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Real-world AI/ML workflows often apply inference computations to feature vectors joined from multiple
datasets. To avoid the redundant AI/ML computations caused by repeated data records in the join’s output,
factorized ML has been proposed to decompose ML computations into sub-computations to be executed on
each normalized dataset. However, there is insufficient discussion on how factorized ML could impact AI/ML
inference over multi-way joins. To address the limitations, we propose a novel declarative InferF system,
focusing on the factorization of arbitrary inference workflows represented as analyzable expressions over the
multi-way joins. We formalize our problem to flexibly push down partial factorized computations to qualified
nodes in the join tree to minimize the overall inference computation and join costs and propose two algorithms
to resolve the problem: (1) a greedy algorithm based on a per-node cost function that estimates the influence
on overall latency if a subset of factorized computations is pushed to a node, and (2) a genetic algorithm for
iteratively enumerating and evaluating promising factorization plans. We implement InferF on Velox, an
open-sourced database engine from Meta, evaluate it on real-world datasets, observed up to 11.3× speedups,
and systematically summarized the factors that determine when factorized ML can benefit AI/ML inference
workflows.
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1 Introduction
Running AI/ML inferences over data denormalized from multiple tables is a prevalent pattern in
data science pipelines. Out of 2,000 most recent Jupyter notebooks involving at least one join, which
we crawled from Github, 18.6% of them contain 6 to 101 joins. Moreover, among the 173,851 SQL
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files in The Stack [41] that contain at least one join and represent feature processing and other
analytics tasks, 29.6% involve 6 to 3,573 joins.

Data denormalization introduces data redundancy, causing redundant AI/ML computations. For
example, the normalized IMDB tables require only 1.2 gigabytes of storage, whereas the fully denor-
malized IMDB tables exceed 1 terabyte [31], representing nearly a 1000× increase due to redundant
data replication across joins, which leads to redundant (sub-)inference computations. To address
the problem, factorized ML [16, 31, 43, 49, 70, 71] is proposed to run the end-to-end processing
in the database, decompose the ML computations, and push the decomposed computations down
through the join operators. However, most of the existing factorized ML works focus on the AI/ML
training process, including F [71] for regression models, FL [43] for generalized linear models,
LMFAO [70] for decision trees, Bayesian networks, etc., JoinBoost [31] for gradient boosting trees,
Morpheus [16] and MorpheusFI [49] for linear algebra operators in training workloads. None of the
existing in-database factorized ML systems [7, 16, 31, 40, 43, 49, 56, 57, 70–72] have systematically
explored the potential of factorized ML for the inference process. In particular, considering the
diversity of data and join cardinalities in multi-way join queries, fine-grained factorization of infer-
ence computations and selective (group) push-down strategies could yield substantial performance
improvements, which haven’t been discussed in any existing works. Furthermore, existing systems
primarily focus on factorizing specific ML models, operators, or transformed semirings, making
them difficult to generalize to arbitrary inference workflows.
To bridge the gap, we first formalize the problem of optimizing AI/ML inference computations

over multi-way joins without affecting inference accuracy. In contrast to existing works, which
focus on the training processes, our system focuses on factorizing the model inference process. We
aim to accelerate the inference of pretrained models over relational data. In our target scenarios, the
testing dataset to be scored is first prepared using feature extraction queries, which are then applied
with AI/ML inference functions for popular models such as deep neural networks, decision trees,
and nearest neighbor search, to drive insights and decision-making. This scenario is ubiquitous in
data science pipelines and enterprise ML applications [9, 13–15, 24, 25, 48, 85–87]. For example,
in 130 customer engagements with Microsoft, the requirements of 91% of them were captured
by such batch inference [59]. Additionally, our work can be applied to more complex inference
queries where AI/ML-based filter predicates and projections are nested within SQL [59, 84]. It is
critical to reduce the end-to-end latency of inference queries to improve user experiences and
reduce operational costs, since inference queries drive up to 90% of costs associated with ML in the
enterprise [1, 2, 17, 74].

Our work focuses on addressing the following challenges:
Challenge-1: Exponential Search Space. Flexibly assigning each group of factorized arbitrary
(sub-)computations to datasets or join nodes to minimize execution costs is a new problem, which
faces an exponential search space, as analyzed in Sec. 3.1.
Challenge-2: Cost Estimation. Given the diverse inference workflows with different complexity
and output dimension size of each factorized sub-computation, different number and cardinalities of
join operators, and different sizes of underlying datasets, it is hard to understand the key trade-offs
that determine the benefits and costs of each fine-grained factorization and push-down plan.
Challenge-3: Arbitrary Inference Workflows. AI/ML inference computations are often encap-
sulated in UDFs that are opaque to query optimizers, making it hard to analyze which portions
of inference workflows are factorizable, and which tables or intermediate joins the computations
could be pushed to.
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To the best of our knowledge, no existing in-DB factorized ML system has addressed the afore-
mentioned challenges. In this work, to address the challenges, we propose a declarative system
called InferF with the following key contributions:
(1) A New Problem Formalization. Prior systems focus on abstracting the training process as a
batch of aggregation queries (e.g., LMFAO [40, 56, 70, 71]), a semi-ring [31, 72], or iterative linear
algebra workflows [16, 43, 49] and introduce rules to determine “how to factorize” for training
using specific learning algorithms. None of these works formalize optimization problems on how to
factorize the underlying abstraction to achieve the best performance. Unlike them, we provide the
first formal definition of the fine-grained factorization optimization problem for general

inference workflows over multi-way joins. Our formulation supports group push-down for
aggressive aggregation of intermediate inference results, proves NP-hardness, and shows that
factorization optimization can be safely decoupled from join-order optimization, enabling
principled reasoning beyond model-specific or rule-based strategies. Our formulation has no
assumptions on model types, join order, join algorithms, or table/feature ratios.
(2) New Optimization Algorithms. Existing factorized ML systems rely on simplified decision rules
based on counts of GroupBy attributes in each view (e.g., LMFAO [70]), tuple/feature ratio (e.g.,
Morpheus [16]), or cost analyses specific to iterative batch gradient descent (e.g., FL [43]), making
training-specific decisions such as selecting a view for each aggregation query [31, 70], or coarse-
grained decisions such as determining whether to perform factorization [16, 43]. None of them can
be applied to factorize inference computations that are not iterative and do not involve feature-level
aggregations tomake fine-grained decisions that assign each factorized sub-computation to a node in
a join tree. In contrast, we introduce two cost-driven, model-agnostic optimization algorithms

that systematically explore the exponential search space of the fine-grained factorization and
push-down plans for inference workflows. The first is a genetic evolutionary optimizer [12]
that operates at the plan level, using our unified cost model to evolve candidate push-down plans
through mutation and crossover while balancing computation and I/O trade-offs. The second
is a greedy benefit-first optimizer that iteratively selects the next best node in a join tree
for factorized computation based on a lightweight node-level cost function combining Sobol

sensitivity analysis [69, 80] with a learned logistic regression benefit predictor. Together,
these algorithms move beyond heuristic or rule-based optimization, offering the first principled
framework for cost-based inference factorization.
(3) A New Factorization Framework in UDF-Centric Database. We allow relational algebra operators
to be customized by AI/ML logics that are described by an analyzable expression. The expression
represents a directed acyclic computational graph, where a node can be an expression operator, such
as arithmetic operations, relation operations, bit operations, conditional operations, and atomic
user-defined functions (UDFs). The expression graph will be analyzed to identify subgraphs that
only rely on one source relation independently and could be factorized and pushed down.
(4) Implementation, Evaluation, and Insights. Finally, we implemented the InferF system onVelox [62],
a high-performance, UDF-centric database engine open-sourced from Meta. We conducted an ex-
perimental evaluation on synthetic and real-world inference query workloads to understand the
effectiveness of the proposed InferF approach across diverse use scenarios. Our evaluation results
show that our proposed factorized ML approach achieved up to 11.3× speedup over the best
baseline within Velox, and outperforms the best of other in-DB ML systems by up to 18.7×. We
also provide a list of empirically verified observations about whether and when factorized ML will
benefit end-to-end inference workflows.

To our knowledge, InferF is the first system to address end-to-end factorization optimization of
AI/ML inference over multi-way joins, especially for opaque and non-linear inference workflows. It
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bridges a practical gap between modern inference workloads and database optimization strategies,
opening new possibilities for cost-effective, production-scale AI/ML inference.
2 Background
In this section, we first demonstrate the lossless factorization of the inference processes for pre-
trained models—such as FFNNs, decision trees, and product quantization—as well as user-defined
inference workflows over features derived from multi-way relational joins. We then present its
potential benefits.
2.1 Factorization of Inference Processes
2.1.1 FFNN. Taking a fully connected (FC) layer with the weight matrix𝑾 of shape 𝑛 × 𝑘 as an
example, the layer will convert an 𝑛-dimensional input feature vector 𝒙 into 𝑘 hidden features
(or outputs) using 𝜎 (𝑾𝑻𝒙 + 𝒃), where 𝜎 represents the activation function such as ReLU and 𝒃
represents a bias vector. We suppose the features sent to the layer are created by an𝑚-way join
over 𝑅1,...,𝑅𝑚 , so that a sub-feature-vector 𝒙 𝒊 is derived from 𝑅𝑖 . Then,𝑾 can be co-partitioned
into𝑚 submatrices corresponding to sub-feature-vectors 𝒙1,..., 𝒙𝒎 , so that the 𝑖-th partition𝑾𝒊

has a shape of 𝑑 (𝒙 𝒊) × 𝑘 , where 𝑑 (𝒙 𝒊) represents the number of features in 𝒙 𝒊 .𝑾𝒊 represents the
weight parameters at all edges that connect the features of 𝒙 𝒊 and all 𝑘 hidden/output neurons.
Then, we have factorization𝑾𝑻𝒙 = Σ𝑚𝑖=1𝑾

𝑻
𝒊 𝒙 𝒊 . Each component𝑾𝑻

𝒊 𝒙 𝒊 can be pushed down to be
computed over the scan node corresponding to 𝑅𝑖 or any of its ancestor join nodes. In addition,
the computation of Σ𝑣

𝑖=𝑢𝑾
𝑻
𝒊 × 𝒙 𝒊 can be pushed down to the output of 𝑅𝑢 ⊲⊳ ... ⊲⊳ 𝑅𝑣 , which is the

joined output of 𝑅𝑢 , ..., 𝑅𝑣 , where 1 ≤ 𝑢 ≤ 𝑣 ≤𝑚.
Fig. 1 illustrates an example of factorizing the first matrix_multiply (matMul) of a two-layer

FFNN into four smaller matMul operators, matMul1 (denoted 𝑓1), matMul2 (𝑓2), matMul3 (𝑓3), and
matMul4 (𝑓4), with each multiplying a subvector of 𝒙 associated with one of source datasets (A, B,
C, and D) to the corresponding partition of weight matrix𝑾 . 𝑓1, 𝑓2, 𝑓3, and 𝑓4 can be pushed to
Scan A, Scan B, Scan C, and Scan D, as well as their ancestor nodes, respectively.
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Fig. 1. Illustration of Factorized FFNN Inference

2.1.2 Decision Tree. Then, we consider a decision tree 𝑇 implemented using the QuickScorer
algorithm [51, 52]. First, a decision tree 𝑇 consists of (1) leaf nodes 𝑇𝐿 = {𝑙𝑖 }, and (2) intermediate
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nodes 𝑇 𝐼 = {𝑛𝑖 = (𝑓 𝑖𝑑, 𝑡𝑖 , 𝑣𝑖 )}, where 𝑓 𝑖𝑑, 𝑡𝑖 represents the feature index and the threshold of the
𝑖-th tree node 𝑛𝑖 respectively, forming a predicate 𝑝𝑖 : 𝒙 [𝑓 𝑖𝑑] < 𝑡𝑖 . For the tree node 𝑛𝑖 , 𝑣𝑖 is a bit
vector encoded for 𝑛𝑖 , where each bit corresponds to a leaf node. If 𝑣𝑖 [𝑑] = 1, it means that if 𝑛𝑖 is a
false node (i.e., 𝑝𝑖 (𝒙) = 𝐹𝑎𝑙𝑠𝑒), the 𝑑-th leaf node 𝑙𝑑 is possible to be the exit leaf, and if 𝑣𝑖 [𝑑] = 0,
𝑙𝑑 is impossible to be the exit leaf if 𝑛𝑖 is a false node. The index of the exit leaf of the decision tree
will be the index of the leftmost non-zero digit (i.e., number of trailing zeros) of ∧

𝑝𝑖 (𝒙 )=𝐹𝑎𝑙𝑠𝑒∧𝑛𝑖 ∈𝑇 𝐼
𝑣𝑖 .

