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Artificial Intelligence (AI) is making a profound impact in almost every domain. A vital enabler of its great

success is the availability of abundant and high-quality data for building machine learning models. Recently,

the role of data in AI has been significantly magnified, giving rise to the emerging concept of data-centric
AI. The attention of researchers and practitioners has gradually shifted from advancing model design to

enhancing the quality and quantity of the data. In this survey, we discuss the necessity of data-centric AI,

followed by a holistic view of three general data-centric goals (training data development, inference data

development, and data maintenance) and the representative methods. We also organize the existing literature

from automation and collaboration perspectives, discuss the challenges, and tabulate the benchmarks for

various tasks. We believe this is the first comprehensive survey that provides a global view of a spectrum

of tasks across various stages of the data lifecycle. We hope it can help the readers efficiently grasp a broad

picture of this field, and equip them with the techniques and further research ideas to systematically engineer

data for building AI systems. A companion list of data-centric AI resources will be regularly updated on

https://github.com/daochenzha/data-centric-AI
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1 INTRODUCTION
The past decade has witnessed dramatic progress in Artificial Intelligence (AI), which has made

a profound impact in almost every domain, such as natural language processing [47], computer

vision [236], recommender system [285], healthcare [161], biology [249], finance [175], and so forth.

A vital enabler of these great successes is the availability of abundant and high-quality data. Many

major AI breakthroughs occur only after we have the access to the right training data. For example,

AlexNet [127], one of the first successful convolutional neural networks, was designed based on
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GPT-1

GPT-2

GPT-3

ChatGPT/GPT-4

570GB data f i l tered from 45TB raw  data 

40GB human-f i l tered data

4.8GB (unfi l tered) data

Human demonstrations and annotations

Data size? 

Simi lar  model 
ar chi tectures

Data quali ty ?

XXX. YYY. ZZZ. Explain the above in one sentence.

XYZXYZ.

What is 15 *  67 + 6?

15 *  67 + 6 = 1005 + 6 = 1011.

"The dr ink is okay."  neutral, negative or  posi tive?

The statement "The dr ink is okay" is neutral.

Fixed model

Fig. 1. Motivating examples that highlight the central role of data in AI. On the left, large and high-quality
training data are the driving force of recent successes of GPT models, while model architectures remain
similar, except for more model weights. The detailed data collection strategies of GPT models are provided
in [34, 172, 174, 187, 188, 296]. On the right, when the model becomes sufficiently powerful, we only need to
engineer prompts (inference data) to accomplish our objectives, with the model being fixed.

the ImageNet dataset [59]. AlphaFold [117], a breakthrough of AI in scientific discovery, will not

be possible without annotated protein sequences [163]. The recent advances in large language

models rely on large text data for training [34, 121, 187, 188] (left of Figure 1). Besides training data,

well-designed inference data has facilitated the initial recognition of numerous critical issues in AI

and unlocked new model capabilities. A famous example is adversarial samples [129] that confuse

neural networks through specialized modifications of input data, which causes a surge of interest

in studying AI security. Another example is prompt engineering [146], which accomplishes various

tasks by solely tuning the input data to probe knowledge from the model while keeping the model

fixed (right of Figure 1). In parallel, the value of data has been well-recognized in industries. Many

big tech companies have built infrastructures to organize, understand, and debug data for building

AI systems [7, 15, 231, 234]. All these efforts in constructing training data, inference data, and the

infrastructure to maintain data have paved the path for the achievements in AI today.

Recently, the role of data in AI has been significantly magnified, giving rise to the emerging

concept of data-centric AI [108, 109, 183, 251, 269]. In the conventional model-centric AI lifecycle,

researchers and developers primarily focus on identifying more effective models to improve AI

performance while keeping the data largely unchanged. However, this model-centric paradigm

overlooks the potential quality issues and undesirable flaws of data, such as missing values, incorrect

labels, and anomalies. Complementing the existing efforts in model advancement, data-centric AI

emphasizes the systematic engineering of data to build AI systems, shifting our focus from model

to data. It is important to note that “data-centric” differs fundamentally from “data-driven”, as the

latter only emphasizes the use of data to guide AI development, which typically still centers on

developing models rather than engineering data.

Several initiatives have already been dedicated to the data-centric AI movement. A notable one is

a competition launched by Ng et al. [170], which asks the participants to iterate on the dataset only

to improve the performance. Snorkel [190] builds a system that enables automatic data annotation

with heuristic functions without hand labeling. A few rising AI companies have placed data in

the central role because of many benefits, such as improved accuracy, faster deployment, and

standardized workflow [169, 189, 241]. These collective initiatives across academia and industry

demonstrate the necessity of building AI systems using data-centric approaches.

With the growing need for data-centric AI, various methods have been proposed. Some relevant

research subjects are not new. For instance, data augmentation [74] has been extensively investigated

to improve data diversity. Feature selection [138] has been studied since decades ago for preparing

more concise data. Meanwhile, some new research directions have emerged recently, such as
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data programming for labeling data quickly [191], algorithmic recourse for understanding model

decisions [120], and prompt engineering that modifies the input of large language models to obtain

the desirable predictions [146]. From another dimension, some works are dedicated to making data

processing more automated, such as automated data augmentation [56], and automated pipeline

discovery [68, 132]. Some other methods emphasize human-machine collaboration in creating

data so that the model can align with human intentions. For example, the remarkable success of

ChatGPT and GPT-4 [172] is largely attributed to the reinforcement learning from human feedback

procedure [48], which asks humans to provide appropriate responses to prompts and rank the

outputs to serve as the rewards [174]. Although the above methods are independently developed

for different purposes, their common objective is to ensure data quality, quantity, and reliability so

that the models behave as intended.

Motivated by the need for data-centric AI and the numerous proposed methods, this survey

provides a holistic view of the technological advances in data-centric AI and summarizes the

existing research directions. In particular, this survey centers on the following research questions:

• RQ1: What are the necessary tasks to make AI data-centric?

• RQ2: Why is automation significant for developing and maintaining data?

• RQ3: In which cases and why is human participation essential in data-centric AI?

• RQ4: What is the current progress of data-centric AI?

By answering these questions, we make three contributions. Firstly, we provide a comprehen-

sive overview to help readers efficiently grasp a broad picture of data-centric AI from different

perspectives, including definitions, tasks, algorithms, challenges, and benchmarks. Secondly, we
organize the existing literature under a goal-driven taxonomy. We further identify whether human

involvement is needed in each method and label the method with a level of automation or a de-

gree of human participation. Lastly, we analyze the existing research and discuss potential future

opportunities.

This survey is structured as follows. Section 2 presents an overview of the concepts and tasks

related to data-centric AI. Then, we elaborate on the needs, representative methods, and challenges

of three general data-centric AI goals, including training data development (Section 3), inference

data development (Section 4), and data maintenance (Section 5). Section 6 summarizes benchmarks

for various tasks. Section 7 discusses data-centric AI from a global view and highlights the potential

future directions. Finally, we conclude this survey in Section 8.

2 BACKGROUND OF DATA-CENTRIC AI
This section provides a background of data-centric AI. Section 2.1 defines the relevant concepts.

Section 2.2 discusses why data-centric AI is needed. Section 2.3 draws a big picture of the related

tasks and presents a goal-driven taxonomy to organize the existing literature. Section 2.4 focuses

on automation and human participation in data-centric AI.

2.1 Definitions
Researchers have described data-centric AI in different ways. Ng et al. defined it as “the discipline

of systematically engineering the data used to build an AI system” [168]. Polyzotis and Zaharia

described it as “an exciting new research field that studies the problem of constructing high-quality

datasets for machine learning” [183]. Jarrahi et al. mentioned that data-centric AI “advocates for a

systematic and iterative approach to dealing with data issues” [109]. Miranda noted that data-centric

AI focuses on the problems that “do not only involve the type of model to use, but also the quality

of data at hand” [162]. While all these descriptions have emphasized the importance of data, the

scope of data-centric AI remains ambiguous, i.e., what tasks and techniques belong to data-centric
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AI. Such ambiguity could prevent us from grasping a concrete picture of this field. Before starting

the survey, it is essential to define some relevant concepts:

• Artificial Intelligence (AI): AI is a broad and interdisciplinary field that tries to enable

computers to have human intelligence to solve complex tasks [253]. A dominant technique

for AI is machine learning, which leverages data to train predictive models to accomplish

some tasks.

• Data: Data is a very general concept to describe a collection of values that convey information.

In the context of AI, data is used to train machine learning models or serve as the model

input to make predictions. Data can appear in various formats, such as tabular data, images,

texts, audio, and video.

• Training Data: Training data is the data used in the training phase of machine learning

models. The model leverages training data to adjust its parameters and make predictions.

• Inference Data: Inference data is the data used in the inference phase of machine learning

models. On the one hand, it can evaluate the performance of the model after it has been

trained. On the other hand, tuning the inference data can help obtain the desirable outputs,

such as tuning prompts for language models [146].

• Data Maintenance: Data maintenance refers to the process of maintaining the quality and

reliability of data, which often involves efficient algorithms, tools, and infrastructures to

understand and debug data. Data maintenance plays a crucial role in AI since it ensures

training and inference data are accurate and consistent [107].

• Data-centric AI: Data-centric AI refers to a framework to develop, iterate, and maintain data

for AI systems [269]. Data-centric AI involves the tasks and methods for building effective

training data, designing proper inference data, and maintaining the data.

2.2 Need for Data-centric AI
In the past, AI was often viewed as a model-centric field, where the focus was on advancing

model designs given fixed datasets. However, the overwhelming reliance on fixed datasets does not

necessarily lead to better model behavior in real-world applications, as it overlooks the breadth,

difficulty, and fidelity of data to the underlying problem [155]. Moreover, the models are often

difficult to transfer from one problem to another since they are highly specialized and tailored

to specific problems. Furthermore, undervaluing data quality could trigger data cascades [200],

causing negative effects such as decreased accuracy and persistent biases [36]. This can severely

hinder the applicability of AI systems, particularly in high-stakes domains.

Consequently, the attention of researchers and practitioners has gradually shifted toward data-

centric AI to pursue data excellence [9]. Data-centric AI places a greater emphasis on enhancing

the quality and quantity of the data with the model relatively more fixed. While this transition is

still ongoing, we have already witnessed several accomplishments that shed light on its benefits.

