two label sources to produce model per-
formance estimates on binary tasks that are
less biased than using crowd-sourced labels
alone and have lower variance than using ex-
pert labels alone. By modeling the ranking
of model scores, Maven is robust to a range
of prediction distributions and achieves con-
stant inference time regardless of dataset size.
We validate our approach on both simulated
and real-world data, and deploy it to measure
production models at Meta.

1 INTRODUCTION

Accurately measuring the performance of model predic-
tions in a scalable way is a crucial component of any
modern AI system. However, collecting high-quality
evaluation datasets can be challenging since expert hu-
man annotations require significant effort and are thus
scarce. Practitioners have turned to crowd-sourced
labels that are easier to acquire at scale but lower in
quality, hoping that an accurate consensus will emerge
out of multiple labels per item. However, concerns
about the quality of evaluation datasets remain; Va-
sudevan et al. (2022) and Reiss et al. (2020) present
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two recent examples of concerning error rates found in
important datasets. Furthermore, the common prac-
tice to leverage all labels (including the low quality
crowd-sourced ones) for training models may cause
models to learn to replicate the systematic inaccura-
cies in these labels, further complicating the task of
accurately assessing their performance.

We present Maven (Model And Voter EvaluatioN), a
hierarchical Bayesian model that combines expert and
crowd-sourced labels to produce estimates of model
performance on binary classification tasks. Maven
produces performance assessments that are less biased
than using crowd-sourced labels alone while having
lower variance than using expert labels alone. Fig. 1 il-
lustrates this by comparing Maven to expert-only and
crowd-sourced labels, showing that Maven produces
low-bias and narrow-CIs measures of several perfor-
mance metrics, even with few expert labels.

The main contributions of our work are:

• Maven makes novel use of the ranking of model
scores, making it robust to a diverse range of
prediction distributions. By summarizing these
rankings in terms of comparisons between sets of
items with the same crowd-sourced labels, Maven
achieves constant inference time regardless of
dataset size, ensuring high scalability.

• Through extensive simulations and evaluations on
real-world datasets, we show that Maven outper-
forms related work in a range of settings, and
generalizes well to different score distributions and
performance metrics.

• We deployed Maven in two production settings.
In one of these, we show that Maven is able to im-
prove the overall labeling efficiency by 42% while
producing an equivalent estimate of model perfor-
mance. These results confirm Maven is a practi-
cal solution for highly efficient, high-quality model
evaluation at scale.
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Figure 1: Performance of Maven when estimating metrics for a production model (Task 1, see Sec. 5.1) using
4000 items with crowd-sourced labels and a varying number of expert labels. Across three performance metrics,
Maven achieves the same bias with smaller CIs when compared to evaluating with expert labels only. Evaluating
with crowd-sourced majority vote labels produces very biased estimates. 1

2 RELATED WORK

Crowdsourcing and annotation modeling: A com-
mon approach for aggregating multiple labels is through
majority votes. However, assuming humans are equally
reliable has been challenged by numerous studies (Pas-
sonneau and Carpenter, 2014; Paun et al., 2018). In
practice, expertise and consistency vary significantly,
motivating the development of modeling approaches
for label aggregation.

The seminal work by Dawid and Skene (1979) (DS)
estimates latent true labels by modeling annotator re-
liability via confusion matrices. This framework has
inspired a plethora of extensions, such as modeling la-
tent variables with alternative functions (Raykar et al.,
2010; Rodrigues et al., 2014; Yan et al., 2014; Ruiz
et al., 2019), and replacing confusion matrices with
scalars (Whitehill et al., 2009; Hovy et al., 2013) and
multidimensional vectors (Welinder et al., 2010; Zhou
et al., 2012).

Learning using noisy labels: Research on learning
approaches that utilize noisy labels is closely related
to our work (Natarajan et al., 2013; Song et al., 2022;
Uma et al., 2022; Wei et al., 2023). Numerous studies
have proposed strategies for incorporating the noise and
variability inherent in human-generated labels during
model training. Recently, more work has also focused
on evaluation processes using noisy labels, which in-

1Note: error bars shown in this plot are not the CIs
produced by the estimators, they are the standard errors
of the plotted quantities over the replicated datasets.

clude (i) “soft metrics” such as cross entropy (Peterson
et al., 2019; Pavlick and Kwiatkowski, 2019), entropy
correlation (Uma et al., 2020), and Jensen-Shannon
divergence (Nie et al., 2020), and (ii) new evaluation
procedures such as disagreement deconvolution transfor-
mation (Gordon et al., 2021). Our work is orthogonal
and complementary to these works as we do not pro-
pose any new evaluation metrics and instead focus on
modeling approaches to better incorporate human label
noises into existing metrics.

Efficient model evaluation: LLM-as-a-judge has
recently emerged as a highly scalable, high-quality ap-
proach for model evaluation. The use of LLMs as
annotators and judges is a rapidly evolving research
area, as highlighted by several recent surveys (Li et al.,
2025, 2024; Tan et al., 2024; Gu et al., 2024). Nev-
ertheless, multiple recent studies have shown impor-
tant limitations and biases inherent in LLM-as-a-judge
methods, underscoring the continued need for human-
generated labels and validation (Reif and Schwartz,
2024; Krumdick et al., 2025; Bavaresco et al., 2025;
Dorner et al., 2025; Baumann et al., 2025).

