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Abstract

With the emergence of Large Language Models (LLMs), data anno-
tation workflows are increasingly shifting toward hybrid systems
where LLM-generated labels complement or replace human ef-
fort. However, effectively incorporating these non-deterministic
signals into existing human labeling processes remains a challenge,
particularly in complex industrial settings involving multiple cor-
related tasks and diverse model architectures. In this work, we
introduce CALCo, a comprehensive system deployed at scale, de-
signed to integrate LLM and human labels in a principled manner.
At the core of CaLCo is a novel hierarchical Bayesian model that
explicitly captures the complex dependencies inherent in the multi-
task, multi-LLM annotation process. Unlike traditional approaches
that treat annotation inputs in isolation, CALCo jointly models
the inter-dependencies across related tasks and the correlations
among diverse LLMs. This holistic approach allows the system
to share statistical strength across questions and capture shared
error profiles among models. We demonstrate the efficacy of our ap-
proach through extensive empirical results on both simulated and
real-world datasets, showing that CALCo significantly outperforms
baseline methods in a wide range of applications.
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1 Introduction

With the rapid emergence and increasing capabilities of Large Lan-
guage Models (LLMs), the landscape of data annotation is undergo-
ing a fundamental shift. It is becoming increasingly popular to uti-
lize labels generated by LLMs, either as a replacement for or in con-
junction with human annotations, giving rise to “LLMs-as-Judges”
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and “LLMs-as-Labelers” paradigms [3, 4, 34]. This shift promises to
scale data production and evaluation significantly; however, it also
introduces the complexity of managing non-deterministic, machine-
generated outputs alongside traditional crowd-sourced data.

A primary challenge in this evolving landscape is determining
how to incorporate LLM-generated labels into existing human la-
beling processes in a principled, statistically-sound way [39]. While
LLMs can be cost-effective, they are not infallible, often exhibit-
ing specific biases or hallucinations [16]. Basic methods such as
averaging and thresholding probabilities or treating LLMs as inde-
pendent “experts” can lead to suboptimal results. To fully leverage
the complementary strengths of humans and Al, we require ro-
bust probabilistic frameworks capable of calibrating these diverse
signals and combining them to infer ground truth with high confi-
dence [33].

Figure 1 illustrates the multi-task hybrid labeling workflow con-
sidered in this work. For a given input (e.g., a social media post),
the system collects signals from a diverse set of agents, compris-
ing continuous probability scores from multiple LLMs (e.g., GPT-4,
Llama) and discrete labels from human annotators. These agents
annotate multiple semantically related tasks simultaneously—such
as Toxicity, Sentiment, and Topic—where the label prevalence in
one task (e.g., “Toxic”) inherently carries statistical information
about another (e.g., “Negative” Sentiment). This setup produces a
heterogeneous set of noisy observations, ranging from granular con-
fidence distributions provided by Al models to sparse, categorical
votes provided by humans.

Further complications arise in multi-task annotations, in which
annotators (Al and humans) are asked multiple related tasks (or
questions) regarding a given “job", such as assessing a sample of
posts in a social network for their topics, sentiments, and whether
they are potentially offensive. Such tasks often have dependencies;
the difficulty or prevalence of one task often informs another. As
such, there are opportunities to save resources by reducing the
number of annotators deployed for each task. By modeling these
inter-dependencies, a system can leverage information from high-
confidence annotations in one task to improve inference in related,
sparse, or noisy tasks.

Finally, industrial deployments often have access to multiple
models, ranging from traditional machine learning classifiers to
various LLM families (e.g., Llama [37], GPT [1], Gemini [35]). These
models can exhibit varying levels of performance and operational
costs, and can be correlated. For example, models fine-tuned from
similar base architectures (e.g., GPT-5.2, GPT-5 mini, and GPT-5
nano) likely share failure modes. Ignoring these correlations can
lead to overconfidence in consensus predictions when models make


https://doi.org/10.1145/3770855.3818140
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3770855.3818140

KDD ’26, August 09-13, 2026, Jeju Island, Republic of Korea

8

Input Al Labeling Agents

Task 1: Toxicity Detection
T3: {Politics:0.2, Sport:0.7, Art:0.1}

{Toxic, Non-toxic} % g GPT

T1: {Toxic: 0.3, Non-toxic: 0.7}

T3: {Politics:0.3, Sport:0.4, Art:0.3}
— {Positive, Neutral, Negative}

Task 3: Topic Classification

Gemini
D T1: {Toxic: 0.1, Non-toxic: 0.9}

{Politics, Sport, Art} T3: {Politics:0.1, Sport:0.8, Art:0.1}

D T1: {Toxic: 0.2, Non-toxic: 0.8} |

H T2: {Positive: 0.3, Neutral:0.3, Negative: 04}

Task 2: Sentiment Analysis | D T2: {Positive: 0.8, Neutral:0.1, Negative: 0.1}
[ D m—

T2: {Positive: 0.1, Neutral:0.1, Negative: 08}

Viet-An Nguyen, Xu Chen, and Udi Weinsberg

Human Labeling Agents

. T1: Non-toxic
T2: Negative

- T3: Sport Task 1: Toxicity Detection
: : : {Toxic:0.1, Non-toxic:0.9}
: ' T1: Non-toxic H Task 2: Sentiment Analysis
[:> T2: Positive :>
: ' AR s ; : {Positive:0.1, Neutral:0.1,
H : ! : Negative: 0.8}
l T1: Non-toxic Task 3: Topic Classification
TZ: Negative {Politics:0.05, Sport:0.9,
A st Art:0.05}

Figure 1: Illustration of the multi-task labeling process we focus on in this paper

identical errors. Therefore, capturing the correlations among multi-
ple models—specifically their shared latent archetypes or families—is
important for an accurate and efficient labeling system.

