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ABSTRACT

Object-relational mapping (ORM) frameworks simplify persistence,
yet routine mapping choices—including inheritance strategy, as-
sociation encoding, and denormalization—can substantially alter
the generated SQL and the trade-offs among query latency, in-
sert/update cost, and storage footprint. Existing optimization ap-
proaches either guarantee semantic validity but incur expensive
per-candidate deployment and benchmarking, or learn from schema
structure alone and therefore miss the fact that workload behavior
is mapping-dependent. We present TriORM, a workload-aware
neural–symbolic framework for multi-objective ORM mapping de-
sign that removes per-candidate workload execution from the online
recommendation loop while preserving validity by construction.
TriORM (i) enumerates admissible mappings via bounded rela-
tional synthesis in Alloy, (ii) concretizes an abstract workload into
schema-specific SQL templates for each candidate, and (iii) predicts
continuous objectives using a tri-input model that fuses a typed
schema-graph encoder, a concretized-workload encoder, and inter-
pretable static cost proxies. The resulting predictions enable Pareto
filtering and user-weighted selection without deploying or execut-
ing each candidate at inference time; profiling is performed only
offline to obtain supervision. On nine TradeMaker/Leant bench-
mark models, TriORM improves mean Pareto-front approximation
over Leant (GD/HV 0.03/0.78 vs. 0.07/0.61) and reduces end-to-
end recommendation time (3.6×103s vs. 2.6×104s), while preserving
semantic correctness within the chosen synthesis bounds.
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1 INTRODUCTION

Relational database management systems (RDBMSs) remain the
default substrate for persistent data, while application logic is
commonly expressed in object-oriented abstractions. Object–
relational mapping (ORM) frameworks (e.g., Hibernate, Django
ORM, SQLAlchemy, Entity Framework) mediate this impedance
mismatch by mapping an object model to a relational schema and
compiling application-level operations into SQL [1, 2, 4, 13, 16, 24].
In modern systems, however, ORM is not merely a convenience
layer: mapping design—inheritance encoding (single-table, joined-
subclass, table-per-class), association representation (foreign key vs.
join table), denormalization, and indexing conventions—determines
the physical layout and the concrete SQL/transaction patterns
executed by the DBMS. These choices reshape join topology, re-
dundancy, constraint and index maintenance, and update behavior,
and can produce order-of-magnitude differences in query latency,
write cost, and storage footprint even when application semantics
are preserved [4, 12, 16, 21].

A central challenge is that ORM design is both combinatorial

and workload-induced. Even moderate object models admit many
correctness-preserving realizations: each inheritance edge and asso-
ciation can be encoded in multiple ways while satisfying integrity
and multiplicity constraints [12, 16, 21]. More subtly, the effective
database workload depends on the chosen mapping. The same ap-
plication operation (e.g., “load a customer with orders” or “create an
order”) can compile to materially different SQL across candidates:
joined-subclass introduces additional inheritance joins; join-table
associations add extra hops and referential checks; single-table
removes joins but reads wider tuples and enforces predicates via
discriminators; denormalization can reduce join depth but increases
write sets and index/constraint maintenance. As a result, cost is not
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a function of schema structure alone. Accurate ranking requires
reasoning about the physical schema and the SQL workload it
induces.

Prior work captures important parts of this space, but leaves
a practical gap for fast, workload-specific recommendations un-
der semantic constraints. Symbolic synthesis can guarantee va-
lidity by construction by enumerating only constraint-satisfying
schemas (e.g., via Alloy), yet the candidate space grows combina-
torially with model size and interacting mapping choices [11, 20].
Benchmarking-driven optimizers can measure accurate costs, but
require per-candidate deployment, data loading, and workload
execution—a dominant bottleneck when hundreds to thousands
of mappings must be explored [9]. Learning-based approaches im-
prove scalability, but schema-only representations can misrank
candidates precisely because they ignore mapping-induced work-
load realization. What is missing is a design-time optimizer that
simultaneously (i) preserves semantic validity, (ii) makes work-
load dependence explicit and comparable across mappings, and (iii)
removes per-candidate execution from the recommendation loop.

We present TriORM, a neural–symbolic framework forworkload-
aware, multi-objective ORM mapping design. TriORM separates
validity from performance reasoning. First, it compiles the object
model and admissibility constraints into a bounded relational
specification and enumerates only valid candidate schemas using
Alloy-based synthesis [11, 20]. Second, it concretizes an abstract
workload (operation templates with frequencies) into schema-
specific SQL/transaction templates for each candidate, capturing
mapping-induced variability while preserving semantic intent
across candidates. Third, it predicts continuous objective values
without per-candidate benchmarking at inference time using a
tri-input predictor that fuses: (i) a typed schema-graph encoder
capturing relational structure and physical design elements; (ii)
a concretized-workload encoder capturing join and write pat-
terns of the realized SQL; and (iii) compact, interpretable cost
proxies capturing join pressure and write amplification. The
resulting predictions support Pareto filtering or user-weighted
selection over (𝑇qry,𝑇ins, 𝑀) under standard multi-objective crite-
ria [19, 31]. Expensive measurements are performed only offline

to obtain supervision and evaluation ground truth, not as part of
the inference-time recommendation loop. Practical use. TriORM
is intended for design-time guidance. Given an object model and
admissibility constraints, developers provide a lightweight work-
load sketch (operation templates and approximate frequencies).
TriORM returns a small predicted Pareto set of valid mappings (or
a single mapping under user weights), enabling early exploration of
read/write/footprint tradeoffs before costly end-to-end deployment
and profiling.
Contributions. (1) Neural–symbolic pipeline for workload-

