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Abstract—Long-tail effect, characterized by highly frequent
occurrence of normal scenarios and the scarce appearance of
extreme “long-tail” scenarios, ubiquitously exists in the visionrelated problems in the real-world applications. Though many
computer vision methods to date have already achieved feasible
performance for most of the normal scenarios, it is still challenging for existing vision systems to accurately perceive the
long-tail scenarios. This deficiency largely hinders the practical
application of computer vision systems, since long-tail problems
may incur fatal consequences, such as traffic accidents, taking
the vision systems of autonomous vehicles as an example. In
this paper, we firstly propose a theoretical framework named
Long-tail Regularization (LoTR), for analyzing and tackling
the long-tail problems in the vision perception of autonomous
driving. LoTR is able to regularize the scarcely occurred longtail scenarios to be frequently encountered. Then we present a
Parallel Vision Actualization System (PVAS), which consists of
closed-loop optimization and virtual-real interaction, to search
for challenging long-tail scenarios and produce large-scale longtail driving scenarios for autonomous vehicles. In addition, we
introduce how to perform PVAS in Intelligent Vehicle Future
Challenge of China (IVFC), the most durable autonomous driving
competition around the world. Results over the past decade
demonstrate that PVAS can effectively guide the collection of
long-tail data to diminish the cost in the real world, and thus
promote the capability of vision systems to adapt to complex
environments, alleviating the impact of long-tail effect.
Index Terms—Parallel Vision, Long Tail, Autonomous Vehicles

I. I NTRODUCTION
LONG with the vision computing research boom brought
by advancing artificial intelligence (AI) technologies, the
performance of visual algorithms keeps improving with higher
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Fig. 1. The sites of IVFC in the past twelve years. Early Stage (20092013): Testing in simple scenarios before employing parallel vision. Current
Stage (2014-Present): Testing in complex scenarios after employing parallel
vision.

precision across various public datasets [1]–[4]. However, it is
still very challenging to meet the requirements of the realworld applications [5]. One of the main reasons is that there
is no large-scale and diversified data available for training and
evaluation. Although the current algorithms work well in controlled environments, they might easily fail when encountering
the extreme scenarios in the complex real-world environments
[6]. This is a long-standing visual long-tail problem and the
challenging extreme scenes are regarded as the long-tail data.
Specifically, the complex traffic scenes fit a typical longtailed distribution characterized by the high frequency of
normal scenarios and the low probability of long-tail scenarios,
such as extreme situations, sudden accidents and unpredictable
human behaviors [7]. For the practical application of autonomous vehicles (AVs), the long-tail problems may incur
fatal effect, e.g., traffic accidents resulting in fatalities and
injuries [8], [9]. A preliminary investigation by the National
Transportation Safety Board reported that some accidents
happened due to the inability to recognize jaywalkers with
the autonomous driving (AD) software on Uber’s AVs [10].
There is an urgent demand for safe and reliable AVs [11],
which requires the autonomous vehicular vision systems to
have the ability to deal with complex traffic environments,
especially the long-tail scenarios. However, we face a contradiction here: the AV is expected to deal with the long-tail
scenarios, but it has not been trained to do so due to insufficient
data of these kinds of scenarios since the cost for obtaining
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the required data in real world is rather high. Moreover, it is
dangerous to capture some data in the real world, especially
traffic accidents such as inter-vehicle collisions (a typical longtail scenario). Consequently, the core of solving this problem
is how to make use of limited available resources to create
and collect abundant long-tail data for the vision systems of
AVs.
Started under the support of the “Key Program of Cognitive Computing for Visual and Auditory Information” (KPCCVAI), a ten-year project funded by National Natural Science Foundation of China with initial funding of 190,000,000
CNY (around 30,000,000 USD), the “Intelligent Vehicle Future Challenge (IVFC)” has been successfully held for twelve
consecutive years, and has become the longest-lasting and
largest autonomous driving competition around the world, as
shown in Fig. 1. When it was first held in 2009, six teams
entered but none finished the entire track in an ecological park
in Xi'an. In the recent IVFCs, dozens of teams participated and
the complexity of testing tasks has been gradually increased
to keep up with the improving capability of the testing AVs.
IVFC has witnessed the development of AD technologies over
the years and is regarded as the most authoritative competition
of AD in China.
In order to effectively promote the practical application of
AVs in the complex environments, we have been working for
an optimal solution to the visual long-tail problems through
theoretical research and practical exploration of AD. And we
participated in the establishment of China's first Intelligent
Vehicles Proving Center (iVPC) in 2015 for testing and
evaluation of AVs. It was also the first in China to put forward
“autonomous vehicle proving ground”.
In this paper, we report our theoretical research findings
underpinned by our practical applications in IVFC. We first
theoretically analyze the long-tail problems in AD and propose
a Long-tail Regularization (LoTR) theory to make the scarce
long-tail scenarios to be frequently encountered, which is
expressed as “regularization”. To achieve LoTR, we exploit
our previous work on parallel vision [6]. It is a novel vision
computing framework for perception and understanding of
complex environments, consisting of three units named Artificial systems, Computational experiments and Parallel execution (ACP) [12]. Thus, we build a Parallel Vision Actualization
System (PVAS) on earlier work and apply it to optimize the
configuration of the competition tasks of IVFC since 2014.
Through the application and evaluation on the IVFC during the
last decade, the design of LoTR and PVAS has been proved to
be effective and reliable. Here is a brief summary of the major
advances on solving long-tail problems for the autonomous
vehicular vision systems.
• We propose a theoretical framework named LoTR to
analyze and solve the visual long-tail problems for the
practical application of AVs in complex scenarios. Within
this framework, we first clarify related terms such as
“long-tail scenarios” and “long-tail problems” of AD.
Then based on Probably Approximately Correct (PAC)
learning [13], we propose the concept of “PAC-LoTR”
and further present a sampling condition of long-tail
scenarios. LoTR aims to regularize the scarcely occurred

