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Abstract With the advent of the big data era, the significance of data analysis has increasingly
come to the forefront, showcasing its ability to uncover valuable insights from vast datasets,
thereby enhancing the decision-making process for users. Nonetheless, the data analysis
workflow faces three dominant challenges: high coupling in the analysis workflow, a plethora
of interactive interfaces, and a time-intensive exploratory analysis process. To address these
challenges, we introduce with this paper Navi, a data analysis system powered by natural
language interaction. Navi embraces a modular design philosophy that abstracts three core
functional modules from mainstream data analysis workflows: data querying, visualization
generation, and visualization exploration. This approach effectively reduces the coupling of
the system. Meanwhile, Navi leverages natural language as a unified interactive interface
to seamlessly integrate various functional modules through a task scheduler, ensuring their
effective collaboration. Moreover, in order to address the challenges of exponential search space
and ambiguous user intent in visualization exploration, we propose an automated approach for
visualization exploration based on Monte Carlo tree search. In addition, a pruning algorithm and
a composite reward function, both incorporating visualization domain knowledge, are devised
to enhance the search efficiency and result quality. Finally, we validate the effectiveness of Navi
through both quantitative experiments and user studies.
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In the era of big data, data analysis showcases the significance in a variety of fields such
as business intelligence and scientific research!"!. However, the current data analytics workflow
still faces challenges such as high coupling in the analytics workflow, a plethora of interactive
interfaces, and a time-intensive exploratory analytics process.

As shown in Figure 1, the mainstream data analytics workflow includes the following key
steps: (1) users query a subset of data from the database for analytics through SQL queries or
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Python; (2) users probe into the data insights in the dataset through data tables or visualizations
and use the visualization results for presentation and communication; (3) during the visualization
process, users use visualization query languages (e.g. Vega-Lite!?') or interactive visualization
tools (e.g. Tableau™) to generate visualization results. If the visualization results cannot meet
the user’s need for data analytics, the user may repeat the above steps.
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Figure1 Framework of Navi as a data analysis system powered by natural language interaction

The steps above in the data analytics workflow are interdependent and usually require
repeated iterations for exploratory analytics, which result in high coupling in the analytics
workflow and high time consumption. In addition, data analytics, as a professional and complex
task, poses high requirements for professional skills and visualization analytics abilities of users.

With the aim of reducing the threshold and time required for users to conduct data analytics
and enhancing the quality and efficiency of data analytics, researchers have optimized the data
analytics workflow to improve the efficiency of human-machine collaboration. As shown in
Table 1, the available systems mainly optimize single links in the data analytics workflow,
failing to simultaneously address the three major challenges of high coupling in the analytics
workflow, a plethora of interactive interfaces, and a time-intensive exploratory analytics process.

Table1 Comparison between Navi and existing systems

Systems Data querying  Visualization generation ~ Visualization exploration
RATSQLM v X X
SEQ2VISH! X Vv X
DeepEyelf] X X Vv
KG4VIS x X v

Navi v Vv v

To address the above challenges, we propose the following objectives (Figure 2).

(1) Modular analytics workflow. To improve the flexibility and reusability of the data
analytics workflow, we abstract three modules from the mainstream data analytics
workflows to reduce the coupling in the analytics workflow. The modular design enables
the flexible utilization of different data querying, visualization, and interaction methods
to meet the diverse and customized data analytics needs.
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Figure 2 Objectives and system design of this paper

(2) A unified interactive interface. Data analytics is a complex process involving multiple
types of tasks, each with a specific interactive interface, and users need to convert
between different tasks. To address the challenge of diverse types of interactive interfaces,
we leverage natural language as a unified interactive interface to integrate diverse data
analytics tasks (such as data querying, visualization generation, visualization exploration),
thus improving the collaboration efficiency.

