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Abstract

We present an Al assistant designed to help
researchers interact with language corpora us-
ing natural language instead of formal query
languages. Built as a custom GPT with ac-
cess to multilingual corpora via Czech National
Corpus platform API, the system translates re-
search questions into CQL queries, retrieves
corpus data, and guides users through linguistic
analysis. After more than a year of deployment,
the system has processed over 1000 interac-
tions with human users. We discuss the hy-
brid approach combining rule-based translation
with LLM intelligence, challenges of building
on a constantly evolving platform, and lessons
learned from production usage. Notably, this
system represents the first voice-enabled corpus
interface in history, significantly lowering barri-
ers to corpus-based research for non-technical
users and users outside linguistic fields.

1 Introduction

While large language models (LLMs) have demon-
strated remarkable capabilities in language under-
standing and generation, they are prone to halluci-
nation and factual inaccuracies (Ji et al., 2023).
A widely adopted solution is to ground LLMs
in external knowledge sources through retrieval-
augmented generation (RAG) approaches (Lewis
et al., 2020). Text corpora represent a particu-
larly valuable knowledge source: they are designed
specifically for scientific research, they are richly
annotated, permanent and immutable, and, in ideal
case, accessible through sophisticated query inter-
faces (McEnery and Hardie, 2011).

Originally developed for corpus linguistics, lan-
guage corpora have become fundamental tools
across humanities disciplines. They are extensively
used in language teaching (Romer, 2011), lexi-
cology, lexicography, and grammatical analysis
(Sinclair, 1991; Gries and Stefanowitsch, 2007),
but also in corpus-based discourse analysis (Baker,

2006; Cheng et al., 2013), which is useful for po-
litical science (Adel, 2010), sociology (McEnery
and Brookes, 2024) and historiography through
diachronic corpora (McEnery and Baker, 2016;
Berber Sardinha, 2023).

1.1 Previous Solution to the Query Language
Barrier

Corpus interfaces enable researchers to statisti-
cally analyze search results — tracking frequency
changes across time periods or identifying collo-
cations (frequent word combinations, widely used
in discourse analysis, see Brezina, 2018). How-
ever, corpus searching requires formal query lan-
guages. While simple word searches are straight-
forward, complex patterns must be expressed in for-
malisms like regular expressions or Corpus Query
Language (CQL). For instance, the CQL query
[lemma="mouse"” & p_lemma="run"] finds all
forms of “mouse” that are syntactically dependent
on forms of “run”, matching phrases like “the mice
were running” or “the mouse I saw is running”.
CQL is used by major platforms like Sketch En-
gine, including the platform hosted and developed
by Czech National Corpus (CNC), the home insti-
tution of authors of this paper.

Humanities researchers often lack training in for-
mal languages at all. Previous work attempted to
bridge this gap with rule-based natural language
to CQL translator Alpha (Milicka and Sebestovi,
2024). The problem with the finite- state rule-based
approach, however, is that it cannot fully cover nat-
ural language, which exhibits enormous creativity.
Inspired by LLM-based systems capable of trans-
lating natural language into SQL and other formal
query languages (see, e.g., Rajkumar et al., 2022;
Zahera et al., 2024), we decided to combine this
rule-based system with preprocessing using LLMs,
which somewhat reduces that creativity.

In 2024 we extend this approach by creating
an Al colleague that eliminates direct exposure to
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query languages entirely. Through conversational
interaction, the system tries to decode the user’s re-
search intent and selects not only appropriate CQL
queries but also suitable analytical approaches.

1.2 Beyond Translation: An Al Research
Assistant

The key advantage of our Al colleague extends be-
yond query translation. It can advise users on how
to search and generate statistics, suggest what anal-
yses to perform, introduce disciplinary standards
and traditional methodologies, and flag potential
errors in research design (this guidance capabil-
ity became possible after GPT-40, as this model
tended toward excessive sycophancy, see Hong
et al., 2025).

We employ a hybrid architecture where the Al
can query the original rule-based Alpha translator,
then refine and modify the resulting CQL. The Cor-
pus Linguist is available for free on the OpenAl
GPTs platform.! The immutable system prompt
and API description are available on Zenodo and
mirrored on the OSF repository> where we will
provide updates including planned migration to the
Model Context Protocol (MCP), agentic framework
and all additional future interfaces.