•

•

long-tail scenarios and serves as a theoretical foundation
for the implementation of PVAS.
We establish a Parallel Vision Actualization System
(PVAS) based on LoTR theory. This system has the
ability of continuous data collection and model evaluation to overcome the long-tail effect in a self-upgrading
process through two key methods, virtual-real interaction
and ACP-based closed-loop optimization. The virtual-real
interaction pattern facilitates the production of large-scale
long-tail scenarios in a simulated virtual world, providing
guidance to the real-world experiments. The closed-loop
optimization method enables interactive learning between
data collection and vision systems.
We perform PVAS to configure the competition tasks
for the most durable AD competition worldwide, IVFC.
To implement this system for IVFC, we apply a virtual
environment named ParallelEye-CS simulated by computer graphics to synthesize and annotate photo-realistic
scenarios and rational behavior patterns automatically.
The evolution of IVFC and the practical results over
the past twelve years demonstrate the effectiveness and
reliability of LoTR theory and induced PVAS. Compared
to previous approaches, the dependence on real-world
sources can be effectively decreased and the impact of
long-tail effect can be alleviated.

II. R ELATED WORKS
The visual long-tail problems often refer to the recognition problems of unbalanced data, where the imbalance
only embodies in the unbalanced data amounts for different
classes. Studies on long-tailed imbalanced data can be mainly
classified into two categories: resampling [14]–[16] (including
over-sampling and under-sampling) and cost-sensitive learning
[17]–[20].
However, in the existing methods of object detection, segmentation or classification, the long-tail data are defined as
the data in the categories of less samples. This is obviously
inappropriate for defining the long-tail scenarios in complex
environments. Specifically, the driving scenarios involve various complex attributes that are not limited to the data category.
For example, two cars collide and have a traffic accident,
which has a low probability of occurrence. We regard this
scenario as a long-tail scenario, but the main traffic objects
in this scenario, two cars, belong to a common data category.
Moreover, none of these approaches can achieve interactive
learning. That is, users need to manually select data for the
algorithms without closed-loop feedback [6].
At present, there is still a lack of systematic research on
the long-tail problems of AD in complex environments. In
this paper, we present a theoretical framework LoTR along
with the induced PVAS for analyzing and solving the long-tail
problems of AD. This research is on the basis of our previous
exploration of AD in both theory and practice [21]–[25]. The
PVAS has been applied in practice for consecutive seven years
since IVFC 2014, and will be continuously upgraded and
improved in the years to come.
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III. M ATERIALS AND M ETHODS
In this section, we introduce the proposed LoTR theory and
PVAS in detail. We describe the theoretical foundation for
the long-tail problem of AD, and elaborate how to solve the
challenges efficiently and reliably in evaluating the AVs with
limited testing scenarios taking IVFC as an application case.
A. LoTR theoretical framework for long-tail problems of AD
Firstly, we investigate the theoretical crux of long-tail problems of AD to answer three key questions.
• There are no robust and reasonable definitions for many
vague terms (e.g., “long-tail scenarios” or “long-tail problems”) of AD. In existing researches, long-tail problems
usually refer to the recognition problems of unbalanced
data, where the samples of some classes are numerous
while the samples of other classes are scarce. The longtail data are defined as the samples of scarce categories.
However, the conventional definition is not suitable for
the long-tail scenarios and long-tail problems of AD
because they involve more complex attributes including
but not limited to the data category.
• Can we efficiently and reliably solve the long-tail problems of AD with finite scenarios sampled from the realworld environments? Some researchers believed that AD
would not be successful since the driving scenarios are so
complex that we are not able to enumerate all the possible
scenarios. Can we solve this problem using a speciallydesigned paradigm without too much time and financial
cost?
• How to identify the challenging long-tail scenarios and
generate new long-tail scenarios for an AV? Most scenarios that we record in our daily driving experience are
already well handled, which will not be able to further
improve the performance of AVs. A natural solution is to
design a novel way to collect challenging scenarios and
upgrade the AVs. However, it is unknown whether such
proactive sampling will improve the stability of AVs.
To seek answers to these inherently related questions, we
establish a theoretical analyzing framework named LoTR. We
first give the definitions of long-tail scenarios and long-tail
problem of AD, and also present the concept of “PAC-LoTR”
in terms of sample complexity (the number of sample points
needed to guarantee the reliability to achieve an approximate
solution) based on PAC learning [13]. And we further present
a sampling condition of long-tail scenarios for the implementation of PVAS.
The possible driving scenarios in the real-world traffic
environments can be denoted as a random variable, which are
independently and identically distributed according to some
fixed but unknown distribution D. Since it is usually impossible to enumerate all the possible scenarios, we cannot directly
measure the generalization error [13] with distribution D for
a learning algorithm. Thus, we measure the empirical error
[13] of the algorithm on a labeled dataset with distribution
Dθ instead, and we expect this alternative distribution Dθ to
be as close as possible to D.