The details are described in the QuickScorer algorithm [51, 52].
Based on the above algorithm, supposing the features input to the decision tree are the output

of an 𝑚-way join of 𝑅1,...𝑅𝑚 , i.e., 𝒙 = 𝑐𝑜𝑛𝑐𝑎𝑡 (𝒙1, ..., 𝒙𝒎), where 𝒙 𝒊 corresponds to 𝑅𝑖 . Then, if
the nodes in 𝑇 𝐼 are partitioned into𝑚 node groups 𝑇 𝐼1,...,𝑇 𝐼𝑚 , so that all nodes in the 𝑖-th group
have predicates involving only features from 𝑅𝑖 , the function 𝑑𝑡 ′ (𝒙,𝑇 𝐼,𝑇𝐿) = ∧

𝑝𝑖 (𝒙 )=𝐹𝑎𝑙𝑠𝑒∧𝑛𝑖 ∈𝑇 𝐼
𝑣𝑖

can be factorized into 𝑑𝑡 ′ (𝒙,𝑇 𝐼, 𝑇𝐿) = 𝑑𝑡 ′ (𝒙1,𝑇 𝐼1,𝑇𝐿) ∧ ... ∧ 𝑑𝑡 ′ (𝒙𝒎,𝑇 𝐼𝑚,𝑇𝐿). The final predic-
tion 𝑑𝑡 (𝒙,𝑇 𝐼,𝑇𝐿) = 𝑛𝑢𝑚𝑇𝑟𝑎𝑖𝑙𝑖𝑛𝑔− 𝑍𝑒𝑟𝑜𝑠 (𝑑𝑡 ′ (𝒙,𝑇 𝐼,𝑇𝐿)). Similar to DNN (Sec. 2.1.1), each sub-
computation 𝑑𝑡 ′ (𝒙 𝒊,𝑇 𝐼𝑖 ,𝑇𝐿) can be pushed down to the scan node of 𝑇 𝐼𝑖 or its ancestor nodes.

2.1.3 Product Quantization. Finally, we give an example of product quantization [38], which is
a popular nearest neighbor search algorithm for high-dimensional vectors. Given a query vector
𝒙 joined from𝑚 relations 𝑅1,...𝑅𝑚 , we can efficiently compute the approximate distance between
𝒙 and any database vector 𝒗𝒊 ∈ 𝑉 , leveraging a precomputed centroid matrix 𝑾 and encoding
of 𝒗𝒊 . To obtain the centroid matrix𝑾 , we first partition 𝑣𝑖 ∈ 𝑉 into𝑚 parts. Then, for the 𝑘-th
part, we have 𝑛 subvectors and cluster them into 𝑙 clusters, and obtain the centroid of each cluster.
Therefore,𝑾 [𝑖] [ 𝑗] represents the centroid of the 𝑗-th cluster associated with the 𝑖-th partition.
Each vector in the database 𝑣𝑖 ∈ 𝑉 is encoded as (𝑐𝑖1, ..., 𝑐𝑖𝑙 ), where 𝑐

𝑖
𝑘
represents the ID of the cluster

to which the 𝑣𝑖 ’s 𝑘-th subvector belongs.
The process of computing the approximate distance between a query vector 𝒙 and a data-

base vector 𝒗𝒊 is abstracted in three steps: (1) Partition 𝒙 into𝑚 parts 𝒙1, ..., 𝒙𝒎 corresponding
to 𝑅1,...,𝑅𝑚 ; (2) For the 𝑘-th part, compute the partial approximate distance 𝑑𝑖𝑘 between 𝒙𝒌 and
the 𝑘-th part of 𝑣𝑖 by using the centroid of the cluster 𝑐𝑖𝑘 to replace the actual 𝑘-th part of 𝑣𝑖 ; (3) return

𝑎𝑝𝑝𝑟𝑜𝑥𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝒙, 𝒗𝒊,𝑾 ) =
√︃

𝑚∑︁
𝑘=1

𝑎𝑝𝑝𝑟𝑜𝑥𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝒙𝒌 ,𝑾 [𝑘] [𝑐𝑖𝑘 ])
2 =

√︃
𝑚∑︁
𝑘=1

𝑎𝑝𝑝𝑟𝑜𝑥𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝒙𝒌 , 𝒗𝒊𝒌 ,𝑾𝑘 )2,

where 𝒗𝒊𝒌 is the 𝑘-th partition of 𝑣𝑖 and𝑾𝑘 is the 𝑘-th partition of𝑾 .
Here, a sub-computation 𝑎𝑝𝑝𝑟𝑜𝑥𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝒙𝒌 , 𝒗𝒊𝒌 ,𝑾𝑘 ) can be pushed down to the scan node of

𝑅𝑘 or any of its ancestors.

2.1.4 User-Defined Inference Workflows. Fig. 2 illustrates a user-defined inference workflow that
applies the model inference (detailed in a computational graph, as illustrated in the right part of
Fig. 2) over features integrated by a 3-way join. The query can be optimized with factorization and
pushdown as follows: (1) Group1 and Group2 in the computational graph of the model inference
can be factorized from the computational graph, and pushed down to the scan nodes over 𝑅1 and
𝑅2, respectively, or their ancestor join node Join1. (2) MatMul3 can be factorized into Group3-1 and
Group3-2, which can also be pushed down to scan nodes of 𝑅1 and 𝑅2, respectively, or their ancestor
join nodes Join1. (3) MatMul4 can also be factorized into Group4-1 and Group4-2. Group4-1 can be
pushed to the output of Join1, while Group4-2 can be pushed down to the scan node over 𝑅3.

2.2 Motivations
Performing inference computation factorization and push-down yields two key benefits. (1) Re-
duced CPU cost. Factorizing and pushing down inference sub-computations to their corresponding
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matMul2
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matMul4
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eproj(i.e., the model inference expression)

Fig. 2. User-Defined Inference Workflow

source (normalized) tables eliminates redundant computations arising from duplicate feature values
in join outputs. However, pushing every sub-computation to base tables is not always optimal: if
some base tables have higher cardinalities than intermediate or root join nodes, this may increase
the total computation cost. Therefore, an effective plan must determine the optimal granularity
of factorization and the appropriate node in the join tree for each sub-computation to minimize
overall CPU cost. (2) Reduced I/O cost. Pushing down a factorized sub-computation does not
change node cardinalities but can reduce tuple width at the selected node and its ancestors. When
the output of a pushed-down computation is smaller than its input, subsequent joins transfer and
process fewer features, thereby lowering I/O cost. In addition, when multiple sub-computations are
pushed down to the same node, aggregating their outputs may further decrease the tuple width.
The join’s CPU cost remains unaffected since tuple counts are unchanged, but reduced tuple width
improves data movement efficiency across the plan.

3 Problem Formalization
In this section, we formalize the problem of optimizing the factorization and push-down plan
of inference computations over an𝑚-way join following a specific order. We then demonstrate
that the above optimization problem can be decoupled from the join order optimization without
compromising optimality.
3.1 Naive Factorization Optimization Problem
Without loss of generality, an𝑚-way join query, following a specific optimized join order with
all predicates and projections pushed down, is viewed as a binary tree consisting of 2𝑚 − 1 nodes,
a common abstraction in database query optimizers [21, 67]. Each of the𝑚 leaf nodes 𝑁1, ..., 𝑁𝑚

represents a scan operator that outputs all tuples from a source table 𝑅𝑖 to be joined. In addition,
each of𝑚 − 1 non-leaf nodes, 𝑁𝑚+1, ..., 𝑁2𝑚−2, stands for an intermediate join node. The join
operator at the root node (denoted as 𝑁2𝑚−1) of the tree outputs the final join result, which will be
consumed by a factorizable computation 𝑓 . 𝑓 may range from a simple linear algebra operator, such
as a left matrix multiplication operator, to an arbitrary inference application, e.g., the model in Fig. 2.
𝑓 could be factorized into𝑚 disjoint sub-computations 𝑓1, ..., 𝑓𝑚 so that 𝑓𝑖 only depends on the data
associated with the leaf node 𝑁𝑖 , 𝑖 = 1, . . . ,𝑚, and we have 𝑓 (𝒙) = 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 (𝑓1 (𝑹1), ..., 𝑓𝑚 (𝑹𝒎)),
where 𝒙 = 𝑹1 ⊲⊳ ... ⊲⊳ 𝑹𝒎). 𝑓𝑖 is only eligible to be pushed down to node 𝑁𝑖 or each ancestor node
of 𝑁𝑖 . Pushing down 𝑓𝑖 to the root node 𝑁2𝑚−1 means 𝑓𝑖 has not been pushed down.

The factorization optimization problem is an assignment problem [65] by assigning𝑚 factorized
computations to 2𝑚 − 1 nodes to optimize the overall performance by minimizing a global cost
function 𝑐 (𝒙) that evaluates the benefit of the assignment 𝒙 = {𝑥𝑖 𝑗 }, 𝑖 = 1, . . . ,𝑚, 𝑗 = 1, . . . , 2𝑚 − 1.
If 𝑓𝑖 is pushed down to node 𝑁 𝑗 , 𝑥𝑖 𝑗 = 1, otherwise, 𝑥𝑖 𝑗 = 0.
Taking the query plan in Fig. 1 as an example, its push-down decision matrix to optimize is

shown in Fig. 4(a), where 𝑥𝑖 𝑗 indicates whether the subcomputation 𝑓𝑗 should be pushed to node
𝑁𝑖 .
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3.2 New Problem Formalization
However, the naive problem did not consider that when multiple factorized computations are

pushed to a node—or when the results of such computations are propagated to it—it is possible
to further optimize the output size at that node by aggressively aggregating the results of all the
incoming factorized computations. For example, in Fig. 3, at the expression for node Project3 in the
rewritten query plan (after applying optimized push-down decisions), a matAdd operator aggregates
the outputs of descendants, 𝑦𝐴, 𝑦𝐵 , and 𝑦𝐶 , all are 30-dimensional vectors. This aggregation reduces
the output size from 30+30+30 = 90 to just 30 dimensions per tuple. This observation motivates us
to group factorized computations and push them jointly to a node whenever possible. At each node,
we consider only those computations that are eligible for push-down and not yet assigned

to any descendant node. Once a computation has been pushed to a subtree, it is consumed

and no longer available at ancestor nodes. We then choose between two options: (i) perform
no push-down at this node, or (ii) push down all eligible factorized computations to fully exploit
aggregation opportunities. We refer to this as a grouped push-down strategy, which naturally
excludes non-pushable operators while ensuring that pushed computations are not redundantly
applied higher in the join tree.