Another promising direction leverages the abundance
of unlabeled data alongside a small set of labeled exam-
ples. Welinder et al. (2013) fit simple mixture models
to the class-conditional score distributions; recent work
by Shanmugam et al. (2025) extend this idea to jointly
model multiple scores per task, sharing information
between scores to improve the simultaneous evaluation
of multiple models. Unlike Maven, neither model in-
corporates crowd-sourced labels, and both model raw
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scores rather than score rankings. AutoEval (Boyeau
et al., 2025), a frequentist approach building on the
prediction-powered inference (PPI) framework (An-
gelopoulos et al., 2023), combines a small amount of
human-labeled data with a large pool of synthetic data
to yield more accurate estimates. However, AutoEval
is limited in the metrics it can estimate to those that
are expectations over item-level metric functions.

Human-AI combination: Our work shares similar-
ities with the expanding body of research on model-
ing human-AI combinations (Kelly, 2025; Choudhary
et al., 2025). Kerrigan et al. (2021) present methods
for combining human predictions with model prob-
abilities through the use of confusion matrices and
calibration, enabling more accurate label aggregation.
Steyvers et al. (2022) propose a Bayesian framework
for modeling human–AI complementarity to quantify
and leverage the respective strengths of humans and
AI systems. Showalter et al. (2024) and Kelly et al.
(2025) present approaches for incorporating machine
predictions to query human labels in a resource-efficient
manner. In contrast, our research addresses the prob-
lem of evaluating the performance of model predictions,
instead of improving the combined predictions.

Programmatic weak supervision: Another re-
lated research area is Programmatic Weak Supervi-
sion (PWS) (Ratner et al., 2016, 2017), a data-labeling
paradigm that generates large amounts of training data
by applying multiple labeling functions (LFs) to pro-
duce noisy labels and then combining them into a single,
high-quality label set using a label model (LM). Prior
work has explored designing diverse types of LFs, au-
tomatically generating LFs, and developing LMs for
label aggregation (Zhang et al., 2022). In this context,
Maven is closely related to an LM that uses noisy
crowd-sourced labels as LFs. However, Maven’s pri-
mary focus is on efficiently and accurately evaluating
the performance of input classifiers or LLMs using these
noisy labels, rather than on label aggregation itself.

3 MAVEN

3.1 Preliminaries

We study the problem of evaluating predictions Xi ∈ R
from a machine learning model against a (possibly la-
tent) binary ground truth Yi ∈ {0, 1}. To avoid confu-
sion between this target model and the Bayesian model
we are proposing to evaluate it, we will refer to the tar-
get model as the predictor. We assume the predictions
contain no ties—in practice, in all reasonably-sized
datasets we can break ties at random with negligible
impact on predictor evaluation.

The evaluation dataset is D = {(Xi, Vi, Ti)}ni=1. Crowd-

sourced “voters” are tasked with determining whether
each item is positive; Vi ∈ {0, 1, ..., c} counts how many
of the c voters gave positive votes. Every item is voted
on. Ti ∈ {0, 1, ∅} records the expert label received by
an item; Ti = ∅ means that no expert label is available.
We consider expert labels to be ground truth, therefore
Ti ̸= ∅ ⇐⇒ Ti = Yi. Items are selected for expert
labeling uniformly at random.

We also define helper variables T
(0)
i = 1{Ti ≠ 1} and

T
(1)
i = 1{Ti ≠ 0}. These are indicators for whether it’s

possible for Yi to take a given value: T (t)= 1 indicates
that Yi could equal t (because it is either unobserved or
has been observed to equal t), while T (t)= 0 indicates
that Yi cannot equal t (because it has been observed to
take the opposite value). By definition, these variables
are observed for all items.

Because there are only a small number of unique (Vi, Ti)
tuples, it is useful to define an item’s vote set Vi ∈
{1, 2, ...m} to index which of the m unique tuples it
belongs to. The functions V (Vi) = Vi and T (t)(Vi) =

T
(t)
i map the vote sets back to the actual votes and

golden set labels for that vote set. Ni = |{j : Vj = i}|
is the number of items in vote set i.

Finally, to tractably model the ranking of items accord-
ing to the predictions (see Section 3.2.1), we introduce
pairwise comparison variables Wkl:

Wkl = |{(i, j) ∈ [n]× [n] : Vi = k,Vj = l,Xi > Xj}|

These compare every item in vote set k against every
item in vote set l, and count the number of comparisons
where the former is scored above the latter. Ckl is
defined as the total number of such comparisons.

3.2 Bayesian Model

In order to evaluate the performance of the predictor
against the latent ground truth, Maven uses a hier-
archical Bayesian model (see Fig. 2). The goal is to
estimate pi = P (Yi = 1 | Vi, Xi) for each item, which
can be used to impute the missing labels and then
estimate predictor precision, recall, AUC, and other
performance metrics of interest.

The Maven model consists of two components: (1) a
vote model for voter responses, and (2) a score model
for the predictors. The following sections describe the
generative processes for both.
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Figure 2: Graphical representation of the Bayesian
model used in Maven. (Partly) shaded nodes are
(partly) observed, and a dashed arrow indicates a de-
terministic relationship. The dashed line splitting the
model vertically indicates the Bayesian cut that is used
to stop inference flowing from predictions to voter per-
formance parameters (see Section 3.3). We refer to the
left side of the cut as the vote model and the right side
as the score model.

