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Abstract

Artificial intelligence (AI) models for computer vision
trained with supervised machine learning are assumed
to solve classification tasks by imitating human behavior
learned from training labels. Most efforts in recent vision re-
search focus on measuring the model task performance us-
ing standardized benchmarks such as accuracy. However, lim-
ited work has sought to understand the perceptual difference
between humans and machines. To fill this gap, this study
first analyzes the statistical distributions of mistakes from the
two sources and then explores how task difficulty level af-
fects these distributions. We find that even when AI learns
an excellent model from the training data, one that outper-
forms humans in overall accuracy, these AI models have sig-
nificant and consistent differences from human perception.
We demonstrate the importance of studying these differences
with a simple human-AI teaming algorithm that outperforms
humans alone, AI alone, or AI-AI teaming.

1 Introduction
One motivation of neural networks (NN) is creating artifi-
cial intelligence that can learn from human intelligence and
mimic human behavior. In computer vision, researchers of-
ten build their work upon the assumption that neural net-
works learn a feature representation similar to visual cor-
tex activity (Agrawal et al. 2014; Mur et al. 2013; Kuzovkin
et al. 2018). It is believed that a well-trained machine net-
work learns to represent input stimuli in a way that is similar
to human visual perception (Battleday, Peterson, and Grif-
fiths 2020). As a result, most current work in computer vi-
sion that aims to develop “better” computer models focuses
on summary benchmark scores (e.g., prediction accuracy).
As a result, the evaluation of human-to-machine similarity
across the entire distribution of answers is ignored.

Human-centric studies do exist in some areas of AI re-
search. Human-centric explainable AI conducts user stud-
ies to identify the “explanations” that are most meaningful
to human users. Noisy label researchers utilize human dis-
agreements as soft labels to train neural networks (Branson
et al. 2010; Kovashka et al. 2016; Peterson et al. 2019; Wei
et al. 2023). Human-in-the-loop work utilizes active learn-
ing to iteratively expand or update the training set by using
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human annotators (Han, Dong, and Demartini 2021; Joshi,
Porikli, and Papanikolopoulos 2009; Yao et al. 2012; Taleb
et al. 2021; Roels et al. 2019), or utilizing human feed-
back reinforcement learning methods to bridge the perfor-
mance gap between humans and machines (Yang et al. 2024;
Ouyang et al. 2022; Shnayder et al. 2016; Ramakrishnan
et al. 2019). Human workers have also been requested to
diagnose AI system failures given semantic explanations of
the AI decision (Yang and Alonso 2024; Nushi, Kamar, and
Horvitz 2018; Nushi et al. 2017). However, these works fo-
cus on developing training schemes to improve the model
performance, and limited work explores the perceptual dif-
ference between human and machine classifiers. 1

Our work quantifies the perceptual difference between hu-
mans and machines in the image classification task. We first
analyzed the statistical distribution of mistakes made by hu-
man annotators and AI annotators (robust machine learning
classifiers), where we found that machines tend to make sim-
ilar mistakes to other machines, while mistakes differ from
those made by humans. Next, we attempt to understand the
differences using implicit information from machine and
human classifiers, such as machine confidence scores, hu-
man annotation time, and agreement levels, to rank the dif-
ficulty of each classification task. Comparing the perfor-
mance of humans and machines on various task difficulty
levels, we observe that despite being worse overall, humans
outperform the machines in some conditions, such as when
machines have low confidence or low agreement. Finally,
we demonstrate the potential of studying human-to-machine
differences by using our findings to show that appropriate
human-machine collaboration significantly outperforms col-
laboration between any two machine classifiers.

The contributions of this work are:
• A comparison of human-machine perceptual differences

on an image classification task.
• Showing that understanding perceptual differences can

improve overall system accuracy.