Project1

Scan D

Join1
⨝

Join2
⨝

Join3
⨝

Project4

matMul4

(10 attributes 
from A, yB)

matAdd
[b, 30]

Other ML 
Operators

for each batch of b tuples

Scan A Scan B

Project3
matAdd

matMul2

yB

(y’, 10 attributes from D) concat

Y’ + yD

Y’, yD

y’, xD

Project2

Scan C

yC

matMul3

matMul1

y’ = yA+yB+yC

yA

Fig. 3. Aggressive Aggregation on the Example in Fig. 1

f1 f2 f3 f4
ScanA (N1) 0 0 0 0
ScanB (N2) 0 0 0 0
ScanC (N3) 0 0 0 0
ScanD (N4) 0 0 0 0
Join1 (N5) 0 0 0 0
Join2 (N6) 1 1 0 0
Join3 (N7) 0 0 1 1

i xi

1 0
2 0
3 0
4 0
5 0
6 1
7 1

f1 f2 f3 f4
ScanA (N1) 0 0 0 0
ScanB (N2) 0 0 0 0
ScanC (N3) 0 0 0 0
ScanD (N4) 0 0 0 0
Join1 (N5) 0 0 0 0
Join2 (N6) 1 1 1 0
Join3 (N7) 0 0 0 1

i xi

1 0
2 0
3 0
4 0
5 0
6 0
7 1

f1 f2 f3 f4
ScanA (N1) 0 0 0 0
ScanB (N2) 0 0 0 0
ScanC (N3) 0 0 0 0
ScanD (N4) 0 0 0 0
Join1 (N5) 0 0 0 0
Join2 (N6) 0 0 0 0
Join3 (N7) 1 1 1 1

Non-Compressible 
Decision Matrix Compressed Compressed

(a) (b) (c) (d) (e)

Compressible 
Decision Matrix

Compressible 
Decision Matrix

Fig. 4. Compressible and Non-Compressible Decision Matrices

For example, Fig. 4 lists three assignment plans for the query given in Fig. 1. The plan in Fig. 4(a)
only pushes down 𝑓1 (matMul1) and 𝑓2 (matMul2) to 𝑁6 (Join2), while 𝑓3, which has not been
pushed to any descendant nodes of 𝑁6 and is thus available at 𝑁6, is not pushed to 𝑁6, but pushed
to 𝑁7. Therefor, it does not adhere to the grouped push-down strategy. It should be pruned for
the following reasons. If 𝑁6 has a lower output cardinality than 𝑁7, the plan in Fig. 4(b) will
outperform both plans in Fig. 4(a) and in Fig. 4(d), since pushing all 𝑓1, 𝑓2, and 𝑓3 to 𝑁6 will save
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more computational overhead (due to lower cardinality) and will also save more joining cost (due
to the size reduction brought about by aggressive aggregation at 𝑁6). Otherwise, if 𝑁7 has a lower
output cardinality than 𝑁6, the plan in Fig. 4(d) outperforms both plans in Fig. 4(a) and Fig. 4(b) for
similar reasons. Both plans in Fig. 4(b) and Fig. 4(d) follow the grouped push-down strategy.

Since we only consider the plans following grouped push-down strategy, the decision matrices
could be compressed into vectors 𝒙 = {𝑥𝑖 }, 𝑖 = 1, ..., 2𝑚 − 1, as illustrated in Fig. 4(c) and (e), where
𝑥𝑖 represents whether to push down all available factorized computations at 𝑁𝑖 , denoted as 𝐷𝑖 , to
𝑁𝑖 itself. Then the cost corresponding to a decision vector 𝒙 is denoted as 𝑏 (𝒙) as shown in Eq. 1.

𝑏 (𝒙) = 𝑖𝑛𝑓 𝑒𝑟𝑒𝑛𝑐𝑒_𝑐𝑜𝑚𝑝𝑢𝑡𝑎𝑡𝑖𝑜𝑛_𝑐𝑜𝑠𝑡 + 𝜆 × 𝑗𝑜𝑖𝑛_𝑖𝑜_𝑐𝑜𝑠𝑡

=
∑︂

𝑖 :𝑥𝑖=1
𝑛𝑖 · 𝑢 (𝑥≺𝑖 ) + 𝜆 ·

2𝑚−1∑︂
𝑖=1

𝑛𝑖 ·𝑤 (𝑥⪯𝑖 )
(1)

The first term
∑︁

𝑖:𝑥𝑖=1
𝑛𝑖 × 𝑢 (𝑥≺𝑖 ) represents the cost of performing the available factorized computa-

tions at 𝑁𝑖 . Here, 𝑛𝑖 is the number of tuples emitted at 𝑁𝑖 , and 𝑢 (𝑥≺𝑖 ) is the computational cost
per tuple at node 𝑁𝑖 , which depends on previous decisions 𝑥≺𝑖 . It can be expanded to 𝑢 (𝑥≺𝑖 ) =
𝑢 ({𝑓𝑗 |𝑓𝑗 ∈ 𝐷𝑖 }). Note that 𝐷𝑖 represents all factorized sub-computations that satisfy: (1) they
correspond to the leaf nodes of the subtree (𝑇𝑖 ) rooted at 𝑁𝑖 , and (2) they haven’t been pushed to any
descendant nodes of 𝑁𝑖 , based on 𝑥≺𝑖 , i.e., 𝐷𝑖 = {𝑓𝑗 |𝑁 𝑗 ∈ 𝑇𝑖 .𝑙𝑒𝑎𝑣𝑒𝑠 ∧ (∄𝑁𝑘 ≺ 𝑁𝑖 |𝑓𝑗 ∈ 𝐷𝑘 ∧ 𝑥𝑘 = 1)}.
Here, 𝑁 𝑗 ≺ 𝑁𝑖 means 𝑁 𝑗 is a descendant node of 𝑁𝑖 . Nodes with 𝑥𝑖 = 0 do not have computations
pushed down and will not contribute to the inference computation cost, so they are excluded.
In the second term,𝑤 (𝑥⪯𝑖 ) is the tuple width at 𝑁𝑖 , which depends on 𝑥𝑖 , the width reduction

ratio of 𝑓𝑗 ∈ 𝐷𝑖 , and the input sizes. The input sizes are determined by the prior push-down
decisions 𝑥≺𝑖 , since width reductions at one node propagate upward through its ancestors until
reaching the root or a node that performs its own push-down. The high-level structure of this I/O
term is derived from the existing I/O cost estimation for two-way joins [43, 73].

Finally, we omit the CPU cost of joins, since, as explained in Sec. 2.2, factorization and push-down
do not affect node cardinalities, making this cost constant.

Therefore, our goal is to minimize 𝑏 (𝒙) as formalized in Eq. 2. Eq. 3 defines that if 𝐷𝑖 , the set of
all available factorized computations at 𝑁𝑖 , is empty (pushed to descendant nodes of 𝑁𝑖 ), 𝑥𝑖 = 0.
Eq. 4 indicates that 𝐷2𝑚−1, which is the set of factorized computations that have not been pushed
to any non-root tree node, and thus available at the root node 𝑁2𝑚−1, must be computed at 𝑁2𝑚−1,
i.e., 𝑥2𝑚−1 = 1.

argmin
𝒙∈{0,1}2𝑚−1

∑︂
𝑖 :𝑥𝑖=1

𝑛𝑖 · 𝑢 (𝑥≺𝑖 ) + 𝜆 ·
2𝑚−1∑︂
𝑖=1

𝑛𝑖 ·𝑤 (𝑥⪯𝑖 ) (2)

𝑥𝑖 = 0, if 𝐷𝑖 = ∅ (3)
𝑥2𝑚−1 = 1, if 𝐷2𝑚−1 ≠ ∅ (4)

3.3 Why Naive Solutions Cannot Work?
Next, we explain why the below solutions cannot work well.
No Push-down. 𝑆𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 = 𝑛2𝑚−1 × 𝑢𝑓 denotes the overall inference computation cost without
factorization and push-down, where 𝑛2𝑚−1 is the number of tuples emitted from the root node
of the join tree, and 𝑢𝑓 represents the computational cost of the factorizable operator 𝑓 (before
factorization). Since 𝑢𝑓 equals to

∑︁
𝑖 :𝑥𝑖=1 𝑢𝑖 (𝑥≺𝑖 ) (after factorization) in Eq. 2, if there exists a non-

root node 𝑁 𝑗 with smaller cardinality (𝑛 𝑗 < 𝑛2𝑚−1) and/or reduced output width (𝑤 𝑗 −𝑤 ′𝑗 > 0),
setting 𝑥 𝑗 = 1 yields a lower cost than the no–push-down plan (𝑥2𝑚−1 = 1, 𝑥𝑖 = 0 for 𝑖 < 2𝑚 − 1).
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All Push-down. This strategy pushes each factorized computation directly to its base table, leaving
no computation at intermediate nodes. However, as implied by Eq. 4, if an intermediate or root
node 𝑁 𝑗 (for𝑚 < 𝑗 ≤ 2𝑚− 1) is an ancestor of table node 𝑁𝑖 (1 ≤ 𝑖 ≤𝑚) and has smaller cardinality
(𝑛 𝑗<𝑛𝑖 ) with smaller or same width reduction ratio, pushing 𝑓𝑖 to 𝑁 𝑗 can yield a lower cost than
pushing it to 𝑁𝑖 .
Sorting and Caching Another approach is to materialize and sort the join output, then apply
inference with caching to avoid redundant computations. However, this method cannot leverage
the I/O reductions achieved by (partial) factorization and push-down (the second term in Eq. 2), and
thus cannot ensure global optimality. In addition, the cache size is bounded by the available memory
and it introduces additional sorting and lookup overhead. Nevertheless, caching can complement
our method when the optimal push-down plan cannot fully eliminate redundancy (e.g., when
pushing a computation to an intermediate join node that has lower cardinality than base tables,
but higher redundancy). In addition, performing factorization first can further reduce cache size
and lookup cost.
Extending Decision Rules for Two-Way Joins Morpheus [16] decides whether to factorize and
push down computations for a two-way join between 𝑅 and 𝑆 using a simple rule: 𝑛𝑆/𝑛𝑅 > 5 or
𝑤𝑅/𝑤𝑆 > 1, where 𝑛 denotes tuple count and𝑤 denotes attribute count. However, this rule ignores
key factors such as the cost of each factorized computation, tuple width reduction, and intermediate
join cardinalities, limiting its applicability to multi-way joins.
A Bottom-Up Traversal A simple bottom-up strategy minimizes the output size at each join
node. However, this is suboptimal because reductions in redundant inference (first term in Eq. 2)
and I/O cost (second term) at node 𝑁𝑖 from pushing down 𝑓𝑗 depend on multiple factors: 𝑓𝑗 ’s
feature elimination capability, its computational complexity, and the output cardinality of 𝑁𝑖 . It
also overlooks the opportunity cost that computations pushed to lower nodes become unavailable
to their ancestors.

