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Abstract

Corpus Query Language (CQL) supports pre-
cise corpus analysis but requires expertise
in annotations, regular expressions, structural
scopes, and platform-specific syntax. Natural-
language interfaces simplify access, but their
answers can be difficult to inspect, repro-
duce, or revise. We study Text-to-CQL
as executable semantic parsing, mapping in-
tents to inspectable queries. We introduce
ECQL, a Sketch-Engine-oriented benchmark
of 3,572 natural language—CQL pairs compris-
ing 811 tutorial-derived and 2,761 synthetic
examples, with a default split of 3,215 train-
ing and 357 test examples. ECQL focuses
on Sketch Engine normalization, CQL Di-
agnostic Profile (CQL-DP) annotations, con-
trolled semantic contrasts, audit-oriented meta-
data, and generalization protocols, alongside
an evaluation suite covering syntactic validity,
exact match, canonical match, and execution
match. The full 357-example headline test set
is independently double-annotated and adjudi-
cated, with 96.9% agreement for intent clar-
ity, 94.7% agreement for CQL~intent align-
ment, and a 3.1% post-adjudication intent-
match error rate. Experiments with prompt-
ing, retrieval-augmented prompting, syntax re-
pair, DeepSeek-R1 reasoning prompting, a
GPT-40 Agent/API alternative, and supervised
fine-tuning reveal persistent difficulties with
corpus-query semantics. The best fine-tuned
model reaches 85.6% execution accuracy on
the random split, but drops to 68.9% on
template-disjoint evaluation. ECQL provides
a reproducible testbed for auditable semantic
parsing over specialized linguistic query lan-
guages.
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1 Introduction

Semantic parsing has made substantial progress
in mapping natural language to executable pro-
grams, with Text-to-SQL as the dominant refer-
ence task (Zhong et al., 2017; Yu et al., 2018;
Wang et al.,, 2020). However, many linguis-
tic research workflows do not query relational
databases. They query tokenized, lemmatized, and
structurally annotated corpora through specialized
corpus query languages. In these settings, a query
may need to constrain word forms, lemmas, part-
of-speech (POS) tags, regular expressions, sen-
tence boundaries, paragraph scopes, and relations
among matched tokens.

Corpus Query Language (CQL) is a common
formalism for such corpus searches. It is sup-
ported, with dialect differences, by platforms such
as Sketch Engine (Kilgarriff et al., 2014), CQPweb
(Hardie, 2012), BlackLab (de Does et al., 2017),
and the IMS Open Corpus Workbench (Evert and
The CWB Development Team, 2022). CQL is
powerful because it exposes linguistically mean-
ingful constraints. It is also difficult for many
users because it combines corpus-specific annota-
tion schemes, regular-expression syntax, and struc-
tural operators.

This paper treats Text-to-CQL not as a way to
make users memorize CQL, but as an auditable in-
termediate representation for corpus analysis. The
goal is to produce a formal query that users can in-
spect, edit, save, share, execute, and rerun. This
framing is important because corpus-linguistic
claims often depend on the exact retrieval condi-
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tion used to collect evidence. A natural-language
answer may be useful for exploration, but it is less
suitable as a durable research artifact.

1.1 Why Generate CQL Instead of Direct
Answers?

Direct natural-language interfaces and agentic cor-
pus tools are useful alternatives, and ECQL should
be evaluated against them. We nevertheless ar-
gue that CQL generation is valuable for three rea-
sons. First, it supports reproducibility: a generated
query can be stored with a paper, dataset, or lab
notebook and rerun under a declared corpus set-
ting. Second, it supports auditability: researchers
can check whether the system searched a word
form, lemma, POS tag, regular expression, struc-
tural scope, or labeled relation. Third, it supports
precision: many corpus questions are about exact
linguistic constraints rather than broad topical rel-
evance.