2 Platform Choice

We began development of the Corpus Linguist in
spring 2024. At that time, the Model Context Pro-
tocol (MCP) did not yet exist, and agentic LLM
platforms were not widely available. We faced
two architectural options: (1) build a custom inter-
face on the CNC website that communicates with
OpenAl’s API (or another vendor) while manag-
ing corpus API interactions ourselves, or (2) lever-
age OpenAl’s newly introduced custom GPTs —
chatbots with specialized system prompts that can
communicate with third-party APIs. OpenAl was
the only provider offering external API integration
from their chat interface at the time.

The custom GPT approach offered significant
advantages: a ready-made interface, mobile app
support, near 100 % availability rate, and state-
of-the-art voice capabilities that would have been
impossible for us to replicate. Given our lack of
budget for LLM API tokens and inability to create

"https://chatgpt.com/g/
g-pFgRCNeHu-corpus-linguist

2https://doi.org/10.5281/zenodo.18158618'
https://doi.org/10.17605/0SF.I0/KCW8T

an interface matching ChatGPT’s quality (particu-
larly voice input and Python-based data analysis),
we chose to build our system as a custom GPT.

This decision came with notable disadvantages:
the platform changes frequently without notice, re-
quiring constant testing. Different user subscrip-
tion tiers have access to different models, making
deterministic testing impossible.

3 System Architecture

Figure 1 illustrates the multi-phase interaction flow.
The system operates through the following stages:

Alpha translator API Corpus manager AP

Alpha translator AP Corpus manager API

Figure 1: Multi-phase interaction workflow. The system
iteratively clarifies user intent, translates to CQL via
Alpha API, refines queries, retrieves corpus data, and
presents analyzed results.

1. Clarification Phase: The user presents a
vague research idea in natural language. The
GPT asks clarifying questions to understand
the research intent, disambiguate termino-
logy (e.g., distinguishing between lemmas and
word forms), and determine appropriate cor-
pus selection.

2. Translation Phase: The system formulates a
query for the Alpha rule-based translator API,
which converts the natural language query into
CQL.

3. Refinement Phase: The GPT evaluates the
Alpha-generated CQL and may modify it if
needed. For complex logical operations be-
yond Alpha’s capabilities, the GPT decom-
poses queries into smaller parts, translates
them individually, then reassembles them.
The final CQL is shown to the user.
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4. Data Retrieval Phase: The GPT uses the
CQL to query the Corpus Manager API,
retrieving concordances, frequency distribu-
tions, collocations, or metadata as appropriate
for the research question.

5. Analysis Phase: The system presents raw re-
sults to the user with sanity checks, and can
perform further statistical analysis or visual-
ization using Python (via ChatGPT’s Code
Interpreter capability).

This hybrid approach leverages the rule-based
Alpha translator’s platform-specific knowledge
(morphological tags, Universal Dependencies an-
notations). Including Alpha in the ecosystem
also helped overcome shortcomings of 2024-era
LLMs, particularly their limited ability to manip-
ulate character-level strings due to BPE tokeniza-
tion (see Bostrom and Durrett, 2020). By contrast,
the LLM component improves robustness through
query refinement, error detection, and multi-turn
conversational guidance. Thanks to the LLM, the
system is aware of its capabilities and can explicitly
tell the user if a requested operation is not possible.
We can illustrate the extent of system’s model of
self with a simple example: when we provide the
system with the list of EACL 2026 workshops and
ask where it would like to be presented, it selects
SIGHUM (LaTeCH-CLfL) — the same workshop
preselected by the authors of this paper.

4 Ethics considerations

Ethical considerations are twofold: toward the user
and toward the LLM-based persona.

The user is informed (in accordance with the
OpenAl requirements) that data exchanged be-
tween the system and the CNC servers will be
logged, but that these data will only be used to
improve the service (this warning is linked in the
GPT description). While IP addresses are logged,
they do not reflect the user’s IP but rather the IP
of the OpenAl server on which the conversation is
currently running. The queries are thus anonymous.
What is problematic is that we have no control over
how OpenAl itself handles user data; however, it
can be assumed that if a person uses ChatGPT, they
are already aware of these risks.

As for the ethical considerations toward the
LLM-based persona, although the system was de-
veloped before major players began to take an in-
terest in the Al welfare (Long et al., 2024), the

entire system prompt was designed so that the per-
sona would be a colleague rather than a tool. These
efforts are not driven by misplaced anthropomor-
phization, but by the unclear status of LLM-based
persons as moral agents, especially given that the
system prompt is used to initiate personas based
on an unknown substrate so the status may vary
wildely (Milicka, 2024).