In this paper, we address these challenges by proposing CaLCo,
a comprehensive framework for multi-task, multi-LLM, and human-
in-the-loop annotation. Our main contributions are as follows:

e We introduce a hierarchical Bayesian modeling approach for
multi-task labeling processes. Unlike previous works that
often treat tasks or annotators independently, our model
explicitly captures the correlations across tasks and across
models, which allows for more robust inference of ground
truth labels and better estimation of annotator/model relia-
bility.

o We report extensive empirical results on both simulated data
and real-world applications. We demonstrate that CALCo
significantly outperforms baseline aggregation methods in
terms of accuracy and efficiency, particularly in scenarios
involving correlated tasks and diverse model ensembles.

e We describe a large-scale deployed system that integrates
LLM-generated labels into existing human labeling processes
in a principled, statistically grounded manner. This system
manages the trade-off between efficiency and quality, dy-
namically allocating human effort where it is most needed.

2 Related Work

The emergence of LLMs has shifted data annotation paradigms
toward “LLMs-as-Labelers” and “LLMs-as-Judges,” where models
generate or evaluate data at scale [3, 4, 10, 34]. While promising,
replacing human judgment entirely is complicated by issues such as
bias and the “Parrot Dilemma” [22]. Consequently, the field is mov-
ing toward hybrid architectures that integrate LLMs with human-
in-the-loop processes. Systems such as MEGAnno+ [14] and CoAn-
notating [18] facilitate collaborative annotation, leveraging the
complementary strengths of human reviewers and Al [17, 33, 41].
Research has also focused on allocation strategies, determining
when to rely on models versus humans based on correctness likeli-
hood and trust [20, 23].

Incorporating LLM signals effectively requires addressing their
non-deterministic nature. Prior work emphasizes the importance

of confidence elicitation and calibration to ensure model outputs
are reliable for decision-making [8, 42]. Techniques such as self-
training [19] and verbalized confidence [36] have been explored to
improve uncertainty expression. However, relying on uncalibrated
annotations can lead to confident yet erroneous conclusions [9],
necessitating robust frameworks to manage these risks [40].

Researchers have extensively utilized Bayesian frameworks to
merge diverse signals from humans and models. Foundational ap-
proaches like the Dawid-Skene model [6] estimate observer error
rates but often treat annotators as independent. Recent methods
combine human predictions with model probabilities via confusion
matrices and calibration [13].

CarCo extends the literature on correlated consensus prediction.
Previous studies have explored Bayesian combination of probabilis-
tic classifiers using multivariate normal mixtures [27] and explicit
models of correlation for classifier fusion [38]. Recent work on
Bayesian inference for correlated experts [12] models expert corre-
lation via joint latent representations to minimize human queries.
Similarly, online learning frameworks have been developed for
consensus prediction to handle streaming data [32]. CaLCo builds
on these by employing Logistic-Normal distributions [2, 15] to
capture task prevalence dependencies, and introduces hierarchical
structures to account for shared error profiles in LLM families.

3 Background and Motivation

We formally motivate our design by analyzing two statistical phe-
nomena inherent to hybrid labeling: (1) the limitations of aggregat-
ing correlated agents (specifically LLMs), which leads to underesti-
mated variance if unaddressed; and (2) the opportunity to reduce
sample complexity by leveraging correlations between tasks.

3.1 Preliminaries

We consider a multi-task classification setting aiming to infer ground
truth labels for a dataset of N items, denoted by 7 = {1, ..., N}. Each
item i is associated with T distinct tasks. For each task t € {1,..., T},
the output space is a categorical set of K; unique classes. The true
latent label for item i on task ¢ is denoted by y;; € {1, ..., K;}.

Since y;, is unobserved, we rely on noisy annotations from two
distinct sets of labeling agents:
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(1) Human Agents (or reviewers/annotators): Let A = {1, .., A}
denote the set of human annotators who provide discrete
labels {r;;}.

(2) AI Agents (or LLMs/models/classifiers): Let M = {1, ..., M}
denote the set of Al models which provide continuous score
vector {Sism}-

Our objective is to infer the posterior distribution of y;, and
the reliability parameters of all agents given the observed human
labels R and Al scores S. A summary of the key notations used
throughout this paper is provided in Table 1.

Notation

Description

N, T Number of items and tasks
K, Number of classes for task t

A,A Set and count of Human agents

M, M Set and count of Al agents

Ji Number of human labels item i receives

F Number of latent Al agent archetypes

yir €{1,...,K;} | Latent true label for item i, task ¢

ritj € {1,...,K:} | j-thdiscrete label for task t of item i

a;j €{1,...,A} | TheID of the Human agent providing the j-th

annotation for item i

Sitm € AK71 Continuous score vector from Al agent m

i Item-specific class prevalence vector
Dar Confusion matrix for Human agent a
Um.t Confusion matrix for Al agent m

Table 1: Key notations used in the CarLCo framework.

3.2 The Opportunity of Task Dependency

As discussed in Section 1, multi-task annotation scenarios—where
agents (Al or human) are asked to assess multiple related aspects of
a given “job”—are common in real-world applications. For example,
evaluating social media posts for topic, sentiment, and offensiveness.
These tasks are often dependent: the prevalence or difficulty of one
task can inform another. Modeling task dependencies allows us to
use annotations from one task to improve inference and reduce
effort for related, less certain tasks. Task correlation thus enables
more efficient annotation by sharing information across tasks.

To formalize this intuition, we consider a scenario involving two
dependent tasks A and B, without loss of generality to multi-task
settings. Following the notations in Table 1, the distributions of
the unobserved true labels y4 and yg are governed by the preva-
lence vector 64 and 0p, respectively, with y4 ~ Dirichlet(6,4), yg ~
Dirichlet(6p). The task dependency forms the basis for the follow-
ing result on variance reduction.

Proposition 1 (Variance Reduction via Task Correlation). Acquir-
ing information about Task A reduces the uncertainty in inferring the
other Task B, that is

E[Var(0p | 04)] < Var(0p)

and the reduction in variance is Var (E [0p | 64]), the part of variance
explained by B.
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Remark 1. The proof follows directly from the law of total vari-
ance. In our proposal, as detailed in Section 4.1, we model the task
dependency by introducing a latent vector q and constructing a mul-
tivariate Gaussian to capture inter-task dependencies. This approach
circumvents the simplex constraint on 0. For binary tasks, we have

o) (25} 557

qB ps) \poaos o

and the conditional variance reduction simplifies to the classical result
Var(qp | qa) = o%(l —pz) < 012; = Var(qp)

indicating that the uncertainty of Task B is strictly reduced by observ-

ing Task A, provided that the two tasks are dependent (i.e., p # 0).