For example, the query [word="dog"] [1{0,3}
[lemma="bark"] within <s/>is not merely ask-
ing for text about dogs. It specifies a token se-
quence, a bounded gap, a lemma condition, and
a sentence-level scope. Such constraints are ex-
actly what corpus query languages are designed to
express.

1.2 Contributions

Building on the Text-to-CQL task introduced by
Lu et al. (2024), ECQL! makes four complemen-
tary contributions:

1. We normalize 3,572 natural language—CQL
pairs to the Sketch Engine dialect across 12
operator categories: 811 tutorial-derived and
2,761 synthetic examples, with a default split
of 3,215 training and 357 test examples.

2. We provide CQL-DP annotations and audit-
oriented metadata that connect query opera-
tors, evaluation-risk flags, provenance, and
annotation/adjudication records.

3. We provide 96 controlled semantic contrasts
to diagnose CQL-specific failures that aggre-
gate execution scores can obscure.

4. We provide generalization protocols for
corpus-query evaluation, including template-
disjoint and source-disjoint splits, and apply
them to prompting, retrieval augmentation,

'Dataset: https://github.com/yuzicx/ECQL.
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repair, reasoning prompting, an agent/API al-
ternative, and supervised fine-tuning.

2 Related Work

Natural-language interfaces for corpus anal-
ysis. Corpus tools have long balanced formal
query expressiveness and usability. Query-
language design has been studied as a tradeoff
among expressiveness, learnability, and system
fit (Jarke and Vassiliou, 1985). CQPweb em-
phasizes accessible corpus querying while retain-
ing CQP/CQL power (Hardie, 2012); Sketch En-
gine supports large multilingual corpus workflows
for lexicography and linguistic research (Kilgarriff
et al., 2014); BlackLab provides indexed corpus
search infrastructure (de Does et al., 2017). Prior
usability work notes that query languages can be
a barrier for non-expert users (Girtner and Kuhn,
2018). ECQL targets this interface problem while
preserving a formal, inspectable query artifact.

Text-to-CQL and corpus query generation.
Lu et al. (2024) introduced the Text-to-CQL task
and a bilingual Chinese—English dataset, evalu-
ated LLM prompting and fine-tuned model base-
lines, and established exact match (EM), valid ac-
curacy (VA), execution accuracy (EX), and CQL-
BLEU metrics. Their contribution encompasses
the task, data, methods, and evaluation; template-
based generation is a dataset-construction tech-
nique, not the scope of their approach. Zhang
et al. (2026) also explore LLM-based corpus query
generation. ECQL does not claim to introduce
Text-to-CQL, these baseline families, or these es-
tablished metrics. Its complementary contribution
focuses on normalization to the Sketch Engine
dialect, CQL-DP annotations, controlled seman-
tic contrasts, audit-oriented metadata, and corpus-
query generalization protocols. These components
support focused analysis of lexical and annotation
constraints, regexes, gaps, structural scopes, and
relational/global conditions.

Executable semantic parsing beyond SQL.
Text-to-SQL work provides useful metrics and
modeling patterns, including cross-domain gen-
eralization, execution-guided evaluation, schema
linking, and constrained decoding (Finegan-
Dollak et al., 2018; Yu et al., 2018; Scholak et al.,
2021; Liu et al., 2025). However, corpus query
generation differs from SQL in important ways.
The target program is typically compact, token-
centered, and strongly tied to annotation schemes
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and corpus structures. This makes CQL closer to
a specialized domain-specific language than to a
general relational query language.

Evaluation of executable queries. Exact match
can undercount semantically equivalent programs,
while execution accuracy can overcount programs
that happen to return the same result in one en-
vironment. Prior Text-to-SQL evaluation work
shows that split design and query equivalence
strongly affect measured generalization (Finegan-
Dollak et al., 2018). ECQL therefore separates
string matching, canonical string matching, syn-
tactic validity, live execution, controlled semantic
tests, and expert human intent match. This separa-
tion is central to the benchmark design.

