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Machine learning models are only as good as their training data. Simple models trained on well-chosen
features extracted from the raw data often outperform complex models trained directly on the raw data. Data
preparation pipelines, which clean and derive features from the data, are therefore important for machine
learning applications. However, constructing such pipelines is a resource-intensive process that involves deep
human expertise.

Our goal is to design an efficient framework for automatically finding high-quality data preparation
pipelines. The main challenge is how to explore a large search space of pipeline components with the objective
of computing features that maximize the performance of the downstream models. Existing solutions are
limited in terms of feature quality, which results in low accuracies of the downstream models, while incurring
significant runtime overhead. We present CtxPipe, a novel framework that addresses the limitations of previous
works by leveraging contextual information to improve the pipeline construction process. Specifically, it uses
pre-trained embedding models to capture the data semantics, which are then used to guide the selection
of pipeline components. We implement CtxPipe with deep reinforcement learning and evaluate it against
state-of-the-art automated pipeline construction solutions. Our comprehensive experiments demonstrate that
CtxPipe outperforms all of the baselines in both model performance and runtime cost.
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1 Introduction

The quality of input data determines the quality of Machine Learning (ML) models. For machine
learning applications involving relational data, simple tree-based models trained with well-selected
features derived from the raw data often have comparable, if not better model performance than
that of state-of-the-art deep learning models trained directly on the raw data [19, 20, 40, 48]. The
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Fig. 1. Constructing a data preparation pipeline to maximize the performance of the generated data features.

tree-based models are not only more efficient to train but also have better interpretability [39, 46].
Extracting high-quality features from raw data requires a data preparation pipeline, which comprises
multiple components that clean and transform raw data into features [1, 33]. These components
either come from the ML frameworks, or are defined by the user.

The process of building a data preparation pipeline that generates high-quality features, or data
preparation pipeline construction, is illustrated in Figure 1. It is performed by a data scientist, taking
as input the raw dataset, an ML model, and its corresponding metric for evaluation. For supervised
learning, the data labels are also provided. The process is manual and iterative. At each iteration,
the scientist constructs a pipeline, executes it to derive a set of features, trains the model, and
observes the model performance. The final output is the pipeline that achieves the best model
performance.

Our goal is to design an efficient framework for automatically finding high-quality data prepara-
tion pipelines, that is, for automated data preparation pipeline construction. The main challenge is
how to efficiently explore a large search space of pipeline components. In particular, the search space
of possible component combinations grows exponentially with the number of possible components
for different cleaning and transformation tasks [49]. Furthermore, the time cost of evaluating the
pipelines is significant, because for each pipeline this cost includes the execution of the pipeline,
as well as the model training and testing. With distribution shifts [32, 39, 47] requiring periodic
pipeline rebuilding, this overhead accumulates and becomes significant over time.

Existing works on automated pipeline construction fall short of achieving our goal [8, 16, 21, 24,
26, 28-30, 33, 42, 46, 49, 54, 60]. Different techniques, e.g., genetic programming [42, 49], Bayesian
optimization [16, 46, 54], reinforcement learning [8, 11, 21, 46], and differential formulation [24,
33, 60] are used to select and permute pipeline components. However, the search space still grows
exponentially, resulting in significant runtime overhead. One reason for the large search space is
that these works only use table schema and other statistical information to guide the exploration.

Our insight is that we can leverage contextual information to significantly reduce the search
space. Intuitively, by capturing the domain expertise that data scientists use during the manual
construction of data preparation pipelines, we can perform a more guided, efficient search. Such
domain knowledge from the data, or the contextual information, can be derived from multiple
sources (Figure 2). For example, the domain of the datasets (such as healthcare, finance, e-commerce,
etc.) can be inferred from the column names and concrete string values in the table. The relationship
across columns can be derived from columns with similar names. The high-level semantics of
statistical information can also be derived from the type and range of numerical values in the
columns. These column semantics, if captured automatically, could enable a more fine-grained
separation of dataset scenarios to the pipeline construction solution, thereby improving its predictive
performance.
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Fig. 2. Examples of contextual information.

We present CtxPipe!, an efficient framework for automated data preparation pipeline construction.
It addresses the limitations of previous works by leveraging contextual information from the data
to improve the pipeline search. More specifically, CtxPipe employs state-of-the-art pre-trained
embedding models to capture the semantics of raw and transformed data, then uses them to
dynamically manipulate the training and inference of a pipeline construction model via a gated
context plug-in module. CtxPipe can identify the pipeline that produces high-quality features,
because pipeline search is guided within a specific context. In contrast, previous works use only
table statistics to guide the search, which means that two tables with similar statistics but different
semantics may produce similar pipelines and the corresponding features. CtxPipe implements the
context plug-in based on deep reinforcement learning [11, 21]. It further improves the module
robustness by introducing an optimized agent optimization algorithm called Open-Closed-Gated
(OCG) experience replay that performs controlled backpropagations under marginal plug-in setups.

The most similar system of CtxPipe is HAIPipe [11], which leverages pre-built pipelines to
complement the automatically generated pipelines. However, such pre-built pipelines are created
manually, making the entire process less automated. In contrast, our system integrates external
knowledge while enabling a fully automated pipeline construction workflow. To the best of our
knowledge, we are the first to design and implement a fully automated, context-aware solution for
data preparation pipeline construction.

In summary, we make the following contributions:

e We present CtxPipe, a novel and efficient framework for automated data preparation pipeline
construction. It makes use of embedding models to automatically extract context into vectors,
which are then integrated into the pipeline construction algorithm via a gated context plug-in
module.

e We propose an agent optimization strategy called Open-Closed-Gated (OCG) experience replay
that performs effective and stable joint optimization on the main deep reinforcement learning
network and the context plug-in.

e We compare CtxPipe against state-of-the-art solutions in terms of the quality of transformed
data on 18 commonly used datasets. Our extensive experimental results show that CtxPipe
outperforms the baselines in all evaluation metrics, and achieves up to 170.99x speedup in
pipeline construction compared to the second-best baseline.

The remainder of the paper is structured as follows. Section 2 reviews the related work. Section
3 presents the preliminaries and the problem definition. Section 4 overviews CtxPipe, focusing
on its pipeline construction agent. Section 5 discusses the context plug-in in detail, including its
context integration mechanism and agent optimization. Section 6 discusses the implementation,
followed by the evaluation results in Section 7. Section 8 concludes the paper.

IThe source code of CtxPipe is available at: https://github.com/ctxpipe.
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Table 1. Systems for automated data preparation pipeline construction (A: Automated, FS: Flexible Structure,
El: Efficient Inference, C: Context-aware).

System Optimization Method A FS EI C
WindTunnel [60] Operator to Neural Network N

DiffML [24] Mixtures v

DiffPrep [33] Parameterization + Differential Relaxation v v
Auto-WEKA [54] Bayesian Optimization N

Auto-Sklearn [16] Bayesian Optimization v

TPOT [42] Genetic Programming v v

Alpine Meadow [46] Multi-Armed Bandit + Bayesian Optimization v v
Learn2Clean [8] Deep Reinforcement Learning v vV
DeepLine [21] Deep Reinforcement Learning + Hierarchical Step for Action v v/
HATIPipe [11] Deep Reinforcement Learning + Human-Al Pipeline Combination v v/
SAGA [49] Genetic Programming + Pruning by Monotonicity v vV
CtxPipe Deep Reinforcement Learning + Data Context Integration v v v/

2 Related Work
2.1 Data Preparation Pipeline Construction

Automating data preparation pipeline construction is a type of Automated Machine Learning
(AutoML) application. It is more challenging than other AutoML applications, such as hyperparam-
eter tuning and neural architecture search, because the number of possible choices for pipeline
components and their combinations results in vast search spaces [12, 32]. We summarize the related
works in Table 1. We categorize them into two main approaches: discrete construction and differential
pipeline.

