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ABSTRACT
Translating natural-language questions into SPARQL lets users
query knowledge graphs without learning their schema, and is a
basic step in question answering over knowledge graphs. Large
language models (LLMs) now write plausible SPARQL, but they
write the whole query at once. A query that fails to parse, joins
values of incompatible types, or returns nothing is detected only
after it is complete, and the repair is another guess. This paper
introduces HeRmes, a query-planning agent that builds a SPARQL
query one operator of the SPARQL algebra at a time, over a typed
formalization of the language. (1) We formalize SPARQL query
plans as terms of a typed algebra: an RDF schema induces a type
for every query variable, and well-formedness and typing rules de-
cide, without evaluating the query, whether a plan is valid. (2) We
formulate natural language to SPARQL as verified query planning.
Actions are algebra operators; after each one, the agent observes
its effect on the graph (the number of solutions, how it changed, a
sample of rows, and any error); and a plan is accepted only when
it is well typed and satisfies a goal derived from the question.
(3) We implement a verifier that rejects ill-typed steps before
they reach the graph store, and an LLM planner that drives it. (4)
We normalize six benchmarks into one format and implement a
scorer that reproduces every published Text2SPARQL 2026 score.
We evaluate with Qwen3 models of 4B, 8B, and 14B parameters.
On the Text2SPARQL 2026 corporate benchmark with the 14B
model, HeRmes reaches a set 𝐹1 of 0.282, against 0.231 without the
verifier, 0.197 for constraint-guided search, and 0.089 for one-shot
generation, at a higher model-call budget; the verifier cuts the
items without a runnable query from 26 to 9.
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1 INTRODUCTION
Knowledge graphs such as DBpedia [2] and enterprise graphs hold
facts that users want to query in their own words. Natural lan-
guage interfaces translate a question into a structured query that
the graph can execute. For relational data this has a long history,
from interactive interfaces that map parse trees onto SQL [12] to
recent LLM-based systems [6, 11, 13, 19]. For RDF, question an-
swering has been cast as subgraph matching over the graph [29]
and as template decomposition of the question [28], and LLMs now
generate SPARQL directly [3, 21, 26].

Existing approaches leave three problems open. C1. Whole-
query generation. Most LLM-based generators emit a complete
query string. A query that fails to parse, joins values of incom-
patible types, or returns nothing is detected only after it is com-
plete, and the repair is another sample from the same model. C2.
No static guarantees. A query can parse and still be wrong in
ways that the schema already rules out: a literal where the prop-
erty expects an entity, a filter on a variable that nothing binds, or
a projected variable that is neither grouped nor aggregated. Such
queries run and quietly return nothing, or an error, and the gen-
erator learns little from either. C3. Search needs a reference.
Constraint-guided search [26] refines a query by adding and re-
moving constraints with Chase and Backchase [4], which gives
soundness and completeness guarantees, but relative to a reference
answer set that must be supplied or guessed, and over monotone
conjunctive constraints, with aggregation and ordering deferred.

Example 1.1. Consider the question “Which department does
Ms. Brant belong to?” over the Text2SPARQL corporate graph [1],
asked in German. With Qwen3-14B [27], a one-shot generator
wrote a query over ecc∶Employee and foaf∶name “Frau Brant”,
terms the graph does not use, so the query ran and returned
nothing. Constraint-guided search kept only the constraint
?e pv∶memberOf ?d and returned all six departments that have
members. Planning one operator at a time, the agent of Section 4
first stated the goal: one answer of type pv∶Department. Looking
up “Frau Brant” returned two employees, Karen and Sylvester
Brant; the agent bound Karen Brant, joined ?e pv∶memberOf ?d,
and saw one solution of the stated type: the correct department.
Each step was a single algebra operator, and each observation told
the agent what that operator did to the answer.

Database systems have handled a similar problem for decades. A
query optimizer does not guess a whole execution plan; it applies
one algebraic rewrite at a time and estimates its effect before keep-
ing it [20], and the quality of those estimates largely decides the
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Table 1: Key notation.

Symbol Meaning

𝒢; [[𝑃]]𝒢 RDF graph; answers of pattern 𝑃 on 𝒢
𝐼 , 𝐿, 𝑉 IRIs, literals, variables (?𝑥)
𝑂 = (𝐶, 𝐸) ontology: classes 𝐶 , properties 𝐸
dom, rng; ⊑ domain and range of a property; subclass order
𝐷; Lit datatypes; literal types (𝐷 and rdfs∶Literal)
𝑄 plan (𝑇 , 𝐹 , 𝐽 , 𝑋 , 𝐾, 𝐴, 𝐻 , 𝑅, Π, 𝛿, ℓ, 𝑓 ) (Defini-

tion 3.1)
⋈, 𝜎 , 𝜋 , 𝛾 , 𝜏 , 𝜆 join, filter, project, group, order, slice (Table 2)
𝛽(𝑄), 𝛽+(𝑄) variables bound by 𝑄; with aggregate aliases
Γ𝑄 typing context of 𝑄
𝑂 ⊢ 𝑄 𝑄 is valid against 𝑂
𝑔 = (𝑎, 𝜅, 𝑐, 𝑚); 𝑄 ⊧ 𝑔 goal; 𝑄 satisfies 𝑔
𝑞; 𝑎, 𝑜, 𝑛 question; action, observation, solution count
𝑀 , 𝜌, 𝐵 language model, planning policy, step budget

quality of the plan [10]. The SPARQL algebra has a compositional
semantics [18, 25], so a query can be built and checked the same
way. This paper takes that view of natural language to SPARQL.

Contributions. This paper introduces HeRmes, a query-planning
agent over a typed formalization of the SPARQL algebra.
(1) A typed SPARQL algebra (Section 3). We treat query plans

as terms of the SPARQL algebra and derive a typing context
for their variables from the RDF schema [24]. Well-formedness
and typing rules decide, without evaluating a plan, whether it
is valid.

(2) Verified query planning (Section 3). We formulate natural
language to SPARQL as planning: actions are algebra opera-
tors, observations report each operator’s effect on the graph,
and a plan is accepted only when it is well typed and satisfies
a goal derived from the question.

