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Abstract. Many real-world machine learning (ML) inference workflows
involve data integration steps that join multiple data silos to assemble
feature vectors. Such join operations are often expensive and easily
become bottlenecks in the end-to-end inference process. We argue that
factorizing ML computations and pushing down factorized computations
through join can effectively accelerate the end-to-end processing of
such queries. However, existing work on factorized ML focuses on the
learning processes of traditional ML models and the computation of
separate linear algebra operators, with two drawbacks. First, they never
considered and evaluated the factorization of the end-to-end deep neural
network inference process. Second, existing optimizers did not consider
the relative overheads of the decomposable part and non-decomposable
part and the alignment of the cost estimation for the SQL processing
and ML processing. To close the gaps, we (1) demonstrate an out-of-box
AI/ML-SQL co-optimization approach for end-to-end inference workflows
where the users specify a SQL query, preprocessing operators, and a pre-
trained model exported in ONNX format, and the end-to-end processing
will be automatically optimized and synchronized in our ExBoost system;
and (2) propose a contrastive learning approach to automatically estimate
the potential speedup by applying the factorization strategy.

1 Introduction

It is well-known that many data science pipelines are bottlenecked by join
operations with high-cardinality and high-dimensional inputs/output [26,13].
While there exist many works [22][12][7][21][13][15] on factorizing the AI/ML
processing and pushing down the factorized computations through join, these
works suffer from three limitations. (1) They focus on the factorization of the
learning process and the separate linear algebra operators. They utilize the
iterative nature of the training process and reduce redundant computations by
eliminating the need of denormalizing the underlying relations. However, they did
not discuss how to factorize the end-to-end AI/ML inference pipelines containing
arbitrary deep neural network architectures and common preprocessing operators,
which are user-facing, non-iterative, and latency-critical. (2) The benefits of
factorizing a given workload depend on many factors, such as the CPU and I/O
costs of the ML operators and relational operators, as well as the relative size
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Fig. 1: Illustration of SQL-ML Co-Optimization Enabled by ExBoost

of the factorizable part to the end-to-end model. Although one of the existing
works [13] provides a cost model to estimate the factorization benefits, it only
considers the join operators and the cost of multiplying features with regression
coefficients, failing to capture other components in the end-to-end inference
pipeline such as multilayer neural network models, non-join part of the SQL
query, and preprocessing operators. (3) Existing in-database factorization systems
implemented a limited set of specialized ML operators on top of the database
system and require users to program the entire ML pipelines using UDF-centric
SQL statements, while today’s users prefer programming with Python and
specialized ML systems such as Pytorch and TensorFlow.

Distinguished from existing works, this work focuses on an end-to-end inference
pipeline consisting of data joining, preprocessing operators, and multilayer neural
networks, as illustrated in Fig. 1, and explained below:

Feature-Decomposable ML Operators. A computing module f is feature-
decomposable for a set of n features combined from k datasets, e.g., x =
x1

⌒x2
⌒...⌒xk, if it could be independently calculated on each dataset without

interactions: f(x) = δ(g1(x1), g2(x2), ..., gk(xk)). Here, x1, ...,xk have the same
number of tuples and ⌒ represents concatenation, and xi represents a subset of
features. δ is a simple operation that aggregates the intermediate results, having
negligible computing cost compared to gi usually. Taking a fully connected (FC)
layer with the weight matrix W as an example, the layer will convert the n input
features x into m hidden features or outputs using σ(x × WT + b), where σ
represents the activation function such as Relu. W can be partitioned into k
submatrices corresponding to the k subsets of features, so that the i-th partition
Wi has a shape of m× d(xi), where d(xi) represents the number of features in
the dataset xi. Wi represents the weight parameters at all edges that connect
the features in xi and all m output features. Then the matrix multiplication can
be decomposed so that x×WT = Σk

i=1xi ×WT
i .

Factorization and Push-Down. For a feature-decomposable ML operator f ,
if the input features are joined from k datasets using join predicates p1, ..., pk−1,



i.e., x = x1 ▷◁p1
x2 ▷◁p2

... ▷◁pk−1
xk, f(x) could be independently calculated

on each dataset, i.e., f(x) = δ((y1 = g1(x1)) ▷◁p1
(y2 = g2(x2)) ▷◁p2

... ▷◁pk−1

(yk = gk(xk))). Here, ▷◁pi represents a join using the predicate pi. Following the
previous example of f being an FC layer, each component xi×WT

i can be pushed
down to the dataset xi. The output is denoted as yi. If xi has n tuples, WT

i has
a dimension of d(xi)×m (i.e., d(xi) and m are defined earlier), yi has a shape of
n×m. Then, we join the output datasets z = y1 ▷◁p1

y2 ▷◁p2
... ▷◁pk−1

yk, and
for each joined tuple z = (y1 ∈ y1, ..., yk ∈ yk), y1 + ...+ yk will be computed
as output y′. Finally, the remaining operations in f will be applied to y′. The
potential benefits of such factorization and push-down include:
• If m << Σk

i=1d(xi), the join dimensions will be significantly reduced without
affecting the accuracy of the output.
• If |z| >> Σk

i=1|xi|, where |xi| represents the number of tuples in dataset xi,
a significant amount of redundant matrix multiplication computations will be
avoided without affecting the accuracy.

