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Despite decades of research, the practical adoption of Approximate Query Processing (AQP) remains limited.
Sampling-based systems such as VerdictDB often yield slow or inaccurate results for complex analytical
queries, as their effectiveness depends heavily on sample quality. Model-based systems such as DeepDB
perform well on simple queries but incur high runtime latency for multiway joins and group-by operations,
as each group is evaluated as an independent query with instantiated attribute values, preventing global
optimization across groups. Both approaches are tied to fixed hardware backends, limiting flexibility across
CPU and GPU platforms.

This paper presents BayesAQP, a backend-agnostic AQP framework that compiles Bayesian Network (BN)
inference into tensor algebra (TA) programs. During training, BayesAQP models per-table statistics using
BNs and integrates join histograms for efficient multi-table queries. At runtime, SQL queries are compiled
into TA programs in BTL++, a tensor-centric probabilistic programming language, and optimized into tensor
contractions for execution on tensor processing frameworks across CPUs and GPUs. Experimental results
show that BayesAQP achieves an average 37x speed-up over existing AQP systems on three real-world datasets
while maintaining comparable accuracy and significantly improving performance for complex multiway join
and group-by queries.
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1 Introduction

The exponential growth of data has made exact query processing increasingly expensive. Ap-
proximate Query Processing (AQP) mitigates this by trading accuracy for efficiency, enabling
near-real-time analytics over large datasets, with state-of-the-art approaches falling into two main
categories: sampling-based and machine-learning-based (ML-based) systems.

Sampling-based systems such as VerdictDB [28] and WanderJoin [21] approximate query results
by operating on partial data. While they support a broader range of query types and integrate
easily with existing DBMSs, their runtime performance degrades on analytical queries involving
multiple GROUP BY attributes or joins, and their accuracy suffers when maintaining sufficiently
representative samples becomes infeasible.
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ML-based systems [14, 24, 25] instead learn predictive models offline to estimate query results.
These models are typically more compact than sampling-based approaches but face the same
limitations in efficiently processing group-by queries. DeepDB [14], for instance, decomposes each
group-by query into many equality-constrained subqueries executed independently at runtime,
similar to WanderJoin. This design prevents shared computation and global optimization across
groups, leading to poor scalability as the number of grouping attributes or the domain cardinality
increases. Moreover, existing AQP systems are primarily CPU-bound and cannot benefit from the
parallelism offered by modern GPU or tensor-based computation frameworks, leaving the efficient
handling of complex analytical queries an open challenge.

Recent advances in model-based ML [5, 13, 29, 41] have renewed interest in probabilistic models
for data analysis. Bayesian Networks (BNs), a class of probabilistic graphical models (PGMs),
capture the intrinsic data dependency and offer compactness, interpretability, and robustness
to data changes [10], with successful applications across biomedicine [3], astrophysics [31], and
geoscience [39].

However, several challenges hinder the use of BNs for AQP. Exact inference over discrete
distributions is computationally expensive and remains an active research problem [7, 15]. Existing
database applications of BNs, such as BayesCard [42] and FactorJoin [43], are confined to cardinality
estimation (CardEst), a restricted form of AQP. To date, there is no well-developed architecture for
employing BNs for more general forms of AQP due to the NP-hard model construction and the
computational cost of exact inference [7, 15].

In this paper, we propose BayesAQP, a backend-agnostic framework for AQP that supports fast
approximation over large-scale data. BayesAQP combines the advantages of recent advances in
probabilistic programming and high-performance computing by using a probabilistic programming
language (PPL) to represent the probabilistic queries compiled from SQL queries and leveraging
advanced tensor processing frameworks (e.g., TensorFlow [1] and PyTorch [30]) to solve the
resulting inference problems. BayesAQP learns relational data as discrete BNs and translates SQL
aggregations into probabilistic queries. By compiling BN inference into tensor computations within
tensor-processing backends, BayesAQP leverages vectorization and parallelization for efficient
observation incorporation and variable elimination during inference. In addition, we propose
BTL++, a tensor-centric PPL built upon BTL [27], both designed for efficient exact inference over
discrete distributions. While BTL focuses on general Bayesian Network inference, BTL++ extends its
expressiveness by supporting additional tensor constructs, such as expectation and outer product,
that enable the representation of database aggregations and join operations. Specifically, BTL++
compiles SQL queries with aggregations (e.g., COUNT, AVG, SUM) into tensor algebra (TA) programs,
which are symbolic representations of multi-dimensional tensor operations. By leveraging these
constructs, BTL++ expresses relational inner joins and SQL aggregations as tensor computations.
To further enhance runtime performance, BayesAQP applies compilation-level optimizations on
the resulting TA programs, enabling efficient execution on NumPy CPU or PyTorch GPU backends.
As our experimental results show, BayesAQP offers significant advantages both for accuracy and
performance compared to state-of-the-art systems such as DeepDB and VerdictDB, specifically for
queries with multiway joins and multiple grouped attributes over large attribute domains.

Contributions. Our main contributions are as follows:

e We formulate AQP queries into probabilistic queries using conditional distributions of data
attributes, including single-table and multi-table scenarios (Sections 2-3).

e We propose BayesAQP, a backend-agnostic compiler prototype that supports fast approxima-
tion of SQL aggregations over large-scale data by leveraging BTL++, an extension of BTL [27],
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a tensor-centric PPL for fast exact inference over discrete distributions, and advanced tensor
processing frameworks through a compilation pipeline (Section 4).

e We demonstrate how BayesAQP optimizes translated TA programs from SQL queries through
multiple compilation phases that enable efficient execution on tensor processing backends
(Section 5).

e We show that BayesAQP outperforms existing AQP systems, achieving an average 37x
speed-up on real-world datasets while maintaining high accuracy, particularly for complex
multiway joins and group-by queries (Section 6).

2 Background: Probabilistic Programming

This section briefly reviews two foundations of BayesAQP: probabilistic graphical models and
probabilistic programming languages.

2.1 Probabilistic Graphical Models

Probabilistic graphical models (PGMs) capture statistical dependencies among random variables
using graphs in which nodes represent variables and edges encode conditional relationships. PGMs
are broadly categorized into directed models, such as BNs, and undirected models, such as Markov
Random Fields (MRFs). BayesAQP focuses on BNs because it compiles queries into BTL++ programs
that enable efficient exact inference for directed models, whereas no comparably fast inference
backend exists for undirected models.

Bayesian Networks. A Bayesian Network is a directed acyclic graph (DAG) whose nodes represent
random variables associated with conditional probability distributions (CPDs) conditioned on their
parents. Given a BN with n variables x = {x3, ..., x,} and evidence e = {ey, . .., e}, the likelihood
of e is computed via variable elimination (VE) [44]:

Ple)= ) ﬁpm | pa), (1)

x\x. =1

where pa; denotes the parents of x;, and x, the variables instantiated by e. The marginal distribution
of a variable xj given e is:

Pule =2 > [ [PGulpa. 2)

x\({xg }ue) i=1

where Z = P(e) normalizes the distribution. Section 3 formulates AQP queries as inference over
BNE.

2.2 Probabilistic Programming Languages

Probabilistic programming languages provide high-level abstractions for specifying PGMs and
automating inference under uncertainty, typically supporting posterior inference in Bayesian
models as well as inference tasks beyond marginal queries over PGMs [40]. Analogous to automatic
differentiation in deep learning, PPLs reduce the cost of implementing and experimenting with
inference algorithms. Existing PPLs span a wide design space, from generic inference-oriented
languages [2, 15, 33, 35] to database-oriented systems [4, 16] that emphasize probabilistic query
semantics and efficient execution in database settings. BayesAQP lies between these extremes,
adopting a system-oriented design that leverages probabilistic programming as a compilation target
rather than a user-facing language, enabling efficient execution of inference-driven AQP workloads.
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q ::= SELECT e

FROM t1, tp, . .., ¢ ¢ = tA=uB|tAe(xy]l[tAeS|cnd

) s tn

WHERE ¢ e ::= t.A|COUNT(x) | AVG(t.A) | SUM(t.A)
GROUP BY a: |  SUM(t.A-t.B) | SUM(t.A) — SUM(t.B)

Fig. 1. SQL query template supported by BayesAQP, where e, a, and ¢ denote aggregations, group-by
attributes, and query predicates (including join conditions), respectively. S is a finite set of domain values,
and x and y are constants.