(3) Automatic exploratory analytics. Exploratory analytics is a key step in data analytics.
Conventional methods require users to generate and select visualizations and optimize the
analytics results through iterations. The above process is cumbersome, complex, time-
consuming, and requires high professional skills of users. To address these problems, we
propose an automated approach for visualization exploration based on Monte Carlo Tree
Search (MCTS)“”, which combines data features, visualization domain knowledge, and
user preferences to automatically explore datasets and generate valuable visualizations
without excessive user intervention and feedback. The automatic approach can improve
the efficiency and quality of exploratory analytics.

To achieve the above objectives, we design and implement Navi, a data analysis system
powered by natural language interaction (Figure 1). Navi adopts a modular design philosophy
that abstracts three core functional modules: data querying, visualization generation, and
visualization exploration, from mainstream data analytics workflows®! (achieving objective (1)).
With natural language as a unified interactive interface, a task scheduler is designed to parse
natural language queries input by users and distribute them to corresponding functional modules
(achieving objective (2)). As shown in Figure 2, each module of Navi is implemented based on
deep learning. The key technology of the data querying module is to convert natural language
to SQL (NL2SQL), while that of the visualization generation module is to convert natural
language to visualization (NL2VIS). For the visualization exploration module, an approach
based on MCTS is proposed to efficiently explore the visualization space (achieving objective
(3)). Therefore, Navi serves as a data analysis system powered by natural language interaction,
achieving data querying, visualization generation, and visualization exploration. The main
contributions of this paper are summarized as follows.

(1) The modular analytics philosophy is adopted to abstract three common modules from the
mainstream data analytics workflows, reducing the coupling in the analytics workflow
(Section 1).

(2) Natural language is leveraged as a unified interactive interface to integrate data querying,
visualization generation, and visualization exploration modules (Section 2).

(3) An automatic approach for visualization exploration is proposed based on MCTS to
achieve automatic exploration and visualization of datasets. A pruning algorithm and
a composite reward function, both incorporating visualization domain knowledge, are
devised to enhance the search efficiency and result quality (Section 3).
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(4) With the approaches above, this study designs Navi, a natural language-powered end-to-
end data analysis system and validates its effectiveness through experiments (Section 4).

1 Introduction of Navi

1.1 Modular design

Adopting a modular design philosophy, Navi is composed of three functional modules:
data querying, visualization generation, and visualization exploration (Figure 3). The modular
design reduces the coupling in the analytics workflow. The function of each module is described
as follows.
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Figure 3 Overview of Navi

* Data querying module. This module can convert natural language into SQL and return
query results (Figure 3®). By selecting and connecting data tables, as well as filtering,
sorting, and aggregating data, this module can return the data subsets of interests to
users, providing a convenient data query experience. Furthermore, users can bookmark
or switch data subsets for further exploration based on the data subsets to be analyzed
(Figure 3@).

* Visualization generation module. This module analyzes user intents based on the input
natural language queries and generates visualization results based on data features and
analytics objectives (Figure 3®).

* Visualization exploration module. This module mainly assists users in understanding
datasets. It can integrate data features to generate multiple visualization results and
display the data insights (Figure 3®). This module is applicable for scenarios with
ambiguous user intent and provides users with a starting point for analytics.

This modular design endows Navi with flexibility, expandability, and compatibility.
Regarding the flexibility, users can choose different functional modules according to their
needs and achieve seamless switch between these modules, which can complete the entire data
analytics task through collaboration. In terms of the expandability, Navi can replace or update
a module at any time to adapt to technological advancements. The compatibility of Navi is
embodied in the functional interoperability with other systems embracing the same interactive
interface by reusing modules.
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1.2 Task scheduler

The task scheduler can integrate various functional modules. It can parse the natural lan-
guage queries input by users and distribute them to the corresponding functional modules. This
section takes the task scheduler as a multi-classifier and introduces its implementation steps.