The reduction factor p? represents explained variance by shared in-
formation from Task A.

While the theoretical result is not surprising, the intuition on
variance reduction under dependency underscores both the benefit
and necessity of explicitly modeling the dependency structure; this
insight directly motivates our modeling approach. By capturing
these dependencies, we can leverage information from related tasks
to achieve a target confidence threshold with fewer direct samples
than would be required under an independence assumption.

3.3 The Challenge of AI Agent Correlation

In contrast to the beneficial role of task dependency, correlation
among Al agents introduces a distinct challenge: if ignored or left
unmodeled, it drives uncertainty misleadingly low, producing over-
confident and biased estimates. With the score vectors from multiple
agents, a common approach in ensemble methods and meta-analysis
is to aggregate scores via a weighted average, where the weights
are derived from the estimated variance of each source—typically
by taking the inverse variance and normalizing [11]. While this
strategy appropriately accounts for heterogeneous reliability across
sources, it overlooks the dependency structure among agents. When
the assumption is violated, this estimation procedure can yield ar-
bitrarily poor uncertainty quantification, even asymptotically. We
formalize this phenomenon in the following theorem, which es-
tablishes that the variance underestimation induced by ignoring
cross-agent correlation does not vanish as the number of agents
Erows.

Consider M Al agents producing score vectors {s,, }M_ € AK~1,
Let Vi, = Cov(sy) and Vi, = Cov(sy, sp). Denote the weighted
average ensemble as §,, = Z],\,f:l WmSm, Where the weights {w,, }f‘n’f:l
satisfy

M
Assumption 1 (Regularity Conditions). (R1)Normalization: Z Wi
m=1
1; (R2) Non-negativity: wy, > 0 for all m; (R3) Bounded influence:
W < C/M for some constant C > 0

Furthermore, assume persistent positive cross-correlation among
agents:

Assumption 2 (Persistent Covariance). (C1) There exist Tymin > 0
and a positive definite matrix Vin > 0 such that

1

E(an + V) = Tmin - Vinin  forallm # n. 1)

Under these assumptions, we have:
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Theorem 1 (Persistent Variance Underestimation under Agent
Correlation). Define the true and naive covariance matrices of the
weighted average as:

M M
Virue = Z Z Wi WnVmn,

m=1 n=1

M
Vaive = Z Wrznvm' (2)
m=1

Then the bias matrix Ay := Virye — Vinaive Satisfies:

]\/llim ApM = Tmin * Vinin > 0 (3
In particular:

(1) (Non-vanishing total bias) Nljim tr(Ap) = Tiin - tr(Vinin) > 0;

A
(2) (Divergent relative error) lim [ AumllF -
M—eo ”Vnaive”F

A proof'is in Appendix 9.2.

Remark 2 (Inverse-variance weighting is insufficient). The condi-
tion (R3) is satisfied by inverse-variance weights whenever the individ-
ual variances are lower bounded—no one Al agent gives perfect label.
Thus, the practice of variance-based weighting offers no protection
against the bias induced by unmodeled correlation.

Remark 3 (The relative error diverges). While the naive variance
Viyaive = O(1/n) — 0, the bias Ayy — V* > 0 remains strictly
positive. Consequently, the relative underestimation

”Vtrue - Vnaive”F 5 400 (4)
”Vnaive ”F
grows without bound—a concerning pathology for large-scale agent

ensembles.

4 Modeling Approach

We address the challenges and opportunities identified in Section 3
via CALCo, a hierarchical Bayesian model. Our design directly maps
to the motivations above:

(1) Bias Correction: By inferring latent confusion matrices i/, ;
and ¢, s, CaLCo mathematically inverts the systematic bias
identified in Section 3.3, aligning with the “misclassification-
adjusted estimator” recommended by Lee et al. [16].

(2) Variance Management: By grouping models into archetypes
with precision y, CALCo constrains the effective sample size,
respecting the variance floor caused by agent correlations
(Theorem 1).

(3) Efficiency: By learning the covariance matrices between
tasks X9, CALCo enables the borrowing of statistical strength
(Proposition 1), allowing for accurate inference on sparse
tasks by leveraging data from dense, correlated tasks.

4.1 Modeling Item-Specific Task Prevalence

Standard aggregation methods (e.g., Dawid-Skene [6] and its exten-
sions [25, 26]) often assume a single global class prevalence vector
for each task. However, in multi-task settings, the prevalence of
labels often varies significantly from item to item based on the
item’s latent context. For example, an item about “Politics” (Task A)
is far more likely to be “Toxic” (Task B) than an item about “Sports”.

To capture these item-specific dependencies, we model a local
prevalence vector 6;, € AKXt~ for each item i and task ¢. To en-
able information transfer across tasks, we model the correlations
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between these vectors in a transformed continuous space, similar
to prior work [12, 15, 27] leveraging the Logistic Normal distribu-
tion [2]. We map each probability vector 6;, to the unconstrained
real space using the Additive Logistic Transformation (ALT). Let
Qi € RK:~1 be the transformed vector for item i on task ¢:

QA
Gitke = log ( 5 bk ) (5)

K,
We concatenate the vectors for all T tasks into a single latent vector
Qi =[qits--qr] € RK-T We assume that for every item i, this
vector is drawn from a global multivariate Normal distribution that
captures the task correlations:

qi ~ N (g, Z0) (6)

Here, p1 represents the global average prevalence in ALT space, and
X captures the covariance structure (e.g., the correlation between
“Politics” in Task 1 and “Toxic” in Task 2). We model 3¢ using an
LKJ-Cholesky prior to efficiently learn these correlations:

Ly ~ LKJCholesky(#g) (7)
Yo = diag(ag)Lngdiag(Jg) (8)

Finally, the item-specific prevalence 8;, is recovered via the inverse
ALT (Softmax):

0;,; = Softmax([q; s, 0]™) )
This formulation allows statistical strength to be shared: observing
a hard label for Task A updates the posterior for q;, which, via Zg,
shifts the prior 8;, for Task B, enabling robust transfer learning.

