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ABSTRACT

Data platforms have evolved by making data-intensive workloads

native: SQL and query optimizers eliminated bespoke data-retrieval

programs; Lakehouses added �rst-class support for ML training

and serving over the same data. Prescriptive analytics (comput-

ing optimal actions subject to constraints over data) is equally

data-intensive, yet remains outside the platform: every optimiza-

tion problem requires a hand-built pipeline from data extraction to

solver invocation, rebuilt from scratch whenever the data or the re-

quirements change. We propose Decisionhouses, a new class of data

infrastructure that makes prescriptive analytics native. A Decision-

house provides (i) DeQL (Decision Query Language), a declarative

SQL extension where users express decision problems over rela-

tional data; (ii) automatic formulation selection that exploits query

and data semantics to pick the right problem class and solver—a

choice that can change a query’s complexity class from NP-hard to

polynomial; and (iii) end-to-end integration of optimization into

the data platform, from query parsing through solver execution.

Decisionhouses can help address several challenges that have kept

optimization outside data platforms, including pipeline brittleness,

formulation expertise, structural blindness, and scalability cli�s,

and make decision-making as accessible as querying data.

PVLDB Reference Format:

Matteo Brucato, Fjodor Kholodkov, Soren Little, Jakob Mayer, and Duc

Nguyen. Decisionhouse: Prescriptive Analytics in the Data Stack. PVLDB,

19(10): 2755 - 2762, 2026.

doi:10.14778/3828612.3828629

PVLDB Artifact Availability:

The source code, data, and/or other artifacts have been made available at

https://github.com/osm-data/decisionhouse-analysis.

1 INTRODUCTION

A SQL database can easily answer “what does it cost to ship from

each warehouse to each store?” with a single join. It cannot answer

“which warehouse-to-store routes should we activate to minimize to-

tal cost while meeting every store’s demand without exceeding any

warehouse’s supply?” This shipping problem is a prescriptive ques-

tion [25, 47, 57]: given options from relational data, constraints

from business policy, and a measurable objective, compute the best

course of action. Such questions arise across many domains, includ-

ing supply chain routing, GPU allocation, shift scheduling, batch

sequencing, and portfolio selection. Answering each today requires
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leaving the database for a bespoke pipeline that extracts data, en-

codes a formulation, runs an optimization solver, and maps results

back. Each new problem requires its own pipeline. We call this

accumulated cost decision debt (Figure 1a).

In these pipelines, data extraction, solver invocation, and result

mapping have established tooling. Producing the formulation, how-

ever, is still hard. The formulation speci�es the problem’s variables,

objective, and constraints for a particular solver (an algorithm that

�nds an assignment optimizing the objective subject to the con-

straints). Mixed-Integer Linear Programming (MILP) is one of the

most common: continuous or integer variables with linear objec-

tive and constraints. MILPs model problems from scheduling and

routing to resource allocation and portfolio selection [69].

The shipping problem can be written as a MILP, but not every

problem that �ts MILP is best solved as one. Shipping itself can

equivalently be written as a minimum-cost �ow problem, provided

certain conditions hold: warehouses and stores form a bipartite

supply-demand graph, with supply at each warehouse and demand

at each store [5]. Conditions like these are called the problem’s

structure. Both formulations produce the same optimum, but the

structure determines the complexity: MILP is NP-hard in general,

while minimum-cost �ow runs in polynomial time. Many other

decision problems exhibit this pattern: resource allocation, worker

assignment, and route planning all admit specialized formulations

of much lower complexity than generic MILP.

Such structure is present in the data and the schema, but generic

formulations obscure it: once committed to MILP, the problem

becomes a �at coe�cient matrix in which supply caps and de-

mand requirements are indistinguishable rows. SQL preserves the

schema’s structure (entities, keys, relationships) but cannot express

prescriptive questions. Modeling languages such as AMPL [24],

Pyomo [30], and JuMP [22] encode a chosen formulation but o�er

no support for selecting one, and they lack the relational view of

the data that makes structure visible.

What is missing is a layer between data and modeling languages:

the Decisionhouse (Figure 1b), a new class of data infrastructure

for prescriptive analytics that internalizes per-problem pipelines

behind a declarative interface that preserves the problem structure.

That interface is DeQL (Decision Query Language, pronounced

“dee-kwl”), a SQL extension where decision options are declared

as relations, each row carries a decision variable, and constraints

and objectives are aggregate expressions. Because these constructs

stay anchored to the schema—column names, joins, and group-

bys—structural patterns are visible to the system. The user writes

one DeQL query per decision problem; the Decisionhouse handles

data binding, formulation selection, solving, and result mapping.

