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ABSTRACT

Large language models (LLMs) are increasingly integrated into
relational data processing via operator-like components—entity
matchers, semantic filters, data imputers, and semantic rankers—
that we call LLM-Enhanced Relational Operators (LROs). A growing
number of systems and components have proposed diverse LROs,
yet no unified view exists. This tutorial establishes a formal taxon-
omy along three dimensions—operating logic, operand granularity,
and implementation variant—distinguishes standalone LRO compo-
nents for data preparation from multi-LRO semantic query systems,
covers optimization techniques (model cascades, semantic batch-
ing, cost-based planning), examines benchmark methodology, and
discusses open challenges toward deeper LLM—-database co-design.

1 INTRODUCTION

Traditional relational databases excel at precise, value-based query
processing but exhibit inherent limitations when handling queries
requiring semantic understanding. Classical SQL operators, such
as JOIN, WHERE, and ORDER BY, are fundamentally predicated on
exact value matching: JOIN necessitates shared key values, WHERE
requires syntactically precise predicates, and ORDER BY demands
numerical comparability. These constraints preclude the effective
execution of a broad class of semantic tasks that arise naturally
in practice. For instance, traditional approaches struggle to join
tables where the same entity appears under different names (e.g.,
“Google LLC” in one relation and “Alphabet” in another), filter
records based on subjective criteria (e.g., “technically innovative
companies”), or rank items by inherently non-numerical attributes
like cultural influence. Large language models (LLMs) [2, 5, 30]
offer a promising alternative, bringing world knowledge, semantic
reasoning capabilities, and natural-language understanding to data
processing—precisely addressing these limitations.

A growing body of work integrates LLMs into relational pro-
cessing via operator-like components. Representative examples in-
clude sem_filter in LOTUS [6, 32], LLMJoin in BlendSQL [12],
and entity matching in ComEM [41], among other LLM-backed
operators in these systems. Despite targeting diverse tasks, these
share a common pattern: (i) operate over relational data; (ii) accept
a natural-language requirement; (iii) invoke LLMs for semantic
inference during execution; (iv) produce relational outputs. We ab-
stract such operator-like components as LLM-Enhanced Relational
Operators (LROs).

What Are LROs. An LRO extends classical relational operators
by wrapping LLM calls within a relational operator interface. It
takes as input one or two relations R, an operand granularity
g € {cell,row, col, table}, and a natural-language requirement .

Task: Find the male attendee from technical companies with the highest influence.

SELECT Name FROM Attendee
WHERE Gender = 'M’ AND LLM_SELECT(Company, 'technical company')
ORDER BY LLM_ORDER(Name, ‘influence') DESC LIMIT 1;

Attendee
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Figure 1: An example of integrating LROs with traditional
SQL operators

It invokes an LLM guided by ! and materializes the result as out-
put relation R’: LRO(R,g,I) — R’. LROs preserve the compos-
ability and closure properties of classical algebra while enabling
semantics-driven query execution. For example, at row granularity,
an LRO-Select might filter employee records to return only “senior
engineers”, while an LRO-Match might identify that “Apple Inc”
and “AAPL” refer to the same company across two different tables.

Why LROs Matter: Bridging LLMs and Databases. LROs bridge
traditional databases and LLMs by enabling semantic operations
that go beyond traditional SQL operators. While classical SQL excels
at structural operations, LROs add capabilities including natural lan-
guage understanding (filtering by "atmosphere"), semantic-aware
data processing (joining by semantically similar company names
like "Google LLC" and "Alphabet"), world knowledge extraction
(finding all countries in Asia), reasoning (predicting stock prices),
and tool usage (accessing external APIs).

LROs maintain relational closure: both input and output are re-
lations, enabling composition with classical SQL operators in a
unified plan. LROs do not replace classical SQL—they extend it. In
hybrid query processing pipelines, LROs and classical SQL oper-
ators work together, each handling the part of the computation
it does best. For example, in Figure 1, a query “Find the male at-
tendee from technical companies with the highest influence” re-
quires: (i) a traditional filter (“Gender” = “M”), (ii) an LLM-based
filter (the “Company” is a “technical company”) via LLM_SELECT;
(iii) an LLM-based ordering (ranking “Name” by their “influence”)
via LLM_ORDER; (iv) traditional LIMIT and PROJECT operators to re-
turn the “Name” of the top-ranked attendee. This hybrid execution
model—LROs for semantic steps, SQL for structural steps—is the



hallmark of modern semantic query processing systems. Figure 1
visualizes this interleaving workflow.