3.4 NP-Hardness Discussion and Formal Proof
The push-down planning problem, defined by Eqs. 2, 3, and 4 is NP-hard, since it can reduce

from the Tree-like Weighted Set Cover (TWSC) problem [28], for which, the decision problem is
NP-Complete, while the optimization problem is NP-hard.
Tree-like Weighted Set Cover (TWSC)We are given a base set 𝑆 = {𝑠1, . . . , 𝑠𝑝 } and a tree-like
collection 𝐶 of subsets of 𝑆 , 𝐶 = {𝑐1, . . . , 𝑐𝑞}, 𝑐𝑖 ⊆ 𝑆 for 1 ≤ 𝑖 ≤ 𝑞, with

⋃︁
1≤𝑖≤𝑞

𝑐𝑖 = 𝑆 . In addition,

the subsets in 𝐶 can be organized in a tree 𝑇 , such that every subset one-to-one corresponds to a
node of 𝑇 , and every node is a subset of its parent node. Each subset in𝐶 has a positive real weight
𝑣 (𝑐𝑖 ) > 0 for 1 ≤ 𝑖 ≤ 𝑞. The weight of a subset collection is the sum of the weights of all subsets in
it.
The problem is to find a subset 𝐶′ of 𝐶 with minimum weight, which covers all elements in 𝑆 ,

i.e.,
⋃︁

𝑐∈𝐶′
𝑐 = 𝑆 .

Reduction. From any TWSC instance, we can construct a special instance of our problem, as
follows.
(1) Join tree. We transform 𝑇 into a new binary tree 𝑇 ′, so that every node in 𝑇 is a node in 𝑇 ′. We

ensure that a node in 𝑇 ′ is exactly the union of elements in its children nodes, by adding new
leaf nodes. We also add intermediate neutral nodes to maintain the binary tree structures, when
needed.
For example, given 𝑆 = {𝑠1, 𝑠2, 𝑠3, 𝑠4} and 𝑐1 = {𝑠1, 𝑠2, 𝑠3, 𝑠4}, 𝑐2 = {𝑠2, 𝑠3}, and 𝑐3 = {𝑠1, 𝑠3}, we will
add 𝑐4 = {𝑠4} and a node 𝑐5 = {𝑠2, 𝑠3, 𝑠4}, so that 𝑐2 and 𝑐4 are children nodes of 𝑐5, while 𝑐3 and
𝑐5 are children nodes of 𝑐1, forming an expanded set 𝐶∗ =𝐶

⋃︁{𝑐4, 𝑐5}.
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In this way, the union of elements at all leaf nodes will be 𝑆 , and each leaf node represents a
factorized subcomputation. For each newly added node, we set its weight to a sufficiently large
number 𝑅 >> 𝑚𝑎𝑥 (𝑣 (𝑐𝑖 )) so that it will not be selected for push-down in the optimal plan. (For
each node in 𝑇 ′, we set its cardinality 𝑛𝑖 = 1.)

(2) Inference Computation Costs. For each node 𝑁𝑖 ∈ 𝑇 ′, it corresponds to a node in 𝑐𝑖 ∈ 𝐶∗, we
set 𝑢 (𝑥≺𝑖 ) := 𝑣 (𝑐𝑖 ).

(3) I/O Costs.We set 𝜆 = 0 so that the I/O term is removed.
Objective equivalence. Under the above construction, we have

𝑏 (𝒙) =
∑︂

𝑖:𝑥𝑖=1
(𝑣 (𝑐𝑖 )) (5)

Guaranteed by Eq. 4 and the large penalties brought by newly added nodes, the factorized sub-
computation at each leaf node will be pushed to a selected node in 𝑇 corresponding to 𝑐𝑖 ∈ 𝐶 , with
𝑥𝑖 set to 1. Let 𝑥𝑖 = 1 indicate 𝑐𝑖 is selected, i.e., 𝑐𝑖 ∈ 𝐶′. Then we must have

⋃︁
𝑐∈𝐶′

𝑐 = 𝑆 , because the
computation at each leaf node must be assigned to some ancestor nodes that contain all elements
at the leaf node, given the subset relationship between parent and child in the underlying tree
structure. Therefore, minimizing 𝑏 (𝒙) is equivalent to minimizing the total weights of all selected
subsets in 𝐶′. Hence, an optimal solution of our problem corresponds exactly to an optimal TWSC
solution.
The transformation is polynomial in 𝑝 + 𝑞 and preserves optimality; therefore, our problem is

NP-hard. □
Search Space Analysis: If we naively apply the exhaustive search to resolve the above problem, the
time complexity is exponential due to the huge search space. For example, if the given𝑚-way join
follows the left-deep join order, supposing the total number of available factorization plans is 𝑓 (𝑚),
we have 𝑓 (2) = 4 (i.e., push-down at left leaf and root, push-down at right leaf and root, push-down
to left and right leaves, push-down only at root), and when𝑚 > 2, 𝑓 (𝑚) = (𝑓 (𝑚 − 1) + 3) × 2.
That’s because (1) the left subtree of the new root node has 𝑓 (𝑚 − 1) + 3 factorization plans (the
old root node now becomes an intermediate node, bringing three new options), and (2) the right
subtree only consists of one node, thus having two factorization plans (i.e., push down or not).
Therefore, 𝑓 (𝑚) = 5 × 2𝑚−1 − 6. Most of the other join orders lead to roughly similar search space
sizes.
3.5 Join Order vs. Factorization Optimization
We propose first optimizing the join order and then optimizing the factorization and push-down
plan for below reasons.
1. Decoupled optimization leads to search space reduction: Given an𝑚-way join, combining
the optimization of join order and factorization will lead to a huge search space of𝑚!×(5×2𝑚−1−6).
Decoupling the two steps will significantly reduce the search space.
2. Decoupling join order optimization and factorization optimization has minimal impact

on optimality: Given a join tree following the optimal ordering 𝑇 , supposing the factorization
optimization process identifies an optimal factorization plan denoted as 𝑜𝑝𝑡𝐹𝑎𝑐𝑡𝑜𝑟𝑖𝑧𝑒 (𝑇 ). Then, we
argue that given a join tree with sub-optimal ordering 𝑇 ′, its optimal factorization plan, denoted as
𝑜𝑝𝑡𝐹𝑎𝑐𝑡𝑜𝑟𝑖𝑧𝑒 (𝑇 ′), will probably achieve worse performance than 𝑜𝑝𝑡𝐹𝑎𝑐𝑡𝑜𝑟𝑖𝑧𝑒 (𝑇 ). That’s because
an optimal ordering usually reduces the cardinalities (i.e., determining the CPU cost) and the
sizes (i.e., 𝑠𝑖𝑧𝑒 = 𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 ×𝑡𝑢𝑝𝑙𝑒𝑆𝑖𝑧𝑒 , determining the memory and I/O costs) of the outputs at
intermediate join nodes, compared to sub-optimal orderings. Given any factorized computation
𝑓𝑗 which is pushed to node 𝑁𝑖 of join tree 𝑇 in 𝑜𝑝𝑡𝐹𝑎𝑐𝑡𝑜𝑟𝑖𝑧𝑒 (𝑇 ), and pushed to node 𝑁 ′

𝑘
in join

tree 𝑇 ′ in 𝑜𝑝𝑡𝐹𝑎𝑐𝑡𝑜𝑟𝑖𝑧𝑒 (𝑇 ′), the cardinality and output size at 𝑁𝑖 in 𝑇 is more likely to be smaller
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than that at 𝑁 ′
𝑘
in 𝑇 ′. Therefore, the overall cost 𝑜𝑝𝑡𝐹𝑎𝑐𝑡𝑜𝑟𝑖𝑧𝑒 (𝑇 ) is more likely to be smaller than

𝑜𝑝𝑡𝐹𝑎𝑐𝑡𝑜𝑟𝑖𝑧𝑒 (𝑇 ′), according to Eq. 2. Our empirical results are consistent with the above analysis
as shown in Sec. 6.5.
3. Decoupled optimization facilitates the reuse of existing query optimizers: Existing join
ordering optimizers could be easily dropped into our system with minimal integration effort.

4 Factorization Optimization
To solve the optimization problem, we propose an iterative Genetic algorithm and a Greedy algo-
rithm.

4.1 Genetic Optimizer
We first propose a novel application of the genetic algorithm [77] to iteratively enumerate and
evaluate promising factorization plans. Similar to classical genetic algorithms [77], it includes the
following components. (The key steps of enumerating new promising candidate plans at each
generation are illustrated in Fig. 5.)

Fig. 5. Illustration of Genetic Optimization

Chromosome Encoding: A chromosome denotes a factorization plan for a given join order tree,
represented as an array. Each entry in the array corresponds to a node in the join tree and specifies
whether we shall push all available factorized computations at that node (See Fig. 5(a)).
Population Initialization: The genetic optimization process requires first initializing𝑚 factor-
ization plans (i.e., chromosomes) to form an initial population (lines 1-5 in Alg. 1). We initialize a
chromosome by randomly setting the states of all nodes to 0 or 1. However, a chromosome becomes
invalid if a parent node is in state 1 but none of its child nodes is in state 0. Therefore, we need to
look for invalid states in the initialized chromosomes and update them to 0 if such cases are found
(line 4).
Generations: The genetic optimization algorithmwill run𝑔𝑚𝑎𝑥 iterations (i.e., generations). In each
generation (lines 6-12), it performs crossover and mutation to generate 𝑘 new chromosomes. For
crossover, we randomly select two parent chromosomes from previously initialized chromosomes
and perform a crossover between the parents. As depicted in Fig. 5(b), a non-leaf node is randomly
picked as a crossover point (e.g., node N5 in Fig. 5(b)), and the subtree rooted at the picked node
is exchanged between the two selected parents. The result of crossover to parent-1 is the left
chromosome in Fig. 5(c). During the mutation, we randomly select a node and flip its state (0↔ 1).
Similar to line 4, both crossover and mutation functions contain a step of fixing invalid states. For
example, as shown in Fig. 5 (c), after mutating node N4, the state of N6 becomes 1 while its child
nodes are also 1, and it was fixed by changing the state to 0. After generating 𝑘 new chromosomes
via crossover and mutation, the fitness of all chromosomes in the population will be evaluated,
and𝑚 chromosomes with the best fitness will be selected as the next generation of the population.
Higher values of 𝑔𝑚𝑎𝑥 ,𝑚, and 𝑘 , will explore a larger number of factorization plans with increasing
optimization latency. On the other hand, lower values will make the optimizer run faster while
increasing the possibility of missing the optimal plan.

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 48. Publication date: February 2026.



