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Abstract

Reproducibility is a cornerstone of scientific validation and of
the authority it confers on its results. Reproducibility in ma-
chine learning evaluations leads to greater trust, confidence,
and value. However, the ground truth responses used in ma-
chine learning often necessarily come from humans, among
whom disagreement is prevalent, and surprisingly little re-
search has studied the impact of effectively ignoring disagree-
ment in these responses, as is typically the case. One rea-
son for the lack of research is that budgets for collecting
human-annotated evaluation data are limited, and obtaining
more samples from multiple raters for each example greatly
increases the per-item annotation costs. We investigate the
trade-off between the number of items (V) and the number
of responses per item (K) needed for reliable machine learn-
ing evaluation. We analyze a diverse collection of categorical
datasets for which multiple annotations per item exist, and
simulated distributions fit to these datasets, to determine the
optimal (N, K) configuration, given a fixed budget (N x K),
for collecting evaluation data and reliably comparing the per-
formance of machine learning models. Our findings show,
first, that accounting for human disagreement may come with
N x K atno more than 1000 (and often much lower) for every
dataset tested on at least one metric. Moreover, this minimal
N x K almost always occurred for K > 10. Furthermore, the
nature of the tradeoff between K and N, or if one even ex-
isted, depends on the evaluation metric, with metrics that are
more sensitive to the full distribution of responses perform-
ing better at higher levels of K. Our methods can be used to
help ML practitioners get more effective test data by finding
the optimal metrics and number of items and annotations per
item to collect to get the most reliability for their budget.

Code — https://github.com/google-research/vet
Extended version — https://arxiv.org/abs/2508.03663

Introduction

The scientific community, including the rapidly evolving
fields of Al and NLP, is grappling with a pervasive re-
producibility crisis (Baker 2016; Gundersen and Kjensmo
2018; Hutson 2018; Mieskes et al. 2019; Gundersen 2020).
Researchers are increasingly unable to replicate the results
of previous studies (Raff 2019), thus undermining trust in
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Figure 1: Model assessment process with ground truth.

experimental and empirical research. In machine learning,
where data-driven research is essential for advancing knowl-
edge, the comparison of models is central to determining the
state-of-the-art for a given task. As such, ensuring the repro-
ducibility of results through robust evaluation is critical.

We focus here on an underlooked source of unreliability:
failing to account for human disagreement and other sources
of randomness in ML evaluation. Conventional evaluation
approaches treat disagreement, if at all, as nothing more
than noise and may aggregate 3—5 labels per item—a num-
ber that comes from literature on machine learning (Snow
et al. 2008), not machine learning evaluation—via plural-
ity voting to represent consensus, overlooking disagreement,
which is endemic in human responses, as anyone who has
participated in a democratic process such as voting knows.

Recent papers have advocated using and publishing disag-
gregated labels to account for human label variation (Basile
et al. 2021; Prabhakaran, Mostafazadeh Davani, and Diaz
2021; Plank 2022; Cabitza, Campagner, and Basile 2023).
The field also faces a pervasive issue of inadequate statisti-
cal analysis; statistical significance is often misapplied, and
reported outcomes are frequently unreliable (Sggaard et al.
2014; Dror et al. 2018; van der Lee et al. 2019).

A crucial question, from a statistical perspective, is how
much data needs to be collected to ensure statistically reli-
able testing, via null hypothesis significance tests (NHSTs)
and confidence intervals (ClIs)? We are particularly inter-
ested in challenging the assumption (in a skeptical manner)



that a small number of annotations per item is sufficient.
It would seem that there should be a trade-off between the
number of items NN, i.e., how many trees are observed, and
the number of annotations per item collected, i.e., the res-
olution by which each tree is observed. It would seem that
the nature of the trade-off might depend on the metrics used,
which depend on the performance expectations of the mod-
els under consideration. In this same vein, we would like
to know whether the newer, but still uncommon approach
of keeping disaggregated responses for each item has value
from the perspective of comparing one ML model against
another—the most basic way to evaluate ML models. We
investigate the following research questions:
RQ1 What is the lowest number of total annotations needed
N x K to ensure reasonably repeatable results in com-
paring two models?