In this work, we provide a library, called ExBoost, for dynamically implement-
ing such co-optimizations. Its API takes in an SQL query (for data processing),
an ML application in a supported format, such as the ONNX [5], which runs
inferences over the output of the SQL query, and optional preprocessing operators
as input. Under the hood, it analyzes the graph-based intermediate presentations
(IRs) of the ML application and the SQL query to detect the decomposable ML
operators and whether these decomposed operators can be co-optimized with
join operators. It will also estimate the speedup brought by the co-optimization,
which is a “challenging" task due to the diversity of the workloads, the lack of
training data, and the disparate nature of relational and ML operators.

We address these challenges using a two-step approach. The first step adopts a
technique similar to contrastive learning [8] to reduce the data labeling overhead
and leverage the attention mechanism to accurately estimate the ratios of the
latencies of the joins and the decomposable ML operators to the latency of the
end-to-end workflow. To bridge the cost estimation gap between the relational
and ML operators, the second step estimates the speedup by forming a novel
knowledge representation, which is sent to a decision forest model for predicting
the speedups. If the estimated speedup meets user-specified requirements, this
optimization technique will be applied by rewriting the workflow automatically,
leveraging IRs and user-defined functions (UDFs).

The proposed library can be applied to many use scenarios, such as data
science workflows prototyped in Python scripts or Jupyter Notebooks, where
developers invoke our API to gain speedups for workflows containing the identified
join=>(preprocessing)=> inference patterns.

To summarize, our main contributions are as follows: (1) We investigate the
factorization and push-down of the deep neural network models through the join
operators to reduce the end-to-end latency when the feature vectors for inferences
are joined from multiple datasets. (2) We provide a novel ExBoost library that
automatically determines whether the proposed co-optimization strategy would
benefit a given workload by unifying graph-based ML and SQL intermediate



representations and adopting a two-step learning-based approach for unified ML
and SQL cost estimation. (3) Finally, we conduct an experimental evaluation
on synthetic and real-world query workloads to demonstrate the effectiveness of
the proposed ExBoost approach. Our evaluation results show that our proposed
approach can reduce runtime by up to 17.7×.

2 User Interface

An example of using our ExBoost library is illustrated in Listing 1.1. The user is
required to provide the path to a model exported to any supported format, such
as ONNX IR [5], and a SQL query, as illustrated in line 15 of the example code
in Listing. 1.1. The ExBoost library also provides a set of optional preprocessing
operators that can be pushed down to each feature of the underlying data,
including range scaler [4], discretization operator [11], binarization operator,
standardization scaler, power transformer [27], quantile transformer [10], and
several commonly used missing value imputation functions. The identifiers and
parameters of these preprocessing operators that need to be applied to the output
of the SQL query in order can be represented in a JSON string, used as input to
the CoOptimizer.run() API, as illustrated in line 18 in Listing 1.1.

1 from exboost import sql.DBConfig
2 from exboost import CoOptimizer
3

4 if __name__ == ’__main__ ’:
5 model_path = "data/model_dnn_2000_64_2.onnx"
6 table_name1 = ’input1 ’
7 table_name2 = ’input2 ’
8

9 sql_query = f"SELECT * FROM {table_name1} INNER JOIN {
table_name2} ON {table_name1 }. col_0 > {table_name2 }.
col_0"

10 ## To access user tables
11 DBConFigureset_db_config(username=’user1’, password=’

12345’, hostname=’localhost ’, port=’5432’,
database_name=’myDB’)

12

13 ## Method for co-optimization w/o preprocessing operators
14 result1 = CoOptimizer.run(sql_query=sql_query , model_path

=model_path)
15

16 ## Method for co-optimization w/ preprocessing operators
17 result2 = CoOptimizer.run(sql_query=sql_query ,

preprocessors ={"operator_name": "MinMaxScaler", "
parameter": {}}, model_path=model_path)

Listing 1.1: Illustration of ExBoost Library Usage

The ExBoost API will analyze the SQL query, the preprocessing operators,
and the AI/ML application or model to perform the co-optimization and execute



the co-optimized query plan by invoking external libraries, such as DuckDB [19]
APIs, ONNX [5] APIs, and Scikit-learn APIs (for preprocessing), while returning
the results in data frame format.

3 Query analyzer

The analyzer parses the input SQL query, the preprocessing operators, and
the model to graph-based intermediate representations (IRs) to facilitate the
detection of the proposed co-optimization opportunity and feature extraction for
unified cost estimation. For SQL queries, we adopted the graph-based relational
algebra representation as IR and used the Python wrapper of the existing SQL
parsing library libpg_query [3] to convert the query into a relational algebra tree.
It traverses the tree to find the presence of the join operators and the number
of data silos involved in the query. In case of the presence of a join operator,
the analyzer looks for the availability of any non-join operators that follow the
join operators, but cannot be pushed down, termed push-down breakers, such as
aggregation operators that involve columns from multiple data silos. If push-down
breakers exist between the joins and the decomposable ML operators, the input
query and the ML model cannot be co-optimized.