Discrete Construction. This approach assembles components into pipelines through a discrete
and iterative process. This process is optimized using different techniques, including genetic pro-
gramming [42, 49], Bayesian optimization [16, 54], pruned tree search [30, 37], boosting [28],
prediction uncertainty reduction [26], Reinforcement Learning (RL) [8, 11, 21], and some com-
bination thereof [46]. These techniques leverage experience from automatic trials or pre-built
human-written pipelines [11] to guide the search for high-quality pipelines. Our work automati-
cally extracts context from data, thereby eliminating the need for pre-build pipelines, which makes
the pipeline construction process more automated.

Differential Pipeline. This approach models the data preparation pipeline construction as a jointly
optimized problem of the combination of components and their parameters. The key idea is to make
the test performance differentiable with respect to the pipeline structure so that the pipeline can be
optimized via gradient descent. WindTunnel [60] transforms non-differentiable components into
neural networks to enable end-to-end joint optimizations. DifftML [24] connects components using
weighted sums, resulting in mixtures of pipelines. DiffPrep [33] proposes changes to the problem
definition to allow parameterized and optimized component selections with differential relaxations.
Although this can find better pipelines than discrete construction, it is slow to converge, as each
step requires executing model training and evaluation on the entire dataset. Our work achieves the
same pipeline quality as this approach, with a similar efficiency of discrete construction.

2.2 Profiling and Learning

Data Profiling. Pipeline components can be learned using features extracted from the dataset.
Data profiling [2, 3] is an active research area focusing on extracting structural properties and
relations within a dataset [38, 57]. It targets both specific [22, 27, 43, 44, 51] and generalized
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Table 2. Notations.

Symbol Description

T ={t;}  The set of candidate data preparation component types
7 ={fj}  The set of candidate data preparation components
tcF The set of data preparation components that have type ¢
E The data flow between components/types

O ={T,E} Alogical data preparation pipeline (in DAG)

G ={F,E} A physical data preparation pipeline (in DAG)

s The state of the pipeline construction agent
p.pe The statistical, pipeline and contextual features
0y The parameters of a learnable computation g

The main DQN network (without context plug-in)
Q) The k-th layer of main DQN network’s MLP
10) The evaluation metric

properties [9, 15, 36] of the dataset. Existing data profiling techniques can be leveraged for better
decisions on transforming the dataset, which is similar to finding and applying data preparation
pipelines. In particular, assuming the availability of the data profiles, data transformations can be
suggested for fixing the target dataset given contrasting scenarios [17].

Our problem is orthogonal to data profiling, as it focuses on generating components without prior

knowledge of quality. We use the agent to perform automatic profiling learned from experience
via RL techniques, and leverage contextual information to tune the agent’s action. We note that
profiling hypotheses could serve as valuable prior knowledge for a fine-grained selection of specific
columns and their combinations.
Deep Learning for Tabular Data. The ML models in Figure 1 can be replaced by deep learning mod-
els that perform the desired task directly using the raw data. Such models can be Transformer-based
neural networks pre-trained with masked language tokens [23, 52, 59] or table entities [4, 13, 25],
which are then fine-tuned for downstream tasks, such as entity resolution, question answering,
text-to-SQL, entity population, etc. Our work focuses on data preparation pipelines, which prepro-
cess data to derive high-quality features for training simple, yet highly accurate and interpretable
models.

3 Preliminary

In this section, we introduce the preliminaries of automated data preparation pipeline generation
and outline the problem formulation. Table 2 summarizes frequently used notations in this paper.

3.1 Constructing Data Preparation Pipeline

Data Preparation Components. We adopt the definition of data preparation components, i.e.,
primitives, from various studies on data preparation and analytics pipelines [11, 33, 39]. Specifically,
a component f € ¥ encapsulates a data transformation process and exposes the same interface
that can be applied to a dataset X, i.e., X’ = fp(X), where 0 denotes the parameters of f. Each
component corresponds to a type t € 7, where 7™ is the set of component types. For each type t, the
corresponding component set t = {fi, f2, ...} represents those sharing a transformation purpose, for
instance, the feature scalersMin Max Scaler andMax Absolute Scaler are defined as components
typed feature preprocessing.

Without loss of generality, we use fixed sets of candidate # and 7 in this paper to illustrate the
framework design of CtxPipe.
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Fig. 3. Logical and physical pipelines.

Data Preparation Pipelines. A data preparation pipeline connects a series of components via data
flows to support iterative transformations of a specific dataset X. The output of one component can
become the input of another. Components are executed sequentially, transforming the data from
the original form to the final output. A pipeline can be linear, where components have at most one
input and one output, or non-linear, where components with multiple inputs or outputs form a
directed acyclic graph (DAG).

Logical and Physical Pipelines. To reduce the number of manual trials in pipeline construction,
data scientists typically adopt a two-stage optimization strategy [33, 45, 46]. In the first stage, a
logical pipeline O is created by fixing the pipeline structure with the component types and their
order. We make the assumption, similar to existing works [18, 33], that components in O have
unique types. Formally, a logical pipeline is defined as O = {T, E}, where T = {t1, t,, ...} denotes
the involved component types in the pipeline, and E = {(#;,t;) | t;,t; € T} denotes the data flow
between components. The component type uniqueness requires that Vt;,t; € T,t; # t;. In the
second stage, each component type t is instantiated to a specific component f € t, forming the
physical pipeline G for O, ie., G = {F,E}, where F = {f; | fi € t;} and E = {(fo, fu) | f € ti, fn € 1}
Figure 3 shows examples of logical and physical pipelines, where the components fi1, f32 and fa;
are selected from the component sets t; to ts.

Unique component types. The assumption of unique component types in a logical pipeline is
made to simplify the formulation. This is reasonable since existing work suggests that multiple
components of the same type are rare in practice, and that they contribute little to the overall
pipeline quality [33, 45, 46]. Furthermore, we can relax this assumption by adding i new types with
duplicated available components to support i + 1 repeated component types [33].

3.2 Problem Formulation

Given a raw dataset X € X, a specific ML model M € M, and an evaluation metric ¢ € P,
the objective of the automated data preparation pipeline construction problem is to optimize an
algorithm A : X x M x ® — G x ©9Y that outputs (1) a physical pipeline G = {F,E}, and (2) a
set of component parameters {0¢|f € F}. The output satisfies that executing G on X, i.e., G(X),
yields data features that maximize the evaluation performance under metric ¢. More specifically,
the input dataset can be split into a tuple of training and test data, i.e., X = (Xsyqin, Xtest), where
in unsupervised learning Xy, 4in = @. Given Mp(X) representing inference performed on X with
the model M parameterized by weights 0, the algorithm A finds the pipeline structure G* and
corresponding weights 68* such that

G*, 0" = arg max ¢ (Mo (G (Xtest)))-
G0
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Fig. 4. Architecture of CtxPipe framework.

Typically, in supervised learning tasks, the requirement of model weights in this optimization
objective is relaxed to a greedy weight setup, formulated as follows:

G* = argmax ¢ (Mp-(G(Xtest))),
G

st. 0" = arg max ¢(Mp(G(Xirain)))-
0

The optimization derives the best pipeline G* by considering the logical pipeline O, the components
F that fit O, and the data flow E between F.

To simplify the discussion of the design choices, in this paper, we focus on (1) supervised learning
tasks for the ML model, and (2) linear pipelines for the construction. Linear pipelines are defined
such that, given a physical pipeline G = {F, E}, each component has at most one input and one

output data flow:
VfeF [(Z(a,b)eE,a:f 1) < 1] A [(Z(a,b)eE,b:f 1) < 1] ’

We note that all pipeline-related features in our design are represented in a high-level abstraction
and thus can be seamlessly generalized to the DAG data structure.