Decision queries produce standard relations, so results compose

with SQL and other decision queries without the separate result-

mapping step that bespoke pipelines require.
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Figure 1: Prescriptive analytics in data platforms: per-problem external pipelines today (a) vs. native in a Decisionhouse (b).

Given the shipping problem as a DeQL query, a Decisionhouse

can recognize its bipartite supply-demand structure and dispatch

the query to a minimum-cost �ow solver rather than MILP (Sec-

tion 4). Shipping is one of many decision problems where bipartite

supply-demand structure makes minimum-cost �ow applicable.

GPU allocation is another such case: in our experiments, the DeQL

query runs up to 355× faster than MILP at 1.8M candidate assign-

ments; at 7.4M, MILP times out after 10 minutes while min-cost

�ow solves in 2.2 seconds. Both formulations produce identical

optimal solutions, so the speedup comes entirely from structure

recognition (Section 4.3).

Decisionhouses also give LLMs a target language and runtime

for prescriptive analytics: a smaller, veri�able alternative to the

free-form solver code generated by today’s end-to-end LLM opti-

mization tools [4, 31, 43]. For descriptive analytics, text-to-SQL is

mature at the front [44] and LLM-synthesized engines are emerg-

ing at the back [41, 68]; Decisionhouses open this decomposition

to prescriptive analytics: text-to-DeQL, DeQL-to-code synthesis,

and explicit formulation selection in between. End-to-end tools

skip this step: the formulation is whatever the LLM emits, often

MILP [32, 70]; each deployment is a standalone script with no spec-

i�cation to verify against. Whether the formulation comes from a

rule, a statistic, or an LLM, DeQL is the contract it must satisfy.

This paper de�nes eight requirements for prescriptive data

infrastructure (Section 2), presents DeQL (Section 3) and a Deci-

sionhouse architecture with a three-IR pipeline and automatic

formulation selection (Section 4), and outlines open problems at

the intersection of database systems, combinatorial optimization,

and scalable solving—including data-centric directions on struc-

ture detection, cost models, physical design, responsive execution,

and decision governance (Section 5). This work extends prior re-

search on in-database prescriptive analytics [16, 19, 29, 46] from

single-class package queries to a general-purpose system. The de-

sign is informed by our ongoing industry collaborations in logistics,

process mining, and cloud platforms.

2 THE DECISIONHOUSE

Building a Decisionhouse is now feasible and timely. Lakehouse

architectures [71] and open table formats [9] decouple data from

its host engine, so any system can read it. PaQL [16] absorbed the

optimization pipeline for package queries; abstraction-based decom-

position [16, 29, 46] scales it to billions of candidates. Recent LLM ca-

pabilities at natural-language-to-optimization translation [4, 31, 43,

72] demonstrate that this kind of front-end is feasible; in a Decision-

house, the LLM target shifts from solver scripts to DeQL, making

text-to-DeQL a natural LLM front-end on top of the Decisionhouse.

Table 1: Existing systems vs. Decisionhouse requirements.

✓ addressed, ◦ partial, ✗ not in scope. Partial notes: 1OR ex-

pertise required; 2data connectors, not integrated; 3generic,

not extensible; 4binary selection only; 5logging, not decision-

speci�c; 6LLM formulation may be incorrect; 7solver-level

time limits; 8scalable, no progress feedback.

Requirement Solvers
Modeling
langs

OR
Platf. PaQL SolveDB LLM

Decision-
house

(R1) Accessible ✗ ◦1 ◦1 ✓ ◦1 ✓ ✓

(R2) Data-native ✗ ✗ ◦2 ✓ ✓ ✗ ✓

(R3) Extensible ✓ ✓ ✓ ✗ ◦3 ✓ ✓

(R4) Composable ✗ ✗ ✗ ◦4 ✓ ✗ ✓

(R5) Auto-plan ✗ ✗ ✗ ✗ ✗ ✗ ✓

(R6) Governance ✗ ✗ ◦5 ◦5 ◦5 ✗ ✓

(R7) Guarantees ✓ ✓ ✓ ✓ ✓ ◦6 ✓

(R8) Responsive ◦7 ◦7 ◦7 ◦8 ✗ ◦7 ✓

Requirements. Eight requirements together de�ne the Decision-

house. (R1) Accessibility . Analysts need an interface above inte-

ger programming [4, 27, 43, 72]. (R2) Data-native . Optimization

consumes data in place—relational tables, Parquet, Delta Lake—

without manual extraction [16, 64]. (R3) Extensibility . The sys-

tem handles diverse patterns (subset selection, resource alloca-

tion, assignment, scheduling) and admits new constraint types.