Similarly, the unified query analyzer checks whether any preprocessing op-
erators exist and whether these operators can be performed before the join
processing. If the results are positive, the analyzer further parses the ML model
and complicated feature processing into a computational graph IR. For example,
in our implementation, we adopted the ONNX IR for fully connected neural net-
work models and other neural network models. Within the graph representation
of the ONNX model, the analyzer traverses the graph, starting from the first
operator that processes the input data (i.e., a root node).

Many works have discussed the factorization of linear algebra operators [15]
that are used in Deep Neural Networks (DNNs) such as matrix multiplication
and matrix addition. We found other feature-decomposable operators which
include but are not limited to decision forest (i.e., leveraging the QuickScorer
algorithm [16]), convolutional neural network (i.e., if data is partitioned across the
channels), nearest-neighbor search using product quantization, and chained/nested
AI/ML models that require inferences over features combined from the inference
results of multiple AI/ML models over separate feature sets. This work will focus
on DNN inference (as illustrated in Fig. 1) and feature preprocessing operators,
of which the factorization mechanisms are first explored by this work. (1) Range
Scalers such as MaxAbsScaler and MinMaxScaler [4]. The former scales the
values of each feature into a specific range, and the latter scales the values of each
feature into a range defined by the minimal value and maximum value among all
the values in the feature. Such feature-specific operators can be directly pushed
down to each dataset (i.e., a subset of features). (2) Discretization [11] and
Binarization Operators. For example, threshold-based binarization is widely
used to present a high correlation with the target label. If a value is higher than a
threshold, it will be transformed to 1, otherwise it will be transformed to 0. Such



feature-specific transformations can be directly pushed down. (3) Encoding
Categorical Values. Encoding functions such as one-hot and ordinal encoding
are applied to separate features and can be pushed down directly. (4) Constant-
based Feature Imputation. Imputing features with constant values can be
directly pushed down. (5) Standardization Scaler. The standardization scaler
transforms each value x in a feature by subtracting the feature’s mean value (µ)
and scales it by dividing the standard deviation (σ), i.e., x−µ

σ . For 1 to 1 join
operators that will not change the total number and distribution of values in
the feature, such scalarization operators can be pushed down to the dataset that
contains the feature column, before it is joined with other datasets. For n to m
joins, based on a synopsis counting the predicate selectivity for each distinct value,
it can compute the µ and σ of each feature after the join processing so that the
standardization scaler can be pushed down to each data silo. Denoting distinct
values of a column as vi, frequency of the value vi in a data silo as freqi, and join
selectivity ratio of vi as si, we can redefine the mean and standard deviation as
µ =

∑︁
(vi∗freqi∗si)∑︁
(freqi∗si) and σ =

√︂∑︁
((vi−µ)2∗freqi∗si)∑︁

(freqi∗si) . The standardization scaler can
be pushed down to each data silo with the updated values of mean and standard
deviation. Similarly, we also support the push-down of PowerTransfomer [27],
QuantileTransfomer [10], and feature imputation based on mean, median, and
most frequent values for 1 to 1 join and/or m to n joins with profiled synopsis
that describes the selectivity ratio of each distinct value.

If an operator node belongs to the decomposable ML operators, the node will
be pushed into a stack, and each child of the node will be examined in a similar
way recursively. Otherwise, the path from the corresponding root node to this
node, representing a sequence of decomposable ML operators, if not empty, will
be recorded and combined with the subquery starting from the last join operator
that has a path to the root node (identified by traversing the relational algebra
of the SQL query from the root node), called a co-optimizable subgraph.
Extracting Features The query analyzer also extracts the features from the
SQL and the ML IRs to facilitate cost estimation. The features related to the
SQL part include but are not limited to the number of columns in each join input
and output, the estimated cardinality of each join input and output, the number
of data silos, the number of rows and features in each data silo, the ratio of output
cardinality to input cardinality, and whether the user’s database supports transfer
acceleration, e.g., using ConnectorX [25]. The ML model features include but are
not limited to the type, the shape of the input, the number of model parameters,
the output shape, and the number of floating-point operations (FLOPs) of each
decomposable ML operator in the co-optimizable subgraph.

4 Cost model

Unified cost estimation (i.e., predicting the improvement in latency brought by
ExBoost co-optimization) is challenging due to the workload diversity and the
disparate natures of ML and relational operators. To address the challenge, we
integrate (1) a novel neural network architecture with contrastive learning and



attention mechanism to estimate the ratios of the latencies of the co-optimizable
subgraph and its join operators to the latency of the entire query; and (2) a novel
knowledge representation for estimating the speedup of co-optimization.