RQ2 How does this this number N x K depend on:

the distribution of responses found in five actual

datasets with disaggregated annotations?

the metric used?

the number of categories?

the statistical instrument (NHSTSs vs. Cls)?

RQ3 For fixed N x K (particularly the minimal ones found
in RQ2), what is the smallest value of K that ensures
reasonably repeatable results, and how does this vary ac-
cording to the same variables in RQ2?

To address these questions, we make the following contri-
butions.

1.

We believe this is the first paper to examine the optimiza-
tion problem of allocating a human annotation budget to
a sample of IV items, where each item is annotated by K
raters, such that the total budget NV x K is fixed.

How many items, and how many annotations per item, to
collect needs to be known before the data is collected, but
the answer should be based on realistic assumptions. To-
wards this end, we apply a Bayesian approach to model
existing datasets via simulation for arbitrary N and K.
This enables a more robust way of modeling when the
sample size is small (assuming accurate priors) and al-
lows for maximum a posteriori (MAP) fitting of data,
versus maximum likelihood estimation (MLE)-based fre-
quentist approaches, which provides regularization.

. We extend an existing simulator to model categorical
data and confidence intervals (along with NHSTSs).

We report on a comprehensive set of experiments us-
ing five different real datasets as well as synthetic data,
to demonstrate the impact on statistical significance and
confidence of optimizing the trade-off between N and K.

Our findings show, first, that accounting for human dis-
agreement may come with N x K at no more than 1000
(and often much lower) for every dataset tested on at least
one metric. Moreover, this minimal N x K almost always
occurred for K > 10. Moreover, the nature of the trade-
off between K and N—or if one even existed—depends on
the evaluation metric, with metrics that are more sensitive to
the full distribution of responses performing better at higher
levels of K.
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Related Work

The reproducibility crisis in AI and NLP, highlighted by
numerous studies (Gundersen and Kjensmo 2018; Hutson
2018; Mieskes et al. 2019; Gundersen 2020), stems from
various factors. A major contributor is the inherent non-
deterministic nature of machine learning methods, algo-
rithms, and implementations; even with shared code, multi-
ple seemingly identical training runs of the same deep learn-
ing model can yield different models and test results, of-
ten due to factors like varying random seeds or hardware-
specific operations (Pham et al. 2020). Furthermore, a sur-
vey by Pham et al. (2020) of 901 participants revealed
that 84% were either unaware or unsure about the variance
stemming from different implementations. Arvan, Pina, and
Parde (2022) further underscored this challenge by achiev-
ing only a 25% success rate in a reproducibility study of
eight papers published in EMNLP 2021. These findings un-
derscore the critical need to account for this inherent vari-
ance in machine learning evaluations, even when working
with seemingly identical setups.

Beyond model-inherent variance, the human element in
evaluation also introduces considerable variability. Human
raters are frequently recruited to generate reference labels,
commonly referred to as “gold standards,” for evaluating
machine learning model performance. However, human dis-
agreement is prevalent, especially in subjective tasks, lead-
ing to significant variance in responses (Basile et al. 2021;
Prabhakaran, Mostafazadeh Davani, and Diaz 2021; Uma
et al. 2021; Plank 2022; Cabitza, Campagner, and Basile
2023; Homan et al. 2023a; Weerasooriya et al. 2023; Prab-
hakaran et al. 2023; Pandita et al. 2024). Typically, responses
are aggregated via plurality voting to represent consensus,
though recent work has shown the inadequacy of such ag-
gregation for incorporating response variance (Barile et al.
2021; Mostafazadeh Davani, Diaz, and Prabhakaran 2022).
It is therefore not surprising that human evaluation stud-
ies also show a low degree of reproducibility (Belz et al.
2023). The issue of response variance has been particularly
explored in the context of conversational Al safety. For in-
stance, Homan et al. (2023a) utilized Bayesian multilevel
models to understand the impact of rater demographics on
safety ratings, while Prabhakaran et al. (2023) proposed a
framework to analyze diversity in safety ratings among rater
subgroups. Further, Aroyo et al. (2023) introduced a dedi-
cated dataset to enable in-depth analysis and measurement
of response variance in this domain.