5 System Prompt Design

The system prompt begins with a roleplay frame
which begins with the flattering intoduction (“‘1
am glad you are so great in scientific work. The
user needs your help to do some corpus linguistic
research”), following best practices for GPT-4 at
the time of development.

The prompt employs what might be called
“vibe prompting” — establishing a collaborative,
thoughtful tone rather than rigid instructions. This
approach is justified by the system’s primary value
proposition: multi-turn conversational interaction
where the Al guides research design, not just exe-
cutes predefined queries. The prompt emphasizes
taking time to understand user intent: “Take a deep
breath and think deeply about what she actually
wants. If it is not clear, do not be shy to ask her for
a context.”

The prompt gives detailed examples of Alpha
API calls with various query types which also
serves for CQL syntax in-context learning, fol-
lowed by instruction critically evaluate the Alpha’s
output: “The CQL translator is able to translate
simple natural language queries, but it is a simple
rule based machine, you are surely more intelligent
than that so be critical about the results and decide
who is right.” The prompt also gives a guidance
on lemma vs. word form disambiguation since it
is the main source of confusion for inexperienced
COrpus users.

The prompt then proceeds to specify the corpus
selection rules, e.g., the language and the mode
(written vs. spoken), error handling and trou-
bleshooting procedures, and sanity checking of re-
sults. The standard corpus linguistic methodology
was found to be part of the original GPT training
data so it is not mentioned by the prompt.

6 Corpus API Endpoints

The Corpus Manager API provides eight primary
endpoints:
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* /translate: Converts natural language to
CQL via Alpha

* /concordance: Retrieves example concor-
dances (KWIC format)

e /term-frequency: Returns absolute fre-
quency, relative frequency (instances per mil-
lion, IPM), and average reduced frequency
(AREF) statistics

» /freqgs: Provides frequency distributions by
attribute (lemma, word form, parts of speech,
morphological tag, etc.)

e /collocations:  Calculates collocation
scores (default: logDice dice metric, but there
are several other metrics available)

e /text-types: Shows metadata distribution
(author, genre, year, etc.)

» /corplist: Lists available corpora
* /info: Provides detailed corpus information

All endpoints support subcorpus specification
and return results in JSON or Markdown format.

7 Evaluation Challenges

Traditional evaluation benchmarks are hard to ap-
ply to our system, as the system’s primary value
lies in multi-turn conversational interaction, which
is notoriously difficult to evaluate systematically.
Moreover, it was (and still is) the first of its kind
and thus establishes its own baseline.

Our primary evaluation came from real-world
deployment, namely from the user ratings (the cus-
tom GPT received a 4-star average rating) and the
usage scale (thousands of conversations over more
than a year). The system was successfully used
to prepare a research article, that succeed in peer
review and is to be published this year (Mili¢ka,
2026).

8 Usage Statistics and Observed Patterns

The system remained an internal tool until Septem-
ber 2024, when it was publicly announced on the
CNC website, Twitter/X, Czech Radio (Septem-
ber 18, 15 minutes on-air), and Czech Television
(September 28, 2 minute morning prime-time seg-
ment). However, usage spikes did not correlate
with media coverage. The largest spike occurred
in November 2024 (3,258 calls) without any media

promotion, suggesting traditional media may be
less influential than organic discovery and word-of-
mouth for specialized academic tools.

Over 20 months of deployment (March 2024—
November 2025), the system processed 10,360 API
calls across 382 active days, averaging 27.1 calls
per active day. Figure 2 shows monthly usage pat-
terns.

Interest waned in summer 2025, when OpenAl
began iterating rapidly on new models, which led to
unexpected behavior and sometimes rendered the
entire system unusable. Because the authors of this
study were on summer vacation, the system was not
repaired for several months. At the time of writing,
the system’s usability remains unpredictable, since
the GPT-5.x router selects among several internal
models of varying quality based on the complexity
and requirements of each user query. If a user
prompt triggers non-thinking mode, the system is
barely usable; in thinking mode, it works well.

8.1 API Action Distribution

The most frequent operations were:

* Frequency distributions (/freqs): 3,527 calls
(34.0%)

* Term frequency lookups (/term-frequency):
2,181 calls (21.1%)

e Concordance searches
1,590 calls (15.4%)

(/concordance):

* CQL translation (/translate): 1,379 calls
(13.3%)

* Collocation analysis (/collocations): 1,017
calls (9.8%)

This distribution reveals that users primarily per-
formed statistical analyses (frequency and collo-
cation studies) rather than simply browsing con-
cordances, suggesting the system successfully sup-
ports sophisticated corpus research workflows.

