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Abstract
Data visualization (DV) is of significance to the data analysis appli-
cations, exploring the hidden patterns and showing the insightful
data. The task of Text-to-Vis, which takes text as input and generates
data visualizations, was proposed to lower the threshold for gener-
ating DVs. However, the existing methods only view this problem
as a one-shot mapping problem, directly outputting the final DVs
without considering any user feedback for refining the generated
DVs. Motivated by this, a more interactive scenario is investigated,
where users could provide natural language feedback to refine the
generated DVs. The scenario is formulated as the Text-to-Vis with
Feedback problem. A new dataset is also created to further study
the problem, which contains the user utterance, database schema,
generated DVs, the natural language feedback and the refined DVs.
A large language model (LLM) based framework named Vis-Edit is
designed for handling this task, including schema linking, clause lo-
cation, clause generation, merger and self-consistency. Eventually,
extensive experiments reveal the effectiveness of Vis-Edit. 1

CCS Concepts
• Human-centered computing → Visualization.
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1 Introduction
Data visualization (DV) is important to the database [19, 46] and
the data mining community [27, 32, 33], since it is beneficial to
∗Raymond Chi-Wing Wong and Yuanfeng Song are the corresponding authors.
1Data and code can be found here: https://github.com/xiongxubang/Vis-Edit
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reveal hidden patterns. For example, a study presented at KDD’21
[27] investigated an end-to-end DV recommendation system.

Conducting DVs from scratch is difficult for the users who lack
the background knowledge of visualization tools or programming
skills. To construct the DVs, users should specify their DV require-
ments (e.g., chart type) to compose the visualization specifications,
following the high-level grammar of declarative visualization lan-
guages (DVLs), a simple language proposed to represent the complex
combinations of visualization specifications. There are a great num-
ber of DVLs in the community, such as Vega-Lite [29], ggplot2 [36],
ZQL [31], ECharts [15], and VizQL [8]. It is hard for the users to
master all the DVLs, due to the diversity in grammars and syntaxes.

The task of Text-to-Vis [20] is proposed to lower the barrier to
conduct DVs. Inspired by the success of natural language interfaces
(NLIs), the task of Text-to-Vis is to generate DVs given the natural
language utterances and the corresponding database schema. Specif-
ically, the given natural language utterance and the data schema are
transformed into a data visualization query (DVQ), e.g., Vega-Lite.
The DVQ is then converted into a visualization specification that
is executable to render a bar chart-like DV. However, the existing
models (e.g., Seq2Vis [20], ncNet [21], RGVisNet [33],DataVisT5 [37]
and Prompt4Vis [17]) model the process as a one-shot mapping prob-
lem. These models only receive user utterances and schema to
output the DVQs directly. The DVQs generated by these text-to-vis
models may not reflect users’ true demand, since the users could
not realize their true demand well or could input the erroneous
natural language utterance to the model. Besides, it is possible that
the model generates incorrect DVs though the input is correctly
specified. For example, shown in Figure 1, the database contains
two tables named ‘allergy_type’ and ‘has_allergy’, respectively. The
‘allergy_type’ table has two columns, Allergy and AllergyType. The
‘has_allergy’ table also has two columns, StuID and Allergy. Given
these two tables, it is easy for the model to make confusion, since
their table names and the corresponding column names are similar.

Motivated by these, the task of Text-to-Vis with Feedback is pro-
posed. Given a natural language utterance of user, the whole data-
base, a generated DVQ based on user and a natural language feed-
back on the generated DVQ, the task is to refine the generated DVQ
to meet the requirement of the user. Figure 1 shows the interac-
tion between the user and the proposed system. One user provides
the natural language utterance, “Show all allergies with number of
students affected with a bar chart”, and the whole database to the
system. The system generates a visualization form of the DVQ gen-
erated by the system with the corresponding explanation, which
illustrates how to construct the chart in detail. The explanation
of DVQ can be synthesized by rules or powerful neural models,
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Explanation: The user wants to 

create a bar chart that 

displays the count of each

allergy type from the 

‘Allergy_Type' table, with the 

x-axis representing the 

different allergy types and

the y-axis representing the 

count of each type.