(3) The HeRmes system (Section 4). A verifier rejects ill-typed
steps before they reach the graph store, and an LLM planner
drives it. Existing generators are policies over the same action
space.

(4) A reproducible evaluation (Section 5). We normalize six
benchmarks and implement a scorer that reproduces all 5,024
published Text2SPARQL 2026 scores. With Qwen3 models of
4B to 14B parameters on the corporate benchmark, HeRmes is
the most accurate method at 14B, its accuracy grows fastest
with model size, and the verifier cuts the items without a
runnable query at every size.

The code, data, configurations, and run outputs are available at the
artifact URL above.

2 PRELIMINARIES
Table 1 summarizes the notation used throughout the paper.

RDF graphs and ontologies. Let 𝐼 and 𝐿 be disjoint sets of IRIs
and literals; blank nodes are treated as IRIs. An RDF graph 𝒢 is a
finite set of triples (𝑠, 𝑝, 𝑜) ∈ 𝐼 × 𝐼 × (𝐼 ∪ 𝐿). An ontology 𝑂 = (𝐶, 𝐸)
over 𝒢, its schema, has classes 𝐶 ⊆ 𝐼 and properties 𝐸 ⊆ 𝐼 , a
domain dom(𝑝) ⊆ 𝐶 and a range rng(𝑝) ⊆ 𝐶 ∪𝐷 for each property
𝑝 ∈ 𝐸, where 𝐷 is a set of datatypes, and the reflexive–transitive
closure ⊑ of rdfs∶subClassOf [24]. A type is a class or a datatype;
Lit denotes the datatypes and rdfs∶Literal.

Table 2: SPARQL algebra operators, the relational-algebra
symbols we write them with, and the HeRmes actions that
apply them.

Operator Symbol Meaning Action

BGP, Join ⋈ join triple patterns triple
Filter 𝜎𝑒 keep mappings satisfying 𝑒 filter
LeftJoin ⋈ optional extension optional
Union ∪ either branch union
Minus − drop compatible mappings minus
Extend 𝜀?𝑣←𝑒 bind ?𝑣 to 𝑒 bind
Group, Aggregate 𝛾𝐾;𝐴 group and aggregate group, aggregate
Filter on groups 𝜎𝐻 HAVING having
OrderBy 𝜏𝑅 sort order
Project 𝜋Π keep variables project
Distinct 𝛿 deduplicate distinct
Slice 𝜆ℓ LIMIT, OFFSET limit, offset
ASK form ∃ existence ask

The SPARQL algebra. Let 𝑉 be a set of variables, disjoint from
𝐼 ∪ 𝐿. A triple pattern is a triple over 𝐼 ∪ 𝐿 ∪ 𝑉 . Following Pérez et
al. [18] and the SPARQL 1.1 specification [25], a solution mapping
𝜇 is a partial function from 𝑉 to 𝐼 ∪𝐿, two mappings are compatible
when they agree on their shared variables, and a graph pattern 𝑃
evaluates on 𝒢 to a multiset of mappings [[𝑃]]𝒢. Patterns are built
from basic graph patterns (BGPs) by the operators in Table 2. Evalu-
ating SPARQL graph patterns is PSPACE-complete in general [18],
so running a plan to inspect it is not free, which motivates check-
ing what can be checked without running it.

Natural language to SPARQL. Given a question 𝑞, a graph𝒢, and
its ontology 𝑂, the task is to produce a query whose answers on
𝒢 match the intended answers of 𝑞. Following the Text2SPARQL
evaluation [1], answers are compared as sets of values: every value
bound to every projected variable counts once, and quality is mea-
sured by set precision, recall, and 𝐹1 against the answers of a gold
query.

3 TYPED PLANS AND VERIFIED QUERY
PLANNING

This section formalizes query plans as typed terms of the SPARQL
algebra and states the planning problem that HeRmes solves.

Plans. A plan is the logical form of a query, built one operator at
a time.

Definition 3.1 (Plan). A plan is a tuple 𝑄 = (𝑇 , 𝐹 , 𝐽 , 𝑋 , 𝐾, 𝐴,
𝐻 , 𝑅, Π, 𝛿, ℓ, 𝑓 ): a set 𝑇 of triple patterns; a set 𝐹 of filter expres-
sions; a set 𝐽 of groups (𝜔, 𝑇 ′) that combine a set 𝑇 ′ of triple pat-
terns with the plan by 𝜔 ∈ {optional, union,minus}; extensions 𝑋 ,
pairs (𝑒, ?𝑣) of an expression and a variable; group keys 𝐾 ⊆ 𝑉 ; ag-
gregates 𝐴, pairs (𝜑, ?𝑣) of an aggregate expression and a variable;
group filters 𝐻 ; order keys 𝑅; projected variables Π ⊆ 𝑉 ; a distinct
flag 𝛿 ; a slice ℓ; and a form 𝑓 ∈ {SELECT,ASK}.

A plan denotes an algebra termwith a fixed operator order, writ-
ten as in relational algebra and applied right to left:

𝑄 = 𝜆ℓ 𝛿 𝜋Π 𝜏𝑅 𝜎𝐻 𝛾𝐾;𝐴 𝜎𝐹 𝜀𝑋 ( ⋈ 𝑇 ⊙ 𝐽 ), (1)
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where ⋈ 𝑇 joins the triple patterns of 𝑇 , ⊙𝐽 applies each group of
𝐽 with its operator ( ⋈ for optional, ∪ for union, − for minus), an
operator with an empty component is the identity, and 𝛿 applies
only when the distinct flag is set; an ASK plan replaces the top by ∃.
This is the order of the SPARQL 1.1 algebra [25]. Rendering is deter-
ministic, so a plan and its query are interchangeable, and we write
[[𝑄]]𝒢 for its answers. An action 𝑎 is a total function from plans
to plans that applies one operator of Table 2; the action remove re-
tracts a triple pattern or a filter. Plans are immutable, so a sequence
of actions is a path 𝑄0 → 𝑄1 → ⋯ → 𝑄𝑘 from the empty plan 𝑄0.
Typing. Let vars(⋅) denote the variables of a pattern or expression.
A typing context Γ maps each variable to a set of types. The typing
context Γ𝑄 of a plan𝑄 over an ontology𝑂 is the least context closed
under the following rules, applied to every triple pattern of 𝑇 and
𝐽 :