Pipeline Evaluation and Optimization. The process of evaluating and optimizing a learned
pipeline construction algorithm is similar to how data scientists use their knowledge and feedback
from evaluation results to iteratively test data preparation pipelines, as discussed in Section 1.
The steps are as follows: First, initial pipeline generation: given the raw dataset X, the algorithm
generates a data preparation pipeline G based on its existing knowledge. Second, pipeline execution:
G is executed on X to obtain the cleaned and transformed data features G(X). Third, model training
and testing: G is evaluated by splitting the X into the training set X;,4i, and test set X;s;, and then
the model M is trained and tested to evaluate the performance of the pipeline. Finally, feedback
and refinement: based on the evaluation results, the pipeline construction algorithm is refined and
updated. This process of execution, evaluation, and refinement is typically iterated until the desired
level of performance is achieved.

4 CtxPipe

In this section, we describe the high-level framework of CtxPipe, focusing on the selection process of
data preparation pipeline construction. We also introduce how contextual information is seamlessly
integrated to guide the selection and ordering of components.

4.1 Framework

Figure 4 illustrates the overview of the CtxPipe framework, which consists of four major modules:
the Statistical Feature Extractor and Context Embedder, the Pipeline Construction Agent, the
Component Executor, and the Storage Layer. Specifically, the statistical feature extractor and context
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Fig. 5. Architecture of the main DQN network with the statistical and pipeline features as input.

embedder extract statistical and contextual information respectively from the input. The pipeline
construction agent iteratively selects new components for the pipeline. The component executor
receives and executes the selected component on the current transformed dataset. The storage layer
handles the storage requirements for other modules and intermediate results.

Workflow. To initiate and execute the data preparation pipeline, users first prepare the raw dataset
for either a supervised or unsupervised task, along with other optional inputs, and then submit a
pipeline generation request through the programming interface. Upon receiving the request, the
system iteratively processes the parsed input through a core loop of the following steps:

(1) Statistical feature extraction and context embedding: the dataset X; (where i denotes the
pipeline construction step) is processed by the statistical feature extractor to compute nec-
essary statistical features, and the context embedder to generate embeddings for contextual
information.

(2) Pipeline construction: the generated statistical features g; and context embeddings e; serve as
input to the pipeline construction agent, which determines the logical pipeline O or the next
component f; in the physical pipeline G.

(3) Component execution: The component f; newly added to the physical pipeline is then executed
on the current dataset by the component executor, which produces a new dataset X1 = f;(X;)
that is recorded in the history.

(4) Iterative update: steps 1-3 are repeated for Xj4; to iteratively update the dataset until all
components are finalized for the physical pipeline.

(5) Output and reporting: the final cleaned dataset X* and the pipeline G used to produce X* are
returned to the user. Additionally, a pipeline construction report of the structure and the data
transformation process is provided for further analysis.

CtxPipe employs deep reinforcement learning, specifically the Deep Q-Network (DQN), to
build the pipeline construction agent. This allows the algorithm to easily extract and integrate
contextual information by fusing neural network architectures. Moreover, it is enhanced by the
context integration mechanism via a novel context plug-in, which will be elaborated on in the
following sections. Notably, the logical and physical pipeline basically follow the same selection
and integration process. Hence, for simplicity, in the following sections, we mainly introduce the
context integration mechanism for selecting physical components.
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4.2 Pipeline Construction Agent

The Reinforcement Learning (RL) agent takes as input the current state s and relies on its learned
state-action function Q(s, f; 0) to select the component f that maximizes the estimated reward. The
RL policy 7 is used to identify the action of selecting the component f* that maximizes the Q-value,
ie., f* = arg max r Q(s, f; 0). The Q-values are computed using the Bellman equation, which evalu-
ates the expected sum of discounted multi-step rewards: Q(s, f;0) = Ez, [r+y maxp Q;(s', f')[s, f1.
where r is the reward of selecting f for the current step, and y € (0, 1] is the discount factor.

For deep RL, the agent employs a neural network to model Q(s, f;0) We refer to this as the
main DQN network. The network takes statistical features @ and pipeline features p of the current
dataset X; as input, and processes them via a series of embedding layers. The output vectors are
then concatenated and passed to a multi-layer perceptron (MLP) to produce the Q-values. Figure 5
illustrates the architecture of the main DQN network. We adopt the same architecture as that in
existing works using deep RL to construct pipelines [11], in order to isolate the effect of the context
integration mechanism.

Statistical Features. For each intermediate dataset Xj, its statistical features g; consists of column-
wise features, ie., ; = [1/;51) (pgz) ¢§N)], where l[);k) corresponds to features of the k-th column,
and N is the maximal number of column features that g; are truncated or padded to, which ensures

a uniform statistical feature size across tasks. The column features l/}gk) comprises a list of feature
values representing critical information that can be exploited for determining components, e.g.,
column types, the ratio of missing values, the number of unique values, etc. Particularly, for numeral
columns, additional statistics such as mean, standard deviation, and median can also be calculated
as statistical features.

Notably, many numerical features of g, span a real number range R, and direct normalizing
these features without considering the distribution could lead to precision issues, such as outlier
values diminishing the distinction between other values. To address this issue, we instead represent
each numerical feature ¢ as (frac(¢), exp(¢)), a combination of its fraction frac(y) and exponent
exp(1)), where ¢ = frac(1/) x 2°P()_ This representation preserves the scaling of numerical features,
enables the learning model to adapt its focus based on the magnitude of the values, and effectively
stabilizes the training process.

Pipeline Features. The pipeline features p; for the dataset X; contains information related to the
current state of the constructed pipeline. Specifically, this includes the selected logical pipeline
structure O, a specific ML model M to evaluate the pipeline for the reward, and the component
selection history up to f;—;. These categorical features are processed via dedicated embedding
layers Uo, Uy, and Uy, respectively. Particularly, the embedded component selection history
[Ur(f1), Ur(f2), ..., Ur(fz)] are processed by an LSTM model, whose outputs are then concatenated
with embeddings Uy (M) and Up(O) of M and O respectively to constitute the pipeline feature
p;- The statistical features y; and the pipeline feature p; are then fed into the MLP to produce
Q-values.

Learning the Global Policy. In the training phase, a global policy is learned iteratively as follows:
(1) the RL agent randomly samples a dataset from a large pool of training datasets and exploits
its current statistical and pipeline features to generate a pipeline for this dataset. (2) The pipeline
is evaluated by executing it on the dataset. (3) The pipeline performance is used as the reward to
optimize the agent to generate better-performing pipelines on datasets. As the datasets are from
different domains, with diverse characteristics and distributions, the learned global policy can
generalize across datasets with different semantics and characteristics.

Proc. ACM Manag. Data, Vol. 2, No. 6 (SIGMOD), Article 231. Publication date: December 2024.



231:10 Haotian Gao et al.

Context Plug-in |  “-=---22---r.toTo

Data Passengerld,PcIass,Name,Age,...
—»{(CSV) 1,3,"Braund,Mr. Owen Harris",22,...
2,1,"Cumings,Mrs. John Bradley
Xi (Florence Briggs Thayer)",38,...

[GH]

Text Embedding
Model

Embedar
mbedding
—*ooooo

2 Context Gate

Lol PN \ Matrix [£.1C.2 o

) \Integrator / T .g
]

Context

Integrated Context Gate

Component Executor 7 Al
ction
Pclass,Age,Gender,... Executor | ]
—4?135%2@;, H Process {{ = f;
Xit1 Iteration

APBP C PLFlf ;11—

Fig. 6. Design of context plug-in and its interaction with the main DQN network. Feature layers contain
embedding models and the LSTM for component embeddings in Figure 5.