Variable Description

Yi Latent true binary label for item i
Pi Latent vote probability for item i
Ui Latent Thurstonian utility for item i
Xi Predictor score (raw prediction) for item i
Vi Count of positive votes received by item i
Ti Observed golden set label for item i (∅ if

unobserved)

Wkl Pairwise comparison counts (wins) between
vote set k and l

ϕ Base rate: prior probability of a positive true
label (Yi = 1)

a0, d0 Beta parameters controlling Pi when Yi = 0
a1, d1 Beta parameters controlling Pi when Yi = 1
µ Mean utility shift capturing tendency to rank

positives above negatives
δ Utility shift capturing predictor’s tendency to

give high scores based on high vote probability
Pi

Table 1: Summary of notations

3.2.1 Vote Model

The vote model follows the item-difficulty beta-
binomial model of Carpenter (2008):

Yi ∼ Bern(ϕ)
Pi |Yi ∼ Beta(aYidYi , (1− aYi)dYi)

Vi |Pi ∼ Binomial(Pi, c)

Each item has a latent vote probability Pi drawn from
one of two beta distributions (depending on the true
label Yi). Then, Vi (the number of positive votes an
item receives) follows a binomial distribution2 with
rate Pi. The ay terms allow us to model overall voter
performance in terms of True Positive Rate (TPR)
P (Vij = 1 |Yi = 1) = a1 and True Negative Rate
(TNR) P (Vij = 0 |Yi = 0) = 1 − a0. These are given
a hyperprior that is uniform over the triangle defined
by 0 ≤ a0 ≤ a1 ≤ 1. This ensures that voters are not
negatively predictive on average; they are at least as
likely to give a positive vote to a positive item as they
are to give a positive vote to a negative item (however,
there may still be individual items where voters are
negatively predictive).

The beta scale parameters dy control the correlation be-
tween pairs of votes on the same item. Conditional on
the true label Yi, this correlation in the beta-binomial
model is λy = 1

1+dy
. As dy → ∞, votes become con-

ditionally independent given the true label, matching
the model of Dawid and Skene (1979). As dy → 0
all voters on an item vote the same way. In practice,
conditional independence does not usually hold. For
example, in Task 2 (introduced in Sec. 5) the first two
voters agree 17% more often than would be expected
(given their observed TPR and TNR) if their votes
were conditionally independent. We place a hyperprior
on the correlation λy that is uniform on [ϵ, 1− ϵ], with
ϵ = 0.01 chosen to avoid inference instability that can
occur near correlations of zero and one.

We can marginalize out Pi; the resulting likelihood for
any single item in vote set Vk is a mixture of beta-
binomial likelihoods:

Lk = P (Vk |ϕ, a0, d0, a1, d1) =∑
t∈{0,1}

T (t)(Vk)ϕ
t(1− ϕ)1−t fBB (V (Vk); atdt, (1− at)dt, c)

where fBB is the beta-binomial density. The complete
vote model log-likelihood is therefore

∑
k Nk log(Lk).

Note that the number of computations required to com-
pute the log-likelihood is proportional to the number
of vote sets, not the number of items.

3.2.2 Score Model

The scores produced by machine learning models cannot
easily be summarized by a family of distributions. For
example, LLM-based classifiers often produce scores

2We assume a fixed number of votes per item for clarity.
However, in some applications votes are collected in a best-
of-k fashion (i.e., collected until an unassailable

⌈
k
2

⌉
-vote

majority is reached). This changes the binomial coefficients,
but because these are constant w.r.t the parameters the
posterior is exactly equivalent to the binomial case.
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(corresponding to the first response token’s probabil-
ity of being affirmative) extremely close to zero or
one, while a logistic regression with discrete features
could produce a score distribution with many modes.
Rather than trying to model raw scores in a general
way, we choose to model the ranking of items induced
by the scores. Since common methods for evaluating
binary predictions—AUC, precision-recall curves, other
thresholded metrics like accuracy—depend only on the
ranking of items by the model, modeling score rankings
is sufficient for our goal of predictor evaluation.

We use a Thurstonian (Thurstone, 1927) model of rank-
ing where each item has a latent, normally-distributed
utility Ui, and Xi > Xj ⇐⇒ Ui > Uj . Specifically:

Ui |Yi, Pi ∼ N (µYi + δPi, 1)

Allowing the mean to vary by Yi and Pi allows us
to model two phenomena. Most obviously, positive
µ captures the tendency of the predictions to rank
positives above negatives. When δ = 0, µ is directly
related to the AUC of the predictions: AUC = P (Xi >

Xj |Yi = 1, Yj = 0) = Φ
(

µ√
2

)
.

Positive δ captures the tendency of the predictor to
give high scores to items that voters are likely to give
positive votes to, regardless of the true label. This
is important because predictors are often trained on
votes rather than golden set labels, so they can learn
the same systematic errors that voters exhibit.3

Unlike the vote model, there is no closed form marginal-
ization of the latent variables Ui and Pi in the score
model. However, for the method to scale to tens of
thousands of items, we do not want to have to per-
form Bayesian inference over a linear number of latent
variables. Furthermore, computing the likelihood of a
full ranking of n items under the Thurstonian model
requires evaluating the (n − 1)-variate normal CDF,
which is also infeasible to do many times per MCMC
proposal.