Tutorial Motivation. A growing body of literature has proposed
LROs across two main categories. Standalone-LRO components tar-
get data preparation tasks (e.g., schema linking, entity matching, im-
putation, column generation) as end-to-end pipelines not designed
for SQL composition, exemplified by ComEM [41], UniDM [33],
and LLM-GDO [28]. Multi-LRO systems provide composable LRO
suites for semantic query processing, orchestrating multiple LROs
with classical SQL operators via automated planning or manual
annotation, including LOTUS [32], BlendSQL [12], Palimpzest [23].

Despite this growing body of work, the field lacks a unified
operator-level framework: (1) no systematic categorization of ex-
isting approaches; (2) no principled comparison of design choices;
(3) no shared understanding of core challenges. Interestingly, we
observe that the LRO abstraction provides a critical unifying perspec-
tive that reveals these diverse systems share a common foundation:
they all accept relational inputs, perform semantic reasoning via
LLMs guided by natural language, and produce relational outputs
that preserve database closure properties. This unified view enables
systematic categorization, principled comparison, and guidance for
future LLM-enhanced database systems.

Tutorial Outline (1.5 hours). This tutorial provides a comprehen-

sive introduction to LROs in three parts:

o Part I-Foundations: classical operator gaps, formal LRO defini-
tion, taxonomy covering five operator logics and implementation
variants;

o Part II-Systems and Optimization: standalone-LRO compo-
nents, multi-LRO architectures, query planning, and optimization
techniques;

e Part III—Evaluation and Frontiers: benchmarks, evaluation
methodology, and open challenges toward deeper LLM-database
co-design..

Slides and a curated paper reading list will be released.

Related Tutorials. Recent tutorials cover adjacent topics: LLM for
Data Management [20] (VLDB’24) broadly surveys LLM applica-
tions without focusing on the operator abstraction; NL2SQL [16, 27]
(VLDB’23/°25) treats LLMs as query translators, not runtime opera-
tors; DB Perspective on LLM Inference [31] (VLDB’25) targets serving
infrastructure; Data Discovery [1] (VLDB’25) focuses on join/union
discovery. Our tutorial is the first to treat LROs as first-class citizens
to explore the intersection fields of LLMs and databases, covering
taxonomy, system design, and benchmarking.

2 FOUNDATION AND TAXONOMY

LRO Definition and Distinction. Formally, as stated above, an
LRO takes as input one or two relations R, an operand granularity
g € {cell, row, col, table}, and a natural-language requirement [, pro-
ducing output relation R’ via LLM invocation: LRO(R, g,I) — R’.
The relational closure property—both input and output are relations—
distinguishes LROs from Text-to-SQL systems (LLMs only generate
SQL, no semantic operators at runtime) [21, 42], RAG (retrieves un-
structured text, not relations) [19], and table understanding models
(produce answers or embeddings, not relational outputs) [38].

Table 1: Unified LRO Taxonomy.

Logic Gr. Description Representative Work

Select row Semantic filter LOTUS [32], Aryn-Sycamore [3],
BlendSQL [12], Palimpzest [23],
DocETL [36], ThalamusDB [14]
col  Schema linking [15], RSL-SQL [7], C3 [11]

table Table identification [15]

LOTUS [32], ThalamusDB [14],
BlendSQL [12], Palimpzest [23],
DocETL [36]

ComEM [41], DataWrangle [29],
Batcher [37], Jellyfish [43]

col  Schema matching  Magneto [25], Agent-OM [34],
DataWrangle [29]

UniDM [33], LLM-Prep [44]

BlendSQL [12], Palimpzest [23],

SUQL [24], Aryn-Sycamore [3],

DocETL [36], LLM-GDO [28], LOTUS [32],
UniDM [33], HQDL [45], Binder [9]

row Record insertion =

Match cell  Semantic join

row Entity matching

Impute cell Missing value fill
col  New col. gen.

