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1. Introduction 
MongoDB is a NoSQL document-oriented database that stores data as collections of JSON-like 

documents. Each document comprises a set of field-value pairs, enabling the inclusion of nested fields 

and embedding documents. MongoDB's query language (MQL) supports complex queries, aggregation 

pipelines, geospatial queries, and text search via the MongoDB shell. This allows developers to specify 

various data access patterns [1]. Traditionally, retrieving data from databases requires specific knowledge 

about the query language and the underlying data structure. A Natural Language Interface (NLI) 

provides adaptable front-ends to pose queries such as ReactQueryBuilder [2]. This approach is 

particularly difficult for novice users. Natural language database querying (NLDQ) is a straightforward 

method that involves querying databases using natural language questions [3]. This approach would 

seamlessly integrate into human interactions and represents the best user interface for many domains. 

Existing works mainly focus on translating natural language questions into SQL queries for relational 

databases, using advanced machine learning and deep learning methods such as the seq2SQL and Rasat 

models based on seq2seq model [4], [5], the sketch-based methods [6], [7] divide the SQL into sub-

modules, each corresponding to a particular prediction slot to be filled, LSTM-based text-to-SQL [8], 

Bert-SQL [9], etc. However, research on translating natural language questions into NoSQL queries 

has received relatively little attention, mainly due to the flexibility of schema structures and the diversity 

of NoSQL query languages, which further increases the complexity of the translation process. These 

studies used transformer-based models to improve both the encoder and the decoder modules. For 

example, the Two-Stage Controllable (TSC) framework [10] was proposed to leverage pre-trained 
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 Translating natural language questions into MongoDB queries is critical 

for flexible data access in current NoSQL systems. However, semantic 

ambiguity in user questions and MongoDB's dynamic schema make this 

work difficult. This study presents QMQL (Question to Mongo Query 

Language), a hybrid approach meant to address these challenges. QMQL 

combines a Graph Attention Network (GAT) for refining schema elements 

with a Retrieval-Augmented Generation (RAG) mechanism that employs 

BERT embeddings to retrieve relevant schema and resolve semantic 

ambiguity. A T5-base model is used to generate a MongoDB query 

corresponding to the user’s question. An experimental evaluation on an 

extended dataset encompassing various real-world domains demonstrates 

the effectiveness of the proposed approach. QMQL achieves excellent 

performance with an EMA of 0.89, an EM of 0.91, and a BLEU score 

of 0.95, exceeding previous approaches, particularly for semantically 

ambiguous questions and sophisticated queries across flexible MongoDB 

schemas. 
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language models (PLMs), such as BERT, to translate questions into corresponding template questions. 

The latter are then used by the DistilBERT encoder to extract named entities for generating queries for 

Elasticsearch, a document-oriented database. Similarly, the GPT-3.5 model [11] was applied to 

question-answering over Elasticsearch. A BERT-based question-answering system [12] was developed 

to formulate various types of MongoDB queries from natural language questions, including Find, Insert, 

Update, and Remove clauses. A GPT-4-based chatbot [13] is being developed to manipulate a Neo4j 

graph database by translating natural-language questions into Cypher queries. Similarly, a natural 

language interface [14] based on a graph storage technique, namely labelled property graphs, enables 

explicit modelling of relationships among event data. It takes a natural-language question from the user 

and automatically constructs a corresponding Cypher query to be executed on the stored event data. 

SMART [15] is a multi-step approach for Text-to-NoSQL conversion. It combines SLM (Small 

Language Model) to generate initial schema-aware NoSQL queries and RAG (Retrieval-augmented 

Generation) to refine the query using semantically similar examples from the TEND dataset, which 

contains natural language questions paired with NoSQL queries. In [16], the authors introduce 

MultiTEND, the first and largest multilingual benchmark for natural language-to-NoSQL query 

generation, covering six languages: English, German, French, Russian, Japanese, and Mandarin Chinese. 

To improve multilingual performance, they propose the Multilink framework, and the experimental 

results demonstrate a boost in execution accuracy of about 15% for English and an average improvement 

of 10% for non-English languages. 

While existing text-to-NoSQL translation methods fail to address the semantic ambiguity problem 

in natural language questions, the study in [17] addresses this issue by leveraging an LSTM-RNN with 

a knowledge graph to semantically identify and infer relevant answers from Noe4J, a NoSQL graph-

oriented database, within the Vietnamese Tourism domain. The results show the effectiveness of the 

proposed approach to managing semantic ambiguity in Vietnamese tourism questions. 

In this paper, we present QMQL (Question to Mongo Query Language), an intelligent semantic 

model that translates natural-language questions into MongoDB queries, assisting end-users in the data-

querying process within question-answering systems, chatbots, or any system that stores data in 

MongoDB. The user-facing interface of the proposed approach takes a user query in natural language 

and automatically generates a corresponding MongoDB query to execute against the database. 

The main contributions of this work are organized as follows: 

• GAT-Based Schema Representation: To model a flexible schema of a document-oriented database, 

we use a Graph Neural Network (GNN) [18], especially a Graph Attention Network (GAT), to 

capture both structural and semantic links between schema items. 

• Schema-Grounded RAG Framework: We develop a retrieval-augmented generation  (RAG) [19] 

framework for NoSQL document-oriented databases that leverages the refined schema 

representations produced by the GAT module to guide query generation, ensuring contextually 

appropriate responses. We use a fine-tuned T5-base [20] (Text-to-Text Transfer Transformer– base) 

with 220 million parameters for query generation from a question, along with the original textual 

description of the relevant schema. 

• Generalizable Disambiguation approach: We present a disambiguation approach for resolving 

ambiguity in natural language questions, allowing the model to be applied to new schemas and 

NoSQL databases. This technique is based on Sentence-BERT (SBERT) [21] for effective word-

sense disambiguation. 

• Integration with End-to-End Evaluation: We demonstrate that combining these components into a 

single pipeline enhances accuracy and generalization over previous work, emphasizing the combined 

advantage while maintaining each component's originality. 