Wein et al. (2023) proposed a framework and simulator
using NHSTs to estimate the true p-value of model compar-
isons. The simulator considers item and response variance to
sample a “reference test set” of gold/human responses (&)
and the responses of two models (A and B). To construct
responses for G, it produces IV items and K responses per
item using random variables. For each item, the mean and
standard deviation are sampled from uniform distributions.
Then, K continuous responses are drawn using a normal dis-
tribution parameterized with the sampled mean and standard
deviation. The responses for items in model A are sampled
using the same distribution as G, making model A an ideal
representation of G. Responses for items in model B are
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Figure 2: Plate notation for the simulator. Categorical pa-
rameters () and noise parameters () are sampled from two
Dirichlet distributions parameterized by « and p, respec-
tively. Then, responses for G and A are produced by sam-
pling from a categorical distribution parameterized by /3. Re-
sponses for B are produced by sampling from a categorical
distribution parameterized by v, where -y is a convex combi-
nation of 5 and p controlled by the perturbation parameter €.

sampled using the same mean as GG but with standard de-
viation perturbed by a small amount. Perturbation parame-
ters for each item are randomly drawn at a given perturba-
tion level from a uniform distribution. As the perturbation
level increases, model B increasingly differs from model
A. NHSTs are used to estimate the p-values for comparing
model A and model B under different metrics and sampling
methods. The data for the null hypothesis is generated as-
suming that responses for model A and model B are drawn
from the same distribution. This is achieved by combining
the responses from model A and model B.

Homan et al. (2023b) utilized the simulator presented by
Wein et al. (2023) to propose an evaluation framework tai-
lored for foundation models. Our approach builds on these
prior works. We propose a framework for power analy-
sis designed for evaluating machine learning models using
NHSTs. Crucially, our framework accounts for both item
and response variance, specifically under the assumption
that the responses are nominal.

Methods

We use a simulator that generates the outputs for compar-
ing two models, A and B, against gold standard outputs G
(see Figure 1 for an illustration). Our methods differ from
earlier work (Wein et al. 2023; Homan et al. 2023b) in
that the responses produced by the simulator are categori-
cal rather than continuous. The simulator produces the gold
outputs G and the outputs for model A by sampling from a
Dirichlet-categorical distribution, making A an ideal model.
For model B, the annotations are sampled after introducing
noise in the model parameters controlled by the perturbation
parameter €, making it slightly worse than model A. We then
employ NHSTs to estimate the p-value for this comparison.

We use a Dirichlet-categorical distribution because it nat-
urally models the probability of observing the categories,
and the Dirichlet distribution is the conjugate prior for
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Algorithm 1: Simulations for H;;

Input parameters: N, K, M, «, p, ¢

for i =1to N do

// sample categorical parameters
Bi = Bixs s Binr ~ Dir(ay, ..., anr) ;

// sample noise parameters

Qi = Qi1s - 0i,M ~ Dir(p1,..., pm) 5

// convex combination of

categorical & noise parameters

Yi=(1—€)*B; +exg;;

/+ sample j’s response to ¢
// Gold
for j =1tok do

| Gij=Cat(Bia,
// Model A
for j = 1to K do

| Ay = Cat(Biq,
// Model B
for j =1to K do

| Bij = Cat(via,

*/

v BiM)

v Bin)

---y'Yi,M)Q

the categorical distribution, simplifying the calculations in-
volved in Bayesian inference. When the prior is conjugate,
the posterior distribution is also a Dirichlet distribution.
Bayesian inference gives us the flexibility to incorporate
prior information about response probabilities and produces
more robust estimates, especially when data is limited.