In particular, BayesAQP builds on BTL [27], a tensor-centric PPL designed for efficient exact
inference over discrete probabilistic programs, including BNs, making it a strong foundation for
BayesAQP. Since database aggregations and joins are not natively supported in BTL, we extend it
to BTL++, a tensor-centric PPL specialized for AQP workloads.

3 Modeling AQP with Discrete Distributions

This section formalizes how BayesAQP models AQP using BNs for single-table and multi-table
workloads from a statistical perspective.

3.1 Supported Queries

Figure 1 shows the SQL template supported by BayesAQP, including aggregations such as COUNT,
AVG, SUM, and GROUP BY. AVG and SUM operate on continuous attributes, while GROUP BY applies to
categorical attributes. BayesAQP supports equi-joins and selection predicates, including IN clauses,
equality conditions (i.e., =), range filters (e.g., <, >, <, >), and conjunctions of such predicates.

3.2 Problem Formulation

Single-table CardEst. Given a database with relations A, B, . .., Z under schema J and a query Q,
the cardinality estimation on relation A is defined as

10 = sel(Q) = |Al,
where sel(Q) is the query selectivity and |A| is the table cardinality. In BayesAQP, sel(Q) is
computed as P4 (Q), the joint probability of the evidence Q inferred from the BN of relation A.

Case 1: Single-table CardEst with GROUP BY. For relation A with attributes col(A) = {aid, ay, . . .,
an} and a query Q grouping by attributes a C col(A),

rx~Pa(a|Q)*|Al ®)

where the tensor order of r corresponds to |a|, and P4(a | Q) is the unnormalized marginal
distribution of the group-by attributes inferred from the BN of relation A.

To efficiently handle large-scale and continuous data, BayesAQP discretizes each attribute
a € col(A) into equi-depth histogram buckets ¢, = {1, ..., am} over its domain D,. The group-by
result in Equation 3 becomes

v = Pa(a’ | Q)™ Al
y(r'),

where a’ denotes the discretized form of a, each variable’s states corresponding to its histogram

©

Q

r

buckets. Pf:) represents the marginal distribution of the discretized group-by attributes, weighted
by query-dependent vectors when predicates partially overlap with histogram buckets of relation A.
Inference in BayesAQP operates in this discretized space, producing tensors indexed by histogram
buckets rather than raw values. To obtain meaningful query results, the reverse-mapping function
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Algorithm 1 Offline Pairwise Correlation Matrix Construction

Require: Tables A and B joined on A.v = B.v; equi-depth histograms ¢4 4, ¢.»; domains Dy ,, Dp .,
Ensure: Correlation matrix pap € R*k
U Do, UDgyletU = (ug,...,Unm)

2N |(PA.U|3 k — |(pB.v|
3. Initialize W4 , € R™*™ ~ Wjp, € Rkxm
4: fori=1tondo
5: for j =1tomdo
t e oli] 1t =u;
6 Wi j] o (LEE ool L= )
’(PA.U[IH
7: end for
8: end for

9: Construct Wg , analogously using ¢p ,
10: pAB < Wa, X ng
11: return pag

Y expands each bucket into the domain values contained within it using precomputed mappings,
restoring outputs to the original value space.

Case 2: CardEst with Pairwise Inner Join. The correlation matrix p models the overlap between
histogram buckets of different relations, thereby estimating join selectivity between attributes
(cf. Algorithm 1). Given a query Q joining A and B on A.aid = B.bid, with base predicates Q(A)
and Q(B), the estimated join cardinality is

|Ab< Bl ~ Pa(aid | Q(A))™) * |A| % pap * (Pp(bid | Q(B))™))T « |B|, ()

where P4 (aid | Q(A))™) and Pg(bid | Q(B))™*) are the marginals of the join attributes under their
respective predicates, represented over the discretized domain of the corresponding attributes. This
formulation generalizes naturally to multi-way joins and group-by queries: star or chain joins can
be composed through successive pairwise correlations, and group-by joins extend by inferring
joint marginals over the union of group-by and join attributes. In practice, BayesAQP currently
supports star schemas and can be extended to chain joins via composed correlation matrices.

AVG queries. An average aggregation in SQL corresponds to computing the expected value of an
attribute conditioned on the query predicates. For a query Q with AVG(V') on relation T:

E(V | Q) ~ Pr(V | Q){ihm * Ve, (6)

where Pr(V | Q)r(lzzm is the normalized marginal distribution of V under Q, and Vecy enumerates
the possible values (or bucket means if discretized).

When V is an arithmetic expression over multiple attributes (e.g., AVG(T.v; * T.v;)), inference
yields a joint marginal:

E(0; 02 | Q) ~ Pr(v1,02 | Q)fotm,, o, * (Vecy, ® Vecy,), %)

where ® denotes the outer product, and normalization applies over the v, v, dimensions.
For queries with group-by attributes g C col(T) and aggregated attributes v =0y, ...,0,:

’
iy

Q

IPT(g Uv | Q)r(:(;zmv *(v) (VeC01 Q@ ® Vecvn)’

8
y(r'). ®

X

T
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Fig. 2. The high-level architecture of BayesAQP.

fa, :=select a; [7]

1 SELECT [ul.Al ..... um.Am], AGG ) L t —_

2 FROM 1y, ..., Qiyeigy = vector [7]

3 WHERE #,.B; = £,.Cy Wq, 1= weight a; @i,

4 AND ... 04, := Observe a [r]

5 AND t#,_1.Bp—1 = t,.Cp—1 '

6 AND < dist,, = query [@] [fa,] [0a] [Wa,]
7

[GROUP BY u;.Aq,...,um.Am]; . .
e e result_dist; := dlsttj

(a) The SQL template, where lines 3-7 and group-by (b) Base relation actions translated in BTL++.
attributes in [...] are optional.

(COUNT)
(JOIN, optional) count := dist * nrows
FORje1...n—1 (AVG)
prep; = outer result_dist; distj4; m := loadTensor (Muame, Mgq)

result_distj,; := expectation [a;] prep; p; [x,y] norm,, := normalize dist 7]

avg := expectation [a;] norm,, m [r]

(w/o optional joins) (SUM)
dist := result_dist, sum := mul(count, avg)
(c) Translated pairwise joins depend on the star (d) Translated aggregations in BTL++.

schema in BTL++.

Fig. 3. Transformation mappings from SQL to BTL++, including base relation actions, pairwise join for star
schema, and different aggregations. Group-by attributes are tracked by the first input of both the query and
the expectation constructs.

Here, *(y) denotes a contraction summing over the aggregated dimensions v. As inference operates
in a discretized space, r’ is mapped back to domain values via y.

SUM queries. A SUM query is evaluated as the element-wise product of its corresponding COUNT
and AVG queries that share identical predicates.

4 System Overview

This section presents the overall architecture of BayesAQP (Section 4.1) and introduces its proba-
bilistic query compilation workflow in Sections 4.2-4.3.
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Example 1. Throughout this section, we use a simplified version of the Star Schema Benchmark
(SSB) [26], named MiniSSB, along with three representative SQL queries, to illustrate BayesAQP’s
compilation pipeline (Sections 4.2-4.3) as shown in Figures 5-7. Figure 5 shows how to perform a
cardinality estimation query, while Figure 6 presents how BayesAQP can answer a group-by average
query with a two-way join. The group-by sum query with a join of 4 tables defined in Figure 7
shows how effective the compilation phases can be, reflecting optimizations on performance.