To address these issues, we summarize the full ranking
as a matrix of pairwise comparisons between items
with different vote sets. The counts of wins Wkl – the
number of times an item from vote set k is ranked
above an item from vote set l by the predictor – are
Mann-Whitney U statistics that are asymptotically
normally distributed:

Wkl ∼ N (wklCkl, σkl)

The win rate wkl can be computed under the score
model. Consider one pair of items (i, j) with known
Pi = pi and Yi = yi. Ui and Uj are independently

3This is why the crowd-sourced majority vote estimate of
AUC in Fig. 1 overestimates the model’s true performance.

normally distributed, so the probability i is ranked
above j is:

g(yi, yj , pi, pj) :=P (Ui > Uj | yi, yj , pi, pj)

=Φ

[
µ(yi − yj) + δ(pi − pj)√

2

]
Marginalizing out the latent variables requires summing
over all four possible (Yi, Yj) pairs and computing a
double integral over beta densities:

wkl = P (Xi > Xj) = P (Ui > Uj) =∑
yi∈{0,1}
yj∈{0,1}

qk(yi)ql(yj)
∫∫

pi, pj

g(yi, yj , pi, pj)fk(pi, yi)fl(pj , yj),

where fk is the posterior beta density Pi | Vi = k, Yi = y
after conditioning on the votes in vote set k:

fk(p, y) = fBeta(p; aydy + V (k), (1− ay)dy + c− V (k))

and qk is the posterior probability P (Yi = y | Vi = k):

qk(y) ∝ †

T (y)(k)ϕy(1− ϕ)1−yfBB(V (k); aydy, (1− ay)dy, c)

The double integral can be efficiently and accurately
approximated with 2-D Gauss-Jacobi quadrature. Fi-
nally, we approximate σkl = fσ(wkl, Ckl, Nk, Nl) using
the parametric approach of Hanley and McNeil (1982).

To summarize, the pseudo-log-likelihood used for infer-
ence in the score model sums a Gaussian log-likelihood
for each pair of vote sets:

L(θ) =
∑
k

∑
l<k

log [fN (Wkl; Cklwkl(θ), σkl(θ))]

where θ = (ϕ, a0, d0, a1, d1, µ, δ). Note again that the
number of computations required to compute the score
model log-likelihood does not depend on the number of
items (only the number of vote sets). Thus, Maven can
achieve constant4 posterior inference time regardless of
dataset size.

We use weakly informative priors: µ ∼ InvGamma(1, 1)
and δ ∼ Laplace(0, 10). The former ensures that µ is
positive, meaning that ground-truth positives have, on
average, higher scores than ground-truth negatives.

3.3 Inference Using a Bayesian Cut

In Bayesian inference, one would typically use an algo-
rithm like MCMC to sample from the joint posterior

†The normalizer equals qk(1) + qk(0), but is excluded
for brevity.

4Posterior inference with MCMC makes up most of
Maven’s runtime, though of course the time required for
imputation and metric estimation (see Sec. 3.4) still in-
creases with n.
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of the parameters given the observed data. However,
because our goal is to use the votes and golden set la-
bels to measure the performance of the predictor, joint
inference is not appropriate. We only want inference to
“flow” one way—we want to use the votes and labels to
estimate the performance of the predictions, but we do
not want to use the predictions to update our estimates
of voter performance. This is achieved with a Bayesian
cut (Plummer, 2015). First, we sample s draws from
the posterior of the parameters in the vote model :

θV
i = (ϕ, a0, d0, a1, d1)i ∼ P (ϕ, a0, d0, a1, d1 | D),

then we draw from the posterior of the score model,
conditioning on the vote model samples:

θS
i = (µ, δ)i ∼ P (µ, δ |θV

i ,D).

Sampling is conducted in two stages using the No-U-
Turn Sampler (NUTS) (Hoffman et al., 2014). The
first stage (sampling from the vote model posterior)
proceeds as normal. In the second stage, we follow
Plummer (2015) and condition on new vote model
parameters θV

i every b NUTS samples, allowing for
a “burn-in” phase for each new parameter set5. Only
the final score model sample of each phase is kept; the
resulting pair θi = (θV

i ,θS
i ) is one complete sample

from the Maven model.

A further benefit of conditioning on the vote model
parameters is computational. The beta densities in the
integration depend only on the vote model parameters,
while the integration is only computed when sampling
from the score model. Thus, Gauss-Jacobi roots and
weights can be pre-computed for each vote model sam-
ple, before score model inference. If joint inference was
conducted instead, the roots and weights—and their
gradients with respect to the parameters—would have
to be recomputed every step (up to thousands of steps
per NUTS sample), drastically increasing inference
cost.

3.4 Estimating Predictor Performance via
Multiple Imputation

Finally, we transform the parameter samples from the
model into estimates of predictor performance. This is
done by imputing the unknown labels under the Maven
model, creating s imputed datasets D(j)—one for each
parameter sample θj :

D(j) = {(Xi, Vi, Ŷ
(j)
i )}ni=1

Ŷ
(j)
i ∼Bern(γ̂i(θj))

γ̂(θj) =P (Yi = 1 | Vi, Xi;θj). (1)

5We found b = 10 was enough for the sampled distribu-
tion of θS to converge.

Then, let Mk be the kth metric function D → R that
computes a metric of interest (e.g., precision, recall,
AUC) given a dataset. Point estimates and credible
intervals for each metric can be computed from the
sample mean and quantiles of the set of metric estimates{
Mk

(
D(j)

)}s

j=1
.

Evaluating Eq. 1 is complicated by the fact that con-
ditioning on Xi induces a dependence between the Ui,
since the Ui must match the ordering of the raw scores.
Marginalizing out all Ui and Pi simultaneously is in-
tractable; instead, we sample from the approximate
distribution of the permutation of the order statistics
of Ui that matches the ranking of Xi:

(Z1, ..., Zn) ∼Dirichlet((1, ...1))

Qi =
∑

j:Xj<Xi

Zj

Û
(j)
i =F−1

U (Qi;θj)

where F−1
U (Q;θj) is the quantile function for the un-

conditional distribution of Ui under the parameters. If
the Ui were sampled i.i.d. from this unconditional dis-
tribution, Û (j)

i would be samples from the appropriate
permutation of the order statistics. However, Ui are
not identically distributed conditioned on Vi, so the
sampling is only approximate. In Appendix A we show
that this approximation is accurate for even very small
evaluation datasets (1000 items).