48:12 Kanchan Chowdhury, Lixi Zhou, Lulu Xie, Xinwei Fu, and Jia Zou

Algorithm 1: Genetic Optimization
Objective :Genetic Optimization
Input :𝑛𝑜𝑑𝑒𝑠: a list of nodes in the binary join tree; 𝑔𝑚𝑎𝑥 : maximum generation count;𝑚:

chromosome population size; 𝑘 : number of new chromosome to generate at each
generation

Output :Chromosome with highest utility value
1 𝑐𝑜𝑢𝑛𝑡 ← 0; 𝑃 ← Φ ;
2 while 𝑐𝑜𝑢𝑛𝑡 < 𝑚 do

3 𝑝 ← 𝑎𝑟𝑟𝑎𝑦 (𝑟𝑎𝑛𝑑𝑜𝑚(0, 1) 𝑓 𝑜𝑟 𝑖 ∈ 1, 2, .., |𝑛𝑜𝑑𝑒𝑠 |) ;
4 set any node whose child nodes with state 1 back to 0;
5 𝑃 ← 𝑃 ∪ {𝑝}; 𝑐𝑜𝑢𝑛𝑡 + +;
6 for 𝑖 = 1, ..., 𝑔𝑚𝑎𝑥 do

7 while |𝑃 | < 𝑚 + 𝑘 do

8 𝑝1, 𝑝2← randomly selected chromosomes ;
9 𝑝′1, 𝑝′2← 𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟 (𝑝1, 𝑝2);

10 𝑝1←𝑚𝑢𝑡𝑎𝑡𝑒 (𝑝1) ; 𝑝2←𝑚𝑢𝑡𝑎𝑡𝑒 (𝑝2) ;
11 𝑃 ← 𝑃 ∪ {𝑝1, 𝑝2};
12 𝑃 ← the set of top-𝑚 plans in 𝑃 that has the best fitness;
13 return the top plan in 𝑃 that has the best fitness;

Fitness Evaluation: Lastly, we estimate the fitness of a chromosome using the optimization
objective function in Eq. 2. We estimate the cost of all factorized computations (𝑤𝑖 ) using a neural-
symbolic approach. We first use linear regression models to learn the cost ratio of each ML operator
(e.g., matrix_multiply and other linear algebra operators, decision forest, distance computation,
etc.) in terms of the input feature size and model dimensions. Then, as detailed in Sec. 5.1, each
factorized computation is abstracted as an analyzable expression, with its logic described as a
computational graph, with each node being an ML operator (e.g., concat, matrix multiplication) or
an expression operator (i.e., arithmetic, relation, bit, conditional operators). Then the overall cost
of an expression is estimated by traversing the computational graph.

4.2 Greedy Optimizer
The efficiency and accuracy of the Genetic algorithm highly depend on the tuning of hyper-
parameters such as the number of generations (𝑔𝑚𝑎𝑥 ), the size of the population (𝑚), and the
number of new chromosomes at each generation (𝑘). In addition, the evaluation of the entire
plan tends to be expensive and less accurate for complicated factorizable AI/ML computations. To
address the limitation, we propose a greedy optimizer following the “Benefit-First” idea, which
dynamically estimates cost reduction at each node and selects nodes that are expected to yield
the highest positive cost reduction if a push-down is applied. By prioritizing high-impact nodes, it
efficiently explores the join tree in linear time. It forms an optimal factorization plan while avoiding
the prohibitive cost of exploring the full exponential search space.
Our Benefit-First Algorithm is formalized in Alg. 2. The state of every node in a multi-way
join tree (with join ordering fully optimized and predicate push-down applied) is set to 0 initially,
representing that no factorized computation will be pushed down. We iterate over nodes (with
cost < 𝑐𝑜𝑠𝑡_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑) in the ascending order of their cost, utilizing a priority queue, and decide to
iteratively factorize the node with the minimum cost by changing the state to 1. Before changing
the state to 1, we check if all child nodes have already been factorized and change the state to 2 if
such cases are found (lines 9-10). These states will be changed back from 2 to 0 at the end (line

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 48. Publication date: February 2026.



InferF : Declarative Factorization of AI/ML Inferences over Joins 48:13

18). For a node 𝑁𝑖 selected for push-down, since we will push all available computations (𝐷𝑖 ) at 𝑁𝑖 ,
no more computations from 𝐷𝑖 will be pushed to its descendant nodes. Note that any descendant
node 𝑁 𝑗 of 𝑁𝑖 has 𝐷 𝑗 ⊆ 𝐷𝑖 . It means we will never change the states of 𝑁 𝑗 ’s descendant nodes, so
we mark all of its non-processed descendants as processed (line 17). In addition, the decision to
push down all factorized computations at a node changes its ancestor nodes’ available factorized
computations. So, each time a node is selected, we update the cost of the ancestor nodes and adjust
the priority queue accordingly (lines 12-16).

Algorithm 2: Greedy Optimization
Objective :Greedy Algorithm for Pushing Down Operators
Input :𝑛𝑜𝑑𝑒𝑠: a list of all nodes in the join tree; 𝑡 : cost threshold

1 𝑝𝑞← 𝑃𝑟𝑖𝑜𝑟𝑖𝑡𝑦𝑄𝑢𝑒𝑢𝑒 () ;
2 foreach 𝑛𝑜𝑑𝑒 ∈ 𝑛𝑜𝑑𝑒𝑠 do
3 𝑛𝑜𝑑𝑒.𝑠𝑡𝑎𝑡𝑒 ← 0 ;
4 𝑛𝑜𝑑𝑒.𝑐𝑜𝑠𝑡 ← 𝑔𝑒𝑡𝐶𝑜𝑠𝑡 (𝑛𝑜𝑑𝑒) ;
5 if 𝑛𝑜𝑑𝑒.𝑐𝑜𝑠𝑡 < 𝑡 then

6 push (𝑛𝑜𝑑𝑒.𝑐𝑜𝑠𝑡, 𝑛𝑜𝑑𝑒) to 𝑝𝑞 ;

7 while 𝑝𝑞 do

8 𝑐𝑢𝑟𝐶𝑜𝑠𝑡 , 𝑛𝑜𝑑𝑒 ← 𝑝𝑞.𝑔𝑒𝑡 () ;
9 if 𝑛𝑜𝑑𝑒.𝑙𝑒 𝑓 𝑡𝐶ℎ𝑖𝑙𝑑.𝑠𝑡𝑎𝑡𝑒 ≠ 0 ∧ 𝑛𝑜𝑑𝑒.𝑟𝑖𝑔ℎ𝑡𝐶ℎ𝑖𝑙𝑑.𝑠𝑡𝑎𝑡𝑒 ≠ 0 then

// No available factorized computations at 𝑛𝑜𝑑𝑒

10 𝑛𝑜𝑑𝑒.𝑠𝑡𝑎𝑡𝑒 ← 2 ;
11 else

12 𝑛𝑜𝑑𝑒.𝑠𝑡𝑎𝑡𝑒 ← 1 ;
// update the cost of ancestor nodes of 𝑛𝑜𝑑𝑒 in 𝑝𝑞

13 𝑐𝑢𝑟𝑁𝑜𝑑𝑒 ← 𝑛𝑜𝑑𝑒 ;
14 while 𝑐𝑢𝑟𝑁𝑜𝑑𝑒.𝑝𝑎𝑟𝑒𝑛𝑡 ≠ 𝑁𝑈𝐿𝐿 do

15 𝑢𝑝𝑑𝑎𝑡𝑒𝐶𝑜𝑠𝑡 (𝑐𝑢𝑟𝑁𝑜𝑑𝑒.𝑝𝑎𝑟𝑒𝑛𝑡, 𝑝𝑞) ;
16 𝑐𝑢𝑟𝑁𝑜𝑑𝑒 ← 𝑐𝑢𝑟𝑁𝑜𝑑𝑒.𝑝𝑎𝑟𝑒𝑛𝑡 ;

17 remove 𝑛𝑜𝑑𝑒 and all its descendant nodes from 𝑝𝑞;
18 reset all nodes with 𝑠𝑡𝑎𝑡𝑒 = 2 to 𝑠𝑡𝑎𝑡𝑒 = 0; return;

Cost Estimation: We use Sobol’s method to estimate the per-node cost by identifying factors
determining cost reduction associated with pushing all available factorized computations to the
node.
Sobol’s method [69, 80] is a technique to analyze the sensitivity of a (black-box) function to its

variables based on a variance analysis methodology. Assume that the output of the model 𝑌 is a
function 𝑓 (𝑋 ) where 𝑋 is a set of 𝑑 input variables {𝑋1, 𝑋2, ..., 𝑋𝑑 } independently and uniformly
distributed such that𝑋𝑖 ∈ 𝑋 ∈ [0, 1]. The variance of 𝑌 is calculated according to Equation 6, where
the variance of 𝑋𝑖 , denoted as 𝑉𝑎𝑟 (𝑋𝑖 ), is the variance of 𝐸 (𝑌 |𝑋𝑖 ). Here, 𝑉𝑎𝑟 (𝑋𝑖 𝑗 ) is defined as
𝑉𝑎𝑟 (𝐸 (𝑌 |𝑋𝑖𝑋 𝑗 )) −𝑉𝑎𝑟 (𝑋𝑖 ) −𝑉𝑎𝑟 (𝑋 𝑗 ). The Sobol’s sensitivity index is derived using the formula
𝑆 (𝑋𝑖 ) =𝑉𝑎𝑟 (𝑋𝑖 )/𝑉𝑎𝑟 (𝑌 ). The sensitivity index for the first order and higher order interactions of
inputs should follow Eq.7.

𝑉𝑎𝑟 (𝑌 ) =
𝑑∑︂
𝑖=1

𝑉𝑎𝑟 (𝑋𝑖 ) +
𝑑∑︂
𝑖< 𝑗

𝑉𝑎𝑟 (𝑋𝑖 𝑗 ) + ... +𝑉𝑎𝑟 (𝑋12...𝑑 ) (6)
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𝑑∑︂
𝑖=1

𝑆 (𝑋𝑖 ) +
𝑑∑︂
𝑖< 𝑗

𝑆 (𝑋𝑖 𝑗 ) + ... + 𝑆 (𝑋12...𝑑 ) = 1 (7)

We first identify factors that determine the cost reduction (or benefits) of pushing down available
factorized computations to a node in the join tree, and then calculate Sobol’s sensitivity index for
the first-order and second-order interaction of these factors.

Examples of results are shown in Tab. 1. Those interactions not listed in the table have negligible
sensitivity indices. We then apply logistic regression (on the first order and second order interactions
of factors listed in Tab. 1) to learn a cost estimator.
Table 1. Important Cost Factors Identified by Sobol’s Method Evaluated Using 50 Representative Synthetic
Queries on Datasets Described in Sec. 6.1.1. Here, S. Index refers to the sensitivity index.

Factors S. Index
Cardinality Ratio (i.e., the number of tuples output from the node
divided by the number of tuples input to the node)

0.325

Factorized Computations Cost (i.e., the cost of all available factoriz-
able computations (See “Fitness Evaluation” of Sec. 4.1))

0.216

Tuple Dim Ratio (i.e., the ratio of the size of each tuple after pushing
down all available factorized computation at this node to the size of
each tuple before pushing down)

0.131

Depth Ratio (i.e., the level of node divided by tree height) 0.070
Cardinality Ratio, Factorized Computations Cost 0.068
Cardinality Ratio, Tuple Dim Ratio 0.064
Cardinality Ratio, Depth Ratio 0.052

5 Our Factorization Framework
In this section, we will introduce the design and implementation of the end-to-end framework for
analyzing the inference queries, optimizing, and applying factorization plans.