-aware ORM optimization: a two-stage design that (A) enumer-
ates only admissible mappings via bounded relational synthesis
and (B) ranks them using workload-conditioned prediction without
per-candidate execution in the recommendation loop. (2) Schema–

conditionedworkload concretization: a deterministic procedure
that translates abstract operation templates into schema-specific

SQL/transaction templates per candidate, making workload depen-
dence explicit and comparable across mappings. (3) Tri-input con-
tinuous predictor for multi-objective tradeoffs: a fused repre-
sentation of typed schema graphs, concretized SQL workloads, and
interpretable cost proxies to predict (𝑇qry,𝑇ins, 𝑀) for Pareto-aware
recommendation. (4) Empirical evaluation on standard bench-

marks: results on the nine-model TradeMaker/Leant suite show-
ing improved Pareto quality and substantially lower end-to-end
recommendation cost relative to representative baselines.

2 PROBLEM FORMULATION AND OVERVIEW

ORMmapping design is a validity-constrained, workload-conditioned
multi-objective optimization problem. A mapping must preserve
object-model semantics and integrity constraints, yet the best valid
mapping depends on the expected workload and the trade-off
among query latency, write cost, and storage footprint. TriORM
addresses this setting by (i) enumerating only valid candidates and
(ii) ranking them with workload-aware performance prediction.

Object model and constraints. We model the application domain
as a typed object model 𝑂 = (C,A,R,H), where C is the set of
classes, A : C→ 2Attr assigns typed attributes, R is the set of as-
sociations with multiplicities, and H ⊆ C × C is an inheritance
relation [4, 16, 21]. Let Φ denote admissibility constraints over ORM
realizations, including allowed inheritance strategies (single-table,
joined-subclass, table-per-class), allowed association encodings (FK
vs. join table), and relational integrity requirements (key unique-
ness, referential integrity, multiplicity preservation) [12, 16, 21].

Valid schemas and design space. A candidate relational schema
is 𝑆 = (T ,K, F ), where T denotes tables/columns, K primary/u-
nique keys, and F foreign keys. We call 𝑆 valid iff

𝑆 |= (𝑂,Φ) .

The feasible design space is
S(𝑂,Φ) = { 𝑆 | 𝑆 |= (𝑂,Φ) },

which can be large because each inheritance edge and association
admits multiple correctness-preserving encodings, and their deci-
sions interact [11, 20].

Workload dependence and objectives. Let𝑊abs = {(𝑜𝑝 𝑗 , 𝑓𝑗 )}𝑛𝑗=1
be an abstract workload profile, where 𝑜𝑝 𝑗 is an application-level
operation template and 𝑓𝑗 is its frequency; in our experiments,
operation templates and approximate frequencies are taken from
the TradeMaker/Leant benchmark workloads and normalized such
that

∑
𝑗 𝑓𝑗 = 1. Crucially, the realized SQL workload depends on

the mapping: the same 𝑜𝑝 𝑗 can compile into different SQL shapes
under different inheritance/association encodings [12, 16, 21]. We
therefore treat performance as schema-conditioned: each schema 𝑆
induces a realized workload𝑊𝑆 . For each valid schema 𝑆 , we define
the objective vector

𝑌 (𝑆) =
(
𝑇ins (𝑆), 𝑇qry (𝑆), 𝑀 (𝑆)

)
,

where 𝑇ins is insert/update latency, 𝑇qry is query latency, and𝑀 is
storage footprint.

Pareto-optimality and challenges. We seek Pareto-efficient
schemas

P★ = { 𝑆 ∈ S(𝑂,Φ) | ∄𝑆 ′ ∈ S(𝑂,Φ) : 𝑌 (𝑆 ′) ≺ 𝑌 (𝑆) },
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Figure 1: Object model (Customer–Order) with inheritance and a 1:𝑁
association.

Figure 2: Representative valid mappings for Fig. 1. Mapping choices

change join topology, redundancy, and constraint/index structure.

where ≺ denotes Pareto dominance; we evaluate tradeoff quality
using standard metrics such as GD and HV [19, 31]. The prob-
lem is challenging because (i) S(𝑂,Φ) grows combinatorially with
interacting mapping choices, and (ii) obtaining 𝑌 (𝑆) via schema de-
ployment, data loading, and executing𝑊𝑆 is expensive at scale [9].
These constraints motivate ranking valid candidates via workload-
aware prediction rather than per-candidate benchmarking in the
inference-time loop.

3 ILLUSTRATIVE EXAMPLE

We use a minimal Customer–Order domain to motivate two de-
sign requirements for TriORM: (i) even small object models admit
many semantics-preserving ORM mappings with materially differ-
ent physical layouts, and (ii) performance must be modeled as
schema-conditioned because the realized SQL workload depends
on the mapping. Figure 1 shows an object model with an inheri-
tance edge PreferredCustomer→Customer and a 1:𝑁 association
Customer→ Order.Under standard mapping rules, two choices
largely determine the relational realization (Fig. 2): inheritance en-
coding (single-table, joined-subclass, table-per-class) and association
encoding (foreign key vs. join table) [4, 12, 16, 21]. All mappings in
Fig. 2 are valid—they preserve object-model semantics and integrity
constraints—yet they induce different join connectivity, redundan-
cy/nullability patterns, and constraint/index topology.