4.1 Learning-based Assessment of Processing Bottleneck

Should the latency attributable to the co-optimizable subgraph constitute merely
a minor fraction of the total end-to-end latency, co-optimization will hardly
lead to any speedups. Therefore, we first estimate the ratio of the latency of
these parts to the end-to-end latency. We divide the end-to-end pipeline into two
parts. The first part is the co-optimizable subgraph, denoted as the white-box
component. On the other hand, the rest of the query, including all remaining
ML and relational algebra nodes, is termed a black-box component. We aim to
estimate the fractions of the end-to-end latency attributed to the entire white-box
component and the join operations in the white-box, respectively. These two
ratios will compose part of the knowledge representation as described in the
symbolic step (Section 4.2).

The ratio of the joining latency to the end-to-end latency is termed by
Rtotal

join =
Cjoin

Cwb+Cbb
where Cjoin, Cwb, Cbb represent the latencies for executing the

join operator, white-box component, and black-box component, respectively. We
define the ratio of white-box latency to the end-to-end latency as Rtotal

wb = Cwb

Cwb+Cbb
.

Although the estimations of these ratios can be formalized as regression models
consisting of deep neural networks, it is challenging due to the limited availability
of labeled training data.

To alleviate the problem, we propose an idea similar to contrastive learning [8].
Taking the estimation of Rtotal

wb as an example, the neural network architecture
consists of two input networks to predict the costs of the white- and black-boxes
respectively, and then compute the ratio Rtotal

wb using these two costs. Given a pair
of white- and black-box components <wb, bb>, with measured running latency
twbˆ and tbb̂ respectively, we use two separate networks to predict the latencies
of the white-box component and the black-box component, denoted as twb and
tbb. Then, the predicted ratio Rtotal

wb is estimated as Rtotal
wb = twb

twb+tbb+ϵ , while

Rtotal
wb
ˆ = twbˆ

twbˆ +tbb̂
stands for the ground truth label. The constant ϵ in twb

twb+tbb+ϵ

prevents the divide by zero error during the initial epochs of training.
Each input network model takes the corresponding features detailed at the end

of Section 3 as the input, which is first passed to an attention layer to capture cross-
feature correlations and the relative importance of the features. The attention
score for each feature is between 0 and 1, so that the summation of all scores
is 1. The attention layer also performs an element-wise multiplication between
attention scores and the feature vector. The output is sent to a fully connected
(FC) layer with ReLU activation. Then, the output is further concatenated with
the input features and sent to multiple FC layers to get the final predicted cost.
The output costs from both networks (twb and tbb) are used to compute Rtotal

wb

as formulated earlier. We define the loss in terms of the Huber loss as indicated
in Equation 1 to balance Mean Absolute Error (MAE) and Mean Squared Error



(MSE), where δ is a Huber loss parameter to be tuned during the training process.

Lδ(R
total
wb , Rtotal

wb
ˆ ) =

{︄
1
2 (R

total
wb −Rtotal

wb
ˆ )2 for |Rtotal

wb −Rtotal
wb
ˆ | ≤ δ

δ|Rtotal
wb −Rtotal

wb
ˆ | − 1

2δ
2 for |Rtotal

wb −Rtotal
wb
ˆ | > δ

(1)

To prepare the labeled training data, we first prepare two sets of samples
for white- and black-box components, respectively, with the runtime recorded
by running each component. Then these two sets of samples are applied with a
cross-product to form a large set of training examples. We model the ratio Rtotal

join

similarly, based on combinations of the samples of join queries and the samples
of the rest of the query graph to form a relatively large training dataset.

4.2 Knowledge Representation for Estimating the Speedup

We define the speedup by the co-optimization of a co-optimizable subgraph as
Rspeedup =

Lregular

Ldecompose
where Ldecompose and Lregular represent the end-to-end

latencies incurred by the decomposed pipeline and regular pipeline, respectively.
A larger value of Rspeedup means a high speedup, while a value smaller than 1
indicates a slowdown instead. The system applies the proposed co-optimization
strategy if Rspeedup exceeds a user-defined threshold. We mainly use a symbolic
approach based on a knowledge representation with six key factors for estimating
the speedup:
Factor 1: The reduction in the volume of data to be joined (RJ ), brought by the
co-optimization strategy. Denoting the estimated join cardinality and the number
of columns in the original and the decomposed join as |z|, din, and ddecompose

respectively, RJ =
α∗|z|∗ddecompose

α∗|z|∗din
, which simplifies to RJ =

ddecompose

din
, where α

represents a joining latency factor.
Factor 2: The reduction in the latency of the decomposable part of the model
(RI), brought by the co-optimization strategy. Without co-optimization, the
decomposable model part, denoted as Mdc, is executed against |z| samples. On
the other hand, a decomposed strategy runs Mdc for Σi=k

i=1 |xi| samples where |xi|
represents the number of tuples in data silo xi. The latency of executing Mdc can
be modeled by β ∗S ∗FP , with β, S, and FP , representing the inference latency
factor, #samples and FLOPs (floating point operations) of Mdc respectively.
Therefore, RI can be represented as RI =