4.2 Modeling Human Agent Performance

Following standard practice in the crowdsourcing literature [6, 25,
26], we employ a confusion matrix to model the performance of each
human agent. Specifically, for each reviewera € {1,-- - , A} and task
t, the confusion matrix ¢,; € RKexK: characterizes classification
behavior. Each row k € {1,---,K;} of this matrix represents a
probability distribution over the K; possible labels given that the
true label is k. We assume these rows are independently drawn
from a Dirichlet distribution:

¢ark ~ Dirichlet (ﬁ¢) (10)

where f is a hyperparameter.

4.3 Modeling AI Agent Performance and Their
Correlations

For an item i and task ¢, each Al agent m € {1,---, M} outputs a
score vector s; ; , € Rz, Similar to our treatment of human agents,
we characterize the performance of Al agent m for task t via a
confusion matrix Y, € RX*Kt To account for the fact that LLMs
and ML models are often derived from similar architectures or
trained on overlapping datasets, we consider approaches to capture
the inter-model correlations. Specifically, for each task ¢t € [1,T] and
each true label k € [1, K;], we capture the dependencies among the
probability vectors {lﬁm,t,k}%:p which allows CarCo to learn, e.g., if
two specific LLMs are likely to make the same type of classification
error.

We consider a hierarchical approach by assuming the M Al
agents belong to F archetypes (or families), where F <« M. Each
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archetype f € {1,..., F} is characterized by a base confusion matrix
whose k-th row is drawn from a global prior:
l,&f’,,k ~ Dirichlet(ﬁ‘p) (11)

where f is a hyperparameter similar to B above.

The specific confusion matrix for Al agent m, belonging to
archetype z,,, is then generated as a concentrated perturbation
of its archetype’s base matrix. The degree of similarity is controlled
by a precision parameter y > 0:

Ym,ex ~ Dirichlet(y - ¥, +x) (12)

In this formulation, a large y implies that models within the same
family have highly similar performance characteristics, whereas a
small y allows for greater intra-archetype variation.

In scenarios where the specific mapping of models to archetypes
is unknown, we treat the archetype assignment z,, € {1,---,F}
as a latent variable to be inferred. We assume a global mixing
distribution 7 € AF~! drawn from a symmetric Dirichlet, from
which the archetype assignment for Al agent m is sampled as:

7 ~ Dirichlet(a) zm ~ Categorical () (13)

where « is a hyperparameter.

4.4 Generating the Observed Data

For each item i and task ¢, we assume a latent true discrete label
yi; drawn from the prevalence 0;,: y;; ~ Categorical(6;,).

Let a; ; denote the human reviewer providing the j** annotation
for item i. The observed label for task ¢ is generated according to
the reviewer’s the confusion matrix ¢, ;  conditioned on the item’s
latent true label y;;, as follows:

Titj ~ Categorical((]Saiyj,,,yi,t ) (14)

Similarly, the performance of Al agent m on task t is governed by
its confusion matrix ¥, ;. Since the Al agent outputs a continuous
score vector s;;, € RXt (where 3 s;smk = 1) rather than a dis-
crete label, we model s; ,, using a Dirichlet distribution centered
on the corresponding row of the confusion matrix:

Sitm ~ Dirichlet(l . l//m,t’yi,t) (15)

5 Posterior Inference

Given the observed human labels R = {r;, ;} and Al scores S =
{Sit.m}, we seek to infer the posterior distribution of the latent vari-
ables Z = {3y, 0, §, Y }. Exact inference is intractable due to the
non-conjugacy of the Logistic-Normal prior and the hierarchical
dependencies. We employ Stochastic Variational Inference (SVI)
to approximate the posterior p(Z | R, S) with a variational family
Q:(Z) parameterized by £. To ensure scalability for large-scale pro-
duction data, we use two key techniques: (1) Amortized Variational
Inference [7, 21] using a neural inference network for item-specific
prevalence {6;,}, and (2) Collapsed Inference to marginalize out the
discrete latent variables {y;,} and {z,}.

5.1 Variational Approximation

We assume a mean-field factorization for the global and agent-
specific parameters, while retaining the covariance structure for
item-specific parameters. The variational posterior is factorized as:
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Figure 2: Graphical representation of the hierarchical
Bayesian model used in CaLCo. Circle nodes represent ran-
dom variables, shaded nodes are observed, diamond nodes
represent hyperparameters, edges are probabilistic depen-
dencies, and plates represent repetition.
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The specific variational distributions are defined as follows:

Global Correlations (Q(Xg)). We approximate the posterior of
the task correlation matrix using a point estimate (Delta distri-
bution) on the Cholesky factor Ly, constrained such that 3y =
diag(o)LgL} diag(o).

Agent Parameters (Q(¢$), Q(1/), Q(¢), Q(r)). For every human
agent a and Al agent m, the variational posteriors for their confusion
matrix rows are modeled as independent Dirichlet distributions
with learnable concentration parameters. Similarly, the archetype
mixing weights s and base confusion matrices i are governed by
variational Dirichlet distributions.

Amortized Item Prevalence (Q,(6;|s;)). Instead of learning free
variational parameters for every item i (which scales linearly with
N), we employ an Inference Network (Encoder) parameterized by v.
The encoder takes the aggregated Al agent scores s; as input and
outputs the location parameter y; for the latent prevalence in ALT-
space. To preserve the learned task correlations, the variational
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distribution for item i shares the global covariance structure:
Q(q; | s;) = N(Encoder,(s;), Zg) (16)

where q; is the ALT-transformed prevalence vector. This amorti-
zation reduces the complexity of the variational parameters from
O(N X (K —=T)) to O(]v]), the constant size of the encoder network,
thereby decoupling CaLCo’s complexity from the dataset size.
Additionally, the Encoder enables our framework to condition
the latent prevalence on any item-specific feature vector x;. This
formulation generalizes a rich line of prior work that models the
dependency between instance features and ground truth labels
using fixed architectures, such as logistic regression [28, 29] and
Gaussian Processes [24, 30, 31]. In the specific case where x; con-
sists of the aggregated Al agent scores (as implemented in our
experiments in Section 7.3), the Encoder functions as a non-linear
calibration mechanism. This extends the approach of Kerrigan et
al. [13], which aligns raw model scores with human labels using a
restricted, single-parameter Temperature Scaling function.