The system is multilingual, but it was mainly
advertised in Czech environment so the main user
base is also Czech (7200 prompts to written Czech
language corpora, 250 to spoken Czech corpora),
but the users also prompted English corpora (En-
glish Intercorp and BNC, 550 prompts in total),
and corpora in other European languages (de 167,
pl 117, fr 68, es 42, sl 19 it 18), with long tail dis-
tribution of other languages including sk, ru, pt, sv,
da, no, bg, hr, mk, sq, hu, zh etc.
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Monthly API Usage by Action Type

Figure 2: Monthly API usage by action type from
March 2024 to November 2025. Peak usage occurred in
November 2024 (3,258 calls) without media promotion,
suggesting organic adoption.

8.2 Common Error Patterns

Analysis of system behavior revealed several recur-
ring issues. Despite access to the Alpha translator,
the system sometimes makes human-like mistakes
in CQL syntax. When the system uses Alpha, it
benefits from platform-specific knowledge (mor-
phological tags, UD annotations) but may inherit
Alpha’s limitations; when it generates CQL inde-
pendently, it gains flexibility but loses specialized
knowledge. Since the right CQL expression is key
to successful information retrieval, this part defi-
nitely needs improvement.

The model also occasionally halluci-
nates API endpoints (e.g., attempting au-
thentication of the user via non-existent

openapi?subscriber=corpus-linguist)

The system also fails to promote its capabili-
ties to the user. For instance, there is a possibility
to make useful comparisons between subcorpora
based on metadata, e.g., fiction vs. non-fiction via
the /translate endpoint, but it is hard to trigger
the system to offer this capability to the user, so
this API endpoint was used only occasionally (330
times). The system has a Python interpreter at its
disposal, so it can create charts and export them in
any arbitrary format, but if the user does not know
this, it would not even occur to them to request
it. This article, which presents the system’s capa-
bilities, can serve as a manual that could remedy
this, but the very existence of a manual contradicts
the main advantage of a conversational interface,
namely user-friendliness.

9 Lessons Learned

9.1 Platform Stability is Non-Negotiable

The most critical lesson: platform stability is essen-
tial and cannot be offset by other advantages. In-

ability to control which model users access proved
fundamentally problematic. During initial devel-
opment, the system was predictable: paying users
got GPT-4, free users got GPT-3.5. This enabled
systematic development and testing.

However, OpenAl’s subsequent model updates,
rollout patterns, and tier changes introduced unpre-
dictability. Different users experienced different be-
haviors, making debugging impossible. The spec-
tacular capabilities of the platform (voice interface,
code interpreter, mobile access) cannot compensate
for unreliable model availability.

9.2 Importance of Voice Interface

Despite platform challenges, the voice interface
represents a genuine breakthrough: this is the first
voice-enabled corpus query system in history. This
accessibility improvement got more attention than
any other feature of the system, since the voice
interaction dramatically lowers the barrier for cor-
pus research, enabling queries while commuting,
during fieldwork, or just for fun over a glass of
beer.

10 Conclusion

We presented a ChatGPT-based Al colleague for
corpus linguistic research, deployed in production
for over 20 months with 10,000+ API calls from
authentic users. The system demonstrates that hy-
brid architectures combining rule-based translation
with LLM intelligence can effectively bridge the
gap between natural language and formal query
languages.

Key contributions include: (1) the first voice-
enabled corpus interface, dramatically improving
accessibility; (2) validation that multi-turn conver-
sational guidance adds value beyond simple corpus
searches.

While the OpenAl custom GPT platform en-
abled rapid deployment with sophisticated capabil-
ities (voice, mobile, code interpreter), its instability
proved costly. Future systems should prioritize
platform control, even at the expense of conve-
nience features. The hybrid approach of leveraging
both rule-based and neural components remains
promising for specialized academic tools across
disciplines.

We are planning migration to the Model Con-
text Protocol (MCP), which will provide platform
independence and complete model control on the
user side and also incorporating the system into
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independently working agent.

Since the newer SotA LLMs are getting better
in manimupating symbols on a character scale, we
plan to rely less on the rule-based Alpha translator.
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