For example, the advancement of large language models is greatly dependent on the use of huge

datasets [34, 121, 187, 188]. Compared to GPT-2 [188], GPT-3 [34] only made minor modifications in

the neural architecture while spending efforts collecting a significantly larger high-quality dataset

for training. ChatGPT [174], a remarkably successful application of GPT-3, adopts a similar neural

architecture as GPT-3 and uses a reinforcement learning from human feedback procedure [48] to

generate high-quality labeled data for fine-tuning. A new approach, known as prompt engineer-

ing [146], has seen significant success by focusing solely on tuning data inputs. The benefits of

data-centric approaches can also be validated by practitioners [169, 189, 241]. For instance, Landing

AI, a computer vision company, observes improved accuracy, reduced development time, and more
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Data-centr ic AI

Training data 
development

Inference data 
development

Data maintenance

- Data col lection

- Data labeling

- Data preparation

- Data r eduction

- Data augmentation

- In-distr ibution 

evaluation

- Out-of-distr ibution 

evaluation

- Prompt engineer ing

- Data understanding

- Data quali ty assurance

- Data storate & retr ieval

Fig. 2. Data-centric AI framework.

consistent and scalable methods from the adoption of data-centric approaches [169]. All these

achievements demonstrate the promise of data-centric AI.

It is noteworthy that data-centric AI does not diminish the value of model-centric AI. Instead,

these two paradigms are complementarily interwoven in building AI systems. On the one hand,

model-centric methods can be used to achieve data-centric AI goals. For example, we can utilize

a generation model, such as GAN [86, 283] and diffusion model [101, 124, 194], to perform data

augmentation and generate more high-quality data. On the other hand, data-centric AI could

facilitate the improvement of model-centric AI objectives. For instance, the increased availability

of augmented data could inspire further advancements in model design. Therefore, in production

scenarios, data and models tend to evolve alternatively in a constantly changing environment [183].

2.3 Tasks in Data-centric AI
The ambitious movement to data-centric AI can not be achieved without making progress on

concrete and specific tasks. Unfortunately, most of the existing literature has been focused on

discussing the foundations and perspectives of data-centric AI without clearly specifying the

associated tasks [108, 109, 183, 209]. As an effort to resolve this ambiguity, the recently proposed

DataPerf benchmark [155] has defined six data-centric AI tasks: training set creation, test set

creation, selection algorithm, debugging algorithm, slicing algorithm, and valuation algorithm.

However, this flat taxonomy can only partially cover the existing data-centric AI literature. For

example, some crucial tasks such as data labeling [284] are not included. The selection algorithm

only addresses instance selection but not feature selection [138]. The test set creation is restricted

to selecting items from a supplemental set rather than generating a new set [203]. Thus, a more

nuanced taxonomy is necessary to fully encompass data-centric AI literature.

To gain a more comprehensive understanding of data-centric AI, we draw a big picture of the

related tasks and present a goal-driven taxonomy to organize the existing literature in Figure 2. We

divide data-centric AI into three goals: training data development, inference data development, and

data maintenance, where each goal is associated with several sub-goals, and each task belongs to a

sug-goal. We give a high-level overview of these goals below.

• Training data development: The goal of training data development is to collect and produce

rich and high-quality training data to support the training of machine learning models. It

consists of five sub-goals, including 1) data collection for gathering raw training data, 2) data

labeling for adding informative labels, 3) data preparation for cleaning and transforming

data, 4) data reduction for decreasing data size with potentially improved performance, and

5) data augmentation for enhancing data diversity without collecting more data.
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Table 1. Representative tasks under the data-centric AI framework.

Goal Sub-goal Tasks

Training data

development

Collection Dataset discovery [28], data integration [222], raw data synthesis [133]

Crowdsourced labeling [130], semi-supervised labeling [298], active learning [192],

Labeling

data programming [191], distant supervision [160]

Preparation Data cleaning [289], feature extraction [199], feature transformation [5]

Reduction Feature selection [138], dimensinality reduction [2], instance selection [193]

Augmentation Basic manipulation [282], augmentation data synthesis [79], upsampling [273]

Inference data

development

In-distribution Data slicing [53], algorithmic recourse [120]

Out-of-distribution Generating adversarial samples [165], generating samples with distribution shift [125]

Prompt engineeringManual prompt engineering [206], automated prompt engineering [239]

Data

maintenance

Visual summarization [37], clustering for visualization [72],

Understanding

visualization recommendation [254], valuation [83]

Quality assurance Quality assessment [195], quality improvement [19]

Storage & retrieval Resource allocation [100], query index selection [224], query rewriting [12]

• Inference data development: The objective is to create novel evaluation sets that can

provide more granular insights into the model or trigger a specific capability of the model

with engineered data inputs. There are three sub-goals in this effort: 1) in-distribution

evaluation and 2) out-of-distribution evaluation aim to generate samples that adhere to or

differ from the training data distribution, respectively, while 3) prompt engineering tunes

the prompt in language models to get the desired predictions. The tasks in inference data

development are relatively open-ended since they are often designed to assess or unlock

various capabilities of the model.

• Data maintenance: In real-world applications, data is not created once but rather neces-

sitates continuous maintenance. The purpose of data maintenance is to ensure the quality

and reliability of data in a dynamic environment. It involves three essential sub-goals: 1)

data understanding, which targets providing visualization and valuation of the complex

data, enabling humans to gain valuable insights, 2) data quality assurance, which develops

quantitative measurements and quality improvement strategies to monitor and repair data,

and 3) data storage & retrieval, which aims to devise efficient algorithms to supply the data in

need via properly allocating resources and efficiently processing queries. Data maintenance

plays a fundamental and supportive role in the data-centric AI framework, ensuring that the

data in training and inference is accurate and reliable.

Following the three general goals, we survey various data-centric AI tasks, summarized in Table 1.

2.4 Automation and Human Participation in Data-centric AI
Data-centric AI consists of a spectrum of tasks related to different data lifecycle stages. To keep pace

with the ever-growing size of the available data, in some data-centric AI tasks, it is imperative to

develop automated algorithms to streamline the process. For example, there is an increasing interest

in automation in data augmentation [56, 273], and feature transformation [122]. Automation in

these tasks will improve not only efficiency but also accuracy [155]. Moreover, automation can

facilitate the consistency of the results, reducing the chance of human errors. Whereas for some

other tasks, human involvement is essential to ensure the data is consistent with our intentions.

For example, humans often play an indispensable role in labeling data [284], which helps machine

learning algorithms learn to make the desired predictions. Whether human participation is needed

depends on whether our objective is to align data with human expectations. In this survey, we
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Data-centr ic
AI Paper

Pipeline 
automation

Learning-based 
automation

Programmatic 
automation

Automation
Collaboration

Minimum
par ticipation

Par tial
par ticipation

Full
par ticipation

Fig. 3. Data-centric AI papers are categorized into automation and collaboration depending on whether
human participation is needed. Each method has a different level of automation or requires a different degree
of human participation.

categorize each paper into automation and collaboration, where the former focuses on automating

the process, and the latter concerns human participation. Automation-oriented methods usually

have different automation objectives. We can identify several levels of automation from the existing

methods:

• Programmatic automation: Using programs to deal with the data automatically. The

programs are often designed based on some heuristics and statistical information.

• Learning-based automation: Learning automation strategies with optimization, e.g., mini-

mizing an objective function. The methods at this level are often more flexible and adaptive

but require additional costs for learning.

• Pipeline automation: Integrating and tuning a series of strategies across multiple tasks,

which could help identify globally optimal strategies. However, tuning may incur significantly

more costs.

Note that this categorization does not intend to differentiate good and badmethods. For example, a

pipeline automation method may not necessarily be better than programmatic automation solutions

since it could be over-complicated in many scenarios. Instead, we aim to show insight into how

automation has been applied to different data-centric goals and understand the literature from

a global view. From another perspective, collaboration-oriented methods often require human

participation in different forms. We can identify several degrees of human participation:

• Full participation:Humans fully control the process. The method assists humans in making

decisions. The methods that require full participation can often align well with human

intentions but can be costly.

• Partial participation: The method is in control of the process. However, humans need to

intensively or continuously supply information, e.g., by providing a large amount of feedback

or frequent interactions.

• Minimum participation: The method is in full control of the whole process and only

consults humans when needed. Humans only participate when prompted or asked to do

so. The methods that belong to this degree are often more desirable when encountering a

massive amount of data and a limited budget for human efforts.

Similarly, the degree of human participation, to a certain extent, only reflects the tradeoff

between efficiency (less human labor) and effectiveness (better aligned with humans). The selection

of methods depends on the application domain and stakeholders’ needs. To summarize, we design

Figure 3 to organize the existing data-centric AI papers. We assign each paper to either a level of

automation or a degree of human participation.
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Fig. 4. An overview of training data development. Note that the figure illustrates only a general pipeline, and
not all steps are mandatory. For instance, unsupervised learning does not require data labeling. These steps
can be executed in a different order as well. For example, data augmentation can occur before data reduction.

Some previous surveys only focus on specific scopes of data-centric AI, such as data augmen-

tation [74, 215, 250], data labeling [284], and feature selection [138]. The novelty of our paper is

that it provides a holistic view of the tasks, methods, and benchmarks by providing a goal-driven

taxonomy to organize the tasks followed by an automation- and collaboration-oriented design to

categorize methods. Moreover, we discuss the needs, challenges, and future directions from the

broad data-centric AI view, aiming to motivate collective initiatives to push forward this field.

3 TRAINING DATA DEVELOPMENT
Training data provides the foundation for machine learning models, as the model performance is

heavily influenced by its quality and quantity. In this section, we summarize the essential steps

to create and process training data, visualized in Figure 4. Data creation focuses on effectively

and efficiently encoding human intentions into datasets, including data collection (Section 3.1)

and data labeling (Section 3.2). Data processing aims to make data suitable for learning, including

data preparation (Section 3.3), data reduction (Section 3.4), and data augmentation (Section 3.5).

After introducing these steps, we discuss pipeline search (Section 3.6), an emerging trend that aims

to connect them and search for the most effective end-to-end solution. Table 2 summarizes the

representative tasks and methods for training data development.

3.1 Data Collection
Data collection is the process of gathering and acquiring data from various sources, which funda-

mentally determines data quality and quantity. This process heavily relies on domain knowledge.

With the increasing availability of data, there has been a surge in the development of efficient

strategies to leverage existing datasets. In the following, we discuss the role of domain knowledge,

an overview of more efficient data collection strategies, and challenges.

3.1.1 Role of Domain Knowledge. A deep understanding of the application domain or industry is

critical for collecting relevant and representative data. For example, when building a recommen-

dation system, it is crucial to decide what user/item features to collect based on the application

domain [285]. The domain-specific knowledge can also help in synthesizing data. For instance,

knowledge about financial markets and trading strategies can facilitate the generation of more

realistic synthetic anomalies [133]. Domain knowledge is essential for effective data collection

since it helps align data with the intentions of stakeholders and ensure the data is relevant and

representative.
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3.1.2 Efficient Data Collection Strategies. Traditionally, datasets are constructed from scratch by

manually collecting the relevant information. However, this process is time-consuming. More

efficient methods have been developed by leveraging the existing data. Here, we describe the

methods for dataset discovery, data integration, and data synthesis.