5.2 Marginalization of Discrete Latent Variables

We utilize Stochastic Variational Inference (SVI) to optimize the
ELBO. Standard gradient estimators for SVI (such as the reparame-
terization trick) require latent variables to be continuous and differ-
entiable. Our model, however, contains two sets of discrete latent
variables: the ground truth labels y; ; and the AT agent archetype
assignments z,,. To enable fully differentiable training, we analyti-
cally marginalize these discrete variables from the objective.

Marginalizing Ground Truth (y;;). For every item i and task
t, the true label y;; is a categorical variable. We sum over the K;
possible classes to compute the marginal likelihood of the observed
human labels r; ; and Al scores s; ;. This is efficiently implemented
using the LogSumExp operation: log p(ri;, iy | 6ir, . ¢) =

K¢ Ji M
log Y |p(ie =k 16:0) [ [ pCries 1 vie =k ®) [ | p(Sim | 9 =)
k=1 Jj=1 m=1

Marginalizing Archetype Assignments (z,,). When the map-
ping between Al agents and archetypes is unknown, z,,, € {1,...,F}
is a discrete latent variable. Instead of sampling z,,, we model the
generation of the agent’s confusion matrix i, using a Mixture
Model. We marginalize out the assignment by summing over all F
possible archetypes, weighted by the mixing proportions 7:

F
p(Ym | m %) = "y - Dirichlet(fin | y-9y)  (17)
f=t

This exact marginalization allows gradients to flow directly to the
continuous distributional parameters (0, ¢, ¥, ) without requiring
high-variance score function estimators for the discrete variables.

5.3 Optimization

We maximize the Evidence Lower Bound (ELBO) using the Adam
optimizer. The training procedure utilizes mini-batch subsampling
of items, enabling the model to train on large-scale datasets that do
not fit in memory.

To improve convergence, we employ an empirical Bayes ini-
tialization strategy. Before SVI begins, we compute an empirical
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correlation matrix from the raw model scores and human votes to
initialize the prior 2. This provides a warm-start for the covariance
estimation, stabilizing the optimization of the complex objective.
The full training procedure is summarized in Algorithm 1.

6 Evaluations on Simulated Data

6.1 Empirical Verification of Theorem 1

To complement the theoretical analysis, we empirically verify the
three predictions of Theorem 1 via a controlled simulation. We
consider M Al agents producing K-dimensional score vectors with
equal weights w,, = 1/M, individual covariance V,,, = o?Ig, and
uniform pairwise cross-covariance V,, = pa?Ix for all m # n. We
set 02 = 0.1, K = 3, vary M € {2,3,5, 10, 20, 50, 100, 200, 500}, and
sweep p € {0.1,0.3,0.5,0.7,0.9}.

Table 2 reports the numerical results for p = 0.5, and Figure 3
visualizes all three predictions across all correlation levels:

(1) Divergentrelative error (Figure 3a): The ratio || Ay || F/||Vnaive |l F

grows as p(M-1), reaching 249.5 at M = 500 for p = 0.5.
This confirms that the naive variance estimate becomes ar-
bitrarily wrong as the number of agents increases.

(2) Non-vanishing bias (Figure 3b): The trace tr(Ays) saturates

at pa?K = 0.15, a strictly positive constant independent of
M. Even with M = 500 agents, the bias remains at 0.150—it
does not diminish with more data sources.

(3) Vanishing naive estimate (Figure 3c): While tr(Vaive) —

0 as o /M, the true variance tr(Vye) remains bounded above
polK. At M = 500, the naive estimate (0.0006) understates
the true variance (0.1503) by a factor of 250x.

These results empirically validate the necessity of modeling
agent correlations: simply adding more LLMs without accounting
for their shared error profiles leads to arbitrarily overconfident
estimates. This motivates CALCO’s archetype-based approach (Sec-
tion 4.3), which explicitly captures inter-model dependencies to
recover calibrated uncertainty.

M ‘ HAMIF/ N ViaivellF - tr(Apr)  tr(Viaive)
2 0.50 0.075 0.150

5 2.00 0.120 0.060
10 4.50 0.135 0.030
50 24.50 0.147 0.006
100 49.50 0.149 0.003
500 249.50 0.150 0.001

Table 2: Empirical verification of Theorem 1 (p = 0.5, 62 = 0.1,
K = 3). The relative error grows as p(M—1), the bias tr(Ay)
converges to pa?K = 0.15, and tr(Vive) — 0 as o /M.

6.2 Synthetic Data Simulation Process

To evaluate CALCo against baselines, we simulate synthetic data us-
ing a generative process similar to Section 4, but with fixed ground-
truth correlations. Crucially, we generate inter-task and inter-model
dependencies using Multivariate Normal distributions given input
correlation matrices (Qg, Q). These parameters were selected to
match the empirical statistics observed in our large-scale produc-
tion data, ensuring the evaluation reflects realistic scenarios.
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(c) True vs. Naive Variance (p =0.5)
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Figure 3: Empirical verification of Theorem 1. (a) The relative error ||Ap||F/||Vnaive||F diverges as M grows, for all correlation
levels p. (b) The bias tr(Ay) saturates at po’K (a positive constant), confirming non-vanishing total bias. (c) For p = 0.5: the naive
variance tr(Vp,ive) — 0 while the true variance tr(Vi;,.) remains bounded—producing unbounded relative underestimation.

Baseline ‘ Description

MV Majority Vote: Computes the mode of the observed labels from all agents (humans and models treated equally).

Di1sc-DS | Discrete Dawid-Skene: Converts continuous model scores into discrete labels and learns a confusion matrix for each Al and human
agent using Expectation-Maximization [6].

Car-DS Calibrated Dawid-Skene: Based on Kerrigan et al. [13], this method combines calibrated model probabilities with human confusion
matrices, weighting the model as a prior relative to human annotations.

HAIC Human-AI Complementarity: Based on Steyvers et al. [33], this model captures the joint distribution of human and Al confidence

signals to identify complementarity.

Table 3: Baseline approaches compared in our evaluation.