Through statistical analysis, we list many real-world traffic
events. The real traffic conditions and IVFC data show that the
statistical distribution of the practical traffic events roughly
obeys a long-tailed distribution. Let a random variable X
denote the traffic events, in which each data point x represents
a specific class of traffic event. The classes are listed in Fig. 2.
Let pj denote the probability of the event for class j. Note that
the probability here can also be regarded as the frequency of
the event. We assume that the classes are sorted by probability
in a descendant order without loss of generality. That is, if
i < j, then pi > pj . Thus, p1  pn according to long-tail
definition.
As shown in Fig. 2(b), we design a special distribution Dθ
in line with the long-tailed distribution. The probability density
function of Dθ for X is expressed as

 0,
if x < xmin
(1)
p(x) =
k
kx

min
,
if x > x
min

xk+1

where x is a certain value of X, xmin is the smallest possible
positive value of X, and k is a positive parameter. The
parameter θ of Dθ is determined by two quantities: xmin and
k. Here, we take the Pareto distribution [26], the most common
long-tailed distribution, as an example.
In our case study, the traffic event is discretized to obtain
a probability distribution. Let the spontaneous events in the
real-world traffic environments be a discrete random variable
X, so we define a probability mass function (PMF) f (x) of
X based on Dθ :
f (x) =

xα

1
P∞

i=1 (1/i)

α

, α > 1, x = 1, 2, . . .

(2)

Although the events in the real-world traffic environments are
infinite, we consider a bounded data space for simplicity. Thus,
the PMF of X can be written as
f˜(x) =

1
xα

Pn

α
i=1 (1/i)

, α > 1, x = 1, 2, . . . , n

(3)

where f˜(x) is parameterized by (α, n). An illustration of Dθ
and f˜(x) is given in Fig. 2(b).
Definition 1 (Long-tail scenario) Based on the given PMF
f˜(x) of event X, we present a statistical definition of long-tail
events as follows:
(
)
n
X
˜
xLT ∈ x |
f (x) ≤ t
(4)
x=µ

A traffic scenario is a traffic event or a combination of
traffic events. It thus can be regarded as a long-tail scenario
if one or more long-tail events occurred in this scenario. That
is, long-tail scenarios occur naturally in the real-world traffic
environment with an extremely low probability. To make it
easy, non-long-tail scenarios are called as “normal scenarios”
in this paper. For example, the scenario “straight road” is
regarded as a “normal scenario” while the scenario “straight
road + sudden accident” is regarded as a “long-tail scenario”,
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Fig. 2. Illustration of LoTR. (a) The statistical distribution histogram and the probability density curve of the LoTR distribution obtained under ideal conditions.
(b) The statistical distribution histogram of real-world traffic events and a probability density curve fitting long-tailed distribution. (c) Ideally, the long-tailed
distribution and the LoTR distribution are combined to form a uniform distribution. (The x-coordinate denotes event space. The “crossroads wo TL” denotes
“crossroads without traffic light”.)

as shown in Fig. 2(b). We can infer that the traffic scenarios
also fit a long-tailed distribution.
It has been accepted in AD that samples from minor classes
tend to have higher losses than those from major classes as
the features learned from minor classes are usually inadequate.
In several recent studies on AVs [21], [27], [28], researchers
regarded the scenarios with accidents as “corner” cases and
the near missing scenarios as “edge” cases. Actually, these
cases conform to the long-tail scenarios with a high probability
according to the statistical analysis of the real-world driving
scenarios and the cognition of traffic accidents.
Therefore, the long-tail problem of AD (or the long-tail
effect of AD) can be described as such: the AVs under testing
are able to handle all those normal scenarios that are frequently
encountered while fail to cope with challenging scenarios that
may be encountered only occasionally.
To tackle this long-tail problem of AD, our focus is to
develop methods that can proactively sample the long-tail
scenarios and generate new scenarios x based on the existing
samples to obtain a uniform-distributed scenario set. In this
sense, the long-tail scenarios can be regularized through a new
b θ 6= Dθ .
distribution D
Definition 2 (Long-tail regularization distribution) For
a bounded data space describing the real-world traffic environments, a limited number of events are sampled from the
distribution Dθ with a long-tail distributed PMF f˜(x) such as
f˜(x) =

1
xα

Pn

i=1

(1/i)α

, α > 1, x = 1, 2, . . . , n

(5)

b θ with an expected
We expect to obtain an ideal distribution D
PMF g̃(x)