Dataset discovery. As the number of available datasets continuously grows, it becomes possible

to amass the existing datasets of interest to construct a new dataset that meets our needs. Given

a human-specified query (e.g., the expected attribute names), dataset discovery aims to identify

the most related and useful datasets from a data lake, a repository of datasets stored in its raw

formats, such as public data-sharing platforms [22] and data marketplaces. The existing research for

dataset discovery mainly differs in calculating relatedness. A representative strategy is to abstract

the datasets as a graph, where the nodes are columns of the data sources, and edges represent

relationships between two nodes [75]. Then a tailored query language is designed to allow users

to express complex query logic to retrieve the relevant datasets. Another approach is table union

search [167], which measures the unionability of datasets based on the overlapping of the attribute

values. Recent work measures the relatedness in a more comprehensive way by considering

attribute names, value overlapping, word embedding, formats, and domain distributions [28]. All

these methods can significantly reduce human labor in dataset discovery, as humans only need to

provide queries.

Data integration. Given a few datasets from different sources, data integration aims to com-

bine them into a unified dataset. The difficulty lies in matching the columns across datasets and

transforming the values of data records from the source dataset to the target dataset. Traditional

solutions rely on rule-based systems [128, 137], which can not scale. Recently, machine learning

has been utilized to automate the data integration process in a more scalable way [221, 222]. For

example, the transformation of data values can be formulated as a classification problem, where the

input is the data value from the source dataset, and the output is the transformed value from the

target dataset [222]. Then we can train a classifier with the training data generated by rules and

generalize it to unseen data records. The automated data integration techniques make it possible to

merge a larger number of existing datasets efficiently.

Raw data synthesis. In some scenarios, it is more efficient to synthesize a dataset that contains the

desirable patterns than to collect these patterns from the real world. A typical scenario is anomaly

detection, where it is often hard to collect sufficient real anomalies since they can be extremely rare.

Thus, researchers often insert anomaly patterns into anomaly-free datasets. For example, a general

anomaly synthesis criterion has been proposed for time series data [133], where a time series is

modeled as a parameterized combination of trend, seasonality, and shapelets. Then different point-

and pattern-wise anomalies can be generated by altering these parameters. However, such synthesis

strategies may not be suitable for all domains. For example, the anomaly patterns in financial time

series can be quite different from those from electricity time series. Thus, properly designing data

synthesis strategies still requires domain knowledge.

3.1.3 Challenges. Data collection is a very challenging process that requires careful planning.

From the technical perspective, datasets are often diverse and not well-aligned with each other, so it

is non-trivial to measure their relatedness or integrate them appropriately. Effectively synthesizing

data from the existing dataset is also tricky, as it heavily relies on domain knowledge. Moreover,

some critical issues during data collection can not be resolved solely from a technical perspective.

For example, in many real-world situations, we may be unable to locate a readily available dataset

that aligns with our requirements so we still have to collect data from the ground up. However,

some data sources can be difficult to obtain due to legal, ethical, or logistical reasons. Collecting

new data also involves ethical considerations, particularly with regard to informed consent, data
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Table 2. Papers for achieving different sub-goals of training data development.

Sub-goal Task Method type
Automation level/
participation degree Reference

Collection

Dataset discovery Collaboration Minimum [28, 75, 167]

Data integration Automation Programmatic [128, 137]

Data integration Automation Learning-based [221, 222]

Raw data synthesis Automation Programmatic [133]

Labeling

Crowdsourced labeling Collaboration Full [58, 130, 227]

Semi-supervised labeling Collaboration Partial [46, 174, 295, 298]

Active learning Collaboration Partial [55, 66, 192, 274]

Data programming Collaboration Partial [27, 80]

Data programming Collaboration Minimum [103, 190, 191, 278]

Distant supervision Automation Learning-based [160]

Preparation

Data cleaning Automation Programmatic [289]

Data cleaning Automation Learning-based [98, 116, 126, 135]

Data cleaning Collaboration Partial [244]

Feature extraction Automation Programmatic [14, 199]

Feature extraction Automation Learning-based [127, 248]

Feature transformation Automation Programmatic [5, 24]

Feature transformation Automation Learning-based [122]

Reduction

Feature selection Automation Programmatic [10, 229]

Feature selection Automation Learning-based [245, 258]

Feature selection Collaboration Partial [208, 287]

Dimensionality reduction Automation Learning-based [2, 13, 255]

Instance selection Automation Programmatic [186, 193][148]

Instance selection Automation Learning-based [148, 225]

Augmentation

Basic manipulation Automation Programmatic [42, 93, 250, 282, 282, 288].

Basic manipulation Automation Learning-based [56]

Augmentation data synthesis Automation Learning-based [79, 102, 104, 216]

Upsampling Automation Programmatic [41, 95]

Upsampling Automation Learning-based [273]

- Pipeline search Automation Pipeline [68, 76, 97, 132, 154, 159, 280]

privacy, and data security. Researchers and practitioners must be aware of these challenges in

studying and executing data collection.

3.2 Data Labeling
Data labeling is the process of assigning one or more descriptive tags or labels to a dataset, enabling

algorithms to learn from and make predictions on the labeled data. Traditionally, this is a time-

consuming and resource-intensive manual process, particularly for large datasets. Recently, more

efficient labeling methods have been proposed to reduce human efforts. In what follows, we discuss

the need for data labeling, efficient labeling strategies, and challenges.

3.2.1 Need for Data Labeling. Labeling plays a crucial role in ensuring that the model trained

on the data accurately reflects human intentions. Without proper labeling, a model may not be

able to make the desired predictions since the model can, at most, be as good as the data fed into

it. Although unsupervised learning techniques are successful in domains such as large language

models [34, 121, 187, 188] and anomaly detection [176], the trained models may not well align with

human expectations. Thus, to achieve a better performance, we often still need to fine-tune the

large language models with human labels, such as ChatGPT [174], and tune anomaly detectors
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with a small amount of labeled data [111, 142–144]. Thus, labeling data is essential for teaching

models to align with and behave like humans.

3.2.2 Efficient Labeling Strategies. Researchers have long recognized the importance of data la-

beling. Various strategies have been proposed to enhance labeling efficiency. We will discuss

crowdsourced labeling, semi-supervised labeling, active learning, data programming, and distant

supervision. Note that it is possible to combine them as hybrid strategies.

Crowdsourced labeling. Crowdsourcing is a classic approach that breaks down a labeling task

into smaller and more manageable parts so that they can be outsourced and distributed to a large

number of non-expert annotators. Traditional methods often only provide initial guidelines to

annotators [265]. However, the guidelines can be unclear and ambiguous, so each annotator could

judge the same situation subjectively and differently. One way to mitigate this inconsistency is to

start with small pilot studies and iteratively refine the design of the labeling task [130]. Another

is to ask multiple workers to annotate the same sample and infer a consensus label [227]. Other

studies focus on algorithmically improving label quality, e.g., pruning low-quality teachers [58].

All these crowdsourcing methods require full human participation but assist humans or enhance

label quality in different ways.

Semi-supervised labeling. The key idea is to leverage a small amount of labeled data to infer the

labels of the unlabeled data. A popular approach is self-training [298], which trains a classifier

based on labeled data and uses it to generate pseudo labels. To improve the quality of pseudo labels,

a common strategy is to train multiple classifiers and find a consensus label, such as using different

machine learning algorithms to train models on the same data [295]. In parallel, researchers have

studied graph-based semi-supervised labeling techniques [46]. The idea is to construct a graph,

where each node is a sample, and each edge represents the distance between the two nodes it

connects. Then they infer labels through label propagation in the graph. Recently, a reinforcement

learning from human feedback procedure is proposed [48] and used in ChatGPT [174]. They train a

reward model based on human-labeled data and infer the reward for unlabeled data to fine-tune the

language model. These semi-supervised labeling methods only require partial human participation

to provide the initial labels.

Active learning.Active learning is an iterative labeling procedure that involves humans in the loop.

In each iteration, the algorithm selects an unlabeled sample or batch of samples as a query for human

annotation. The newly labeled samples help the algorithm choose the next query. The existing

work mainly differs in query selection strategies. Early methods use statistical methods to estimate

sample uncertainty and select the unlabeled sample the model is most uncertain about [55]. Recent

studies have investigated deep active learning, which leverages model output or designs specialized

architectures to measure uncertainty [192]. More recent research aligns the querying process with

a Markov decision process and learns to select the long-term best query with contextual bandit [66]

or reinforcement learning [274]. Unlike semi-supervised labeling, which requires one-time human

participation in the initial stage, active learning needs a continuous supply of information from

humans to adaptively select queries.

Data programming. Data programming [190, 191] is a weakly-supervised approach that infers

labels based on human-designed labeling functions. The labeling functions are often some heuristic

rules and vary for different data types, e.g., seed words for text classification [278], masks for image

segmentation [103], etc. However, sometimes the labeling functions may not align with human

intentions. To address this limitation, researchers have proposed interactive data programming [27,

80], where humans participate more by interactively providing feedback to refine labeling functions.

Data programming methods often require minimum human participation or, at most, partial
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participation. Thus, the methods in this research line are often more desirable when we need to

quickly generate a large number of labels.

Distant supervision. Another weakly-supervised approach is distant supervision, which assigns

labels by leveraging external sources. A famous application of distant supervision is on relation

extraction [160], where the semantic relationships between entities in the text are labeled based on

external data, such as Freebase [30]. Distant supervision is often an automated approach that does

not require human participation. However, the automatically generated labels can be noisy if there

is a discrepancy between the dataset and the external source.

3.2.3 Challenges. The main challenge for data labeling stems from striking a balance between

label quality, label quantity, and financial cost. If given adequate financial support, it is possible

to hire a sufficient number of expert annotators to obtain a satisfactory quantity of high-quality

labels. However, when we have a relatively tight budget, we often have to resort to more efficient

labeling strategies. Identifying the proper labeling strategy often requires domain knowledge to

balance different tradeoffs, particularly human labor and label quality/quantity. Another difficulty

lies in the subjectivity of labeling. While the instructions may be clear to the designer, they may be

misinterpreted by annotators, which leads to labeling noise. Last but not least, ethical considerations,

such as data privacy and bias, remain a pressing issue, especially when the labeling task is distributed

to a large and undefined group of people.