The MiniSSB dataset follows the star schema of SSB (cf. Figure 7a), with lineorder as the fact
table joined to four dimension tables: dwdate, supplier, customer, and part. It is a reduced-scale
variant of SSB used for illustration, where categorical attributes have at most two distinct values and
continuous attributes up to four. MiniSSB is used solely for demonstration; in practice, BayesAQP
scales to real-world datasets (Section 6.3).

4.1 System Architecture

The high-level architecture of BayesAQP is illustrated
in Figure 2. BayesAQP translates data in relational form
into BNs during the offline training phase. In the online

(Section 4.2)

inference phase, BayesAQP approximates the input SQL
queries by compiling them into probabilistic queries in (Section 4.3)
BTL++ using BNs. The translated BTL++ programs are
then used to generate optimized TA programs, enabling . @ltingectiond)...,
efficient execution within advanced tensor processing [ '"“;‘"g )i
frameworks. [ Tensor Algebra Simplification ]
Data Translation. For each relation, BayesAQP con- ¥

. . : [ Dead Code Elimination ] :
structs a BN to capture dependencies among attributes, L SRR
addressing the independence assumption inherent in tra- | Optimised Tensor Algebra Expressions |

ditional histogram construction. In BayesAQP, each node
represents the conditional distribution of a data attribute, Fig 4. An overview of transformations from
materialized as a dense tensor. During offline training, the input SQL query to an optimized tensor
BayesAQP learns discrete BNs using Chow-Liu tree struc- algebra program in BayesAQP.

tures [8] via pgmpy [2]. BayesAQP leverages pgmpy as an

off-the-shelf library for learning discrete BNs. Specifically, we use pgmpy’s TreeSearch estimator
to learn a Chow-Liu tree structure, followed by maximum-likelihood estimation to derive the
corresponding conditional distributions. To support efficient inference for join queries, BayesAQP
enforces the primary key of each table as the root of the learned tree. Our contribution does not lie
in BN structure or parameter learning; instead, it lies in how these learned models are oriented and
integrated into a tensor compiler to support efficient inference for AQP during runtime.

Model Expressiveness and Inference Tractability. Chow-Liu trees provide a maximum-
likelihood tree approximation that preserves all pairwise mutual information, yielding a principled
trade-off between modeling accuracy and inference complexity. By construction, this restricts
expressiveness to pairwise dependencies and excludes higher-order interactions that would other-
wise induce high treewidth and intractable inference. In BayesAQP, this restriction is intentional:
it captures the dominant correlations affecting selectivity estimation while ensuring linear-time
marginal inference and avoiding high-order tensor materialization.

At runtime, inference is further optimized through graph reduction guided by the BN topology
encoded in compiled BTL++ programs. While exact inference in general BNs is #P-hard and
exponential in treewidth, BayesAQP avoids this blow-up by combining tree-structured intra-
table models with explicit inter-table dependencies handled via pairwise correlation matrices
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(Algorithm 1). Although BTL++ may denote higher-order tensor expressions (e.g., from multi-
attribute group-by queries), these tensors are never materialized: the compiler applies compiler
optimizations (Section 5) to rewrite them into sequences of low-order tensor contractions, ensuring
that all executed tensors have order at most two. As a result, inference cost is dominated by tensor
operations whose complexity depends on join and group-by dimensionality, which we evaluate
empirically in Section 6. A formal complexity analysis of the compiled tensor programs is left as
future work.

Probabilistic Query Compilation. Figure 4 overviews the transformation pipeline in BayesAQP.
BayesAQP translates the input SQL query into a probabilistic query in BTL++ over trained BN,
which is then compiled into a TA program. To enhance performance, BayesAQP applies compiler
optimizations, such as inlining and algebraic simplification, producing an efficient TA program for
execution on NumPy (CPU) or PyTorch (GPU) backends. Sections 4.2-4.3 illustrate this workflow
using two representative SQL queries (Figures 5-6), covering the transformations from SQL to
BTL++ and from BTL++ to TA.

4.2 SQL to BTL++

The front end of BayesAQP translates SQL queries into probabilistic programs in BTL++, which
extends BTL [27] with probabilistic operators and tensor constructs (e.g., expectation and outer
product) to support SQL aggregations and joins. Key BTL++ constructs for expressing SQL queries
are shown in Figure 3, where the components of a generated BTL++ program follow the fixed order
shown in Figures 3b-3d.

BTL++ VS. BTL. BTL++ extends BTL from a PPL into a compiler-based framework for AQP over
relational data. While BTL was originally designed for exact inference over discrete distributions,
it is limited to independent inference tasks and lacks constructs to express relational analytical
semantics such as joins, aggregations, and group bys.

BTL++ introduces three key extensions over BTL. First, it generalizes the supported AQP query
class from single-table cardinality estimation to relational analytical queries, including multi-table
joins and a broader range of aggregate operators such as sum, average, and group bys. Second, BTL++
redesigns the intermediate representation in BTL, called TIL, into a tensor-algebra IR (cf. Figure 7c)
that enables compiler optimizations essential for efficient AQP query execution, including inlining,
algebraic simplification, and dead-code elimination (Section 5). Third, BTL++ extends the execution
backend to use sparse tensor representations and alternative execution backends (e.g., CPU and
GPU), enabling better scalability and memory efficiency for large conditional distributions. These
extensions transform BTL from a probabilistic inference language into an efficient AQP compiler.

Example 2: COUNT on a Single Table without GROUP BY. Figure 5 illustrates an example of
single-table cardinality estimation by compiling an SQL query (Figure 5a) into an equivalent BTL++
program (Figure 5b).

BTL++ provides the select, observe, vector, and weight constructs to encode SQL selection
predicates. The select construct performs unnormalized filtering over histogram buckets, while
observe applies conditioning with automatic normalization. The vector and weight constructs define
bucket-level correction weights (e.g., W4 in Figure 5¢), precomputed to handle partial predicate
overlaps based on bin coverage, and integrate them into BN distributions; weight generation
is elided when all weights equal one. At runtime, BN distributions are accessed via loadTensor
(cf. Figure 3d) and weight vectors are instantiated via vector, both omitted in Figure 5b for clarity.

In Figure 5b, lines 1-2 apply unnormalized conditioning and weighting correction to lo_
ordertotalprice. Line 3 computes the joint distribution over the BN of the lineorder table using
the query construct, where an empty marginalization list yields the joint distribution. Finally, line 4
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1 let filter1l = select lo_ordertotalprice 0:3 in

1 SELECT COUNT (%) 2 let weightl = weight lo_ordertotalprice
2 FROM lineorder lo_ordertotalprice_weight in
3 WHERE lo_ordertotalprice>3000000; 3 let prob = query [] [filter1] [] [weight1] in

4 count = prob * nrows
(a) The SQL representation of the example query. (b) Translated BTL++ program.
1 prob = contract('ar,a,rl,1,->",

Count = A(a=[0,1,2,3],7) * Wa(a = [0,1,2,3]) lo_ordertotalprice[[0,1,2,3]],
«R(r,1) * L(I) * nrows lo_ordertotalprice_weight[[0,1,2,3]1],

lo_revenue,lo_orderkey)
2 count = prob * nrows

(c) Equivalent tensor algebra expression based on (d) Generated Python code from the tensor algebra
VE. expression.

Fig. 5. Compilation pipeline for a count query over the lineorder table from the MiniSSB dataset in BayesAQP.

1 let customer = query [c_custkey, c_city] [] []

[11in
2 let lineorder = query [lo_custkey,
1 SELECT c_city, AVG(lo_ordertotalprice) lo_ordertotalprice]l [1 [1 [] in
2 FROM lineorder, customer 3 let prepl = outer lineorder customer in
3 WHERE lo_custkey = c_custkey 4 let joinl = expectation [lo_ordertotalprice,
4 GROUP BY c_city; c_city] prepl rhol [0, 2] in

5 let Norm = normalize joinl [1] in
6 avgGB = expectation [c_city] Norm
lo_ordertotalprice_mean [0]

(a) The SQL representation of the example query.  (b) Translated BTL++ program for SQL query in Figure 6a.