Σi=k
i=1 |xi|∗FP i

dc

|z|∗FPdc
, where FPdc is the total

FLOPs in the model Mdc and FP i
dc stands for FLOPs in the decomposed part

of model Mdc corresponding to the data silo xi.
Factor 3 and 4: Rtotal

join and Rtotal
wb are obtained by the neural approach in Section

4.1. A high value of the ratio Rtotal
join means that the execution time of the join

operators constitutes a significant portion of the end-to-end latency. Therefore,
optimization of the join operations may significantly accelerate the execution of
the pipeline. Moreover, a higher value of the ratio Rtotal

wb indicates that we have
the opportunity to reduce the end-to-end latency of Mdc as discussed in Factor 2.
Factor 5 and 6: The total number of columns across all data silos (D), denoted
as D = Σi=k

i=1 |di|; and cardinality of the join output (|z|). The intuition is based



on the observation that if the total number of input features D is small, the
reduction in join latency is not significant, irrespective of the value of the ratio
RJ . Similarly, a lower value of |z| reveals that the latencies of executing the join
operators and the decomposable model Mdc are already small, and the effects of
co-optimizing these operators will be trivial.

Finally, we modeled the speedup using the knowledge representation of
(RJ , RI , R

total
join , R

total
wb , D, |z|). We trained a random forest model and created

the training and testing samples from the pairs we previously created for con-
trastive learning (Section 4.1).

The details of the contrastive learning model and the random forest model,
and their training processes, can be found in Section 6.2.

5 Query rewriter

Once the cost model recommends co-optimization, the query rewriter will rewrite
the IRs. First, it rewrites the relational algebra IR to pull up join operations
as top as possible using existing rewriting rules [6,14]. Second, it rewrites the
co-optimizable subgraph’s IR (e.g., ONNX IR). In our implementation, a de-
composable ONNX model, M , is first split into decomposable (Mdc) and non-
decomposable ( Mndc) parts. Then, Mdc is further decomposed into k models:
M1

dc,M
2
dc, ...M

k
dc, where k stands for #data silos in the input query. We imple-

mented a set of user-defined functions (UDFs) in DuckDB and Velox. Each UDF
implements a decomposed or non-decomposable component or an aggregation
function for the supported models. Taking a fully connected neural network as
an example, we implemented three UDFs to support its decomposition and push
down. The first UDF implements matrix multiplication by invoking LibTorch’s
corresponding API, and it can be parameterized at run-time by supplying a
weight matrix and its shape. Then, the UDF is invoked from an SQL query to
run matrix multiplication between each input vector (or a batch of input vectors)
and the weight matrix. The second UDF implements the non-decomposable part
of the model by invoking LibTorch’s APIs for matrix addition, ReLU, matrix
multiplication, softmax, etc, where the number of layers and the weight matrix
for the rest of the layers could be configured when constructing the UDF. The
third UDF transforms each joined tuple into an aggregated format by invoking
the matrix addition from the LibTorch library, e.g., t1.vec + t2.vec in Figure 1.

During the rewriting processes, these functions are automatically selected and
parameterized for the decomposable and non-decomposable parts identified by
the query analyzer. Then these selected UDFs are nested with the rewritten SQL
query to compose the final query, as illustrated in the pink box of Figure 1. If a
decomposable neural network model is identified, but there are no corresponding
UDFs for the decomposable and non-decomposable parts, we can leverage ONNX
IR to automatically generate such functions. ONNX supports converting a sub-
graph into an ONNX model, which can be converted to PyTorch or TensorFlow
models utilizing the libraries such as onnx2torch [9].



The supported preprocessing operators also have corresponding UDFs pre-
defined by invoking Scikit-Learn functions. Such functions will be selected by
parsing the JSON string (as illustrated in Listing 1.1), and nested with the SQL
query in a way that they were pushed down to the data silos.

By executing the rewritten query in the corresponding UDF-centric database
environments (i.e., in this paper, DuckDB is used for most workloads), data from
a silo xi (loaded from an external database as a Pandas dataframe using Connec-
torX [25] if possible) is sent to preprocessing UDFs and a UDF encapsulating
the model M i

dc to generate the intermediate results. These intermediate results
will be joined, and further transformed into the final prediction results.

6 Experimental evaluation

The experimental evaluation focuses on several questions: R1. How effective is the
proposed ExBoost co-optimization strategy for different types of AI/ML applica-
tions? R2. How does the effectiveness change with the varying data distribution
across datasets to be joined? R3. How accurate are the proposed cost ratio and
speedup estimations? Since our factorization strategy converts the input model
into an equivalent one that generates similar output, the prediction/classification
accuracy of a factorized model is exactly similar to that of the corresponding
input model. Therefore, we do not need to evaluate the prediction/classification
accuracy of the factorization strategy.