Why workload realization matters. The same application-level
operation can compile to different SQL depending on the map-
ping. For instance, getCustomerWithRecentOrders(id) typically
requires an inheritance join under joined-subclass but not under
single-table; likewise, representing the 1:𝑁 association via a join
table introduces an extra hop (and corresponding checks) compared
to an FK encoding [12, 16, 21]. Therefore, the realized SQL tem-
plate 𝑞 (𝑆 ) is a function of the chosen schema 𝑆 , and predictors that
ignore this dependence (e.g., schema-only models) can systemat-
ically misrank semantically valid mappings. Mapping-induced

multi-objective tradeoffs. These structural differences directly
shift the tradeoff among query latency, write cost, and footprint
(𝑇qry,𝑇ins, 𝑀). More normalized layouts often increase join depth
(penalizing reads), whereas denormalized or single-table designs
can reduce joins but increase write amplification and footprint due
to redundancy and index/constraint maintenance [4, 12, 16]. This
example motivates TriORM’s approach: enumerate only valid map-
pings, realize the workload per mapping, and rank candidates using
workload-conditioned prediction.

4 APPROACH

TriORM treats ORM mapping design as a validity-constrained,

workload-conditioned multi-objective optimization problem. Given
an object model 𝑂 , admissibility constraints Φ, and an abstract
workload profile𝑊abs = {(𝑜𝑝 𝑗 , 𝑓𝑗 )}𝑛𝑗=1 (operation templates with
frequencies,

∑
𝑗 𝑓𝑗=1), the goal is to recommend valid schemas that

expose favorable tradeoffs among query latency 𝑇qry, insert/update
latency 𝑇ins, and footprint𝑀 . The core technical challenge is that
the realized SQL workload is mapping-dependent: the same appli-
cation operation can compile into different SQL under different
inheritance/association encodings, changing join topology, access
paths, and write amplification [4, 12, 16, 21].

Design principle: separate validity from ranking. TriORM sepa-
rates: (i) semantic validity—generate only schemas that preserve
object-model semantics and satisfy mapping/integrity constraints—
from (ii) performance reasoning—rank already-valid schemas
under a workload-specific tradeoff. This avoids the failure mode of
proposing high-scoring but invalid mappings: learning is used only
after symbolic validity is guaranteed [11, 20].

Two-stage pipeline (overview). Figures 3a–3b summarize Tri-
ORM’s two-stage design. Stage A (symbolic) enumerates a finite
set of valid schemas and deterministically realizes the abstract work-
load under each schema. Stage B (learning) predicts continuous
objective values for each candidate from three aligned inputs: I1
schema structure, I2 realized workload, and I3 static cost proxies.
The output is either (i) a predicted Pareto set of valid schemas or
(ii) a single schema selected via user weights over objectives.

4.1 Stage A: Validity-Preserving Synthesis and

Workload Realization

A.1 Bounded synthesis of valid schemas. We compile (𝑂,Φ) into a
bounded relational specification 𝐴← Trans(𝑂,Φ) and enumerate
candidates S = Synth(𝐴) = {𝑆1, . . . , 𝑆𝐾 } such that every 𝑆𝑖 is valid
by construction: 𝑆𝑖 |= (𝑂,Φ). Alloy encodes mapping and integrity
constraints in relational logic and enumerates satisfying instances
via SAT-based bounded solving [20]. This paradigm has been used
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effectively for correctness-preserving ORM enumeration in prior
work [11].

A.2 Alloy intuition (simplified). Listing 1 illustrates the style of
constraints we encode (e.g., key uniqueness and multiplicities).
The full specification additionally captures inheritance strategies,
association encodings (including join tables), column placemen-
t/nullability, and schema well-formedness; the key invariant is that
synthesis returns only constraint-satisfying schemas.
Listing 1: Alloy intuition: enforcing key uniqueness and a 1:𝑁 asso-

ciation as a typed reference (simplified).

// Each relation is modeled as a set of rows (tuples).
sig CustomerRow { id: one Int } // primary key column
sig OrderRow { customer: one CustomerRow } // FK column as typed reference

// Primary-key uniqueness (simplified).
fact CustomerPKUnique {
all disj c1, c2: CustomerRow | c1.id != c2.id

}

// $1{:}N$ multiplicity: each OrderRow references exactly one CustomerRow.
// (Multiple orders may reference the same customer.)
fact OneToManyCustomerOrder {
all o: OrderRow | one o.customer

}

A.3 Schema-conditioned workload realization (concretization). The
abstract workload𝑊abs is schema-agnostic: it specifies operations
in application terms (e.g., getCustomerWithRecentOrders(id)), not
SQL. For each candidate 𝑆𝑖 , TriORM deterministically instantiates
𝑊abs into a schema-specific realized workload:

𝑊𝑖 = Concretize(𝑊abs, 𝑆𝑖 ) = {(𝑞 (𝑆𝑖 )𝑗
, 𝑓𝑗 )}𝑛𝑗=1,

where each 𝑞 (𝑆𝑖 )
𝑗

is a canonical SQL (or transaction) template imple-
menting 𝑜𝑝 𝑗 under schema 𝑆𝑖 . Concretization resolves inheritance
encoding, association representation, and denormalized attribute
placement, producing templates that are semantics-equivalent across

candidates yet structurally different (tables touched, join depth,
predicate placement, write sets) [12, 16, 21]. These mapping-
induced differences are precisely what must be modeled for
workload-aware ranking.