(?𝑥, rdf∶type, 𝑐) 𝑐 ∈ 𝐶
𝑐 ∈ Γ(?𝑥) (T-Type)

(?𝑥, 𝑝, 𝑜) 𝑑 ∈ dom(𝑝)
𝑑 ∈ Γ(?𝑥) (T-Dom)

(𝑠, 𝑝, ?𝑦) 𝑟 ∈ rng(𝑝)
𝑟 ∈ Γ(?𝑦) (T-Rng)

Types are compared up to ⊑.
Definition 3.2 (Well-typed plan). A plan 𝑄 is ill typed over 𝑂 if

(1) a literal occurs in subject position; (2) a literal is the object of a
property 𝑝 whose range rng(𝑝) contains a class; (3) for some vari-
able, Γ𝑄 holds both a type in Lit and a class; or (4) a class or property
in a namespace that 𝑂 describes is not in 𝐶 or 𝐸. Otherwise 𝑄 is
well typed.

Two classes in Γ𝑄(?𝑥) that are incomparable under ⊑ are re-
ported as a warning, not an error, because RDF makes the open-
world assumption and 𝑂 need not declare disjointness.

Definition 3.3 (Well-formed plan). Let 𝛽(𝑄) be the variables
bound by 𝑄: the variables of 𝑇 , of the optional and union groups
of 𝐽 , and of the extensions 𝑋 ; the variables of minus groups are
not bound. Let 𝛽+(𝑄) = 𝛽(𝑄) ∪ {?𝑣 ∣ (𝜑, ?𝑣) ∈ 𝐴}. A plan is
well formed if vars(𝑒) ⊆ 𝛽(𝑄) for every filter and extension 𝑒;
no extension binds a variable of 𝑇 or 𝐽 ; 𝐾 ⊆ 𝛽(𝑄); the variables
of 𝐻 , 𝑅, and Π are in 𝛽+(𝑄); and, when 𝐴 or 𝐾 is non-empty,
Π ∩ 𝛽(𝑄) ⊆ 𝐾 .

A plan that is both well typed and well formed over 𝑂 is valid,
written 𝑂 ⊢ 𝑄. Validity is decided from 𝑄 and 𝑂 alone, without
evaluating 𝑄 on 𝒢.

Goals. A question constrains the shape of its answer before any
query exists: “which department” asks for entities of one class,
“how many” for a number, “is there” for a Boolean.

Definition 3.4 (Goal). A goal is 𝑔 = (𝑎, 𝜅, 𝑐, 𝑚): answer variables
𝑎, a kind 𝜅 ∈ {entity, literal, number, boolean}, an optional type 𝑐,
and a cardinality 𝑚 ∈ {one,many}. A valid plan 𝑄 satisfies 𝑔, writ-
ten 𝑄 ⊧ 𝑔, if: for 𝜅 = boolean, 𝑓 = ASK; otherwise 𝑓 = SELECT,
𝑎 ⊆ 𝛽+(𝑄), the projection is exactly 𝑎, a number is witnessed by an
aggregate or a numeric datatype in Γ𝑄 , an entity has no type in Lit,

and, if 𝑐 is given, some type in Γ𝑄 is subsumed by 𝑐. The cardinality
𝑚 = one is checked after execution: |[[𝑄]]𝒢| = 1.

The goal is derived from the question by the planner, so it can
be wrong; satisfaction guarantees that the plan has the shape its
goal asks for, not that the goal reflects the question.

The planning problem.
Definition 3.5 (Verified query planning). Given a question 𝑞, a

graph 𝒢, its ontology 𝑂, and a step budget 𝐵, a policy 𝜌 states
a goal 𝑔 and applies actions 𝑎1, … , 𝑎𝑘 with 𝑘 ≤ 𝐵, producing
plans 𝑄1, … , 𝑄𝑘 . After each action it receives an observation
𝑜𝑖 = (ok𝑖, 𝑛𝑖, 𝑛𝑖−1, rows𝑖, err𝑖): whether 𝑄𝑖 is valid and runs, its
number of solutions 𝑛𝑖 = |[[𝑄𝑖]]𝒢|, the previous count, a sample of
rows, and an error message. An action whose plan is not valid is
rejected and not executed. The output 𝑄𝑘 must satisfy 𝑂 ⊢ 𝑄𝑘 and
𝑄𝑘 ⊧ 𝑔; among such outputs, the objective is the set 𝐹1 of [[𝑄𝑘]]𝒢
against the intended answers of 𝑞.

Example 3.6. Take the question “Which US city hosted the most
Winter Olympics?” over a small graph of Olympic host cities. The
planner first states the goal 𝑔 = (?𝑐𝑖𝑡𝑦 , entity, ex∶City, one). The
query it builds is

SELECT ?city WHERE {
?city ex:hosted ?e . ?city a ex:City .
?city ex:country ex:USA .
?e ex:season "Winter" . }

GROUP BY ?city ORDER BY DESC(COUNT(?e))
LIMIT 1

and, as a term of Equation (1),
𝜆1 𝜋?𝑐𝑖𝑡𝑦 𝜏↓𝑛 𝛾?𝑐𝑖𝑡𝑦 ; 𝑛←COUNT(?𝑒) (𝑡1 ⋈ 𝑡2 ⋈ 𝑡3 ⋈ 𝑡4),

where
𝑡1 = (?𝑐𝑖𝑡𝑦 , ex∶hosted, ?𝑒),
𝑡2 = (?𝑐𝑖𝑡𝑦 , a, ex∶City),
𝑡3 = (?𝑐𝑖𝑡𝑦 , ex∶country, ex∶USA),
𝑡4 = (?𝑒, ex∶season, “Winter”).

Figure 1 shows the plan as an operator tree, built bottom up by
ten actions, with the number of solutions the explorer observed
after each one. Joining 𝑡3 and 𝑡4 cuts 19 solutions to 8 and then 4;
grouping leaves 3 cities; the slice leaves 1, Lake Placid. The verifier
keeps two goals open until the end: ?𝑐𝑖𝑡𝑦 ∶ ex∶City until 𝑡2 states
the type, since this graph declares no domain for ex∶hosted, and a
single projected answer until the slice and the projection. finish is
accepted only after the last action.