Given Û
(j)
i , the posterior probability that an item is

positive can then be computed:

P (Yi = y |Ui = Û
(j)
i ,Vi = k;θj) ∝

qk(y)

∫
p

fN

(
Û

(j)
i ;µy + δp, 1

)
fk(p, y).

4 EVALUATIONS ON SIMULATED
DATA

We begin our empirical studies with synthetic data sim-
ulated from known generative processes, which enables
us to evaluate the effectiveness of Maven, compared
with different baselines, under a wide range of settings.
Rather than simulate data from the Maven generative
process, we instead simulated from an Item-Response
Theory (Baker, 2001) model to evaluate Maven under
model misspecification. The data generation process is
described in detail in Appendix B.1.

We compare Maven against multiple baselines listed
in Table 2, each of which infers the true label Ŷi for
each item i from the observed data. Implementation
details are provided in Appendix C.
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Baseline Description

No
modeling

Mv Uses the majority vote: Ŷi = ⌊Vi

c ⌉
Gt Uses only the ground truth labels available Ti ̸= ∅ as Ŷi

Gt+Mv Combines Mv and Gt: Ŷi = Ti if Ti ̸= ∅ otherwise Ŷi = ⌊Vi

c ⌉.

Modeling
votes

DS Dawid and Skene (1979)
Oracle An approach which has access to the true P (Ti | Vi) as determined by the known

generative process. Ŷi is imputed according to these probabilities. This represents the
theoretical upper bound for any vote modeling approaches estimating P (Yi | Vi).

Modeling
votes
and
scores

DS+S A model extending DS by modeling the target model’s scores as a mixture of logit-
normals (one component for each value of Yi).

H-Ai A Bayesian model (Human-AI Complementarity) designed to combine the predictions
from humans and AI models (Steyvers et al., 2022).

Table 2: Baseline approaches used in our simulations

4.1 Evaluation Metrics

Maven’s imputation approach allows it to estimate any
metric. To illustrate this, we choose four metrics that
measure a wide range of performance characteristics:

• Human performance, specifically the average
True Negative Rate ˆTNRH of the crowd-sourced
voters.

• Model performance, using ˆAUC as a popular
metric to measure the performance of the target
model.

• Human-Model performance difference, com-
paring human ˆTPRH to the predictor’s ˆTPRM (t⋆)
at the threshold t⋆ where the TNR estimates for
both model and human are the same:

∆̂TPR(t⋆) = ˆTPRM (t⋆)− ˆTPRH

where ˆTNRM (t⋆) = ˆTNRH .

• Model-Model performance difference, mea-
suring the difference in AUC for two target models
A and B, ∆̂AUC = ˆAUCA − ˆAUCB .

4.2 Results

Using the true values known from the simulation pro-
cess, we compute the bias and credible interval (CI)
width of the estimates from Maven and different base-
lines. Figure 4 summarizes the results when we vary
the amount of ground truth labels available.

As expected across all metrics, Gt, which only uses the
ground truth labels available, provides estimates with
small biases but large CIs. Mv’s estimates, on the other
hand, have small CIs but large biases. By leveraging
the ground truth labels, Gt+Mv’s biases get smaller
when more ground truth labels are available.

The other baselines all exhibit substantial bias, espe-
cially when a small fraction of items have ground truth

Figure 3: Left: simulated class-conditional score dis-
tributions, showing bimodality in the negative class
and a heavy tail in the positive class. Right: estimated
precision-recall curves for these scores, with the true
curve in black. Only Maven is able to estimate the
curve accurately.

labels. Oracle, having access to the true P (Yi | Vi),
can perfectly estimate ˆTNRH . However, even such a
perfect model of votes cannot measure predictor per-
formance accurately, demonstrating the need for joint
modeling of votes and scores.

DS+S and H-Ai perform generally better than DS,
especially in measuring model performance ( ˆAUC) and
human-model performance difference (∆̂TPR(t⋆)).

Finally, Maven’s estimates consistently have small
biases across all metrics, which track closely with those
from Gt. Moreover, the CI widths produced by Maven
are substantially narrower than those from Gt (shown
in Figure 4’s second row), demonstrating Maven’s
effectiveness in reducing estimate variance.

4.3 Robustness to Non-normal Scores

A key reason for modeling the score ranking, rather
than the raw scores like Steyvers et al. (2022) and
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Shanmugam et al. (2025), is to make Maven robust
to different raw score distributions. Fig. 3 shows a
dramatic example of Maven successfully modeling syn-
thetic scores that deviate substantially from normality.
Appendix D explores the distributional robustness of
Maven in more detail.

5 EVALUATION ON REAL-WORLD
DATA

Maven was developed to improve the performance
estimation of production models used at Meta. In this
section we present results on models developed for two
binary tasks. Because of the sensitive nature of these
tasks, we can only present them at a high level:

• Task 1: Approximately 10% base rate. Voters
have high TNR but lower TPR. The model is a
boosted decision tree. The dataset contains 90k
items, of which 23k6 have expert labels.

• Task 2: Approximately 75% base rate. Voters
have moderate-high TPR and TNR. The model
is an LLM. The dataset contains 358k items, of
which 34k have expert labels.

In Sec. 5.2 we also evaluate Maven on the publicly-
available Wikipedia Abusive Conversations dataset (Cé-
cillon et al., 2020).