The obtained QMQL model was trained on our extended datasets of question-query pairs [22] across 

three different domains: movies, student training, and finance. This diversity allows us to evaluate the 

robustness of the model in understanding user questions. 
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The remainder of this paper is outlined as follows: Section 2 presents the principal components used 

in this model. Section 3 describes the QMQL model. The experimentation study and discussion are 

presented in Section 4. Finally, Section 5 concludes the paper and outlines the future directions. 

2. Theoretical Foundations 
The proposed model for translating natural-language questions into corresponding MongoDB 

queries addresses two key issues: schema flexibility and semantic understanding. The model is built on 

a fine-tuned T5-base combined with a GAT and RAG to extract a document-oriented schema under 

dynamic data structures, addressing schema flexibility. In addition, SentenceBert is used as a retriever in 

the RAG to derive semantically meaningful sentence embeddings of the user’s question, effectively 

addressing word-sense ambiguity. Altogether, this architecture enables accurate translation of natural 

language questions into MongoDB queries while preserving schema flexibility and handling semantic 

ambiguity in both simple and complex queries. 

2.1. MongoDB database 
MongoDB is a document-oriented, operational database built from the ground up as an alternative 

to relational databases for handling big data and unstructured information [23]. Unlike relational 

databases, MongoDB allows developers to store rich JSON-like documents, known as BSON (Binary 

JSON), that map naturally to the objects they use in their code. MongoDB's architecture enables efficient 

CRUD (Create, Read, Update, and Delete) operations, which are crucial for data access and processing 

[24]. A notable feature of MongoDB is its horizontal scalability through sharding, which allows the 

system to handle a vast volume of queries and data distributed across multiple servers. In addition, its 

robust security keeps the data safe whether it is stored or being transferred. MongoDB provides different 

types of indexes, each designed for specific query types. The most common type is the standard B-tree 

index, which offers a good mix of speed and flexibility by supporting basic tasks such as searching, 

sorting, and combining data, especially for queries that use multiple fields [25]. Fig. 1 shows an example 

of a MongoDB document of the movie domain [26] and a natural language question with the 

corresponding MongoDB query. 

 

Fig. 1. Example of a JSON document, question, and the corresponding MongoDB query. 

The architecture of MongoDB includes the Document Model, key-value pairs, relationships, objects, 

graphs, geospatial, unified interface, transactional, search, mobile, real-time analytics, security, multi-

cloud, and distributed architecture [27]. Mapping relational databases to MongoDB remains an active 

area of research in order to explore and fully leverage the advantages of MongoDB [28], [29], [30]. In  

recent years, the migration from object-relational databases to NoSQL document-oriented databases has 

emerged as an important and rapidly growing research domain [31], [32]. 

The schema-less design of MongoDB allows each document to have different fields and data types, 

allowing for dynamic data storage. This feature makes MongoDB ideal for rapidly changing applications 
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and unstructured data. However, this flexibility makes translating natural-language questions into 

MongoDB queries more challenging. In this work, we use a MongoDB database containing documents 

from three different domains: movies, student training, and finance, to evaluate the robustness of the 

proposed model in understanding the user questions. This database was created by combining three 

publicly available MongoDB sample databases [33].  

• The first database, sample_mflix, contains data on movies distributed across six collections: comment, 

embedded_movies, movies, sessions, theatres, and users.  

• The second database, sample_training, contains realistic data from MongoDB Private Training 

Offerings to help students explore MongoDB's functionality. It includes seven collections: 

companies, grades, inspections, posts, routes, trips, and zips.  

• The third database, sample_analytics, represents a typical financial services application and contains 

three collections: customers, accounts, and transactions.  

Together, these sources from a heterogeneous MongoDB database that serves as the underlining 

knowledge base for answering user questions expressed in natural language. From this database, we 

constructed a dataset of natural language questions paired with their corresponding MongoDB queries. 

To comply with the requirement of double-blind peer review, the dataset is fully anonymized. 

2.2. Graph Attention Network Model 
The graph attention network (GAT) is a type of graph neural network (GNN) architecture that 

leverages masked self-attentional layers to address the shortcomings of prior methods based on graph 

convolutions or their approximations [34]. The idea is to compute the hidden representations of each 

node in the graph by attending to its neighbors, following a self-attention strategy that can process 

efficiently on arbitrarily structured graphs. Using a self-supervised GAT to exploit the flexible MongoDB 

schema is a suitable technique, as it allows the model to automatically learn the different components of 

the database without requiring labeled data. The application of GNN models has primarily been studied 

for translating text into SQL; however, at present, very little work explores their use for translating text 

into NoSQL [35], [36], [37]. The work introduced in [38] begins with a Relational Graph Convolutional 

Network (RGCN) for automatically detecting intricate relationships within NoSQL data, building node 

embeddings, which encode the structure and the semantics of the schema. The automated feature 

selection across multimodal data is addressed through the Tree-based Pipeline Optimization Tool 

(TPOT) with transformers-BERT and convolutional neural networks-ResNet. For analyzing nested 

NoSQL structures, the Hierarchical Attention Networks (HAN) were employed, which improved the 

classification performance with an F1-score of 0.88. This combination demonstrates significant 

performance gains for NoSQL-based systems that open the way for efficient treatment of large-scale, 

heterogeneous datasets and samples. 