6.1 Experimental Environment

AI/ML applications. We considered classification tasks using FC neural net-
works with different numbers of layers and different neurons at each layer.
Workloads. In this evaluation we mainly considered two synthetic workloads
and one real-world workload. Each workload consists of one join query and one
or more AI/ML applications that consume the query output. (1) Synthetic
Workloads (Epsilon and Bosch). The Epsilon dataset is a well-known dataset
from the Pascal data challenge [24], with 2, 000 features and 0.5 millions of
tuples. The Bosch dataset [17] is a well-known manufacturing dataset that
represents measurements of parts as they move through Bosch’s production
lines, having 968 features and 1.18 millions of tuples. We vertically split both
datasets into 2, 5, and 10 parts. The SQL queries in the workloads will join
these parts based on the similarity of a shared feature column after min-max
scalarization. 2. Real-world Workload (NYC). This workload consists of
an SQL query that prepares features by preprocessing and joining the NYC
block-level earnings dataset [2] (D1) and the NYC education dataset [1] (D2). D1
and D2 contain 108, 487 and 2, 216 records, respectively. We extracted 56 and
47 features from D1 and D2, respectively, after removing identification-related
information and performing constant-based feature imputations. Both datasets
include geographical coordinates denoted as coord, which were utilized to join
D1 and D2 using a complicated join predicate euclidea_distance(D1.coord,



D2.coord) < t, and the threshold t was later adjusted in the experiments to
manage the output cardinality of the join queries.

System Environments We used an Ubuntu Linux machine with 48 CPU cores
(Intel Xeon CPU E5-2687 3.00GHz) and 32GB memory size. For all workloads,
the input data is stored in PostgreSQL 15. We use the ConnectorX 0.2.3 library
to fetch data as a Pandas dataframe (Pandas version 2.2).

6.2 Optimizer Implementation Details

Contrastive Learning for Assessment of Processing Bottleneck Training
Data Preparation. To determine the ratios of the join processing and the
processing of the decomposed ML to the end-to-end inference workflow latency,
we prepare the training and test data for contrastive learning. We generated 250
unique end-to-end inference workflows using different combinations of white-box
architectures (i.e., join query and decomposable part of the ML model) and
black-box architectures (i.e., non-decomposable part of the ML model). We record
the latencies corresponding to joins, white- and black-box components for these
250 executions in files. In addition, we also extract and record the feature vectors
corresponding to the white- and black-box components in separate files. After
removing duplicate feature vectors, we get 159 unique feature vectors of white-box
components and 118 of the black-box component. We split these feature vectors
into 80% training and 20% test sets. Leveraging the idea of contrastive learning,
after pairing vectors corresponding to the white box and black box component
with cross products, we get 11938 training pairs and 768 test pairs. We ensure
that feature combinations used for testing in our experimental evaluation fall
under the set of test pairs.
Model Architecture and Training Details. In our implementation, the
network has 7 fully connected (FC) layers consisting of 64, 128, 256, 128, 64, 32,
and 1 output neuron respectively. Each FC layer is followed by a ReLU activation
function. Each of the second, third, fourth, and fifth activation layers follow a
dropout of 0.4, 0.5, 0.4, and 0.4, respectively. We apply ReLU activation after
the last FC layer to force the predicted latencies to be positive. We train the
model for 150 epochs with Adam optimizer using a learning rate of 0.00005.

Estimation of the Speedup Based on the Proposed Knowledge Rep-
resentation Training Data Preparation. We leverage the 250 inference
workflows prepared in Section 6.2 to extract features following our proposed
knowledge representation and implement the proposed model decomposition and
push-down technique to these workflows to obtain the measured speedup.
Model Architecture Details. By performing random sampling on different
combinations of the number of trees and depth of trees, we found that the model
performs the best for 200 trees with a max depth of 20, which we used for our
cost estimation task.



6.3 Baselines

We compare the following approaches in terms of memory consumption and
runtime requirements. (For all of these approaches, the underlying join algorithm
(hash join or sort-merge join) is carefully selected for each test case to achieve
the lowest latency.)

– Regular Join: This baseline simply joins multiple data silos based on the
equality of the join key, and each joined record includes all features.

– Index Join: This is an optimized join strategy for dimension reduction [18],
in which each joined record only includes the IDs of the joined tuples from
both data silos and the joining key. Later, the feature vector is lazily created
from the tuples indexed by their IDs, during the inference process.

– ExBoost: This approach implemented our proposed co-optimization strategy
based on model decomposition and push-down as illustrated in Figure 1.

It should be noted that existing factorization approaches [22,12,21,13] do not
support our target inference workloads containing multilayer neural networks.

6.4 R1. Effectiveness of ExBoost

The evaluation results of ExBoost on the synthetic and real-world workloads are
reported in Tables 1. Both synthetic datasets, Epsilon and Bosch, are vertically
partitioned into two splits with equal number of features respectively (we will
discuss the case of using 5 and 10 partitions in Section 6.5). For the evaluation
with various neural networks, when varying the number of neurons (N) in the
split layer (i.e., the layer that separates the decomposable ML operators from the
rest of the ML operators), cardinality ratio (R, i.e., ratio of the output cardinality
to the input cardinality of join processing) is kept fixed to 10, while N is set to
1024 for evaluating various R values.