1 − f˜(x)
, x = 1, 2, . . . , n
˜
x=1 (1 − f (x))

g̃(x) = Pn

(6)

where the denominator is introduced to fulfil the normalization
b θ and g̃(x) is
condition of probability. An illustration of D
b
given in Fig. 2(a). Comparing Dθ with Dθ , we can see that
b θ will generate new long-tail events and
adopting distribution D
produce following relevant long-tail scenarios with a larger
probability. This indicates that the challenging scenarios in
b θ have larger weight. We call D
b θ as an ideal long-tail
D
regularization distribution (LoTR distribution).
a) Proposition 1 (Long-tail regularization, LoTR): There
is a way to combine the two datasets satisfying the PMF of
f˜(x) and g̃(x) into a uniform-distributed dataset. This process
can be regarded as ideal long-tail regularization (LoTR).
Proof: To construct a PMF, let

U (x) = pf˜(x)+(1−p)g̃(x), 0 < p < 1, x = 1, 2, . . . , n (7)
It can be seen that U (x) satisfies the basic conditions of PMF
in terms of probability. Let p = 1/n , we can obtain
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Scenarios containing traffic
events sampled from X ⇠ f˜(x)

Scenarios containing traffic
events sampled from X ⇠ g̃(x)
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Fig. 3. Examples of the test scenarios in IVFC. Left: Some natural scenarios in the open-road test. Right: Some artificial scenarios (including as many
long-tail scenarios as possible) in the field test.
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U (x) is a uniform distribution. It means that we sample data
from the two datasets satisfying the PMF of f˜(x) and g̃(x),
and the sampling probabilities are 1/n and (n − 1)n, respectively. This also indicates that we should pay more attention to
the long-tail scenarios and collect more challenging scenarios.
An illustration of the ideal LoTR is given in Fig. 2(c).
For the practical implementation, we cannot achieve the
ideal LoTR. Similar to the PAC learning framework [13], we
present the concept for probably approximately correct longtail regularization (PAC-LoTR) in terms of sample complexity
(the sample size needed to guarantee the reliability of LoTR).
Definition 3 (PAC-LoTR) An ideal long-tail regularization
distribution with related PMF g̃(x) is given, for δ < 1 and  >
b θ along with PMF h̃(x) and a
0, if there exists a distribution D
polynomial function poly(·, ·, ·, ·) such that for any sample size
m ≥ poly(1/, 1/δ, size(x), size(g)), the following equation
holds:
Prx∼De m [dis(h̃(x), g̃(x)) ≤ ] ≥ 1 − δ
θ

(9)

b θ along with PMF h̃(x) as PAC longwe call the distribution D
tail regularization distribution. The process of combining f˜(x)
and h̃(x) is regarded as PAC long-tail regularization (PACLoTR). The dis(f1 , f2 ) is used to measure the discrepancy
between two functions f1 and f2 . Some classical methods
can be applied to model the similarity of two probability
distributions such as the Kullback-Leibler divergence [29].
Considering the time and financial cost in the real world,
the process of PAC-LoTR is implemented through a virtualreal interaction pattern in PVAS. Specifically, long-tail scenarios are infrequently encountered in the real-world traffic
environments, so we achieve the PAC-LoTR distribution by
constructing a virtual world, in which the long-tail scenarios
can occur more often as designed.
In our IVFC case, we implement the process of PAC-LoTR
b θ and h̃(x) in the virtual
and obtain an eligible distribution D
world. Then we build artificial long-tail scenarios and set the
test tasks in the proving ground of IVFC following the virtual
world. The distribution of artificial scenarios in the proving
ground of IVFC is designed as close as possible to the h̃(x).
As a result, the distribution of artificial scenarios containing
traffic events (close to g̃(x)) in the field test is complementary
to the distribution of natural scenarios containing traffic events
(close to f˜(x)) in the open-road test, and these two form
an approximately uniform distribution. Fig. 3 presents some
visual examples of the test scenarios in IVFC.
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Fig. 4. Overview flowchart of PVAS for IVFC. In this research, virtual world denotes ParallelEye-CS implemented by simulation and the real world denotes
the proving ground of IVFC.

Through above definitions and analysis, we have cleared
the first two questions. For the last question, the key issue
is how to proactively obtain new challenging scenarios and
demonstrate such sampling does not influence the stability of
AVs. In other words, the perception capability of AVs needs
to be systematically evaluated.
In several recent studies on AV testing, the valuable sampled scenarios refer to the scenarios in which AVs failed
to accomplish some special tasks [21], [27], [28]. We have
demonstrated the implicit relation between scenario difficulty
and the probability of occurrence in our previous research [21],

[22]. Assume that the extreme long-tail scenarios, with low
probability of occurrence, has a high difficulty level for AVs.
Thus, we present a sampling condition of long-tail scenarios
according to the evaluation of AVs.
b) Statement 1 (Sampling condition of long-tail scenarios): Given a scenario task si consisting of a series of static
images:

si = {I1 , I2 , . . . , IN } ,

N
Ij=1
∈ RW ×H×3

(10)
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Fig. 5. Construction pipeline of ParallelEye-CS and producing virtual dataset. (a) We use the OpenStreetMap (OSM) to construct the basic virtual road
network and export the road attributes into the CityEngine software to set up a virtual static field with annotations. (b) In Unity3D, we import the 3D models
of interesting objects (cars, human, trees, ...) into the virtual static field and thus various static scenes are formed. (c and d) The static scenes are animated by
controlling virtual objects to move and then get rendered by the Shaders in Unity3D. (e) Through manipulating the virtual cameras, we can capture images in
various perspectives and thus create dataset. Note that all imaging conditions can be adjusted “on demand” by changing the materials or the shaders flexibly. (f)
The ground-truth annotations, including depth, optical flow, object tracking, object detection, instance segmentation, and semantic segmentation, are computed
and generated automatically.

