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Machine learning is widely applied across diverse domains, with research teams
continually developing new recognition models that compete on open datasets. In some

tasks, accuracy surpasses 99%, and the differences between top-performing models are often
marginal, measured in hundredths of a percent. These minimal differences, combined with

the varying size of the benchmark datasets, raise questions about the reliability of model

evaluation and ranking. This paper introduces a method for determining the necessary
dataset size to ensure robust hypothesis testing for model performance. It also examines

the statistical significance of accuracy rankings in recent studies on MNIST, CIFAR-10, and

CIFAR-100 datasets.

Keywords: dataset size; object recognition; statistical significance; model evaluation;

recognition quality assessment.

Introduction

Recognition models play a crucial role in the modern world, being applied across
various domains such as document recognition [1], forensics [2], mobile number recognition
[3], and text recognition in road scenes [4]. Therefore, it is imperative to reliably assess
their capabilities. The ability of a model to perform a given task is a critical measure of
its quality. In the scientific community, benchmarks – comprising datasets and associated
quality metrics – are commonly used to evaluate model performance. However, benchmarks
often represent tasks beyond merely predicting corresponding dataset objects. We interpret
the benchmark’s task more broadly as making predictions for objects “similar” to those in
the comprising datasets. Therefore, benchmark metrics estimate model performance but
do not fully reflect its predictive abilities in broader contexts.

Commonly used benchmarks in computer vision include MNIST [5], CIFAR-10 [6],
and CIFAR-100 [6], with accuracy as the standard metric for evaluating overall prediction
accuracy across all classes.

MNIST consists of 60 000 training and 10 000 testing 28×28 grayscale images of
handwritten digits across 10 classes. It has become a standard for evaluating machine
learning models, including neural networks. Top models achieve accuracy exceeding 99%,
with recent studies reporting results from 99,75% to 99,87% [7–12].

CIFAR-10 and CIFAR-100 are more complex datasets, each with 50 000 training
and 10 000 testing images. CIFAR-10 consists of 32×32 color images across 10 classes
(e.g., airplanes, cars, animals), while CIFAR-100 has images labeled into 100 classes (and
20 superclasses). These datasets are used to evaluate classification algorithms in more
challenging scenarios. The highest accuracy on CIFAR-10 reaches 99,612% [13], and only
96,08% on CIFAR-100 [14].
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In the field of machine learning, datasets such as MNIST, CIFAR-10, and CIFAR-
100 have historically served as important benchmarks for evaluating the performance of
various models. These datasets have played a pivotal role in the development of recognition
algorithms by providing researchers with a common platform to test and compare their
algorithms. However, as models have achieved near-perfect accuracy on these benchmarks,
their use for comparing models has become less effective. Marginal improvements in
accuracy on these datasets no longer correspond to significant practical advancements,
raising questions about the relevance of continued competition on them. For some models,
the difference in accuracy on the aforementioned datasets is on the order of 0,1%. In this
work, we demonstrate that such advantages in accuracy between one model and another
are often not statistically significant when considering the broader task at hand for datasets
such as MNIST, CIFAR-10, and CIFAR-100.

This paper explores the relationship between test set accuracy and task performance.
We present a method to determine the necessary dataset size for valid hypothesis testing
of whether a model belongs to a high-accuracy class and provide a formula for assessing
the statistical significance of accuracy differences between models. This analysis is applied
to models validated on MNIST, CIFAR-10, and CIFAR-100. Scripts for calculating the
main formulas in this work are available at https://github.com/AlexanderChuiko/Impact-
of-Dataset-Size.