(R4) Composability . The output of one decision query is con-

sumable as input to another, echoing relational algebra’s closure

property; languages without it exhibit expressibility gaps [26].

(R5) Automatic planning . Algorithm choice follows from prob-

lem structure: a supply-demand query is exponential as MILP

but polynomial as network �ow. (R6) Governance . Decisions

must be explainable and auditable for regulatory compliance [1,

23]. (R7) Guarantees . Decisions must be feasible and bounded;

solvers already provide optimality gaps and feasibility certi�cates.

(R8) Responsiveness . Users expect interactive response: progress

feedback, time-bounded execution, and best-found solutions within

user budgets [2, 73].

Automatic planning (R5)—the Decisionhouse’s de�ning capa-

bility, absent from every other system (Table 1)—requires detect-

ing structure from the declarative formulation: solvers do limited

matrix-level recognition but miss the query-level structure that

drives formulation choice, and LLMs generate solver code end-to-

end with no planning stage or correctness guarantees.

3 DeQL: THE DECISION QUERY LANGUAGE

SELECT answers “what data exists?” DeQL introduces DECIDE to an-

swer “what actions to take?” PREDICT invokes a pre-trained model;

DECIDE triggers a translation and optimization pipeline. DeQL pre-

serves the relational model end-to-end: queries consume relations
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gpu_pools

pool_id capacity
H100-E 500
A100-W 300

workloads

workload_id demand
llm-serve 200
embed-batch 250
�ne-tune 150

assignments

pool_id workload_id cost latency_ms
H100-E llm-serve 10 45
H100-E embed-batch 15 120
A100-W embed-batch 8 85
A100-W �ne-tune 14 160

� �
CREATE CANDIDATES gpu_assignments
DECISION KEY (pool_id, workload_id) AS

SELECT a.pool_id, a.workload_id,
p.capacity, w.demand, a.cost, a.latency_ms

FROM assignments a
JOIN gpu_pools p ON a.pool_id = p.pool_id
JOIN workloads w ON a.workload_id = w.workload_id;

DECIDE allocation_plan
FROM gpu_assignments
DECISION COLUMNS (

active SELECTION BINARY,
quantity CONTINUOUS BETWEEN 0 AND capacity)

WHERE latency_ms <= 200
SUBJECT TO

CONSTRAINT pool_capacity: SUM(quantity) <= capacity BY pool_id,
CONSTRAINT meet_demand: SUM(quantity) = demand BY workload_id

MINIMIZE SUM(cost * quantity);
� �

Figure 2: GPU allocation example: input tables (top) and

DeQL work�ow (bottom).

and produce relations. We outline the major features below; full

details are in the language speci�cation [17].

Running example: GPU allocation. An AI inference platform

allocates GPU-hours from compute pools to workloads at minimum

cost, subject to capacity and demand constraints. Figure 2 shows

the input tables and query: pools with available capacity, workloads

with compute demand, and assignments with costs and latencies.

CREATE CANDIDATES factors the candidate de�nition into a �rst-

class database construct: a named query like a view, annotated

with a DECISION KEY that declares which columns identify each

decision entity (metadata that neither tables nor views carry). In

the GPU example, the SELECT joins three tables to produce one

row per pool–workload pair; each such row is a candidate, and

DECISION KEY (pool_id, workload_id) declares that each pair

is one decision entity.

The DECIDE statement optimizes over the candidates and materi-

alizes the result as a new table (e.g., allocation_plan). DECISION

COLUMNS declares the decision variables (one per candidate): un-

knowns computed at query time, unlike data columns which are

read from the database; they otherwise behave like regular columns

in expressions and output. Each variable declares a domain: BINARY

for select/not-select, or CONTINUOUS with data-driven bounds (e.g.,

BETWEEN 0 AND capacity). A BY clause instantiates one constraint

per group: with two pools (H100-E, A100-W), SUM(quantity) <=

capacity BY pool_id generates two constraints, one capping

each pool’s allocation. The optional SELECTION modi�er makes

active a binary on/o� switch: when active = 0, quantity is

forced to zero and the row is omitted from the result, so this linking

need not be written by hand (generalizing PaQL’s [16] package

semantics). The MINIMIZE/MAXIMIZE clause speci�es the objective;

appending WITHIN X% bounds the optimality gap, and appending

TIMEOUT X s caps solve time, letting users trade optimality for

speed (Section 4.2).