3.3 Data Preparation
Data preparation involves cleaning and transforming raw data into a format that is appropriate for

model training. Conventionally, this process often necessitates a considerable amount of engineering

work with laborious trial and error. To automate this process, state-of-the-art approaches often

adopt search algorithms to discover the most effective strategies. In this subsection, we introduce

the need, representative methods, and challenges for data preparation.

3.3.1 Need for Data Preparation. Raw data is often not ready for model training due to potential

issues such as noise, inconsistencies, and unnecessary information, leading to inaccurate and biased

results. For instance, the model could overfit on noises, outliers, and irrelevant extracted features,

resulting in reduced generalizability [260]. If sensitive information (e.g., race and gender) is not

removed, the model may unintentionally learn to make biased predictions [240]. In addition, the

raw feature values may negatively affect model performance if they are in different scales or follow

skewed distributions [4]. Thus, it is imperative to clean and transform data. The need can also be

verified by a Forbes survey [185], which suggests that data preparation accounts for roughly 80%

of the work of data scientists.

3.3.2 Methods. We will review and discuss the techniques for achieving three key data preparation

objectives, namely data cleaning, feature extraction, and feature transformation.

Data cleaning. Data cleaning is the process of identifying and correcting errors, inconsistencies,

and inaccuracies in datasets. Traditional methods repair data with programmatic automation,

e.g., imputing missing values with mean or median [289] and scanning all data to find duplicates.

However, such heuristics can be inaccurate or inefficient. Thus, learning-based methods have

been developed, such as training a regression model to predict missing values [135], efficiently

estimating the duplicates with sampling [98], and correcting labeling errors [116]. Contemporary

data cleaning methods often do not solely focus on the cleaning itself, but rather on learning to

improve final model performance. For instance, a recent study has adopted search algorithms to

automatically identify the best cleaning strategy to optimize validation performance [126]. Beyond

automation, researchers have studied collaboration-oriented cleaning methods. For example, a
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hybrid human-machine workflow is proposed to identify duplicates by presenting similar pairs to

humans for annotation [244].

Feature extraction. Feature extraction is an important step in extracting relevant features from raw

data. For training traditional machine learning models, we often need to extract features based on

domain knowledge of the data type being targeted. Common features used for images include color

features, texture features, intensity features, etc. [199]. For time series data, temporal, statistical,

and spectral features are often considered [14]. Deep learning, in contrast, automatically extracts

features by learning the weights of neural networks, which requires less domain knowledge. For

instance, convolutional neural networks can be used in both images [127] and time series [248].

The boundary between data and model becomes blurred with deep learning feature extractors,

which operate on the data while also being an integral part of the model. Although deep extractors

could learn high-quality feature representations, the extraction process is uninterpretable and

may amplify the bias in the learned representation [240]. Therefore, traditional feature extraction

methods are often preferred in high-stakes domains for interpretability and removing sensitive

information.

Feature transformation. Feature transformation refers to the process of converting the original

features into a new set of features, which can often lead to improved model performance. Some

typical transformations include normalization, which scales the feature into a bounding range,

and standardization, which transforms features so that they have a mean of zero and a standard

deviation of one [5]. Other strategies include log transformation and polynomial transformation

to smooth the long-tail distribution and create new features through multiplication [24]. These

transformation methods can be combined in different ways to improve model performance. For

example, a representative work builds a transformation graph for a given dataset, where each

node is a type of transformation, and adopts reinforcement learning to search for the best transfor-

mation strategy [122]. Learning-based methods often yield superior performance by optimizing

transformation strategies based on the feedback obtained from the model.

3.3.3 Challenges. Properly cleaning and transforming data is challenging due to the unique char-

acteristics of different datasets. For example, the errors and inconsistencies in text data are quite

different from those in time-series data. Even if two datasets have the same data type, their feature

values and potential issues can be very diverse. Thus, researchers and data scientists often need to

devote a significant amount of time and effort to clean the data. Although learning-based methods

can search for the optimal preparation strategy automatically [122, 126], it remains a challenge to

design the appropriate search space, and the search often requires a non-trivial amount of time.

3.4 Data Reduction
The goal of data reduction is to reduce the complexity of a given dataset while retaining its essential

information. This is often achieved by either reducing the feature size or the sample size. Our

discussion will focus on the need for data reduction, representative methods for feature and sample

size reduction, and challenges.

3.4.1 Need for Data Reduction. With more data being collected at an unprecedented pace, data

reduction plays a critical role in boosting training efficiency. From the sample size perspective,

reducing the number of samples leads to a simpler yet representative dataset, which can alleviate

memory and computation constraints. It also helps to alleviate data imbalance issues by downsam-

pling the samples from the majority class [186]. Similarly, reducing feature size brings many benefits.

For example, eliminating irrelevant or redundant features mitigates the risk of overfitting [138].

Smaller feature sizes will also enable faster training and inference in model deployment [242]. In

addition, only keeping a subset of features will make the model more interpretable [51, 52, 243].
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Data reduction techniques can enable the model to focus only on the essential information, thereby

enhancing accuracy, efficiency, and interpretability.

3.4.2 Methods for Reducing Feature Size. From the feature perspective, we discuss two common

reduction strategies.

Feature selection. Feature selection is the process of selecting a subset of features most relevant

to the intended tasks [138]. It can be broadly classified into filter, wrapper, and embedded methods.

Filter methods [229] evaluate and select features independently using a scoring function based

on statistical properties such as information gain [10]. Although filter methods are very efficient,

they ignore feature dependencies and interactions with the model. Wrapper methods alleviate

these issues by leveraging the model performance to assess the quality of selected features and

refining the selection iteratively [258]. While these methods often achieve better performances, they

are computationally more expensive. Embedded methods, from another angle, integrate feature

selection into the model training process [245] so that the selection process is optimized in an end-

to-end manner. Beyond automation, active feature selection takes into account human knowledge

and incrementally selects the most appropriate features [208, 287]. Feature selection reduces the

complexity, producing cleaner and more understandable data while retaining feature semantics.

Dimensionality reduction. Dimensionality reduction aims to transform high-dimensional features

into a lower-dimensional space while preserving the most representative information. The existing

methods can be mainly categorized into linear and non-linear techniques. The former generates new

features via linear combinations of features from the original data. One of the most popular algo-

rithms is Principal Component Analysis (PCA) [2], which performs orthogonal linear combinations

of the original features based on the variance in an unsupervised manner. Another representative

method targeted for supervised scenarios is Linear Discriminant Analysis (LDA) [255], which

statistically learns linear feature combinations that can separate classes well. Linear techniques,

however, may not always perform well, especially when features have complex and non-linear

relationships. Non-linear techniques address this issue by utilizing nonlinear mapping functions. A

popular technique is autoencoders [13], which use neural networks to encode the original features

into a low-dimensional space and reconstruct the features using a neural decoder.

3.4.3 Methods for Reducing Sample Size. The reduction of samples is typically achieved with

instance selection, which selects a representative subset of data samples that retain the original

properties of the dataset. The existing studies can be divided into wrapper and filter methods.

The former selects instances based on scoring functions. For example, a common strategy is to

select border instances since they can often shape the decision boundary [193]. Wrapper methods,

in contrast, select instances based on model performance [225], which considers the interaction

effect with the model. Instance selection techniques can also alleviate data imbalance issues by

undersampling the majority class, e.g., with random undersampling [186]. More recent work adopts

reinforcement learning to learn the best undersampling strategies [148]. Overall, instance selection

is a simple yet effective way to reduce data sizes or balance data distributions.

3.4.4 Challenges. The challenges of data reduction are two-folded. On the one hand, selecting the

most representative data or projecting data in a low-dimensional space with minimal information

loss is non-trivial. While learning-based methods can partially address these challenges, they

may necessitate substantial computational resources, especially when dealing with extremely

large datasets, e.g., the wrapper and reinforcement learning methods [148, 225, 258]. Therefore,

achieving both high accuracy and efficiency is challenging. On the other hand, data reduction can

potentially amply data bias, raising fairness concerns. For example, the selected features could
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be over associating with protected attributes [256]. Fairness-aware data reduction is a critical yet

under-explored research direction.

3.5 Data Augmentation
Data augmentation is a technique to increase the size and diversity of data by artificially creating

variations of the existing data, which can often improve the model performance. It is worth noting

that even though data augmentation and data reduction seem to have contradictory objectives, they

can be used in conjunction with each other. While data reduction focuses on eliminating redundant

information, data augmentation aims to enhance data diversity. We will delve into the need for

data augmentation, various representative methods, and the associated challenges.

3.5.1 Need for Data Augmentation. Modern machine learning algorithms, particularly deep learn-

ing, often require large amounts of data to learn effectively. However, collecting large datasets,

especially annotated data, is labor-intensive. By generating similar data points with variance, data

augmentation helps to expose the model to more training examples, hereby improving accuracy,

generalization capabilities, and robustness. Data augmentation is particularly important in applica-

tions where there is limited data available. For example, it is often expensive and time-consuming

to acquire well-annotated medical data [45]. Data augmentation can also alleviate class imbalance

issues, where there is a disproportionate ratio of training samples in each class, by augmenting the

data from the under-represented class.

3.5.2 Common Augmentation Methods. In general, data augmentation methods often manipulate

the existing data to generate variances or synthesize new data. We discuss some representative

methods in each category below.

Basic manipulation. This research line involves making minor modifications to the original

data samples to produce augmented samples directly. Various strategies have been proposed in

the computer vision domain, such as scaling, rotation, flipping, and blurring [288]. One notable

approach is Mixup [282], which interpolates the existing data samples to create new samples. It

is shown that Mixup serves as a regularizer, encouraging the model to prioritize simpler linear

patterns, which in turn enhances the generation performance [282]. More recent studies use

learning-based algorithms to automatically search for augmentation strategies. A representative

work is AutoAugment, which uses reinforcement learning to iteratively improve the augmentation

policies [56]. Beyond image data, basic manipulation often needs to be tailored for the other data

types, such as permutation and jittering in time-series data [250], mixing data in the hidden space

for text data to retain semantic meanings [42], and mixing graphon for graph data [93].

Augmentation data synthesis. Another category focuses on synthesizing new training samples

by learning the distribution of the existing data, which is typically achieved by generative mod-

eling. GAN [86, 283] has been widely used for data augmentation [79]. The key idea is to train

a discriminator in conjunction with a generator, making the latter generate synthetic data that

closely resembles the existing data. GAN-based data augmentation has also been used to augment

other data types, such as time-series data [140] and text data [216]. Other studies have used Varia-

tional Autoencoder [104] and diffusion models [102] to achieve augmentation. Compared to basic

manipulation that augments data locally, data synthesis learns data patterns from the global view

and generates new samples with a learned model.