In contrast, our approach adopts the GAT model to provide a global representation for each node, 
enabling more efficient extraction heterogeneous and dynamic MongoDB schemas.  GATs introduce 
the attention mechanism 𝑎𝑎, a single-layer feedforward neural network, parametrized by weight vector 
𝑎⃗𝑎 ∈ ℝ2𝐹𝐹′ . The input to layer is a set of node features,  ℎ = �ℎ�⃗ 1,ℎ�⃗ 2, … , ℎ�⃗ 𝑁𝑁�, ℎ�⃗ 𝑖𝑖 ∈ ℝ𝐹𝐹 , where N is the 
number of nodes, and F is the number of features in each node. The layer produces a new set of output 
node features ℎ′ = �ℎ�⃗ ′1, ℎ�⃗ ′2, … , ℎ�⃗ ′𝑁𝑁�, ℎ′���⃗ 𝑖𝑖 ∈ ℝ𝐹𝐹′ . To obtain sufficient expressive power to transform 
the input features into higher-level features, a shared linear transformation 𝑦⃗𝑦𝑖𝑖  of weight matrix 𝑊𝑊 ∈
ℝ𝐹𝐹′×𝐹𝐹 is required to every node 𝑖𝑖, where: 𝑦⃗𝑦𝑖𝑖 = ℎ�⃗ 𝑖𝑖 .𝑊𝑊𝑘𝑘 with K denotes the number of attention heads. 
For each edge eij, the attention coefficients and Softmax function are calculated as: 

𝑒𝑒𝑖𝑖𝑖𝑖 = 𝑎𝑎�𝑊𝑊ℎ�⃗ 𝑖𝑖 ,𝑊𝑊ℎ�⃗ 𝑗𝑗�  (1) 

α𝑖𝑖𝑖𝑖 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠�𝑒𝑒𝑖𝑖𝑖𝑖� =
𝑒𝑒𝑒𝑒𝑒𝑒�𝑒𝑒𝑖𝑖𝑖𝑖�

∑ 𝑒𝑒𝑒𝑒𝑒𝑒(𝑒𝑒𝑖𝑖𝑖𝑖)𝑘𝑘∈𝑁𝑁(𝑖𝑖)∪{𝑖𝑖}
  (2) 
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The attention coefficients are normalized by applying the LeakyReLU [39] nonlinearity with negative 

input slope α = 0.2. 

α𝑖𝑖𝑖𝑖 =
𝑒𝑒𝑒𝑒𝑒𝑒�𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿�𝑎𝑎�⃗ 𝑇𝑇�𝑊𝑊ℎ��⃗ 𝑖𝑖||𝑊𝑊ℎ��⃗ 𝑗𝑗���

∑ 𝑒𝑒𝑒𝑒𝑒𝑒�𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿�𝑎𝑎�⃗ 𝑇𝑇�𝑊𝑊ℎ��⃗ 𝑖𝑖||𝑊𝑊ℎ��⃗ 𝑗𝑗���𝑘𝑘∈𝑁𝑁𝑖𝑖
  (3) 

The output node features h�⃗ ′i is finally computed in the final GAT layer as follows: 

ℎ�⃗ ′𝑖𝑖 =  𝜎𝜎 �1
𝐾𝐾
∑ ∑ 𝛼𝛼𝑖𝑖𝑖𝑖𝑘𝑘𝑗𝑗∈𝑁𝑁(𝑖𝑖)∪{𝑖𝑖}
𝐾𝐾
𝑘𝑘=1 𝑦⃗𝑦𝑗𝑗�  (4) 

2.3. Retrieval Augmented Generation Technique 

Retrieval-augmented generation (RAG) is a powerful technique that enhances downstream task 

execution by retrieving additional information, such as knowledge, skills, and tools from external sources 

[40]. The RAG system consists of two core modules [41]: the retriever and the generator. The retriever 

searches for relevant information from the data store, and the generator produces the required contents. 

The RAG process is as follows: (i) the retriever receives the input query and searches for relevant 

information; (ii) the original query and retrieval results are then fed into the generator through a specific 

augmentation methodology; and (iii) finally, the generator achieves the desired results. Widely used 

retrieval methods are sparse and dense retrieval, where the entire process can be divided into two distinct 

phases: (i) each object is first encoded into a specific representation; (ii) an index is constructed to 

organize the data source for efficient search.  

To address semantic ambiguity in natural language questions and improve the matching with 

MongoDB queries, dense retrieval is more suitable. In particular, the Sentence-BERT dense model offers 

a deeper understanding of textual meaning, outperforming traditional sparse methods, such as BM25 

[42]. 

Sentence-BERT (SBERT) uses Siamese and triplet networks to derive semantically meaningful 

sentence embeddings [21]. It computes semantic similarity between sentences by encoding each sentence 

into a shared embedding space. SBERT employs a Siamese architecture, where identical BERT encoders 

independently generate fixed-sized vectors, avoiding BERT’s costly cross-attention operations. 

In the proposed approach, SBERT is utilized prior to MongoDB query generation to match parts of  

the natural language question with the most relevant components of the MongoDB schema to identify 

which collections, fields, and nested attributes the question refers to. 

Given a user question 𝑄𝑄, SBERT encodes it into a dense embedding that captures the semantic 
meaning of the question rather than relying on keyword-level similarity: 𝑒𝑒𝑄𝑄����⃗ = SBERT(Q)    

From the graph representation of the MongoDB schema h′ = �h�⃗ ′1, h�⃗ ′2, … , h�⃗ ′N�, generated by the 
GAT model, SBERT computes the semantic similarity (using cosine measure) between the dense 
embeddings of the user question eQ����⃗  and the embeddings of the schema node i. 

𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐𝑐𝑐𝑐𝑐�𝑒𝑒𝑄𝑄����⃗ ,ℎ�⃗ ′𝑖𝑖� = 𝑒𝑒𝑄𝑄�����⃗ .ℎ��⃗ ′𝑖𝑖 
�𝑒𝑒𝑄𝑄�����⃗ ��ℎ��⃗ ′𝑖𝑖�

  (5) 