5 Context Plug-in

In conventional automated pipeline construction processes [11, 21, 46], the selection of pipeline
structures and components is typically based solely on the statistical features of the dataset. However,
this approach can be significantly enhanced by integrating semantics and contextual information of
the dataset, which are critical to the decision-making process of the agent by providing information
beyond the statistical features.

To support such integration, we develop a context plug-in that operates alongside the main DQN
network. This plug-in interacts with the main network at specific layers of DQN activations.
By functioning independently from DQN, the context plug-in enhances the adaptability and
applicability of our framework.

5.1 Overview

The architecture of the context plug-in to be integrated into the agent is illustrated in Figure 6.
This integration takes a five-step iterative process: (1) the data table of the dataset is converted into
the textual format and processed by a text embedding model to generate a context embedding e. (2)
The context embedding is then transformed by an integrator model C to produce the integrated
context C(e) that aligns its dimensionality with the output of DQN. (3) The transformed integrated
context C(e) is further manipulated by a learned context gating module to filter out less contributive
contextual information. (4) Next, this gated context is fused with the DQN output using a scaled
integration technique to produce the final Q-values q. (5) Finally, the action, which corresponds
to selecting a specific logical pipeline O or a physical component f, is determined based on q.
Particularly, for the selected physical component, f is then executed to transform the current
dataset.
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Algorithm 1: Action(): Select component with e-greedy and context plug-in.

Input: Q: Action-value function; s: Agent state; e: Context embedding; t = {fi, f2, ...}: Candidate
components of type t.

Output: f*: Selected component.

r~U(0,1)

2 if 7 < € then

‘ return randomly selected component

[

©w

4 else
5 Compute integrated context C(e) through integrator C

o | aeo(We|ce:0® (.02 QW (st + W)

7 Be—ao(Cle)-])+] // J is all-ones matrix
9 return f* = argmaxq¢

The context plug-in involves four key modules: the context embedding, the context integrator,
the learned context gate, and the scaled integration technique, which are introduced to enhance
the selection of the next component f. Algorithm 1 describes the Action function that computes
Q-values with the context plug-in to select a component f from all possible candidate components
of type t, which adopts the e-greedy policy for the component selection (Line 1-3) and replaces the
process of computing Q-values Q(s, t) with the context-integrated version (Line 4-9).

5.2 Context Plug-in Modules

Context Embedding. For effective context extraction and integration, we employ vector embed-
ding techniques. We consider two main techniques for transforming dataset contextual information
into vector embeddings. One is to use specialized table representation models to encode the entire
table into a vector, which is effective in capturing dedicated features of tabular data, such as rela-
tionships between cells. However, these models often underperform the latest text-based models in
comprehending and embedding context due to limited training on specialized datasets. The other
technique converts the data table into a formatted sequence of text, and then uses pre-trained text
embedding models to transform the data text into embedding vectors. This technique benefits from
extensive pre-training on diverse text corpora, and thus can provide rich semantic and context
embeddings. However, these embeddings may not be sensitive to the positional and structural
relationships among cells as they are not trained over table-specific tasks [14, 59].

Given these considerations, we find text-based embeddings more appropriate for our pipeline
construction context. The reason is that during component exploration, the semantics of schemas
and entities are more informative than their positions and cell relations. In particular, data tables
often undergo transformations, where columns are frequently added, removed, or mutated, making
cell values highly dynamic. However, for context comprehension, these actions do not fundamen-
tally change the semantics of the dataset. Text-based embedding models handle these dynamics
effectively, focusing on the underlying semantics without being confounded by the physical changes
to the table. In contrast, table representation models typically generate embeddings obtained from
predicting cell values rather than understanding these dataset semantics.

Due to the token limit of the text embedding model, we need to preprocess the dataset X; before
obtaining its context embeddings. First, we randomly sample rows from X;’s data table to allow
the embedding model to capture both the schema and the distribution of columns. Its number
is determined based on the token limit, the number of columns, and the value patterns of each
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column. Next, these sampled rows are compiled into a new table with the same schema as Xj,
which is then converted to the CSV format with the table header preserved. This format allows the
embedding model to comprehend the header and row values in a uniform and structured textual
input. The textual input is then truncated at L tokens defined by the model specification, and fed
into the embedding model, which can thus prioritize header information to ensure effective context
extraction.

Context Integrator. The output of the text embedding model, e, is then processed by a context
integrator model C to align the dimension of e to that of the DQN network output, i.e., |C(e)| = |t],
where t = {fi, f2, ...} is the set of candidate components of type ¢. The resulting C(e), namely the
integrated context, is used to manipulate the result of the main DQN network, after being filtered
by the context gating module introduced below.

Learned Context Gate. The context embeddings produced by the text embedding model may
sometimes misinterpret semantics or extract noisy contextual information. To address this issue,
we further introduce a component-wise gating module to obtain the gating factor «, specifically,
s X e X t — a, where s is the state vector of the agent, e is the context embedding vector, t is the
set of candidate components with type ¢, and & € [0, 1] tl The gating factor a will be used to
dynamically rescale the integrated context via the scaled integration technique, and this gating
module is learned end-to-end together with other modules.

Due to the training instability of reinforcement learning [41, 55], we introduce a lightweight
structure for computing gating factor a to prevent overfitting. Specifically, the gating module
extracts the following two key features as input: (1) the integrated context C(e) based on the
context embedding e, and (2) activations of the k-th layer of the main DQN’s MLP. Choosing a
smaller k allows the layer output to preserve key statistical information in a compact embedding.
Specifically, given Q%) representing the k-th transformation layer of the main DQN’s MLP,  is
computed by fusing the concatenated input features with a learned matrix, and normalizing the
output values to fit within the target value range:

@ =0 (We |Ce): 0% (.0 (@ (s.0)) |+ Wy). )

where (1) W, € RItIXUt+12®1D j5 3 learnable weight matrix, with |Q¥)| denoting the dimension
of Q'K activations, (2) W, € RIX! js a learnable bias matrix, and (3) o is the sigmoid function to
ensure « values bounded between 0 and 1.

Scaled Integration. The final integration of contextual information into DQN is conducted via
the scaled integration technique, where the integrated context C(e) will be rescaled by the gating
factor « to inject the contextual knowledge into the main DQN output Q(s, t) via f. The intuition
is to make the context vector a scaler of the original state-action function, which (1) makes the
integrated context more pertinent to the main DQN output, and (2) fine-tunes the output based on
contextual information. Specifically, for candidate components t = {fi, f3, ...} with type ¢, the final
Q-values q = {¢1, q2, ...} is produced by:

q=p0Q(s 1),
where o denotes Hadamard product, and g is the recalibrated scaling factor computed from o
and C(e) as below. In particular, to support the experience replay optimized for context plug-in
(introduced in Section 5.3), B is introduced to ensure the following properties for each a; € @ =
[a1az ... oqy] T
@ =0=q;=Q(s, f),
ai=1= qi =C(e)Q(s, fi)-
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Algorithm 2: Optimization for pipeline construction.

Input: &: Environment, ¢: Evaluation metric.