2 Preliminary
2.1 The Multi-Class Classification Task
In this work, we focus on the multi-class image classification
task. Assume that labels y ∈ [1, 2, ...,K] are generated by

1More related works are included in appendix (arXiv version).
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Figure 1: Stimuli for current study: Representative images
from the CIFAR-10 dataset, which includes ten categories
of natural images. The perceptual difference between hu-
man and AI classifiers is studied using the distribution of
mistakes made while predicting categorical labels.

a random variable Y . Ideally, a machine learner would have
access to N training data points D := {(xi, yi)}i∈[N ], where
each image/instance xi generates according to the random
variable X . The goal of this classification task is to find the
optimal classifier f by solving the optimization task:

f∗ ← argmin
f

1

N

∑
i∈[N ]

ℓ(f(xi), yi),

where f is the classifier (e.g., the machine) and ℓ is the eval-
uation measure (i.e., loss function).

However, labels are often obtained through a crowdsourc-
ing platform (e.g., Amazon Mechanical Turk (Turk 2012)) in
practice, which can inevitably incur label/annotation errors
to certain images (Xiao et al. 2015; Peterson et al. 2019; Wei
et al. 2022c). In other words, the learner can only access a
set of noisy labels ỹi generated by the random variable Ỹ ,
which may disagree with the clean label yi.

2.2 Datasets and Model Training
The top-ranked machine vision models can achieve ex-
tremely high accuracy on CIFAR-10 (Krizhevsky, Hinton
et al. 2009) image classification by training on clean labels.
The models are so good with clean labels that this dataset
is often considered a toy problem domain. However, label
noise is prevalent in real-world classification data (Deng
et al. 2009; Xiao et al. 2015; Wei et al. 2022c). Training
models on datasets with label noise inevitably results in bi-
ased model prediction (Natarajan et al. 2013; Liu and Tao
2015; Patrini et al. 2017). Thus CIFAR-10 remains a widely
used test dataset when studying image classification using
noisy training data (Liu and Guo 2020; Cheng et al. 2020;

Accuracy (%)

Humans
Human 1 82.8
Human 2 81.9
Human 3 82.4

Machines

CORES (Cheng et al. 2021) 84.5
CE 85.0

PLS (Lukasik et al. 2020) 85.9
F-Div (Wei and Liu 2021) 86.0

GCE (Zhang and Sabuncu 2018) 86.3
FW (Patrini et al. 2017) 86.7

PeerLoss (Liu and Guo 2020) 86.8
BW (Patrini et al. 2017) 86.8
NLS (Wei et al. 2022b) 88.4

CAL (Zhu, Liu, and Liu 2021) 88.7
Co-teaching+ (Yu et al. 2019) 89.1

JoCoR (Wei et al. 2020) 89.5
Co-teaching (Han et al. 2018) 90.0

Table 1: Overall image classification prediction accura-
cies: Robust machine learning models are trained on noisy
human labels in CIFAR-N (40K training subset). The accu-
racies of humans and machines are calculated against the
clean label in CIFAR-10 (10K test subset). Note that all ma-
chine models outperform all noisy human annotators.

Liu et al. 2020; Wei and Liu 2021; Liu et al. 2022; Wei et al.
2022a; Wang et al. 2022; Huang et al. 2023; Xia et al. 2023;
Ortiz-Jimenez et al. 2023; Chen et al. 2023b,a; Park et al.
2024; Wang et al. 2024). The machine classifier must de-
cide which of ten class labels (airplane, automobile, bird,
cat, deer, dog, frog, horse, ship, truck) best describes each
image. An example of images in this dataset is shown in
Figure 1.

In this paper, we adopt CIFAR-N (Wei et al. 2022c), a
label-noise benchmark that provides three noisy human an-
notations for each image of the CIFAR-10 training dataset.
We split the training set into a 40K training subset and a
10K test subset. We explore human perceptual differences
using these noisy human annotations. For machine classi-
fiers, there exists a family of robust designs for learning with
noisy labels. We choose thirteen popular robust methods, al-
lowing the machine to mitigate the impact of noisy labels.

A preliminary comparison of human and machine clas-
sifier accuracy is given in Table 1. Noisy human annota-
tors from CIFAR-N achieve 81.9-82.8% accuracy. However,
all the selected machine classifiers achieved higher accu-
racies than humans, ranging from 84.5% to 89.9%, when
trained using data from CIFAR-N. A higher accuracy score
is widely believed to imply that machines can replace hu-
man annotators in this classification task. Our study investi-
gates: (1) Whether perceptual differences exist between hu-
mans and machines; and (2) Are these differences important
to the overall machine performance?