A visual model is required to perform a visual task such as
object recognition, semantic or instance segmentation. Thus,
each image is associated with a prediction output from the
visual model, such as bj ∈ R4 representing the bounding box
and mj ∈ R(W ×H×3) representing the segmentation mask.
Through the ground truth label of the image on a certain
visual task and the prediction result of the visual model, we
can calculate the evaluation score e(Ij ) ∈ R1 according to
the evaluation index associated with the visual task. A longtail data is defined as the image samples with low evaluation
scores. Moreover, the evaluation score of si is denoted as
E(si ) ∈ R1 , which is calculated by taking the average of
{ej }N
j=1 . We thus present a sampling condition of long-tail
scenarios as follows:


n


X
S̃ ∈ si |
E (si ) ≤ σ
(11)


i=µ

We finally obtain the iteratively scenario sampling algorithm. It is in line with the ACP-based closed-loop optimization method in PVAS, as demonstrated in Algorithm 1.
Different from existing state-of-the-art vision systems based
on data-driven models, our study emphasizes the interaction
between data sampling and model testing. As demonstrated
in the previous researches [21], [22], we have proved that
this proactively sampling method with interactive operation is
an efficient way to sample challenging scenarios and achieve
the testability of AVs [22] with finite scenarios. Appropriately
controlling the initialization and distribution of the scenarios

through our PVAS, we can test and evaluate AVs stably. The
main reason is that we finally adopt an approximately uniformdistributed scenario set instead of the original long-tail distributed scenario set, so the impact of changing (removing or
replacing) a sample in the input set is significantly reduced
for the AVs under testing. Interested readers can check [13]
for the definition of uniform stability of an algorithm.
B. Overview of PVAS in IVFC
The long-tail effect of AD in complex traffic environments
makes it hard for a visual model to learn effective feature
representations against long-tail scenarios. To tackle this issue,
we establish a Parallel Vision Actualization System (PVAS)
which can achieve sufficient evaluation of visual models for
AVs by alleviating the visual long-tail effect. And we validate
the effectiveness of PVAS for continuous seven years in IVFC.
As shown in Fig. 4, the overview PVAS consists of two
worlds and three units including Artificial systems, Computation experiments and Parallel execution, which constitute
an integrated virtual-real interactive closed-loop system. The
overview implementation is elaborated as below.
For the virtual world, we apply a computer simulated
environment named ParallelEye-CS based on our early work
[30], [31]. The ParallelEye-CS is in accordance with the realworld proving ground of IVFC in terms of overall layout.
In ParallelEye-CS, we generate various scenarios through
modifying the simulation parameters. The conditions that can
be changed include (but not limited to): 1) the camera position,
angle (i.e., 0, ±15, ±30 degrees with respect to the moving
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direction) and height (from 1 to 3 meters); 2) weather (i.e.,
sun, rain, fog, and flood) and illumination (from sunrise to
sunset) conditions; 3) the state (moving or static), trajectory,
number, and speed of moving objects of interest. With different
combinations of these factors, ParallelEye-CS can generate
numerous diverse images. The system can generate 8-12 fps
(frames per second) synthetic images with annotations on
our workstation. The specific pipeline for constructing the
ParallelEye-CS and producing virtual scenarios is shown in
Fig. 5.
For the unit of Artificial systems in the virtual world,
we modify the simulation parameters in ParallelEye-CS to
initialize various scenarios according to Definition 1 to obtain
an original dataset, which is made to obey a long-tailed distribution. We consider three types of virtual driving scenarios
in ParallelEye-CS initialization: normal tasks, environmental
tasks, and difficult tasks. The normal tasks are designed to
evaluate the performance of AVs in common scenarios, just
as the traffic scenarios where Honda hit Waymo self-driving
minivan and Tesla autopilot crashed into a truck [10], [30]. The
environmental tasks are designed to evaluate the performance
of AVs in bad weather and illumination conditions (e.g., fog,
rain, sunset and flood). The difficult tasks are designed to test
the ability of object occlusion detection, which is the key factor
of the accident that Tesla autopilot hit the barrier or fence [10],
[30]. Various moving vehicles are added to the difficult tasks
to increase interference. Each type of scenarios is divided into
different sub-tasks.
Then, we apply the ACP-based closed-loop optimization
method to continuously create challenging long-tail scenarios
according to Statement 1, and evaluate the visual models
in ParallelEye-CS. With the automatically annotated data in
ParallelEye-CS, it is easy to carry out Computation experiments. Moreover, we update the simulation parameters based
on Parallel execution to continuously obtain more challenging
virtual scenarios. By adjusting environmental settings (e.g.,
perspectives, illumination and weather conditions) and traffic
objects (e.g., traffic signs, barriers, pedestrians and vehicles),
a series of complex scenarios are produced in ParallelEye-CS.
Through a number of ACP-based iterations, the visual models
of virtual AVs are optimized, and the scenario list can converge
to an optimal point. We thus achieve a virtual dataset fitting
PAC-LoTR distribution.
In the next step, a virtual-real interactive pattern is adopted.
The knowledge learned from ParallelEye-CS scenarios is
applied to real world applications to reduce the cost of the
repeated field tests. We use the obtained scenario tasks in
ParallelEye-CS to evaluate the perception ability of participating AVs in IVFC. At the same time, the visual models of
virtual AVs can provide guidance for selecting and pre-training
visual models of real AVs. Subsequently, we analyze the
completion and scores of participating AVs in each long-tail
scenario task using a data analysis model. The analysis results
will be fed back to guide the long-tail scenarios initialization
in ParallelEye-CS, so the difficulty levels of the generated
scenarios can be adjusted. This will enable the task setting
to be improved in the next year.
As illustrated in researches [32], [33], learning and testing