1. Mathematical Model

Thus, let us consider a feature space X, whose points represent recognizable objects,
and a response space Y . We assume that a probability measure π and a loss function
L : Y × Y → {0, 1} are defined on X × Y :

L : (r, y) =

{

0, r = y;

1, r 6= y.
(1)

The model m is a mapping from X to Y . We define the loss of the model on a pair
(x, y) ∈ X × Y as the expression L(m(x), y), and we assume that the function L(m(x), y)
is measurable. Let us introduce the accuracy of the model m as the inverse of the expected
value of its loss:

Am = 1−Eπ[L(m(x), y) | (x, y) ∈ X × Y ]. (2)

Denoting gm(x, y) = 1− L(m(x), y), we obtain

Am = Eπ[gm(x, y) | (x, y) ∈ X × Y ]. (3)

The empirical accuracy At
m, which is used to evaluate the performance of the model m, is

computed based on the test sample Ot ⊂ X × Y :

At
m =

∑

j∈Ot

gm(j)/ |Ot| , (4)

where |Ot| denotes the size of the test sample. Note that the empirical accuracy At
m

coincides with the quality metric Accuracy. We will further assume that the random
variables {gm} are mutually independent for all considered models.
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2. Assessment of Required Dataset Size and Statistical

Significance of Ranking

This section addresses two key questions regarding model accuracy in practical
applications. The first question concerns classifying a model as either high-quality or
low-quality, based on whether the distribution of gm for model m falls within one of
two classes: Am ≥ p0 or Am ≤ p1 < p0. The second question examines the “advantage”
between two models m1 and m2, specifically whether the difference Am1−Am2 is positive.
We begin with the first question.

2.1. Model Classification: High-Quality vs Low-Quality

High-quality models satisfy Am > p0, while low-quality models meet Am 6 p1 <
p0, where p0 and p1 are fixed thresholds. Models with Am ∈ (p1, p0) are considered
unclassifiable, but this is not crucial for our analysis.

The goal is to classify any model with Am /∈ (p1, p0) while maintaining a Type I error
rate α and a Type II error rate β. When testing the hypothesis H0 : Am > p0 against the
alternative H1 : Am 6 p1 < p0, the most difficult cases occur when Am = p0 and Am = p1,
as the distributions of gm are closest in these scenarios.

We first consider testing the simple hypothesis Ĥ0 : Am = p0 against the simple
alternative Ĥ1 : Am = p1. Let us construct a likelihood ratio criterion. The quantity At

m

represents the sample mean of indicators of the model’s correct predictions on the test
sample. Therefore, under the assumption that the null hypothesis H0 is true, the quantity
|Ot| · At

m follows a binomial distribution Bin(|Ot| , p0). Similarly, under the assumption
that the alternative hypothesis H1 is true, this quantity follows a binomial distribution
Bin(|Ot| , p1). Assuming that the sample size |Ot| is sufficiently large, we approximate the
distributions Bin(|Ot| , p0) and Bin(|Ot| , p1) by a normal distribution:

|Ot|At
m ∼ N (|Ot|p0, |Ot|p0(1− p0)), under H0;

|Ot|At
m ∼ N (|Ot|p1, |Ot|p1(1− p1)), under H1.

(5)

The likelihood ratio for At
m after simplification will take the form:

Λ(At
m) =

√

p1(1− p1)

p0(1− p0)
exp

(

−(At
m − p0)

2

2p0(1−p0)
|Ot|

+
(At

m − p1)
2

2p1(1−p1)
|Ot|

)

. (6)

It can be shown that this is an increasing function of At
m for 0 6 At

m 6 1 and p1 < p0.
Then, a criterion of the form Λ(At

m) > λ0 is equivalent to a criterion of the form At
m > λ1,

given the corresponding values of λ0 and λ1. Given that

√
|Ot|(At

m
−p0)√

p0(1−p0)
∼ N (0, 1) under the

true hypothesis H0, for the Type I error rate α, we obtain the likelihood ratio criterion:

H0 : At
m > p0 + zα

√

p0(1− p0)/|Ot|,
H1 : otherwise,

(7)

where zα is the quantile of level α of the standard normal distribution.
We compute the required size of the test sample |Ot| such that the Type II error is no

greater than β:

PH1

(

At
m > p0 + zα

√

p0(1− p0)/|Ot|
)

6 β, (8)
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Transforming the expression, we obtain:

PH1





√

|Ot| (At
m − p1)

√

p1(1− p1)
>

√

|Ot|
(

p0 − p1 + zα
√

p0(1− p0)/|Ot|
)

√

p1(1− p1)



 6 β. (9)

Given that

√

|Ot| (At
m − p1)

√

p1(1− p1)
∼ N (0, 1) under the true hypothesis H1, we obtain:

√

|Ot|
(

p0 − p1 + zα
√

p0(1− p0)/|Ot|
)

√

p1(1− p1)
> z1−β, (10)

from which we can express:

|Ot| >
(

zα
√

p0(1− p0) + zβ
√

p1(1− p1)

p0 − p1

)2

. (11)

By the Neyman–Pearson lemma, the obtained criterion is the most powerful. Therefore, the
size of the test sample, which is obtained by rounding up the right-hand side of expression
11, is the minimal size required to construct a criterion with Type I and Type II errors at
levels α and β, respectively.