3 Quantifying Perceptual Differences
In this section, we study the perceptual difference between
humans and machines in image classification tasks. Our
objective is to determine whether human capabilities are
merely a subset of machine abilities or if they can com-
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plement each other. To represent their respective perceptual
distributions, we use a set of machine predictions and noisy
human annotations to conduct our analysis. To quantify and
compare the distribution of predictions, Sec 3.1 makes use of
confusion matrices to illustrate the pattern of their incorrect
predictions, Sec 3.2-3.3 demonstrates their performance on
tasks with various difficulty levels, and Sec 3.4 shows ad-
ditional results when permuting training data and learning
backbone.

3.1 The Prediction Confusion Matrix
To understand the overall perceptual distribution difference
between human and machine classifiers, we visualize their
incorrect predictions through confusion matrices.

Denote by fML a machine learning classifier, and fH as
a human annotator. For f ∈ {fML, fH}, let f(x) be the
model prediction probability vector given by the classifier
f w.r.t. the sample x ∈ X , i.e., f(x) = [f(x)[1], ..., f(x)[K]],
where f(x)[i] := P(f(x) = i) denotes the probability of
categorizing x as class i, in a K-class classification task.
The model prediction could then be expressed as f(x) :=
argmaxi∈[K] f(x)[i]. Given a set of test data samples with
clean labels Dt := {(xt

i, y
t
i)}i∈[N ], for f ∈ {fML, fH}, we

aim to quantify the differences between fML and fH through
the following metric:

Confusion matrices of model predictions C: The elements
of confusion matrix C are given by

Cp,q := P(X,Y )∼Dt(f(X) = q|Y = p).

To quantify the perceptual difference between humans and
machines, one could replace the ground-truth (clean) label
Y with the human annotation fH(X) and adopt f = fML.

Figure 2 shows the aggregated confusion matrices for
samples with incorrect prediction between human-human,
human-machine, and machine-machine. For instance, the
”Humans v.s. Machines” figure compares three sets of hu-
man annotations against all thirteen designs of machine clas-
sifiers. By examining these confusion matrices, we can gain
insight into the distribution of human and machine mistakes.

Comparisons between machines and machines: Denote
by CMM the confusion matrix of model predictions between
a machine and a machine. Figure 2 (b) shows the aggregated
confusion matrix CMM between all pairs of machines. We
observed a strong diagonal line in the plot, indicating that
machines have a strong consensus and tend to make similar
mistakes.

Comparisons between humans and humans: We define
CHH as the confusion matrix of model predictions between a
human annotator and another human annotator. The human-
human comparison CHH is shown in Figure 2 (a). The di-
agonal line is weaker since human judgments sometimes di-
verge. By comparing CHH and CMM (Figure 2 a,b), we con-
clude that although humans in our test set have similar accu-
racies, they sometimes make different mistakes. In contrast,
machines models, even those with different accuracies, tend
to make similar mistakes.

Comparisons between machines and humans: Denote by
CHM the confusion matrix of model predictions between a
human annotator and a machine. The human-machine com-
parison CHM is shown in Figure 2 (c). By comparing the
confusion matrices CMM vs. CHM (Figures 2 b,c), we see
that humans and machines make significantly different mis-
takes.

Hypothesis testing is utilized to support our visual obser-
vations. With a significance level of α = 0.05, the hypoth-
esis testing results showed there exist significant differences
between CHH vs. CMM and CMM vs. CHM. Details are pro-
vided in Appendix B.1.

The perceptual difference between humans and machines
suggests human capabilities aren’t strictly a subset of ma-
chine abilities, implying the potential for complementary
teaming.

3.2 Partitioning by Machine Difficulty
To better understand perceptual differences, we partition test
images into subsets that may have performance variations.
As a first attempt at partitioning, we group test cases based
on the difficulty level for machine learning models fML to
provide an accurate answer. The performance of humans and
machines is evaluated for each subset. We try two difficulty
measures: the machine’s model confidence and agreement.