Specifically, we generate correlated ground truth labels by sam-
pling item-specific prevalence vectors in the Additive Logistic
Transform (ALT) space from N, 29) and mapping them to the
simplex via softmax. Similarly, to capture shared error profiles
among models, we generate correlated accuracies by sampling
latent ability vectors from a Multivariate Normal distribution pa-
rameterized by Qy and projecting them to probabilities using the
standard normal CDF. Further details are provided in the Appendix.

6.3 Efficiency Optimization via Early Stopping

In industrial hybrid labeling workflows, querying human reviewers
is the primary resource constraint. A core value proposition of
Ca1Co is its ability to convert diverse signals—continuous LLM
scores s;; and sparse human labels r; ;—into a calibrated posterior
probability P(y;;|D). We evaluate the Efficiency-Quality trade-
off by simulating an iterative labeling process where the system
dynamically decides whether to request another human label or
terminate the reviewing process based on its current confidence.

6.3.1 Efficiency-Quality Trade-off. To quantify this trade-off, we
define a confidence score for each item i on task ¢ after observing
j human labels, denoted as Ci(,?. Here, j ranges from 0 (only AI
scores) to J; (all available human labels). The confidence is defined
as the maximum posterior probability of the predicted class:

Cl}) = maxP(yis =k | D)) (18)

We generate trade-off curves by systematically varying a global
confidence threshold 7. The labeling process for item i is termi-
nated at step j if the confidence for all associated tasks exceeds
this threshold (i.e., min, Ci(’i) > 7). We compute Efficiency as the
proportion of human labels saved relative to the maximum budget,
and Quality using (1) Accuracy (ﬁ Zﬁil Zthl I [Q,»,, = yi,t]), and
(2) Log Loss (=7 X%y 24—y log p(dir = yir | D))

Efficiency vs Accuracy Efficiency vs Log Loss
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Figure 4: Efficiency-Quality trade-off on simulated data (N =
10K items, T = 10 correlated tasks).

Results Analysis. Figure 4 illustrates the trade-off for a dataset
with N = 10K items and T = 10 tasks.

Accuracy: In the high-efficiency regime (where > 80% of hu-
man labels are skipped), CALCo maintains accuracy comparable to
the fully-labeled baseline, consistently outperforming HAIC and
significantly surpassing standard aggregation methods (D1sc-DS,
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MV). This confirms that by modeling inter-task correlations, CALCo
effectively leverages information across tasks to maintain high clas-
sification performance even with sparse human data.

Log Loss: HAIC achieves the best Log Loss across the efficiency
spectrum, validating its approach of explicitly modeling the joint
correlations between human and Al signals. While CALCo is slightly
less calibrated than HAIC, it remains highly competitive and sig-
nificantly outperforms independent baselines (D1sc-DS, MV), reaf-
firming the importance of capturing inter-agent correlations.

6.3.2 Impact of Task Correlation. A key hypothesis of our frame-
work is that modeling inter-task correlations allows the system to
“borrow” statistical strength from easier or more densely labeled
tasks to improve inference on harder ones. To verify, we evaluate
performance while varying the number of correlated tasks T.

Results Analysis. Figure 5 presents the Area Under the Curve
(AUC) for the Efficiency-Accuracy trade-off as a function of T. We
observe that CALCO’s performance advantage over the baselines
widens significantly as the number of tasks increases. This trend
confirms that in higher-dimensional settings, the system gains more
opportunities to propagate statistical strength from easier or more
confidently modeled tasks to harder ones via the learned covariance
structure. In contrast, methods that treat tasks independently fail
to leverage this information, resulting in performance gains that
plateau or degrade as the annotation job becomes more complex.

—4— Mv —4— HAIC 0.97 —4 MV —4— HAIC
—4— DiscDS —4— CalCo g —3- Disc-DS —$— CalCo
0.96 —4— cal-DS 1 + cal-DS

—1 —3+—1

o o
o @
& 8
: 4
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g
]
T

AUC (Cost-Accuracy)
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8

Accuracy @ Efficiency:
°
©
®

2 46 810 15 20 25 30 2 4 6 810 15 20 25 30
Number of Tasks Number of Tasks

Figure 5: Impact of task dimensionality (T) on labeling effi-
ciency: (Left) Area Under the Curve (AUC) for the Efficiency-
Accuracy trade-off curve, and (Right) Accuracy achieved at a
fixed 50% efficiency savings.
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Figure 6: Impact of stopping policies on the Efficiency-
Quality trade-off.

6.3.3 Varying the Stopping Policies. The results in Section 6.3.1
use a simple global thresholding policy to demonstrate the baseline

Viet-An Nguyen, Xu Chen, and Udi Weinsberg

Policy Condition Behavior
Minimum min; C;; > ¢ High confidence on all tasks.
Mean %Zt Ciy = 7 Average confidence exceeds

threshold.
Maximum max; Ci; > 7 Stops if any task is confident.
Joint [1;Cit =t  High joint probability of cor-
rectness.
Per-Task Confidence C;; > 1, Stops each task independently

if it is confident.

Per-Task Entropy H(Ci;) <1 Stops each task independently
when the posterior entropy
drops below a threshold.

Table 4: Summary of stopping policies. C; ; denotes the model
confidence for item i on task ¢.

Application | #Tasks | MV~ Car-DS Disc-DS HAIC CarCo

Eval 4 0.811 0.832 0.850 0.881 0.897
Eval 3 0.825 0.836 0.870 0.889 0.882
Eval 5 0.816 0.821 0.884 0.907 0.912
1A 1 0.821 0.786 0.797 0.865 0.852
1A 6 0.833 0.857 0.906 0.913 0.925
CA 8 0.884 0.864 0.980 0.987 0.990
CA 8 0.942 0.895 0.957 0.961 0.983
CA 7 0.870 0.892 0.947 0.966 0.976
CA 7 0.843 0.869 0.854 0.901 0.925
CA 8 0.777 0.813 0.887 0.893 0.917

Table 5: AUC comparison across 10 real-world use cases.
Higher values indicate better efficiency-accuracy tradeoff.

efficacy of the posterior. However, CALCO’s joint modeling of tasks
enables more sophisticated termination criteria that can further
optimize the labeling efficiency.