5.1 Measuring Estimator Quality

To measure the quality of Maven and the alternative
approaches, we randomly construct a dataset D′ ⊂ D to
have n items from the full dataset (ensuring ne items
have expert labels). The remaining expert-labeled
items (denoted D̄, D̄∩D′ = ∅) are used to compute the
“true” metric value m∗ = M(D̄), allowing us to evaluate
the bias of the estimate produced by each method.
Results are averaged over 10 dataset replicates.

In Fig. 1 we vary ne (holding n = 4000) and demon-
strate that Maven can reduce the CI width (compared
to Gt) on estimates of Task 1 performance without
introducing bias. Table 3a tests Maven against other
baselines and finds that they produce biased estimates
of performance for the production model used in Task 2.
In each case, results for the other task are very similar,
despite the differences in base rate, voter quality, and
model type between the tasks.

6Although the total number of expert labels per task is
in the tens of thousands, these datasets were collected over
a long period—too slowly to enable continuous monitoring
of models deployed in production against expert labels
(especially when restricted to segments of interest). In a
given segment and time period of interest we will only have
on the order of hundreds of expert labels available, so that
is what we use in our experiments.

ˆAUC ˆTNRH ∆̂TPR(t
⋆)

Mv 1.18 ± 0.04 4.47 ± 0.03 4.85 ± 0.07
DS 0.34 ± 0.06 3.30 ± 0.12 3.84 ± 0.14
H-Ai 1.90 ± 0.23 3.23 ± 0.13 1.89 ± 0.28
DS+S 3.47 ± 0.10 2.89 ± 0.12 0.35 ± 0.07
Gt 1.00 ± 0.17 1.00 ± 0.18 1.00 ± 0.15
Maven 1.11 ± 0.21 0.76 ± 0.18 0.50 ± 0.14

(a) Task 2

ˆAUC ˆTNRH ∆̂TPR(t
⋆)

Mv 1.44 ± 0.26 3.19 ± 0.16 7.59 ± 0.36
DS 3.07 ± 0.26 2.55 ± 0.26 6.88 ± 0.27
H-Ai 2.86 ± 0.13 0.68 ± 0.17 1.84 ± 0.15
DS+S 2.22 ± 0.15 2.06 ± 0.29 0.33 ± 0.12
Gt 1.00 ± 0.43 1.00 ± 0.32 1.00 ± 0.30
Maven 1.16 ± 0.21 1.01 ± 0.31 0.78 ± 0.37

(b) Wikipedia Abusive Conversations

Table 3: Absolute bias relative to Gt when estimating
metrics for two real-world datasets (n = 4000, ne = 400
in each case). Bolded entries indicate bias within 1
standard error of Gt: in both datasets, all non-Gt
baselines show substantial bias on one or more metrics.

5.2 Wikipedia Abusive Conversations Dataset

The Wikipedia Abusive Conversations dataset (Cécil-
lon et al., 2020) consists of 156k items, each annotated
by 10 reviewers for whether it contains “toxic” con-
tent. Items are also assigned a probability of being
toxic by the Perspective API toxicity model. To eval-
uate Maven on this dataset, 3 out of 10 annotations
(randomly chosen) are provided to Maven as the crowd-
sourced votes, while the “ground truth” (GT) for the
item is determined by the majority vote of the other 7
annotators.

Table 3b shows the bias of different methods when
estimating metrics using this dataset. Again, we see
that Maven shows no more bias than using ground
truth alone, while other methods are biased (often quite
badly) on at least one metric.

6 DISCUSSION

Scaling Figure 5 depicts the time required by Maven
compared to the alternative Bayesian approaches we
tested. As expected, Maven’s runtime is almost con-
stant in the number of items used in the evaluation.

AutoEval Maven can complement AutoE-
val (Boyeau et al., 2025) when estimating an
appropriate metric like model accuracy. To show this,
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Figure 4: Bias and CI width when varying the amount of ground truth labels available. As we increase the
fraction of ground truth labels, the bias and variance are expected to decrease. The bias plots show that Maven
and Gt perform best and track closely together, while Maven’s CIs are significantly smaller than those from Gt.

Figure 5: Compared to alternative Bayesian models of
votes and scores, Maven achieves both a lower absolute
runtime and more favorable scaling as the number of
items increases.

we evaluated Task 1 model accuracy using AutoEval,
provided with either the raw model scores (Ti, Xi) or
the Maven posterior probabilities (Ti, γ̂i). Across
the different runs described in Sec. 5.1, we found
that combining Maven and AutoEval resulted in an
average of 13% less absolute bias and 36% narrower
confidence intervals compared to AutoEval with
raw scores alone. The methods are therefore strong
complements to one another; Maven also inherits the
frequentist guarantees of AutoEval when used in this
way.

Labeling Efficiency To study the gain in labeling
efficiency that Maven could enable (by reducing the
reliance on scarce expert labels), we ran Maven on
the Task 2 dataset, varying n and ne. We found that a
dataset with n = 50k and ne = 16k produced the same

estimates of ∆̂TPR(t⋆) (in terms of point estimate and
CI width) as a ground-truth only estimate that used
all 34k expert labels. Factoring in the relative labeling
effort required to obtain expert versus crowd-sourced
labels for this task, using Maven improved overall
labeling efficiency by 42%.