Machine’s model confidence: Define model confidence as
MC(f = fML|x) := fML(x)fML(x) or argmaxj∈[K] fML(x)j ,
which indicates the model’s prediction probability on sam-
ple x for its prediction fML(x).

The machine confidence score is a commonly used metric
to show the model prediction certainty level. A higher con-
fidence score indicates a higher level of certainty and sug-
gests that the task is easier for the machine to perform. In
our experiments, we calculated the accuracy of humans and
machines at different confidence levels using each machine
classifier. Results are plotted in Figure 3 (a). The shaded
band indicates the range of accuracies, and the solid line
represents the average. The performance of the thirteen ma-
chine designs is shown in red, while the results of human
classifiers are shown in blue.

Examining the plot, only the red band shows a strong up-
ward trend when the confidence level increases, meaning
that the machine performance strongly correlates to the ma-
chine confidence score. In contrast, human performance is
only mildly correlated with machine confidence. In addition,
the plot shows that humans are more accurate than machines
when machines have low confidence. Even though machines
have higher accuracy on the complete test set, humans and
machines have different expertise on different subsets, nei-
ther can fully replace the other on this classification task.

Machine agreement: Given a list of machine learning clas-
sifiers, i.e., k classifiers with j-th one denoted by fML,j , we
could quantify the difficulty level for machines w.r.t. a sam-
ple x as MA(f = fML|x) := 1

k

∑
j∈[k] 1(fML,j(x) = y).

The model agreement term MA(f = fML|x) ∈ [0, 1] indi-
cates a high consensus rate for machine learning classifiers
(low difficulty level) if it is of a high value.
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Figure 2: Confusion matrices of incorrect answers: The figure shows confusion matrices across permutations of machine
classifiers or human annotators. The plot focuses on incorrect predictions from the test subjects to see if they make similar
mistakes. For example, a darker cell in ”Humans vs Machines” means a higher probability that the three human annotators
make the same mistake as the thirteen designs of machine classifiers. (a) A mild diagonal line indicates that humans don’t
always make the same mistakes. (b) The strong diagonal line indicates that all the machine models tend to make similar
mistakes. (c) The diagonal line is weak, indicating that the mistakes made by humans and machines diverge in this comparison.

Machine agreement uses a cluster of machine classifiers to
rank the task difficulty. More machines making correct judg-
ments on a task indicates the task is easier to solve, and vice
versa. We repeat the experiment with a leave-one-out de-
sign, using 12 machine classifiers to determine the difficulty
and one remaining classifier to test. We experimentally com-
pare human and machine accuracies on tasks with differ-
ent machine agreement levels, then visualize the difference
in Figure 3 (b). The result again shows that machine per-
formance strongly correlates with other machine classifiers,
even though various machine designs have a wide range of
performance. Human annotator performance, on the other
hand, is only slightly correlated to machine agreement. Here,
we draw a similar conclusion to using machine confidence
levels: human and machine classifiers have different distri-
butions of predictions.

Statistical hypothesis testing: We verify our visual obser-
vations using a linear regression fit, which shows the cor-
relation between the accuracy and task difficulty levels. A
larger slope indicates a stronger relation, while values closer
to zero indicate a low correlation. We set the significance
value to be α = 0.05: the average of human classifiers has
a slope of 0.11 w.r.t. the machine confidence and a slope of
0.08 with machine agreements, while machines have a slope
of 1.00 in both cases. This illustrates that the difficulty level,
as judged by machines, has a low correlation with human
predictions. Details are provided in Appendix B.2, B.3.

3.3 Partitioning by Human Difficulty
We repeat the partitioning experiments via new criteria: this
time partitioning by human difficulty rather than machine
difficulty. To quantify the human difficulty levels, we use
time spent labeling an image and an entropy-based measure
of human agreement.

Time Spent: Assuming the i-th human annotator spent ti(x)
time (in seconds) in annotating sample x, we adopt the av-
erage time spent on sample x as a measure to indicate the
difficulty level of the given task x. Mathematically, t̄(x) :=
1
k

∑
i∈[k] ti(x). A large t̄(x) means the sample x is relatively

hard for human annotators since it requires humans to spend
a long time on annotation. We calculated average time con-
sumption using the CIFAR-H dataset (Peterson et al. 2019)
since CIFAR-N lacks annotator time information.

