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ABSTRACT

QUERYCRAFT is an interactive MongoDB interface for non-relational
NoSQL document databases through which users ask natural lan-
guage questions, inspect generated aggregation pipelines, and exe-
cute queries without manually writing MongoDB code. The inter-
face includes a nested schema browser, an inspectable program view,
a formatted results panel, and a local history panel for reviewing
previous attempts. The text-to-NoSQL generator is replaceable; this
implementation uses the Schema-as-Data Grounding (SAG) solver
from the Text-to-NoSQL Dataset (TEND) release, with schema
grounding, guarded decoding, execution repair, and result con-
sistency. The demo exposes generated pipelines, execution results,
runtime errors, and solver metadata, giving users and researchers
a concrete view of successful queries and failure cases.
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1 INTRODUCTION

Recent progress in Text-to-NoSQL. NoSQL databases, an um-
brella category covering document, graph, key-value, and wide-
column systems, have become widely adopted due to their flexibility
in handling large-scale, semi-structured data [12]. Recent advances
in natural language processing have stimulated interest in natural
language database interfaces [4, 8-11, 13], while Text-to-NoSQL
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Figure 1: The text-to-NoSQL task maps natural language ques-
tions to NoSQL queries that may use nested document fields
and aggregation pipelines.

has drawn explicit attention through MultiTEND, a 2025 multilin-
gual benchmark built on the Text-to-NoSQL Dataset (TEND) [6].
MongoDB interfaces must resolve nested document paths, hetero-
geneous field types, and dependencies across aggregation stages
before they can produce executable queries (Figure 1). These re-
quirements make it difficult for end users to identify the correct
fields and construct semantically valid queries.

Demo focus: inspectable MongoDB query generation. Rather
than reporting only benchmark accuracy, this demo shows schema
context, generated pipelines, execution output, and failure messages
in one interface. It focuses on document database tasks that existing
Structured Query Language (SQL) query-generation demos usually
omit, including nested schema browsing and debugging across
aggregation stages. Because the generator sits behind one service
boundary, different Text-to-NoSQL methods can be evaluated with
the same interface.

Why Text-to-SQL cannot replace Text-to-NoSQL. Text-to-SQL
methods have progressed from neural semantic parsers to systems
built around large language models (LLMs) [1, 2, 5, 7, 14], but they
do not transfer directly to MongoDB. SQL assumes stable table and
column pairs, whereas MongoDB queries often refer to paths inside
nested objects and arrays. MongoDB aggregation pipelines also
pass aliases across stages, and SQL lacks native constructs such as
$unwind for nested arrays. As a result, SQL-to-NoSQL conversion
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Figure 2: An overview of the QUERYCRAFT architecture, or-
ganized into three layers: Interface, Model, and Data.

can drop required stages or produce lower execution accuracy than
direct Text-to-NoSQL generation in prior studies [3].
QUERYCRAFT demo. In QUERYCRAFT, users browse a hierarchical
schema, generate and inspect a MongoDB aggregation pipeline,
execute it when MongoDB is available, and revisit prior queries
through a history panel. The current prototype targets MongoDB
as a representative document database, with portability discussed
in Section 4. The generation backend uses the Schema-as-Data
Grounding (SAG) solver, which follows the Text-to-NoSQL direc-
tion established by Lu et al. [3] while exposing additional runtime
metadata for the demo.

Sections 2 to 4 describe the architecture, demonstration scenarios,
and implementation.

2 SYSTEM OVERVIEW

QUERYCRAFT has three layers: a web interface, a Text-to-NoSQL
generator, and MongoDB data sources. The workflow centers on
schema inspection, program generation, execution, and review.

2.1 User Interaction Workflow

Step 1 (Database selection and schema browsing). Users select
a MongoDB demo database and inspect collections, nested fields,
and field types in the schema browser. This view reduces ambiguity
in document schemas by expanding objects and arrays directly in
the interface.

Step 2 (Natural language query input and generation). After
the user enters a natural language question, QUERYCRAFT gener-
ates a MongoDB aggregation pipeline and displays it in a syntax-
highlighted view.