Simulation Framework

We generate the gold outputs G and the outputs for two mod-
els A and B. Each sample consists of N items and K re-
sponses per item. The responses are discrete values chosen
from M categories. For each item ¢ € N, we sample cate-
gorical parameters (3;) and noise parameters (o;) from two
Dirichlet distributions parameterized by « and p, respec-
tively. For G and A, the response by each rater j € K is
sampled from a categorical distribution parameterized by f.
For model B, the response by each rater j is sampled from
a categorical distribution parameterized by =y, where « is a
convex combination of 3 and g controlled by the perturba-
tion parameter €. This process is illustrated in Figure 2 and
is described in Algorithm 1.

Hypothesis Testing

For the alternative hypothesis (H,;:), we use the responses
generated according to Algorithm 1. For the null hypothesis
(H i), we generate data for two models A and B, assum-
ing they are drawn from the same distribution. The process is
similar to the one in H,;; except the response by each rater
is sampled from a categorical distribution with parameters
chosen uniformly at random from {;,~;} for both models
A and B. This process is described in Algorithm 2.

To compare Hg; and H,,qy, we use a metric I'(A4, B, G)
for each pair of response samples {4, B} and gold samples
G to obtain a score. I'(4, B,G) = T'(4,G) — I'(B, G),



Algorithm 2: Simulations for H,,,;;
Input parameters: N, K, M, a, p, €
fori =1to N do
// Use same steps as Algorithm 1
for Bi, 0i, Vi and G
// Model A
for j = 1to K do
x ~ Bernoulli(0.5) ;
if £ == 0 then
L Ai,j = C’at(ﬁm,
else
L Ai,j = Cat(’}q,’l, ceey

/ Model B
or j = 1to K do
x ~ Bernoulli(0.5) ;
if 2 == 0 then
L Bi,j = C’at(’ym,

else
L Bz’,j = Cat(ﬁi,l,

Biar) s

Vi)

-ﬂ\{

,%‘,M) 5

7572,M) 5

Algorithm 3: Calculate Confidence Interval (CI)
Input: T'%!
I' < mean(T'%*);
Fgmted — Sort(ralt);
// Choose 2.5th and 97.5th

percentile (95% CI)
Cliower ¢ Qf Fgcl)ited [975},
Clupper 2 — Lol eal25);
CI < [Cllowera CIupper 5

where larger is betterand I'(A, B, G) = T'(B, G)-T'(4, G),
where smaller is better. For each hypothesis, a distribution
over metric scores I'? is obtained by resampling. We cal-
culate a p-value for ['*"* & '/ by calculating the propor-
tion of samples in the null distribution I'"**! that exceed the
scores in the alternative distribution T4/,

Confidence Interval Estimation

We utilize the I'*"* bootstrap distribution to obtain 95% con-
fidence intervals around the mean by using the reverse per-
centile method (Algorithm 3).

Metrics

We choose a set of metrics that range from simple plural-
ity agreement to a more nuanced comparison of full re-
sponse distributions and head-to-head performance. Collec-
tively, these metrics provide a comprehensive view of how
well models A and B align with a gold standard G when
dealing with nominal data. We use the following metrics in
our experiments:

* Accuracy. Accuracy is the most commonly used metric
to compare models against each other. First, take the plu-
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rality vote for all items in A, B, and G. Then compute
the accuracy for A and B by comparing against G.

Accuracy for A against G:
FAccuTacy A G

[(PV4(i) = PVg(i))

||Mz

where, PVX( ) is the plurahty vote for item ¢ in set X
and I(+) is the indicator function, which is 1 if the condi-
tion is true and O otherwise.