Human agreement (entropy): Given k human annotators,
the entropy of a sample x is given by:

Entropy(x) = −
∑
i∈[K]

pH,i(x) · log (pH,i(x)),

where pH,i(x) :=
1
k

∑
j∈[k] 1(fML,j(x) = i).

Human agreement is a metric to evaluate human consensus
on a task given multiple annotations. A higher agreement
level implies less ambiguity and easier judgment. We calcu-
late entropy using CIFAR-H because it provides at least 47
labels per image, enough to calculate agreement.

Analysis: We calculated human and machine performance
under different human difficulty levels, then aggregated re-
sults as shown in Figure 3 (c,d). Both human and machine
performance strongly correlate with annotation time and hu-
man agreement. Here, we conclude that machines will strug-
gle with cases humans find difficult. While this result con-
trasts our findings using machine difficulty to partition tasks,
it does not contradict those results. Machine and human dif-
ficulty metrics result in different partitions, and the statistics
of these partitions are different.

3.4 Sensitivity of the Results
Comparing human and machine classifiers, we have found
that machines are more similar to other machines and that
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Figure 3: Accuracy as a function of difficulty level: The plots visualize the performance of humans and machines on tasks
ranked by difficulty level. The shaded band indicates the range of accuracies for all classifiers, and the solid line represents the
average performance. Task difficulty is measured by: (a) machine classifier confidence levels, (b) based on machine agreements,
(c) based on human annotation time, (d) and human agreement levels. Plots (a,b) show machine classifier performance heavily
correlates to machine difficulty levels, while human performance is significantly less correlated. Plots (c,d) indicate that both
human and machine performance is correlated to human-derived difficulty levels.

humans have different statistics. This result may come from
using the same training data for all machine classifiers or,
alternately, from using the same vision backbone on all clas-
sifiers. To understand whether this is the cause, we conduct
further experiments to provide variation to the machine clas-
sifiers during the training phase.

To ensure fairness in this test, we created a balanced test
set to reduce the bias potentially caused by the majority of
correct cases. A balanced set is a subset randomly selected
from the test set, which includes half correct and half incor-
rect answers. To measure the similarity of two classifiers, we
used Matching percentage on a balanced set as the numeri-
cal metric, defined as P (A|B)+P (A|B)

2 for two sets A,B.

Training labels: We diversify the training labels to evalu-
ate whether using the same training labels is the cause of
different machine classifiers making similar mistakes. We
train each machine on one of the three human annotations
sets from the CIFAR-N dataset and compare their Matching
percentage on a balanced test set in Figure 4. Higher match-
ing percentages mean the two classifiers are more similar
(darker colors). Notice that machines and humans tend to
make less similar judgments, while machines tend to make
similar judgments to other machines, even when trained with
different sets of labels.

Vision backbones: We selected three commonly used vision
backbones: ResNet (He et al. 2016), VGG (Simonyan and
Zisserman 2014), and Inception (Szegedy et al. 2015). The
machine classifiers were retrained, each using a randomly
selected backbone. The matching percentage was again used
as a metric for similarity. For space reasons, the table of
numbers from this experiment is in the supplementary ma-
terials (Appendix C.1). However, we draw the same con-
clusion. Machines and humans make different judgments,
while two machine classifiers tend to make similar judg-
ments, even when trained with different vision backbones.

4 Human-Machine Collaboration
We investigate the performance of joint systems using hu-
man and machine statistical distributions. Although ma-
chines have higher overall accuracies in our study, there ex-

ist cases in which humans perform better. The goal of this
section is to demonstrate that the study of perceptual dif-
ferences has practical value. We thus choose the simplest
human-machine collaboration method possible, in which a
joint classifier has access to both a machine guess and a hu-
man guess and returns one of these two answers. We inves-
tigate an upper bound on performance using an ideal collab-
oration and obtainable performance using a realistic collab-
oration based on simple thresholding.