1 customer = contract('te,ec,c->ct',c_city,c_phone

,c_custkey)
customer (c,t) := T(t,€) * E(e, c) * C(c) 2 lineorder = contract('ka,ar,rl,1->ka',lo_custkey
lineorder(k,a) := K(k,a) * A(a,r)  R(r, 1) * L(I) ,lo_ordertotalprice,lo_revenue,lo_orderkey)
prepl(k,a,c,t) :=lineorder(k, a) x customer(c,t) 3 prepl = contract('ct,ka->ctka',customer,
joinl(a,t) := prepl(k,a,c,t) * rhol(k,c) lineorder)

4 joinl = contract('ctka,kc->at',prepl,rhol)
5 joint = contract('kact,kc->t',prepl,rhol)
6 norm = join1/joint
avgGB(t) := Norm(a,t) * Amean(a) 7 avgGB = contract('at,a->t',norm,
lo_ordertotalprice_mean)
(c) Equivalent tensor algebra expression based on  (d) Generated Python code from the tensor algebra ex-
VE. pression.

Joint(t) := prepl(k,a,c,t) *rhol(k,c)
Norm(a,t) := joinl(a,t)/Joint(t)

Fig. 6. Compilation pipeline for an average query with an inner join between two tables of the MiniSSB
dataset in BayesAQP. The structures of the models are shown in Figure 7a.

multiplies the inferred joint probability by nrows, the table cardinality, to produce the final count
result.

Example 3: GROUP-BY AVG with inner join of 2 tables. An SQL AVG query is translated into a
probabilistic query that computes expectations over aggregated attributes, while the GROUP BY
clause corresponds to marginalization over group-by attributes. In BayesAQP, pairwise inner
joins are optional and restricted to star schemas; when present, joins are executed as a sequence
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of pairwise inner joins (Figure 3c). Joins and aggregations are expressed uniformly using the
expectation construct in BTL++, together with the outer construct to form outer products.

For a BN node X with n states, the expectation is defined as E[X] = X1, x;p;, where p; denotes
the conditional probability of the ith state and x; is the mean value of the corresponding histogram
bin. In BTL++, this is expressed as expectation [a;] prep; p; [x,y], which performs element-wise
multiplication between the x-th dimension of prep; and the y-th dimension of p; to aggregate
join-key axes, while retaining group-by attributes a; when specified. When the fourth input is
empty, expectation reduces to a conventional expectation over the input distribution.

Figure 6 illustrates the compilation of an SQL AVG query with a GROUP BY clause and an inner
join between the lineorder and customer tables. In Figure 6b, Lines 1-2 perform base relation
inference, and line 3 computes the outer product of intermediate results, leveraging tensor op-
erations and Einstein summation notation to streamline contractions. Line 4 applies the inner
join via expectation while preserving the group-by attribute. Line 5 normalizes the inferred joint
distribution over the group-by dimension c_city, and line 6 computes the expected value using lo_
ordertotalprice_mean, a vector of per-bucket mean values precomputed offline from the histogram
of lo_ordertotalprice.

4.3 BTL++ to Tensor Algebra

To leverage optimized tensor-processing backends and enable compiler optimizations, BayesAQP
lowers BTL++ programs into equivalent TA programs. The BTL++ definition of a BN (i.e., its CDTs)
can be viewed as a collection of tensors. Probabilistic queries are evaluated via variable elimination,
which naturally translates into tensor contraction (Einstein summation) expressions. In practice,
these contractions are executed efficiently using opt_einsum [38] across CPU and GPU backends.

In each TA expression, tensors connected by the asterisk (x) participate in the contraction.
Dimension symbols associated with each term specify tensor indices, while a slash (/) denotes
element-wise division. When multiple tensors share the same dimension symbol, element-wise
multiplication is performed along that dimension, followed by summation over the contracted
dimensions as dictated by the expression; division is applied along shared dimensions between
numerator and denominator tensors. Query selections over data attributes are encoded as constraints
within tensors representing the corresponding conditional distributions.

Based on TA expressions, BayesAQP emits executable Python code targeting the selected backend.
Following NumPy’s convention, symbols on the right-hand side of the arrow specify the index
order of input tensors (comma-separated), while the symbols after the arrow define the index order
of the resulting tensor.

Example 2 (cont.). Figure 5¢ shows the equivalent tensor algebra expression of our count with-
out group by example. Based on this tensor algebra expression, BayesAQP generates the corre-
sponding tensor computation in the NumPy backend, presented in Figure 5d. In Figure 5d, line
1 expresses the tensor contraction, where the symbol rl at the left side of the arrow represents
the order of the conditional distribution of lo_revenue. Query selections over lo_ordertotalprice,
lo_ordertotalprice_weight (i.e., the weight of lo_ordertotalprice) are tensor slicing (e.g., lo_
ordertotalprice[[@, 1, 2, 3]11) at lines 1-2.

5 Compiler Optimizations

This section presents the compiler optimizations that BayesAQP applies across multiple phases to
improve the efficiency of TA programs generated from SQL queries. All examples refer to executions
on the NumPy CPU backend; running on PyTorch requires minor configuration adjustments.
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lo_orderkey
(L)

1 let customer =

126:11

query [c_custkey, c_city] [J [] []

in
2 let supplier = query [s_suppkey, s_city] [] [] []
(R) in
To_ordertotalprice 5_orderdats 3 let dwdate = query [d_datekey, d_year] [] [] [] in
&) © 4 let lineorder = query [lo_custkey, lo_suppkey,
1 lo_orderdate, lo_revenue] [] [] [] in
W : 5 let prepl = outer lineorder customer in
p2 e3 6 let joinl = expectation [lo_suppkey, lo_orderdate,
d_d(a[t;key lo_revenue, c_city] prepl rhol [0, 4] in
7 let prep2 = outer joinl supplier in
8 let join2 = expectation [lo_orderdate, lo_revenue,
(N) c_city, s_city] prep2 rho2 [0, 4] in
9 let prep3 = outer join2 dwdate in
10 let join3 = expectation [lo_revenue, c_city,
customer suppher dwdate s_city, d_year] prep3 rho3 [0, 4] in
1 SELECT c_city, s_city, d_year, SUM( 11 let join3Norm = normalize join3 [1, 2, 3] in
lo_revenue) 12 let avgGB = expectation [c_city, s_city, d_year]
2 FROM lineorder, dwdate, supplier, join3Norm lo_revenue_mean [@] in
customer 13 let ones = unitMat join3 in
3 WHERE lo_orderdate = d_datekey AND 14 let countProb = expectation [c_city, s_city,
lo_suppkey = s_suppkey AND d_year] join3 ones [0, 1, 2, 3] in
lo_custkey = c_custkey 15 let countGB = countProb * nrows in
4 GROUP BY c_city, s_city, d_year; 16 let sumGB = avgGB * countGB in
(a) The SQL representation of a group-by sum  (b) The translated BTL++ program of the example in Fig-
query using the MiniSSB dataset. ure 7a.

customer(c,t)
supplier(s, i)
dwdate(d, y)

lineorder(k,u,o0,r)

Prepl(k,u,o,r,c,t)

joinl(u,o,r,t)
prep2(u,o,r,t,s,i)
join2(o,r, t,i)
prep3(o,r,t,i,d, y)
join3(r,t,i,y)
Joint(t, i, y)
Norm(r,t,i,y)
avgGB(t,i, y)
Ones(r,t,i,y)
countProb(t,i, y)
countGB(t, i, y)
sumGB(t, i, y)

=T (t,e) x E(e,c) * C(c)
:=I(i,h) * H(h,s) * S(s)
:=Y(y,n) * N(n,d) + D(d)
=K (k,a) «U(u,a) * A(a,r)

«O(o,r) «R(r,1) =« L(l)

:=lineorder(k,u,o,r)

x customer(c,t)

=prepl(k,u,o0,r,c,t)*rhol(k,c)
:=joinl(u,0,r,t) * supplier (s, i)
=prep2(u,o,r,t,s,i) *rho2(u,s)
:=join2(o,r,t,i) * dwdate(d, y)
=prep3(o,r,t,i,d, y) = rho3(o,d)
=prep3(o,r,t,i,d, y) *rho3(o,d)
:=join3(r, t,i,y)/Joint(t,i,y)
:=Norm(r,t,i,y) * Rmean(r)
:=UnitMat(r, t,i, y)
:=Joint(r,t,i,y) * Ones(r, t,i, y)
:=countProb(t,i, y) * nrows

:=avgGB(t,1, y) * countGB(t,1, y)

(c) Equivalent TA expressions based on VE (red
terms indicate where inlining occurs).