Total variation (TV). TV is related to Manhattan or L1
distance. It goes beyond the plurality vote and helps com-
pare probability distributions for soft label evaluation.
Compute the frequency of responses for all items in A,
B, and G, normalize, and compute the mean Manhattan
distance across all items in A and B against G.

TV for A against G:

NZ Z |PA mli)

i=1 meM

FTV A G Pg(m|l)|

where, Py (m|i) be the normalized frequency (probabil-
ity distribution) of response m for item ¢ in set X . This
means ) Px(ml|i) = 1. M is the set of all possible
responses.

Wins. Wins is a meta-metric used for item-level compar-
ison. We use TV as the base metric for Wins, but any
other metric can be used. Calculate TV for all items in A
and B against G, then count the wins of A and B, i.e., the
number of times A has less TV than B and vice-versa.

Wins for A over B:

I‘Wins(A>B ZH TVA <TVB( ))
where, TV 4 (i) = ZmEM |PA(m\z) — Pg(m|i)| and
TVg(i) = 2 e [PB(mli) = Po(mli)|.

KL-Divergence (KL-Div). KL-Divergence is another
frequently used metric for comparing probability dis-
tributions. Calculate the frequency of responses for all
items in A, B, and G. Then, compute the mean KL-
divergence across all items in A and B against G.

c(m ))

KL-Divergence for A against G:
( Pa(mli)

LYY Polmliyio
i=1 meM

where, Px (m|i) be the normalized frequency (probabil-

ity distribution) of response m for item ¢ in set X.

I'kn(A,G) = ||

Fitting to Real-World Datasets

We fit the prior parameters o of our model to real-world
datasets by computing the maximum a posteriori (MAP) es-
timate of the model. We use mean absolute bias (MAB) to
measure goodness of fit:

1
MAB = —
M



where, 0,, is the percentage of category m in the dataset and

Om = aum/ >, oy is the expected rate of category m. It
indicates how much, on average, the predicted parameters
deviate from the actual values. More details about the MAP
estimation can be found in the extended version.

Experiments
Datasets

We use the following datasets, each comprising various cate-
gories and multiple responses per item, for our experiments.

Toxicity Toxicity dataset (Kumar et al. 2021) consists of
107,620 social media comments labeled by 17,280 raters.
(Number of categories M = 2, o = [1.37,1.33))

DICES Diversity in Conversational Al Evaluation for
Safety 350 dataset (Aroyo et al. 2023) consists of 350 chat-
bot conversations rated for safety by 123 raters across 16
safety dimensions. (M = 3, a = [5.22,0.86, 2.75])

D3code D3code (Davani et al. 2024) is a large cross-
cultural dataset comprising 4554 items, each labeled for of-
fensiveness by 4309 raters from 21 countries and balanced
across gender and age. (M = 2, o = [6.08, 2.88))

Jobs Jobs dataset (Liu et al. 2016) is a collection of 2000
job-related tweets labeled by 5 raters each. The raters answer
3 questions about each tweet, and the corresponding sets are
denoted by JobsQ1/2/3. The categories in JobsQ1/2/3 rep-
resent the point of view of job-related information, employ-
ment status, and job transition events, respectively. We use
JobsQ1 and JobsQ3 for our experiments. Here M = 5, a =
[1039.76,38.24, 35.57,310.29,46.02] and M = 12, o =
[133.79,834.51,105.27, 3669.04, 206.80, 293.44, 585.58,

1278.56, 1874.82, 1838.49, 1576.10, 989.23], respectively.

Experimental Setup

We run experiments for hypothesis testing with different
number of annotations (N x K = {100, 250, 500, 1000,
2500, 5000, 10000, 25000, 50000}) while ranging K from 1
to 500 (in increments of 1 till 10, then 20, then in increments
of 20 from 20 onwards) for different metrics, and € = {0.1,
0.2, 0.3, 0.4}. We use four metrics with four e, yielding 16
sets of 282 experiments for each dataset.

| Toxicity | DICES | D3code | JobsQl | JobsQ3

MAB | 0.0111 | 0.0231 | 0.0029 | 0.0537 | 0.0869

Table 1: Mean absolute bias for the parameters.