4.1 Ideal Collaboration
Given predictions from a machine classifier and a human
classifier, ideal collaboration selects the correct answer if ei-
ther classifier generates it. Algorithms that use ground truth
data to make perfect predictions are frequently called “or-
acles” in the computer vision literature, and we adopt this
terminology, labeling ideal collaboration “oracle mode.” If
either classifier predicts the correct result, oracle mode will
have the correct result. This is an upper bound for what is
achievable in a real system.

Oracle mode performance is given in Figure 5(a), which
shows the original machine classifier performance and the
performance boost obtained from teaming. We show three
options for teaming with each original machine predictor:
teaming with a human classifier, teaming with an aggregated
group of three human classifiers, and teaming with another
machine classifier. The additional machine classifier is cho-
sen by examining all options and reporting the pair with the
greatest accuracy boost.

In all cases, teaming with a human has a greater upper
bound on accuracy gain than teaming with another machine
model. Using the machine cross-entropy (CE) classifier as
an example, we see that it has an accuracy of (84.96%).
When teaming with a human classifier(81.88%), the joint
system can reach 95.82%(+10.86%) under this ideal col-
laboration condition. The boosted accuracy is significantly
greater than each classifier alone. On the other hand, team-
ing the CE classifier with another machine classifier such
as coteaching(Han et al. 2018) (89.95%) results in a team-
ing performance of 92.34%(+7.38%). Note that the lower
accuracy human classifier results in better teaming perfor-
mance than the higher accuracy co-teaching model. Indeed,
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Figure 4: Matching Percentage on balanced set: The figure visualizes the matching percentage between each machine classi-
fier and each other human/machine classifier on a balanced set. The machine classifiers are not all trained with the same training
examples, yet the results show machines tend to make judgments that match other machines more than they match humans.

Pre-trained Acccol, ml(0.4) v.s. Acc∗col, ml Acccol, ml(0.5) v.s. Acc∗col, ml Acccol, ml(0.6) v.s. Acc∗col, ml
Statistic p-value Statistic p-value Statistic p-value
-18.96 7.51e-6 -7.95 0.0005 -2.49 0.0555

Multi-nets Acccol, ml(0.4) v.s. Acc∗col, ml Acccol, ml(0.5) v.s. Acc∗col, ml Acccol, ml(0.6) v.s. Acc∗col, ml
Statistic p-value Statistic p-value Statistic p-value
-66.25 0.0002 -37.57 0.0007 -34.12 0.0009

Table 2: Results of hypothesis test2 with paired student t-test: we adopt the significance value α = 0.05.

the machine-machine teaming accuracy is only mildly better
than co-teaching accuracy alone.

To investigate whether multiple human classifiers can fur-
ther improve performance, we aggregate annotations from
three human annotators using the majority vote to select the
classification. This aggre classifier (90.97%), has an accu-
racy much greater than a single human (81.88%), but un-
der the oracle teaming condition boosts accuracy only a little
more to 97.13%(+12.17%).

The upper bound of teaming between machine and hu-
man classifiers outperforms any combination of machine-
machine classifiers, revealing the benefit of leveraging
human-machine complementary characteristics.

4.2 Realistic Collaboration
To understand performance in a realistic scenario without
access to an oracle, we evaluate a simple algorithm that
thresholds machine confidence to determine whether to use
the machine or human guess.

The early memorization effect inspires thresholding. The
learning-with-noisy-label literature (Liu et al. 2020; Wei
et al. 2022c) observes that deep neural nets tend first to mem-
orize clean patterns, then gradually fit on noisy patterns as
training progresses. Samples that are of bad patterns usually
have large losses, which degrades the generalization of the
model. When evaluating the model performance on the test

data, we would expect test samples that are similar to the
learned training samples with clean labels to have relatively
high confidence. Inspired by this effect, we replace low-
confidence machine model predictions with those from a
human classifier while keeping confident model predictions
from the original model. This is not guaranteed to boost ac-
curacy since the human classifier has lower overall accuracy,
and sometimes, a correct classification will be replaced with
an incorrect one. However, we saw previously that model
confidence is strongly correlated with model accuracy, so
we have reason to believe that the approach works.