The intended answers are unknown during planning, so the ob-
jective cannot be optimized directly; the observations are the evi-
dence the policy has. Three properties make this action space suit-
able for planning.

PRoposition 3.7 (Monotone Refinement). Let 𝑄 be a plan
with 𝐽 = 𝐴 = ∅ and no slice, and let 𝑄′ apply triple or filter to 𝑄.
Then every mapping in [[𝑄′]]𝒢, restricted to 𝛽(𝑄), is a mapping in
[[𝑄]]𝒢.

PRoof sKetch. A mapping of the join of 𝑄 with a triple pattern
is the union of compatible mappings of 𝑄 and of the pattern, so
its restriction to 𝛽(𝑄) is a mapping of 𝑄. Filtering only removes
mappings. □
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𝜆1

𝜋?𝑐𝑖𝑡𝑦

𝜏↓𝑛

𝛾?𝑐𝑖𝑡𝑦 ; 𝑛←COUNT(?𝑒)

⋈

⋈

⋈

𝑡1 hosted 𝑡2 a City

𝑡3 country USA

𝑡4 season Winter

1

1

3

3

4

8

19

19

𝑎9

𝑎10

𝑎8

𝑎6 , 𝑎7

𝑎5

𝑎4

𝑎3

𝑎2
Figure 1: The plan of Example 3.6 as an operator tree. Gray:
the action that added each operator (𝑎1 states the goal). Blue:
solutions observed after that action.

Proposition 3.7 makes the count in an observation informative:
within the conjunctive fragment, a new constraint can only narrow
the answers seen through the variables already present, so a drop
from 53 solutions to 1 (Example 1.1) is evidence that the constraint
is selective.

PRoposition 3.8 (Static soundness). If the verifier of Section 4
accepts 𝑄, then 𝑂 ⊢ 𝑄.

PRoposition 3.9 (ChecKing cost). After a one-time closure of
⊑, deciding 𝑂 ⊢ 𝑄 and 𝑄 ⊧ 𝑔 takes time linear in the size of 𝑄, up to
the cost of set lookups in 𝑂.

Proofs of Propositions 3.8 and 3.9 are in Appendix A.

4 THE HERMES PLANNER
HeRmes has four components: an entity linker, an explorer that
applies actions and observes their effect, a verifier that decides va-
lidity and goal satisfaction, and a planner that chooses actions. Al-
gorithm 1 in Appendix B gives the loop.

Actions.The action space is the algebra of Table 2, plus three kinds
of auxiliary actions. Graph reads leave the plan unchanged: lookup
returns entities whose label contains a string, and inspect lists the
predicates around an entity or used by the instances of a class, with
counts and an example value.Control actions are goal, which states
𝑔; undo, which restores the previous plan; and finish. Each action
is a JSON object, so a planner emits one action per turn and the
explorer parses it into a typed command.

Observations. After a plan-changing action, the explorer renders
the new plan, checks that it parses, asks the verifier for validity,
and only then executes two queries on the graph store: the num-
ber of solutions, as aCOUNT over the plan used as a subquery, and
a sample of rows under a LIMIT (five by default). The observation
reports the count, the previous count when it changed, the sample,
and any error. An action whose plan does not parse, is not valid,
or fails to run is not committed. preview returns the same observa-
tion without committing, the analogue of costing a rewrite before
choosing it. Executions are memoized, so revisiting a plan costs
nothing.

Verifier. The verifier computes Γ𝑄 from the schema, checks the
conditions of Section 3, and returns errors, warnings, the typing
context, and the conditions of 𝑔 that 𝑄 does not yet satisfy (the
open goals). Error messages name the offending term and, for an
unknown class or property, suggest the closest term in the schema.
Algorithm 2 in Appendix B gives the procedure.

Planner. The policy 𝜌 is a language model 𝑀 prompted, at ev-
ery turn, with the action catalogue, the vocabulary of 𝑂, the enti-
ties whose labels occur in the question, the history of actions and
observations, and the current plan as SPARQL. With the verifier
enabled, the prompt also shows the typing context and the open
goals, and finish is refused while an error or an open goal remains.
An action identical to the previous one is not executed. The loop
ends on finish or after the step budget 𝐵 (15), and returns the last
committed plan that runs.

Other policies in the same space. Existing generators are poli-
cies over these actions. One-shot generation is a single macro ac-
tion that sets every field of the plan at once. Constraint-guided
search [26] is a beam search over remove and triple: a Chase phase
removes constraints until the plan covers a reference answer set,
and a Backchase phase adds them back until it returns only ref-
erence answers [4]. Placing them in one space lets the evaluation
hold the graph store, the scorer, and the model fixed while varying
only the policy.

Implementation. HeRmes is written in Python. Graph stores
share one interface that returns SPARQL 1.1 JSON results, so the
same planner runs on local RDF files loaded into Oxigraph [16]
or rdflib, or on a remote SPARQL endpoint. Model completions
are cached on disk, so a rerun replays the same outputs, and
each run records the model, the number of model calls and graph
executions, and the commit it started from.

5 EXPERIMENTAL STUDY
We evaluate HeRmes on three questions. [RQ1] Effectiveness:
how accurate is operator-level planning against one-shot gener-
ation and constraint-guided search, at the same model and on the
same graph store? [RQ2] Components: what do the verifier, the
execution feedback, and the reference answers contribute? [RQ3]
Cost: how many model calls, graph executions, and how much
time does eachmethod spend? All configurations, run outputs, and
the scripts that build every table and figure here from them are in
the artifact.

5.1 Experimental Setup

Benchmarks. We normalize six benchmarks into one format (Ta-
ble 3): every question and language becomes one itemwith its gold
query, feature tags (e.g.,COUNT, GROUP, ORDER, ASK), and gold
answers stored as in the official Text2SPARQL scorer. Sources are
pinned to commits and checksums. This paper reports CK26, the
corporate track of the Text2SPARQL 2026 challenge [1]; DB26, its
DBpedia track, is in progress. CK26 asks 50 questions in English
and German over a corporate graph of products, suppliers, and
employees (13 classes, 30 properties, about 26.6k triples), loaded
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Table 3: Normalized benchmarks. Items are question–
language pairs.