Output: Q: Action-value functions to select logical pipeline and components.
1 Initialize replay memory D
2 Initialize Qp with random weights 6

3 forte 7 do
4 L Initialize Q¢ with random weights 0t
5 Q « {Qo, Ot}
6 for episode «— 1to M do
7 Initialize & with a new dataset X
8 Get statistical feature g, and context embedding eg from X
9 O ={T,E} « Action(Qoq, ¥, €o)
10 for i, t; € enumerate(T) do
1 Get statistical feature ¢; and context embedding e; from X;
12 Get pipeline feature p; from O and G
13 si — [9;:pi]
14 fi « Action(Qy,si, ej, t;)
15 Xi+1,1i « &(X, fis¢) // New data and reward
16 Add fito G
17 Preprocess sj+1 from Xjy1, O and G
18 Store transition (s;, f;, ri, Si+1) in D
19 for Q € Q do
20 L LearnQ(Q, D, i = 1len(0))
21 Procedure LearnQ(Q, D, b):
22 Sample random minibatch of transitions {(sj, fj,r;,s;j+1)} from D
{rj b =true
23 yj = .
rj+ ymaXfQ(sJ-H,f; 0) otherwise
21 | Perform an Open-Closed-Gated gradient descent step on (y; — Q(sj, fj; 0))

In essence, for component set t, the gating factor & modulates how the contextual information
C(e) scales the original reward estimations Q(s, t). To achieve this, f is defined as follows:

B=ao(Cle)-])+],
where J = [11...1]7. This linear transformation ensures that  impartially modifies the gradient

flow with an even-handed influence across all component reward adjustments during backpropaga-
tion.

5.3 Agent Optimization

The design of DON with context plug-in supports end-to-end joint optimization of the main network
and the context integration mechanism. The detailed optimization of the agent with context plug-in
is described in Algorithm 2. The agent optimization generally follows the original DQN training and
inference process, using an off-policy strategy performing e-greedy actions across episodes [41].
Meanwhile, to fit the pipeline construction scenario, the process is enhanced with an optimized
experience replay strategy to stabilize the learning of the context plug-in.

In each episode, the agent performs a two-phase strategy, constructing the logical pipeline
first and the physical pipeline afterward. It first determines the logical pipeline O by feeding the
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Algorithm 3: Open-Closed-Gated gradient descent step.

Input: q: Target value, 1: Learning rate.
/* Open (O is all-zeros matrix) */
L1 « ||(Inference with gate valued O) - q||

[

2 Update 0p: 0p = 0p - nVooL1
/* Gated */
3 Ly « ||(Inference with gate valued B) - ||
4 Update W¢: W = We — L2(C(e) — J) TV,
s Update Wj,: Wy, = W}, — 1Ly (C(e) - J) ' Vw, @
¢ Update 0c: 0c = 0c — nLz ((C(e) — ])TVQC(Z + aTVgCC(e))
7 |Q| «— The number of layers in Q
s forl e [|Q,|0]-1,...k+1] do
9 L Update 9Q<1): QQ(I) = HQ(I) - UVGQ(I) Ly
10 forl e [k,k—1,..,1] do
1 L Update GQ(z): 9Q(z) = QQ(I) —nLy ((C(e) - ])TVGQ(I) (x) + V9Q(1) Ly
/* Closed (J is all-ones matrix) */
12 L3 « ||(Inference with gate valued J) - q||
13 Update Oc: Oc = 0c — ndiag(L3)Vy.C(e)
14 Update QQ: GQ = GQ - P]VQQL3

: ‘ >()

DAN() | DAN() |

| CICIOHS Q)

LCICIT e O ;

Integrated 1 1 Integrated 1 Integrated

Context : Context ,  Context
Q-Value E Q-Value ! Q-Value
(a) Open i (b) Closed (c) Gated

Fig. 7. Backpropagation paths of Open-Closed-Gated Experience Replay.

statistical features g, and contextual embedding e, of the raw dataset X into agent Q, specialized
for generating logical pipelines (Line 7-9). This results in the subset of involved component types
T C 7 and edges E for O. Then, for each component type t; enumerated in the topological order,
the component is selected from the candidate components t; (Line 11-14). Both logical pipeline
and component selection perform the Action procedure defined in Algorithm 1, while the feature
differs by including the feature vector representing current pipeline structure p; for selecting the
next component f;. After selection, the dataset gets transformed by f;, and reward r; is computed
as defined in the evaluation metric ¢, with the state change recorded in replay buffer D (Line
15-18). Finally, the LearnQ procedure is called to perform agent optimization via our proposed
Open-Closed-Gated experience replay, an optimized network learning strategy for context integration
mechanism.

Open-Closed-Gated Experience Replay. In order to preserve the Reinforcement Learning (RL)
disciplines, the context plug-in should participate across the whole RL agent optimization process.

Proc. ACM Manag. Data, Vol. 2, No. 6 (SIGMOD), Article 231. Publication date: December 2024.



CtxPipe: Context-aware Data Preparation Pipeline Construction for Machine Learning 231:15

However, simply performing experience replay on the joint main DQN and context plug-in networks
would destabilize the agent optimization. This is because the different controlling semantics of both
networks are connected with a branching and merging architecture. Hence, a single backpropagation
is prone to handle the joint optimization with different knowledge uniformly, making the plug-in
less functional.

To avoid such degradation for the context plug-in, we propose an optimized joint network
training strategy that enforces the separated networks to equip them with the corresponding
expected functionality. The strategy, namely Open-Closed-Gated (OCG) experience replay, performs
a multi-stage backpropagation and controls the gated network to ensure the functionality of
different modules within the joint networks.

Figure 7 illustrates its basic backpropagation paths. The detailed backpropagation procedure is
listed in Algorithm 3. From a high-level perspective, it contains three stages where the context gate
is periodically fully open (Line 1-2), passed with gate vector f (Line 3-8), and fully closed (Line
9-11). In each stage, the loss is computed on the controlled joint networks and is used to guide the
backpropagation of the corresponding flow with different updating strategies for model weights.
The intuition is to (1) force the main DQN to learn with and without external contextual information,
and (2) let the context integrator understand the usage of such information to manipulate the
better-learned state-action function. Afterward, the context gate could (3) determine the passing
and filtering of the contextual knowledge and be less interfered with by low-quality and unstable
manipulations. Some gradient computations, involving the vector-matrix ones (e.g., Vw, o when
backpropagating through Equation 1) and those with uncertain model structure (e.g., C and Q),
are not expanded in the algorithm. We note that the agent optimization, without complex custom
logic, could be fully handled by the autograd module of deep learning frameworks.

6 Implementation

In this section, we describe in detail the specifications of CtxPipe’s pipeline construction agent
used in the experiments.

Component and User-Defined Functions. We adopt scikit-learn APIs for the component in-
terface. Specifically, a component’s transformation is done by calling the fit() and transform()
methods of the operator’s class. This allows the user to define a new component by defining a
class with these two methods and performing the corresponding logic by User-Defined Functions
(UDFs). The new component can then be registered to CtxPipe, which will finally learn when to
select it via deep reinforcement learning.

Main DQN. The statistical features consist of embeddings for at most 100 input columns, i.e.,
N = 100. The pipeline features comprise a 16-dimensional embedding for the model M, an 8-
dimensional embedding for the logical pipeline structure O, and component embeddings fed into
an LSTM with a 96-dimensional hidden state. These feature representations are concatenated
and passed through the Multi-Layer Perceptron (MLP), which incorporates 5 linear layers and
LeakyReLU activations between each. The output of the last layer is transformed by a tanh function.
Moreover, the output of the first layer is sent to the context plug-in for context integration.
Context Plug-in. The models in the context plug-in involve context embedding and integrator. For
context embedding, we use GTE-large [35] as the text embedding model, and randomly sample 50
rows in the data table of the dataset as its input. The model produces a 1,024-dimensional context
embedding e. For context integrator C, we use a small two-layer MLP with a 128-dimensional
intermediate feature, LeakyReLU activation, and transform the output of the second layer with a
tanh function to produce C(e).

Hyperparameters. Most aforementioned hyperparameters for the main DQN are selected follow-
ing the model structure of existing works [11]. Other hyperparameters, including those for the

Proc. ACM Manag. Data, Vol. 2, No. 6 (SIGMOD), Article 231. Publication date: December 2024.



231:16 Haotian Gao et al.

Table 3. Selected components and their types.