After O1:

:=K(k,a) *U(u,a) * A(a,r) * O(o,r)
* R(r,1) « L(1) * T(t,e) = E(e,c)
xC(c) *I(i,h) * H(h,s) = S(s)
*Y(y,n) * N(n,d) = D(d) = rhol(k,c)
xrho2(u,s) = rho3(o,d)

:=K(k,a) *U(u,a) * A(a,r) * O(o,r)
*R(r,1) « L(1) * T(t,e) = E(e,c)
« C(c) *I1(i,h) * H(h,s) = S(s)
#*Y(y,n) * N(n,d) = D(d) = rhol(k,c)
xrho2(u,s) = rho3(o,d)

:=join3(r, t,i,y)/Joint(t,i, y)

:=Norm(r,t,i,y) * Rmean(r)

join3(r,t,i,y)

Joint(t,i,y)

Norm(r, t,i, y)
sumGB(t, i, y)
* Joint(t,i,y) * Ones(r, t,i,y) * nrows
After O2 and O3:
join3(r,t,i,y) =K (k,a) *U(u,a) * A(a,r) * O(o,r)
* R(r,1) « L(l) « T(t,e) = E(e,c)
xC(c) *I(i,h) * H(h,s) = S(s)
*Y(y,n) * N(n,d) = D(d) = rhol(k,c)
xrho2(u,s) = rho3(o,d)
sumGB(t, i, y) := join3(r, t,i, y) * Rmean (r) * nrows
(d) Optimized TA program (O1: inlining, O2: algebra
simplification, O3: dead code elimination).

Fig. 7. Effect of compiler optimizations on a group-by sum query over MiniSSB in BayesAQP (red terms
indicate optimized TA expressions; reverse mapping is not treated as a TA operation).
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Expressing SQL aggregations, joins, and group-by clauses in BTL++, and subsequently in TA,
can introduce redundant contractions and high-dimensional intermediate tensors. To address
this, BayesAQP performs three key compilation optimizations at the TA level: inlining, algebraic
simplification, and dead code elimination. These optimizations reduce both tensor dimensionality
and computational cost before code generation.

Inlining (O1). Inlining replaces symbolic tensor variables or function calls with their concrete
definitions at the call site, avoiding the materialization of intermediate tensors and exposing
opportunities for contraction fusion. BayesAQP applies inlining within TA expressions to eliminate
high-order intermediates that can otherwise dominate inference cost. While performing joins, each
pair of join keys introduces a tensor contraction between the inference results of the participating
tables and their correlation matrix. By inlining, BayesAQP fuses these contractions into a single
composite operation, enabling tensor backends to optimize contraction ordering and execution
more effectively.

Example 4: GROUP-BY SUM with inner join of 4 tables. Figure 7a presents an example of a
group-by sum query with three joins between the relations lineorder, dwdate, customer, and
supplier in the MiniSSB dataset, and the BNs related to this query, where each join key pair is
connected by a red dashed line. For instance, p; refers to the correlation matrix of lineorder
and customer. For demonstration purposes, we omit the details of defining the BNs, loading the
correlation matrices (e.g., p in Figure 7b, lines 6, 8, and 10), and the 1-dimensional tensor of possible
values for each aggregated attribute (e.g., lo_revenue_mean in Figure 7b, line 12). The operator
unitMat (Figure 7b, line 13) constructs an all-one matrix with the same shape as the tensor joinl.
Figure 7c shows the TA program translated from the BTL++ program in Figure 7b, where terms
highlighted in red indicate where inlining occurs. Producing intermediate tensors such as Preps, a
6-dimensional tensor with two dimensions later summed out, substantially increases computational
complexity and memory footprint. Through inlining, BayesAQP replaces Prep; with its defining
contraction, which has a lower tensor order and can be directly fused with subsequent contractions.
This transformation eliminates the need to materialize high-dimensional intermediates and enables
advanced tensor processing frameworks to plan and execute contraction sequences more efficiently
(cf. Figure 7d).

Tensor Algebra Simplification (02). Translating SQL aggregations into TA expressions may yield
redundant contractions and normalizations. BayesAQP mitigates this by applying three algebraic
simplification rules.

In BayesAQP, an average query corresponds to computing the expected value of the aggregated
attributes. This often yields expressions where a tensor (or contraction) is multiplied by a division:
the division term represents the normalized joint marginal distribution of the aggregated attributes,
while the remaining terms encode their possible values. Computing such an average typically
requires at least three tensor contractions: two to obtain the normalized marginal distribution
and one to compute the expectation. Since the marginal distribution is eventually summed after
elementwise multiplication with the attribute values, BayesAQP merges the final contraction into
the numerator of the division. This transformation eliminates high-dimensional intermediates and
allows tensor processing frameworks to optimize long einsum expressions more effectively.

In SQL, a SUM query can be expressed as the product of a COUNT query and an AVG query that
share the same predicates and aggregated attributes. During inference, both the aggregated and
group-by attributes must be preserved, which can create large intermediate tensors and redundant
computations. The AVG component introduces a normalization term for the joint marginal distribu-
tion of the aggregated attributes that is equivalent to the probability term already computed by the
COUNT query. BayesAQP cancels this redundant normalization with the COUNT query, eliminating
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unnecessary tensor contractions and reducing intermediate dimensionality. This optimization
enables further algebraic simplifications and produces more efficient tensor programs for SQL
aggregations in tensor processing backends.

Example 4 (cont.). Based on the TA program after inlining in Figure 7d, BayesAQP can detect the
normalization of the marginal distribution introduced by the average query, which can be canceled
by the probability of the count query, referring to the tensor variables Joint in the bodies of Norm
and sumGB. As a result, the tensor variables Norm and Joint in the body of sumGB will be replaced
by the numerator of Norm, which is Unnorm. In addition, the all-one matrix Ones does not change
the contraction result, which is a redundant computation that can be removed.

Dead Code Elimination (03). After applying inlining and algebraic simplification, some TA
expressions no longer contribute to the final aggregation result. BayesAQP performs dead code
elimination to remove such expressions, producing a lightweight TA program for execution.

Example 4 (cont.). After applying inlining and algebra simplification, tensor variables like Norm
and Joint do not contribute to the computation of the SQL aggregations anymore, introducing
redundant tensor contractions (cf. Figure 7d). BayesAQP detects and removes these expressions via
dead code elimination, yielding a more efficient TA program.

6 Experiments
This section aims to answer the following research questions:

e How efficient and accurate is BayesAQP for AQP including cardinality estimation compared
to state-of-the-art systems (Sections 6.2 and 6.3)?

e How do the optimizations employed by BayesAQP impact the performance of inference
(Section 6.4)?

e How do different data distributions affect the inference performance of BayesAQP in AQP
(Section 6.5)?

e What is the offline model construction cost of BayesAQP in terms of training time and storage
overhead (Section 6.6)?

e What is the compilation overhead of BayesAQP to achieve efficient tensor algebra computa-
tions (Section 6.7)?

6.1 Setup

All experiments are conducted on an Apple Silicon M4 Pro chip equipped with a 14-core CPU, a
20-core GPU, 48 GB of unified memory, and a 1 TB SSD. BayesAQP is implemented in Scala 2.12.11
and compiled ahead of time using GraalVM Native Image 21.0.2. For runtime tensor processing, we
use Python 3.12.11 with opt_einsum 3.4.0, NumPy 2.2.6 and PyTorch 2.8.0.