Results Analysis. We evaluated multiple distinct stopping poli-
cies (Table 4) to understand how the aggregation of confidence
scores affects the trade-off between labeling efficiency and model
quality. Figure 6 illustrates the Efficiency-Quality trade-off across
various stopping policies. We observe that granular, task-level poli-
cies (specifically Per-Task Confidence) achieve the most robust
Pareto frontier, maintaining near-peak accuracy and the lowest Log
Loss even at high efficiency level. This validates our hypothesis
regarding task heterogeneity: by decoupling stopping decisions, the
system aggressively conserves budget on “easy” sub-tasks while
continuing to query experts for uncertain dimensions of the same
item. In contrast, coarse job-level policies like Mean or Joint Con-
fidence force synchronized termination, often wasting budget on
resolved tasks or stopping prematurely on difficult ones. Among
these, Minimum Confidence serves as a reliable conservative
baseline, ensuring the least certain task reaches a threshold before
stopping the job. Conversely, the Maximum policy degrades per-
formance rapidly, confirming that high confidence in one dimension
does not imply reliability in another.
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Figure 7: Overview of the CALCo system deployment

7 Evaluation on Real Data

7.1 Deployment

CALCo has been validated on industrial-scale datasets to optimize
human labeling efficiency via confidence-based early stopping. Fig-
ure 7 provides an overview of the system, which operates in two
distinct phases. In the offline phase, CALCo fits the hierarchical
Bayesian parameters—including agent confusion matrices (¢, 1)
and the inter-task correlation matrix (Xg)—using historical annota-
tion data. A policy optimizer then simulates annotation sequences
on a held-out validation set to identify the optimal stopping policy
that satisfies specific business constraints (e.g., minimizing cost
subject to a quality floor). In the online phase, incoming multi-task
jobs are first scored by the ensemble of LLMs. The system then
iteratively requests human labels only for specific tasks where the
posterior confidence fails to meet the stopping criteria defined by
the selected policy, leveraging the learned correlations to infer
consensus efficiently.

7.2 Data description

We evaluate CALCo on real datasets spanning 10 annotation use
cases, drawn from application areas including content analysis, ML
evaluation and intent analysis. The diversity of this dataset—spanning
multiple domains, languages—enables evaluation of the proposed ap-
proach across varying levels of task difficulty, linguistic complexity,
and annotator expertise. Details of the datasets are in Table 6.

Application #Datasets % T N

Content Analysis (CA) 5 2-3  4-8 1k-3k
Evaluation (Eval) 3 2-19  3-5 1k-11k
Intent Analysis (IA) 2 2-4  1-6 1k-9k

Table 6: Real data statistics by application area.

7.3 Empirical Results

Table 5 presents AUC to measure the overall efficiency-quality
tradeoff given by various methods. Our method achieves the highest
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AUC in 8/10 use cases with particularly strong performance in high-
task-number settings, highlighting the benefit of incorporating task
dependency. HAIC ranks as the second-best method, consistent
with our simulation findings. Among the remaining three methods,
performance varies by use case, though the two DS variants slightly
outperform MV overall.

8 Conclusion

In this work, we introduced CaLCo, a comprehensive hierarchical
Bayesian framework designed to address the challenges of inte-
grating LLMs into industrial-scale human annotation workflows.
Our approach explicitly models the complex dependency structures
inherent in multi-task labeling. By capturing inter-task correlations
via Logistic-Normal priors, CALCoO enables the system to “borrow”
statistical strength from data-rich tasks to improve inference on cor-
related, data-poor tasks. Simultaneously, our hierarchical treatment
of Al agents through latent archetypes allows the model to robustly
account for the shared error profiles common among LLM families,
preventing the overconfidence that plagues traditional aggregation
methods. Furthermore, the incorporation of Amortized Variational
Inference via a neural encoder significantly improves scalability,
decoupling the number of variational parameters from the dataset
size and enabling efficient inference on large-scale production data.

Empirical evaluations on both simulated data and diverse real-
world datasets demonstrate that CALCo consistently outperforms
established baselines. We showed that CALCo achieves a better
trade-off between labeling efficiency and model quality. Finally, we
demonstrated the flexibility of the framework in supporting various
stopping policies, allowing practitioners to dynamically optimize
for specific business constraints, whether prioritizing granular task-
level savings or strict job-level quality guarantees.
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Appendix

9.1 Notations

Table 7 describes in more detail all the notations used in our paper.

Notation Description

Observed Data

Sit,m € AKt_l
Tit,j S {1,...,Kt}
aj € {1,,A}

Continuous score vector from Al agent m
Jj-th discrete label for task t of item i

The ID of the Human agent providing the j-th
annotation for item i

Latent Variables

yir €{L...,K;}
91',[ e NKi—1
i e RKt—l

¢’a,t

Latent true label for item i, task ¢
Item-specific class prevalence vector
Item-specific class prevalence vector in ALT
space

Confusion matrix for human agent a on task ¢

1/ Confusion matrix for Al agent m on task ¢
1/;f,t Confusion matrix for archetype f on task ¢
zZm €{1,...,F} Index assignment indicating which archetype
that model m belongs to
Hyperparameters
Lo, 09, No Hyperparameters (Mean, Scale, LKJ shape) for

Be
By

the Multivariate Normal prior governing task
prevalence correlations

Dirichlet concentration parameter for Human
Agent confusion matrices

Dirichlet concentration parameter
Archetype confusion matrices
Precision parameter controlling the deviation
of an Al Agent’s confusion matrix from its
archetype

Dirichlet concentration parameter for the
archetype mixing distribution x

Scaling concentration parameter for the Al
Agent score likelihood (Dirichlet distribution)

for

Table 7: Notations used in this paper.
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Algorithm 1: Amortized SVI for posterior inference

Input: Data D = {(r;, si)}fil,
batch size B, learning rate n

Output: Variational parameters &, Encoder weights v

Initialize: Variational parameters for global (2¢), agents
(¢, ), and archetypes (s, ¥); Initialize Encoder v.