Benchmark Questions Items Graph

CK26 [1] 50 100 corporate, local
DB26 [1] 50 100 DBpedia, endpoint
CK25 [22] 50 50 corporate, local
DB25 [22] 100 200 DBpedia, endpoint
QALD-10 [23] 394 1,564 Wikidata, live
QALD-9-plus [17] 150 450 DBpedia, live

locally; DB26 asks 50 questions in English and Spanish over DB-
pedia [2], queried at the organizers’ endpoint. Each track has 100
items.

Data caveats. Three properties of the data shape what a number
means. (1) Forty-nine of the fifty CK26 gold queries appear ver-
batim in CK25, on the same graph, so neither is a development
set for the other; no method here uses either for examples or tun-
ing. (2)The CK gold answers were computed on the Tentris engine.
Rerunning the gold queries on Oxigraph reproduces 43 of the 50;
the other seven differ in tie-breaking under LIMIT, decimal for-
matting, or the non-standard cast xsd∶int(). We report results on
all items and on the 86 items whose gold reproduces. All 50 DB26
gold queries reproduce on the organizers’ endpoint. (3)The official
scorer has two quirks for ASK and ordered questions, described in
Appendix C; we report the official metric and a strict variant that
corrects them.

Metrics. We report set precision (P), recall (R), and 𝐹1, and the
challenge’s ranking metric 𝐹ndcg, which uses nDCG on questions
whose order matters and set 𝐹1 elsewhere. Our scorer reproduces
all 5,024 per-question and average scores published for the 2026
challenge (Appendix C), so our numbers are on the leaderboard’s
scale.

Methods.OneShot prompts a single query from the schema vocab-
ulary, declares any known prefix the draft omits, and makes one
repair call if the draft does not parse. CGS is our reimplementation
of constraint-guided search with Chase and Backchase [26]. It fol-
lows the published three stages, with two documented deviations:
queries are rendered from constraints deterministically rather than
by a secondmodel, and candidates are scored by comparing answer
sets with the reference answers rather than by a model. It uses two
model calls per question, one for the constraint table and one for
the reference answers, beam width 5, and depth 5. HeRmes− is the
planner of Section 4 with the verifier disabled: execution feedback,
no typing, no goal. HeRmes is the full verified planner. Both plan-
ners have a step budget of 𝐵 = 15, and their prompt examples use
an unrelated domain (Olympic host cities, Figure 4); no prompt
names CK26 content.

Models. We run every method with Qwen3 [27] at three sizes, 4B,
8B, and 14B parameters, with thinking disabled and temperature 0.
Each model is served in bf16 by vLLM [8] on one NVIDIA L40S
GPU, and each run sends 16 items at a time so that the server
batches their requests. Replies are capped at 2,048 tokens. Small
open models keep every run reproducible at low cost and keep
differences between methods from being masked by a model that

Table 4: Effectiveness on CK26 (100 items). Official metrics;
Strict is set 𝐹1 under the corrected scorer, and Repro. is set
𝐹1 on the 86 items whose gold reproduces. Best per model in
bold.

Model Method P R 𝐹1 𝐹ndcg Strict Repro.

Qwen3-4B
OneShot 0.001 0.000 0.000 0.000 0.000 0.000
CGS 0.094 0.169 0.084 0.085 0.084 0.082
HeRmes− 0.099 0.167 0.103 0.102 0.103 0.114
HeRmes 0.064 0.207 0.070 0.071 0.070 0.080

Qwen3-8B
OneShot 0.093 0.068 0.067 0.068 0.067 0.078
CGS 0.155 0.262 0.121 0.121 0.121 0.119
HeRmes− 0.168 0.372 0.178 0.178 0.178 0.182
HeRmes 0.148 0.412 0.158 0.159 0.158 0.172

Qwen3-14B
OneShot 0.111 0.091 0.089 0.090 0.089 0.103
CGS 0.209 0.399 0.197 0.197 0.197 0.210
HeRmes− 0.254 0.277 0.231 0.231 0.231 0.251
HeRmes 0.290 0.414 0.282 0.282 0.282 0.297

answers from memory; the published Text2SPARQL entries use
larger models, so our numbers are a lower bound for each method.
HeRmes takes the model as a parameter, so the same runs extend
to other open models such as Llama 3.1 [7] and to API models such
as GPT-4 [15]. [Pending: API models and Llama 3.1 8B.]

Implementation. All methods share the graph store (Oxigraph,
in memory), the entity index, and the scorer. Every graph query is
limited to 30 s and every item to 300 s; an item that exceeds its limit
counts as unanswered. Runs record the source commit, and each
table and figure in this section is generated from the committed
run outputs.

5.2 RQ1: Effectiveness
Table 4 reports all twelve runs. HeRmes is the most accurate
method at 14B: 𝐹1 0.282, against 0.231 for HeRmes−, 0.197 for
CGS, and 0.089 for OneShot, with the highest precision (0.290),
recall (0.414), and 𝐹ndcg. It answers 16 items exactly, as many
as HeRmes−, against 11 for CGS and 4 for OneShot. The lead
holds in both languages (𝐹1 0.297 in English and 0.268 in German,
against 0.274 and 0.187 for HeRmes−) and on the 86 items whose
gold reproduces (0.297). Strict scoring changes no 𝐹1 at any size,
because no method answers an ASK question.

Accuracy grows with model size for every method (Figure 2),
but not at the same rate. From 4B to 14B, 𝐹1 rises by 0.212 for HeR-
mes, 0.128 for HeRmes−, 0.113 for CGS, and 0.089 for OneShot. At
4B, CGS is the most accurate method (0.084 𝐹1 against 0.070 for
HeRmes): the planners need a model that can follow a multi-step
protocol, and the 4B model often does not (Section 5.3). OneShot
at 4B scores 0: on 79 items its query does not parse, most often
because it omits the query form (SELECT).

For scale, Table 5 places the 14B runs among the published 2026
entries on CK26, which range from 0.157 to 0.832 in 𝐹ndcg [1, 21].
This is not a paired comparison: those systems were scored by the
organizers on Tentris, and their models are not controlled here.
With a 14B open model, HeRmes places above three of the eight
entries.