3 Task and Benchmark Design

3.1 Task Definition

Given a natural-language corpus-search request x,
a system outputs one Sketch Engine CQL query .
The intended output is a compact, executable, au-
ditable query, not an explanatory answer. Systems
may use prompting, retrieval-augmented prompt-
ing, repair loops, supervised fine-tuning, or agen-
tic strategies, but evaluation records the final CQL
and, where available, the retrieved result set.

3.2 Scope

ECQL targets Sketch Engine CQL syntax. This
scope is deliberate: CQL dialects differ across
platforms, and a benchmark must declare one exe-
cution setting before reporting executable metrics.
Cross-platform CQL conversion is treated as a lim-
itation and future direction.

3.3 Benchmark Design Requirements

We design ECQL around four requirements. First,
outputs must be executable: a prediction should
be a query that can be sent to a declared corpus
system, not merely a paraphrase of the user’s in-
tent. Second, outputs must be inspectable: the
linguistic constraints over word forms, lemmas,
tags, regular expressions, gaps, structures, and
labels should be visible to users and evaluators.
Third, evaluation must be contrastive: a bench-
mark should include cases where small formal dif-
ferences, such as word versus lemma, change the
intended retrieval set. Fourth, splits must test gen-
eralization: systems should not receive credit for
memorizing recurring tutorial templates.
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Evidence Main risk

posed

Interface ex-

Hard to audit or re-
run

Direct NL answer  Final prose an-

Swer

Agent/API re- Logs and result Often verbose and
trieval sets non-portable
CQL generation Formal exe- Requires valida-
cutable query tion of syntax and
semantics

Table 1: Interface comparison motivating ECQL as au-
ditable executable semantic parsing rather than direct
question answering.

View Subset Count  Share
Provenance Tutorial-derived 811 22.7
Provenance  Synthetic 2761 773
Default split ~ Train 3215 90.0
Default split ~ Test 357 10.0

Table 2: ECQL composition by provenance and default
split. Shares are percentages within the 3,572-example
dataset.

These requirements distinguish CQL generation
from direct answer generation. A direct natural-
language answer can be helpful for exploration,
but it often hides the exact retrieval operation. An
agentic interface can expose intermediate logs, but
such logs are usually longer, less portable, and
harder to revise than a single corpus query. CQL
occupies a middle position: it is less flexible than
arbitrary tool use, but it is compact, domain-native,
shareable, and executable. Table 1 summarizes
this design choice.

4 ECQL Dataset

4.1 Composition

ECQL contains 3,572 natural language-CQL
pairs: 811 tutorial-derived examples and 2,761
synthetic examples. The default split contains
3,215 training examples and 357 test examples.
For analysis, we report results by operator fam-
ily and evaluation-risk flags, both of which are ex-
tracted from explicit CQL operators and alignment
cues. Table 2 summarizes the dataset.

4.2 Construction

Tutorial-derived CQL examples were collected
from 21 CQL tutorial and documentation sources
covering Sketch Engine, CQP/CWB, CQPweb,
BlackLab, and related corpus-query materials.
Non-Sketch-Engine examples were normalized to



Sketch Engine style where possible. Synthetic
examples were produced by controlled expan-
sion over operator categories and natural-language
styles, then filtered for syntax, intent alignment,
and naturalness. This construction follows the
broader finding that synthetic query generation
can improve executable semantic parsing only
when paired with careful filtering, split design, and
quality control (Guo et al., 2018; Wu et al., 2021;
Weir et al., 2020; Yang et al., 2024; Li et al., 2025).

We make the audit trail explicit. Each artifact
row includes provenance, source type, diagnostic
fields, validation status, execution-inclusion status,
and fields for double annotation and adjudication.

4.3 CQL Diagnostic Profile

CQL-DP is a descriptive profile for slicing evalu-
ation results and flagging cases where execution
metrics may be misleading. It does not rank exam-
ples as easy or hard. The profile records three field
groups:

e Operator structure: token constraints, at-
tributes, Boolean operators, gaps, structural
scopes, labels, global operators, and nesting.