Stage-A artifacts and provenance. Stage A yields two artifacts:
O1: valid schemas {𝑆𝑖 }𝐾𝑖=1; andO2: realized workloads {𝑊𝑖 }𝐾𝑖=1 with
𝑊𝑖 = Concretize(𝑊abs, 𝑆𝑖 ). Stage B consumes them as: I1 schema
graph derived from O1, I2 realized workload from O2, and I3 cost
proxies computed from I1+I2 via 𝜙 (𝐺𝑆𝑖 ,𝑊𝑖 ).

4.2 Stage B: Tri-Input Encoding and Continuous

Multi-Objective Prediction

For each candidate schema 𝑆𝑖 , TriORM predicts a continuous ob-
jective vector

𝑌 (𝑆𝑖 ) =
(
𝑇qry (𝑆𝑖 ),𝑇ins (𝑆𝑖 ), 𝑀 (𝑆𝑖 )

)
.

Model configuration. Unless otherwise stated, we use an 𝐿=2
layer R-GCN for 𝐺𝑆𝑖 with hidden size 𝑑=128 and mean+max pool-
ing for readout. For SQL templates, we use a lightweight Trans-
former encoder with 2 layers, 4 attention heads, and hidden size
𝑑=128. Static proxies are encoded by a 2-layer MLP (hidden size
128). The fused representation is passed through a shared 2-layer
trunk (hidden size 256) with three regression heads. We regress
latencies and footprint in log-space and train with Huber loss.

Input I1 (from O1): typed schema graph𝐺𝑆𝑖 . We represent each
synthesized schema as a typed directed graph𝐺𝑆𝑖 = (𝑉 , 𝐸, 𝜏𝑉 , 𝜏𝐸 , 𝑋 ).
Nodes encode physical entities (e.g., Table, Column, Index); edges
encode typed relations (e.g., table–column containment, PK/FK con-
nectivity, index coverage, and mapping-induced inheritance/associ-
ation links). Node features capture lightweight properties (datatype
class, nullability, key flags, index arity/uniqueness, and table-width
proxies). We encode 𝐺𝑆𝑖 using an R-GCN [27]:

ℎ
(ℓ+1)
𝑣 = 𝜎

(
𝑊
(ℓ )
0 ℎ

(ℓ )
𝑣 +

∑︁
𝑟 ∈R

∑︁
𝑢∈N𝑟 (𝑣)

1
𝑐𝑣,𝑟

𝑊
(ℓ )
𝑟 ℎ

(ℓ )
𝑢

)
,

where N𝑟 (𝑣) are 𝑟 -typed neighbors and 𝑐𝑣,𝑟 normalizes fan-in.
After 𝐿 layers, we obtain a schema embedding by pooling node
states:

𝑧𝑆 (𝑆𝑖 ) = Readout
(
{ℎ (𝐿)𝑣 | 𝑣 ∈ 𝑉 }

)
.

Input I2 (from O2): realized workload𝑊𝑖 and workload embedding

𝑧𝑊 (𝑆𝑖 ). Stage A provides a realized workload𝑊𝑖 = {(𝑞 (𝑆𝑖 )𝑗
, 𝑓𝑗 )}𝑛𝑗=1

per schema. Before encoding, we canonicalize each template to
remove superficial variance (formatting, identifier names, liter-
als) while preserving cost-relevant structure (join graph, predicate
shape, grouping/sorting operators, and write sets). We encode each
canonical template with a Transformer 𝐸𝑄 [30] and aggregate by
workload frequency:

𝑒
(𝑆𝑖 )
𝑗

= 𝐸𝑄
(
𝑞
(𝑆𝑖 )
𝑗

)
, 𝑧𝑊 (𝑆𝑖 ) =

𝑛∑︁
𝑗=1

𝑓𝑗 · 𝑒 (𝑆𝑖 )𝑗
.

SQL canonicalization. We canonicalize templates by (i) normaliz-
ing whitespace and keyword casing; (ii) renaming schema-specific
identifiers to deterministic placeholders (e.g., T1, C3); (iii) replac-
ing literals with typed parameters; (iv) deterministically ordering
commutative predicate conjuncts; and (v) using a fixed join serializa-
tion. This preserves structural cost signals while reducing spurious
lexical variance.

Input I3 (from I1+I2): static cost proxies 𝑥𝐹 (𝑆𝑖 ). We compute light-
weight, interpretable proxies 𝑥𝐹 (𝑆𝑖 ) = 𝜙 (𝐺𝑆𝑖 ,𝑊𝑖 ) that approximate
dominant cost drivers without executing the workload, includ-
ing schema counts (#tables, #FKs, #indexes), join-depth proxies,
predicate-to-index coverage indicators, and write-amplification
proxies (e.g., index updates per insert). An MLP maps 𝑥𝐹 (𝑆𝑖 ) to
an embedding 𝑧𝐹 (𝑆𝑖 ).