Three further constructs complete the sketch. WHERE in CREATE

CANDIDATES removes physically infeasible candidates; WHERE in

Abstract IR Concrete IR Materialized IR
decision key: (pool_id, workload_id)
decision cols: active, quantity
filters: latency_ms ≤ 200
constraints: pool_capacity, meet_demand
linear objective: min Σ cost · qty

pool_id workload_id
10
15

8
14

500

300

200

250

150

pool_id workload_id

Figure 3: GPU query at each IR: Abstract (symbolic), Concrete

(min-cost �ow, symbolic), Materialized (data-populated).

DECIDE applies per-query policy �lters (e.g., latency SLAs). Multi-

level problems (assigning items to batches while choosing each

batch’s timing) join candidate tables in DECIDE: each keeps its own

DECISION KEY, so its decision variables are not duplicated across

the join. Stochastic extensions attach distributional annotations

to data columns and probabilistic guarantees to constraints. The

language speci�cation [17] covers each in detail.

CREATE ABSTRACTION de�nes a coarser view of the candidate

space—e.g., clustering millions of GPU assignments into thousands

of representative groups—enabling decomposition methods [59]

like SketchRe�ne [16] and partial-state abstraction [50] to meet

WITHIN/TIMEOUT budgets at scale:
� �
CREATE ABSTRACTION assignment_clusters
ON gpu_assignments (cost, demand, capacity) USING KMEANS(k=1000);
� �
SketchRe�ne solves a reduced problem on representatives, then

re�nes only promising clusters, shrinking e�ective problem size by

orders of magnitude within bounded error. We discuss extensions

to other problem classes and anytime variants in Section 5.

DeQL rests on relational algebra: CREATE CANDIDATES takes

a SQL query as body, grouped constraints use GROUP BY seman-

tics, and column references are relational attributes. Extending

SQL reuses these primitives directly. Beyond syntax, the relational

grounding yields several bene�ts: DECIDE produces a relation, so

decision queries compose with SQL and with other DECIDE queries

without an export/import step; the decision planner reads candidate-

set statistics for formulation selection (Section 4.2); and candidate

sets and decision outputs reuse the host store’s physical design and

governance (provenance, audit, replay). This mirrors in-database

ML extensions like BigQueryML and Snow�akeML, which add new

declarative constructs (e.g., CREATE MODEL) to SQL while pure-SQL

operations work unchanged. The same primitives already express

di�erent optimization problems—subset selection, bipartite match-

ing, multi-level batching, and job-shop scheduling (worked through

in the language speci�cation [17])—and like SQL, DeQL is designed

to grow with new constructs and keywords over time (Section 5).

4 DECISION QUERY PROCESSING

A Decisionhouse ingests DeQL queries and returns decisions as

new relational tables. The query-processing pipeline comprises

four components connected by three intermediate representations,

each marking a distinct commitment (Figure 3 traces the GPU

query through them). The Parser produces Abstract IR: the deci-

sion problem stated symbolically over schema columns—variables,

grouped constraints, objective. The Decision Planner produces

Concrete IR, the chosen formulation (still symbolic), by detecting

structural patterns in the Abstract IR (Section 4.2): for the GPU

query, bipartite supply-demand structure selects min-cost �ow over

generic MILP. Committing the formulation against database statis-

tics before materialization lets one Concrete IR be reused across
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many Materialized IRs, one per data subset (SketchRe�ne-style

decomposition [16]) or per parameter setting (what-if analysis).

TheMaterializer producesMaterialized IR by binding Con-

crete IR’s symbolic expressions to data fetched from federated

sources (e.g., lakehouse, operational database, ML pipeline). The Ex-

ecutor dispatchesMaterialized IR to the solver (e.g., HiGHS/Gurobi/

SCIP for LP/MILP, OR-Tools’ cost-scaling solver for min-cost �ow),

writes the solution to the DECIDE output table, addressable by later

SQL or DeQL queries, and logs the decision context (query, formu-

lation, solver parameters, solution, timestamp) for audit and replay.