Table 6 breaks the 14B runs down by the feature tags of the
gold queries. HeRmes leads on plain selections, filters, and nested
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Figure 2: Set 𝐹1 on CK26 against Qwen3 model size. Dashed,
hollow: HeRmes without the verifier.

Table 5: CK26 𝐹ndcg of the published Text2SPARQL 2026 en-
tries, scored by the organizers, and of our runs with Qwen3-
14B (shaded).

Entry 𝐹ndcg Entry 𝐹ndcg
SPARQL-LLM [21] 0.832 HeRmes− 0.231
INFAI-ETI-A 0.633 IRIS 0.217
ADFR 0.513 LIBER-AI-QWEN 0.206
INFAI-ETI-C 0.452 CGS 0.197
LIBER-AI-CLAUDE 0.335 INFAI-ETI-B 0.157
HeRmes 0.282 OneShot 0.090

Table 6: CK26 set 𝐹1 by feature tag of the gold query (Qwen3-
14B); a question can carry several tags, and 𝑛 counts items.
Best per row in bold.

Tag 𝑛 OneShot CGS HeRmes− HeRmes

SELECT 94 0.094 0.210 0.245 0.300
FILTER 10 0.096 0.391 0.285 0.395
ORDER 30 0.030 0.092 0.174 0.131
SUBSELECT 8 0.047 0 0.001 0.094
GROUP 18 0 0.081 0.168 0.156
COUNT 16 0 0.089 0.244 0.165
LIMIT 26 0 0.063 0.115 0.065
ASK 6 0 0 0 0

queries. HeRmes− leads on ordering, grouping, counting, and slic-
ing. No method answers any of the six ASK items.

5.3 RQ2: Components

Verifier. Table 7 compares HeRmes with HeRmes−, which differ
only in the verifier. The verifier sharply reduces the items that end
with no runnable query at every size: from 57 to 35 at 4B, from 15
to 2 at 8B, and from 26 to 9 at 14B. It rejects 37, 48, and 29 steps
per run at 4B, 8B, and 14B, and each rejection names the violated
rule (for example, a projected variable that no pattern binds), so the
planner repairs the step instead of running it. Accuracy follows at
14B, where 𝐹1 rises from 0.231 to 0.282. At 4B and 8B it does not:
𝐹1 falls from 0.103 to 0.070 and from 0.178 to 0.158. At 4B, HeRmes
returns a query on 30 items where HeRmes− returned none, but
only 10 of them score above zero, and it scores zero on 11 items

Table 7: The verifier: HeRmes against HeRmes− on CK26.
No answer counts items that end without a runnable query;
Steps is the mean number of actions per item.

𝐹1 No answer Steps

Model HeRmes− HeRmes HeRmes− HeRmes HeRmes− HeRmes

Qwen3-4B 0.103 0.070 57 35 5.6 9.3
Qwen3-8B 0.178 0.158 15 2 11.2 13.7
Qwen3-14B 0.231 0.282 26 9 10.3 11.3

that HeRmes− answered in part; at 8B the counts are 14, 6, and 16.
The verifier turns failures into answers; whether the answers are
right depends on the model.

Reference answers. CGS ranks candidates by their agreement
with reference answers that the model predicts. [Pending: CGS
with gold reference answers on Qwen3.]

Feedback signals. [Pending: ablation of the observation, remov-
ing in turn the count, the change in count, the row sample, and the
error message.]

5.4 RQ3: Time and Cost
Table 8 reports the cost of every run; Figure 3(a) sets accuracy
against model calls, and Figure 3(b) shows the time of every item.
All twelve runs take 27.6 minutes of L40S time in total.

Model calls and tokens. The planners spend 12.7 to 14.6 model
calls per item, against about 2 for CGS and 1 to 2 for OneShot, and
read about 28k input tokens per item, 7 times as many as CGS:
every step resends the plan and its observations. Output is small
for all methods (11k to 52k tokens per run), so input dominates the
cost.The comparison in Table 4 is therefore not at equal model bud-
get. [Pending: budget-matched comparison, e.g., CGS or OneShot
with self-consistency at 15 calls per item.]

Time. Because the server batches 16 items at a time, every run of
100 items finishes in 1.0 to 3.6 minutes. Per item, the planners are
slower and more predictable: at 14B the median item takes 25.5 s
for HeRmes and 21.7 s for HeRmes−, against 9.9 s for CGS and 3.1 s
for OneShot, and the 95th percentile is 32.7 s for HeRmes against
110.5 s for CGS. The step budget bounds each planner item, while
the time of CGS depends on the size of its search: at 14B it runs
2,132 graph executions, more than twice as many as HeRmes (902).

5.5 Case Study
Table 9 is the trace of HeRmes with Qwen3-14B on the German ver-
sion of Example 1.1. The first action states the goal, one answer of
type pv∶Department, before any query exists. The lookup returns
two employees named Brant; the planner binds Karen Brant, and
the join with pv∶memberOf yields one solution of the goal’s type,
the gold answer. The verifier matters on other items. On “What’s
Baldwin Dirksen’s phone number?”, HeRmes− found the employee
but then tried to project the property pv∶phone as if it were a vari-
able, failed, and repeated the step until its budget ran out; HeR-
mes stated a literal goal, joined pv∶phone ?p, and answered in four
steps. On a German request for every supplier’s name and address,
the verifier rejected a projection of ?addressText, a variable whose
pattern the planner had removed because it matched nothing; the
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Figure 3: Cost on CK26 with Qwen3-14B. (a) Set 𝐹1 against model calls per item. (b) Seconds per item, one dot per item, with
the median as a bar. Hollow markers: HeRmes without the verifier.

Table 8: Cost per run on CK26 (100 items). Calls are model
calls; In and Out are input and output tokens in thousands;
Exec. counts graph executions;Wall is the whole run inmin-
utes; p50 and p95 are seconds per item.