3.5.3 Methods Tailored for Class Imbalance. Class imbalance is a fundamental challenge in machine

learning, where the number of majority samples is much larger than that of minority samples.

Data augmentation can be used to perform upsampling on the minority class to balance the data

distribution. One popular approach is SMOTE [41], which involves generating synthetic samples

, Vol. 1, No. 1, Article . Publication date: April 2023.



16 Daochen Zha, Zaid Pervaiz Bhat, Kwei-Herng Lai, Fan Yang, Zhimeng Jiang, Shaochen Zhong, and Xia Hu

Data 
sl icing

Algor i thmic 
r ecourse

Adversar ial
samples+

Samples w ith 
distr ibution shi f t 

In-distr ibution evaluation Out-of-distr ibution evaluationModel

Evaluate impor tant 
sub-populations 

Understand 
decision boundar y

Evaluate adversar ial 
robustness

Evaluate sensi tivi ty 
to distr ibution shi f t  

Prompt engineer ing

Tune input

Fig. 5. An overview of inference data development.

by linearly interpolating between minority instances and their neighbors. ADASYN [95] is an

extension of SMOTE that generates additional synthetic samples for data points that are more

difficult to learn, as determined by the ratio of majority class samples in their nearest neighbors. A

recent study proposes AutoSMOTE, a learning-based algorithm that searches for best oversampling

strategies with reinforcement learning [273].

3.5.4 Challenges. One critical challenge in data augmentation is that there is no single augmenta-

tion strategy that is suitable for all scenarios. Different data types may require diverse strategies. For

example, compared to image data, graph data is irregular and not well-aligned, and thus the vanilla

Mixup strategy can not be directly applied [93]. Even though two datasets have the same data

type, the optimal strategy differs. For instance, we often need to upsample the minority samples

differently to achieve the best results [273]. Although search-based algorithms can identify the best

strategies with trial and error, it also increases the computation and storage costs, which can be a

limiting factor in some applications. More effective and efficient data augmentation techniques are

required to overcome these challenges.

3.6 Pipeline Search
In real-world applications, we often encounter complex data pipelines, where each pipeline step

corresponds to a task associated with one of the aforementioned sub-goals. Despite the progress

made in each individual task, a pipeline typically functions as a whole, and the various pipeline

steps may have an interactive effect. For instance, the best data augmentation strategy may depend

on the selected features. Pipeline search is a recent trend that tries to automatically search for the

best combinations. This subsection introduces some representative pipeline search algorithms.

One of the first pipeline search frameworks is AutoSklearn [76]. It performs a combined search

of preprocessing modules, models, and the associated hyperparameters to optimize the validation

performance. However, they use a very small search space for preprocessing modules. DARPA’s

Data-Driven Discovery of Models (D3M) program pushes the progress further by building an

infrastructure for pipeline search [159]. Although D3M originally focused on automated model

discovery, it has developed numerous data-centric modules for processing data. Building upon

D3M, AlphaD3M uses Monte-Carlo Tree Search to identify the best pipeline [68]. D3M is then

tailored for time-series anomaly detection [132] and video analysis [280]. Deepline enables the

search within a large number of data-centric modules using multi-step reinforcement learning [97].

ClusterP3S allows for personalized pipelines to be created for various features, utilizing clustering

techniques to enhance search efficiency [154].

Despite these progresses, pipeline search still faces a significant challenge due to the high

computational overhead since the search algorithm often needs to try different module combinations

repeatedly. This overhead becomes more pronounced as the number of modules increases, leading

to an exponential growth of the search space. Thus, more efficient search strategies [97, 154] are

required to enable a broader application of pipeline search in real-world scenarios.
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4 INFERENCE DATA DEVELOPMENT
Another crucial component in building AI systems is to design inference data to evaluate a trained

model or unlock a specific capability of the model. In the conventional model-centric paradigm, we

often adopt a hold-out evaluation set that is not included in the training data to measure model

performance using specific metrics such as accuracy. However, relying solely on performance

metrics may not fully capture many important properties of a model, such as its robustness,

generalizability, and rationale in decision-making. Moreover, as models become increasingly large,

it becomes possible to obtain the desired predictions by solely engineering the data input. This

section introduces some representative methods that evaluate models from a more granular view,

or engineering data inputs for inference, shown in Figure 5. Our discussion involves in-distribution

set evaluation (Section 4.1), out-of-distribution evaluation (Section 4.2), and prompt engineering

(Section 4.3). We summarize the relevant tasks and methods in Table 3.

4.1 In-distribution Evaluation
In-distribution evaluation data construction aims to generate samples that conform to training

data. We will begin by addressing the need for constructing in-distribution evaluation sets. Next,

we will review representative methods for two scenarios: evaluating important sub-populations on

which the model underperforms through data slicing, and assessing decision boundaries through

algorithmic recourse. Lastly, we will discuss the challenges.

4.1.1 Need for In-distribution Evaluation. In-distribution evaluation is the most direct way to assess

the quality of trained models, as it reflects their capabilities within the training distribution. The

need for a more fine-grained in-distribution evaluation is two-fold. Firstly, models that perform

well on average may fail to perform adequately on specific sub-populations, requiring identification

and calibration of underrepresented groups to avoid biases and errors, particularly in high-stakes

applications [158, 173]. Secondly, it is crucial to understand the decision boundary and inspect the

model ethics before deployment, especially in risky applications like policy making [218].

4.1.2 Data Slicing. Data slicing involves partitioning a dataset into relevant sub-populations and

evaluating a model’s performance on each sub-population separately. A common approach to

data slicing is to use pre-defined criteria, such as age, gender, or race [16]. However, data in many

real-world applications can be complex, and properly designing the partitioning criteria heavily

relies on domain knowledge, such as slicing 3-D seismic data in geophysics [267] and program

slicing [202].

To reduce human effort, automated slicing methods have been developed to discover important

data slices by sifting through all potential slices in the data space. One representative work is

SliceFinder [53], which identifies slices that are both interpretable (i.e., slicing based on a small set

of features) and problematic (the model performs poorly on the slice). To solve this search problem,

SliceFinder offers two distinct methods, namely the tree-based search and the lattice-based search.

The former is more efficient, while the latter has better efficacy. SliceLine [198] is another notable

work that addresses the scalability limitations of slice finding by focusing on both algorithmic

and system perspectives. This approach is motivated by frequent itemset mining and leverages

relevant monotonicity properties and upper bounds for effective pruning. Moreover, to address

hidden stratification, which occurs when each labeled class contains multiple semantically distinct

subclasses, GEORGE [217] employs clustering algorithms to slide data across different subclasses.

Another tool for automated slicing is Multiaccuracy [123], where a simple “auditor” is trained to

predict the residual of the full model using input features. Multiaccuracy, in general, is an efficient

approach since it only requires a small amount of audit data. Data slicing allows researchers and
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Table 3. Papers for achieving different sub-goals of inference data development.

Sub-goal Task Method type
Automation level/
participation degree References

In-

distribution

Data slicing Collaboration Minimum [16]

Data slicing Collaboration Partial [202, 267]

Data slicing Automation Learning-based [53, 123, 198, 217]

Algorithmic recourse Collaboration Minimum [20, 26, 38, 57, 62, 118, 136, 149, 184, 212, 237]

Out-of-

distribution

Adversarial samples Collaboration Minimum [99]

Adversarial samples Automation Learning-based [23, 43, 71, 151, 165, 177, 210]

Distribution shift Collaboration Full [63, 125, 197]

Distribution shift Collaboration Partial [90, 211]

Distribution shift Automation Programmatic [11, 87, 145, 223]

Distribution shift Automation Learning-based [73, 91]

Prompt

engineering

Manual engineering Collaboration Partial [205–207]

Automated engineering Automation Programmatic [94, 115, 264]

Automated engineering Automation Learning-based [82, 239]

practitioners to identify biases and errors in a model’s predictions and calibrate the model to

improve its overall capabilities.

4.1.3 Algorithmic Recourse. Algorithmic recourse (also known as “counterfactuals” [237] in the

explainable AI domain) aims to generate a hypothetical set of samples that can flip model decisions

toward preferred outcomes. For example, if an individual is denied a loan, algorithmic recourse

seeks the closest sample (e.g., with a higher account balance) that would have been approved.

Hypothetical samples derived through algorithmic recourse are valuable in understanding decision

boundaries. For the previously mentioned example, the hypothetical sample addresses the question

of how the individual could have been approved and also aids in the detection of potential biases

across individuals.

The existing methods primarily vary in their strategies for identifying hypothetical samples, and

can generally be classified into white-box and black-box methods. White-box methods necessitate

access to the evaluated models, which can be achieved through complete internals [38, 118, 149],

gradients [237], or solely the prediction function [57, 62, 136, 212]. Conversely, black-box methods

do not require access to the model at all. For example, Dijkstra’s algorithm is employed to obtain the

shortest path between existing training data points to find recourse under certain distributions [184].

An alternative approach involves dividing the feature space into pure regions, where all data points

belong to a single class, and utilizing graph traversing techniques [20, 26] to identify the nearest

recourse. Given that the target label for reasoning is usually inputted by humans, these recourse

methods all require minimal human participation.

4.1.4 Challenges. The main challenge of constructing in-distribution evaluation sets lies in identi-

fying the targeted samples effectively and efficiently. In the case of data slicing, determining the

optimal subset of data is particularly challenging due to the exponential increase in the number

of possible subsets with additional data points. Similarly, identifying the closest recourse when

limited information is available also requires significant effort.

4.2 Out-of-distribution Evaluation
Out-of-distribution evaluation data refers to a set of samples that follow a distribution that differs

from the one observed in the training data. We begin by discussing the need for out-of-distribution

evaluation, followed by a review of two representative tasks: generating adversarial samples and
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generating samples with distribution shifts. Then we delve into the challenges associated with

out-of-distribution data generation.

4.2.1 Need for Out-of-distribution Evaluation. Although modern machine learning techniques

generally perform well on in-distribution datasets, the distribution of data in the deployment

environment may not align with the training data [214]. Out-of-distribution evaluation primarily

assesses a model’s ability to generalize to unexpected scenarios by utilizing data samples that differ

significantly from the ones used during training. This evaluation can uncover the transferability

of a model and instill confidence in its performance in unexpected scenarios. Out-of-distribution

evaluation can also provide essential insights into a model’s robustness, exposing potential flaws

that must be addressed before deployment. This is crucial in determining whether the model is

secure in real-world deployments.