5.1 Factorizable IR
We enable factorization optimization by representing an arbitrary inference workflow as an an-
alyzable intermediate representation (IR), customizing relational algebra with expressions. Each
expression is lowered to a computation graph for factorization analysis and other optimization
analysis. As illustrated in the left part of Fig. 2, the query logic is represented in relational algebra.
A relation 𝑅 is a collection of tuples 𝑡 , following the schema (𝐴1, ...𝐴𝑘 ), i.e., 𝑅(𝐴1, ...𝐴𝑘 ) = {𝑡}.
Each node represents a relational operator such as 𝑗𝑜𝑖𝑛 and 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 . Some relational operators,
such as 𝑓 𝑖𝑙𝑡𝑒𝑟 (i.e., 𝑠𝑒𝑙𝑒𝑐𝑡 ) and 𝑝𝑟𝑜 𝑗𝑒𝑐𝑡 (i.e., similar to𝑚𝑎𝑝 or 𝑡𝑟𝑎𝑛𝑠 𝑓 𝑜𝑟𝑚), can be customized using
expressions as follows:
(1) A 𝑓 𝑖𝑙𝑡𝑒𝑟 operator filters the tuples in a relation, based on a predicate or an expression 𝑒𝑓 𝑖𝑙 that
returns a boolean value.
filter{𝑒𝑓 𝑖𝑙 : (𝐴1, ...𝐴𝑘 ) → bool}(𝑅) = {𝑡 |𝑡 ∈ 𝑅 ∧ 𝑒𝑓 𝑖𝑙 (𝑡) = 𝑡𝑟𝑢𝑒}

(2) A 𝑝𝑟𝑜 𝑗𝑒𝑐𝑡 operator transforms the input relation 𝑅 by filtering attributes or applying an ex-
pression 𝑒𝑝𝑟𝑜 𝑗 to transform each tuple 𝑡 ∈ 𝑅 into a tuple with a different schema (for example,
concatenating multiple attributes of type Float into a single attribute of type Array<Float>).
project{𝑒𝑝𝑟𝑜 𝑗 : (𝐴1, ...𝐴𝑘 ) → (𝐴′1, ...𝐴′𝑙 )}(𝑅) = {𝑒𝑝𝑟𝑜 𝑗 (𝑡) |𝑡 ∈ 𝑅}}

As shown in the right part of Fig. 2, expressions used to customize the above relational operators,
such as 𝑒𝑓 𝑖𝑙 and 𝑒𝑝𝑟𝑜 𝑗 , are represented as a lower-level IR, similar to a computational graph. In the
graph, each node is a built-in ML operator, an opaque UDF, or a higher-order expression operator.
Each edge represents a dataflow from the source node to the target node. We currently support
built-in atomic operators such as matMul (matrix multiplication), matAdd (matrix addition), relu,
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Softmax, dt (decision tree), xgboost, nnSearch (nearest neighbor search), conv2D, batchNorm, concat,
binarization, standardScaler, and minMaxScaler. The linear algebra functions rely on the Eigen [26]
and LibTorch [20] libraries. XGBoost is implemented using Google’s Yggdrasil library [5, 24, 27].
Other functions are hand-coded from scratch following scikit-learn implementations [61].

Then, a set of higher-order functions are provided to compose these atomic functions/operators
into a new expression that can be regarded as a directed acyclic graph of functions, which includes:
(1) The boolean comparison operations: ==, >, !=, etc.;
(2) The boolean operations: &&, ||, !, etc.;
(3) The arithmetic operations: +, -, *, etc.;
(4) conditional branch: 𝑙1?𝑙2:𝑙3, or if(𝑙1) 𝑙2 else 𝑙3.
(5) function call: e.g., f1(f2(x)).
5.2 Factorization Analysis and Implementation
We proposed a three-step pipeline to automate the factorization of arbitrary expressions.
Step 1. Identify Factorizable Expressions: Given an expression applied to transform or filter
the output of a multi-way join, to automatically analyze whether the expression is factorizable or
not, we developed an algorithm to analyze our nested IR, formalized in Alg. 3. The main idea is to
identify subgraphs in the expression that each depends only on the input of one of the source tables
or intermediate join nodes, allowing computations represented by each subgraph to be pushed to
the output of the corresponding node or its ancestors, independent of the rest of the expression.
Only a factorizable node could be included in more than one subgraph (line 7-13). The algorithm
relies on the mapping from input attributes to a node in 𝑒 to nodes in the join tree (e.g., line 3). This
mapping could be obtained by dataflow analysis with depth-first traversal from the node in the
expression 𝑒 to a node in the join graph.
Step 2. Applying Factorization Optimization: Once a factorizable expression is identified, it
will collect the information required for applying our Greedy (Alg. 2) or Genetic (Alg. 1) algorithms,
e.g., those listed in Tab. 1. For cardinality estimation, we apply the histogram-based method [6]
used in the PostgreSQL DBMS.
Step 3. Apply the Selected Factorization Plan: The optimal factorization plan, once selected,
will be applied by rewriting our nested IR accordingly. At this step, a factorizable node included
into more than one subgraphs will be factorized with each split going to one disjoint subgraph, e.g.,
MatMul3 is factorized into Group3-1 and Group3-2 respectively, in Fig. 2.
Implementation:We implemented the proposed factorization framework on top of Velox [62],
which is a high-performance database engine open-sourced from Meta, developed using C/C++.
Before we apply the factorization, we aggressively push down filter predicates or projections
and perform rule-based join ordering optimization [11]. After factorization optimization, Velox’s
physical query optimization, such as parallelism and pipelining, are applied to the fully optimized
query plan. Velox supports data parallelism by splitting an input table into data splits, and launching
a thread over each split. For pipelining and batching, Velox splits the query plan into multiple
pipelines, where each pipeline is a sequence of operators that ends with a pipeline breaker. The
processing of one pipeline consists of multiple iterations, where each iteration applies a sequence
of vectorized operators to a batch of tuples, with the output of the pipeline being materialized by
the pipeline breaker.
Supported Models: Our proposed optimizations for inference workflows can be applied to any
pretrained model, as long as the model contains factorizable computations that consume the
join outputs. To use our InferF end-to-end system for automatically identifying factorizable
computations and applying our algorithms, the pretrained model or inference workflows must
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Algorithm 3: Identify factorization possibility of an expression
Objective :Partition an expression 𝑒 into independent subexpressions 𝑒1, ..., 𝑒2𝑚−1 with 𝑒𝑖 solely

relying on node 𝑁𝑖 in the join query tree
Input :𝑒 =𝐺 (𝑉 , 𝐸): expression 𝑒 is represented as a computational graph, where 𝑉 is a set of nodes,

i.e., functions or expression oprators in 𝑒 , and 𝐸 is a set of edges, i.e., dataflows between
two nodes; A join query tree 𝑇 with 2𝑚 − 1 nodes: 𝑁1, ..., 𝑁2𝑚−1; 𝑉𝑆 ⊂ 𝑉 : a set of all source
nodes from 𝑒 , with each 𝑣𝑠 ∈ 𝑉𝑆 consuming a subset of features output from 𝑇

Output :M: a mapping from each non-root node 𝑁1, ..., 𝑁2𝑚−1 to a subgraph of 𝑒 that solely relies on
the output of 𝑁𝑖

1 foreach 𝑣𝑠 ∈ 𝑉𝑆 that has not been traversed do

2 𝑐𝑢𝑟𝑁𝑜𝑑𝑒 ← 𝑣𝑠 ;
3 𝑁𝑖 ← the join node that 𝑣𝑠 solely relies on;
4 𝑉𝑖 ← 𝜙 ; 𝐸𝑖 ← 𝜙 ;M[𝑖] ← 𝜙 ;
5 𝐶 ← consumer nodes 𝑣 of 𝑐𝑢𝑟𝑁𝑜𝑑𝑒 ;
6 foreach 𝑣 ∈ 𝐶 that has not been traversed do

7 if 𝑣 has only one child node or 𝑣 is factorizable then
8 𝑉𝑖 ← 𝑉𝑖 ∪ {𝑣};
9 𝐸𝑖 ← 𝐸𝑖 ∪ {𝑒𝑑𝑔𝑒 (𝑐𝑢𝑟𝑁𝑜𝑑𝑒, 𝑣)};

10 if 𝑣 has only one child node then
11 𝐶 ← 𝐶 ∪ 𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑟𝑠 (𝑣);
12 else

// 𝑣 is a factorizable node.

13 𝑉𝑆 ← 𝑉𝑆 ∪ 𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑟𝑠 (𝑣);

14 else

// 𝑣 has more than one child node

15 𝑉𝑆 ← 𝑉𝑆 ∪ {𝑣};
16 break;
17 M[𝑖] ← M[𝑖] ∪𝐺𝑖 (𝑉𝑖 , 𝐸𝑖 ) ;
18 returnM;

first be translated to our proposed intermediate representation (IR). Models trained on external
frameworks, such as PyTorch or TensorFlow, can be converted to ONNX IR [10] format, which
further can be translated to our factorizable IR. However, advanced users can always utilize our IR
as a Domain-Specific Language (DSL) to represent the model.

6 Experimental evaluation
The experimental evaluation focuses on several questions: R1. How effective are our proposed
optimization algorithms, compared to baselines? R2. What are the overheads of the proposed
optimization algorithms and IR analysis strategy? R3.What are the factors that impact the speedup
of inference workflows due to factorization?We will also summarize the key observations at the
end of the section. The code and data for our experiments are publicly available on GitHub 1.

6.1 Setup and Environments
6.1.1 Datasets. Our experimental study involved six datasets, including:
The IMDB dataset [47] consists of 21 tables such as titles, genres, release dates, ratings, cast, and
crew. The number of rows in various tables ranges from 4 to 36,244,344.

1https://github.com/asu-cactus/InferF-ML-Inference-Factorization
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The TPC-DS [54] is a benchmark dataset to model the decision support system of a retail product.
We used this dataset with a scale factor of 1, which contains 24 tables.
The Epsilon dataset is a well-known dataset from the Pascal data challenge [75], with 2,000
features and 0.5 million of tuples.
The Bosch dataset [53] is a manufacturing dataset that represents measurements of parts as they
move through Bosch’s production lines, having 968 features and 1.18 millions of tuples.
Expedia Dataset [64] is a hotel ranking prediction dataset with three tables: listings, hotels, and
searches. In total, it contains 991,102 rows and 28 features. We used this dataset with Scale=10.
Flights Dataset [64] is a flights classification dataset which has 4 tables: routes, airlines, sairports,
and dairports. In total, it contains 73,452 rows and 20 features. We used Scale=10 for this dataset.

6.1.2 Workloads (Queries). Unfortunately, the existing multi-way join benchmarks [47] do not
involve AI/ML inferences. Therefore, we developed 80 inference workflows that apply various
AI/ML models to features generated by joining 2 to 20 tables on the above datasets, organized in
two categories.
Category 1. Factorization overmulti-way joins along foreign key relationships: Star schema
queries are widely used in data warehouse environments, particularly for decision support sys-
tems [89]. Reflecting this realistic query distribution, our workloads in this category primarily
consist of star schema queries, with ≈ 20% of cases introducing additional dimension-dimension
joins. We constructed (1) 50 queries with varying numbers of tables synthesized from the Epsilon
and Bosch datasets, and varying DNN model architectures and (2) 25 queries on the IMDB dataset.