By utilizing similarity, contrastive learning allows our model to align the semantic embedding of a 

user question with the structural embedding of the right schema component. We use InfoNCE [43] as 

the objective function, where the model brings a question and its matching GAT-encoded schema node 

together in the latent space while excluding irrelevant nodes. This alignment improves SBERT's ability 

to obtain the most important schema items during the RAG process, leading to more accurate and 

semantically grounded MongoDB query generation. InfoNCE minimizes the loss function defined 
between the embedding question eQ����⃗  , its corresponding positive schema embedding h�⃗ +, and a set of 
negative schema embeddings �h�⃗ −i�: 
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ℒ𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = − log exp�𝑠𝑠�𝑒𝑒𝑄𝑄�����⃗ ,ℎ��⃗ +�/𝜏𝜏�

exp�
𝑠𝑠�𝑒𝑒𝑄𝑄������⃗ ,ℎ��⃗ +�

𝜏𝜏 �+∑ exp�𝑠𝑠�𝑒𝑒𝑄𝑄�����⃗ ,ℎ𝚥𝚥����⃗
−
�/𝜏𝜏�𝑀𝑀

𝑗𝑗=1

   (6) 

with 𝑡𝑡 is the temperature parameter introduced to avoid the gradient saturation. After retrieving the 

corresponding schema of the user question, the second step of the RAG pipeline is focused on MongoDB 

query generation. The input question and retrieved relevant schema are then fed into the generator 

through a specific augmentation methodology. We used a fine-tuned T5-base to translate the augmented 

user question input into its corresponding executable MongoDB query. 

2.4. T5-base Generator 

T5 (Text-to-Text Transfer Transformer) [20] is a pretrained generative language model developed 

by Google AI in 2020 that supports more languages than other NLP-specific models. It is intended to 

manage all NLP problems (e.g., summarization, translation, classification, etc.) as a text-to-text 

transformer, allowing it to perform a variety of tasks within a unified framework. In our work, we use 

the T5-base variant as a generator component within the RAG pipeline, as it provides stronger accuracy 

without excessive resource demands [44].  

T5 generates target tokens based on encoder-decoder architecture, where the encoder input is the 

user question augmented with the retrieved schema components from the AT-based graph 

representation for the translation task. The encoder represents both the semantic intent of the question 

and the schema's structural limitations at the same time. This creates contextualized representations that 

help the decoder when it is generating queries. Based on these representations, the decoder uses 

autoregression to create the target query tokens. This makes sure that the output is both semantically 

correct and follows the structure of the underlying schema. 

Let q = (q1, q2, … , qn) denote the token sequence of the natural language question and s =
(s1, s2, … , sm) denote the token sequence representing the relevant schema components. The encoder 

maps the augmented sequence input [q, s] into a sequence of contextualized hidden representations H: 

 H = Encoder([𝑞𝑞, 𝑠𝑠]). The decoder generates the MongoDB query Q, autoregressively, conditioned on 

the encoder representation: 𝑃𝑃(𝑄𝑄|[𝑞𝑞, 𝑠𝑠]) = ∏ 𝑃𝑃(𝑦𝑦𝑡𝑡|𝑦𝑦<𝑡𝑡 ,𝐻𝐻])𝑇𝑇
𝑡𝑡=1 . With yt = Decoder(y<t, H) and 

y<t = (y1, y2, … , yt−1 ) are previously generated tokens. 

3. Method 
We propose the QMQL (Question to Mongo Query Language) model to convert a natural-language 

question into its corresponding MongoDB query language (MQL). The model operates under the 

flexible schema constraints of document-oriented databases and effectively addresses semantic ambiguity 

in natural-language questions. Fig. 2 illustrates the pipeline for generating MongoDB queries from 

natural-language questions, designed to assist end users in the data-querying process. The user-facing 

interface of the proposed pipeline takes a user query, formulated in natural language, and automatically 

constructs a corresponding MQL query to be executed over the MongoDB process data. 

The flexible schema of a MongoDB database is modelled as a graph, where each node represents a 

collection and each edge represents a reference relationship between collections. To be specific, the node 

ni that corresponds to a collection Ci can be defined as: 

ni = (Ci, Fields(Ci))  (7) 

with 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹(Ci ) is the union of all field names of all documents belonging to the collection Ci. As 

a result, each field name is included only once, thereby removing redundancy and yielding a compact 

node-level representation. 

Fields(Ci) = ⋃ �k| (k: v) ∈ dij�
|Ci|
j=1   (8) 
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Fig. 2. QMQL pipeline. 

The extraction of collection names and their corresponding lists of fields is performed using the 

MongoDB command db.list_collection_name() for retrieving collection names and 

db[column_name].find({}, {_id:0}) for obtaining the fields of each collection, excluding the _id field.  

An edge eij is created between nodes ni and nj, if at least one field in collection Ci references the 

primary key of the collection. In practice, such references are frequently inferred using heuristics like 

naming conventions (for example, fields ending with _id that match the name of another collection). 

Formally: 

eij = �ni, nj� if ∃k ∈  Fields(Ci) such that k → Cj. _id.  (9) 

thus, the schema graph G is defined as G = (N, E), where N and E denotes the sets of nodes and edges, 

respectively. Since database schemas may evolve over time through the addition of new collections, 

modifications to fields, or the introduction of new inter-collection relationships, the QMQL model 

must identify such structural changes and recompute the corresponding schema graph embeddings. To 

detect schema evolution, the QMQL framework periodically checks structural metadata by computing 

the number of essential schema components, namely: (i) the number of collections, (ii) the number of 

inter-collection references, and (iii) the total number of fields across collections. These structural 

indicators serve as lightweight signatures of the schema state. More formally, the schema evolution is 

detected when at each monitoring interval 𝑡𝑡: (𝑁𝑁𝑡𝑡 ,  𝐸𝐸𝑡𝑡 ,  𝐹𝐹𝑡𝑡) ≠ (𝑁𝑁𝑡𝑡−1,  𝐸𝐸𝑡𝑡−1,  𝐹𝐹𝑡𝑡−1). If  any of these 

numbers change, the schema is updated. This technique provides an efficient way for detecting structural 

modifications without reprocessing the full database content. 

After detecting a change, the following steps are executed: 
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• The graph is recreated to reflect the additional collections, updated field sets, or updated 

relationships. 

• Each collection node is re-encoded using its modified metadata representation (collection name 

and list of fields). 

• A forward pass through the GAT layer recomputes attention coefficients and updates node 

embeddings. 