For the real-world datasets, the value of parameter « is
determined using the MAP estimate and p = [1/M] x M
where M is fixed for each dataset. To estimate the p-values
we repeat the sampling process 1000 times. Our estimates of
the MAB fit are shown in Table 1.

We also experiment using different prior distributions for
parameter «, balanced (o« = [3] x M) and unbalanced (o =
[10] + [3] x M) to simulate class imbalance, and varying the
number of categories (M = {2, 3, 4, 5, 12}).
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| | Accuracy TV~ Wins  KL-Div

NK 2500 1000 2500 1000
Toxicity p-value 0.012 0.015 0.012 0.022
M=2) K 1 120 1 200
A 0.040 0.074  0.040 0.044
NK 1000 500 1000 1000
DICES p-value 0.036 0.017 0.028 0.020
M=3) K 1 80 20 300
A 0.055 0.063  0.346 0.082
NK 2500 1000 2500 1000
D3code p-value 0.037 0.020 0.024 0.022
M=2) K 2 140 60 100
A 0.034 0.072 0413 0.036
NK 250 250 250 250
JobsQ1 p-value 0.035 0.015 0.036 0.035
(M=5) K 1 40 1 1
A 0.104 0.050 0.104 2.864
NK 500 250 500 500
JobsQ3 p-value 0.047 0.014 0.038 0.030
M=12) K 100 240 80 500
A 0.595 0.024  0.868 0.182
NK 1000 500 1000 1000
Unbalanced | p-value 0.031 0.044  0.031 0.014
M=2) K 1 80 1 140
A 0.050 0.074  0.050 0.047
NK 1000 500 1000 500
Unbalanced | p-value 0.039 0.023  0.040 0.031
M=3) K 2 100 40 100
A 0.061 0.061 0.473 0.068
NK 1000 500 1000 500
Unbalanced | p-value 0.049 0.013 0.022 0.021
M=4) K 4 120 40 240
A 0.089 0.054 0.520 0.084
NK 1000 500 1000 500
Unbalanced | p-value 0.045 0.009 0.015 0.010
(M=5) K 10 100 40 240
A 0.138 0.043  0.545 0.098
NK 1000 250 500 500
Unbalanced | p-value 0.027 0.014 0.042 0.004
M=12) K 80 240 60 460
A 0.436 0.023 0.763 0.156

Table 2: Minimum p-value, K, and corresponding effect size
(A) for lowest N K with p < 0.05 (e = 0.3).

Results

Tables 2 shows the results for minimum p-value, K, and cor-
responding effect size (A) for lowest NK with p < 0.05
(e = 0.3). Table 3 shows the results for the lowest CI-width
with the corresponding value of K and effect size - A for
the lowest N K observed in Table 2. Our results suggest that
whether or not a tradeoff exists, and where it is, depends
much more on the metric used than the data source, and that
the metrics behave very differently. They show that the TV
metric requires the smallest number of N x K overall, and
that this comes with a small number of K > 10.

Figures 3—4 show results for p-values and confidence in-
tervals for e = 0.3 on the D3code dataset. Although there
were exceptions, they exemplify many common observa-
tions found for other datasets (refer to the extended version).