4.2.2 Generating Adversarial Samples. Adversarial samples are the ones with intentionally manipu-

lated or modified input data in a way that causes a model to make incorrect predictions. Adversarial

samples can aid in comprehending a model’s robustness and are typically generated by applying

perturbations to the input data. Manual perturbation involves adding synthetic and controllable

perturbations, such as noise and blur, to the original data [99].

Automated methods design learning-based strategies to generate perturbations automatically

and are commonly classified into four categories: white-box attacks, physical world attacks, black-

box attacks, and poisoning attacks. White-box attacks involve the attacker being provided with

the model and victim sample. Examples of white-box attacks include Biggio’s attack [23], Deep-

Fool [165], and projected gradient descent attack [151]. Physical world attacks involve introducing

real perturbations to real-world objects. For instance, in the work by [71], stickers were attached

to road signs to significantly impact the sign identifiers of autonomous cars. Black-box attacks

are often applied when an attacker lacks access to a classifier’s parameters or training set but

possesses information regarding the data domain and model architecture. In [177], the authors

exploit the transferability property to generate adversarial examples. A zero-th order optimization-

based black-box attack is proposed in [43] that leverages the prediction confidence for the victim

sample. Poisoning attacks involve the creation of adversarial examples prior to training, utilizing

knowledge about model architectures. For instance, the poison frogs technique [210] inserts an

adversarial image into the training set with a true label. By evaluating a trained model on various

adversarial samples, we can gain a better understanding of the potential weaknesses of the model

in deployment. This can help us take steps to prevent undesirable outcomes.

4.2.3 Generating Samples with Distribution Shift. Generating samples with distribution shifts

enables the evaluation of a model on a different distribution. One straightforward way is to

collect data with varying patterns, such as shifts across different times or locations [63], camera

traps for wildlife monitoring [125], and diverse domains [197]. A more efficient approach would

involve constructing the evaluation set from pre-collected data. To illustrate, some studies [90, 211]

generate various sets of contiguous video frames that appear visually similar to humans but lead to

inconsistent predictions due to the small perturbations.

Apart from natural distribution shifts in real-world data, synthetic distribution shifts are widely

adopted, including three types: 1) covariate shift, which assumes that the input distribution is

shifted [87, 223], 2) label shift, which assumes that the label distribution is shifted [11, 145], and 3)

general distribution shift, which assumes that both the input and label distributions are shifted [73,

91]. Biased data sampling can be used to synthesize covariate shifts or label shifts, whereas learning-

based methods are typically required to synthesize general distribution shifts [73, 91]. Generating
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samples with distribution shift is essential in evaluating a model’s transferability, especially when

there is a distribution gap between the training and deployment environments.

4.2.4 Challenges. The challenges for out-of-distribution generation set construction are two-fold.

Firstly, generating high-quality out-of-distribution data is challenging. If the training data is not

representative, it may be difficult to generate appropriate data. Furthermore, the generation models

may encounter mode collapse issues, meaning that they only generate a limited number of similar

samples and disregard the diversity of the target distribution. Secondly, evaluating the quality of

out-of-distribution generation is difficult since no single metric can capture the diversity and quality

of the generated samples. Commonly used metrics, such as likelihood or accuracy, may not be

suitable as they may exhibit bias toward generating samples similar to the training data. Therefore,

various evaluation metrics have been proposed to assess the distance between in-distribution and

out-of-distribution samples [21, 32, 114, 171, 201]. Overall, creating high-quality out-of-distribution

data is a complex and demanding task that requires meticulous design.

4.3 Prompt Engineering
With the advent of large language models, it becomes feasible to accomplish a task by solely

fine-tuning the input to probe knowledge from the model, while keeping the model fixed. Prompt

engineering is an emerging task that aims to design and construct high-quality prompts to achieve

the most effective performance on downstream tasks [146]. For example, when performing text

summarization, we can provide the texts we want to summarize followed by specific instructions

such as "summarize it" or "TL;DR" to guide the inference. Prompt engineering revolutionizes the

traditional workflow by fine-tuning the input data rather than the model itself to achieve a given

task.

A natural way is to perform manual prompt engineering by creating templates. For example,

in [205–207], the authors have pre-defined templates for few-shot learning in text classification and

conditional text generation tasks. However, manually crafting templates may not be sufficient to dis-

cover the optimal prompts for complex tasks. Thus, automated prompt engineering has been studied.

Common programmatic approaches include mining the templates from an external corpus [115]

and paraphrasing with a seed prompt [94, 264]. Learning-based methods automatically generate

the prompt tokens by gradient-based search [239] or generative models [82]. The primary obstacle

in prompt engineering arises from the absence of a universal prompt template that consistently

performs well. Various templates may result in different model behaviors, and obtaining the desired

answers is not guaranteed. Therefore, further research is necessary to gain insight into the response

of the model to prompts and guide the prompt engineering process.

5 DATA MAINTENANCE
In production scenarios, data is not created once but is rather continuously updated, making data

maintenance a significant challenge that must be considered to ensure reliable and instant data

supply in building AI systems. This section provides an overview of the need, representative

methods (as depicted in Figure 6), and challenges of data maintenance. Our discussion spans across

three aspects: data understanding (Section 5.1), data quality assurance (Section 5.2), and data storage

& retrieval (Section 5.3). Additionally, Table 4 summarizes the relevant tasks and methods.

5.1 Data Understanding
To ensure proper maintenance, it is essential to first understand the data. The following discussion

covers the need for data understanding techniques, ways to gain insights through visualization

and valuation, and the challenges involved.
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Fig. 6. An overview of data maintenance.

5.1.1 Need for Data Understanding Techniques. Real-world data often comes in large volumes and

complexity, which can make it difficult to understand and analyze. There are three main reasons

why data understanding techniques are crucial. Firstly, comprehending a large number of raw

data samples can be challenging for humans. To make it more manageable, we need to summarize

the data and present it in a more concise and accessible way. Secondly, real-world data is often

high-dimensional, while human perception is limited to two-or-three-dimensional space. Therefore,

visualizing data in a lower-dimensional space is essential for understanding the data. Finally, it

is crucial for organizations and stakeholders to understand the value of their data assets and the

contribution of each data sample to the performance.

5.1.2 Data Visualization. Human beings are visual animals, and as such, we have a natural tendency

to process and retain information presented in a pictorial and graphical format. Data visualization

aims to leverage this innate human trait to help us better understand complex data. In what follows,

we will discuss three relevant research topics: visual summarization, clustering for visualization,

and visualization recommendation.

Visual summarization. Summarizing the raw data as a set of graphical diagrams can assist humans

in gaining insights through a condensed interface. Despite its wide application, generating a faithful

yet user-friendly summarization diagram is a non-trivial task. For example, it is hard to select the

right visualization format. Radial charts (e.g., star glyphs and rose charts) and linear charts (e.g., line

charts and bar charts) are two common formats for visualization. However, it is controversial which

format is better. Although empirical evidence suggests that linear charts are superior to radial

charts for many analytical tasks [37], radial charts are often more natural and memorable [33].

In some cases, it is acceptable to compromise on the faithfulness of data representation in favor

of enhanced memorability or space efficiency [37, 238]. For readers who are interested, [61] and

[78] provide a comprehensive taxonomy of visualization formats. Although automated scripts can

generate plots, the process of visual summarization often demands minimal human participation to

select the most appropriate visualization formats.

Clustering for visualization. Real-world data can be high-dimensional and with complex manifold

structures. As such, dimensionality reduction techniques (mentioned in Section 3.4) are often

applied to visualize data in a two-or-three-dimensional space. Furthermore, automated clustering

methods [72] are frequently combined with dimensionality reduction techniques to organize data

points in a grouped, categorized, and often color-coded fashion, facilitating human comprehension

and insightful analysis of the data.

Visualization recommendation. Building upon various visualization formats, there has been a

surge of interest in visualization recommendation, which involves suggesting the most suitable

visualization formats for a particular user. Programmatic automation approaches rank visualization

candidates based on predefined rules composed of human perceptual metrics such as data type,
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Table 4. Papers for achieving different sub-goals of data maintenance.

Sub-goal Task Method type
Automation level/
participation degree Reference

Understanding

Visual summarization Collaboration Minimum [33, 37, 61, 78, 238]

Clustering for visualization Automation Learning-based [72]

Visualization recommendation Automation Programmatic [254]

Visualization recommendation Automation Learning-based [150]

Visualization recommendation Collaboration Partial [213, 219]

Valuation Automation Learning-based [3, 83, 84]

Quality assurance

Quality assessment Collaboration Minimum/partial [18, 181, 195, 257]

Quality improvement Automation Programmatic [17, 29, 49]

Quality improvement Automation Learning-based [19]

Quality improvement Automation Pipeline [204, 230]

Quality improvement Collaboration Partial [44, 60, 81, 247]

Storage & retrieval

Resource allocation Automation Programmatic [6, 152, 252]

Resource allocation Automation Learning-based [100, 233]

Query index selection Automation Programmatic [39, 224, 232]

Query index selection Automation Learning-based [179, 196]

Query rewriting Automation Programmatic [12, 40]

Query rewriting Automation Learning-based [96, 294]

statistical information, and human visual preference [254]. Learning-based approaches exploit

various machine learning techniques to rank the visualization candidates. An example of such a

method is DeepEye [150], which utilizes the statistical information of the data as input and optimizes

the normalized discounted cumulative gain (NDCG) based on the quality of the match between the

data and the chart. Collaborative visualization techniques allow for amore adaptable user experience

by enabling users to continuously provide feedback and requirements for the visualization [213].

A recent study, Snowy [219] accepts human language as input and generates recommendations

for utterances during conversational visual analysis. As visualizations are intended for human

users, allowing for human-in-the-loop feedback is crucial in developing visualization recommender

systems.

5.1.3 Data Valuation. The objective of data valuation is to understand how each data point con-

tributes to the final performance. Such information not only provides valuable insights to stakehold-

ers but is also useful in buying or selling data points in the data market and credit attribution [83].

To accomplish this, researchers estimate the Shapley value of the data points, which assigns weights

to each data point based on its contribution [3, 84]. A subsequent study has enhanced the robustness

of this estimation across multiple datasets and models [83]. Since calculating the exact Shapley

value can be computationally expensive, especially when dealing with a large number of data

points, the above methods all adopt learning-based algorithms for efficient estimation.

5.1.4 Challenges. There are two major challenges. Firstly, the most effective data visualization

formats and algorithms (e.g., clustering algorithms) are often specific to the domain and influenced

by human behavior, making it difficult to select the best option. This selection process often

requires human input. Determining how to best interact with humans adds an additional complexity.