 Dataset building. We build a dataset containing a large number of natural language queries

and corresponding module labels for training and validating the task scheduler. This
dataset covers diverse types of queries, including NL2SQL, NL2VIS, and visualization
exploration. We extract and label natural language queries from the NL2SQL benchmark
Spider™™ and the NL2VIS benchmark nvBench™. At the same time, the natural
language queries in nvBench are converted into the queries applicable for the visualization
exploration module, which are more concise and vague and do not contain clear
visualization types, sorting requirements, or other detailed information.

* Model training. The task scheduler uses a pre-trained DistilBERT!") model as the basic

model, which is based on the architecture of Transformer!'?!

and has fewer parameters
and lower computational complexity but excellent performance. We use AutoTokenizer
from Hugging Face Transformers to convert the query into the DistilBERT input format
and divides the dataset into training, validation, and testing sets. To build a task-specific
scheduler, we add a linear classifier with three output units on the basis of DistilBERT,
employs cross entropy loss as the loss function, and uses the AdamW!"?! optimizer with
weight decay for weight updating.

With the task scheduler, Navi becomes comprehensive and user-friendly. Navi flexibly
integrates functional modules to meet the needs of users for data querying, visualization
generation, and visualization exploration. Moreover, it uses natural language queries as the
interactive interface, simplifying user operations and achieving a dialogue-style exploration
with data.

2 Natural Language-powered Data Querying and Visualization
Generation

Data querying and visualization generation are essentially the same type of tasks which
convert input sequences (such as natural language queries) into output sequences (such as SQL
or Vega Lite® queries). We adopt a Sequence to Sequence (Seq2Seq) model' to complete
such tasks.

The Seq2Seq model generally consists of an encoder and a decoder and leverages different
neural networks. As shown in Figure 4, the task of the encoder is to comprehend the input
sequence and generate a small vector h to represent the input, while that of the decoder is to
generate a series of outputs based on h. In this work, natural language queries as input are
a sequence [g1, ¢z, ,q] € Vin composed of tokens (or words), and SQL or Vega-Lite!™
queries as output are also a sequence [y1, Y2, - ,Yk] € Vout composed of tokens, where Vi,
and V5 represent the vocabularies of input and output, respectively. Further, we introduce the
Transformer-based encoder and decoder!!?.

(4142 @5 - - a1} Encoder = 7 — Decoder —»| %1323 -+ i |

Input sequence Output sequence

Figure 4 Seq2Seq model

* Transformer-based encoder. We connect the input sequence nv = [q1, g2, - , q] With
the database table schema information A = [a1, a2, -+ ,am]. The input sequence after
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connection is
X = [5517.1‘2,"' 7xn] = [q17q27"' ;qL,a1,0a2, " 701771} (1)

where n = | + m. We then use a pre-trained global word embedding (GloVe)™™ to
map each token x; to its vector representation. After token embedding is complemented,
the embedded token is input into the bi-directional Transformer network which outputs a
series of encoding vectors:

h=T[hi,h2,- -+, hn] (@)

¢ Transformer-based decoder. The decoder also adopts a Transformer-based architecture
and introduces the attention mechanism!'®. According to the hidden state h, the decoder
generates an output sequence:

Y = [y, 92, -+, uk 3)

At each time step ¢, the decoder predicts the SQL query token y; based on the current state
S, previous token, and attention vector C;.

We only need to adjust the parameters of this model and then use a large number of
input/output sequence pairs related to the task as the training data to train the data querying
and visualization generation modules, respectively. Specifically, the data querying module is
trained based on the natural language/SQL query (NL, SQL) pairs in the NL2SQL benchmark
Spider'”!. For example, for a natural language query input of “fetch all COVID-19 cases”, the
corresponding SQL query output is “select * from COVID-19”. The visualization generation
module is trained based on the natural language/visualization query (NL, VIS) pairs from the
NL2VIS benchmark nvBench®. For example, the input of a natural language query is “draw a
line chart to show the trend of numbers of cases by each case type in Utah”, and the corresponding
output is similar to Vega-Lite™, such as “mark line encoding z date y aggregate none number
color cases transform filter states = ‘Utah™’.