(1) A synthetic workload with 50 queries: We sampled 20 tables from these two datasets by
varying i) the number of columns between 5 and 500 and ii) the number of rows between 100 and 1
million. Each table has a primary key and may have zero or more foreign keys. Feature column
values were selected from the Epsilon and Bosch datasets, while primary key/foreign key values
were randomly generated. 50 queries are designed to join 2 to 20 tables through the primary

key-foreign key relationships, with the join output passed to a randomly sampled feed-forward
neural network (FFNN) model for inferences, with the number of layers randomly sampled from
a range of [1, 5] and the number of output neurons in the hidden layers randomly sampled from
a range of [16, 1024]. For the final layer, the number of neurons was in the range of [2, 10] for
classification tasks and 1 for regression tasks.
(2) An IMDB workload with 25 queries: 25 queries were modified from the Join Order

Benchmark (JOB) [47] by joining 2 to 20 tables in each query along the primary key-foreign

key relationship, with the join output sent to an FFNN model randomly sampled in a way similar
to the synthetic workload.
Category 2. Factorization of Analytical Queries:We will evaluate five analytical queries on
TPC-DS, IMDB, Expedia, and Flights. The underlying join queries are all along the primary key-
foreign key relationships (Q1) is a two-tower query on TPC-DS dataset that joins ten tables in its
store sales ER-diagram (excluding 𝑝𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛 table). All item-related attributes and customer-related
attributes are passed to two separate embedding models. Each model comprises five sequential layer
groups, with each group containing a fully connected layer, a batch normalization layer, and a ReLU
activation function. A third model on top of both embedding models generates a customer-item
recommendation score using cosine similarity. (Q2) predicts the profit amount using a three-layer
deep neural network model on TPC-DS dataset joining all 14 tables in its web sales ER-diagram.
The regressor model consists of three sequential layers, each comprising a fully connected layer
followed by a ReLU activation. (Q3) joins all the tables in the IMDB dataset except the 𝑐ℎ𝑎𝑟_𝑛𝑎𝑚𝑒

table and predicts a popularity score for various actors in various movies. Movie and actor features
are encoded using a model architecture similar to the feature embedding models in Q1, and the
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resulting embeddings are input to the deep neural network model as used in Q2. (Q4) joins hotel
and search tables with listings table in the Expedia dataset, followed by min-max scaling and onehot
encoding of numerical and categorical columns, respectively. Later, we apply a logistic regression
model to classify the promotion_flag attribute. (Q5) joins airline, source airport, destination airport
tables with routes table in the Flights dataset and apply min-max scaling and onehot encoding
similarly to Q4. Later, a random forest classifier model predicts the codeshare attribute.
6.1.3 System Environments. The following environment was used for experiments: an Ubuntu
Linux machine with 48 CPU cores (Intel Xeon Silver 4310 CPU 2.10GHz) and 125GB memory size.

6.2 Baselines
Existing publicly available factorized ML systems [16, 31, 43, 49, 70, 71] do not support the inference
process of most AI/ML models used in this work. In addition, we did not find any systems that
optimize the factorization of general computations over multi-way joins, except a simple and brief
discussion in [16, 43, 49]. Therefore, our evaluation mainly considers the following baselines.
• Regular Join (No push-down): This baseline simply joins multiple data silos based on the
equality of the join key, and each joined record includes all features of the dataset.
• Full Factorization: This approach implemented a default factorization strategy by pushing
down 𝑓𝑖 to 𝑁𝑖 for 𝑖 = 1, ..., 2𝑚 − 1.
• Morpheus Extended: We extended Morpheus [16] by applying their heuristics to every join
node while traversing the join tree in level order in both bottom-up (Morpheus BU) and top-down
(Morpheus TD) manner. Their heuristics are based on the feature ratio and tuple ratio between
joined tables to guide factorization decisions, recommending factorization when tuple ratio is
≥ 5 and feature ratio is ≥ 1.
• FL Extended: We also extended FL [43] with our partial factorization by adapting their cost
model for two-way join to examine every join node in both bottom-up (FL BU) and top-down
(FL-TD) orders. This approach models query cost as a combination of I/O cost and CPU cost,
based on block accesses during joins and the number of input tuples and features.
• Genetic (Ours): An implementation of Alg. 1. To tune the hyper-parameters, we picked five
inference queries with 3-way, 6-way, 10-way, 15-way, and 20-way joins and applied a random
search over a search space that included the following values of hyper-parameters: generation
count — {10, 15, 20, 25, 30, 40, 50, 75, 100}; population size — {50, 100, 150, 200, 250, 300, 400, 500};
and the number of new chromosomes per generation — randomly selected between 15% and 25% of
the population size. Balancing the accuracy of the generated plans with the optimization latency,
we set the values of the hyperparameters as follows in all experiments: generation count = 20,
population size = 150, and new chromosomes per generation = 25.
• Greedy (Ours): An implementation of Alg. 2.
All of the above baselines were implemented in the open-source execution engine Velox [62].
We also implemented the complex analytical queries described in category 2 of Section 6.1.2 in
four different in-database ML systems, including EvaDB (v0.3.10) [19, 39], MADLib (v2.1.0) [29],
PySpark (v3.5.4) [76] through UDF, and DL-Centric system, where data is stored in the Postgres
database (v14.15), and query output is loaded into PyTorch (v2.7.1) using ConnectorX (v0.4.3) [79].
We compared the performance of these systems to baselines implemented in Velox.

6.3 R1. Optimization Effectiveness
In this section, we evaluated the effectiveness of our proposed optimizers by comparing the
execution latency of different baselines. All query latency values reported for each baseline in this
section include both the optimization time and the query execution time.
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6.3.1 Category 1. We start from evaluating the optimization of factorization over multi-way
equi-joins along the foreign key relationships using three workloads described in Sec. 6.1.2.
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Fig. 6. Cumulative End-to-End Latency Comparisons on 50Queries over Datasets Synthesized from Bosch

and Epsilon and 25Queries over IMDB Dataset

(1) Synthetic Workload: Fig. 6a depicts the execution latency of the proposed optimizers and
the baselines on 50 queries. Queries are sorted in ascending order of the number of tables and the
latency of the no-factorization baseline. Results indicate that our Greedy and Genetic algorithms
have similar performance, and they achieved up to 12.2×, 4.9×, 4.6×, 4.7×, 4.6×, and 4.7× speedup
against No Factorization, Full Factorization, Morpheus BU, Morpheus TD, FL BU, and FL TD baselines,
respectively. Furthermore, the increasing speedup achieved by the proposed optimizers as query
complexity grows — particularly in queries with many joins - underscores the importance of partial
factorization in multi-way join queries. Between the two proposed optimizers, Genetic Optimizer
introduces performance drop in a few queries due to the inherent randomness of a genetic algorithm,
while our proposed Greedy Optimizer consistently incurs the optimal execution latency.
(2) IMDB workload: Queries in Fig. 6b are sorted similarly to the synthetic queries in Fig. 6a.
The results showed that both Greedy and Genetic optimizers achieve similar execution speedup,
outperforming No Factorization, Full Factorization, Morpheus Extended, and FL Extended baselines
by up to 22.5× and 4.4×, 7.7×, and 6.5×, respectively. Top-down and bottom-up traversals of the
Morpheus Extended and FL Extended baselines display similar performance, with only marginal
differences observed in a few high-join queries. Therefore, in the following sections, we use
“Morpheus” and “FL” to refer to the variants with the best performance.
6.3.2 Category 2. Comparison with In-DB ML Systems In this section, we compare the per-
formance of the proposed system to various In-DB ML system baselines described in Sec. 6.2. Fig.
7 illustrates the performance comparison of all baselines for five complex analytical queries. In
Q1, Q2, Q3, Q4, and Q5, Greedy optimizer outperforms the best of No Factorization, Full Factoriza-
tion, and Morpheus/FL, within Velox by 2.0×, 1.95×, 11.3×, 1.7×, and 1.6×, respectively. For these
queries, the speedups achieved by our Greedy optimizer compared to the best of other in-DB ML
systems are 2.0×, 4.7×, 18.7×, 2.8×, and 2.5×, respectively. MADLib took 19, 216 seconds and 1, 446
seconds to complete Q2 and Q4 respectively, while Q1, Q3 and Q5 did not finish execution within 10
hours. MADLib is slow in linear algebra operations due to its higher per-tuple RDBMS processing
overheads and the I/O time for materializing output tables [78]. The Genetic optimizer achieves
near-identical performance to the Greedy optimizer across all queries, exhibiting only marginally
worse latencies in Q2 and Q3. Morpheus and FL baselines perform comparably to Full Factorization
in Q1, Q2, Q4, and Q5, but choose inefficient plans for Q3, leading to a substantial increase in
latency. DL-Centric approach suffers from the additional data transfer latency in Q2 and Q3 as these
queries generate large output data for inference. EvaDB exhibits inconsistent performance across
queries, with higher latencies observed in those involving more complex models.
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6.4 R2. Optimization Overhead
In this section, we evaluate the runtime overhead of factorization optimization algorithms, factor-
ization analysis, and offline parameter tuning and cost factor analysis.
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Fig. 8. Optimizer Overheads Comparison on IMDBQueries

Overhead of Proposed Optimizers: We quantify the additional runtime cost introduced by
our Greedy and Genetic optimizers, comparing them against an exhaustive search strategy that
enumerates all possible factorization plans and evaluates their performance. Fig. 8 depicts the
runtime overhead of the optimizer techniques for the 25 queries in the IMDB workload (Sec. 6.3).
We observe that the runtime overhead of Exhaustive Search increases exponentially with the number
of tables, exhibiting an explosive growth once the number of tables exceeds 8. In contrast, Greedy
optimizer exhibits significantly lower and practically negligible computational overhead, even
beyond 8 tables. The Greedy optimizer avoids exploring the search space of possible plans, instead
optimizes by iterating over the nodes in the join tree using a node-level cost function. The number
of nodes in the join tree is significantly smaller than the total number of possible factorization
plans, making the Greedy optimizer significantly faster. The runtime of the Genetic optimizer is
8.1× to 21.7× higher than that of the Greedy optimizer, but it stabilizes beyond a certain threshold.
This stability threshold depends on input hyperparameters defined in Section 6.2 which bound the
number of chromosomes explored and the number of crossover and mutation steps in a very large.
Overhead of Factorization Analysis:We found that the factorization analysis based on Alg. 3
introduces negligible overhead of less than 1 millisecond for most of the queries.
Offline One-Time Overhead Analysis: While parameter tuning for the Genetic optimizer using
random search as described in Sec. 6.2 takes 864 seconds, the sensitivity analysis of cost factors in
our Greedy optimizer as described in Tab. 1, implemented using the SALib library [30] only takes
1.5 seconds. Training the linear and logistic regressionmodels for the Genetic and Greedy cost models
takes 130.4 seconds and 93.8 milliseconds, respectively.