This decoupling of formulation choice from solver dispatch lets

future backends (e.g., GPU-accelerated LP solvers, network-�ow

hardware) plug in without changing the planner.

4.1 The Three-IR Design

The Abstract-to-Concrete boundary plays the same role as SQL

planning: it separates what to optimize from how to formulate

it. Because Abstract IR is symbolic, type checking, name reso-

lution, and linearity checks all happen against it before data is

fetched, rejecting invalid queries (e.g., non-linear objectives) early.

The Concrete-to-Materialized boundary is what optimization adds

beyond SQL planning: solving requires a global view of the data—a

single numeric instance assembled from candidate rows—which

must be materialized as a distinct stage. The materialization strat-

egy depends on the formulation: a network �ow needs supply and

demand vectors indexed by node, while a generic MILP needs a �at

coe�cient matrix. Deferring data binding until planning is �nalized

lets the planner choose both the formulation and its materialization

strategy [48, 55].

Abstract IR is the parser’s structured representation of the prob-

lem. For the GPU query (Figure 2), it contains two decision variables

keyed on (pool_id, workload_id)—a binary active �ag and a

continuous quantity—supply and demand constraints grouped via

BY, and a linear cost-minimization objective, all stated symboli-

cally over column references. Shortcuts like SELECTION desugar to

explicit constraints (details in the language speci�cation [17]).

Concrete IR encodes the chosen formulation. Growing the

family of targets across new problem classes (and the structure-

detection logic that recognizes them) is part of the research agenda

(Section 5). Current targets include a generic MILP with a general

constraint matrix, an LP relaxation that drops integrality, and a

min-cost network �ow as a bipartite supply-demand graph. For the

GPU query, the planner selects min-cost �ow because the bipartite

DECISION KEY and supply-demand BY constraints match �ow’s

structure (Section 4.2 details the criteria); the middle column of

Figure 3 shows the resulting graph template.

Materialized IR is the data-populated form: the Concrete IR’s

symbolic expressions evaluated against actual rows. For the GPU

query, the right column of Figure 3 populates the bipartite graph

directly from Figure 2’s three tables: pool nodes carry capacities

from gpu_pools, workload nodes carry demands from workloads,

and arcs carry costs from assignments—vectors that a min-cost-

�ow solver consumes directly. For LP/MILP targets the Materialized

IR is the �at coe�cient form (objective vector c, constraint matrix

A, bound vectors l, u) instead of a graph. Decomposition methods

like SketchRe�ne [16, 29, 46] reuse one Concrete IR across many

Materialized IRs—once over cluster representatives, then once per

re�ned cluster.

Correctness. Each stage of the three-IR pipeline (Abstract IR, Con-

crete IR, Materialized IR) must preserve the original DeQL query’s

constraints and objective. To establish this, it su�ces to verify

each transformation independently—desugaring, structure detec-

tion, formulation choice, materialization. Decomposition methods

carry bounded-error theorems (e.g., PaQL/sPaQL [16, 19] for subset

SELECTION). WITHIN/TIMEOUT budgets bound the solver’s output.

Extending the algebraic foundation [58] across the full language

(including stochastic and relaxation [15] constructs) is an important

research direction (Section 5).

4.2 The Decision Planner

MILP is the planner’s default target, and structural patterns in the

query enable more e�cient polynomial-time alternatives such as

min-cost �ow [5], LP relaxation, or the Hungarian algorithm [38]

when they apply. This choice can change the e�ective complexity

class from NP-hard to polynomial (Section 4.3). We call the problem

of selecting the fastest applicable formulation from a declarative

query the Decision Optimization Problem (DeOP). Solvers optimize

within a �xed coe�cient matrix; the decision planner optimizes

which instance the solver receives, using query structure and data-

base statistics that no solver has access to.

Planner objective.The plannerminimizes solve time subject to the

user’s quality budget (WITHIN -% or TIMEOUT; optimal by default).

A simple rule yields large gains: prefer any applicable polynomial-

time formulation (min-cost �ow, LP relaxation, Hungarian) over

MILP when structure detection succeeds, since the complexity-

class ordering is known in advance and the gap is often orders of

magnitude (Section 4.3). Re�ning this with a proper cost model

(particularly for ranking multiple polynomial alternatives when

several apply) is central to our research agenda (Section 5).