3 An Automatic Approach for Visualization Exploration Based on
MCTS

The goal of visualization exploration is to automatically generate and display appropriate
visualization results based on user needs and data features. Achieving this goal faces two major
challenges. The first is how to search and evaluate candidate visualization results in the vast
visualization design space; the second is how to infer user preference based on the natural
language queries with ambiguous user intent to generate the visualization results matching the
user intent.

To address the aforementioned challenges, we propose an automatic approach for
visualization exploration based on MCTS. Using the efficient search strategy of MCTS, this
approach can generate and evaluate different visualization queries to recommend high-quality
visualization results. A visualization query is a language used to describe visualizations,
consisting of a series of visualization clauses describing different aspects of a visualization,
such as data columns, chart types, and aggregation operations. In the tree 1" of MCTS, each
node v corresponds to a visualization clause c. For instance, the nodes in the second layer in
Figure 5 correspond to chart type clauses. Therefore, a visualization query () can be represented
as a path Q = [v1,v2, - -, vs] from the root node to the leaf node, where n is the number of
clauses in the query.
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Figure 5 Four steps of Monte Carlo tree search

In response to the first challenge, we build a search tree composed of multiple visualization
clauses by using dataset parsing and stepwise search methods. In the search process, a pruning
algorithm and a composite reward function, both incorporating visualization domain knowledge,
are devised to guide the system to select the best visualization results efficiently.

To address the second challenge, we extract user intent from input natural language queries to
obtain keywords associated with the analytics tasks (such as distribution, trend, and comparison)
and visualization clauses (such as column names and aggregation methods). Based on these
keywords, the expansion direction of the search tree nodes can be limited, and the search tree
can search according to the user preference and further prune the search space in the step of
expansion. As shown in Figure 5, the MCTS includes the following four steps.

(1) Selection. In this step, the algorithm will start from the root node and recursively search
for the optimal child node until it reaches a node that has not yet fully expanded. As
shown in Figure 5, the blue nodes represent the nodes selected in this step. The Upper
Confidence Bound (UCB) algorithm!"! is employed to fully use the feedback from the
reward function and balance the relationship between exploration and exploitation, so as
to avoid the locally optimal solution. The key idea of this algorithm is to select the child
node with the highest upper confidence limit in each iteration for further exploration. The
specific selection strategy of the UCB algorithm can be expressed as in Eq. (4):

In N

Tvi

UCB@i) = X; +C “)
where UCB(%) is the upper confidence limit of the child node i; X; is the average reward
value of the child node ¢; N is the number of visits to the current node; n; is the
number of visits to the child node; and C' is a parameter controlling the balance between
exploration and exploitation. With this selection strategy, the UCB algorithm can fully
explore the node space while effectively using known information within limited times
of simulations.

(2) Expansion. In this step, a pruning algorithm incorporating visualization domain
knowledge is devised to narrow the search scope. This algorithm comprehensively
considers information in multiple dimensions such as data type, chart type, and encoding
rules and selects the candidate operations with great potential values.

(3) Simulation. In this step, the algorithm selects the current node as the starting point for
simulation and expands it based on the preset constraint rules within time constraints.
During the updating of simulation nodes, the algorithm prioritizes the operation with
the highest potential value and computes the reward value of the simulation results to
optimize the decision process.

(4) Backpropagation. In this step, the algorithm updates the number of visits and cumulative
rewards of nodes along the determined path, as shown in Figure 5. The score for each
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visualization result is calculated by the reward function.

Reward function design. Since visualization lacks clear reward and punishment rules
like those in Go and biases may exist in the rewards based on single evaluation criteria, we
comprehensively evaluate the visualization result quality considering three aspects: data features,
visualization domain knowledge, and user preference.

(1) Data features. In terms of data features, we implement a scoring function through
LambdaMART!"®!. This method can extract useful data features (such as maximum,
minimum, and fraction of unique values) and use machine learning to score the
visualization.