We adopt a threshold value η ∈ [0, 1] to determine when
to swap the predictions of the machine predictors with the
human classifier predictions. Selecting η to be 0 or 1 would
use either all predictions from the machine predictors or
all from the human classifier. To select the optimal thresh-
old value, we use the paired student t-test to compare the
algorithm’s accuracy with different threshold values. The
test shows that swapping model predictions with confidence
η ≤ 0.6 results in significant accuracy improvements, with
a significance value less than p = 0.05. More details about
the t-test and its results can be found in next section.

Fig 5(b) shows the performance boost under the same
three teaming options used previously. Teaming with a hu-
man classifier produces a greater boost to accuracy than
teaming with the best-choice machine model. All combi-
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Figure 5: Post-hoc teaming: The figure shows the origi-
nal model performance and the boost from teaming options.
“Add human” is teaming with a human classifier, “Add
aggre” is teaming with a human classifier that aggregates
answers from three humans, and “Add model” is teaming
with another machine classifier. We compared all the per-
mutations and visualized the best teaming combinations us-
ing a color map. A darker color indicates a greater boost.
(a) Oracle mode is the upper bound from perfect teaming,
(b) realistic mode is from a simplistic real algorithm. The
results show the value of human-machine complementary
teaming. Introducing a low-performance human to the team-
ing system causes more boost than introducing a higher-
performance machine classifier.

nations of machine-machine teaming lead to only marginal
boosts in accuracy. Using additional human classifiers in
the aggre majority voting configuration leads to additional
gains.

Since the upper bound performance is well above the sim-
ple realistic algorithm used, it seems likely that better real
collaboration algorithms are possible.

Picking the threshold for human-machine collaboration
Given a confidence threshold η, we denote by

Acccol, ml(η) as the test accuracy of replacing unconfi-
dent model predictions trained with a specific method
by human annotations. We adopt paired t-test to see: for
all robust methods, whether replacing unconfident model
predictions (w.r.t. a fixed η∗) by human annotations could
be consistently the best among such a human-machine

collaboration (i.e., Acc∗col, ml). Mathematically,
H0 : There are no significant differences between

Acccol, ml(η
∗) and Acc∗col, ml, for a list of robust methods;

H1 : There are significant differences between
Acccol, ml(η

∗) and Acc∗col, ml, for a list of robust methods.
The hypothesis testing results are summarized in Table 2.

We are interested in two lines of methods: methods require a
pre-trained model or multiple networks. For the pre-trained
model, we observe that the p-value for η = 0.6 satisfies that
p ≥ α = 0.05, indicating that we should accept the null
hypothesis H0, and conclude that there exists no significant
differences between Acccol, ml(η

∗ = 0.6) and Acc∗col, ml.

5 Limitations
We chose CIFAR-10 for our study because it’s widely rec-
ognized and gives us a common ground for comparison.
However it’s possible that our findings here might not be
generalizable to other datasets. In addition, our study nec-
essarily looked at only some of the many machine classi-
fication methods. We hope that demonstrating that human
machine perceptual differences exist in at least some cases
is sufficient to motivate future research on additional data
and methods.

6 Conclusions
In this work, we show that perceptual differences between
human and machine classifiers exist on image classification
tasks. Our analysis shows that while humans have lower
overall accuracy than machines in our task, their perception
is not a mere subset. All machine classifiers in our tests were
strongly correlated with each other, while human classifiers
produced a different distribution of answers. Given such dif-
ferences in expertise, we show that human-machine teaming
can lead to greater accuracy than machine-machine teaming.

This work has several practical implications. For scien-
tists seeking to use AI as a digital twin for studying human
decision-making, this work shows a weakness in current ma-
chine classification models. For application engineers with
high-value image classification tasks, such as detecting can-
cer in medical images, this work demonstrates that human-
machine collaboration may result in total system accuracy
better than what is achievable by machines or humans alone.
For computer vision researchers seeking to create fully au-
tomated machine classification systems, the findings in this
study suggest that tuning algorithms solely for accuracy may
not lead to the highest accuracy. If machine classifiers can be
created with statistics more like humans, they will initially
have lower total accuracy than the current state of the art.
However, these new classifiers with differing statistics can
then be combined with current methods to produce a fully
automated joint system with higher performance than is cur-
rently possible.
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