As illustrated in Table 1, ExBoost achieved up to 8× speedup compared to
the regular join on Epsilon, Bosch, and NYC datasets. It also exhibits 2.65×
speedup compared to the index join on these datasets. Our approach with the
varying number of neurons at the split layer of the ML model, consistently outper-
forms other baselines with significant latency reduction, while the performance
gain slowly improves as the size of the split layer increases. Results on various
cardinality ratio indicate that the decomposed join performs significantly better
as the cardinality ratio increases (which is the usual case for most join scenarios).
Besides, ExBoost outperforms regular join even when the cardinality ratio is 1.
Although the datasets (D1 and D2) in the NYC workload have fewer #features
than Epsilon and Bosch datasets and the input cardinality of D2 is significantly
low, yet the speedup achieved by ExBoost is similar to that of synthetic workloads.
It indicates that ExBoost is effective regardless of the combinations of input
cardinalities and input #features, as long as the cardinality of the join query is
higher than the total cardinalities of input datasets.



Table 1: Evaluating Elapsed Time (Milliseconds) of Neural Networks
Method Neurons in split layer (N) Ratio of cardinality (R)

N=64 N=128 N=512 N=1024 R=1 R=5 R=10 R=15 R=20

Epsilon
Regular Join 118,216 128,001 177,432 236,926 20,255 85,084 236,926 357,019 541,200
Index Join 40,780 44,393 61,013 81,579 18,878 44,128 81,579 117,055 176,294
ExBoost 22,910 24,663 32,980 43,393 19,665 28,842 43,393 53,207 68,067

Bosch
Regular Join 134,914 140,732 193,814 255,400 24,810 100,241 255,400 373,100 564,224
Index Join 47,220 49,055 67,227 88,846 21,958 48,894 88,846 123,096 186,902
ExBoost 25,945 26,806 35,759 46,170 23,360 31,342 46,170 55,200 70,529

NYC
Regular Join 97,832 107,467 152,807 213,988 20,016 69,801 213,988 300,429 389,608
Index Join 31,604 34,653 50,130 71,607 16,760 38,172 71,607 94,571 123,173
ExBoost 20,130 21,932 30,199 41,632 17,121 27,266 41,632 47,763 52,864

6.5 R2. Varying Data Partitions (Silos)

To assess the effectiveness of ExBoost on datasets with more than two data silos,
we partition the features of the Epsilon and Bosch datasets into five distinct
groups with equal number of features. From each data silo, we choose one column
as the joining key. Table 2 presents the latency comparisons across different
methods using datasets partitioned into five silos. Unlike two-silo experiments,
the cardinality ratio (R) is kept fixed at 20 instead of 10 while varying the
number of neurons (N) during the evaluation with neural networks. The results
indicate that the ExBoost’s decomposed join approach outperformed regular and
index join baselines, achieving a speedup of up to 9× and 2.18× respectively. In
addition, speedup tends to increase as the ratio of output cardinality to input
cardinality rises. Note that the ratios of output cardinalities to input cardinalities
are higher in the five-silo datasets compared to the two-silo experiments because
the output cardinality increases with each join operation.
Impact of Input Cardinality Distributions. We partition the features of
the Epsilon dataset into 10 distinct groups, each having an equal number of
features. To evaluate the impact of input cardinality distributions on the speedup
of the proposed approach, we create three versions of this 10-silo workload by
varying the number of records in various silos such that it follows three different
distributions: uniform, normal [23], and fat tail [20]. For all three distributions, we
keep the total number of records combining all 10-silos equal, which is 100k. Table
3 shows a comparison among three types of distributions in terms of the end-to-
end execution time (milliseconds) where parameters N and R are kept similar
to 5-silo experiments. Although end-to-end latency for the same baseline differs
from one distribution to another (because joining latency varies significantly
across distributions), ExBoost’s decomposed join always outperforms the other
two baselines. For a higher ratio of output cardinality to input cardinality, the
proposed method can outperform regular join and index join baselines by up to
17.7× and 1.9×, respectively.