Has_Allergy

AllergyStuID

……

(……)

Database:

Assistant Response: 

Assistant Response: 

Explanation: The user wants to create a bar

chart that displays the count of each type of 

allergy from the 'has_allergy' table, with the 

x-axis representing the different allergy types 

and the y-axis representing the count of each

type.

Figure 1: An example of human interaction with a Text-to-
Vis system to correct the query of an input utterance.

beneficial to user to further determine whether the DV is correct.
In this scenario, the system generates a visualization chart with
the wrong schema linking. The system visualizes the data of the
AllergyType column from the ‘allergy_type’ table instead of that
of the Allergy column from the ‘has_allergy’ table. This schema is
confusing due to the similar semantic information. To distinguish
these tables and columns, human feedback is required to explain the
demand of the user. Although the user has no background knowl-
edge of DVQ, it can give natural language feedback to instruct the
system to refine the incorrect chart, with the help of the available
explanation. In this paper, the task of Text-to-Vis with Feedback is
modeled as single-round conversation problem, which can be easily
expanded to multi-round conversation problem in future work.

A simple solution to utilize the existing large language model
(LLM) prompt strategies like Chain-of-Thought (CoT) [39] seems
to be effective. However, the simple CoT framework could not
make full use of the natural language feedback, even under the
few-shot setting, shown in the our experimental results. In this
study, a new LLM prompt-based framework named Vis-Edit is pro-
posed to enhance the interactive capabilities of general LLMs on
Text-to-Vis with Feedback task. Specifically, the main idea of the
proposed framework is to re-use the generated DVQ with refine-
ment. An inappropriate visualization contains the inappropriate

source of data, the inappropriate sorting order, and the inappro-
priate transformation method. All of them are associated with the
clauses of DVQs, since each clause corresponds to one or more
visual elements of a visualization chart, discussed later. Hence, the
inappropriate visualization could be refined by editing the corre-
sponding clauses, implemented by the Local Modification System
(LMS) in the proposed framework. The LMS contains three parts,
namely the clause location module, the clause generation module and
the merger. Given the input text of user, the whole database and
the generated DVQ of the inappropriate visualization, the clause
location module outputs the inappropriate clauses of the gener-
ated DVQ. The clause generation module refines the inappropriate
clauses, based on the input of user and the inappropriate clauses
detected by the clause location module. The merger is designed to
replace the inappropriate clauses in the DVQ with the refined ones.
However, there are still two challenges in the framework. One of
the challenges is the schema linking. For example, the user gives
feedback that “to correct the query, make sure to group the results
by the manufacturers name of products”. The LMS may mistakenly
select Products.Manufacturer instead ofManufacturers.Name, where
Products.Manufacturer is a set of manufacturers IDs and does not
refer to the manufacturers name. These inconsistency between
the natural language feedback and database schema make LMS
difficult to correct data-related errors. Schema linking module is
designed to alleviate this issue. Compared with the schema linking
modules of the existing research [6, 25, 28], the designed module
not only considers the user utterance, but also leverages user feed-
back and DVQ to infer the semantic information and predict the
potential database schema. Besides, it is a prompt-based method,
which also utilizes the implicit knowledge of the LLMs. The other
challenge is the problem of error propagation. The result of the
downstream modules, like the clause generation module, is affected
by the upstream modules, like the schema linking module. Wrongly
predicted schema is likely to result in mistakenly generated clauses.
To improve the robustness of the framework, the self-consistency
module is employed, based on the major idea that varied perspec-
tives converging on the same conclusion enhance confidence in its
accuracy. This module is widely integrated into many LLM-based
frameworks [6, 14], though it may introduce some additional time
overhead. Specifically, multiple DVQ candidates generated by the
LMS will be used to conduct a majority voting. The DVQ with the
highest number of occurrences will be selected as the final answer.