QMQL integrates a Graph Attention Network (GAT) to capture fine-grained dependency 

relationships among nodes in the graph by assigning adaptive attention weights to their neighbors, 

thereby enabling selective and contextual feature aggregation (refer to Steps 1 to 6). This representation 

is then combined with a Retrieval-Augmented Generation (RAG) framework that leverages SBERT for 

semantic retrieval and T5-base for generating the MongoDB queries that are directly executable to return 

answers (refer to Steps 7 to 9). Although these components work together within a unified architecture, 

each provides distinct scientific insights, resulting in accurate, versatile, and schema-aware query 

generation. 

We first introduce the initial component for query generation, namely a GAT-based schema 

representation method designed to enhance flexible document-oriented schemas. GAT operates on 

graph-structured data, where it takes node embeddings derived from the graph as input and produces 

refined node representations.  

The natural language question Q = {q1, q2, … , q|Q|} is a sequence of |Q| tokens. The MongoDB 

database schema consists of N collections C = {C1, C2, … , CN} and each collection Ci consists of a set of 

documents Ci = {di1, di2, … , di|Ci|}. Each document dij in collection Ci is represented by a set of key-

value pairs: dij = {(k1: v1), (k2: v2), … , (k|Kij|: v|Kij|)} with |Kij|denotes the number of keys in 

document dij of the collection Ci. 

The input to a GAT layer is a set of dense embedding vectors representing the MongoDB schema. 

These embeddings are obtained using the SBERT encoder, which maps the textual description of each 

collection, composed of the collection name and its associated fields into fixed-size dense vector 

representations (refer to Steps 4 and 5). Formally, this process is defined as:  

 ℎ = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆�name of 𝐶𝐶𝑖𝑖 ,𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹(𝐶𝐶𝑖𝑖)� = �ℎ�⃗ 1,ℎ�⃗ 2, … ,ℎ�⃗ 𝑁𝑁�  (10) 

where N denotes the number of collections in the database. In parallel, the user question Q expressed in 

natural language is encoded using the SBERT encoder to obtain its embedding eQ�����⃗ = SBERT(Q) (refer 

to Steps 1 and 2). 

The output of the GAT layer consists of the refined node features h�⃗ ′i of the node ni (refer to Step 

6). These representations are subsequently fed into the RAG framework, where SBERT is used to 

compute the similarity between each node embedding h�⃗ ′i and the user question 

embedding  eQ������⃗  with score(ni) = cos� eQ�����⃗ , h�⃗ ′i� (refer to Steps 7 and 8). 

The top-K nodes with the highest similarity scores are selected as the relevant schema vectors, 

providing both the structural and semantic context for the subsequent T5-base generation stage. In our 

work, we set K=5 based on experiment results, balancing retrieval completeness and efficiency.  

The T5-base generator, fine-tuned on MongoDB generation, takes as input the user’s natural 

language question along with the original textual description of the relevant schema, including the 

collection name and its associated fields, which together represent the context provided to T5-base. For 

complex questions, we employ a Zero-Shot Chain-of-Thought [45] prompting strategy, guiding T5-

base to reason step-by-step based on the relevant schema context before generating the MongoDB query. 
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4. Results and Discussion 
To evaluate the performance of the proposed QMQL transformation model, a set of experiments was 

conducted on a PC equipped with an Intel Core i5 processor, 16 GB of RAM, and an NVIDIA RTX 

GPU to accelerate model training and inference. The T5-base model is fine-tuned via supervised learning 

on a dataset of natural-language questions paired with their corresponding MongoDB queries. The 

M2Q2+ dataset is constructed using a hybrid approach that combines manual annotation with data 

augmentation techniques [46], followed by quality assessment [22]. It extends the original M2Q2 dataset 

[47] by enriching the collection of Movie question-query pairs with more complex queries and by 

incorporating two additional domains: student training and finance. 

 consists of JSON documents containing question-query pairs drawn from three diverse domains: 

movies, student training, and finance, thereby enabling an evaluation of the proposed model’s robustness 

and domain generalisation capability in interpreting and understanding user questions. Table 1 

summarises the main properties of our dataset. 

Table 1.  Dataset Description. 

Property Description 
Total size 520k (k=100.000) 

Domain distribution Movies 120k, students training (200k) , and finance (200k) 

Quality control Manual verification+ schema consistency checks, and removal of ambiguous or 

invalid queries 

Input example: “Movies” List movie titles along with their comments. 

Output example “Movie” db.movies.aggregate([{$lookup: {from: "comments", localField: "_id", 

foreignField: "movie_id", as: "movieComments"}  }]); 

Input example “Student training” List students by grades where any exam score is greater than 90. 

Output example “Student training” db.grades.find({"scores": { $elemMatch: { type: "exam", score: { $gt: 90 } }}}); 

Input example: “Finance” Get the five accounts with the highest credit limits. 

Output example “Finance” db.accounts.find().sort({ limit: -1 }).limit(5); 

4.1. Determining K for the top-K relevant schema components 
The initial evaluation of our model aims to assess the RAG framework's ability to retrieve the top-K 

most relevant schemas using SBERT. The best value of K is found using two essential performance 

measures: precision and recall, which are computed with reference to the ground truth produced during 

dataset construction. We start with K = 1 and gradually increase the value. For each K, several 

experimental runs are carried out, and the average precision and recall scores are presented. In the context 

of our study, we define the following evaluation measures: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  |𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑠𝑠𝑠𝑠ℎ𝑒𝑒𝑒𝑒𝑒𝑒∩𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑠𝑠𝑠𝑠ℎ𝑒𝑒𝑒𝑒𝑒𝑒|
|𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑠𝑠𝑠𝑠ℎ𝑒𝑒𝑒𝑒𝑒𝑒|

  (11) 

Recall =  |relevant schema∩retrieved schema|
|relevant schema|

  (12) 

Table 2 reports the results of the top-k schema retrieval experiments. For each value of K, a total 
of 700 natural questions across three domains are evaluated; therefore, we measure the average of 
precision and recall. These results are used to evaluate the retrieval module's performance and to 
determine the optimal number of schema items to send to the downstream query-generating model. 