(2) Visualization domain knowledge. Regarding visualization domain knowledge, a rule-
based scoring strategy is adopted. The domain knowledge rules aim to ensure that
the generated visualization results can adapt to human visualization perception while
realistically presenting the core attributes of the data. For example, a bar chart composed
of over 50 bars may make it difficult for users to capture important information. By
incorporating domain knowledge as constraints, we can set different rules for different
visualization types, thus effectively guiding the direction of exploration.

(3) User preference. The user preference is divided it into two parts: the rating in the initial
stage of visualization exploration and the user rating during the interaction. In the initial
stage with the lack of user preference information, a user model is trained by generative

adversarial networks!'”!

and evaluated. The training data for this model is sourced from
the visualization corpus of the plotly community forum!”, including the interaction
records of real users. From these records, the model can learn the commonalities of user
preferences and behavioral characteristics, and thus provide accurate initial evaluation
of the visualization results. In the initial stage, the evaluation results of the model are
considered as the main evaluation criteria.

During the interaction, the system records the user’s interactive behavior in real time and
introduces the real-time user response model®? in the recommender system!! to dynamically
adjust user ratings. We design a reward mechanism for different user operations. When a user
performs operations such as clicking, saving, or editing on a visualization result, the system
will convert these operations into numerical values based on the preset rules and dynamically
adjust the scores of corresponding visualization results and clauses. In this way, the system can
assign higher reward scores to the results of interests to the user. In the next round of MCTS, the
algorithm tends to explore the directions of interests to the user, thereby generating visualization
results in line with the user’s actual needs™ ?Y. The system adopts a weighted combination
approach, which combines the initial rating with the current user rating and assigns a higher
weight to the current user rating. This design aims to well meet the current user preference and
encourage the user to conduct deeper data exploration.

Next, we introduce how to use these three parts to comprehensively evaluate the quality
of a visualization result. The visualization results are preliminarily screened based on domain
knowledge. The results that do not match the domain knowledge are assigned with a low score.
The results that meet the domain knowledge criteria will be scored based on the data features and
the data feature scores will be obtained. Subsequently, the user preference score is calculated
based on the user model and the current user preference. Finally, the score of the visualization
result is calculated by weighted averaging the two scores, where the weight values are set based
on experience.

In summary, we propose an automatic approach for visualization exploration based on
MCTS, which combines a pruning algorithm and a composite reward function, both incorporat-
ing visualization domain knowledge, to improve the result accuracy and search efficiency.
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4 Validation of the Effectiveness of Navi

4.1 Quantitative experiments

4.1.1 Effectiveness validation of the data querying module

1191 ¢o evaluate the effectiveness

In this experiment we use the NL2SQL benchmark Spider
of the data querying module. Spider is a large-scale, complex, and cross-domain dataset of
NL2SQL. It contains 10,181 (NL, SQL) pairs distributed across 200 databases, covering 138
different domains. We use this experiment to validate the module effectiveness on its test set
and ensures that there is no natural language query or database duplication between the training
and test sets.

(251, exact-set-match

The performance of the module is evaluated based on two metrics
accuracy and execution accuracy. The exact-set-match accuracy refers to whether the generated
SQL query is completely consistent with the real SQL query in the standardized data structure.
The execution accuracy refers to whether the results obtained from the generated SQL query
after execution on the database are the same as those obtained from the actual SQL query.

As shown in Table 2, the data querying module achieves high exact-set-match accuracy
and high execution accuracy, which are 71.08% and 74.37%, respectively. Compared with
BRIDGE™® and RATSQL™, the data querying module increases the exact-set-match accuracy
by 5.06% and 2.95% and the execution accuracy by 7.19% and 5.16%, respectively. This result
indicates that the data querying module can more effectively convert natural language queries
into correct and executable SQL queries and better adapt to databases of different domains and
complexities.