Cluster row Semantic grouping LOTUS [32]
LOTUS [32]

Order row Semantic ranking

Taxonomy Overview. The power of the LRO framework lies in
its ability to provide a unifying lens through which to understand
and categorize diverse LLM-enhanced systems. Our proposed three-
dimensional taxonomy organizes LROs along: operating logic (what
the operator computes, aligned with relational algebra), operand
granularity (cell / row / col / table), and implementation variant
(how elements are batched into LLM prompts). This taxonomy suc-
cessfully encompasses a wide range of existing systems, revealing
previously hidden commonalities across seemingly disparate ap-
proaches. For example, entity matching systems like ComEM [41]
and DataWrangle [29] are unified as Match-Row operators, while
semantic filtering in LOTUS [32] and schema linking [15] are uni-
fied under the Select operator at different granularities (row vs.
column/table).

We now detail the five operating logics in Table 1. In the formu-
lations below, Eg4(R) denotes the set of elements in R at granularity
g (e.g., all rows when g=row), and e |= [ means element e satisfies
the natural-language requirement [ as judged by the LLM.

Select. Retains elements that satisfy a semantic predicate. For-
mally, Select(R,g,I) = {e € E4(R) | e |= I}. Row-level Select
(semantic filter) is supported by LOTUS [32], BlendSQL [12], Thala-
musDB [14], Palimpzest [23], and DocETL [36]. Column/table-level
Select (i.e., schema linking) drives Text-to-SQL schema pruning and
is addressed by [15] and RSL-SQL [7] as standalone components.

Match. Identifies semantically corresponding element pairs across
two relations. Formally, Match(Ry, Ry, g,1) = {(e1,€2) | (e1,€2) |=
I}. Row-level Match (entity matching) is the most studied stan-
dalone LRO: ComEM [41], DataWrangle [29], Batcher [37], and
Jellyfish [43] achieve near-human accuracy on standard ER bench-
marks. Column-level Match (schema matching) is addressed by Mag-
neto [25] and Agent-OM [34] as standalone pipelines; DataWrangle
handles both tasks in a unified framework. Cell-level Match (seman-
tic table join) appears in BlendSQL [12] and ThalamusDB [14] as
part of multi-LRO query engines.



Table 2: Comparison of multi-LRO semantic query systems.

System LRO Types Planning  Optimization Target
Binder [9] Imp Auto (LLM) — Struct. DB
SUQL [24] Imp Auto (LLM) — Conv. agent
HQDL [45] Imp Manual — DB enrich.
ThalamusDB [14] Sel, Match Manual Batching Multimedia
BlendSQL [12] Sel, Match, Imp Manual - Struct. DB
Aryn [3] Sel, Imp Auto (LLM) — Documents
Palimpzest [23] Sel, Match, Imp Manual Cost model Multimedia
DocETL [36] Sel, Match, Imp Auto (rewrite) ~ Rewriting Documents
LOTUS/TAG |6, 32] All5 Manual PAC bounds Analytics

UQE [10] Sel, Imp, Ord  Auto (agent) — Open-domain

Impute. Augments relations with LLM-generated content. Cell-
level Impute fills missing values (UniDM [33], LLM-Prep [44], LLM-
Forest [13]). Column-level Impute appends new computed columns—
akey operator in semantic query engines (BlendSQL [12], SUQL [24],
HQDL [45], LLM-GDO [28], Adda [26], SmartFeat [22]) and in data
enrichment pipelines. Row-level Impute inserts records from LLM
world knowledge.

Cluster. Groups elements into semantically coherent clusters.
Formally, Cluster(R, g,I) = {Cy,...,Ci} where each C; C E4(R)

and the clusters are disjoint and exhaustive. LOTUS’s sem_cluster_by

is the primary implementation. Column- and table-level variants
(e.g., schema segmentation) remain unexplored.

Order. Extends ORDER BY to qualitative criteria (e.g., “rank by
cultural influence”). LOTUS implements sem_topk.

Implementation Variants. Current LRO implementations can be
categorized into three classes. LLM-ALL packs all candidates into one
prompt (O(1) calls): economical but sensitive to context length and
positional bias. LLM-ONE processes each element individually (O(n)
for unary, O(n?) for binary operators): most widely adopted [23, 32]
but costly at scale. LLM-SEMI (for Match) pairs one left element
with all right elements (O(n), used in BlendSQL).