The results show that the small value of K (K<3) leads to low average precision and recall, indicating 

insufficient schema coverage. Performance improves at K=4 and reaches its optimum at K=5, with both 

Precision and Recall at 0.98, indicating an outstanding balance between relevance and coverage. 

Increasing K results in slightly lower precision and recall, indicating that retrieving more schema pieces 

adds noise without boosting coverage. As a result, K = 5 is selected as the fixed number of the most 

relevant schema elements for generating MongoDB queries from user natural-language questions. 
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Table 2.  Results of the selected top-K relevant schema. 

K AVG(Precision) AVG(Recall) 
1 0.40 0.45 

2 0.45 0.45 

3 0.45 0.42 

4 0.53 0.55 

5 0.98 0.98 
6 0.98 0.95 

7 0.97 0.94 

8 0.96 0.90 

9 0.96 0.90 

 

 Compared with models that rely exclusively on code-pretrained generation, explicitly establishing 

query generation on the top-K schema components returned improves execution accuracy significantly, 

especially under schema drift. QMQL retains greater robustness to domain changes by employing 

schema-aware embeddings from GAT and semantic matching from SBERT, whereas code-pretrained 

generators experience significant reductions in execution accuracy. 

4.2. Fine-tuning T5-base 
After determining the optimal top-k value, the T5-base generator within the RAG framework is 

fine-tuned using the relevant schema elements as context. T5 takes as input a natural-language question 

augmented with the selected K relevant schema components and is trained to generate the corresponding 

MongoDB queries.  

To ensure a thorough assessment and avoid schema leakage, the dataset is split into 80% training 

and 20% testing sets at the schema-component level rather than at the individual question-query pair 

level. Schema components are initially identified as atomic units. All question-query pairs derived from 

the same schema fragment are then simply allocated to a single split. The splits are designed to ensure 

that no schema fragment is present across all sets, hence guaranteeing that the model is assessed on 

novel schema structures during testing. In addition, to provide a fair and unbiased evaluation, the split 

is domain-based, with each subset containing representative samples from the movie, student training, 

and finance domains. This technique enables a reliable evaluation of the model's robustness across diverse 

application domains. During the training phase, two key tasks- preprocessing and fine-tuning steps are 

applied: 

• Task-Specific Prefix Insertion: A Task-Specific Prefix is prepended to each input sequence to 

explicitly define the fine-tuning objective and enrich the contextual representation. The prefix, 

"Translate Question to MongoDB Query," is added to the input sequence prior to tokenization and 

encoding. 

• Lowercase normalization: The input data is converted to lowercase to eliminate inconsistencies 

arising from case variations, thereby ensuring uniform text representation and more stable model 

training. 

 

In addition, hyperparameters that control the fine-tuning process are selected via a grid search based 

on validation performance. The final model configuration is trained using the optimal hyperparameters. 

Table 3 presents the hyperparameters considered for fine-tuning, their respective value ranges, and the 

optimal values. 

Table 3.  Hyperparameters for fine-tuning T5-base. 

Hyperparamter Value ranges Optimal value 
Learning rate 1e-5, 3e-5, 5e-5 3e-5 

Batch size 8, 16 8 

Number of epochs 5, 10, 15, 20 10 

Maximum input length 256, 512 512 

Maximum target length 128, 256 256 

Optimizer Adam, AdamW, Adafactor AdamW 

Loss Function Cross-entropy, Label-smoothinh Cross-entropy 
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Table 3 shows the hyperparameters that optimize validation performance. A learning rate of 3e-5 and 

a batch size of 8 ensure consistent convergence while maintaining generation accuracy. Training for 10 

epochs provides the optimal balance of underfitting and overfitting. Larger input and target lengths (512 

and 256, respectively) enable the model to fully leverage schema context and generate complete 

MongoDB queries. The AdamW optimizer routinely beats other optimizers, while cross-entropy loss is 

the most effective method for structured query generation, resulting in improved syntactic and semantic 

accuracy. 

4.3. Computational cost analysis 
To evaluate the feasibility of the proposed QMQL framework in interactive environments, we analyze 

the computational costs of its main components: the GAT model for schema refinement, SBERT for 

word-sense disambiguation, and T5-base for query generation. 

The GAT module operates on the schema graph G=(N, E) rather than on the database contents, 

where the number of nodes N corresponds to schema elements (collections and fields F). Although GAT 

is well-known for its graph attention layer, which is computationally efficient because it avoids costly 

adjacency matrix operations and allows for parallelization across nodes [48], we investigate the encoding 

time costs required to compute node embeddings for a graph, which is typically the primary bottleneck 

in real-time or large-scale applications. We measured the GAT encoding time for schema graphs of 

various sizes. Therefore, we fixed the feature dimension at 𝐹𝐹=32 and the number of attention heads at 

𝐻𝐻=4. Each measurement represents a forward pass across the full collection graph. The results are 

summarized in Table 4. 

Table 4.  Hyperparameters for fine-tune T5-base. 

𝐍𝐍 𝐄𝐄 Runtime (ms) 
3 10 0 

6 14 0.11 

7 16 0.11 

10 25 0.11 

20 50 0.15 

50 100 0.84 

100 125 0.96 

The results show that for small graphs (N ≤ 10 collections), encoding occurs basically immediately 

(<0.2 ms). As the number of collections and relationships expands, the runtime increases. Notably, even 

for 100 collections with 125 relationships, the encoding time remains under 1 ms. The encoding process 

operates only on the schema graph, rather than on database records. As a result, the computational cost 

remains constant regardless of the quantity of documents stored. Even with increased schema 

configurations, the duration remained under 1 ms, demonstrating that GAT-based schema refinement 

is not a computational bottleneck. These findings demonstrate that QMQL is well-suited for interactive 

and real-time deployment, especially since schema evolution events occur significantly less often than 

data updates. 

To evaluate the computational cost of the second component of QMQL, namely SBERT for word-

sense disambiguation, we measure the retrieval latency associated with computing the query embedding 

and determining the most relevant schema components (the top-5 relevant schema components). 