Secondly, developing efficient data valuation algorithms is challenging, since estimating the Shapley

value can be computationally expensive, especially as data sizes continue to grow. Additionally,

the Shapley value may only offer a limited perspective on data value, as there are many other

important factors beyond model performance, such as the problems that can be addressed through

training a model on the data.

, Vol. 1, No. 1, Article . Publication date: April 2023.



Data-centric Artificial Intelligence: A Survey 23

5.2 DataQuality Assurance
To ensure a reliable data supply, it is essential to maintain data quality. We will discuss why quality

assurance is necessary, the key tasks involved in maintaining data quality (quality assessment and

improvement), and the challenges.

5.2.1 Need for Data Quality Assurance. In real-world scenarios, data and the corresponding in-

frastructure for data processing are subject to frequent and continuous updates. As a result, it

is important not only to create high-quality training or inference data once but also to maintain

their excellence in a dynamic environment. Ensuring data quality in such a dynamic environment

involves two aspects. Firstly, continuous monitoring of data quality is necessary. Real-world data in

practical applications can be complex, and it may contain various anomalous data points that do not

align with our intended outcomes. As a result, it is crucial to establish quantitative measurements

that can evaluate data quality. Secondly, if a model is affected by low-quality data, it is important to

implement quality improvement strategies to enhance data quality, which will also lead to improved

model performance.

5.2.2 Quality Assessment. Quality assessment develops evaluationmetrics to measure the quality of

data and detect potential flaws and risks. Thesemetrics can be broadly categorized as either objective

or subjective assessments [18, 181, 195, 257]. Although objective and subjective assessments may

require different degrees of human participation, both of them are used in each paper we surveyed.

Thus, we tag each paper with more than one degree of human participation in Table 4. We will

discuss these two types of assessments in general and provide some representative examples of

each.

Objective assessments directly measure data quality using inherent data attributes that are

independent of specific applications. Examples of such metrics include accuracy, timeliness, con-

sistency, and completeness. Accuracy refers to the correctness of obtained data, i.e., whether the

obtained data values align with those stored in the database. Timeliness assesses whether the

data is up-to-date. Consistency refers to the violation of semantic rules defined over a set of data

items. Completeness measures the percentage of values that are not null. All of these metrics can

be collected directly from the data, requiring only minimal human participation to specify the

calculation formula.

Subjective assessments evaluate data quality from a human perspective, often specific to the

application and requiring external analysis from experts. Metrics like trustworthiness, understand-

ability, and accessibility are often assessed through user studies and questionnaires. Trustworthiness

measures the accuracy of information provided by the data source. Understandability measures

the ease with which users can comprehend collected data, while accessibility measures users’

ability to access the data. Although subjective assessments may not directly benefit model training,

they can facilitate easier collaboration within an organization and provide long-term benefits.

Collecting these metrics typically requires full human participation since they are often based on

questionnaires.

5.2.3 Quality Improvement. Quality improvement involves developing strategies to enhance the

quality of data at various stages of a data pipeline. Initially, programmatic automation methods are

used to enforce quality constraints, including integrity constraints [17], denial constraints [49], and

conditional functional dependencies [29] between columns. More recently, machine learning-based

automation approaches have been developed to improve data quality. For instance, in [19], a data

validation module trains a machine learning model on a training set with expected data schema and

generalizes it to identify potential problems in unseen scenarios. Furthermore, pipeline automation
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approaches have been developed to systematically curate data in multiple stages of the data pipeline,

such as data integration and data cleaning [204, 230].

Apart from automation, collaborative approaches have been developed to encourage expert

participation in data improvement. For example, in autonomous driving [81] and video content

reviewing [60], human annotations are continuously used to enhance the quality of training data

with the assistance of machine learning models. Moreover, UniProt [247], a public database for

protein sequence and function literature, has created a systematic submission system to harness col-

lective intelligence [44] for data improvement. This system automatically verifies meta-information,

updated versions, and research interests of the submitted literature. All of these methods neces-

sitate partial human participation, as humans must continuously provide information through

annotations or submissions.

5.2.4 Challenges. Ensuring data quality poses two main challenges. Firstly, selecting the most

suitable assessment metric is not a straightforward task and heavily relies on domain knowledge. A

single metric may not always be adequate in a constantly evolving environment. Secondly, quality

improvement is a vital yet laborious process that necessitates careful consideration. Although

automation is crucial in ensuring sustainable data quality, human involvementmay also be necessary

to ensure that the data quality meets human expectations. Therefore, data assessment metrics and

data improvement strategies must be thoughtfully designed.

5.3 Data Storage & Retrieval
Data storage and retrieval systems play an indispensable role in providing the necessary data to

build AI systems. To expedite the process of data acquisition, various efficient strategies have been

proposed. In the following discussion, we elaborate on the importance of efficient data storage

and retrieval, review some representative acceleration methods for resource allocation and query

acceleration, and discuss the challenges associated with them.

5.3.1 Need for Efficient Data Storage & Retrieval. As the amount of data being generated continues

to grow exponentially, having a robust and scalable data administration system that can efficiently

handle the large data volume and velocity is becoming increasingly critical to support the training

of AI models. This need encompasses two aspects. Firstly, data administration systems, such as

Hadoop [77] and Spark [266], often need to store and merge data from various sources, requiring

careful management of memory and computational resources. Secondly, it is crucial to design

querying strategies that enable fast data acquisition to ensure timely and accurate processing of

the data.

5.3.2 Resource Allocation. Resource allocation aims to estimate and balance the cost of operations

within a data administration system. Two key efficiency metrics in data administration systems are

throughput, which refers to how quickly new data can be collected, and latency, which measures

how quickly the system can respond to a request. To optimize these metrics, various parameter-

tuning techniques have been proposed, including controlling database configuration settings (e.g.,

buffer pool size) and runtime operations (e.g., percentage of CPU usage and multi-programming

level) [69]. Early tuning methods rely on rules that are based on intuition, experience, data domain

knowledge, and industry best practices from sources such as Apache [6] and Cloudera [152]. For

instance, Hadoop guidelines [252] suggest that the number of reduced tasks should be set to

approximately 0.95 or 1.75 times the number of reduced slots available in the cluster to ensure

system tolerance for re-executing failed or slow tasks.

Various learning-based strategies have been developed for resource allocation in data processing

systems. For instance, Starfish [100] proposes a profile-predict-optimize approach that generates
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job profiles with dataflow and cost statistics, which are then used to predict virtual job profiles for

task scheduling. More recently, machine learning approaches such as OtterTune [233] have been

developed to automatically select the most important parameters, map workloads, and recommend

parameters to improve latency and throughput. These learning-based automation strategies can

adaptively balance system resources without assuming any internal system information.

5.3.3 Query Acceleration. Another research direction is efficient data retrieval, which can be

achieved through efficient index selection and query rewriting strategies.

Query index selection. The objective of index selection is to minimize the number of disk accesses

needed during query processing. To achieve this, programmatic automation strategies create an

indexing scheme with indexable columns and record query execution costs [224]. Then, they apply

either a greedy algorithm [39] or dynamic programming [232] to select the indexing strategy.

To enable a more adaptive and flexible querying strategy, learning-based automation strategies

collect indexing data from human experts and train machine learning models to predict the proper

indexing strategies [179], or search for the optimal strategies using reinforcement learning [196].

Query rewriting. In parallel, query rewriting aims to reduce the workload by identifying repeated

sub-queries from input queries. Rule-based strategies [12, 40] rewrite queries with pre-defined

rules, such as DBridge [40], which constructs a dependency graph to model the data flow and

iteratively applies transformation rules. Learning-based approaches use supervised learning [96]

or reinforcement learning [294] to predict rewriting rules given an input query.

5.3.4 Challenges. Existing data storage and retrieval methods typically focus on optimizing specific

parts of the system, such as resource allocation and query acceleration we mentioned. However,

the real data administration system as a whole can be complex since it needs to process a vast

amount of data in various formats and structures, making end-to-end optimization a challenging

task. Additionally, apart from efficiency, data storage and retrieval require consideration of several

other crucial and challenging aspects, such as data access control and system maintenance.

6 DATA BENCHMARK
In the previous sections, we explored a diverse range of data-centric AI tasks throughout various

stages of the data lifecycle. Examining benchmarks is a promising approach for gaining insight into

the progress of research and development in these tasks, as benchmarks comprehensively evaluate

various methods based on standard and agreed-upon metrics. It is important to note that, within

the context of data-centric AI, we are specifically interested in data benchmarks rather than model

benchmarks, which should assess various techniques aimed at achieving data excellence. In this

section, we survey the existing benchmarks for different goals of data-centric AI. Firstly, we will

introduce the benchmark collection strategy, and subsequently, we will summarize and analyze the

collected benchmarks.

Collection strategy. We primarily utilize Google Scholar to search for benchmark papers. Specifi-

cally, we generate a series of queries for each task using relevant keywords for the sub-goal and task,

and supplement them with terms such as “benchmark”, “quantitative analysis”, and “quantitative

survey”. For example, the queries for the task “data cleaning” include “benchmark data cleaning”,

“benchmark data cleansing”, “quantitative analysis for data cleaning”, “quantitative survey for data

cleaning”, etc. It is worth noting that many of the queried benchmarks evaluate models rather than

data. Thus, we have carefully read each paper and manually filtered the papers to ensure that they

focus on the evaluation of data. We have also screened them based on the number of citations and

the reputation of the publication venues.

Summary of the collected benchmarks. Table 5 comprises the 36 benchmarks that we collected

using the above process, out of which 23 incorporate open-source codes. Notably, we did not
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Table 5. Data benchmarks. Note that they evaluate data rather than model.