Limitations and Future Work Maven performs
well in real-world systems; however, there are two main
extensions we plan to pursue. First, Maven cannot
model predictors that are locally non-monotonic (where
increasing score corresponds to decreasing probability
of a positive) conditional on the votes. In many cases
it is reasonable to have a strong prior of monotonicity—
indeed, this limitation is shared by both of the Bayesian
approaches we compare to. Future work will explore
the possibility of enriching the Maven model to handle
these cases.

Second, we hope to extend Maven to multiple classes
and multiple scores. However, it is non-trivial to do
this while maintaining the inference efficiency that we
have achieved.
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A APPROXIMATING THE ORDER
STATISTICS

To test the accuracy of the approximation of the order
statistics presented in Sec. 3.4, we simulate data from
the Maven data generating process (Algorithm 1) with
parameters θ∗, and compare the Maven-estimated pos-
terior probabilities γ̂i = P (Yi = 1 | Vi, Xi,θ

∗) (where
only the ranking of the Xi are used, not the raw val-
ues) with the true probabilities γi calculated with the
raw Xi values (computed by setting Ui = Xi in the
equations in Sec. 3.4). Note that in both cases the true
parameters θ∗ are used; the only difference is how we
condition on the scores.

Figure 6 shows this comparison for simulated data with
ϕ = 0.5, a0 = 0.1, a1 = 0.6, d0 = 1.5, d1 = 1.5, µ = 0.5,
δ = 3, c = 3, conditioning on scores at the 1st, 50th,
and 99th percentile of the distribution of Xi, and on
each of the four possible vote sets. With 100 items,
the distribution of Maven estimates γ̂i closely follows
the true distribution of γi, though there are small
differences. With 1000 items, however, these differences
disappear and the approximation is essentially perfect.

Algorithm 1: Maven data generation process
Input: θ = (ϕ, a0, a1, d0, d1, µ, δ), c
foreach item i in [1, n] do

Draw Yi ∼ Bern(ϕ)
Draw Pi ∼ Beta(aYi

dYi
, (1− aYi

)dYi
);

Draw Xi ∼ Normal(µYi + δPi, 1);
Draw Vi ∼ Binomial(Pi, c);

B SIMULATION DETAILS

B.1 IRT data generation procedure

Algorithm 2 describes in detail the generation process
of the simulated data used in Sec. 4 of the main paper.
Specifically, each human voter j is characterized by a
skill Sj which is normally distributed with mean µd and
variance σd. Similar to Algorithm 1, each item i has a
true label Yi generated from a Bernoulli distribution
parameterized by the base rate ϕ. In addition, each
item i has a normally distributed difficulty Di. For
each of the c votes that an item i receives, we randomly
select a human voter j and the corresponding vote Vij

is generated from a Bernoulli distribution Bern(Pij)
parameterized by Pij = σ (o+ (Sj −Di)(2Yi − 1)).

Figure 4 in the main paper reports the results for
simulated data of size n = 10000 with ϕ = 0.2, µs = 3.0,
σs = 2.0, µd = 0.5, σd = 2.0, o = −1.0, and c = 3.

Algorithm 2: IRT data generation procedure
Input: θ = (ϕ, µs, σs, µd, σd, o), c
foreach voter j in [1, nv] do

Draw Sj ∼ Normal(µs, σs)
foreach item i in [1, n] do

Draw Yi ∼ Bern(ϕ);
Draw Di ∼ Normal(µd, σd);
Draw Ai ∼

({1,...,nv}
c

)
;

foreach voter j in Ai do
Set Pij = σ (o+ (Sj −Di)(2Yi − 1)) where
σ denotes the sigmoid function;

Draw Vij ∼ Bern(Pij);
Draw Xi ∼ Normal

(
µTi +

δ
c

∑
j Pij , 1

)
;

C BASELINE IMPLEMENTATION
DETAILS

The three Bayesian baselines we compare to—Dawid-
Skene (DS), Dawid-Skene + Scores (DS+S), and
Human-AI Complementarity (H-Ai, Steyvers et al.
(2022))—are implemented in Pyro (Bingham et al.,
2019) and posterior samples are drawn using NUTS
(Hoffman et al., 2014). 1000 warmup samples are used
for each of 10 chains, before a total of 500 samples
are drawn from the posterior (50 per chain). Each
model produces per-item estimates of γ̂i = P (Yi =
1 | Vi, Xi,θ) in terms of the posterior parameters θ;
metrics are calculated by imputing the missing labels
according to these probabilities as detailed in Sec. 3.4.
In the subsequent sections we describe implementation
details specific to each baseline.

C.1 Dawid-Skene

Our implementation of Dawid-Skene exactly follows
the vote model presented in Sec. 3.2.1, except Pi is
fixed rather than drawn from a beta distribution: Pi =
aYi

. Thus, we model all voters as having a single
confusion matrix with TPR = a1 and TNR = 1− a0.
Without the beta distribution, parameters d0 and d1
are unnecessary. We use the same weak priors as the
Maven vote model.

C.2 Dawid-Skene + Scores

To incorporate scores into the Dawid-Skene model, we
model the scores as a mixture of Gaussians:

µ0, µ1 ∼ Normal(0, 1)
σ ∼ HalfNormal(1)

Xi |Yi ∼ Normal(µYi
, σ) .

If the observed scores are probabilities, we logit-
transform them before applying this model. The rest of
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Figure 6: Distribution (mean and 95% CIs) of logit(γ̂i(θ∗)) computed by Maven compared to distribution of true
logit(P (Yi = 1 | Vi, Xi;θ

∗)), at different score percentiles and dataset sizes. Each color conditions on a different
vote set Vi (from left to right: Vi = 0 through to Vi = 3). For evaluation datasets larger than 1000 items the
Maven distributions match the true distributions very closely, even at extreme percentiles.

the model matches the Dawid-Skene model described
above.