Algorithm 1 The overall algorithm flowchart of ACP-based
closed-loop optimization
Input:
M is the rendering process M (P i ) = {X i , Y i }, where
P i is the simulation parameters (weather, occlusion, illumination, etc.) in the ith iteration under the limitation of
P ∈ P , and {X i , Y i } is the dataset generated by P i ;
f (X; θ) is the function represented by neural network;
L(X, Y ; θ) is the loss function of the network;
{X T , Y T } is the preselected testing dataset;
θ is the model parameters;
N (P , σ 2 ) is the Gaussian distribution used to resample
simulation parameters P , where P is the mean of the
Gaussian function;
Output:
θ is the optimized model parameters;
{X, Y } is the selected dataset during ACP;
1: {X, Y } = {}, P 0 is randomly generated;
2: while True do
3:
(A) {X i , Y i } = M (P i ), {X, Y } = {X, Y } +
{X i , Y i }, generate new images and add them to the
training dataset;
4:
(C) θ i = arg minθ L(X, Y ; θ), update the model
parameters;
5:
if {X, Y } fits a PAC-LoTR distribution then
6:
return θ, {X, Y }
7:
end if
8:
(P) Y 0i = f (X T ; θ i ), compare Y 0i with Y T to find the
incorrect prediction and its corresponding simulation
parameters P Ti ;
9:
(P) P i+1 ∼ N (P Ti ), reconfigure the simulation parameters, making the newly generated images similar to the
incorrectly predicted images.
10: end while
are the two sides of a coin. A learned vision system must be
well evaluated to test its ability for environmental perception,
while the testing results can be fed back and guide the
learning of the vision system in turn. We apply the PVAS
to support a systematic testing process for AVs [21] and also
enhance the perception ability of AVs in long-tail scenarios.
The PVAS induced by LoTR theory has been successfully
applied to IVFC, which has significantly relieved the workload
of competition organizers and also promoted the development
of autonomous vehicular vision systems.
In the following subsections, we further elaborate the two
key methods on implementing PVAS: 1) a closed-loop optimization method for continuous sampling of challenging longtail scenarios according to the evaluation of visual models;
2) an integrated virtual-real interaction pattern for efficiently
testing the perception performance of AVs and improving the
visual algorithms applied in complex traffic scenes in the real
world.
C. ACP-based closed-loop optimization method
In virtual world, we design an ACP-based closed-loop optimization method for optimizing the visual models of virtual
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Fig. 6. The illustration of the effectiveness brought by PVAS in IVFC. (a) The scenarios in the early stage (before 2014) and the scenarios when applying
PVAS in IVFC. The diversity of the scenarios and the difficulty of test tasks gradually increase, and more long-tail scenarios are designed and set up. (b)
Statistical analysis results of IVFC over the 12 years. The bar chart shows the proportion of normal scenarios and long-tail scenarios of the test tasks in field
test. The blue line denotes the level of completion over the years. The level of completion is derived by dividing the number of teams finishing all tasks into
the total number of participating teams. The orange line denotes the total labor time to design and set up scenarios in the preparatory stage of the competition
over the years.

AVs and constructing the most challenging virtual training
dataset. The specific process is shown in Algorithm 1. Each
iteration of the algorithm is composed of three parts of ACP.
The Artificial systems aim to build a simulated self-driving
system to produce abundant virtual annotated scenarios by
adjusting environmental parameters (e.g., perspectives, illumination and weather conditions) and modifying traffic objects
(e.g., traffic signs, barriers, pedestrians and vehicles).
In the Computational experiments, visual models are trained
to search the optimal solution by minimizing a defined loss
function. Human experience can be adopted to guide the
selection and configuration of the model architecture. And the
performances of visual models are evaluated under different
condition settings.
Finally, Parallel execution focuses on developing updating
strategies of simulation parameters for the Artificial systems,
which continuously create challenging long-tail scenarios according to Statement 1. Task difficulties are evaluated through
the performances of visual models under different scenarios.
Then we reconfigure simulation parameters based on the corresponding parameters of top-K most challenging scenarios.
The merits of ACP-based closed-loop optimization method
include: 1) For the researches on sample-starved learning
problems, compared to existing methods resorting to virtual
data generation [8], semi-supervised/weakly-supervised learning [34], [35] or self-supervised learning [11], our proposed
approach enables the closed-loop interactive learning between
the data and algorithms. That is, instead of manually choosing
data for the algorithms without closed-loop feedback, the
algorithms acquire the training data automatically; 2) the
challenging long-tail scenarios are selected according to the
automatic evaluations of visual models. It thus eliminates the
subjective influence on data selection.