Reference Sub-goal Task Domain Data modality Open-source

Training data development
Cohen et al. [54] Collection Dataset discovery Biomedical Tabular, text ✗
Poess et al. [182] Collection Data integration Database Tabular, time-series ✗
Pinkel et al. [180] Collection Data integration Database Tabular, graph ✗
Wang et al. [246] Labeling Semi-supervised learning AI Image, text, audio ✓
Yang et al. [259] Labeling Active learning AI Tabular, image, text ✗
Meduri et al. [156] Labeling Active learning Database Tabular, text ✗
Abdelaal et al. [1] Preparation Data cleaning Database Tabular, text, time-series ✓
Li et al. [139] Preparation Data cleaning Database Tabular, time-series ✓

Jäger et al. [106] Preparation Data cleaning AI Tabular, image ✗
Buckley et al. [35] Preparation Feature extraction Healthcare Tabular, image, time-series ✓
Vijayan et al. [235] Preparation Feature extraction Biomedical Tabular, sequential ✓
Bommert et al. [31] Reduction Feature selection Biomedical Tabular, sequential ✓
Espadoto et al. [70] Reduction Dimensionality reduction Computer graphics Tabular, image, audio ✓

Grochowski et al. [89] Reduction Instance selection Computer graphics Tabular, image, audio ✓
Blachnik et al. [25] Reduction Instance selection Computer graphics Tabular, image, audio ✓
Iwana et al. [105] Augmentation All sub-goals AI Time-series ✓
Nanni et al. [166] Augmentation Basic manipulation AI Image ✓
Yoo et al. [261] Augmentation Basic manipulation AI Image ✓
Ding et al. [64] Augmentation Augmentation data synthesis AI Graph ✗
Tao et al. [228] Augmentation Augmentation data synthesis Computer security Tabular ✗
Zoller et al. [297] - Pipeline search AI Tabular, image, audio, time-series ✓
Gijsbers et al. [85] - Pipeline search AI Tabular, image, audio, time-series ✓

Evaluation data development
Srivastava et al. [220] In-distribution Evaluation data synthesis AI Text ✓
Pawelczyk et al. [178] In-distribution Algorithmic recourse AI Tabular ✓

Dong et al. [67] Out-of-distribution Adversarial samples AI Image ✓
Hendrycks et al. [99] Out-of-distribution Adversarial samples AI Image ✓

Yoo et al. [262] Out-of-distribution Adversarial samples AI Text ✓
Data maintenance

Kanthara et al. [119] Understanding Visual summarization AI Tabular, text ✓
Grinstein et al. [88] Understanding Visual summarization Human-computer interaction Tabular, image ✓
Zeng et al. [268] Understanding Visualization recommendation Human-computer Interaction Tabular ✗
Jia et al. [110] Understanding Data valuation AI Image ✓
Batini et al. [18] Quality assurance Quality assessment Database Tabular ✗
Arocena et al. [8] Quality assurance Quality improvement Database Tabular ✗
Zhang et al. [286] Storage & retrieval Resource allocation Database Tabular ✓
Marcus et al. [153] Storage & retrieval Query index selection Database Tabular ✗

Unified benchmark
Mazumder et al. [155] Multiple 6 distinct tasks AI Multiple ✗

encounter a benchmark for the task of “generating distribution shift samples”, although there are

benchmarks available for detecting distribution-shifted samples [125]. We omitted it from the table

since it mainly assesses model performance on distribution shift rather than discussing how to

create distribution-shifted data that can expose model weaknesses.

Meta-analysis. We give a bird-eye view of existing data-centric AI research across various

dimensions by analyzing these collected benchmarks. ❶ Although the AI community has made

the most significant contributions to these benchmarks (17), numerous other domains have also

made substantial contributions, including databases (9), computer graphics (3), human-computer

interaction (2), biomedical (3), computer security (1), and healthcare (1). Notably, healthcare and

biomedical are outside the realm of computer science. An established benchmark in a domain often

implies that there is a collection of published works. Therefore, data-centric AI is an interdisciplinary

effort that spans various domains within and outside of computer science. ❷ The most frequently

benchmarked data modality is tabular data (25), followed by image (15), time-series (7), text (6),

audio (6), and graph (2). We conjecture that this is because tabular and image data have been

extensively studied, while research on graph data is still emerging. ❸ Training data development

has received more attention, if we measure it based on the number of benchmarks (22), compared

to evaluation data development (5) and data maintenance (8). We hypothesize that this is due to the

fact that many of the tasks involved in training data development were considered as preprocessing

steps in the model-centric paradigm.
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7 DISCUSSION AND FUTURE DIRECTION
What is the current stage of data-centric AI research, and what are the potential future directions?

This section provides a top-level discussion of data-centric AI and presents some of the open

problems that we have identified, aiming to motivate future exploration in this field. We start by

trying to answer the research questions posed at the beginning:

• RQ1: What are the necessary tasks to make AI data-centric? Data-centric AI encompasses a

range of tasks that involve developing training data, inference data, and maintaining data.

These tasks include but are not limited to 1) cleaning, labeling, preparing, reducing, and

augmenting the training data, 2) generating in-distribution and out-of-distribution data for

evaluation, or tuning prompts to achieve desired outcomes, and 3) constructing efficient

infrastructures for understanding, organizing, and debugging data.

• RQ2: Why is automation significant for developing and maintaining data? Given the availability
of an increasing amount of data at an unprecedented rate, it is imperative to develop automated

algorithms to streamline the process of data development and maintenance. Based on the

papers surveyed in Tables 2, 3, and 4, automated algorithms have been developed for all

sub-goals. These automation algorithms span different automation levels, from programmatic

automation to learning-based automation, to pipeline automation.

• RQ3: In which cases and why is human participation essential in data-centric AI? Human

participation is necessary for many data-centric AI tasks, such as the majority of data labeling

tasks (Table 2) and several tasks in inference data development (Table 3). Notably, different

methods may require varying degrees of human participation, ranging from full involvement

to providing minimal inputs. Human participation is crucial in many scenarios because it is

often the only way to ensure that the behavior of AI systems aligns with human intentions.

• RQ4: What is the current progress of data-centric AI? Although data-centric AI is a relatively

new concept, considerable progress has already been made in many relevant tasks, the major-

ity of which were viewed as preprocessing steps in the model-centric paradigm. Meanwhile,

many new tasks have recently emerged, and research on them is still ongoing. In Section 6,

our meta-analysis on benchmark papers reveals that progress has been made across different

domains, with the majority of the benchmarks coming from the AI domain. Among the

three general data-centric AI goals, training data development has received relatively more

research attention. For data modality, tabular and image data have been the primary focus.

As research papers on data-centric AI are growing exponentially [269], we could witness

even more progress in this field in the future.

By attempting to address these questions, our survey delves into a variety of tasks and their needs

and challenges, yielding a more concrete picture of the scope and progress of data-centric AI.

However, although we have endeavored to broadly and comprehensively cover various tasks and

techniques, it is impossible to include every aspect of data-centric AI. In the following, we connect

data-centric AI with two other popular research topics in AI:

• Foundation models. A foundation model is a large model that is trained on massive amounts of

unlabeled data and can be adapted to various tasks, such as large language models [34, 172],

and Stable Diffusion [194]. As models become sufficiently powerful, it becomes feasible

to perform many data-centric AI tasks with models, such as data labeling [172], and data

augmentation [263]. Consequently, the recent trend of foundation models has the potential to

fundamentally alter our understanding of data. Unlike the conventional approach of storing

raw data values in datasets, the model itself can be a form of data (or a “container” of raw data)

since the model can convey information (see the definition of data in Section 2.1). Foundation
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models blur the boundary between data and model, but their training still heavily relies on

large and high-quality datasets.

• Reinforcement learning. Reinforcement learning is a research field that trains intelligent

agents to optimize rewards without any initial data [131, 164, 270–272, 275, 276, 279, 281].

It is a unique learning paradigm that alternates between generating data with the model

and training the model with self-generated data. Like foundation models, the advancement

of reinforcement learning could also possibly blur the boundary between data and model.

Furthermore, reinforcement learning has already been widely adopted in several data-centric

AI sub-goals, such as data labeling [48, 66, 274], data preparation [122], data reduction [148],

and data augmentation [56, 273]. The reason could be attributed to its goal-oriented nature,

which is well-suited for automation.

Upon examining the connections to these two rapidly evolving research fields, we hypothesize

that data-centric AI and model-centric AI could become even more intertwined in the development

of AI systems. Looking forward, we present some potential future directions we have identified in

data-centric AI:

• Cross-task automation. While there has been significant progress in automating various

individual data-centric AI tasks, joint automation across multiple tasks remains largely

unexplored. Although pipeline search methods [76, 97, 132, 280] have emerged, they are

limited only to training data development. From a broad data-centric AI perspective, it would

be desirable to have a unified framework for jointly automating tasks aimed at different goals,

ranging from training data development to inference data development and data maintenance.

• Data-model co-design.Although data-centric AI advocates for shifting the focus to data, it does
not necessarily imply that the model has to remain unchanged. The optimal data strategies

may differ when using different models, and vice versa. Furthermore, as discussed above,

the boundary between data and model could potentially become increasingly blurred with

the advancement of foundation models and reinforcement learning. Consequently, future

progress in AI could arise from co-designing data and models, and the co-evolution of data

and models could pave the way toward more powerful AI systems.

• Debiasing data. In many high-stakes applications, AI systems have recently been found

to exhibit discriminatory behavior towards certain groups of people, sparking significant

concerns about fairness [50, 65, 112, 113, 157, 240]. These biases often originate from im-

balanced distributions of sensitive variables in the data. From a data-centric perspective,

more research efforts are needed to debias data, including but limited to mitigating biases in

training data, systematic methodologies to construct evaluation data to expose unfairness

issues of unfairness, and continuously maintaining fair data in a dynamic environment.

• Tackling data in various modalities. Based on the benchmark analysis presented in Section 6,

most research efforts have been directed toward tabular and image data. However, other data

modalities that are comparably important but less studied in data-centric AI pose significant

challenges. For instance, time-series data [92, 141, 277] exhibit complex temporal correlations,

while graph data [134, 147, 226, 290–293] has intricate data dependencies. Therefore, more

research on how to engineer data for these modalities is required. Furthermore, developing

data-centric AI solutions that can simultaneously address multiple data modalities is an

intriguing avenue for future exploration.

• Data benchmarks development. The advancement of model-centric AI has been facilitated by

benchmarks in advancing model designs. Whereas data-centric AI requires more attention to

benchmarking. As discussed in Section 6, existing benchmarks for data-centric AI typically

only focus on specific tasks. Constructing a unified benchmark to evaluate overall data quality
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and various data-centric AI techniques comprehensively presents a significant challenge.

Although DataPerf [155] has made notable progress towards this objective, it currently

supports only a limited number of tasks. The development of more unified data benchmarks

would greatly accelerate research progress in this area.

8 CONCLUSION
This survey focuses on data-centric AI, an emerging and important research field in AI.Wemotivated

the need for data-centric AI by showing how carefully designing and maintaining data can make

AI solutions more desirable across academia and industry. Next, we provided a background of

data-centric AI, which includes its definition and a goal-driven taxonomy. Then, guided by the

research questions posed, we reviewed various data-centric AI techniques for different purposes

from the perspectives of automation and collaboration. Furthermore, we collected data benchmarks

from different domains and analyzed them at a meta-level. Lastly, we discussed data-centric AI

from a global view and shared our perspectives on the blurred boundaries between data and model.

We also presented potential future directions for this field. To conclude in one line, we believe that

data will play an increasingly important role in building AI systems. At the same time, there are

still numerous challenges that need to be addressed. We hope our survey could inspire collaborative

initiatives in our community to push forward this field.
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