It is evident that for Am > p, for any fixed threshold c, it holds that PAm
(At

m > c) >
Pp (A

t
m > c). Therefore, when applying the criterion 7 to test the hypothesis H0 : Am > p0

against the alternative H1 : Am 6 p1 < p0, the Type I and Type II errors will also be at
levels α and β, respectively.

2.2. Hypothesis of Advantage

Consider two models m1 and m2 with accuracies At
m1 and At

m2, where At
m1 > At

m2 on
the test set. We investigate the relationship between Am1 and Am2 using the statistic:

St
(

At
m1, A

t
m2

)

=
√

2|Ot|
At

m1 − At
m2

√

At
m1 + At

m2

√

1− At
m1 + 1−At

m2

, (12)

which follows an asymptotic normal distribution as |Ot| → ∞ and Am1 = Am2. To test
the null hypothesis H0 : Am1 6 Am2 against the alternative H1 : Am1 > Am2, we define
the P-value pSt as:

pSt
(

At
m1, A

t
m2

)

= 1− FN

(

St
(

At
m1, A

t
m2

))

, (13)

where FN is the cumulative distribution function of the standard normal distribution.
Rejecting H0 at pSt 6 α controls the Type I error rate at α. By inverting (13) with respect
to At

m2, we derive the range of At
m2 values for which pSt 6 α at a fixed At

m1:

At
m2 ∈

[

0,
2|Ot|At

m1 − z2αA
t
m1 + z2α −

√
D

2|Ot|+ z2α

]

, (14)

D =
(

2|Ot|At
m1 − z2αA

t
m1 + z2α

)2 −At
m1

(

2|Ot|+ z2α
) (

2|Ot|At
m1 − 2z2α + z2αA

t
m1

)

. (15)
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Thus, if At
m2 falls within the range (14), we can claim that model m1 has a statistically

significant accuracy advantage over model m2 at the Type I error rate α.
We can also determine the required test set size |Ot| such that the difference At

m1 > At
m2

indicates a statistically significant advantage:

|Ot| > z2α
(At

m1 + At
m2) (1−At

m1 + 1− At
m2)

2 (At
m1 − At

m2)
2 . (16)

This formula specifies the necessary test set size to assert that model m1 has a statistically
significant advantage over model m2 based on their observed accuracy values, At

m1 > At
m2.

3. Computational Experiments

We calculate the discriminability boundary using formula (14) for models evaluated on
the MNIST [7–12, 15], CIFAR-10 [10, 13, 16–19], and CIFAR-100 [10, 14, 20–23] datasets.
Tables 1–3 list the models, their accuracy metrics, and the highest accuracy values for
which each model demonstrates a statistically significant advantage.

Table 1
Upper bound of the range (14) for models on MNIST

Model Accuracy Upper bound of the range (14) at
Type I error rate of 0,05

[11] 0,9987 0,99772
[12] 0,9984 0,99733
[7] 0,9982 0,99707
[9] 0,9979 0,99669
[8] 0,9977 0,99644
[10] 0,9975 0,99620
[15] 0,9859 0,98302

Table 2
Upper bound of the range (14) for models on CIFAR-10

Model Accuracy Upper bound of the range (14) at
Type I error rate of 0,05

[13] 0,99612 0,99453
[16] 0,995 0,99322
[17] 0,995 0,99322
[10] 0,9949 0,99310
[18] 0,9905 0,98811
[19] 0,984 0,98095