Table 2 Experimental results of the data querying module (%)

Systems Exact-set-match accuracy ~ Execution accuracy
BRIDGE™! 66.02 67.18
RATSQLM 68.13 69.21

Data querying module 71.08 74.37

4.1.2  Effectiveness validation of the visualization generation module

The benchmark dataset nvBench™™ is used to validate the effectiveness of the visualization
generation module. As a large, complex, and cross-domain dataset for NL2VIS tasks, nvBench
consists of 750 relationship tables and 25,750 (NL, VIS) pairs, covering 105 different domains.
With this experiment we validate the effectiveness of the visualization generation module on
nvBench based on accuracy. Accuracy refers to whether the generated visualization query
exactly matches the actual visualization query, i.e. Accuracy = N/M, where N is the number
of matched results and M is the number of test samples.

As shown in Table 3, the accuracy of the visualization generation module reaches 76.78%,
which increases by 18.13% and 12.66% compared with that of NL2Viz"*”' and SEQ2VIS',
respectively.  This result indicates that the visualization generation module can flexibly
handle natural language queries of different types and complexities and accurately generate
visualizations that match user intent and data features. This proves that the module can effectively
achieve visualization generation.

Table 3 Experimental results of the visualization generation module (%)

Systems Accuracy
NL2VizZ7T 58.65
SEQ2VISP! 64.12

Visualization generation module 76.78
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4.1.3  Effectiveness validation of the visualization exploration module

In this experiment we use the dataset of KG4VIS"! to evaluate the effectiveness of the
visualization exploration module. KG4VIS is a visualization exploration approach based on
knowledge graphs. A total of 88,548 pairs (dataset, visualizations) are selected from VizML!'**!
and classified into training and test sets in a 7:3 ratio. We use the test set for evaluation and
employ the evaluation metrics of KG4 VIS, which include:

* average rank: the average position of the correct visualization design choices among all

generated results, and a lower rank means a better result;

* Hits@?2: the probability of the correct visualization design choices appearing in the first

two generated results, and a higher value represents a better result;

 axis accuracy: the probability that the axis attribute (i.e. z-axis or y-axis) in the generated

results is consistent with the actual result, and a higher value corresponds to a better result.

With this experiment we aim to evaluate the quality of the visualization results generated
by the system for the first time. Therefore, the user preference obtained by the reward function
is mainly evaluated based on the initial ratings in the visualization exploration. As shown in
Table 4, the average rank, Hits@2, and axis accuracy of the visualization exploration module
are 1.7268, 87.22%, and 98.12%, respectively. Compared with KG4VIS”! and DeepEye'®, the
visualization exploration module adopted in this paper decreases the average rank by 0.3414
and 0.2776, increases Hits@2 by 12.15% and 9.94%, and increases the axis accuracy by
38.11% and 4.93%, respectively, demonstrating obvious advantages. This result indicates that
the visualization exploration module can generate appropriate visualizations more intelligently
based on data features and user intent and more accurately determine axis attribute and data
mapping. It proves that this module can effectively achieve visualization exploration.

Table 4 Experimental results of the visualization exploration module

Systems Average rank  Hits@2 (%)  Axis accuracy (%)
KG4VIST! 2.0682 75.07 60.01
DeepEyelf] 2.0044 77.28 93.19
Visualization exploration module 1.7268 87.22 98.12

» Ablation study. The composite reward function in the visualization exploration module
integrates ratings from three aspects: data features, visualization domain knowledge, and
user preferences. Among them, the user preferences include two parts: the rating in the
initial stage of visualization exploration and the user rating during the interaction. To
validate the effectiveness of the composite reward function proposed in this study, we
design five variant implementations of Navi.

(1) Navi: evaluate the quality of visualization results generated for the first time without

considering the current user rating.

(2) Navi score without considering visualization domain knowledge.

(3) Navi score without considering data features.

(4) Navi score without considering user preferences.