Structure detection fromAbstract IR. The Abstract IR preserves

structural patterns that �at coe�cient matrices obscure. In the

GPU allocation query (Figure 2), the DECISION KEY (pool_id,

workload_id) reveals bipartite structure; the BY constraints match

supply-demand �ow conservation; the objective is linear in the �ow

variable. Together, these identify a min-cost network �ow, enabling

min-cost �ow instead of branch-and-bound (Section 4.3). Single-

component constraint groups with bare-variable sums reveal total

unimodularity, so LP relaxation is exact (Ho�man–Kruskal [5]);

bipartite queries whose constraint bounds are the literal one (e.g.,

COUNT(*) = 1) reduce to assignment, solvable by the Hungarian al-

gorithm [38] in$ (=3). Each is a deterministic pattern match on the

IR, analogous to recognizing star joins from query graphs. The same

patterns recur across decision workloads: bipartite supply-demand

structures transportation, ad placement, and resource-allocation

problems; total unimodularity holds for bipartite matching and

assignment [5]. Extending the planner to detect further patterns is

part of the research agenda (Section 5).

Statistics-driven planning. Not all structure is visible in the IR;

some shows up only in the candidate data. The planner reads per-

column statistics on the candidate set (MIN, MAX, COUNT DISTINCT,

all-integer �ag) computed at CREATE CANDIDATES time as a byprod-

uct of the data scan, analogous to SQL ANALYZE. COUNT(DISTINCT
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Figure 4: Solve time for the GPU allocation query (Figure 2).

All three formulations produce identical optima up to 1.8M

assignments; min-cost �ow is 29–355× faster than MILP. At

7.4M, MILP times out (10 min); min-cost �ow solves in 2.2 s.

cost) = 1 on a min-cost �ow query with equality demands re-

duces it to max-�ow, since a constant cost objective then makes

any feasible �ow optimal. Coe�cients con�ned to {−1, 0, 1} on can-

didate columns can complete a data-dependent total-unimodularity

check [5] that the IR alone cannot �nish, reducing MILP to LP

relaxation (Section 5).

Planning under uncertainty. Stochastic queries [19, 29] intro-

duce uncertainty in input attributes, adding another dimension to

planning (Section 5).

4.3 Analysis

We are building DH-0, an initial Decisionhouse implementation in

Rust, using Apache DataFusion [40] for query federation, Apache

Arrow [6] as columnar format, and HiGHS [33]/Gurobi [28] for

solving. The current release includes a DeQL parser, all three IRs,

a working SketchRe�ne implementation, and direct solving. Data

sources include DuckDB, ODBC databases, Microsoft Fabric, and all

DataFusion-supported backends. DeQL Studio, an interactive inter-

face to this prototype, is demonstrated in a companion paper [18].

Formulation selection. To evaluate automatic structure recog-

nition, we solve the GPU allocation query from Figure 2 at seven

scales up to 7.35M candidate assignments (consistent with hyper-

scale GPU clusters that reach$ (105) GPUs [39, 66]) using three for-

mulations that the decision planner would select between: generic

MILP (no recognition), LP relaxation (TU detection drops binary

variables), and min-cost network �ow (full network structure detec-

tion). Generic MILP and LP relaxation run on HiGHS [33] (branch-

and-bound and dual simplex, respectively); min-cost �ow runs

on OR-Tools’ [56] cost-scaling solver. Each formulation has a 10-

minute time limit on random instances (median of 3 runs; Figure 4).

Speedup grows superlinearly (29× at 18K, 90× at 460K, 355×

at 1.8M—from over 3 minutes to under 1 second). All three for-

mulations return provably optimal solutions with identical objec-

tive values where they complete; the speedup comes entirely from

structure recognition. The transportation matrix is totally unimod-

ular [5], so LP relaxation produces integer solutions automatically

(binary variables redundant); recognizing bipartite supply-demand

additionally enables min-cost �ow, changing the complexity class.

At scale, structure recognition determines whether the query suc-

ceeds at all; a declarative system can detect and exploit structure

the user did not specify. At 7.4M, MILP fails to �nd any feasible

solution in 10 minutes while min-cost �ow returns the optimum

in 2.2 seconds. Which formulations apply depends on the query:

without bipartite structure, min-cost �ow is unavailable, and LP

relaxation or MILP applies depending on total unimodularity. This

experiment isolates one dimension of the DeOP: structure detection

from the Abstract IR. Statistics-driven detection from candidate

data is a second dimension (Section 4.2); execution-strategy choices

like decomposition and pruning are a third dimension, an open

research direction (Section 5).