C.3 Human-AI Complementarity

Small modifications to the model presented by Steyvers
et al. (2022) were required to make it work in our
setting. The core of their model remains: the mixture
of bivariate normal distributions that models the latent
tendency of the human and the target model to give,
respectively, positive labels and high scores:

(λH,i, λM,i) |Yi ∼ Normal
((

µH,Yi

µM,Yi

)
,

(
σ2
H ρσHσM

ρσHσM σ2
M

))

They model the scores as Xi = σ(λM,i); we omitted
this sigmoid transformation when scores were already
supported on the reals (as in Alg. 2 and Alg. 1) rather
than [0, 1]. Otherwise, the model score part of their
Bayesian model was left unchanged.

On the vote side, their setting uses a single human
label per item (Vi), as well as a discrete score (Ri)
measuring the human’s confidence (low, medium, high).
For binary tasks, these are modeled as follows:

γH,i = σ(λH,i)

Vi ∼ Bern(σ(2γH,i − 1))

Ri ∼ OrderedProbit(γH,i, s, δ)

(The repeated sigmoid is because the softmax is used
to generate categorical distribution probabilities when
Yi can take more than 2 classes.)

Since our setting is binary, has multiple votes, and no
confidence score, we simplified this to a probit model:

Pi = Φ(λH,i)

Vi ∼ Binomial(Pi, c) .

We use the following priors:

ϕ ∼ Unif(0, 1)
µH,0 ∼ Normal(0, 1)
µM,0 ∼ Normal(0, 1)

µH,1 − µH,0 ∼ HalfNormal(1)
µM,1 − µM,0 ∼ HalfNormal(1)

ρ ∼ Unif(ϵ− 1, 1− ϵ)

σH = 1

σM ∼ HalfNormal(1)

The differences between means µ are constrained to be
positive to ensure that voters are more likely to give
positive labels to positives than negatives, and that
higher model scores correspond to a higher probability
of a positive.

D DISTRIBUTIONAL ROBUSTNESS

We use the following simulation approach to test
Maven’s ability to handle score distributions that de-
viate from the mixture of normal distributions used to
model the latent utility. First, we select parameters a,
b, and m that describe a beta calibration curve (Kull
et al., 2017). Then we draw scores Xi from a mixture
of beta distributions, and transform them according to
the beta calibration function. Finally, we draw labels
Yi according to the calibrated probabilities. The result-
ing conditional distributions Xi |Yi = 0 and Xi |Yi = 1
(with CDFs F0 and F1 respectively) can take a wide
variety of shapes (see Fig. 7), while the beta calibra-
tion step ensures that the probability of a positive label
is monotonic in the scores—which is expected by the
methods we test.

To generate a complete dataset of scores and votes,
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we use Algorithm 3. Votes are drawn from the beta-
binomial model used by Maven, while a Gaussian
copula is used to induce correlation between the scores
Xi (with class-conditional marginal distributions de-
fined by F0 and F1) and the latent vote probability
Pi.

Algorithm 3: Data generation procedure to test
robustness to different score distributions
Input: ϕ, a0, a1, d0, d1, ρ, F0, F1

foreach item i in [1, n] do
Draw Yi ∼ Bern(ϕ)
Draw (UP

i , UX
i ) ∼ CopulaGauss(ρ);

Set Pi = F−1
Beta(U

P
i ; aYidYi , (1− aYi)dYi);

Set Xi = F−1
Yi

(UX
i );

Draw Vi ∼ Binomial(Pi, c);

Figure 7 shows results on four different score dis-
tributions. Only the score distributions change be-
tween plots, the other parameters are held at ϕ = 0.3,
a0 = 0.2, a1 = 0.4, d0 = 1.5, d1 = 1.5, ρ = 0.5.
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(a) a = 0.5, b = 1,m = 0.25, q = 0.5, ϕ0 = 0.3, ϕ1 = 0.8, d0 = 1, d1 = 5

(b) a = 2, b = 2,m = 0.5, q = 0.5, ϕ0 = 0.2, ϕ1 = 0.5, d0 = 10, d1 = 5

(c) a = 0.5, b = 0.5,m = 0.25, q = 0.5, ϕ0 = 0.5, ϕ1 = 0.8, d0 = 10, d1 = 10

(d) a = 1, b = 0.5,m = 0.75, q = 0.5, ϕ0 = 0.3, ϕ1 = 0.8, d0 = 5, d1 = 10

Figure 7: Comparison of different Bayesian models combining scores and votes across various score distributions.
Left column: beta calibration curve P (Yi = 1 |Xi). Center column: class-conditional score distributions X|Y = y.
Right column: precision-recall curves estimated by each model using n = ne = 4000 synthetic samples (generated
using the parameters in the sub-captions). The true precision-recall curves are shown in black.


	Introduction
	Related Work
	Maven
	Preliminaries
	Bayesian Model
	Vote Model
	Score Model

	Inference Using a Bayesian Cut
	Estimating Predictor Performance via Multiple Imputation

	Evaluations on Simulated Data
	Evaluation Metrics
	Results
	Robustness to Non-normal Scores

	Evaluation on Real-world Data
	Measuring Estimator Quality
	Wikipedia Abusive Conversations Dataset

	Discussion
	Approximating the order statistics
	Simulation Details
	IRT data generation procedure

	Baseline implementation details
	Dawid-Skene
	Dawid-Skene + Scores
	Human-AI Complementarity

	Distributional robustness