Datasets and Queries. We evaluate the AQP performance of all systems on both single-table and
multi-table benchmarks:

(1) Flights: This real-world dataset contains information on U.S. domestic flights. We scale it up
to 1 billion tuples using the IDEBench data generator [9] and reuse all query templates from
DeepDB [14], covering diverse aggregation and group-by patterns with selectivities ranging
from 0.01% to 5%. The Flights dataset is a widely adopted benchmark for single-table AQP
evaluation [12, 14, 17, 19, 24].

(2) Star Schema Benchmark (SSB) [26]: This synthetic dataset is designed for evaluating
multi-table query processing with a star schema derived from the TPC-H dataset. We use a
50 GB scale factor due to the available hardware resources and evaluate the standard queries
with joins of up to 5 tables.
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Systems Median | 90th | 95th | Max | Latency (ms)
BayesAQP (numpy) 220 | 11.87 | 89.65 | 1668.95 243.85
BayesCard 1.29 3.54 | 4.84 | 19.14 2.25
FactorJoin 3.99 21.41 | 36.04 | 102.63 3.13
DeepDB 1.23 4.10 | 4.47 58.51 4.23
PilotDB (‘sample’ mode) 1.04 1.67 | 13.55 | 215.57 557.00
PilotDB (‘aqp’ mode) 1.00 1.00 | 1.00 1.00 3820.70

Table 1. CPU-based performance comparison on the IMDB Job-Light benchmark, evaluated using q-error
and average per-query inference latency (ms).

(3) IMDB: The IMDB dataset is a real-world, multi-table benchmark containing worldwide
information about movies, video games, and related entities. We use the data snapshot
provided by [20] and evaluate cardinality estimation using the JOB-light workload, a variant
of the original benchmark. JOB-light consists of 6 tables organized in a star schema with 5 join
conditions and includes 70 queries, each involving 3-6 tables and 1-4 selection predicates.

Competitors. We compare BayesAQP with two BN-based cardinality estimation approaches,
BayesCard [42] and FactorJoin [43], as well as several representative AQP systems: DeepDB [14],
VerdictDB [28], and PilotDB [45]. DeepDB learns relational sum-product networks (RSPNs) to
model data distributions for approximate query answering. VerdictDB is a middleware-based AQP
system that rewrites queries to execute over variational subsamples within existing DBMSs; we
follow the configuration recommended in [28], using a 1% sampling rate on the fact table. PilotDB
is an online AQP system that provides error guarantees using block-based sampling and multi-pass
query rewriting over the underlying DBMS. For PilotDB, we use the default configuration specified
in [45]. We also attempted to reproduce DBEst++ [24], but were unable to load our datasets; this
issue has been reported to the authors.

Metrics. We evaluate AQP performance using two standard metrics: the inference latency and
approximation accuracy. Inference latency is measured in milliseconds (ms), referring to the runtime
used solely for query approximation, excluding SQL parsing and other system-specific preprocessing.
For fairness, we exclude system-dependent per-query overheads such as the compilation time in
BayesAQP, query rewriting and sample indexing in VerdictDB, and SQL parsing for all systems.
For all systems, the inference latency is reported using the perf_counter() function in Python,
averaged over five runs with four warm-up runs. Accuracy is evaluated using the average relative
error (%) following the standard AQP evaluation practice [14, 22, 28, 37]. For experiments of
cardinality estimation, we use the g-error to assess accuracy [14, 42, 43].

6.2 Cardinality Estimation

Cardinality estimation is a fundamental component of the query optimizer. More accurate cardinality
estimates enable better resource allocation decisions and lead to higher execution efficiency in
DBMSs during query execution. This section compares the performance of different systems on
the IMDB JOB-light workload, as summarized in Table 1. Although VerdictDB generates samples
for this benchmark, it falls back to executing queries on the raw data in PostgreSQL; therefore, its
results are omitted from the table.

Overall, BayesCard achieves the best balance between estimation accuracy and inference la-
tency. While PilotDB attains highly accurate estimates in its AQP mode, its runtime performance
approaches that of PostgreSQL and is significantly slower than other systems as well as its own
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Fig. 8. AQP performance comparison among PilotDB, VerdictDB, DeepDB and BayesAQP on Flights (sf=1
billion) dataset. 'Failed’ indicates that PilotDB falls back to exact execution in PostgreSQL.

sample mode. The CPU backend of BayesAQP performs poorly on this workload, as the IMDB
JOB-light queries do not trigger any compilation optimization phases in BayesAQP, and several
outlier queries (e.g., Q58, Q67, and Q68) exhibit substantially degraded accuracy. Although GPU
execution of BayesAQP is 143.4x faster than its CPU execution, we exclude it to ensure a fair
comparison against existing CPU-based approaches.

6.3 Performance of AQP

This section evaluates the efficiency of BayesAQP for AQP and compares its performance (using both
CPU and GPU execution backends) against DeepDB and VerdictDB on single-table and multi-table
workloads, shown in Figures 8 and 9, respectively.

Single table. Figure 8 compares the performance of BayesAQP, DeepDB, VerdictDB, and PilotDB
on the Flights dataset scaled to 1 billion tuples. BayesAQP achieves accuracy comparable to DeepDB,
with an average relative error of 1.09%, and consistently higher accuracy than VerdictDB across all
queries, while outperforming DeepDB significantly on query F5.2. In terms of inference latency,
the CPU backend of BayesAQP outperforms both DeepDB and VerdictDB on all queries, achieving
average speed-ups of 34.9x and 172.2x, respectively. Although the GPU backend of BayesAQP is
slightly slower than its CPU backend for all queries and slower than DeepDB on roughly half
of them, it delivers average speed-ups of 7.5x over DeepDB and 39.5x over VerdictDB. PilotDB
achieves high accuracy in its agp mode at the cost of substantially higher runtime latency. For this
scale, PilotDB is unable to resolve sampling due to insufficient sample sizes and therefore falls back
to exact execution in Postgres by default.
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Fig. 9. AQP performance comparison among PilotDB, VerdictDB, DeepDB and BayesAQP on SSB dataset
(sf=50). ’Failed” indicates that PilotDB falls back to exact execution in PostgreSQL.

Multi-table. Figure 9 presents a performance comparison for executing SSB queries across Ver-
dictDB, DeepDB, PilotDB, and BayesAQP. As in the Flights workload, PilotDB attains high accuracy
in its agp mode but incurs substantially higher inference latency. At this scale, limited sample
sizes prevent effective sampling, causing PilotDB to frequently fall back to exact execution in Post-
greSQL. Overall, BayesAQP and DeepDB consistently outperform VerdictDB in inference latency.
For query S3.4, VerdictDB fails to return a result within the 10-minute timeout threshold, whereas
both backends of BayesAQP and DeepDB complete execution in 13 milliseconds. The CPU backend
of BayesAQP is faster than DeepDB on all queries except query S3.3, achieving an average speed
up of 1.6x while the GPU backend is faster than DeepDB on approximately half of the queries
with an average speed up of 1.4x. In terms of accuracy, BayesAQP and DeepDB yield comparable
results, differing by less than 1% for most queries and by at most 3% for query S3.4. On average, the
CPU and GPU backends of BayesAQP reduce inference latency by 35.3% and 10.8%, respectively,
compared to DeepDB, and significantly outperform VerdictDB on all queries.

In summary, for both single-table and multi-table workloads, BayesAQP and DeepDB consistently
outperform VerdictDB in terms of both accuracy and inference latency. DeepDB tends to infer
faster for queries yielding low-dimensional results, determined by a smaller number of group-by
attributes, and achieves higher accuracy for query patterns like SUM(A*B) without any group bys
(e.g., S1.1-S1.3). The CPU backend of BayesAQP attains larger speed-ups on low-dimensional
intermediate computations, similar to DeepDB, while its GPU backend performs notably better
on queries involving higher-dimensional computations caused by a larger number of group-by
attributes, due to its hardware architecture. Overall, BayesAQP provides a balanced trade-off
between accuracy and inference latency compared to both VerdictDB and DeepDB.