Incremental materialization.When successive DECIDE queries

share the same Abstract and Concrete IR—the common case in what-

if analysis, where an analyst varies constraint parameters while the

formulation stays �xed—only the Materialized IR changes, and only

partially: bound vectors update but the constraint matrix sparsity

pattern is unchanged. The system retains both the Materialized IR

and the solver’s internal state (preprocessed model and factored

simplex basis), propagating only the changed bounds through the

solver’s incremental update API. The solver re-solves from its previ-

ous basis without reconstructing the model. On the GPU allocation

benchmark, varying pool capacities across 50 what-if queries yields

a per-query speedup that grows with problem size once the model

is built and reused: 8–11× at 460K assignments and 12–15× at 1.8M.

5 RESEARCH AGENDA

We outline eight research directions tightly coupled to the Deci-

sionhouse architecture.

Formal foundations for DeQL. DeQL needs an algebraic founda-

tion analogous to relational algebra for SQL, covering typed deci-

sion variables, multi-table candidate spaces, grouped constraints,

and non-linear or stochastic constructs (quadratic objectives, con-

straint programming, inline ML-model scoring via PREDICT, proba-

bilistic predicates). Prior work covers subset selection [16, 19] and

a relational algebra for decision queries via exponentiation [58]; ex-

tending to stochastic, probabilistic, and ML-augmented constructs

remains open. Each new construct is admissible only via a transla-

tion rule and an equivalence theorem, making DeQL extensible.

Automatic reformulation and structure detection. Current sys-

tems have limited support for structure detection: CPLEX’s network

extractor [36] recovers pure node-arc substructure with specialized

heuristics [14], but broader semantic patterns are lost once the prob-

lem is �attened to a coe�cient matrix. The Abstract IR preserves

these patterns. Detecting them draws on database query plan pat-

tern matching [61] and OR reformulation theory [20, 60, 62]. New

pattern detectors should plug into the planner without modifying

the rest of the pipeline. Where syntactic rules and statistical meth-

ods fall short, the planner can draw on LLM judgment as a third

input, with the DeQL query serving as the contract any chosen

formulation must satisfy.

Cost models for decision query optimization. DeOP requires

predicting execution cost and solution quality before committing

to a plan. MILP solve time resists closed-form characterization;

prediction errors of 10–100× are common even with ML models

trained on millions of instances [35], partly because predictions

operate on �at coe�cient matrices with no semantic information.

The three-IR design exposes a richer feature space: problem type

(assignment vs. scheduling), constraint topology (bipartite keys,

grouped supply-demand), candidate set size per dimension, and

abstraction depth—analogous to the cardinality estimates and index

statistics that make database cost models work.
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Physical design for decision queries. Candidate sets introduce

physical design questions absent from traditional query processing.

Whether a candidate set should be virtual, in-memory, or persisted

depends on join complexity, reuse across queries, solver access

patterns, and data freshness. Physical layout must serve solver ac-

cess patterns, which di�er from query scans: the join structure in

CREATE CANDIDATES groups candidates by dimension key, de�ning

constraint matrix sparsity patterns to precompute once and reuse.

When candidate sets derive from large joins, full materialization

may be infeasible; factorized representations [54] avoid materializ-

ing joins for aggregation, but computing solver coe�cients directly

from factorized data remains open. The same materialization ques-

tion applies to DECIDE output, which appends new decision columns

to existing data columns.

Responsive execution. Decisions are coupled through shared

constraints, so the row- and batch-independent scaling SQL and

ML rely on does not apply directly. Decomposition methods like

SketchRe�ne [16] partition the candidate space into subproblems

and coordinate at the boundaries. The three-IR pipeline can then

compute bounds at coarse abstraction levels before full material-

ization, and fall back to a di�erent Concrete IR when the solver

stalls. This mirrors adaptive query processing [10], except that

adaptation crosses formulations rather than access paths. Several

questions remain open. First, abstraction-based decompositionmust

be extended beyond package queries to scheduling, network �ow,

and assignment. Second, abstractions need to be designed so that

they yield valid solutions at any interruption point. Third, sched-

uling across heterogeneous solver backends (where the formula-

tion/dispatch split admits parallel formulation racing and per-block

routing) requires new cost models and routing policies.

Optimization-workload benchmarks. The community needs

a TPC-H equivalent for prescriptive workloads—spanning data

access and optimization: diverse problem types (knapsack, assign-

ment, scheduling), realistic scales, multiple constraint patterns, and

ground-truth optima to compare systems and measure progress.