The key contributions of this work are summarized as follows.

• To the best of our knowledge, this is the first work that
proposes the Text-to-Vis with Feedback problem, integrating
the natural language feedback into the data visualization
workflow that relies on natural language interfaces.

• A novel dataset construction pipeline was proposed to take
advantage of the cooperation between LLM and human eval-
uation. It not only enhances the efficiency of dataset creation
but also ensures the production of high-quality data.

• The proposed LLM-based framework, Vis-Edit, is shown to
solve the Text-to-Vis with Feedback problem effectively.

• Extensive simulations validated the viability of Vis-Edit and
the analysis of performance and ablation study give guidance
to use the framework. In all cases, the overall accuracy of
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Table 1: Notations

Notation Description

𝑞𝑖 The natural language utterance asked by user 𝑖 .
D The whole database schema provided by user 𝑖 .
𝑝′
𝑖

The inappropriate DVQ generated by the Text-
to-Vis model based on 𝑞𝑖 and D.

𝑝𝑖 The ground-truth DVQ that meets the require-
ment of user 𝑖 .

𝑓𝑖 The natural language feedback given by user 𝑖 .

Vis-Edit surpasses that of all the baselines by at least 7.18%,
with the maximum improvement reaching 19.46%.

The rest of the paper is organized as follows. The preliminaries
and the new task are introduced in Section 2. The details of dataset
construction are explained in Section 3. Section 4 describes the
design and analysis of the proposed framework. Section 5 shows
the performance of the proposed framework. Finally, Section 6
reviews related work and Section 7 concludes this paper.

2 Preliminaries
In this section, the preliminaries will be introduced to help readers
have a better understanding of the following work. The basic con-
cepts (Section 2.1) and the in-context learning (Section 2.2), which
will be used in the proposed framework, are formulated. In addition,
the formal definition of the new task, Text-to-Vis with Feedback, will
be given in Section 2.3. The main notations are listed in Table 1.

2.1 Basic Concepts
Database Schema. A database schema is the structure that defines
how data is organized and stored in a database, including tables,
columns, data types, and relationships between tables. In this pa-
per, it is composed of tables 𝑻 = {𝑡1, . . . , 𝑡 |𝑻 | }. Each table 𝑡𝑖 con-
tains several columns 𝑪𝒊 = {𝑐1, . . . , 𝑐 |𝑪𝒊 | }, primary keys 𝑴𝒊 =

{𝑚1, . . . ,𝑚 |𝑴𝒊 | } and foreign keys 𝑮𝒊 = {𝑔1, . . . , 𝑔 |𝑮𝒊 | }. The whole
database schema is denoted by D = (𝑻 , C,M,G), where C =

{𝑪1, . . . , 𝑪 |𝑻 | },M = {𝑴1, . . . ,𝑴 |𝑻 | } and G = {𝑮1, . . . , 𝑮 |𝑻 | }.
Schema Link. It refers to the process of mapping parts of a natural

language utterance to the corresponding columns and tables within
a database schema. The output (D′) of the process is a subset of
the given database schema, represented by D′ ⊆ D.

Visualization Specification. The visualization specification speci-
fies what and how the users want to visualize, including elements
such as chart type, color, size, and legend. The visualization specifi-
cation often follows the high-level grammar, declarative visualiza-
tion language, with Vega-Lite [29] being a prominent example.

Data Visualization Query. The definition of data visualization
query (DVQ) was proposed by [20], which is a simple language
designed for capturing all possible visualization specifications. It
can be trivially transformed into any visualization specification.
Furthermore, the ‘VISUALIZE’ clause specifies the visualization
type, the ‘SELECT’ clause extracts the data to be visualized, and
the ‘FROM’ clause determines the data source. The ‘TRANSFORM’
clause is responsible to transform the selected data, including the
‘BIN’ clause and the ‘GROUP BY’ clause. Specifically, the ‘BIN’

A User Utterance:

Show all allergies with number of students 

affected with a bar chart, display the total 

number in desc order.