| | Accuracy TV Wins  KL-Div
NK 2500 1000 2500 1000
Toxicity ci-width 0.050 0.067 0.050 0.085
(M=2) K 1 5 1 100
A 0.117 0.063 0.728 0.042
NK 1000 500 1000 1000
DICES ci-width 0.090 0.063  0.090 0.230
(M=3) K 1 7 1 100
A 0.080 0.075 0.203 0.082
NK 2500 1000 2500 1000
D3code ci-width 0.054 0.067 0.054 0.068
M=2) K 1 7 1 100
A 0.116 0.066  0.669 0.036
NK 250 250 250 250
JobsQ1 ci-width 0.160 0.055 0.160 1.516
M=5) K 1 8 1 80
A 0.104 0.038 0.104 0.109
NK 500 250 500 500
JobsQ3 ci-width 0.086 0.020 0.086 1.322
M=12) K 1 1 1 100
A 0.614 0.003 0.941 1.613
NK 1000 500 1000 1000
Unbalanced | ci-width 0.070 0.093 0.079 0.083
M=2) K 2 7 1 80
A 0.068 0.086 0.154 0.045
NK 1000 500 1000 500
Unbalanced | ci-width 0.079 0.063 0.079 0.145
(M=3) K 1 10 1 100
A 0.111 0.028 0.180 0.028
NK 1000 500 1000 500
Unbalanced | ci-width 0.081 0.048  0.081 0.218
M=4) K 1 6 1 100
A 0.125 0.058 0.191 0.243
NK 1000 500 1000 500
Unbalanced | ci-width 0.070 0.039 0.070 0.467
M=5) K 1 7 1 100
A 0.128 0.049 0.187 0.515
NK 1000 250 500 500
Unbalanced | ci-width 0.056 0.019 0.080 1.292
M=12) K 1 1 1 100
A 0.105 0.002 0.920 1.264

Table 3: Lowest CI-width with corresponding value of K
and effect size (A) for lowest NK with p < 0.05 (e = 0.3).

Accuracy We notice that the p-value increases as K in-
creases for all N x K in all datasets. The increase is sharp
until ' = 40 for all N x K values, especially for lower
values of € (0.1, 0.2). Then, the p-values start plateauing for
higher N x K values, but continue to increase for lower
N x K values. As e increases, p-values decrease as expected.
Having more responses per item (/X) does not seem to be
helpful for accuracy. CI-width and effect sizes increase with
increasing K except for JobsQ1.

With some exceptions (particularly JobsQ1), accuracy
yields the most reliable results (lowest scores) for both p-
values and confidence intervals when K = 1 or very small
k. For total variation, higher K usually yields lower, more
reliable p-values, with improvements occurring even for
K = 300, but confidence intervals generally increase with
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Figure 3: p-value plots for D3code dataset, e = 0.3.
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Figure 4: CI-width plots for D3code dataset, € = 0.3.

K, and tend to have best results for K € [1,10]. Wins
tends to have minimum p-values for K € [25,100]), where
confidence intervals improve with increasing K, with im-
provements occurring even for K = 300. KL-divergence is
particularly interesting. While confidence intervals improve
with increasing K, settling down at around K = 100, p-
values improve for K € [2, 5] then get worse and then settle
to lower numbers by around k& = 300.

TV For TV, p-value increases sharply with increasing K
till X = 10, and then starts to decrease thereafter for all
N x K for e = 0.1. For the remaining values of ¢, the p-
values generally decrease with increasing K. We also notice
an elbow plot emerging for total variation, suggesting an op-
timal value of K for the datasets. As e increases, p-values
decrease as expected. Having more responses per item (/)
seems to be helpful for total variation and results in lower
p-values. CI-width and effect sizes increase as K increases.

For simulations with balanced categories, p-values mono-
tonically decrease with increasing K as M gets larger. CI-



width and effect sizes increase as K increases. For simu-
lations with unbalanced categories, p-values decrease with
increasing K as M gets larger, whereas CI-width and effect
sizes increase as K increases.

Wins For Wins, p-value increases sharply with increasing
K till K = 10, and then starts to plateau for all N x K for
e = 0.1. For the remaining values of €, p-values start going
back up as K gets higher. As € increases, p-values decrease
as expected. There seems to be an optimal K for Dices,
D3code, and JobsQ3 dataset. CI-width and effect sizes in-
crease with increasing K.