Model Method Calls In (k) Out (k) Exec. Wall p50 p95

4B
OneShot 198 91 16.8 21 1.1 2.7 3.6
CGS 180 419 39.9 995 1.6 3.2 54.0
HeRmes− 1,417 2,569 23.4 452 3.6 7.3 177.3
HeRmes 1,455 2,841 34.5 482 1.0 9.5 12.5

8B
OneShot 111 76 12.8 87 1.8 2.3 4.8
CGS 196 430 51.3 635 2.8 7.0 80.9
HeRmes− 1,342 2,806 29.0 830 2.1 18.3 24.9
HeRmes 1,395 3,196 30.5 873 2.5 22.4 27.5

14B
OneShot 106 73 11.3 93 3.0 3.1 9.3
CGS 199 392 27.3 2,132 2.7 9.9 110.5
HeRmes− 1,424 2,945 28.0 833 2.5 21.7 32.4
HeRmes 1,265 2,856 24.5 902 2.6 25.5 32.7

Table 9: Trace of HeRmes (Qwen3-14B) on “Zu welcher
Abteilung gehört Frau Brant?” (CK26, item 1, German).

Action Observation

goal ?d : pv∶Department one answer
lookup “Frau Brant” 2 entities: Karen, Sylvester Brant
lookup “Karen Brant” 1 entity
triple ?e pv∶name “Karen Brant” 1 solution
triple ?e pv∶memberOf ?d 1 solution
project ?d 1 solution
finish accepted

planner projected the bound address fields instead and reached 𝐹1
0.84, where HeRmes− scored 0.

6 RELATED WORK

Natural language interfaces to data. Natural language inter-
faces to relational databases map a parsed question onto SQL,
and NaLIR made the mapping interactive by asking the user to
resolve ambiguities [12]. For RDF, gAnswer casts question answer-
ing as subgraph matching between a semantic query graph and
the knowledge graph [29], and template decomposition answers
complex questions by composing binary templates mined from
the graph [28]. GraphLingo explores domain knowledge graphs
in natural language by synchronizing them with an LLM [9].
Benchmarks for question answering over RDF include LC-QuAD

2.0 [5], QALD-9-plus [17], QALD-10 [23], and the Text2SPARQL
challenges [1, 22].

LLM-based text-to-SQL. With LLMs, text-to-SQL has moved to
prompting and fine-tuning. DAIL-SQL studies how question rep-
resentation and example selection shape LLM prompts [6], PUR-
PLE retrieves demonstrations that match the logical operators a
question needs [19], CodeS pre-trains open models for SQL gen-
eration [13], and NL2SQL360 evaluates these systems along many
dimensions [11]. These methods emit a whole query and improve
it by better context or better models; none types the query against
the schema before it runs.

LLM-based text-to-SPARQL. SPARQL-LLM, the strongest entry
of the 2026 Text2SPARQL challenge, generates SPARQL from
natural-language questions in real time [21]. ARUQULA explores
the graph with tools in a ReAct loop before writing a query [3].
UniQGen extracts a table of constraints from the question and
the graph and refines a query with Chase and Backchase against
reference answers from an LLM, rendering it to SPARQL or
Cypher [26]. HeRmes differs from these in its unit of generation:
an operator of the SPARQL algebra rather than a query string or
a constraint table, checked against the schema before execution
and observed after it.

Query optimization and SPARQL semantics. Cost-based opti-
mizers choose among algebraically equivalent plans by estimating
the effect of each operator [20], and cardinality estimates dominate
the quality of the chosen plan [10]. Chase and Backchase reformu-
lates queries under constraints and minimizes them [4]. Pérez et
al. gave SPARQL a compositional semantics and characterized the
complexity of its evaluation [18]. HeRmes borrows the optimizer’s
step, one operator with an observed effect, and the algebra’s se-
mantics, and uses them to generate a query rather than to rewrite
one.

7 CONCLUSION
We have presented HeRmes, which treats natural language to
SPARQL as verified query planning over a typed SPARQL algebra.
Plans are typed against the RDF schema and checked without
execution; actions are algebra operators whose effect on the graph
is observed; and a plan is accepted only when it is valid and
satisfies a goal derived from the question. On the Text2SPARQL
2026 corporate benchmark with Qwen3 models from 4B to 14B
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parameters, HeRmes is the most accurate method at 14B (𝐹1 0.282),
and its accuracy grows fastest with model size. The verifier cuts
the items without a runnable query at every size, but raises accu-
racy only at 14B: most of the queries it recovers from the smaller
models score zero. No method answers ASK questions, whose
answer shape a goal can state in advance. Next steps are API and
larger open models, a budget-matched comparison, ablations of
the observation, the DBpedia and Wikidata benchmarks, and the
proofs in Appendix A.
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Algorithm 1: Verified query planning
Input: question 𝑞, graph 𝒢, ontology 𝑂, policy 𝜌, step

budget 𝐵
Output: a plan 𝑄

1 𝑄 ← 𝑄0; 𝑔 ← ⊥; ℎ ← [ ];
2 for 𝑖 ← 1 to 𝐵 do
3 𝑎 ← 𝜌(𝑞, 𝑂, 𝑄, 𝑔, ℎ);
4 if 𝑎 is goal then
5 𝑔 ← 𝑎.𝑔; 𝑜 ← VeRify(𝑄, 𝑔);
6 else if 𝑎 is lookup or inspect then
7 𝑜 ← read 𝒢;
8 else if 𝑎 is finish then
9 if VeRify(𝑄, 𝑔) has no errors and no open goals then

return 𝑄;
10 𝑜 ← refusal with the open goals;
11 else
12 𝑄′ ← 𝑎(𝑄); 𝑜 ← VeRify(𝑄′, 𝑔);
13 if 𝑜 has no errors then
14 𝑜 ← 𝑜 ∪ {|[[𝑄′]]𝒢|, sample};
15 if 𝑄′ runs then 𝑄 ← 𝑄′;
16 append (𝑎, 𝑜) to ℎ;
17 return the last plan in ℎ that runs;

APPENDIX
A. Theorems and Proofs

Proposition 3.7 (Monotone refinement).