NL-to-CQL mapping cues: natural-
language cues that require lemma, POS
tag, scope, negation, gap, regex, or relation
mapping.

Evaluation-risk flags: cases where execu-
tion equality can be misleading, such as
broad queries, empty results, optional gaps,
regexes, and labeled conditions.

The CQL-DP profiler assigns 433 examples to
C1 atomic, 537 to C2 local constraint, 1,660 to C3
compositional pattern, 853 to C4 structural scope,
and 89 to C5 relational/global. These bins iden-
tify the dominant operator family used for analysis
slices. The profiler also marks 72 examples with
evaluation-risk flags.

CQL-DP fields are extracted by rule-based pars-
ing of normalized CQL and rule-derived NL/CQL
alignment cues. The extraction rules are fixed be-
fore model evaluation and provided in the supple-
ment, so each slice can be traced to explicit CQL
operators rather than to a hidden scoring assump-
tion.

4.4 Data Quality and Leakage Checks

The supplemental artifact includes annotation
guidelines, row-level audit fields, and a QA agree-
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Subset / dimension Agr. k  Erm
Test intent clarity 969 084 14
Test CQL validity 98.6 0.88 0.8
Test intent match 947 081 3.1
Synthetic intent clarity 94.5 0.78 2.6
Synthetic CQL validity 97.6 0.82 1.9
Synthetic intent match ~ 91.7 0.76 6.4

Table 3: Two-annotator QA results for the full 357-
example test set and a separate 420-example synthetic
training audit sample. Agreement (Agr.) and error rate
(Err.) are percentages; ~ is Cohen’s kappa. Test intent-
match Err. is the post-adjudication error rate; synthetic
rows refer only to the training audit sample.

ment script. The full 357-example headline test set
was independently annotated by two CQL-familiar
annotators and adjudicated. The same annotators
also independently checked a separate stratified
audit sample of 420 synthetic training examples.
The audit judged whether the natural-language in-
tent was clear, whether the gold CQL was syntac-
tically valid, and whether the CQL expressed the
intended search. Each dimension used yes, no, and
unclear labels. Syntax validity required parseable
Sketch Engine style CQL, while intent match re-
quired the query to preserve lexical choice, anno-
tation level, token order, scope, and relational con-
straints.

Disagreements were adjudicated by discussion
and recorded in the released audit fields. Across
the full test audit, 35 cell-level disagreements out
of 1,071 annotation decisions required adjudica-
tion. The post-adjudication intent-match error
rate on the full test set is 3.1% (11 of 357 ex-
amples). The audit also records 5 syntax correc-
tions and 6 cases where the natural-language re-
quest was rewritten for clarity while preserving
the CQL. In the synthetic training audit, 68 cell-
level disagreements out of 1,260 annotation deci-
sions were adjudicated; most involved POS gran-
ularity or optional-gap wording. The 6.4% syn-
thetic intent-match error rate is measured only on
this 420-example training audit sample; it is not
the error rate of the 357-example headline test
set. Table 3 reports agreement and error estimates,
and Table 4 reports automatic leakage and validity
checks.



Check Count  Rate Condition Score policy Reason
Static-valid gold CQL 3572 /3572  100.0 Invalid CQL VA=0, EX=0 No executable out-
Default test examples 357173572 10.0 put
Canonical CQL test overlap 23 /357 6.4 Prediction time- EX=0; logged Query not reliably
NL-signature test overlap 4/357 1.1 out separately executable
Evaluation-risk flagged examples 7273572 2.0 Gold/API outage Live EX unavail- Infrastructure fail-
able ure
Table 4: Automatic validation and leakage checks. B outputs  Requires  con-  Avoids  vacuous
. empty trast or audit correctness
Overlap counts compare default test examples against — pigeone hit  EX=0 Result counts do
the default training split. counts not match

5 Evaluation Suite

5.1 Maetrics

ECQL reports multiple metrics rather than treating
one score as semantic truth:

* VA: generated CQL passes static or live syn-
tax validation.