Table 2: Elapsed Time (Milliseconds) of Neural Networks with 5 silo datasets
Method Neurons in split layer (N) Ratio of cardinality (R)

N=64 N=128 N=512 N=1024 R=1 R=10 R=20 R=40 R=60

Epsilon
Regular Join 1,722,786 1,797,079 1,981,414 2,081,700 909,185 1,561,562 2,081,700 4,402,580 7,881,382
Index Join 320,481 335,098 368,559 386,300 94,060 196,042 386,300 983,650 1,949,888
Exboost 238,944 247,873 270,685 287,765 95,220 134,592 287,765 524,400 893,184

Bosch
Regular Join 2,350,348 2,396,388 2,542,048 2,700,111 900,055 1,145,138 2,700,111 4,930,205 8,515,354
Index Join 431,237 442,637 477,631 501,518 161,281 278,399 501,518 1,044,626 2,019,326
Exboost 315,483 321,361 340,529 360,299 167,318 222,104 360,299 614,904 941,964



Table 3: Impact of Input Cardinality Distribution on a 10 silo Dataset
Method Neurons in split layer (N) Ratio of cardinality (R)

N=64 N=128 N=512 N=1024 R=1 R=10 R=20 R=40 R=60

Uniform
Distribution

Regular Join 273,778 276,530 311,946 327,470 14,492 165,210 327,470 677,797 1,166,274
Index Join 36,853 39,526 55,296 71,683 5,095 34,758 71,683 143,042 210,780
ExBoost 35,267 35,560 37,985 39,775 4,361 19,960 39,775 72,324 116,971

Normal
Distribution

Regular Join 283,191 329,201 420,524 473,023 34,015 147,481 473,023 1,035,922 1,367,417
Index Join 38,310 44,729 57,883 67,737 6,580 34,798 67,737 143,059 173,534
ExBoost 19,645 22,190 30,092 34,941 5,843 19,959 34,941 65,369 97,744

Flat Tail
Distribution

Regular Join 798,285 831,109 906,501 950,450 40,805 432,023 950,450 2,233,557 3,092,676
Index Join 118,626 125,723 139,345 149,631 82,533 113,991 149,631 228,894 298,079
ExBoost 88,203 93,121 106,026 113,112 81,329 96,074 113,112 149,757 174,028
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Fig. 2: Evaluating the cost model by comparing the predicted and the measured speedup

6.6 R3. Optimizer and Cost Estimation

To address R3, we compare the speedup of the ExBoost’s decomposed join
strategy as estimated by our optimizer’s cost model (Section 4) to the measured
speedup with different configurations of the ML operators, such as the number
of neurons at the split layer of linear models and the varying ratio of cardinality
of the join operator. As illustrated in Figure 2, we find the values predicted by
the cost model are very close to the actual speedups, within ±5% of the actual
ratios for more than 93% of testing cases, which proves the effectiveness of our
novel cost model.

Table 4: Ablation Study of the Optimizer
Ratio Method MSE MAE
Rtotal

wb W/O Attention 0.0021 0.0258
W/ Attention 0.0014 0.0182

Rtotal
join W/O Attention 0.0021 0.0273

W/ Attention 0.0016 0.0192

(a) Impact of Attention

Method MSE MAE
W/O Rtotal

join and Rtotal
wb 0.4202 0.3422

W/O Rtotal
join 0.0314 0.1313

W/O Rtotal
wb 0.0432 0.1478

W/ Rtotal
join and Rtotal

wb 0.0259 0.1274

(b) Impact of Rtotal
join and Rtotal

wb

Effectiveness of Attention Mechanism in the Assessment of Processing
Bottleneck. In Section 4.1, we proposed an attention-based neural network to
predict what fraction of the end-to-end latency is constituted by the joining
and the entire white box component, which were denoted as Rtotal

join and Rtotal
wb ,

respectively. To evaluate the effectiveness of the attention mechanism in predicting
Rtotal

join and Rtotal
wb , we also predict these ratios by skipping the attention layer.

We report the Mean Squared Error (MSE) and Mean Absolute Error (MAE) of
these two networks (without attention and with attention) in Table 4. Based on
the results, it is evident that the attention mechanism can reduce the errors of
predicting Rtotal

wb and Rtotal
wb by up to 33% and 30%, respectively. The results of



this study prove that the attention mechanism can capture the relative importance
of various features which results in a lower prediction error.
Effectiveness of Rtotal

join and Rtotal
wb in Estimating Speedup. We study the

impact of joining latency to end-to-end latency ratio (Rtotal
join ) and white-box

latency to end-to-end latency ratio (Rtotal
wb ), proposed in Section 4.1, in estimating

the speedup achieved by ExBoost. Based on the prediction errors (MSE and MAE)
reported in Table 4, we can state that the model performs the worst without
Rtotal

join and Rtotal
wb . Appending any of these two ratios reduces the prediction error

significantly, and we achieve the best performance in the presence of both ratios,
a reduction of 94% in MSE and 63% in MAE, which validates the effectiveness
of Rtotal

join and Rtotal
wb in estimating the speedup.

7 Conclusion

In this work, we explore the co-optimization of the join queries and ML infer-
ence operations in data science pipelines, where features for ML inference are
integrated by performing joins between various data silos. We identify a set of
decomposable ML operators and propose a novel optimizer that automatically
determines whether the proposed model decomposition and push-down strategy
(i.e., ExBoost) can accelerate the end-to-end pipeline execution using a neural-
symbolic cost model and automatically rewrite the data science workflow to apply
the co-optimization. Evaluation results on popular ML datasets show that the
proposed co-optimization strategy can speedup the execution by up to 17.7×.
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