Decision governance. Decisions that a�ect people—hiring, al-

location, scheduling—require an audit trail, infeasibility explana-

tions, and traceability of outputs through formulation choices. The

GDPR’s “right to explanation” applies to automated decisions, yet

no infrastructure directly supports it.

LLM-driven prescriptive pipelines.The decomposition databases

are adopting (text-to-SQL [42, 44] + SQL-to-code synthesis [41,

68]) maps onto prescriptive analytics as text-to-DeQL + DeQL-to-

code synthesis, with the declarative query as the stable intermedi-

ate. Text-to-DeQL benchmarks, validation methods for generated

queries (a missing constraint silently yields an optimal solution to

the wrong problem), and LLM-synthesized specialized execution

are open problems.

6 RELATED WORK

Optimization tools and platforms. Commercial (Gurobi [28],

CPLEX [36]) and open-source (HiGHS [33], SCIP [11]) solvers pro-

vide the algorithmic foundation for optimization. Modeling lan-

guages (AMPL [24], Pyomo [30], JuMP [22], MiniZinc [51], OR-

Tools) add expressivity but require optimization expertise and lack

database integration. OR platforms (FICO Xpress [23], AIMMS [12],

IBM CPLEX Studio [36]) bundle these with data connectors and

enterprise logging, covering everything from formulation onward

but leaving formulation manual: models come in platform-speci�c

languages, data is mapped imperatively, and formulations are se-

lected by hand. Lakehouse integration runs through notebooks [21].

Algorithm selectors such as AutoFolio [45] choose among solvers

from instance features but operate on already-serialized coe�cient

matrices; they cannot detect that a MILP encodes network-�ow or

transportation structure. Supply chain platforms [37, 53] embed

domain-speci�c heuristics for planning but are not general-purpose.

A Decisionhouse sits above all of these, using solvers as backends

while providing data-native interfaces and automatic planning.

LLMs and optimization. LLMs that translate natural-language

descriptions into solver code [3, 4, 27, 31, 43, 72] provide what

we call operational intelligence (understanding which situation to

model). They do not provide mathematical intelligence: each gen-

erated formulation is a one-o� solver script with no speci�cation

to verify against, accuracy degrades with combinatorial structure

and size [32, 49, 70], and no shared planning layer transfers across

queries. When frontier models attempt to produce decisions di-

rectly without a solver, feasibility is unreliable across both models

and domains [67]. We envision LLMs as complementary front-ends,

translating user intent into DeQL, while a Decisionhouse provides

veri�ed translation, formulation selection, and guaranteed solving.

Decision support systems.Classical DSS [65] provide dashboards,

what-if analysis, and scenario comparison to aid human judgment.

A Decisionhouse computes optimal decisions from declarative spec-

i�cations; classical DSS presents alternatives for manual evaluation.

In-database optimization. An early SQL-based decision query

language was proposed by Brodsky et al. [13]. SolveDB [64] embed-

ded solvers in PostgreSQL via UDFs; User-De�ned Operators [63]

compile custom algorithms into the query pipeline with zero-copy

data access, but in both cases the solver executes after formulation

selection is �xed; the database planner cannot see the mathemat-

ical structure. PaQL [16] pioneered declarative package queries,

scaled by SketchRe�ne [59] to millions of candidates and Progres-

sive Shading [46] to billions; Pratten et al. [58] provide an alge-

braic foundation for subset selection and optimization in relational

algebra; DeciDB [34] extends DuckDB with a DECIDE clause in-

side SELECT. DeQL makes DECIDE a top-level statement and adds a

structure-aware planner that detects properties of the constraint

matrix (total unimodularity, network-�ow shape, block-angular

decomposability) and selects among LP, MILP, and decomposition

formulations, which none of these systems, including commercial

ones like LogicBlox [8] and RelationalAI [7], detect. DeQL extends

SQL rather than replacing it, unlike SaneQL [52].

7 CONCLUSION

SQL and query optimizers eliminated bespoke data-retrieval pro-

grams; Lakehouses added �rst-class support for ML. Deciding (com-

puting optimal actions under constraints) is next. As autonomous

systems take on consequential decisions over data, the decision

debt of ad-hoc pipelines—hard to audit, reproduce, or govern—is not

sustainable. Decisionhouses provide the missing layer: DeQL deci-

sions are declarative, automatically planned across formulations

and solvers, and auditable end-to-end.
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