Database Schema:

Table Has_Allergy ,

columns = [ StuID , Allergy ]

……

Primary_keys = [……]

Foreign_keys = [……]

The Inappropriate generated DVQ:

Visualize BAR SELECT Allergy , count(*) FROM

Has_allergy GROUP BY Allergy ORDER BY count(*)

ASC

Feedback:

To correct the query, simply change the

sorting order from ascending to descending.

The Refined DVQ:

Visualize BAR SELECT Allergy , count(*) FROM

Has_allergy GROUP BY Allergy ORDER BY count(*) 

DESC

Input:

Vis-Edit

Output:

Figure 2: An example of the task of Text-to-Vis with Feedback.
clause is used to group continuous data into discrete bins or cat-
egories, beneficial to easily create histograms. The ‘ORDER BY’
clause decides the order of the data to be visualized.

2.2 In-Context Learning
Large Language Models (LLMs) [1, 5, 10] have been demonstrated
strong performance of downstream tasks, when conditioned on
an input prompt containing a few demonstrations that are used
to describe these downstream tasks. This paradigm also refers to
In-Context Learning (ICL), which aligns the models with the intents
of the users, without modifying the weights of the models. The
generation process can be formulated as follows.

𝑌 = 𝐿𝐿𝑀 (𝑷 (𝑋, 𝐼, 𝑬)), (1)

where𝑌 is the output for a new input𝑋 . 𝑷 is a prompt template, 𝐼 is
the description of a downstream task and 𝑬 = {(𝑥1, 𝑦1), . . . , (𝑥 |𝑬 | , 𝑦 |𝑬 | )},
where 𝑥𝑖 is a sample input and 𝑦𝑖 is the corresponding sample out-
put. Moreover, in prompt engineering, n-shot refers to the setting
that there are 𝑛 demonstrations in the prompt (i.e., |𝑬 | = 𝑛).

2.3 Task
The task of text-to-visualization with natural language feedback
(Text-to-Vis with Feedback) is formally defined as follows. Given a
natural language utterance 𝑞𝑖 of user 𝑖 , the whole database schema
D = (𝑻 , C,M,G), an inappropriate DVQ 𝑝′

𝑖
and a natural language

feedback 𝑓𝑖 on 𝑝′
𝑖
, the task is to refine the inappropriate DVQ 𝑝′

𝑖
to

an appropriate DVQ 𝑝𝑖 . The inappropriate DVQ refers to the DVQ
that could not meet the requirement of user. The natural language
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Table 2: Dataset Summary

Number of Train Validate Test

Examples 38,393 4,895 5,194
Databases 112 17 22
Uni. Utterance 18,209 2,436 2,591
Uni. Wrong DVQ 14,514 2,634 2,828
Uni. Correct DVQ 4,653 768 863
Uni. Feedback 35,079 4,695 4,969
Avg. Feedback tokens 41.65 41.56 41.88

feedback is a text given by the user to instruct the system to edit
the DVQ. The block diagram is shown in Figure 2.

3 Dataset Construction
In this section, the approach for constructing the dataset for our
proposed task, Text-to-Vis with Feedback, will be described. The inap-
propriate data visualization queries are generated (Section 3.1), em-
ploying the existing Text-to-Vis model. These inappropriate queries
will be used to synthesize the associated natural language feedback,
with the help of the powerful large language models (Section 3.2).
A detailed analysis of this feedback is presented in Section 3.3.