Furthermore, when the dataset size increases substantially (e.g., by 10x larger) but its data
statistics remain stable, BayesAQP’s inference performance can remain consistent, since it can be
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Fig. 10. Impact of different optimization phases in inference performance of BayesAQP.

trained effectively on representative samples, similar to DeepDB, maintaining model sizes that
are relatively small compared to the original data. However, incremental updates that alter data
distributions require recomputation of affected statistics. In particular, if updates modify nodes in
the BNs with many parent or child dependencies which introduces higher computational complexity,
retraining models from scratch is preferable to incremental updates to preserve inference efficiency.

6.4 Optimizations in Compilation Phases

This section evaluates the impact of compiler optimizations in BayesAQP across different aggrega-
tion types using a query template adapted from SSB query S2.1 (cf. Figure 10):

1 SELECT [d_year, p_brand1], AGG(lo_revenue)

2 FROM lineorder, dwdate, part, supplier

3 WHERE lo_orderdate = d_datekey AND lo_partkey = p_partkey AND lo_suppkey = s_suppkey
4 AND p_category = 'MFGR#12' AND s_region = 'AMERICA'

5 GROUP BY [d_year, p_brandi];

In this template, AGG denotes a placeholder for aggregation functions COUNT, AVG, and SUM, which
correspond to the x-axis labels in Figure 10. The COUNT label represents a query without a group-by
clause, while COUNT GB refers to the same query with grouping enabled. All variants group by both
d_year and p_brand1.

Figure 10 reports the effect of these optimizations on inference latency. Baseline indicates
compilation without optimizations, 01 applies inlining, and 02 performs algebraic simplifications
on top of inlining. Without the proposed optimizations, BayesAQP fails to efficiently process
queries involving high-dimensional computations, leading to termination due to out-of-memory
errors within two minutes of execution. Applying inlining mitigates this issue by eliminating
unnecessary tensor intermediates, improving execution efficiency across all aggregation types,
and exposing opportunities for subsequent algebraic simplifications. Although inlining introduces
limited benefit for COUNT and AVG queries and their grouped variants, it significantly accelerates
SUM queries (Figure 10). This behavior arises because the current implementation applies these
optimizations (Section 5) only when the order of the output tensor exceeds two for each contraction
in the tensor algebra program. For this query template, which involves two group-by attributes, this
design choice yields minimal gains for COUNT and AVG queries and may slightly degrade inference
performance due to additional contraction overhead.
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Fig. 11. Impact of group-by dimensionality on inference latency, comparing BayesAQP and DeepDB.

For SUM and its group-by queries, the normalization coefficient in the corresponding AVG com-
putation equals the joint distribution derived from the COUNT query, which can be cancelled out.
BayesAQP detects this pattern through inlining and removes the redundant normalization step,
yielding performance improvements of 3.3x for SUM and 5.1x for group-by SUM queries on the
CPU backend, and 2.2x and 2.9x on the GPU backend, respectively. Overall, the GPU backend
achieves 3.2x and 2.9x greater performance gains than the CPU backend for inlining and for inlining
combined with algebraic simplifications, respectively, by parallelizing group-by computations in
accordance with its architectural characteristics.

6.5 Scalability with Group-By Complexity

This section evaluates how query complexity, defined by the number and domain size of group-by
attributes, affects inference performance.

Number of Distinct Group-By Attributes. The number of group-by attributes in a query directly
influences computational complexity, as each additional attribute increases the dimensionality of
the result. Since both BayesAQP and DeepDB consistently outperform VerdictDB on single-table
and multi-table workloads, we focus this analysis on BayesAQP and DeepDB. The experiment is
based on the following query template:

1 SELECT [p_mfgr, p_category, p_type, p_brand1l, p_name], COUNT(x*)

2 FROM lineorder, dwdate, part, supplier

3 WHERE 1lo_orderdate = d_datekey AND lo_partkey AND p_partkey AND lo_suppkey = s_suppkey
4 AND s_region = 'AMERICA' AND d_weeknuminyear = 6 AND lo_quantity>=5

5 GROUP BY [p_mfgr, p_category, p_type, p_brandl, p_namel;

Figure 11 shows how varying the number of group-by attributes (from zero to four) affects inference
latency. DeepDB handles group-by queries by decomposing them into multiple non-group-by
queries, one for each unique combination of group-by attribute values, all sharing the same selection
predicates. This approach is efficient when the number of groups is small but scales poorly as
dimensionality increases, since the number of distinct combinations grows rapidly and each must
be evaluated independently.

In contrast, BayesAQP represents the entire group-by aggregation as a single tensor algebra
expression, which enables global optimization and efficient execution through tensor contraction
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Fig. 12. Impact of the domain size of p_name on inference latency, comparing BayesAQP and DeepDB on a
synthetic SSB-based dataset.
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planning. As a result, for queries with three and four group-by attributes, BayesAQP achieves 3.5x
and 5.7x speed-ups on CPU and GPU backends, respectively (cf. Figure 11). By optimizing the
entire query jointly rather than decomposing it into subqueries, BayesAQP scales effectively for
high-dimensional analytical workloads that challenge existing AQP systems.

Domain Sizes of Group-By Attributes. We further evaluate the impact of increasing domain
sizes of group-by attributes on inference latency (Figure 12). We modify the template above to group
by p_name, a high-cardinality attribute, and synthetically vary its domain size from 1,000 to 8,000.
DeepDB performs well for small domains, where the number of subqueries is limited, but its runtime
grows rapidly with domain size due to query decomposition overhead. BayesAQP, on the other
hand, maintains stable scaling by executing the entire aggregation as a single high-dimensional
tensor contraction, achieving up to 1.14x lower latency on large domains with its GPU backend.
This improvement arises from the tensor-based execution in BayesAQP, which optimizes over
the entire query expression rather than iterating through per-group subqueries, leading to better
scalability for complex analytical queries.

Skewness in Group-By Attributes. Beyond varying domain sizes, we study how skewness in
group-by attributes affects accuracy and inference latency. We reuse the same group-by query
evaluated in Figure 11 and vary the skewness of the group-by attribute p_name in the part table,
while keeping the schema, table cardinalities, all other attributes in the part table, and all other
relations unchanged. For each skew parameter « € {0.0,0.5,1.0, 1.5, 2.0} (from uniform to heavy-
tailed), values of p_name are resampled i.i.d. from a bounded Zipfian distribution over the observed
domain, i.e., Pr(r) oc 1/r* for rank r, using scipy.stats.zipfian. This preserves the attribute
domain and isolates the effect of value-frequency skew.

As shown in Figure 13, BayesAQP consistently achieves lower or comparable relative error than
DeepDB across all skew levels. Although both systems exhibit increasing error as skew grows,
BayesAQP better captures heavy-tailed distributions (e.g., « = 2.0), with accuracy recovering at
a = 1.5. In terms of inference latency, BayesAQP with GPU execution achieves the lowest latency
across all skew levels. Overall, BayesAQP using the GPU backend is two orders of magnitude faster
than using its CPU backend and provides a 2.69x speedup over DeepDB on average.
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Fig. 13. Impact of skewness in the group-by attribute p_name on runtime performance, comparing BayesAQP
and DeepDB.

6.6 Offline Training

Figure 14 compares training time and storage cost across systems as the SSB scale factor increases
from 10 to 50. Results for BayesAQP are highlighted in red, since the same trained parameters are
used for both CPU and GPU execution.

Compared to VerdictDB, both BayesAQP and DeepDB incur lower model training time. Across
scale factors 10-50, BayesAQP consistently exhibits lower training overhead than DeepDB; however,
its training time increases gradually with scale, whereas the training time of DeepDB converges
toward an upper bound, indicating better scalability at larger scale factors. In terms of storage,
BayesAQP requires significantly less space than the original data by storing model parameters
in sparse tensor format (i.e., coordinate format, COO), but remains less compact than DeepDB;
improving storage efficiency is left as future work.