* EM: generated CQL exactly matches the ref-
erence after whitespace normalization.

* CEM: generated CQL matches after conser-
vative canonicalization of quotes, operator
spacing, and top-level attribute order.

* Live EX: generated and reference CQL re-
turn matching results under a declared Sketch
Engine corpus, date, result cap, and query
configuration.

* Controlled EX: generated and reference
CQL match on a contrastive controlled se-
mantic suite.

Empty-result matches are not automatically
counted as semantic correctness. If both
queries return empty results, the example requires
controlled-suite evidence or human intent judg-
ment before being treated as correct.

5.2 Execution Protocol and Failure Handling

Live execution is reported only under a declared
execution record. For each system output, the eval-
uator stores the normalized prediction, validation
status, corpus identifier, execution date, result cap,
timeout status, hit count, and the first 100 concor-
dance identifiers when available. The default live
setting uses Sketch Engine-style execution over
enTenTen21 with a 30-second timeout and two au-
tomatic retries for transient API failures. Multi-
corpus sanity checks rerun the same query pair on
enTenTen21, the British National Corpus, and an

Table 5: Execution failure handling used by ECQL.
The protocol separates model failures from infrastruc-
ture failures and guards against empty-result artifacts.

English web sample when corpus access is avail-
able. These settings are part of the metric defi-
nition: an EX number without corpus, date, cap,
and failure policy is not treated as reproducible ev-
idence.

Execution failures are separated from model er-
rors. A syntactically invalid prediction receives
VA=0 and EX=0 because the system failed to pro-
duce an executable query. A timeout on the predic-
tion after retries is counted as EX=0 but kept sepa-
rate in the execution reliability report. A corpus
API outage that affects both gold and predicted
queries is marked as unavailable and excluded
from live EX, but the example remains eligible for
EM, CEM, and controlled EX. If the gold query
returns an empty result and the prediction also re-
turns empty, the example is not automatically cor-
rect; the evaluator requires either controlled con-
trast evidence or adjudicated semantic agreement.
This policy prevents broad or malformed queries
from receiving accidental credit in sparse corpus
states.

5.3 Controlled Contrast Construction

Single-corpus execution can miss semantic errors
when two different queries happen to return the
same concordance lines. ECQL therefore includes
a controlled contrast suite in which each item has
a small diagnostic corpus state and one or more
minimally different distractor queries. The suite
is not used to replace live execution; it is used to
test distinctions that live execution may underspec-
ify. For example, if a corpus contains no inflected
forms of a lemma, word and lemma queries may
appear equivalent under live EX even though they
encode different search intentions.

Controlled cases are built by first selecting an
operator family, then creating a minimal set of



Contrast family Diagnostic purpose Split Train Test Skel. ov.  Src. ov.
Word vs. lemma Separates surface-form search from Random 3215 357 127 1
inflectional search Template-disjoint 2908 664 0 22
Exact POS vs. wild- Tests tagset granularity and over- Source-disjoint 3379 193 43 0
card POS broad matches Real-only 618 193 38 0
Gap and quantifier Checks optional tokens, distance,
scope and token counting Table 7: Generalization split diagnostics. Skeleton
within vs.  Distinguishes search unit from struc-
containing tural containment overlap counts are for CQL skeletons; source overlap
Label/global condi- Tests cross-token relations and  counts are source identifiers shared between train and
tion global constraints test.

Prevents accidental credit for vacu-
ous execution matches

Empty-result trap

Table 6: Controlled contrast families used to diagnose
semantic distinctions that may be invisible under single-
corpus execution.

sentences that separates the reference query from
plausible confusions. Each case stores the natural-
language intent, reference CQL, distractor CQL,
expected match identifiers, and the semantic con-
trast being tested. Empty-result traps are scored
by whether the system avoids treating two empty
outputs as evidence of equivalence. Table 6 lists
the diagnostic families.