The choice of variant depends on the operator logic. LROBench [4]
reports that for Match, LLM-ALL outperforms LLM-ONE in both accu-
racy and cost (up to 40X cheaper), while LLM-SEMI offers a balanced
alternative. For Cluster, LLM-ALL is preferred over LLM-ONE. For
Select and Impute, the optimal choice depends on predicate com-
plexity and data sparsity, and remains an open empirical question.

Order requires special treatment due to its unique computa-
tional structure. Four strategies exist: LLM-ALL (single-shot order-
ing), LLM-PAIR (pairwise comparisons, O(n?)), LLM-SORT (quicksort
with LLM comparison, O(nlogn)), and LLM-SCORE (assign scores
then sort, O(n)). Empirically, LLM-SCORE achieves the best accuracy-
cost trade-off [4].

3 LRO SYSTEM ARCHITECTURES

Standalone LRO components (e.g., ComEM for entity matching,
UniDM for imputation) apply a single LRO to a specific task and
have been discussed alongside each operator in Section 2. This
section focuses on multi-LRO systems that compose multiple LROs
with classical SQL operators into unified query plans for semantic
query processing—answering questions that require both relational
reasoning and LLM semantic inference. Table 2 contrasts represen-
tative systems across key dimensions.

Architecture Patterns. SQL-extension systems embed LROs as
UDFs callable within SQL. BlendSQL [12] extends SQLite with
LLMMap, LLMValidate, LLMJoin; ThalamusDB [14] integrates
NLFILTER/NLJOIN; SUQL [24] adds Answer for conversational agents.
Declarative optimization systems treat LRO pipelines as optimiza-
tion problems: Palimpzest [23] and Abacus [35] enumerate physical
plans via learned cost models; DocETL [36] rewrites plans auto-
matically. Agent-based systems use LLM agents for dynamic plan-
ning: Aryn-Sycamore [3] builds multi-modal pipelines; UQE [10]
decomposes NL questions into LRO subquery plans; CAESURA [40]
extends to heterogeneous modalities.

Query Planning. Plans are obtained via (1) manual annotation
(TAG [6], BlendSQL [12], HQDL [45], ThalamusDB [14]), (2) LLM
auto-planning (Binder [9], Aryn [3]), or (3) automated rewriting (Do-
cETL [36], Palimpzest [23]). LROBench [4] shows auto-planning
systems score below 15% on complex queries vs. 86.67% for best-
practice manual baselines, making planning the most critical un-
solved problem.
Best Practices for Multi-LRO Systems. Building effective multi-
LRO pipelines requires careful decisions on operator composition,
input selection, and granularity determination. Practitioners must
choose the most informative column(s) from R as semantic operator
inputs, and construct precise, task-specific prompts—vague prompts
I compound errors across stages. Granularity presents a key trade-
off: decomposing a task into multiple LROs (e.g., Select followed
by Impute) improves modularity and debuggability, while a single
LLM call reduces latency but sacrifices error localizability. Critically,
classical relational operators should be preferred over LROs wher-
ever possible—predicates expressible by rules, structured lookups,
or equi-joins should never be delegated to a semantic operator.
Since semantic operators are orders of magnitude more expen-
sive than relational operators, minimizing cost and latency is a first-
class concern in pipeline design. Key decisions include operator
ordering, batching strategy, model selection, and implementation
variant (LLM-ALL vs. LLM-ONE)—all of which significantly impact
the accuracy-cost trade-off.

4 QUERY OPTIMIZATION FOR LRO SYSTEMS

LROs introduce new cost dimensions beyond classical I/O: token
cost, LLM latency, and accuracy degradation from approximation.

Predicate Pushdown and Reordering. Cheap SQL predicates
should execute before expensive LROs to reduce cardinality. Among
LROs themselves, high-selectivity Select precedes Match. Seman-
tic Integrity Constraints (SIC) [18] formalize inclusion/exclusion
constraints on LRO outputs, enabling verification and propagation
akin to classical optimization.

Semantic Batching. Packing multiple candidates per prompt amor-
tizes overhead. Block-nested-loops batching reduces Match calls
from O(n?) toward O(n/B) for batch size B. Trummer [39] derives
optimal batch sizes analytically as a function of predicate selectiv-
ity and model context length. ThalamusDB [14] and LOTUS [32]
empirically confirm 40X cost reduction with no accuracy loss.