6.5 R3. Factors Impacting Factorization Speedup
In this section, we analyze the impact of various factors, including model complexity, join
complexity, aggressive aggregation, join order, on the speedup achieved by the factorization
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optimization strategy. We also investigate how cost factors affect the accuracy of the Greedy
algorithm’s node-level cost function.
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Fig. 10. Impact of Query Complexity on Factorization
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Impact of Model Complexity and Join Complexity: Fig. 9 illustrates how model complexity
(e.g., the number of neurons of the factorized hidden layer and the number of hidden layers
of FFNN models) influences the speedup achieved through factorization. As shown in Fig. 9(a),
increasing the number of neurons increases the tuple size after factorization and reduces the I/O
cost saving, shrinking the speedup brought by factorization. As the number of neurons increases,
the performance of the Full Factorization, Morpheus, and FL baselines degrades significantly, often
approaching or even falling below that of the No Factorization baseline. However, our Greedy and
Genetic optimizers consistently maintain the speedup by selecting plans that avoid size increase in
intermediate results. Fig. 9(b) illustrates the impact of the number of hidden layers on factorization
speedup. As the number of hidden layers increases, although the dominance of non-factorized
computations over the end-to-end latency affects the relative speedup against No Factorization, our
Greedy and Genetic optimizers consistently maintain the relative speedup against other baselines.

Fig. 10 illustrates how join complexity (i.e., number of tables to be joined and the dimension of
feature vectors input to the AI/ML model) influences the speedup achieved through factorization.
We varied the size of the feature vectors, which are output from a join query over the synthetic
dataset and input to an FFNN model composed of three FC layers with 32, 16, and 2 output neurons,
respectively. As shown in Fig. 10(a), speedup achieved through factorization increases as feature
size increases because factorization will achieve more I/O cost saving given that the factorized
feature size is determined by the FFNN model, which is fixed. We further vary the total joins from
1 to 15 in a query over IMDB dataset with a fixed FFNN model composed of three fully connected
(FC) layers with 32, 16, and 2 output neurons, respectively. As shown in Fig. 10(b), incrementing the
number of joins increases the ratio of joining latency to the end-to-end latency and thus reduces the
ratio of inference computation to the end-to-end latency. This limits (or shrinks) the performance
gain of factorization, which is mainly achieved by avoiding redundant inference computation.
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Table 2. Latency Comparison for Different Join Orders in Seconds

Query Optimal Order W/O
Factorization

Optimal Order W/ Opti-
mal factorization

Best of Remaining
Plans

1 6.60 4.11 5.16
2 13.58 6.83 6.90

Impact of Aggregation Push Down:We compared two aggregation strategies: (1)W/ Aggr Push,
which aggregates output from factorized computations immediately after they are pushed down to
a join node, as discussed in Sec. 3.1; (2) W/O Aggr Push, where all factorized model output of all
data silos are lazily aggregated at the root node, on 4-way to 11-way join queries over IMDB dataset
using FFNN models, with varying model complexity (on a 5-way join query) and join complexity.
As illustrated in Fig. 11), W/ Aggr Push achieved up to 1.45× speedup compared to W/O Aggr. Push,
since it reduces the tuple size as discussed in Sec. 3.1. W/ Aggr Push is beneficial irrespective of
model and join complexity. It is adopted in our implementation for all other experiments.
Impact of Join Order Decoupling: As discussed in Sec. 3.5, we decoupled the join order op-
timization from the optimization of factorization plans. We compared the effectiveness of this
decoupling strategy to a strategy that exhaustively enumerates and evaluates the performance
of all combinations of join orders and factorization plans, using one 3-way join query and one
4-way join query over Epsilon dataset using an FFNN model composed of three FC layers with
32, 16, and 2 output neurons, respectivelyAs shown in Tab. 2, we found that optimal factorization
plans of the optimal join order outperformed other baselines. For both queries, different join orders
having similar execution latency before factorization also lead to similar latency after separate
factorization optimization. The experimental analysis concludes that decoupling the join order
optimization problem is a reasonable strategy.
Impact of Cost Factors on Greedy Cost Function: To evaluate the impact of the cost factors
identified via Sobol’s analysis on the accuracy of the Greedy optimizer’s cost model, we split the
dataset of 500 samples used to derive the cost model into training (80%) and test (20%) sets, dropping
one factor at a time during training. We found removing each of the top factors in Tab. 1, such as
cardinality ratio, factorized computation cost, tuple dimension ratio, and depth ratio, reduces test
accuracy from 94.4% to 75.2%, 81.3%, 83.7%, and 90.5%, respectively, highlighting their relative
importance.

6.6 Summary of Observations
Based on the empirical evaluation of various components of InferF on various workloads, our
observed insights can be summarized as follows. (1) OurGreedy andGenetic strategy outperformsNo
Factorization, Full Factorization,Morpheus Extended, and FL Extended baselines by up to 22.5×, 11.3×,
15.6×, and 14.7×, respectively. (2) Our proposed Greedy and Genetic algorithms can greatly benefit
execution latency of join queries with multiple fact tables of diverse sizes, which are prevalent
in data warehouses and analytical workloads. (3) Greedy and Genetic optimizers achieve similar
performance in most scenarios. However, the Geneticmethod incurs higher offline parameter tuning
and online optimization overheads. (4) A higher number of neurons in the factorized layer of the
model slightly reduces the factorization speedup due to an increase in the intermediate join result
size. An increased number of joins in an inference query increases the ratio of joining latency to
end-to-end latency, shrinking the performance gain of factorization. As the number of features
increases in the query, performance gain of factorization also increases. (5) No Factorization yields
good performance when the output cardinality and tuple size at the root node are smaller than
that of other nodes in the join tree. In contrast, Full Factorization becomes beneficial only when the
output cardinalities and tuple size at the table scan nodes are smaller than join nodes across the join
tree. However, such strict conditions are rarely satisfied across diverse queries. As a result, these
strategies often fall short, highlighting the need for partial factorization guided by our proposed
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Table 3. Comparison with existing Factorized ML systems

Target
Work-
loads

Fine-grained
Push-Down

Cost Model Arbitrary
Workflow

LMFAO [70] Training No No No
F& F/SQL [56, 71] Training No No No
JoinBoost [31] Training No No No
AC/DC [40] Training No No No
FL [43] Training No Yes, specific to

BGD
No

Morpheus [16] LA No No No
MorpheusFI [49] Training No No No

SDQL [72] LA&RA No No No, semi-
ring

InferF (Ours) Inference Yes Yes Yes

Greedy and Genetic optimizers. In addition, cost models used byMorpheus Extended and FL Extended
baselines often fail to make optimal decisions for intermediate joins in multi-way join queries due
to their simple assumptions about the size of fact and dimension tables. (6) Early aggregation of
factorized computations in a join node speeds up the query execution by 1.45× by reducing the
tuple size of intermediate join nodes. (7) Our strategy for decoupling join order optimization from
factorization optimization is reasonable since the optimal factorization plan of the optimal join
order performs the best among all combinations of join orders and factorization plans.

7 Related Works
Relationships to existing factorizedMLworks. Table 3 summarizes the key differences between
InferF and prior work on factorized ML. A major line of research on factorized ML [7, 31, 40, 56,
57, 70, 71] focuses on ML training for specific models, such as linear regression, gradient boost
tree models, and the learning processes relying on batch gradient descent (BGD). LMFAO [70],
AC/DC [40], and F [56, 71] abstract the feature interaction of the training process as a collection
of aggregation queries over a join graph. While effective in training contexts, this formulation
does not naturally extend to inference workloads, which often lack an inherent batch aggregation
structure. FL [43] proposed cost models specific to BGD-based learning process to make coarse-
grained decisions such as whether to materialize, stream, or factorize. Other systems, such as
Morpheus [16] and MorpheusFI [49], focuses on linear algebra (LA) with and without feature
intractions over normalized data, while SDQL [72] focuses on unified relational algebra (RA) and
LA grounded in semiring semantics. They leverage factorization-based rewrite rules to provide
optimization opportunities for workloads involving LA. However, these approaches do not address
the challenges of exploring the vast space of semantically equivalent rewrites, such as deciding
which factorized sub-computations to push down to specific nodes within a join tree, nor do they
support arbitrary inference workflows that cannot be expressed solely in terms of LA operators or
semiring abstractions.
Since our work focuses on the inference process, the training-specific optimizations, such as

semi-ring and batch-aggregation representation, and assigning aggregation queries to views based
on count of group by attributes in each view, as proposed/adopted in existing works such as F [71],
LMFAO [70], and JoinBoost [31], are orthogonal with our work, and not supported in our system.
Relationships to in-DB ML systems. In-database ML systems, such as MADLib [29], Raven [59],
EvaDB [19], GaussML [48], Imbridge [83, 84], as well as intermediate representations like Weld
IR [58], Tensor Relational Algebra [33, 34, 81], and Lara [45], LingoDB [36, 37], also support the
models used in this work. However, they focus on other SQL-ML co-optimization techniques such
as tensor-relational transformation, data-driven model pruning, cross-library loop fusion, etc., and
do not incorporate the factorization-aware optimization. There is also a line of works on storage
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optimization for inference queries [25, 86] and ML-in-DB [90–93], which are orthogonal to InferF.
These works may benefit from integrating with our work.
Relationships to statistical relational learning.We acknowledge that the ML models studied
in this paper, though widely used for predictions on relational data [4, 13, 19, 29, 48, 60, 84], have
two limitations. First, they do not attempt to exploit dependencies among relational instances, and
any dependencies across instances are ignored [55], which may make them unsuitable for certain
learning tasks that rely on such correlations, such as identifying relationship between entities.
Second, these models are designed to learn over independent-and-identically-distributed (i.i.d.)
datasets; however, the i.i.d. assumption is often violated in relational settings due to dependencies
across tuples [18, 63].
To exploit the cross-tuple dependencies (i.e., Limitation 1), there emerged works on relational

learning and statistical relational learning (SRL) [23], including relational learning with language
bias [63], machine learning with inductive logic programming [82], probabilistic relational mod-
els [22], Markov logic network [66], relational Bayesian networks [32], and propositional ap-
proaches [42, 68].
To mitigate i.i.d. violations (Limitation 2) for non-relational models in practice, modern ML

pipelines typically employ feature extraction and data partitioning techniques that transform
multi-table relational data into approximately independent samples suitable for statistical learning
algorithms, where relational attributes are joined and aggregated from related tables to produce
flat feature vectors for each prediction target [8, 35, 44, 46, 88]. Relational learning is also often
applied to extract features for non-relational model [35, 46].

On one hand, we acknowledge that non-IID issues should be addressed upstream during training.
On the other hand, mitigation of this concern is orthogonal to our contribution on inference.
A natural direction for future work is to co-design factorized training and inference procedure
that explicitly accounts for dependency in relational data, thereby improving the accuracy while
retaining the computational benefits at inference.

8 Conclusions
Recently, optimizing the execution latency of inference queries that nest SQL and AI/ML model
inferences has received significant attentions [3, 4, 19, 33, 48, 50, 59, 81], because those queries
are widely used in industry and data science, and shortening the latency of those queries brings
better user interaction experiences and more timely decision making. In this work, we identified
the significant gaps between the real-world demands for fully optimizing inference queries that
nest multi-way join queries with AI/ML inferences and existing factorized ML works focusing on
the learning process and linear algebra operators. We propose InferF to systematically close the
gaps by formalizing a new problem on assigning factorization decisions to query nodes, designing
new algorithms such as our Greedy and Genetic optimizers to search for the optimal factorization
plan efficiently, and designing a novel representation for arbitrary inference workflows as analyz-
able expression graphs to enable fine-grained factorization optimization. Our implementation on
Velox [62] and experimental studies demonstrate that InferF significantly speeds up inference on
multi-way join queries by utilizing the fine-grained factorization and push-down benefits.
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