If a model’s accuracy exceeds the value in the third column, the claim that the model
in the second column has greater accuracy than the first is not statistically significant.
From this comparison, we make the following conclusions:
1. On the MNIST dataset, the top model does not have a statistically significant advantage
over its three closest competitors. The second-best model [12] has a significant advantage
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only over the last model listed [15]. Thus, leading models on MNIST do not exhibit
statistical superiority over one another. It is plausible that the 2016 model [9] with an
accuracy of 0,9979, may outperform the 2021 model [11] with an accuracy of 0,9987, on a
larger dataset.
2. A similar trend is observed on the CIFAR-10 dataset, where the top model [13] shows
no statistically significant advantage over models [16], [17], and [10].
3. On CIFAR-100, model rankings are more robust. The top-1 model has a statistically
significant advantage over the top-2 model, the top-2 over the top-3, and the top-3 over
the top-5. Therefore, the current test set size for CIFAR-100 still supports statistically
significant ranking by accuracy.

Table 3
Upper bound of the range (14) for models on CIFAR-100

Model Accuracy Upper bound of the range (14) at
Type I error rate of 0,05

[14] 0,9608 0,95616
[20] 0,9510 0,94586
[10] 0,9495 0,94428
[21] 0,942 0,93644
[22] 0,9409 0,93529
[23] 0,9395 0,93383

To improve the statistical significance of rankings on MNIST, larger test sets are
required. For example, to distinguish a model with 0,9987 accuracy from the one with
0.9979 accuracy (such as models [9] and [11]), at least 14 349 test instances are necessary
(using formula (16) with α = 0, 05). For models like [11] and [12], an even larger test
set – 87 053 instances – is required.

Conclusion

This study examines the statistical significance of evaluating and ranking
recognition models, particularly as top models approach near-perfect accuracy on classical
benchmarks, making it difficult to distinguish between them.

We formalized accuracy as the expected value of the correct response indicator, treating
it as the sample mean. This approach enables conclusions to be drawn about model
performance. Using the likelihood ratio test, we derived a formula to determine the required
test set size to reliably classify a model as high-quality. This formula is useful in practical
applications for designing datasets to ensure that models meet or exceed critical accuracy
thresholds. For comparing two models, we introduced a method, using formula (14), to
identify when one model has a statistically significant accuracy advantage over another.

Our computational experiments applied formula (14) to models evaluated on MNIST,
CIFAR-10, and CIFAR-100 datasets. The results show that, for MNIST and CIFAR-
10, the top models do not have statistically significant advantages over their nearest
competitors. However, for CIFAR-100, the highest-ranked models demonstrate clear
statistically significant advantages. From these observations, we can conclude that
conducting competitions on classical datasets is irrelevant when the achieved accuracy
on them is already sufficiently high. However, MNIST, CIFAR-10, and CIFAR-100 retain
their significance for individual research.
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ОЦЕНКА РЕЛЕВАНТНОСТИ ТЕСТИРОВАНИЯ
И РАНЖИРОВАНИЯ МОДЕЛЕЙ В ЗАВИСИМОСТИ
ОТ ОБЪЕМА ДАТАСЕТА

А.В. Чуйко1, В.В. Арлазаров1,2, С.А. Усилин1,2

1Федеральный исследовательский центр ≪Информатика и управление≫ РАН,
г. Москва, Российская Федерация
2ООО ≪Смарт Энджинс Сервис≫, г. Москва, Российская Федерация

Методы машинного обучения все чаще используются в различных областях жиз-

недеятельности. Ежегодно множество научных коллективов разрабатывают новые
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распознающие модели, соревнуясь при этом в показателях качества на открытых да-

тасетах. В некоторых задачах показатели точности давно превысили 99%, при этом

лучшие в таблице ранжирования модели зачастую отличаются между собой на сотые
доли процентов. Принимая в расчет объемы датасетов, резонным становится вопрос

о релевантности оценки качества и достоверности ранжирования различных распо-

знающих моделей. В работе описан метод расчета необходимого объема датасета для
возможности корректной проверки гипотезы о точности модели, а также представлен

анализ статистической значимости ранжирования по точности некоторых современ-
ных работ на датасетах MNIST, CIFAR-10 и CIFAR-100.

Ключевые слова: объем датасета; распознавание объектов; статистическая зна-

чимость; оценка качества модели; оценка качества распознавания.
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