D. Virtual-real interaction pattern
Once the virtual-world loop terminates, the knowledge
learned in the virtual world will be used to guide the realworld ACP-based closed-loop optimization process, which can
significantly alleviate the burden of resources in the real world
with a faster convergence.
In the real-word applications, we first build task scenarios in
the proving ground according to the optimal virtual dataset in
the Artificial system. A dataset is developed, which contains
various long-tail scenarios as similar to the optimal virtual
dataset as possible. We then conduct the Computational experiments on the real AVs. We apply a data analysis model to
evaluate each task of the collected dataset. Finally, we update
the configuration of test scenarios in the real world in the step
of Parallel execution.
The design of this virtual-real interaction pattern has several
advantages: 1) The knowledge learned from virtual world is
employed to guide the real-world data collection and scenario
design, so as to reduce the cost of the repeated field tests.
Since the visual models have already learned sufficient simple
scenarios in virtual world, when it is applied in real world,
the similar simple tasks can be directly accomplished. So, we
only need to set up the challenging scenarios and the cost
of constructing and testing of simple scenarios is saved, as
demonstrated in Fig. 6(b). 2) The closed-loop optimization
process in virtual world provides a good initialization for
the real-world ACP-based process. The computing cost for
training the visual models in real world is also saved, as
demonstrated in Fig. 8(a).
IV. E XPERIMENTS AND R ESULTS
It is impossible to exhaust all long-tail scenarios in realworld traffic environments. Even if we could handle existing
long-tail scenarios, there are always new long-tail cases.
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Fig. 7. Evaluations of ACP-based closed-loop optimization. (a) Detection performance with Faster R-CNN model. (b) The images with elevating difficulty
generated by each ACP-based iteration in virtual world.

Therefore, solving long-tail problems simply by training and
testing visual models with unchanged normal scenarios is
infeasible. We thus propose a system, PVAS, that has a selflearning and testing mechanism to constantly capture useful
data and deal with the long-tail scenarios in the current stage.
In this section, we will analyze and evaluate the effectiveness
of PVAS in solving the long-tail problems from the perspective
of practical evaluation of AVs.
A. Application of PVAS in IVFC
Supported by the KP-CCVAI project, IVFC has been successfully held for 12 consecutive years since 2009 in different
cities such as Xi'an, Ordos, Chifeng and Changshu. It has
become the longest-lasting autonomous driving competition
in the world and the influence is fast growing. Since 2013,
Changshu has become a permanent site of IVFC.
As the organizers of IVFC, we developed a set of theories
and methods [21]–[23], [32], [36] for the test of AVs to finish
the KP-CCVAI project and better serve IVFC. It is valuable
not only for the competition but also for the design of AVs
that could be used in practice [21]. Because of the importance
of visual long-tail problems in the safety and reliability of
AVs, we mainly focus on scientific evaluation of the perception
ability of AVs in the real-world environment. It is essentially
required to examine the ability of autonomous vehicular vision
systems in solving long-tail problems.
Therefore, PVAS is proposed, and since 2014, it has been
adopted to optimize the configuration of the competition tasks,
manipulate the difficulty distribution of scenarios, and obtain
an optimal task set for IVFC.
To implement PVAS for the application in IVFC, we have
built a large proving ground for evaluating AVs in Changshu
(the first time in China to put forward “autonomous vehi-