For simulations with balanced categories, p-values gener-
ally decrease with increasing K and start to go back up for
lower N x K. Cl-width and effect sizes increase as K in-
creases, with some exceptions. For simulations with unbal-
anced categories, p-values CI-width, and effect sizes show
similar trends as balanced categories.

KL-Divergence We notice that p-values exhibit double
peaks till about K = 40 for all datasets and for all N x K.
The p-values continue to decrease for higher values of K.
As € increases, p-values decrease as expected. CI-width and
effect sizes generally decrease as K increases, except for
JobsQ3 with one initial peak.

For simulations with balanced categories, p-values exhibit
a single or double peak initially but settle down with higher
K. CI-width and effect sizes decrease with increasing K;
however start to have one peak as M increases. For simu-
lations with unbalanced categories, p-values CIl-width, and
effect sizes show similar behavior to balanced categories.

Discussion

Within-item variance of model A vs B, NK = 2500, € = 0.01

K=1 K=5 K=10 K=25 K=50 K=100 K=250
0.20 1 1 1 1 1
; ¥
0.15 1
0.10
0.05 1= =1
== =+
0.00! 1 1 = == == =|{= =
A B A B A A B A B A B A B

Figure 5: Distribution of scores for machines A and B for
within-item variance estimates, for N x K = 2500.

Figure 5 provides some insight into our results. It shows,
using the distribution fitted to the JobsQ3 data for NV x K =
2500 as an example (but which is representative of other
distributions). We see, first, that within-item variance drops
precipitously from K = 1 to K = b, and to nearly zero by
K = 100, by which point we can assume to have enough
within-item samples for nearly any item-level metric.

Looking at the metric scores, it is worth noting that raw
scores generally improve as k increases (though we do not
show this here). Taking accuracy as an example, this is easy
to see why: the larger K is, the more likely it is that the most
likely response is the most common one. So as long as the
machine and gold have the same most frequent response, ac-
curacy increases. However, accuracy increases for both ma-
chines, and this, under our error model, allows for machine
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Accuracy of model A vs B, NK = 2500
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Figure 6: Distribution of scores differences for machines A
and B against gold data over the Toxicity distribution, for
N x K = 2500, ¢ = 0.01 for Accuracy and Wins.

B to catch up. And as N decreases, we would expect there
to be more variance between individual samples.

Figure 6 shows that for two of the metrics, accuracy and
wins, their variance increases. Yet with wins, this increase
occurs almost exclusively in a positive direction, whereas
for accuracy (where p-values increase as K increases), the
variance is both positive and negative.

There are several limitations to our approach. Our simula-
tor does not account for the machines using soft labels. We
did not explore the impact of different noise models, and we
see this as an important piece of the puzzle. We have not val-
idated our results with real data collected based on the analy-
sis of our simulation. This is because doing so would require
us to collect multiple sets of data that have more annotations
than are needed, and this is beyond our lab’s budget.

Conclusion

In this work, we investigated the critical trade-off between
the number of items (/N) and the number of responses per
item (K) for achieving reliable machine learning model
evaluation under a fixed budget. Our findings demonstrate
that increasing K is often a more effective strategy for
achieving reliable evaluation than increasing N. We discov-
ered, across a diverse set of datasets, that accounting for
the full human response distribution can be achieved with
a surprisingly modest budget (N x K) of 1000 or less, with
K > 10. Furthermore, we established that the relationship
between [NV and K is heavily dependent on the chosen eval-
uation metric. Metrics that are more sensitive to the dis-
tributional nature of human responses benefit greatly from
higher values of K. Our research provides a clear, data-
driven methodology for ML practitioners to design more
effective and budget-conscious evaluations. By moving be-
yond the single-truth paradigm and strategically collecting
multiple responses, the field can build greater trust and con-
fidence in model performance. Embracing human disagree-
ment is not an expensive luxury but a cornerstone of robust
and meaningful machine learning evaluation.
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