Fusion and regression. We fuse modality embeddings [5, 6] via
concatenation and simple interactions:

𝑧𝑖 = Fuse(𝑧𝑆 , 𝑧𝑊 , 𝑧𝐹 ) =
[
𝑧𝑆 ; 𝑧𝑊 ; 𝑧𝐹 ; 𝑧𝑆 ⊙ 𝑧𝑊 ; |𝑧𝑆 − 𝑧𝑊 |

]
,

and predict objectives with a shared trunk and objective-specific
heads: 𝑌 (𝑆𝑖 ) = 𝑔𝜃 (𝑧𝑖 ). We train a multi-task objective in log-space:
L = 𝜆𝑞 ℓ (�log𝑇 qry, log𝑇qry)+𝜆𝑖 ℓ (�log𝑇 ins, log𝑇ins)+𝜆𝑚 ℓ (�log𝑀, log𝑀),
where ℓ is Huber loss unless noted otherwise.
Inference-time recommendation and selection. At recommenda-

tion time, TriORM performs no per-candidate schema deployment or

workload execution. Given (𝑂,Φ,𝑊abs), it runs bounded synthesis,
concretization, feature extraction, and prediction, then returns ei-
ther: (i) the predicted Pareto set Pareto({𝑌 (𝑆𝑖 )}), or (ii) a weighted
selection:
𝑆★ = arg min

𝑆𝑖 ∈S
𝛼 𝑇ins (𝑆𝑖 ) + 𝛽 𝑇qry (𝑆𝑖 ) + 𝛾 𝑀 (𝑆𝑖 ), 𝛼, 𝛽,𝛾 ≥ 0.
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Object model 𝑂
classes/attrs/assoc/inh

Constraints Φ
mapping + integrity

Trans(𝑂,Φ)
Alloy model 𝐴

Synth(𝐴)
enumerate valid {𝑆𝑖 }

Abstract work-
load𝑊abs

ops (𝑜𝑝 𝑗 ) + freq (𝑓𝑗 )

Concretize(𝑊abs, 𝑆𝑖 )
realize SQL workload 𝑊𝑖

O1: {𝑆𝑖 }

O2:𝑊𝑖 per 𝑆𝑖

(a) Stage A (symbolic). Outputs: O1 valid schemas {𝑆𝑖 } and O2 realized workloads𝑊𝑖 .

Input I1
𝐺𝑆𝑖

from O1

Input I2
𝑊𝑖

from O2

Input I3
𝑥𝐹 (𝑆𝑖 )

from O1/O2

Schema encoder
R-GCN

Workload encoder
Transformer

Feature encoder
MLP

Fusion
concat + interactions

𝑧𝑖 = Fuse(𝑧𝑆 , 𝑧𝑊 , 𝑧𝐹 )

Regression heads
predict continuous

𝑇qry,𝑇ins, 𝑀

Selection
Pareto / weighted

embedding 𝑧𝑖 predicted 𝑌 (𝑆𝑖 )

(b) Stage B (learning). Inputs explicitly originate from Stage A outputs (O1, O2).

Figure 3: TriORM pipeline with explicit dataflow. Stage A synthesizes valid schemas and realizes a schema-specific SQL workload (O1, O2).

Stage B consumes these outputs as inputs (I1/I2/I3) to predict continuous objectives for Pareto or weighted selection.

Algorithm 1 TriORM inference-time recommendation
Require: Object model𝑂 , constraints Φ, abstract workload𝑊abs = { (𝑜𝑝 𝑗 , 𝑓𝑗 ) }𝑛𝑗=1 ,
trained predictor Pred, optional weights (𝛼, 𝛽,𝛾 )
𝐴← Trans(𝑂,Φ)
S ← Synth(𝐴) ⊲ O1: valid schemas {𝑆𝑖 }
for all 𝑆𝑖 ∈ S do

𝑊𝑖 ← Concretize(𝑊abs, 𝑆𝑖 ) ⊲ O2: realized workload for 𝑆𝑖
𝐺𝑆𝑖
← Graphify(𝑆𝑖 ) ⊲ I1 from O1

𝑥𝐹 (𝑆𝑖 ) ← 𝜙 (𝐺𝑆𝑖
,𝑊𝑖 ) ⊲ I3 from I1+I2

𝑌 (𝑆𝑖 ) ← Pred(𝐺𝑆𝑖
,𝑊𝑖 , 𝑥𝐹 (𝑆𝑖 ) )

end for

if (𝛼, 𝛽,𝛾 ) is provided then

return argmin𝑆𝑖 ∈S 𝛼 𝑇ins (𝑆𝑖 ) + 𝛽 𝑇qry (𝑆𝑖 ) + 𝛾 𝑀 (𝑆𝑖 )
else

return Pareto({𝑌 (𝑆𝑖 ) } )
end if

Algorithm 1 summarizes the inference-time procedure.

5 EVALUATION

We evaluate TriORM on the standard ORM-optimization bench-
mark suite to answer two questions: (1) can TriORM recover high-
quality measured tradeoffs among (𝑇qry,𝑇ins, 𝑀) while recommend-
ing only valid mappings, and (2) can it reduce the inference-time
cost of optimization by removing per-candidate workload execution
from the recommendation loop?We organize the evaluation around
four research questions (RQs) and report both recommendation
quality and end-to-end efficiency.

5.1 Research Questions

RQ1 (Pareto quality). How closely does TriORM’s predicted
non-dominated set approximate the measured Pareto frontier over
(𝑇qry,𝑇ins, 𝑀)?

Table 1: Benchmark subjects (TradeMaker/Leant). Model sizes.

Model #Cls #Asc #Inh

Customer–Order [11] 4 2 1
Decider [9] 10 11 5
E-commerce [22] 15 9 7
CSOS [11] 14 4 6
Bank Mgmt. [26] 9 7 3
Camping [28] 8 6 2
Flagship [9] 13 10 8
Online Store [22] 12 8 4
Library Mgmt. [14] 11 7 4

RQ2 (Pareto-set identification). How accurately does TriORM
identify Pareto-optimal candidates (Precision/Recall/F1) with re-
spect to the measured frontier?
RQ3 (End-to-end efficiency).What are the end-to-end runtime
and peak memory footprint of TriORM compared to benchmark-
driven baselines?
RQ4 (Input contribution).Which inputs contribute most to ac-
curate prediction and Pareto recommendation: schema graph (I1),
concretized workload (I2), or static cost proxies (I3)?