Step 3 (Execution and result visualization). The user can request
execution against MongoDB and view the formatted result or error
message. The browser stores the attempt for later replay.
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Table 1: Current solver and baseline results on the TEND na-
tive MongoDB release. Bounded column-tolerant execution
accuracy (EXC) and graded result-set F; (EXF) are reported
as percentages.

Method | EXC EXF,
Direct LLM 28.6%  29.4%
Data-rich direct LLM 28.9%  29.8%
SQL pivot workflow 25.6%  26.2%
Reasoning and acting agent | 30.8%  34.6%
TEND SAG full solver | 35.8% 40.5%

Step 4 (Review through history). The local history panel lists
recent questions and generated programs so users can compare
attempts.

2.2 Design Choices for MongoDB Queries

Nested schema browsing for document databases. MongoDB
schemas are hierarchical and often include arrays of embedded doc-
uments, so users must identify paths such as a.b. ¢ before checking
a generated pipeline. Unlike SQL’s flat table and column schemas,
which can often be listed in a single view, document databases
may place the same logical attribute at multiple nesting levels.
QUERYCRAFT expands nested objects and arrays and displays field
types beside each path.

Inspectable program view. QUERYCRAFT displays the generated
MongoDB program with syntax highlighting and supports copying
the generated MongoDB Query Language (MQL) program for man-
ual inspection. Users can check stage order, aliases, and projections,
where aggregation pipelines often fail. Because downstream stages
may consume aliases created upstream, one missing or misordered
stage can invalidate the pipeline.

Execution feedback for debugging. When a query fails or returns
unexpected results, runtime messages identify errors such as un-
known fields, invalid operators, and alias mismatches. QUERYCRAFT
shows these traces beside the generated program and solver meta-
data, including the selected collection, pipeline, repair rounds, con-
sistency cluster size, and diagnostic metadata.

Query review through history. Text-to-program generators often
require revision, especially on complex schemas. The browser stores
recent records containing the natural language question, generated
program, result type, and elapsed time so users can review previous
queries.

2.3 Text-to-NoSQL Backend

The user interface calls a text-to-NoSQL generator through a fixed
interface, so the backend can use direct prompting or a modu-
lar pipeline. The current implementation uses the SAG solver: for
each database it builds a grounding index, renders a schema path
card, applies path and value guards, repairs candidates with exe-
cution feedback, and chooses among multiple attempts by result
consistency. The public demo release contains 11 native MongoDB
databases and 1,210 natural language to MQL tasks.

Why not cascade through Text-to-SQL? Table 1 compares repre-
sentative methods on the TEND benchmark to motivate the choice
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of backend. The SQL pivot workflow first asks an LLM for a SQL
sketch and then translates that sketch to MQL. One reason is that
SQL lacks native constructs such as $unwind over nested arrays or
alias propagation across aggregation stages, so conversion can drop
stages or produce semantically incorrect pipelines. The TEND SAG
full solver improves over direct LLM prompting and the SQL pivot
workflow, motivating its adoption as the default backend while
keeping the interface independent of the generator implementa-
tion.

The solver also exposes intermediate metadata, including the se-
lected collection, generated pipeline, repair rounds, sample count,
consistency cluster size, final violation status, execution status, and
diagnostic metadata. QUERYCRAFT displays this metadata beside
the program and execution output to show why a generated query
succeeded or failed (Section 3, Scenario 3).

3 DEMONSTRATION SCENARIOS

The demo contains three scenarios: a basic query, nested schema
exploration, and failure diagnosis. Figure 3 labels the history panel,
query input, schema browser, generated program, and results panel.
Scenario 1: Basic query execution. A user selects a MongoDB
demo database and browses available collections and fields in the
schema (Figure 3, regions (2) and 3)). The user then enters a natural
language query and inspects the syntax-highlighted MongoDB
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pipeline (Figure 3, region (5)). The user requests execution and views
the formatted results (Figure 3, region (&). For example, given “How
many customers live in the city of Lake Geovannyton?”, the system
generates an aggregation pipeline that includes $unwind, $1ookup,
$match, $group, and $project, and returns [{ "count": 3 }1.
This scenario establishes the query path used in the later scenarios.
Scenario 2: Nested schema exploration and complex pipeline
generation. The second scenario uses a database whose schema
contains deeply nested arrays of embedded documents, such as a
students collection where each document embeds test_results,
which in turn contain scores. Using the cascaded schema explorer
(Figure 3, region (@), the user expands nested fields to find the
target completion-date path and verify field types. The user then
enters a natural language question such as “List the completion
dates of tests that received a failing result” QUERYCRAFT generates
a multi-stage pipeline involving successive $unwind operations
over nested arrays, an optional $1ookup for cross-collection joins,
and a $project stage that extracts the specified nested path. Before
execution, the user checks whether each $match references fields
or aliases created by earlier stages (Figure 3, region (5)).