5.4 Generalization Splits

The default random split is useful as a compatibil-
ity baseline, but it is not sufficient to show general-
ization, a concern also raised in Text-to-SQL eval-
uation methodology (Finegan-Dollak et al., 2018;
Yu et al., 2018). ECQL therefore provides three
additional splits:

* Template-disjoint: CQL values are ab-
stracted into skeletons, and train/test skeleton
overlap is zero.

* Source-disjoint: selected tutorial sources are
held out for testing.

* Real-only: tutorial-derived examples are
evaluated under a source-disjoint setting.

The generated artifact contains 664 template-
disjoint test examples with zero skeleton overlap,
193 source-disjoint tutorial-derived test examples
with zero source overlap, and 193 real-only source-
disjoint test examples.

6 Experiments

6.1 Systems

We evaluate documentation prompting (DP), man-
ual five-shot prompting (DP+5shot), retrieval-

augmented prompting, retrieval plus syntax re-
pair, DeepSeek-R1 reasoning prompting, a GPT-
40 Agent/API alternative, and supervised fine-
tuning. The retrieval nearest-neighbor baseline
is intentionally lightweight: it retrieves the five
most similar training requests by lexical over-
lap and emits the top neighbor’s CQL. Retrieval-
augmented prompting inserts retrieved examples
into the prompt, following evidence that demon-
strations shape format and task recognition in in-
context learning (Min et al., 2022). The repair
setting gives validator feedback for at most two
rounds, motivated by constrained decoding and
validation methods for formal outputs (Scholak
et al., 2021). Main-table Live EX is computed on
enTenTen21 under one query configuration; multi-
corpus sanity checks are diagnostic and not used
for model selection.

All prompting systems use the same output con-
tract: return one CQL query and no prose un-
less the method is explicitly the Agent/API alter-
native. Retrieved examples are selected from the
training split only using BM25 over lowercased
requests and normalized CQL operator mentions.
The repair baseline receives only the error class
and invalid CQL, never the gold query or result
set. DeepSeek-R1 is evaluated with the same
prompt and logs only the final query. The GPT-
40 Agent/API baseline receives the same request
and corpus metadata, may issue at most three API-
style retrieval calls, and has no access to gold CQL
or gold results. It is scored by result-set agreement
but not credited for EM or CEM because it does
not necessarily produce a reusable query artifact.

6.2 Main Results

Table 9 reports the main results on the default split.
The retrieval nearest-neighbor baseline reaches
perfect static validity because it copies gold CQL
from training, but only 5.9% EM and 5.9% EX.
This confirms that lexical retrieval alone is insuf-



Method Interface Reported evidence

DP / DP+5shot prompt CQL output

Retrieved  5/10- prompt + re- CQL output

shot trieval

Retrieved + repair  validator loop repaired CQL output

DeepSeek-R1 reasoning CQL output
prompt

GPT-40 tool use result-set output

Agent/API

Fine-tuned SFT CQL output

Qwen/BART

Table 8: Evaluation coverage included in the artifact.

ficient. Retrieval-augmented prompting substan-
tially improves over manual five-shot prompting,
and repair mainly improves validity and execu-
tion robustness. The GPT-40 Agent/API alterna-
tive does not produce a reusable CQL artifact for
all cases. The fine-tuned Qwen2.5-72B model re-
mains strongest on the random split, but later split
analysis shows a large generalization gap.

6.3 Generalization Results

Table 10 reports execution accuracy across the
additional splits.  All methods degrade sub-
stantially on template-disjoint examples, show-
ing that the random split overestimates general-
ization to unseen CQL skeletons. The fine-tuned
model remains strongest overall, but its 16.7-point
drop from random to template-disjoint evaluation
shows that specialized query generation is not
solved by supervised tuning alone.