Type Component
Imputer Mean, Median, Most Frequent
Encoder Numeric Data, Label Encoder, One-hot Encoder

Feature Preprocessing Min Max Scaler, Max Absolute Scaler, Robust Scaler,
Standard Scaler, Quantile Transformer, Normalizer,
Power Transformer, K-bins Discretizer

Feature Engineering Polynomial Features, Interaction Features, PCA,
Kernel PCA, Incremental PCA, Truncated SVD,
Random Trees Embedding
Feature Selection Variance Threshold

context plug-in, are set empirically based on our own experiments. We evaluate the effect of these
hyperparameters in Section 7.7.

Agent Optimization. All variants of CtxPipe’s agents, including ablations, are trained for 32,000
steps on the training dataset used in [11]. Notably, we exclude from the training datasets those
sharing a similar schema to any test datasets to prevent data leakage.

7 Evaluation

In this section, we evaluate the performance of CtxPipe.

7.1 Baselines

We compare CtxPipe to the state-of-the-art solutions with both discrete construction and differential
pipeline discussed in Section 2. In particular, the following setups are included as competitors:

e Default (DEF) from DiffPrep [33]. It implements the pipeline structure commonly used in
AutoML frameworks like Azure AutoML [7] and H20 [31]. The pipeline imputes missing
values with the mean value for numerical columns and the most frequent value for categorical
columns, then normalizes each feature using standardization.

e DeepLine (DL), with the same configuration listed in [21]. We use the provided source code
and train the model for 150,000 steps, as recommended in its code documentation.

o Al-pipe of HAIPipe (HAI-AI), which applies the deep reinforcement learning-based Al-
pipeline generation algorithm proposed by HAIPipe [11]. We use the model provided by the
authors, which is trained for 56,000 steps.

¢ DiffPrep-Fix (DP-Fix) and DiffPrep-Flex (DP-Flex) from DiffPrep, with the same configu-
ration listed in [33].

e RandomSearch (RS) from DiffPrep, which uses the same logical pipeline of DP-Fix and
randomly samples components for each type to generate 20 pipelines, then selects the one
with the best validation accuracy.

e SAGA, with the same configuration listed in [49].

Notably, we do not consider the combination of HI-pipe and Al-pipe from HAIPipe as a competitor,
since its pipeline generation algorithm requires a human-written pipeline structure as input, which
does not exist in the test datasets.

7.2 Experimental Setup

Hardware and OS. We run our experiments on a server with 2 Intel Xeon Silver 4214R CPUs @
2.4GHz, with 48 cores and 128GB of memory in total. All deep reinforcement learning-based setups
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Table 4. Characteristics of the DiffPrep datasets and comparison of test accuracy.

Data Characteristics Test Accuracy
Dataset #Inst. #Feat. #Lbl. #Miss. #Out. (ES*) DEF RS DP-Fix DP-Flex DL HAI-AI SAGA CtxPipe
abalone 4177 9 28 0 200 0.287 0.240 0.243 0.238 0.271 0.157 0.260 0.255 0.287
ada_prior 4562 15 2 88 423 0.857 0.848 0.844 0.853 0.846 0.803 0.801 0.833 0.818
avila 20867 11 12 0 4458 0916 0.553 0.598 0.652 0.633  0.593 0.630 0.636 0.759
connect-4 67557 43 3 0 45873 0.792 0.659 0.671 0.726 0.702  0.683 0.775 0.758 0.763
eeg 14980 15 2 0 209 0.861 0.589 0.658 0.675 0.683  0.607 0.556 0.658 0.740
google 9367 9 2 1639 109 0.672 0.586 0.627 0.631 0.661 0.553 0.550 0.596 0.590
house 1460 81 2 6965 617 0955 0.928 0.938 0.932 0.952 0.771 0.928 0.913 0.818
jungle_chess 44819 7 3 0 0 0861 0.668 0.669 0.680 0.687 0.717 0.760 0.745 0.861
micro 20000 21 5 0 8122 0.634 0.564 0.579 0.595 0.593 0.613 0.633 0.556 0.605
mozillad 15545 6 2 0 290 0.940 0.855 0.922 0.924 0.927 0.747 0.870 0.932 0.940
obesity 2111 17 7 0 25 0.927 0.775 0.841 0.891 0.874 0.590 0.768 0.751 0.868
page-blocks 5473 11 5 0 1011 0.973 0.942 0.959 0.959 0.973 0.940 0.935 0.849 0.965
pbeseq 1945 19 2 1445 99 0.866 0.710 0.730 0.728 0.725 0.680 0.733  0.866 0.805
pol 15000 49 2 0 8754 0.977 0.884 0.879 0.903 0.916 0.873 0.916 0.888 0.949
run_or_walk 88588 7 2 0 8548 0.990 0.719 0.829 0.903 0.912  0.820 0.915 0.832 0.956
shuttle 58000 10 7 0 5341 1.000 0.964 0.996 0.998 0.999 0.790 0.951 0.405 1.000
uscensus 32561 15 2 4262 2812 0.854 0.848 0.840 0.854 0.852 0.813 0.807 0.835 0.845
wall-robot-nav 5456 25 4 0 1871 0.962 0.697 0.872 0.905 0.913  0.927 0.896 0.841 0.946

are run on NVIDIA GeForce RTX 3090 GPUs with CUDA 11.2. The OS is Ubuntu 20.04 with Linux
kernel 5.4.0-72. For SAGA, the maximum heap size of Java runtime is set to 80GB.

Datasets. We employ the same set of 18 real-world datasets from the OpenML data repository [56]
used by DiffPrep [33] and refer to it as the DiffPrep datasets. These datasets are frequently utilized
in both AutoML and data preparation research endeavors [8, 31, 33, 34]. Salient data characteristics
of the selected datasets are presented in the Data Characteristics column group in Table 4. We
further combine the DiffPrep datasets with 56 datasets from Deepline [21] excluding 8 where any
baseline fails to generate the result. This results in 66 datasets, which we refer to as the extended
datasets.

For baselines not including any dataset in their experimental studies, we adapt their codebase to
accommodate the dataset as valid inputs. This involves generating necessary metadata for their
parsing and inference processes, whenever required.

Components. Table 3 enumerates the candidate components and their respective types that are
utilized in this work. These components are consistent with those employed in the recent state-
of-the-art work by Chen et al. [11]. For each component type, the proposed pipeline architecture
allows for either including a single component or omitting that specific type. The combination
of components within the pipeline follows a flexible linear structure, wherein the order of the
component types is not fixed.

Model. For the downstream ML model to train and evaluate, we use Logistic Regression as it is
studied by all the baselines and is supported by all frameworks used by existing works, including
PyTorch, TensorFlow, scikit-learn, and Apache SystemDS [10].

Evaluation Metrics. For the metric ¢, we evaluate all generated pipelines using the accuracy of
classification on the test dataset. This aligns with experimental studies of all the baselines. We also
consider other metrics, including precision, recall, and F1-score. Since all labels are assigned a class
in our test setup, these metrics are identical to accuracy with micro-averaging. Therefore, we use
macro-averaging to ensure they offer distinct insights.

A typical data analytics lifecycle involves more than one pipeline. In particular, distribution
shifts [32, 39, 47] can degrade the performance of the current pipeline, requiring constructing a
new pipeline to adapt to the changes. As a result, we use pipeline runtime to evaluate the efficiency
of an evolving data analytics process.
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Table 5. Average results on the DiffPrep and extended datasets. Metrics include (1) test accuracy, its ranking,
and running time (in seconds) (2) macro-averaged precision, recall, and F1-score per dataset (3) p-values for
t-test (t) and sign test (sign).