SBERT calculates semantic similarity scores between the user query and the schema items after encoding 

them both into dense vector representations. These similarity ratings are then used to return the top-k 

relevant schema elements. The retrieval time is determined mostly by the number of schema components 

that must be semantically compared to the user query. Given a user query, we utilize the same schema 

sizes as provided in Table 4, and the associated latency findings are shown in Fig. 3. 

As illustrated in Fig. 3, the similarity computation scales roughly linearly with the number of schema 

components. However, retrieval time is negligible for schema sizes N≤100. Because schema embeddings 

are precomputed, cached, and reused during inference. 
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Fig. 3. SBERT retrieval across different schema sizes. 

T5-base, with about 220 million parameters, achieves a balance between expressive capacity and 

computational efficiency. The autoregressive decoding algorithm generates the output query token by 

token; therefore, the generation latency is proportional to the length of the output sequence. To evaluate 

generation latency, we measure it as a function of the size of the relevant input schema and the 

complexity of the generated output query. We tested a total of 500 queries, covering a diverse range of 

MongoDB operations (40% Find with conditional operators, 30% aggregate with $group, $match and 

$project, and 30% join with $lookup). Fig. 4 showcases the results. 

 

Fig. 4. Lantency comparison of MongoDB queries vs Schema size. 

The computational cost experiment shows significant differences in how MongoDB operations scale 

as schema size expands. The Find operation is nearly consistent across all values of N, increasing only 

slightly from 1 to 1.5 as the schema evolves from 3 to 100 collections. Practically, this indicates that 

simple retrieval operations have low overhead in interactive settings. Aggregation operators: $group, 

$match, and $project exhibit latency that increases steadily with schema size. The evolution of their 

pattern is roughly linear, implying that their processing cost varies in proportion to the number of 

relevant schema components in the query. Among these, the $group has the largest cost, followed by 

$match, while the $project is rather low. This is consistent with their core execution mechanisms: 

$group manages accumulator structures and performs hash-based grouping; $match evaluates predicates; 

and $project mostly handles field-level changes. Results show that, while aggregation remains 

reasonable, its cost becomes more obvious as schema size increases.  

The Join $lookup operator experiences the most substantial development. Its latency increases 

significantly beyond moderate schema sizes (e.g., N≥20). At N=100, $lookup has the highest latency 
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among all analyzed operations. This behavior represents the inherent complexity of cross-collection 

joins, which necessitate matching documents across collections, creating intermediate results, and 

sometimes expanding nested structures. Even under controlled settings, the join procedure has 

significantly more computational cost than single-collection aggregations. 

At huge schema sizes, $lookup is consistently the most computationally expensive operator, followed 

by $group, $match, and $project, while Find is still the most efficient. This indicates that cross-

collection joins are the primary cause of overhead in schema-driven query processing. 

Overall, the framework performs well in retrieval and typical aggregation tasks. However, join-based 

queries add substantial latency and must be carefully optimized. Limiting useless $lookup operations and 

restricting queries to the most important schema components is critical for maintaining scalability as the 

schema increases. 

4.4. Performance comparison 
The QMQL model is evaluated by comparing the generated MongoDB query language (MQL) 

statements with the corresponding ground truth queries associated with each user question. Concretely, 

there are three types of evaluation metrics that are used to assess the model effectiveness, including exact 

set match accuracy (EM), execution accuracy (EX) [7], and Bilingual Evaluation Understudy (BLEU) 

[49].  

Exact Set Match Accuracy (EM) is calculated by comparing the predicted MongoDB query Q ̂ with 

the ground-truth MongoDB query Q. 

Score�Q�, Q� = �1,    Q� = Q    
0,    Q� ≠ Q  

  (13) 

Formally, the EM is calculated by: 

EM = ∑ Score�Q�n,Qn�N
n=1

N
   (14) 

where, 𝑁𝑁 denotes the total number of samples. 𝐸𝐸𝐸𝐸 evaluates the model performance by strictly 

comparing differences in MongoDB queries, but humans’ MQL annotations are often biased since a 

Natural language questions may correspond to multiple MQL queries. Execution Accuracy (EX) is 

calculated by comparing the output results of executing the ground-truth MQL query and the predicted 

MQL query on the database contents shipped with the test set. We treat the predicted query as correct 

or equivalent query only if the results of executing the predicted MQL query V� and the ground-truth 

MQL query V are same: 

Score�V�, V� = �1,    V� = V    
0,    V� ≠ V  

  (15) 

Similarly with EM, the EX is calculated by: 

EX = ∑ Score�V�n,Vn�N
n=1

N
  (16) 

We primarily test query generation quality using exact match accuracy (EM) and execution accuracy 

(EX), which directly evaluate structural correctness and semantic equivalence by ensuring that the 

generated query either matches the reference query exactly or yields the same execution result. However, 

these metrics are inherently meticulous and do not account for partially correct queries that differ in 

syntax but are otherwise similar to the reference formulation. As a result, we use BLEU to assess the 

syntactic similarity between generated and reference questions, offering a more detailed evaluation of 

query formulation quality. BLEU supplements EM and EX by identifying incremental improvements in 

query structure that are not captured by binary precision metrics. 
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BLEU (Bilingual Evaluation Understudy) is a structure-aware measure often used to evaluate 

machine translation by comparing n-grams between the output text and one or more reference texts and 

then computing a score based on the precision of these n-grams: 

BLEU = BP × exp∑ (wnlogPn)N
n=1   (17) 

BP (Brevity Penalty) adjusts the score for the shorter translations. It is calculated as min(1, 
(reference_length/translated_length)). 

The performance of QMQL is compared with four widely used Large Language Model-based 

generators, namely LLaMA 3.0 [50], GPT 4.0 [51], Manus AI [52], and CodeT5 [53] specifically 

designed for code generation tasks. The training is conducted on three subsets corresponding to distinct 

application domains: movies, student training, and finance, to achieve domain generalisation, which 

means the ability to generalise to domains that are unseen during training. The quantitative results of 

this evaluation are reported in Table 5. 