5.2 Experimental Setup

Subjects. We use the nine object models from the TradeMak-
er/Leant benchmark suite [9, 11]. We follow the same model def-
initions and workload templates as prior work for comparability.
Table 1 reports model statistics that correlate with synthesis-space
size and the difficulty of workload-conditioned ranking.

Candidate generation and validity. For each subject, we compile
(𝑂,Φ) into an Alloy specification and enumerate candidate schemas
via bounded synthesis. By construction, every candidate satisfies
𝑆 |= (𝑂,Φ) [11, 20]. Across the nine subjects, synthesis yields 100–
2700 valid schemas per model under our scopes, and we obtain
measurements for ∼9,500 schemas in total.
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Offline profiling and ground truth. We obtain ground-truth labels
offline by materializing each schema in PostgreSQL and executing a
controlled profiling protocol (schema creation, data loading, warm-
up, and repeated runs of benchmarkworkload templates).We record
query latency 𝑇qry, insert/update latency 𝑇ins (ms), and footprint𝑀
(database size in MB). The reference Pareto frontier is computed
from the same candidate pool using these measured metrics and is
used only for evaluation.

Inference-time cost reporting. Offline profiling is used only for
supervision and evaluation of ground truth and is excluded from
all end-to-end runtime results. All reported runtimes in §5.3 mea-
sure only the inference-time pipeline (synthesis + concretization +
prediction + Pareto/weighted selection).

Baselines. We compare against two established systems: Trade-
Maker [11] and Leant [9]. We additionally include two lightweight
learning baselines trained on the same profiling labels: Proxy-
Only, a tree-based regressor over static cost proxies 𝑥𝐹 (𝑆), and
Feature-MLP, a 2–3 layerMLP over flattened schema/workload sta-
tistics (e.g., counts of tables/columns/FKs/indexes, join-depth prox-
ies, and workload template summaries aggregated by frequency).
All learning-based methods predict (𝑇qry,𝑇ins, 𝑀) and are evaluated
under the same split and metrics as TriORM.

Training protocol (TriORM).. We use leave-one-model-out evalu-
ation to avoid leakage across closely related candidate schemas: for
each of the nine models, we train on the other eight and evaluate
on the held-out model; tables report per-model results and means
across folds. We train a multitask regressor for (𝑇qry,𝑇ins, 𝑀) using
Huber loss on log-transformed targets. Unless stated otherwise,
we freeze the schema/workload encoders and train only the fusion
module and regression heads.

Concretization validity and workload-frequency robustness. We
perform two checks to reduce the risk that conclusions depend
on artifacts of concretization or frequency specification: (i) we
validate concretization on a representative subset by comparing
cost-relevant structure between ORM-logged SQL and our canon-
ical templates (join count/graph, touched tables, write sets), and
(ii) we perturb operation frequencies (±10%, ±25%, ±50%) and mea-
sure predicted Pareto-set stability (e.g., top-𝑘 overlap / Jaccard).
Recommendations remain stable under moderate frequency noise.

Metrics. For RQ1, we report Generational Distance (GD) (lower
is better) and Hypervolume (HV) (higher is better) with respect
to the measured reference frontier [19, 31]. For RQ2, we report
Precision/Recall/F1 for Pareto membership prediction. For RQ3, we
report end-to-end runtime and peak memory for the inference-time
pipeline (excluding offline profiling).

Hardware/DBMS.. We ran all experiments on a dedicated x86-64
machine with an AMD EPYC 7543P CPU, 32 physical cores (64
threads), 256GB RAM, and NVMe SSD storage, running Ubuntu
22.04.3 LTS. We used PostgreSQL 14.10 with a tuned configuration:
shared_buffers=64GB;work_mem=64MB;maintenance_work_m
em=2GB;effective_cache_size=192GB;max_parallel_workers_p
er_gather=4. All methods use the same DBMS configuration.

5.3 Results

RQ1: Pareto quality (GD/HV).. Table 2 reports GD/HV per model.
Averaged across subjects, TriORM improves GD (0.07→0.03) and

Table 2: Per-system Pareto quality (GD/HV). Lower GD and higher

HV are better.

Model Leant GD/HV TriORM GD/HV

Customer–Order 0.07/0.61 0.03/0.81

OnlineStore 0.03/0.61 0.01/0.84

BankMgmt. 0.04/0.60 0.02/0.80

Camping 0.10/0.59 0.08/0.75

Flagship 0.06/0.62 0.03/0.78

Decider 0.08/0.63 0.00/0.85

LibraryMgmt. 0.05/0.60 0.01/0.78

CSOS 0.09/0.62 0.05/0.74

E-commerce 0.11/0.61 0.08/0.69

Mean 0.07/0.61 0.03/0.78

Table 3: Pareto-set identification accuracy. Higher is better.

Method Precision Recall F1

Leant [9] 0.75 0.77 0.76
TriORM 0.80 0.83 0.82

Table 4: End-to-end efficiency (benchmark suite). Lower is better.

Method Runtime (s) ↓ Peak Mem. (GB) ↓

TradeMaker [11] 2.23 × 106 61.0
Leant [9] 2.6 × 104 17.0
TriORM 3.6 × 103 11.0

increases HV (0.61→0.78), indicating a predicted non-dominated
set that is closer to and covers more of the measured fron-
tier [19, 31]. Improvements are largest on models where mapping
choices strongly affect join structure and write amplification (e.g.,
OnlineStore, LibraryMgmt, Decider).