(5) Navi+: evaluate the quality of visualization results generated by users after multiple
rounds of interactions combined with the current user rating.

As shown in Table 5, the visualization results obtained when considering the user rating
during the interaction have the highest quality, with Hits@2 and axis accuracy of 90.36% and
98.83%, respectively. The visualization results generated by Navi for the first time without
considering the user rating showed Hits@2 and the axis accuracy decrease of 2.64% and
1.02%, respectively. The quality of the visualization results generated by Navi for the first time
without considering the visualization domain knowledge, data features, or initial user preferences
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Table 5 Ablation study results of the composite reward function (%)

Variant implementations of Navi Hits@2  Axis accuracy
Navi result without considering visualization domain knowledge 78.56 92.15
Navi result without considering data features 77.82 89.31
Navi result without considering user preferences 76.78 91.22
Navi (without user interactivity) 87.72 97.81
Navi+ (with user interactivity) 90.36 98.83

declines, as manifested in the decreased Hits@2 and axis accuracy. The experimental results
indicate that all the three aspects considered in the composite reward function have positive
impacts on the performance of the visualization exploration module. Moreover, by recording
user interactive behavior and accordingly adjusting the rating of the reward function, the quality
of the generated visualization results can be improved. Therefore, the composite reward
function designed in this paper can comprehensively evaluate the advantages and disadvantages
of different visualization results and guide the visualization exploration module to generate
high-quality visualization results.

4.1.4  Effectiveness validation of the task scheduler

We design this experiment to evaluate the performance of the task scheduler (described in
Section 1.2) on the test set built based on Spider!'” and nvBench®'. This experiment aims to
examine whether the task scheduler can accurately recognize natural language queries input by
users and assign them to appropriate functional modules. Three metrics: accuracy, recall, and
F'1 value, are used for the validation. Accuracy represents the proportion of correctly assigned
queries to the corresponding module by the task scheduler. Recall represents the proportion of
correctly assigned queries to the corresponding module to the total number of allocations. F'1
value represents the harmonic mean of accuracy and recall, reflecting the balance between the
two.

As shown in Table 6, the task classification model achieves the accuracy, recall, and F1
of 98.22%, 98.23%, and 98.55%, respectively, on the test set. The result indicates that the
task scheduler given in this study can effectively identify different types of analytics tasks and
accurately allocate them to the corresponding modules.

Table 6 Experimental results of the task scheduler (%)

Module Accuracy  Recall F1
Task scheduler 98.22 98.23  98.55

4.2 User study

Five expert users and 15 non-experts users are invited to participate in the user study and

evaluate the end-to-end performance of Navi.

e User tasks. In this experiment we design different data analytics tasks for each user,
including data querying, visualization generation, and visualization exploration. Users
interact with the system through natural language queries and complete corresponding
goals based on the results returned by the system.

» User evaluation. After completing each task, users are invited to fill out a questionnaire
and rate the system in terms of usability, response speed, and result quality. Meanwhile,
the time and operation logs taken by users to complete each task are recorded.

 Study results. Figure 6(a) illustrates the user satisfaction for Navi in various evaluation
dimensions, with an average score exceeding 4 out of 5. This result fully reflects the
outstanding performance of Navi in data analytics, which provides a convenient and
efficient user experience. Figure 6(b) shows the interaction time of different types of
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Figure 6 User study results

users when using Navi. The interaction time of some non-expert users is close to that
of expert users, suggesting that Navi can effectively improve the data analytics capability
and efficiency of users. As shown in Figure 6(c), the average interaction time of users is
the shortest in the visualization exploration, which not only highlights the high efficiency
of the visualization exploration module but also demonstrates the effectiveness of Navi
in helping users quickly probe into data insights.