Table 5.  Results of the performance comparison. 

Model Subset of Movies  Subset of Student-training Subset of Finance 
EMA EM BLEU  EMA EM BLEU EMA EM BLEU 

LLAMA 0.63 0.56 0.42  0.59 0.53 0.40 0.55 0.48 0.48 

GPT 0.70 0.64 0.48  0.67 0.70 0.71 0.60 0.59 0.46 

Manus 0.78 0.85 0.81  0.78 0.84 0.81 0.72 0.79 0.80 

CodeT5 0.79 0.87 0.85  0.80 0.88 0.85 0.79 0.88 0.86 

QMQL 0.89 0.91 0.95  0.89 0.92 0.96 0.88 0.90 0.94 

Table 5 demonstrates that QMQL consistently out performs all sate of the art LLM models across 

the three domains and all assessment metrics. General-purpose LLMs (LLaMA, GPT, and Manus) 

perform moderately well but suffer with accurate query matching, particularly in schema-sensitive 

domains like student training and finance. Manus consistently outperforms GPT and LLaMA in most 

domains and metrics, demonstrating superior skills in creating MongoDB queries; however, it falls short 

of QMQL, which benefits from explicit schema retrieval and task-specific fine-tuning. 

CodeT5 benefits from code-driven pretraining and outperforms typical LLMs, although it lacks 

explicit schema grounding. In contrast, QMQL achieves the highest EM, EMA, and BLEU scores, 

demonstrating the efficacy of combining RAG-based schema retrieval with task-specific fine-tuning. 

The performance gap is more pronounced in complex domains, indicating that explicit schema 

information is required for accurate MongoDB query creation. 

4.5. Discussion 
The studies show how the proposed QMQL model generates accurate MongoDB queries across 

multiple domains. The initial examination of the RAG framework highlighted the importance of 

selecting the most relevant Top-K schema components. Using small K values (e.g., K = 1 or K = 2) 

resulted in low precision and recall, indicating insufficient schema coverage. Increasing K beyond 5 

somewhat affected precision due to noise. The best value, K=5, strikes a compromise between relevance 

and coverage, ensuring the query generator obtains sufficient context. 

 A key factor contributing to the effectiveness of the QMQL model is its use of SBERT to integrate 

user questions and schema elements. Ambiguity in natural language inquiries sometimes arises when 

many schema components share the same name or when relationships between collections are implicit. 

QMQL tackles this issue by combining graph-based schema encoding with dense semantic retrieval. 

The schema graph G=(N,E) represents the structure of a document-oriented database. GAT embeddings 

spread information across connected nodes, allowing the model to encode both a collection's local fields 

and its context in the graph. This distinguishes identical field names across collections and clarifies 

relational dependencies. BERT embeddings of questions and schema components serve as a semantic 

filter, selecting only the top-K relevant schema elements. This ensures that the generating module 
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depends solely on semantically aligned components, hence eliminating the lexical ambiguity inherent in 

natural language. 

The combination of structural context (by GAT) and semantic relevance (via SBERT) mitigates 

structural and lexical ambiguity, allowing QMQL to generate precise and contextually grounded queries. 

Empirical results show that this technique outperforms models based only on code-pretrained 

generation, especially in schema drift or domain shift scenarios. 

The evaluation, based on exact match accuracy (EM), execution accuracy (EX), and BLEU score, 

shows that QMQL consistently outperforms the state-of-the-art models across all domains. General-

purpose linear models (LLaMA, GPT, and MANUS) achieve satisfactory results but struggle with exact 

query matching in schema-sensitive domains such as student education and finance. Among them, 

Manus consistently outperforms GPT and LLaMA, demonstrating its superior ability to generate 

structured queries. CodeT5, with its code-oriented pre-training, outperforms the classic linear models 

but still lacks explicit schema integration. QMQL achieves the highest EM, EX, and BLEU scores across 

all domains, demonstrating the high efficiency of RAG-based schema retrieval, combined with task-

specific fine-tuning, for generating Text-to-MQL queries. The advantage of QMQL is more 

pronounced in complex domains, confirming that explicit schema consideration is essential for 

generating accurate and executable MongoDB queries. The computational costs of the proposed QMQL 

framework are heavily influenced by its three major components: Graph Attention Networks (GAT), 

Sentence-BERT (SBERT), and T5. Each has unique computational properties that affect the system's 

overall efficiency. 

In reality, the QMQL framework achieves a compromise between both components by restricting 

the number of relevant schema elements (top-K selection) and constraining generated query complexity. 

The GAT component scales with schema size, SBERT with the textual length of the question and 

schema, and T5 with generated query length. As a result, the system's total latency can be successfully 

reduced by carefully selecting K, restricting input sequence lengths, and optimizing generation length, 

all while maintaining high efficiency in schema grounding and query formulation. These results validate 

the robustness of QMQL in heterogeneous domains and its ability to generalize beyond specific training 

contexts. 

5. Conclusion 
This work presents QMQL, a schema-aware text-to-MongoDB query generation framework that 

integrates SBERT-based semantic search with a RAG-enhanced T5 generator. By explicitly extracting 

the most relevant schema elements and conditioning query generation on this structured context, 

QMQL effectively handles semantic ambiguity and schema flexibility in NoSQL databases. Experimental 

results obtained in three different domains demonstrate that QMQL consistently outperforms leading 

language models and code-oriented reference methods in terms of exact match accuracy, execution 

accuracy, and BLEU score. The analysis also confirms that selecting an optimal set of Top-K schemas 

and applying task-specific fine-tuning are key factors in ensuring high query accuracy and robustness. 

Future work will explore extending this approach to other NoSQL databases, as well as incorporating 

multilingual semantic resources and addressing complex structures to further enhance generalization and 

interpretability. Exploring fine-tuning techniques and optimized parameter adaptation could reduce 

training costs while maintaining performance. Finally, integrating user feedback and reinforcement 

learning could improve query accuracy and personalization in real-world deployments. 
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