RQ2: Pareto-set identification (Precision/Recall/F1). Table 3 re-
ports Pareto membership classification quality. TriORM improves
over Leant (0.75/0.77/0.76→ 0.80/0.83/0.82), indicating more accu-
rate filtering of dominated candidates while retaining true Pareto-
optimal designs.

RQ3: End-to-end efficiency (runtime/memory). Table 4 summa-
rizes inference-time cost (excluding offline profiling). TriORM re-
duces runtime from 2.6 × 104s to 3.6 × 103s and peak memory from
17.0GB to 11.0GB versus Leant. Relative to TradeMaker, the re-
duction is orders of magnitude, reflecting the benefit of avoiding
benchmark-heavy inner loops at recommendation time.

RQ4: Input contribution and learning baselines. Table 6 also re-
ports prediction accuracy for each objective using mean absolute
error (MAE) in log space for query latency, insert/update latency,
and storage footprint. We study (i) TriORM ablations to isolate
the contribution of each input modality, and (ii) lightweight learn-
ing baselines trained on the same offline labels. For ablations, we
compare the full tri-input model to single- and two-input variants,
holding the training protocol and split fixed; inputs are removed by
masking them with a learned null embedding (equivalently, zeroing
after encoding). Table 6 shows that removing the concretized work-
load (I2) causes the largest degradation in GD/HV and Pareto-F1,
confirming that mapping-induced SQL shape is critical for cor-
rect ranking; I1 remains important, and I3 provides a consistent
robustness gain. Table 5 compares TriORM with two lightweight
predictors trained on the same profiling labels.
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Table 5: Learning baseline comparison (model-averaged). Lower GD

and higher HV/F1 are better. Runtime excludes offline profiling.

Method GD ↓ HV ↑ Pareto F1 ↑ Runtime (s) ↓

Proxy-Only (𝑥𝐹 ) 0.12 0.52 0.64 1.8×103
Feature-MLP (flat feats) 0.09 0.57 0.70 2.4×103
Leant 0.07 0.61 0.76 2.6×104
TriORM 0.03 0.78 0.82 3.6×103

Table 6: Ablation study (model-averaged). LowerMAE/GD and higher

HV/F1 are better. MAE is computed in log-space for latencies and

footprint.

Variant MAE log𝑇qry MAE log𝑇ins MAE log𝑀 GD HV Pareto F1

Full (I1+I2+I3) 0.18 0.21 0.12 0.03 0.78 0.82
I1+I2 (no I3) 0.20 0.23 0.15 0.04 0.74 0.78
I1+I3 (no I2) 0.27 0.29 0.14 0.06 0.67 0.70
I2+I3 (no I1) 0.24 0.28 0.19 0.05 0.70 0.73
I1 only 0.30 0.32 0.16 0.07 0.63 0.66
I2 only 0.34 0.36 0.22 0.08 0.60 0.60
I3 only 0.38 0.40 0.25 0.10 0.55 0.55

6 DISCUSSION

What drives the gains. The consistent improvements in Pareto
quality and Pareto-set identification (§5) are primarily driven by
making mapping-induced workload dependence explicit. Even when
two schemas are semantically valid, different inheritance and asso-
ciation encodings can yield different realized SQL (join topology,
predicate placement, and write sets) [4, 12, 16, 21]. By jointly encod-
ing (i) physical schema structure and (ii) the schema-concretized
workload, TriORM reduces the systematic misranking that arises
when models are conditioned on schemas alone.

Role of cost proxies and interpretability. While the schema and
realized-workload encoders capture rich structural signals, light-
weight cost proxies provide complementary benefits. First, they
improve robustness across heterogeneous candidate sets by in-
jecting compact indicators of key cost drivers (e.g., expected join
depth, index coverage of predicates, and write-amplification prox-
ies). Second, they support human-readable explanations: when two
candidates trade query latency for insert/update cost, the system
can attribute the tradeoff to concrete structural mechanisms (addi-
tional joins versus additional indexes/redundancy), consistent with
established ORM performance guidance [4, 16].

Intended usage and scope of “benchmark-free.” TriORM is in-
tended for design-time decision support. Given (𝑂,Φ) and an ab-
stract workload (operation templates with approximate frequen-
cies), it returns either (i) a small predicted Pareto set of mappings
that are valid within the chosen synthesis bounds, or (ii) a sin-
gle mapping via user-specified objective weights. In this work,
“benchmark-free” refers strictly to the online recommendation loop:
at recommendation time, TriORM does not perform per-candidate
schema deployment, data loading, or workload execution. Offline
profiling remains necessary to obtain supervision for training and
to compute evaluation ground truth, consistent with benchmark-
driven pipelines [9].

7 THREATS TO VALIDITY

Construct validity. We assess recommendation quality using GD
and HV relative to a measured reference Pareto frontier, and report
Pareto set Precision/Recall/F1 [19, 31]. These metrics can be sen-
sitive to objective normalization and the HV reference point. To
reduce metric-induced artifacts, we apply the same normalization
and HV reference point across methods and compute the reference
frontier from the same candidate pool per subject. We measure
footprint as the on-disk database size after data loading and in-
dex creation; other notions of footprint (e.g., buffer-pool residency)
could change absolute values, but are typically correlated with
redundancy and index overhead.