cle proving ground”). And a simulated virtual world named
ParallelEye-CS [30], [31] is constructed in line with the
proving ground of IVFC. The overall layout and road planning
in ParallelEye-CS are the same as the proving ground in
Changshu.
Based on ParallelEye-CS, we have created various artificial scenes and reasonable behavior patterns to simulate the
complex driving scenarios. Accurate ground-truth labels can
be acquired automatically at the same time. Using the ACPbased closed-loop optimization method, the environmental
conditions can be flexibly adjusted so we can obtain an
annotated virtual dataset with increasing diversity.
Subsequently through the virtual-real interaction pattern,
the optimal virtual dataset generated by ParallelEye-CS is
exploited to guide the design of the competition scenarios
in proving ground of IVFC. We gradually increase the level
of complexity and difficulty of testing in terms of vision
tasks every year, as shown in Fig. 6(a). In the early years of
IVFC (before 2014), only the simple closed roads and open
roads were exploited. In the latest IVFC, various challenging
scenarios were applied such as real-world traffic flow in expressways, tunnels, artificial induced rain, roads under urgent
construction, picking up customers of wayside and so on. The
long-tail scenarios that occurred earlier have been tackled, and
it keeps discovering new long-tail scenarios.
The competition tasks with unreasonable distribution can
neither distinguish the capability of competitors, nor effectively contribute to the testing and development of autonomous
vehicular vision systems. Various measures have been considered to ensure the feasibility and validity of testing. And the
state-of-the-art methods have been exploited to test the longtail scenarios and generate the competition tasks. The task
difficulty can be controlled within an appropriate range taking
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the present level of AVs into consideration. The competition
scores of every IVFC contest are collected and analyzed in
the PVAS.
The statistical diagram of previous IVFC is shown in Fig.
6(b). Since applying the PVAS in 2014, we are able to
significantly reduce the time of designing and setting up the
scenarios in the field test of IVFC. It can be observed that the
proportion of long-tail scenarios in the test scenarios increases
year by year especially since 2014. It indicates that the longtail scenarios are frequently encountered in the field test of
IVFC. Also, excluding the results partially affected due to
the insufficient participants caused by COVID-19 in 2020, we
find that although the proportion of long-tail scenarios and the
difficulty of test tasks have gradually increased, the level of
completion has been maintained within an appropriate range.
It shows that the arranging of scenarios is reasonable and
effective.
By analyzing the results of previous competitions, we can
conclude that the optimized task list makes the competition
more feasible. We find that in IVFC 2009-2011, where PVAS
was not employed, none of the competitors accomplished all
the tasks in simple closed and open roads. Since the sixth
competition, PVAS has been introduced to manipulate the
difficulty distribution of tasks. At the same time, the costs
for designing and setting up test scenarios in the real world
decrease through the guidance of ParallelEye-CS.
In the next sub-sections, we will explain precisely some
evaluation results of closed-loop optimization and virtual-real
interaction methods in PVAS.

B. Evaluations of ACP-based closed-loop optimization
Based on ACP methodology [12], we propose an integrated closed-loop optimization method for supporting and
implementing PVAS. To validate the effectiveness of the
proposed ACP-based closed-loop optimization method, we
conduct ACP-iteration experiments with Faster R-CNN detection model [37]. Since the closed-loop optimization method is
able to select the most challenging training data, the Faster RCNN is fully learned from large amounts of long-tail data. As
shown in Fig. 7(a), the ACP-based closed-loop optimization
method achieves 78.44% of mAP. The same model trained on
a randomly selected training dataset, with the same number of
training images, only achieves 70.04% of mAP.
In this ACP-based iterative training process, the level of
difficulty of the environment condition is gradually increasing,
as shown in Fig. 7(b). For example, the illumination of images
changes from high to low, the weather from sunny to rainy,
and the occlusion level from low to high. This confirms that
challenging data is collected according to the feedback via
ACP-based iterations.
C. Evaluations of virtual-real interaction
In this section, we conduct comparative experiments in the
real world with and without guidance from the virtual world
to validate the effectiveness of virtual guidance.
In the real-word experiments, we first build task scenarios
in the proving ground according to the construction of optimal
virtual dataset. In this way, we collect the real-world dataset
containing various long-tail scenarios. Secondly, we conduct
the experiments and evaluation on the visual models of real
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AVs. The visual model is initialized using the optimal vision
system obtained in the virtual world. Then we apply a data
analysis model to evaluate the performance of the visual model
in each task. Finally, the evaluations are applied to update the
real-world data.
As shown in Fig. 8(a), the model with virtual guidance
achieves competitive performance compared to the same
model without virtual guidance, but it uses one tenth of the
training data with much less training time. It clearly demonstrates that the virtual-real interaction pattern is able to reduce
the cost of real-world resources by employing the knowledge
learned from virtual world to guide the data collection and
direct the settings in real world.
Specifically, the construction of real scenarios in the proving
ground of IVFC is directed by the construction of optimal
virtual dataset. Some examples are shown in Fig. 8(b).
V. D ISCUSSION
We have proposed a theoretical framework, named LoTR,
and designed an induced system, named PVAS, for improving
the capability of AVs in adapting to complex environments
by alleviating the long-tail effect, and potentially, for improving other intelligent vision systems. PVAS underpinned
by parallel vision [6] is characterized by the methodology
including virtual-real interaction and ACP-based closed-loop
optimization. Unlike the existing researches, the learning and
testing in the PVAS is a self-upgrading process, which can
continuously collect data according to the feedback from the
algorithms.
We have been working on ACP-based parallel intelligence
theories and methods for sixteen years [38], which have made
significant breakthroughs in many applications [6], [12], [21],
[24], [25]. Especially, PVAS has been successfully applied in
the most durable autonomous driving competition (IVFC), and
some other complex systems to tackle the long-tail effect, such
as the unmanned mine transport system [39] and artificial
urban traffic system [40]. Results show that the PVAS can
effectively guide the collection of training data to relieve the
burden of manual selection. It also improves the performance
of vision systems by diminishing the impact of the long-tail
effect.
In this paper, we focus on the progress and practical results
of IVFC made in last twelve years. Our plan also includes
providing various academic services by releasing our autonomous driving systems with more simulation environments
and building a program library (i.e., Open Source Parallel
Vision Library, OpenPV). We welcome collaboration from
the international community in applying parallel vision to
tackle challenges in various applications and developing more
parallel vision actualization systems in practice.
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