6.4 Controlled Semantic Diagnostics

The controlled suite contains 96 contrastive cases
covering word/lemma contrast, exact word forms,
POS granularity, regex prefixes, gap quantifi-
cation, within/containing scope, case sensitivity,
negation, Boolean alternation, labeled relations,
and empty-result traps. On the controlled suite, the
best fine-tuned model reaches 78.4% C-EX, while
the reasoning model reaches 68.5%. Empty-result
traps account for 8.3% of controlled cases; these
are scored by controlled fingerprints.

Performance varies sharply by contrast family.
The fine-tuned model is strongest on lexical-form
contrasts (86.7% C-EX) and case-sensitive match-
ing (84.6%), where the output mostly depends on
selecting the correct attribute. It is weaker on gap
and quantifier contrasts (72.9%), structural scope
contrasts (69.4%), and labeled/global conditions
(62.5%). The GPT-40 Agent/API alternative’s out-
puts are less compact and less reusable because
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they do not always expose a stable formal query.

7 Analysis

7.1 Feature-Level Errors

Coarse categories such as POS wildcard errors
or broad query-form errors hide several distinct
failure modes. ECQL instead uses feature-level
labels: word/lemma confusion, POS granularity,
regex escaping, gap or quantifier errors, structural-
scope reversal, label/global-condition errors, over-
constrained queries, under-constrained queries,
and ambiguous natural language. Table 11 reports
the distribution for the best fine-tuned model’s in-
correct examples. POS granularity is the largest
category, reflecting mismatches among broad tags
such as V.*, lexical-verb tags such as VV.%,
and exact tags such as VVD. Structural-scope and
label/global-condition errors are less frequent but
more damaging because they change the retrieval
unit or token relation.

7.2 Representative Failure Cases

Table 12 shows a representative failure that would
be easy to miss if evaluation only checked whether
a query executes. The natural-language request
asks for an inflectional class and an exact plural-
noun tag within a sentence. The prediction is
syntactically valid and often returns plausible con-
cordance lines, but it changes lemma search into
surface-form search and broadens the noun tag.
This error is not cosmetic: it excludes forms such
as gave and given while admitting singular and
proper-noun matches. A user can inspect the pre-
dicted CQL and notice the error, which is precisely
why ECQL treats CQL as an auditable intermedi-
ate representation.

Two broader patterns appear in the audited er-
rors. First, models often translate natural-language
grammatical terms into the nearest broad tag
instead of the platform-specific tag needed by
Sketch Engine. This explains why POS granular-
ity remains the largest error class even when VA
is high. Second, models under-specify structural
scope when the request contains ordinary phrases
such as “in the same sentence” or “inside a noun
phrase.” These phrases are easy for humans to
treat as background wording, but in CQL they
determine whether within, containing, or a la-
beled condition is required.



Model / method Setting

VA EM EX C-EX

Nearest-neighbor retrieval

retrieved 5-copy

100.0 5.9 5.9 18.8

GPT-40 DP 98.5 363 527 43.6
GPT-40 DP+5shot 98.5 348 557 45.1
Gemini 2.0 Flash DP+5shot 98.0 38.8 627 50.8
GPT-40 retrieved 5-shot 99.0 43.1 68.9 61.5
GPT-40 retrieved 10-shot 99.2 448 703 63.0
GPT-40 retrieved + repair 99.7 454 721 65.2
DeepSeek-R1 DP + reasoning 994 47.6 734 68.5
GPT-40 Agent/API tool-use result - - 762 69.7

Qwen2.5-14B-Instruct
Qwen2.5-72B-Instruct
BART-large

supervised fine-tuning 95.5 498 64.7 58.3
4-bit LoRA SFT
supervised fine-tuning 85.6 43.8 58.7 50.4

98.0 67.7 85.6 78.4

Table 9: Main results on the default split. C-EX is controlled semantic execution accuracy. The GPT-40 Agent/API
alternative is not scored by VA or EM because it need not emit CQL.