6.7 Compilation Overhead

This section evaluates the compilation overhead of BayesAQP when handling AQP workloads.
BayesAQP generates optimized TA programs from input SQL queries through its compilation
pipeline. However, the current prototype introduces non-negligible overhead that affects end-to-
end performance. Two main factors contribute to this overhead: (1) the compilation process that
translates SQL queries into tensor algebra expressions and applies optimizations, and (2) the cost
of invoking external tensor algebra libraries from Python, which adds runtime latency when called
from Scala.

Figure 15 presents the end-to-end performance of BayesAQP on the SSB dataset (sf=50) in
milliseconds, compared with VerdictDB, as both systems follow a similar architectural pattern
in which query processing is delegated to an external execution backend. The overhead of each
compilation phase in BayesAQP is detailed in Figure 15: IR Translation, which converts SQL
queries into a sequence of intermediate representations (some redundant in the current prototype);
01 and 02, introduced in Section 5, refers to inlining and algebraic simplifications (the latter on top
of inlining), respectively; Codegen, which generates executable Python code from the optimized
tensor algebra (TA) program; and Python Overhead, which measures the latency of invoking
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Fig. 14. Model construction cost on SSB dataset (sf10-50).

Python code from Scala. Among these, the compilation and code generation phases dominate total
overhead, while Python invocation adds a smaller but nontrivial constant cost.

The compilation time remains nearly constant across dataset scales, as long as the query pattern
remains consistent. However, more complex SQL queries produce longer translated tensor algebra
programs, leading to larger code generation overhead. In the current prototype, compilation is
performed for every query invocation, resulting in a fixed overhead of roughly 100 ms that dominates
latency for trivial queries. This overhead is independent of data size and query complexity and thus
does not represent query-time behavior. For this reason, we report inference latency separately and
quantify the compilation cost in isolation. In realistic deployments where compiled tensor programs
are cached, end-to-end performance would converge toward the reported inference times.

7 Future Directions

Query Patterns. Section 3 illustrated pairwise joins, and BayesAQP can also support acyclic join
patterns by composing correlation matrices (e.g. p}z - pi~ - pp - -+ for a star join based at A, or
PAg " Prc Plp - for achain join). However, the results of BayesAQP can differ depending on
the join order, since for example p}, - p} -~ is not guaranteed to be equal to p} , - pj . Addressing
this requires updating pairwise correlation matrices during runtime inference, enabling adaptive
refinement of join statistics and more accurate approximations for complex join patterns. Supporting
self-joins requires modifying BayesAQP to be alias-aware, but we believe our approach can be
adapted to this case.
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Fig. 15. Compilation overhead comparison of the end-to-end performance for AQP between BayesAQP and
VerdictDB using SSB queries.
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BayesAQP currently restricts inference to tree-structured BNs, so does not support queries whose
join structure induces loopy inference. Factor graphs [18] could be used instead enabling inference
over loopy graphical models, as in FactorJoin [43].

Extreme statistics (e.g., MIN and MAX) are not yet supported, but appear possible to handle for

continuous attributes by locating the smallest and largest domain intervals with non-zero probability
mass in the inferred marginal distributions. General disjunctive predicates could be supported by
extending the inference backend with integer arithmetic, following recent advances in probabilistic
programming [6].
Compilation Overhead. In BayesAQP, probabilistic queries are lowered through multiple interme-
diate representations as in BTL [27]. This design repeatedly traverses intermediate representations
to eventually generate tensor expressions, which contributes to the currently high overhead of
compilation. We plan to decrease this overhead by removing redundant transformation stages and
streamline the intermediate representations, which will also make it easier to target both dense
and sparse tensor backends.

As future work, we plan to reduce this overhead by shifting tensor execution from Python to C++
backends, thereby trading Python invocation and interpretation overhead for faster C++ compila-
tion. We also intend to optimize the compilation pipeline by eliminating redundant intermediate
translations and exploring more efficient compiler optimization passes.

8 Related Work

Approximate query processing provides efficient yet approximate query answers in database sys-
tems. Existing AQP techniques are primarily sampling-based or learning-based, whereas BayesAQP
adopts a probabilistic programming approach using BNs.

Sampling-based AQP. These approaches [21, 28, 45] approximate query results by operating on
partial data. VerdictDB [28] rewrites queries to execute over variationally subsampled tables within
existing DBMSs, providing compatibility with modern database engines but relying heavily on
sample representativeness for accuracy. Because execution is bound to the host DBMS, its optimiza-
tion scope is limited to query rewriting, whereas BayesAQP enables compiler-level optimization
over tensor backends. WanderJoin [21] employs a Monte Carlo algorithm that samples random
join paths to estimate aggregates; its efficiency depends on join conditions known in advance and
requires evaluating each group-by value as an independent query, preventing global optimization
over large grouped domains. PilotDB [45], similarly to VerdictDB, relies on DBMS execution, which
makes it robust to diverse query patterns; however, despite achieving high accuracy in its agp mode,
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PilotDB is relatively slow compared to other systems (Table 1, Section 6), even without accounting
for execution overhead.

ML-based AQP. These approaches [14, 24, 25] train predictive models offline to approximate query
results. DeepDB [14] uses relational sum-product networks (RSPNs) to model data distributions,
but decomposes group-by queries into equality-constrained subqueries executed independently at
runtime, preventing shared computation across groups. As shown in Section 6.5, this design incurs
significant runtime overhead for multiway joins and large grouped domains. BayesAQP addresses
this limitation through a tensor-based compilation pipeline that enables algebraic optimization and
efficient execution on both CPUs and GPUs. DBEst++ [24] replaces RSPNs with mixture density
networks and word embeddings but faces similar challenges in interpretability and scalability; we
were unable to reproduce its reported results due to implementation issues.

BN-based Cardinality Estimation. As shown in Table 1 (Section 6), BN-based approaches such
as BayesCard [42] and FactorJoin [43] are more effective on cardinality estimation (a subproblem
of AQP). Relative to these approaches, BayesAQP supports a broader range of analytical queries,
including group bys, averages, summations, and arithmetic compositions. Some accuracy outliers
observed in our evaluation may be mitigated by adopting stronger correlation measures, such as
the Randomized Dependence Coeflicient [23] adopted by BayesCard and DeepDB.

Probabilistic Relational Models. Probabilistic relational models (PRMs) describe statistical models
over abstract relational domains and can be specialized to PGMs (e.g., BNs). While PRMs provide
greater modeling flexibility, exact inference is #P-hard [32], with complexity exponential in the
treewidth of the grounded graph, which may grow with database size [11]. In contrast, BayesAQP
adopts a BN-based approach that handles intra-table and inter-table dependencies separately, using
Chow-Liu trees and pairwise correlation matrices. This design trades some semantic expressiveness
for improved scalability and tighter control over inference complexity.

9 Conclusions

We presented BayesAQP, a system and framework for efficient AQP leveraging recent advances
in probabilistic programming. The core contribution of BayesAQP is a compilation pipeline that
applies compiler optimizations on the translated TA programs from the input SQL queries to
generate efficient executable code for tensor processing backends. This is enabled by supporting
BTL++, a probabilistic programming language that supports fast exact inference over discrete
distributions and introduces probabilistic computation constructs (e.g., expectation) to express SQL
aggregations.

Our experiments on three real-world datasets show that BayesAQP achieves an average 37x speed-
up over existing AQP systems while maintaining high accuracy. BayesAQP can target multiple
backends, demonstrated on CPU-based NumPy and GPU-based PyTorch, where GPU execution
benefits queries with complex tensor contractions. Future work includes offering approximate
query answers with accompanying error bounds similar to DeepDB, optimizing the training phase
through structured histograms [43], enhanced parameter and structure learning [36], integrating
sparse tensor backends [34], and extending the pipeline to other probabilistic graphical models.
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