5 Related Work

NL2SQL. In the era of big data, it is of great significance to efficiently retrieve useful
information from vast datasets™™ ¥, NL2SQL emerging as the times require allows users to
efficiently retrieve information from structured data through natural language queries. The
recent years have witnessed significant research progress in the NL2SQL models based on
deep learning in the fields of databases and natural language processing>' =%, Representative
NL2SQL models such as RESDSQLP?, RASAT?!, and Graphix—TSml are trained by the fine-
tuning-based methods. These models require a large number of (NL, SQL) pairs for training and
evaluated for the performance on benchmark datasets such as Spider!'”
Models (LLMs) are emerging, researchers have begun to explore the potential applications of
these models in NL2SQL tasks. Models such as C35 and DIN-SQL®! have demonstrated
satisfactory performance in NL2SQL tasks through zero-shot and few-shot prompts. However,
the available LLMs face challenges in handling relationships between multiple tables and
columns in databases, demonstrating inferior performance to conventional fine-tuning-based
methods when dealing with complex query tasks™?.

NL2VIS. NL2VIS is mainly implemented based on the rule-based methods and deep
learning methods®”*!.  The representative rule-based methods include NL4DV™, QRec-
NLI®Y and NL2Viz®”". These methods mainly parse natural language queries by semantic
parsers such as NLTK*!| Stanford CoreNLP™ | and NER™®!, extract language features such as
part of speech, named entities, and coreference, and ultimately convert them into corresponding
visualization queries through heuristic rules. However, these methods have limitations in dealing

. As Large Language
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with the fuzziness of natural language, with the robustness remaining to be improved.

In recent years, the breakthrough progress of deep learning in natural language processing™”
has provided a new technological path for NL2VIS. Researchers have introduced deep learning
into NL2VIS tasks, among which the representative research achievements include ADVISor'*,
ncNet'®!, and Chat2vis'*®!. ADVISor adopts a BERT-based framework!*”!, which first completes
the mapping of NL2SQL and then generates visualization queries based on rules. Being an end-
to-end model based on Transformer'?, ncNet uses nvBench®), the first common benchmark
of NL2VIS, for training. This dataset includes (NL, VIS) pairs from various domains and
scenarios, providing a criterion for training and evaluating deep learning models. Chat2vis
combines LLMs (such as Codex™® and GPT-3*") with prompt engineering®®” to achieve the
transformation from natural language queries to visualization queries, promoting the research
progress in NL2VIS.

Visualization exploration. Creating visualization results that align with user analytics
intent is a challenging task. It requires users to understand the data, have clear analytics intent,
and be familiar with visualization techniques. Therefore, it is particularly important to develop
data analysis systems that can automatically conduct visualization exploration. For example,
Draco®"! and DeepEye!® > can provide ranked visualization results for specific datasets.
Draco combines hard and soft constraints to identify and rank high-quality visualization results.
DeepEye, on the other hand, uses a decision-tree model to evaluate the quality of visualizations
and uses learning-to-rank!> for visualization ranking. To make the visualization exploration
process more relevant to the user intent, more advanced technologies are introduced. For
instance, LineNet™ adopts triplet autoencoder based on vision transformer™ to automatically
recommend similar line charts based on the line charts provided by users. Lux”” is a tool that
can be integrated into Jupyter Notebook, providing real-time data analytics support based on the
user’s actual analytics intent. Sevil®®!
facilitating the visualization generation and exploration through voice interaction.

employs voice interaction to obtain user analytics intent,

6 Conclusion and Future Work

This study designs Navi, a data analysis system powered by natural language interaction.
Following the modular design philosophy, Navi integrates three functional modules: data
querying, visualization generation, and visualization exploration, and is managed uniformly by
a task scheduler. Quantitative experiments and user study have shown that Navi can effectively
support users in data analytics operations. The future work can be carried out to support multiple
rounds of dialogue and integrate contextual information, thus enabling users to continuously
perform data analytics operations. Secondly, efforts can be made to explore the integration with
LLMs, the advantages of which in natural language processing can be leveraged to enhance the
performance and effectiveness of Navi in diverse tasks.
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