DiffPrep Datasets Extended Datasets
Setup  Test Accuracy T Ranking | Running Time | PrecisionT RecallT Fl-score] P-value(t)| P-value (sign)]|
DEF 0.724 6.111 36.237 0.605 0.629 0.604 0.002 0.042
RS 0.761 4.889 803.888 0.647 0.673 0.650 0.001 0.003
DP-Fix 0.780 3.389 1024.845 0.681 0.727 0.687 0.035 0.013
DP-Flex 0.784 2.889 11148.911 0.697 0.722 0.695 0.044 0.042
DL 0.704 6.444 9.291 0.616 0.584 0.570 <0.001 <0.001
HAI-AI 0.760 4.722 22.195 0.705 0.619 0.613 0.007 0.024
SAGA 0.731 4.944 1384.824 0.647 0.640 0.618 0.015 0.003
CtxPipe 0.806 2.389 65.203 0.774 0.736 0.745 - -

7.3 Performance Comparison

We first evaluate the performance of constructed pipelines on test datasets for all setups. This is
measured by the evaluation metric ¢ and its ranking across setups per dataset.

Test Accuracy. Table 4 lists the test accuracy of the ML models trained on the preprocessed
datasets via the generated pipelines from different setups. From the result, we can observe that
CtxPipe achieves the best test accuracy on 9 out of 18 datasets, which outperforms all other
setups on the consistency of the superiority, i.e., the number of datasets that obtain the best test
accuracy is the highest. The overall average test accuracy increases from 2.2% to 10.2% across
datasets, which is considered significant in the context of data preparation [21, 33]. Moreover, by
integrating contextual information, under the same component search space, 15 out of 18 datasets
get improved accuracy compared with HAI-AI, with 4 of them increased by over 10%, and the
largest increased by 18.4%, which is significant. Notably, certain datasets such as avila and eeg
receive significant improvements from CtxPipe. These datasets share the same pattern that differs
from others, involving real values with small variances with different means across all columns.
Also, the table header line suggests that each column in the table is a sub-feature of a complete
measurement. Hence, this type of semantic can be considered as meaningful contextual information
for the whole dataset, which is captured by the context plug-in to guide the agent to use the optimal
components for this pattern.

Optimality Gap. Apart from the baselines, we also study how close different techniques are to
the optimum. However, since the components’ combinatorial space is prohibitively large, we thus
approximate it for a dataset by extending the RS setup and running it 10,000 times, performing an
approximated Exhaustive Search (ES™).

The values are recorded in Table 4. For most samples, we observe that the methods achieving
the best performance are also close to the approximated optima. However, for those where CtxPipe
significantly outperforms the baselines, e.g., avila and eeg, there are larger gaps toward the
potential optimal solution. In other words, CtxPipe enables pipeline construction to balance more
intelligently in the exploration-exploitation tradeoff, while the baselines are more likely to be stuck
in the local optima without the ability to leverage contextual semantics to separate different cases.
Setup Ranking. Since the efficacy of data preparation varies across the datasets, we further conduct
a granular analysis by ranking the competitors’ effectiveness at the dataset level. Specifically, for
each dataset, the test accuracy of all setups is ranked from one to eight. The average rank of each
setup and the proportion of datasets the setup within top-K accuracy are calculated afterward. Our
analysis concentrates on those ranked in the top 50% of all setups.
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Fig. 9. Pair-wise performance comparison of CtxPipe vs. baselines among the extended datasets.

The average rank values are presented in the second column of Table 5. From the results, we see
a significant improvement by CtxPipe from HAI-AI (4.722 -> 2.389), while CtxPipe outperforms all
other setups on this criterion. Meanwhile, the ranking proportion results are plotted in Figure 8.
From the plot, CtxPipe achieves a significantly higher top-1 ranking and continuously outperforms
baselines for all top 50% K values. Moreover, despite sharing similar component candidates and
main model architecture with HAI-AI, CtxPipe successfully increases the ranking proportion from
the second tier (HAI-AL SAGA, RS) to the first tier (CtxPipe, DP-Fix, DP-Flex), while incurring only
modest overheads.
Other Metrics. To measure the quality of generated features more thoroughly, we report the
performance on other metrics. In particular, we compute macro-averaged precision, recall, and F1-
scores for each dataset, then report the average. The results in Table 5 show consistent improvements
similar to that of test accuracy in all metrics. This further demonstrates the higher quality of the
generated features over the baselines.
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Fig. 10. Comparison of running time.

Statistical Significance. To study the statistical significance, we perform both qualitative and
quantitative tests. First, we select four baseline setups (DL, HAI-AL SAGA, DP-Flex) and perform
pairwise comparisons on extended datasets. The results are depicted in Figure 9, where the test
accuracy of the baseline setup and CtxPipe are plotted for each dataset. CtxPipe demonstrates
superior performance on the majority of data distributions, outperforming the baselines on 60.61%
to 75.76% of the datasets. The trend of improvements in both the average accuracy and rank are
consistent with those on Diffprep datasets.

We conduct two quantitative metrics to verify the significance of the result. Following DeepLine [21],
we use paired t-tests on the extended datasets. Moreover, to relax the assumption of normal distri-
butions on the test results, we use the differences in the accuracy values to perform sign tests. The
results, presented in Table 5, show that all p-values in both sign tests and t-tests are below 0.05.
This indicates that CtxPipe has stable and significant accuracy improvements over all baselines.

7.4 Running Time and Cost-effectiveness

In addition to the overall quality of the generated data representations, the efficiency of the pipeline
construction and inference is an important consideration. This is particularly crucial in production
settings, where a continuous stream of datasets from diverse distributions must be processed and
modeled expediently and efficiently [58]. To evaluate this, we further assess the cost-effectiveness
tradeoff of the setups, that is, their data quality as well as the computational resources required to
attain those quality levels. Specifically, we measure the end-to-end running time for constructing
the pipeline and generating the data features. Notably, we do not separate these two phases as they
alternate and are hence tightly coupled in the differentiable pipeline-based solutions.

Figure 10 plots for all setups the running time on each test dataset. Across all test datasets,
CtxPipe shows low execution overheads compared with baselines. Moreover, the last column of
Table 5 reports the average running time incurred by each setup when evaluated on the test datasets.
Combining both results, we observe that the running time can be summarized by three clusters:

(1) Less than 10% seconds, including DEF, DL, HAI-AI and CtxPipe. Except for DEF using a
pre-defined physical pipeline, the deep reinforcement learning algorithms of other setups
spend constant time selecting components. We note that although DL achieves very fast
inference, its constructed pipelines perform the worst considering both accuracy and rank
metrics.
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(2) Closer to 10° seconds, including RS, DP-Fix, and SAGA. These setups rely on multiple pipeline
executions per dataset and thus are slower by several times.

(3) Greater than 10* seconds, including DP-Flex. It explores a large component search space and
computes complex gradients to update the optimization loss, greatly increasing the overhead.

Overall, the result demonstrates that CtxPipe is efficient in generating and executing the pipeline.
Cost-effectiveness. To further compare the cost-effectiveness, we visualize the gains in predictive
performance, measured by the dual criteria of average test accuracy and ranking with respect to
the increase in computational overhead. Figure 11 depicts the result. The scatter plots represent
efficiency on the X-axis and performance on the Y-axis. An optimal method should generate high-
quality feature representations with minimal running time overhead, i.e., mapping its output to the
desirable upper left quadrant of the plot.

From the plots, we can observe that CtxPipe achieves the best performance on both criteria
while incurring only relatively small increases in running time. Concretely, based on the worst
performing setup, CtxPipe outperforms DP-Flex, the second-most performant setup, attaining 1.34x
average test accuracy and 1.33x average ranking with 170.99x speedup in running time. Moreover,
compared with HAI-AI, CtxPipe increases average accuracy by 82.14% and ranking by 135.48%,
while the overhead remains within the same order of magnitude. This justifies the efficiency of the
context integration mechanism and optimizations.