PRoof. Let 𝑄 be a plan with 𝐽 = 𝐴 = ∅ and no slice, and let
𝜇′ ∈ [[𝑄′]]𝒢. If 𝑄′ adds a triple pattern 𝑡 , then by the semantics of
join 𝜇′ = 𝜇 ∪ 𝜈 for some compatible 𝜇 ∈ [[𝑄]]𝒢 and 𝜈 ∈ [[𝑡]]𝒢; 𝜇
is defined exactly on 𝛽(𝑄), so the restriction of 𝜇′ to 𝛽(𝑄) is 𝜇. If
𝑄′ adds a filter 𝑒, then [[𝑄′]]𝒢 is the set of mappings of [[𝑄]]𝒢 that
satisfy 𝑒. In both cases the restriction of 𝜇′ to 𝛽(𝑄) is in [[𝑄]]𝒢. □

Proposition 3.8 (Static soundness). [Proof to be written: by in-
duction on the structure of the plan, following Algorithm 2, show-
ing that each condition of the definitions of well-typed and well-
formed plans is checked.]

Proposition 3.9 (Checking cost). [Proof to be written: one pass
over the triple patterns with constant-time schema lookups, one
pass over expressions, and a precomputed subclass closure.]

B. Algorithms and Analysis
Algorithm 1 is the planning loop of Section 4; Algorithm 2 is the
verifier.

[Complexity analysis of Algorithms 1 and 2: to be written with
Proposition 3.9.]

C. Evaluation Details

Scorer parity. The official Text2SPARQL scorer flattens every
value of every variable into one set and scores it with trec_eval [14].
We rescored the predicted result sets of all eight published 2026
entries on CK26 and DB26 and compared every per-question score

Algorithm 2: VeRify(𝑄, 𝑔)
Input: plan 𝑄, goal 𝑔 (possibly ⊥), ontology 𝑂
Output: errors Err, typing context Γ𝑄 , open goals Open

1 Err ← ∅; Γ𝑄 ← ∅;
2 foreach triple pattern (𝑠, 𝑝, 𝑜) of 𝑇 and 𝐽 do
3 if 𝑝 ∉ 𝐸, or a class not in 𝐶 , lies in a namespace 𝑂

describes then add to Err;
4 if 𝑠 is a literal, or 𝑜 is a literal and rng(𝑝) has a class

then add to Err;
5 apply T-Type, T-Dom, and T-Rng to extend Γ𝑄 ;
6 foreach variable with a type in Lit and a class in Γ𝑄 do add

to Err;
7 check the conditions of Definition 3.3 on 𝛽(𝑄) and 𝛽+(𝑄),

adding violations to Err;
8 Open ← the conditions of 𝑄 ⊧ 𝑔 (Definition 3.4) that fail;
9 return (Err, Γ𝑄 ,Open);

and every average with the official files: all 5,024 numbers agree
exactly. The check is a script in the artifact.

Quirks of the officialmetric. (1) An ASK answer is scored as one
document named true with relevance 1 or 0. A gold true therefore
scores 1.0 whatever the system answers, and a gold false scores
0.0 for every system. (2) Every returned value has the same score,
so trec_eval orders values by their text, and the official nDCG ig-
nores the order the system returned. (3) The official 𝐹ndcg average
counts the mean nDCG of the scope once more as an extra item.
Our official column reproduces all three; the strict column scores
Booleans by exact match, uses the returned order for nDCG, and
takes a plain mean.

Engine dependence of theCKgold answers. Of the seven CK26
gold queries that do not reproduce on Oxigraph, two break ties un-
der LIMIT differently, two use xsd∶int(), which is not a SPARQL 1.1
function, two format computed numbers differently (e.g.,3 against
3.0), and one computes a different value for an arithmetic expres-
sion. On rdflib, 42 of 50 reproduce.

D. Prompts
Figure 4 is the action catalogue and the rules shown to the plan-
ner at every turn, followed by the vocabulary, the linked entities,
the history of actions and observations, the plan state, and the cur-
rent query. HeRmes− uses the same catalogue without the goal ac-
tion, no plan state, and shorter rules: use only the terms shown or
found, look entities up before using them, project only the answer
variables, and finish when the result looks right.
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State the goal first:
{"op": "goal", "answer": ["?c"], "kind": "entity", "type": "ex:City", "many": true}
kind is entity, literal, number or boolean; type is optional; many is false for one answer.

Actions. Reply with exactly one JSON object per turn.
Read the graph (the plan does not change):
{"op": "lookup", "text": "Lake Placid"} entities whose label contains the text
{"op": "inspect", "iri": "ex:City"} predicates around an entity or a class

Change the plan (SPARQL algebra):
{"op": "triple", "pattern": "?c ex:hosted ?g"} add a triple pattern (join)
{"op": "filter", "expr": "?year > 1900"}
{"op": "optional", "patterns": ["?c ex:country ?k"]}
{"op": "union", "branches": [["?x a ex:A"], ["?x a ex:B"]]}
{"op": "minus", "patterns": ["?g ex:season \"Summer\""]}
{"op": "bind", "expr": "YEAR(?date)", "var": "?y"}
{"op": "group", "vars": ["?c"]}
{"op": "aggregate", "expr": "COUNT(DISTINCT ?g)", "alias": "?n"}
{"op": "having", "expr": "?n > 2"}
{"op": "order", "expr": "DESC(?n)"}
{"op": "limit", "n": 1}
{"op": "offset", "n": 1}
{"op": "project", "vars": ["?c"]}
{"op": "distinct"}
{"op": "ask"} yes/no questions
{"op": "remove", "text": "?c ex:country ?k"} drop a triple pattern or filter
{"op": "undo"}
{"op": "finish"} when the query answers the question

Rules: state the goal first. A verifier checks every step before it runs and
rejects ill-typed ones with a message; read it and fix the step. Use only the
prefixes and terms shown or found with lookup and inspect. Look entities up
before using them. Finish only when the plan state says goals accomplished.

Figure 4: Planner prompt: action catalogue and rules.

10


	Abstract
	1 Introduction
	2 Preliminaries
	3 Typed Plans and Verified Query Planning
	4 The Hermes Planner
	5 Experimental Study
	5.1 Experimental Setup
	5.2 RQ1: Effectiveness
	5.3 RQ2: Components
	5.4 RQ3: Time and Cost
	5.5 Case Study

	6 Related Work
	7 Conclusion
	References