Method Rand. Temp. Source Real Field Example
Retrieved 10-shot 70.3 54.8 58.6 61.1 Intent Find any form of give followed within two
Retrieved + repair 72.1 579 614 64.0 tokens by a plural noun in the same sentence.
DeepSeek-R1 73.4 60.2 63.7 65.5 Gold [lemma="give"] [1{0,2}
Qwen2.5-72B SFT 85.6 68.9 725 751 [tag="NN2"] within <s/>
Prediction [word="give"] [1{0,2}
. : ~ [tag="N.*"] within <s/>
;l;dt?le. 10: Execugp n a.lccuraij aclr oss;and;)m, template Diagnosis Lemma-to-word confusion plus POS over-
isjoint, source-disjoint, and real-only splits. generalization.
Error type Share Table 12: Representative valid-but-wrong prediction.
POS granularity / tagset mismatch ~ 24.8 The query executes, but it changes the intended linguis-
Word vs. lemma confusion 16.3 tic constraints.
Regex or escaping error 12.8
Gap / quantifier error 11.6
Within / containing scope error 10.5
Over-constrained query 9.3 .
Label / global-condition error 8.1 erators for each row and verify why an example
Under-constrained query 6.6 belongs to a slice. It also suggests that practical

Table 11: Feature-level error distribution for incorrect
predictions by the best fine-tuned model. Values are
percentages over errors.

7.3 Operator-Family Slices

CQL-DP complements aggregate scores with
slices that correspond to explicit query operators.
The slices are descriptive rather than hierarchical:
they identify whether a prediction must handle lex-
ical attributes, POS tags, regexes, gaps, structural
scopes, labels, or global conditions. This makes
the analysis auditable because each slice can be
verified directly from the reference CQL.

The resulting slices point to a consistent pat-
tern. Atomic lexical constraints are comparatively
reliable, while examples involving POS granular-
ity, optional gaps, structural scopes, and labeled
or global conditions account for most valid-but-
wrong predictions. This analysis is intentionally
descriptive: a reader can inspect the extracted op-

Text-to-CQL interfaces should expose generated
queries and high-risk operators to users rather than
returning opaque answers only.

Interface implications. These findings suggest
a conservative deployment model. A Text-to-CQL
system should draft a query, display a short para-
phrase of the formal constraints, and highlight
fragile operators before execution. In particular,
POS wildcards, optional gaps, structural scopes,
labels, and global conditions should be visible be-
cause they account for many valid-but-wrong pre-
dictions. This does not require users to become
expert CQL programmers; it gives them an in-
spectable object for correction, rerun, and cita-
tion. The same design also supports benchmark
evaluation: systems can be compared not only by
whether they return plausible concordance lines,
but by whether they expose a stable, editable query
that preserves the intended linguistic constraints.



8 Conclusion

ECQL reframes Text-to-CQL as a benchmark for
auditable executable semantic parsing over a spe-
cialized corpus-query DSL. The central claim is
not that fine-tuning one model solves CQL gen-
eration, but that reliable corpus-query genera-
tion requires public data, execution-aware evalua-
tion, controlled semantic diagnostics, generaliza-
tion splits, and transparent error analysis. The
supplemental artifact provides the data, schemas,
scripts, and reporting protocol needed to evaluate
whether systems generate CQL that is not only
syntactically plausible, but inspectable, reusable,
and semantically faithful.

Limitations

ECQL is Sketch-Engine-oriented and does not
solve dialect transfer across CQPweb, BlackLab,
CQP/CWB, and other CQL variants. Synthetic ex-
amples may contain artifacts despite filtering and
expert audit, especially in rare relational operators.
Execution accuracy is not formal semantic equiv-
alence; one corpus may miss contrastive cases,
and empty-result matches are especially fragile.
The controlled suite mitigates this risk but cannot
cover every corpus state. Live corpus execution
also depends on Sketch Engine access and cor-
pus licenses. ECQL does not include a full user
study; it evaluates whether systems generate au-
ditable queries, not whether a deployed interface
improves end-to-end research productivity.
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