Combining the performance and running time, we can conclude that CtxPipe is cost-effective
compared with baselines.
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Table 6. Impact of the Context Plug-in (CP) and OCG experience replay (OCG) on pipeline construction
performance. Metrics include test accuracy (Acc) and its ranking (Rank), macro-averaged precision (P), recall
(R), and F1-score (F1).

Setup AccT Rank | PT RT F17
CtxPipe 0.806 2.389 0.774 0.736 0.745
CtxPipe (w/o CP & OCG)  0.750 4278 0.725 0.645 0.654
CtxPipe (w/o OCG) 0.789 3.444 0.754 0.708 0.709

7.5 Scalability Test

To further measure the system’s efficiency under different scales of user input datasets, we test the
scalability of all setups with respect to the dataset sizes. Specifically, we chose 9 verified datasets?
from OpenML data repository sizes ranging from 2K to 256K, where the sizes double between each
two. For each size 2'K where i € {1,2, ..., 8}, the actual number of instances is in range [2'K, 2+1K].
All chosen datasets have column numbers between 7 and 12, rendering the scale mainly from the
number of instances.

The result is shown in Figure 12. From the result, we can see that the dataset sizes have a
stably increasing impact on RS, DP-Fix, and DP-Flex. For RS, this is because the random search
requires a fixed number of pipeline executions. For DP-Fix and DP-Flex this is because each gradient
descent step requires one pipeline execution. These reasons make the setups encounter the effect
of slower execution when the number of dataset instances exceeds 32K. Notably, SAGA involves
randomization in the grid search actions for component selection, resulting in a more unstable
efficiency measurement. Our proposed CtxPipe uses iterative step execution that generates the
pipeline directly, effectively reducing the influence of the dataset size on the execution.

7.6 Ablation Study

We conduct an ablation study on CtxPipe to test the isolated and quantitative efficacy of our
contributions involving the context integration mechanism and the agent optimization strategy. We
consider two ablated variants: (1) removing the context plug-in from the pipeline construction agent,
coupled with disabling our proposed Open-Closed-Gated (OCG) experience replay by replacing
it with normal experience replay (w/o CP & OCG), and (2) retaining the context plug-in while
disabling the OCG experience (w/o OCG).

Context Plug-in. To ablate the context plug-in, we fix its gating value to 0 during inference and
preclude gradient updates while performing agent optimization. This ensures that the randomly
initialized agent model weights remain unchanged across both setups with and without the context
plug-in. The results, presented in Table 6, show stable improvements in the prepared data features
across all the metrics. In particular, incorporating the context plug-in yields a substantial improve-
ment in the average rank of downstream model accuracy obtained using the generated features,
decreasing from 4.278 to 2.389. This suggests that the performance gains facilitated by contextual
awareness are uniformly distributed across diverse datasets, regardless of their data distributions.
OCG Experience Replay. We also record CtxPipe without OCG experience replay strategy to
the training process of the agent including both the main DQN and the context plug-in. The result
demonstrates the performance gain of this optimization strategy. The reason is that OCG experience
replay forces the DQN model to make decisions with and without contextual information, helping
the agent to scale the Q-values more intelligently. Moreover, we observe from the training losses
among iterations that without OCG experience replay, the context plug-in is easier to stuck in

2The IDs of selected datasets are: 44091, 45039, 310, 45578, 42733, 45547, 133, 41752.
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Fig. 13. Result of hyperparameter search.

Table 7. Comparison of non-linear pipeline construction setups and exploration-exploitation tradeoff policies.

Setup AccT Rank | P7 RT F17
CtxPipe 0.806 2.389 0.774 0.736 0.745

CtxPipe (Non-linear, Row=2) 0.807 3.056  0.720 0.680 0.676
CtxPipe (Non-linear, Row=3) 0.776 3.500 0.720 0.691 0.677
CtxPipe (Non-linear, Row=4) 0.746 4.056 0.698 0.764 0.662

CtxPipe (Thompson Sampling)  0.747 4312 0.559 0.530 0.582
CtxPipe (UCB) 0.746 4778 0.678 0.595 0.586

local optima without accuracy changes from further training. This suggests that by iteratively
controlling the passing of contextual information, OCG experience replay allows the agent to be
more proactive in optimizing the main DQN network and could explore the global state-action
approximation more thoroughly.

7.7 Discussion

Hyperparameter Sensitivity. CtxPipe uses several hyperparameters, similar to existing work [11].
To understand their impact on performance, we conduct a search over these hyperparameters
using the extended datasets. The hyperparameters include the maximal number of columns N, the
dimension of the model feature Dimy,, the dimension of the logical pipeline feature Dimg, and the
dimension of LSTM encoding Dimysty. For each hyperparameter, we fix the other hyperparameters
while varying the selected one in a constant sequence, and then measure the resulting accuracy.
The results shown in Figure 13 suggest that accuracy is stable across the hyperparameters,
achieving the best performance at N=40, Dimy;=16, Dimp=8, and DimsTp=112, respectively. As
a result, minimal tuning effort is required to achieve optimal performance. Notably, Dimy is more
critical to the performance, because M represents the ML model used to evaluate the pipeline, and
thus its learning capacity has a larger effect on and tends to learn more from the accuracy value.
We note that it is possible to optimize these hyperparameters for the main DQN model. However,
it is orthogonal to our work which focuses on leveraging contextual information for higher-quality
pipeline generation.
Non-linear Pipelines. The current design focuses on a linear pipeline structure with flexible
component types. It can be extended to non-linear pipelines using the grid-based method proposed
by DeepLine [21]. However, as previously noted, the learning capacity of DQN may be affected due
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to the increased complexity which could degrade the model performance. To understand this, we
extend CtxPipe with support for non-linear pipeline generation by adopting the grid-based method.
The pipeline consists of a fixed number of rows, each of which is a flexible linear pipeline. Next, an
ensemble component is selected by the model to merge the output of each row. We use the same
architecture and vary the number of rows to test its performance. Table 7 shows the results. We
observe that more rows lead to lower performance in terms of accuracy, ranking, and F1-score. This
suggests that the model overfits the dataset features by repeatedly predicting similar components
across rows. We leave the efficient solutions for non-linear pipeline construction for future works.
Exploration-exploitation Tradeoff. We compare our e-greedy policy with methods that balance
exploration and exploitation during training. In particular, we implement Thompson Sampling [6,
53] and Upper Confidence Bounds (UCB) [5, 50] as replacements for the e-greedy policy. The result
(Table 7) shows that these methods are less effective in our setup. We attribute this to the increased
complexity of the learning algorithm that makes the model more difficult to train. In conclusion,
common techniques on deep RL for pipeline construction are highly effective for CtxPipe.

Other Feature Types. To ensure fair comparisons with existing works, the current main DQN
model only considers numerical and categorical features. We note that extended support for other
types, such as text, can be implemented by adding text vectorizer components like CountVectorizer
and TfidfVectorizer from scikit-learn into the candidates, allowing CtxPipe to learn to select
these components for specific fields.

8 Conclusion

In this work, we present CtxPipe, a novel system supporting fully automated context-aware
construction of data preparation pipelines. We design the framework and workflow that seamlessly
integrates contextual information into the decision-making process of deep reinforcement learning
via a context plug-in. It extracts contextual information from the transformed data with the text
embedding model and uses it to manipulate the state-action inference. Furthermore, we optimize
the workflow with our proposed Open-Closed-Gated experience replay, an enhanced reinforcement
learning optimization strategy combined with the context plug-in. The experimental results on
commonly adopted test datasets show that CtxPipe generates high-quality data features with
significantly lower overhead than similar-performed state-of-the-art solutions.
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