Scenario 3: Failure diagnosis and iterative refinement. Com-
plex schemas can cause Text-to-NoSQL generators to choose the
wrong path, omit an $unwind, or reuse an alias incorrectly. In this
scenario, the system generates a pipeline that fails at execution time.



For example, a $match stage may reference a nested path that was
not unwound earlier, or a $group alias may not match a subsequent
$project. QUERYCRAFT surfaces the runtime error message along-
side the generated pipeline and the solver metadata. The user can
compare the current query with previous successful queries via the
history panel (Figure 3, region (1)), identify the discrepancy, copy
the generated MQL for inspection, or rephrase the natural language
question for a new generation attempt. The scenario shows the
diagnostic path: inspect the error, compare earlier attempts, inspect
the pipeline, or rephrase the question. During the presentation, this
scenario presents a failed program and a revised attempt together,
so the diagnostic value comes from visible evidence rather than an
opaque model explanation.

4 IMPLEMENTATION

QUERYCRAFT is implemented as a browser-based demonstration
system with a Flask service layer between the user interface, the
TEND native MongoDB release, and the text-to-NoSQL generator.
The service handles database discovery, example retrieval, schema
extraction, query generation, and optional execution through struc-
tured web endpoints. Generation remains a separate module: it
receives the natural language question and schema context and
returns an inspectable MongoDB program.

For each selected database, QUERYCRAFT builds a shared schema
representation with collection names, nested paths, field types, doc-
ument counts, and sample documents. The same representation
drives the schema browser and the generator context. The browser
stores up to 12 recent runs, including the question, generated pro-
gram, result type, and elapsed time.

The current prototype instantiates this interface with the SAG
solver, while the same boundary can support direct LLM prompting
or other modular Text-to-NoSQL pipelines. Users may execute the
generated program; the backend validates the database, builds con-
text from the shared schema representation, runs the query when
requested, and returns formatted results or structured errors. This
separation keeps solver reasoning apart from schema exploration,
program inspection, execution feedback, and history replay.

The frontend is a custom single-page browser interface with four
coordinated views: database and query input, hierarchical schema
browsing, generated-program inspection, and result plus history
review. This organization supports MongoDB query debugging
by keeping nested fields, aggregation-stage dependencies, execu-
tion output, and previous attempts in one workflow. Each history
record preserves the question, generated MQL, execution status,
result summary, and elapsed time, which also supports controlled
comparisons among generators.

Extensibility to other NoSQL models. The current system tar-
gets MongoDB as a representative document-oriented NoSQL data-
base. Its schema loading, query rendering, parsing, execution, and
solver prompts assume MongoDB documents and aggregation
pipelines. Extending QUERYCRAFT to similar document databases,
such as Couchbase or Amazon DocumentDB, would require adapter
work around the same interaction workflow. Supporting key-value,
wide-column, or graph databases would require new schema ab-
stractions, query representations, and training or prompting re-
sources. Portability is therefore treated as an interface contract
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rather than a claim that MongoDB-specific query code can be reused
unchanged.

5 CONCLUSION

QUERYCRAFT lets users ask MongoDB questions in natural lan-
guage, inspect the generated aggregation pipeline, execute it, and
revisit prior attempts. By placing schema paths, pipeline stages, ex-
ecution feedback, and previous queries in one interface, the system
targets failure modes that conventional Text-to-SQL demonstra-
tions do not cover. Future work will measure whether the interface
improves query correctness in user studies and will adapt the gen-
erator interface to other NoSQL data models. The presentation
highlights whether schema paths exist, stages preserve aliases, and
execution feedback matches intent, giving a compact basis for com-
paring future Text-to-NoSQL generators. The demonstration video
is available at https://youtu.be/0BtfCyD_edE.
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