Model Cascades. Cascade strategies first apply a cheap model
and escalate to a stronger one only for uncertain cases. Frugal-
GPT [8] provides general cascade optimization. LOTUS [32] applies



this idea to individual semantic operators (Select, Match, Cluster,
Order): a lightweight proxy model pre-filters candidates and impor-
tance sampling learns decision thresholds, providing PAC accuracy
guarantees while accelerating single-operator execution by up to
1,000%.

Cost-Based Optimization. Palimpzest [23] and Abacus [35] frame
LRO pipeline selection as Pareto optimization over accuracy—cost
frontiers, scoring model choices, implementation variants (LLM-ALL
vs. LLM-ONE), and caching strategies.

5 BENCHMARKS AND EVALUATION

Existing Benchmarks. Text-to-SQL benchmarks [21, 42] target
natural language to SQL translation. They do not evaluate LROs
because LLMs generate SQL queries without executing semantic
operators at runtime.

SWAN [45] presents the first cross-domain benchmark for beyond-
database queries—questions requiring information beyond stored
data, answered via hybrid SQL-LLM integration. HQDL achieves
40.0% execution accuracy with GPT-4 Turbo on these queries, demon-
strating both the potential and challenges of LLM-augmented query-
ing. However, SWAN only considers Impute and lacks multi-LRO
queries, resulting in limited LRO type coverage and query diversity.

TAG-Bench [6] designs semantically rich queries over relational
databases that cannot be solved by classical SQL alone. It covers
filtering and ranking tasks corresponding to LRO-Select and LRO-
Order, but neglects Match and Cluster. Moreover, it includes no
multi-LRO queries or query stratification.

SemBench [17] targets multi-modal semantic query processing
across heterogeneous data sources. While it covers diverse seman-
tic operations, its outputs violate relational closure, limiting its
applicability to relational LRO evaluation.

LROBench [4] is designed specifically for operator-level LRO eval-
uation. It provides comprehensive coverage across four dimensions:
(1) native relational I/O, (2) all five LRO logics, (3) implementation
variants (LLM-ALL vs. LLM-ONE), and (4) multi-LRO query stratifi-
cation. Key findings include: (1) LLM-ALL outperforms LLM-ONE for
Match and Cluster; (2) LLM-SCORE dominates for Order; (3) chain-
of-thought improves Select and Impute; (4) auto-planning systems
score below 15% on complex queries.

Evaluation Challenges. Beyond benchmark design issues (query
ambiguity, annotation errors), LRO evaluation faces system-level
challenges: 1) LLM non-determinism necessitates multi-run aggre-
gation; 2) metric limitations (Exact Match (EM) and Execution Ac-
curacy (EX) false positives) and insufficient multi-dimensional cov-
erage complicate assessment; 3) data contamination may inflate
apparent performance.

6 OPEN CHALLENGES AND FUTURE
DIRECTIONS

Reliable Automated Planning. Closing the gap between ~15%
auto-planning accuracy and 86.67% manual baselines is the most
urgent problem; planners should fuse symbolic reasoning, execution
feedback (e.g., RL), and taxonomy-aware operator selection.

Unified Cost Model. One cost model spanning classical and LRO
operators would unlock cross-operator reordering, predicate push-
down, and LLM-aware cardinality estimation.

Reliability and Adaptive Execution. Stochastic LLM outputs
demand verification [18] and uncertainty-aware execution—still
immature but critical for production. Model choice, LRO implemen-
tation variant, and batching should be chosen adaptively per query
and data distribution.

Tighter LLM-Database Co-Design. The next step is deeper co-
design: extend relational engines with LLM-backed components
instead of replacing classical storage and optimization wholesale.
Promising directions include (1) unified storage for heterogeneous
and multi-modal data, (2) semantic access paths beyond B-trees
and vanilla RAG [19], (3) adaptive assembly of prompt context
from stored artifacts, and (4) holistic optimization jointly over stor-
age, indexing, planning, and inference. LROs supply the bridging
abstraction—relational closure at the boundaries, selective model
invocation inside the plan.
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