Internal validity. Latency measurements may be influenced by
system noise and implementation details (e.g., caching behavior,
connection state, and aggregation choices). We mitigate these ef-
fects using a fixed profiling protocol across methods (warm-up,
repeated runs, and consistent aggregation) and by running all ex-
periments on a dedicated machine with a fixed DBMS configuration.
For learning-based methods, outcomes can vary with hyperparam-
eters and random seeds; we use a split-by-model protocol to avoid
train/test leakage across closely related schemas and report model-
averaged results over multiple seeds.

External validity. We evaluate on the standard TradeMak-
er/Leant benchmark suite [9, 11] under PostgreSQL 14, which
enables direct comparability with prior work. Generalization may
change under substantial workload shifts (e.g., new templates or
different frequency mixes) or when moving to different DBMS
engines and configurations.

Bounded synthesis and design-space coverage. Alloy-based syn-
thesis operates under finite scopes [20]. Accordingly, TriORM op-
timizes over the bounded candidate space induced by the chosen
scopes and constraints Φ, rather than the unbounded space of all
possible ORM mappings. We therefore interpret results as trade-
off quality within this bounded design space and report synthesis
statistics and candidate counts for transparency.

8 RELATEDWORK

ORM mapping patterns and performance tradeoffs. Foundational
work on ORM design has shown that inheritance strategies (e.g.,
single-table, joined-subclass, and table-per-class) and association
encodings (e.g., foreign keys versus join tables) can substantially
affect join depth, redundancy, integrity enforcement, and update
behavior, thereby shaping latency–footprint tradeoffs [4, 12, 16,
21]. These studies motivate reasoning over multiple semantically
equivalent mappings rather than relying on fixed ORM defaults.

Correctness-preserving schema synthesis. Specification-based ap-
proaches encode mapping rules and integrity constraints in rela-
tional logic and synthesize only schemas that satisfy those con-
straints by construction [11, 20]. This line of work provides strong
semantic guarantees, but does not by itself resolve how to efficiently
rank large numbers of valid candidates under workload-specific
performance objectives. TriORM builds on this foundation by pre-
serving validity through bounded Alloy synthesis while shifting the
main emphasis to workload-aware ranking within the synthesized
design space.
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Benchmark-driven exploration for ORM optimization. Prior ORM
optimizers attach measured performance to candidate schemas by
repeatedly deploying schemas, loading data, and executing work-
loads across the candidate space [9]. Although accurate, this inner-
loop benchmarking cost quickly becomes the dominant bottleneck
as the number of valid candidates grows, limiting interactive use in
larger synthesis spaces [10, 12, 15, 18, 21, 25, 29]. TriORM retains
offline measurement for supervision, but removes benchmarking
from the inference-time decision loop by predicting continuous
objectives from both schema structure and the mapping-induced
workload.

Learning-based ORM optimization and companion work. Recent
learning-based approaches seek to accelerate ORM design explo-
ration by predicting promising candidates from schema-centric
representations, often emphasizing classification or coarse rank-
ing [17]. For example, DTS applies Transformer-based models to
identify near-Pareto schema candidates primarily from schema fea-
tures [17]. A preliminary ICSE 2026 extended abstract introduced
early ideas behind Y-Map as a performance-aware learning frame-
work for ORM design [7], and a subsequent AIware 2026 short paper
developed this direction further through neural–symbolic optimiza-
tion for performance-aware ORM database design [8]. TriORM ex-
tends this line of work by explicitly modeling workload-conditioned
performance: rather than reasoning from schema structure alone,
it concretizes the abstract workload for each valid mapping and
incorporates the realized SQL workload into a tri-input continu-
ous predictor. In parallel, learned models have also been used for
workload-aware decisions in database systems, including learned
query optimization and ML-driven tuning [3, 23]. TriORM com-
plements these efforts by targeting ORM mapping spaces specifi-
cally and by coupling workload-aware prediction with correctness-
preserving synthesis.

Neural representations for schemas and SQL.. Graph neural net-
works for multi-relation graphs, such as R-GCN, provide principled
encodings of typed dependencies, including PK/FK links and in-
heritance relations [27], while Transformer encoders are effective
backbones for modeling SQL templates as structured sequences [30].
TriORM combines these strands in a tri-input design that integrates
schema graphs, concretized workloads, and static cost proxies, en-
abling workload-sensitive prediction beyond schema-only embed-
dings.

TriORM extends this line of work by explicitly modeling
workload-conditioned performance: rather than reasoning from
schema structure alone, it concretizes the abstract workload for
each valid mapping and incorporates the realized SQL workload
into a tri-input continuous predictor.

9 CONCLUSION

We presented TriORM, a workload-aware neural–symbolic frame-
work for multi-objective ORM mapping design. TriORM enforces
correctness-by-construction by synthesizing only admissible map-
pings from a bounded relational specification, then ranks valid
candidates using a tri-input predictor that models (i) typed schema
structure, (ii) the schema-concretized SQL workload induced by each
mapping, and (iii) compact static proxies capturing join and write

pressure. This design targets the central challenge in ORM opti-
mization: semantically equivalent mappings can induce different
SQL shapes and physical cost drivers, so accurate ranking must be
conditioned on both the schema and its realized workload. Across
nine benchmark object models from the TradeMaker/Leant suite,
TriORM improves Pareto-front approximation and Pareto-set iden-
tification while reducing inference-time optimization cost relative
to representative synthesis- and benchmarking-driven baselines.
Overall, our results support a practical direction for performance-
aware ORM tooling: use symbolicmethods to guarantee validity and
systematically explore the design space, and use learned, workload-
conditioned prediction to enable fast tradeoff exploration without
per-candidate benchmarking in the online loop.
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