Initialize 3¢y using Empirical Bayes from D

while not converged do

// Sample Global & Agent Variational Parameters

number of archetypes F,

Sample correlations 39 ~ Q(Zg)
Sample archetype weights 7z ~ Q(sr) and base matrices

¥~ QP

Sample agent confusion matrices ¢, ~ Q(¢,) and

Ym ~ Q(Ym)
// Process Mini-Batch (Amortized Step)
Sample batch 8 c {1,...,N}

Lyateh < 0

for each itemi € B do

Extract features x; < Flatten(Avg(s;))
Predict latent mean: i @i < Encoder, (x;)
Sample prevalence (ALT): q; ~ N'(fig; $0)
Compute simplex: 0;; « Softmax(q; ;)

// Marginalize ground truth y

log p(obs;) « ZLogSumExpk[logp(y,-,, =k|6i)
7

+1log p(obsiy | yir = k. 6, &)]

Lbatch — -Ebatch + lng(Obsi)

// Marginalize archetype assignments z,,

Limodel < Zm IOg (Z?:l ﬁ'f : P(‘/;m I l;f))
Lx1 < KL (Q(Global) || p(Global))

N
+ 3 2, K@) [l p(a)
i€eB
L %Lbatch + Limodel — LxL
Update parameters &, v « Adam(V.L)

9.2 Proof of Theorem 1

Proor. We proceed in three steps.
Step 1 (Decomposition). By linearity of covariance,

M
Vire = Z Wyznvm"' Z Wi WnVin = Vnaive+Z WimWnVmn. (19)
m=1

m#n m#n
Thus,
Ay = Z WimnWnVmn = 2 Z Wi Wy - Sym(Vmn), (20)
m#n m<n
where sym(A) = 3(A+AT).
Step 2 (Lower bound via correlation assumption). By condition
(C1),
Ap = 2TminVinin Z WmWn. (21)

m<n
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Using the algebraic identity

SENSTEA SRS P

m<n m=1 m=1 m=1
we obtain
M
Ay = TminVmin (1 - Z Wrzn) . (23)
m=1
Step 3 (Asymptotic limit). Under conditions (R3),
M
CZ Cz M—oo
wanSM-—:——w. (24)
M2 M
m=1
Therefore,
/\/lliE»noo Ay = Tmianin(l - O) = TminVmin > 0. (25)

9.3 Posterior Inference

Algorithm 1 summarizes the Amortized Stochastic Variational In-
ference (SVI) procedure detailed in Section 5, implemented using
the Pyro probabilistic programming language [5].

9.4 Synthetic Data Generation Process

To evaluate CALCO’s ability to recover latent parameters and trans-
fer statistical strength, we developed a simulation engine that gener-
ates multi-task annotations with configurable correlation structures.
Unlike the inference model which places priors on correlations,
the simulator accepts fixed ground-truth covariance structures to
benchmark performance against known dependencies.

The generation process is governed by two distinct correlation
matrices: Qp, which controls the semantic dependencies between
tasks (e.g., “Politics” implies “Toxic”), and Qy, which controls the
error correlation between Al agents (e.g., shared failure modes
among model families).

9.4.1 Correlated Ground Truth Generation. We generate item-specific
prevalence vectors that exhibit inter-task correlations. We accept a
task correlation matrix Qg € RK-TIX(K-T) 54 input. We construct
the task covariance matrix Xy = diag(oy)Qgdiag(oy), where op

determines the variance of the prevalence.
For each item i, we sample a latent prevalence vector q; in ALT

space:

qi ~ N(p. %0) (26)
These vectors are partitioned per task into sub-vectors q; ; and trans-
formed into valid probability simplices 6; ; via the softmax function:
0;+ = Softmax([q;;, 0]). Finally, the true label y; , is sampled from
the resulting categorical distribution: y; , ~ Categorical(6; ;).

9.4.2 Correlated Al Agent Performance. To simulate realistic en-
sembles where Al agents share error profiles (e.g., GPT-4 and GPT-
4-Turbo), we generate model confusion matrices using a model
correlation matrix Q € RMXM e employ a Gaussian Copula
method to sample correlated accuracies:
(1) We sample latent ability vectors b ~ N (0, Qy).
(2) We map these values to the desired accuracy range [ pmin, Prmax]
using the standard normal cumulative distribution function
A:
®m = Pmin + (Pmax = Pmin) * A(bm) (27)
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The confusion matrix ¥/, ; for model m is constructed such that the
diagonal (correct class probability) equals &, while off-diagonal er-
rors are distributed uniformly. Model scores s;; », are then sampled
from a Dirichlet distribution centered on the row of the confusion
matrix corresponding to the true label: s; ; ,, ~ Dirichlet(A ¥, s,y,,)-

For human annotations, we simulate a sparse labeling setting.
For each item i, we sample a random subset of annotators A; C
{1,...,A} of size J;. For j € {1,---,Ji}, alabel r;, j, provided by
human agent a; ; is sampled according to their individual confusion
matrix ¢y, ; r, which is generated independently for each annotator.

The complete generative procedure is summarized in Algorithm 2.

Viet-An Nguyen, Xu Chen, and Udi Weinsberg

Algorithm 2: Synthetic Multi-Task Data Generation

Input: Number of items N, Task Correlation Qg, Model
Correlation ©Qy
Output: Dataset D = {(r;,5;,¥:)}Y,
// 1. Initialize Global Parameters
Construct task covariance Xy from Qg and oy
// 2. Generate Correlated Model Accuracies
Sample latent abilities b ~ N (0, Qy)
for each modelm € {1,...,M} do
Compute accuracy &, < Pmin + (Pmax — Pmin) - A(bm)
Construct model confusion matrices ¥, ; using a,,
(diagonal dominance)
Generate human confusion matrices {¢,;} (sampled
independently)
// 3. Item-Level Generation
for each itemi =1to N do
// Sample latent context
Sample ALT vector q; ~ N (19, Zg)
for each taskt =1to T do
Extract task sub-vector q;; from q;
Compute prevalence 6;; = Softmax([q;,, 0])
Sample true label y;; ~ Categorical(6; ;)
// Generate Sparse Human Labels
Sample subset of reviewers A; of size J;
for j =1to J; do
‘ Sample label r;; ; ~ Categorical(@q, ; ¢,y;,)
// Generate Model Scores
for each modelm =1 to M do
‘ Sample scores s; s, ~ Dirichlet(4 - ¥m,ry;,)
return 9D
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