3.1 Generating the Inappropriate Data
Visualization Query

The public NVBench [20] dataset, which is modified based on Spi-
der [45], is used as our source of utterances. The incorrect pre-
dictions from a text-to-vis model, e.g., Seq2Vis [20], were selected
to ensure that our dataset reflects the distribution of errors made
by the existing model. The task of generating the inappropriate
data visualization queries (DVQs) is defined as follows. Given a
utterance 𝑞 and the associated database schema 𝑫 , the text-to-vis
model generates the DVQs. The DVQs that are inconsistent with
the ground-truth are selected as the inappropriate DVQ set.

To expand the inappropriate DVQ set, the NVBench dataset was
divided into five parts for fivefold cross-validation, with beam
search (of size 3) generating multiple predictions to identify model
errors. Edit distance via Levenshtein distance algorithm [12] was
used to analyze discrepancies between inappropriate and refined
DVQs, revealing 80% of errors had an edit distance within 4, fol-
lowing the long-tail distribution. With Pareto Analysis [26], DVQs
with edit distance larger than 5 were removed from the NVBench-
Feedback dataset, focusing on the critical 80% of errors for model
refinement, aligning with prior work [9]. Details of generating the
inappropriate DVQ set could be found in our technical report [41].

3.2 Generating the Associated Feedback
Large language model (LLM), like Llama3-70B[5], was used to syn-
thesize the natural language feedback, since it has a lot of advan-
tages. For example, a large number of feedback data is generated at
low cost with the help of the powerful LLMs. Compared with uti-
lizing the rule-based methods, the synthetic data of LLMs is rich in
diversity. The framework contains two parts, explanation generator
and feedback generator. The explanation generator explains the
inappropriate DVQ and the refined one in a human-understandable

JOIN
3.1%

FROM
10.3%

SELECT
23.3%

VISUALIZE
1.4%Other

2.3%

BIN
4.9%

GROUP BY
9.3%

ORDER BY
22.5%

WHERE
22.8%

Schema Linking
36.8%

Figure 3: The statistics of the failures of the dataset.

way. The feedback generator provides feedback to modify the in-
appropriate DVQ, given the user utterance, both queries and the
corresponding explanations. In addition, some constrains of the
output format (e.g., JSON format) were added into the prompt to
guarantee the quality of feedback. Details of generating the associ-
ated feedback could be found in our technical report [41].

The size of NVBench-Feedback is 48, 482. It is split under the
cross-domain setting. That is, the specific domains (e.g., restau-
rants and flights) of each split are different. In addition, human
evaluation was conducted to ensure the quality of the synthesized
feedback. Specifically, the authors with expertise in databases and
visualization assessed whether the feedback could be effectively
used to refine the corresponding inappropriate visualizations. The
accuracy of the feedback on the test set was approximately 92.53%.

3.3 Dataset Analysis
In this section, the summary of the dataset will be shown. The
pattern of the data will be discussed. Table 2 provides a summary
of NVBench-Feedback. NVBench-Feedback is split under the cross-
domain setting, according to the ratio of 80/10/10. As a result, the
size of training set is 38, 393, that of validate set is 4, 895 and that
of test set is 5, 194. The average length of the feedback tokens of all
partitions exceeds 40, with tokenization done at the word level.

Figure 3 reveals the distribution of the inappropriate DVQs in
NVBench-Feedback, according to the categories of clauses. The num-
ber of the inappropriate ‘VISUALIZE’ clause is the least, whereas
that of the clauses related to schema linking is the opposite. The
clauses related to schema linking are divided into three categories,
the ‘SELECT’ clause, the ‘FROM’ clause and the ‘JOIN’ clause. The
‘SELECT’ clause is associated with the columns, the ‘FROM’ clause
corresponds to the tables and the JOIN clause is about both. Within
the inappropriate clauses related to schema linking, the number of
the ‘SELECT’ clause is larger than the sum of that of the ‘FROM’
clause and the ‘JOIN’ clause. The proportion of the number of the
‘WHERE’ clause is roughly equal to that of the ‘ORDER BY’ clause,
accounting for 22.5%. As for the ‘Other’ category, it contain multiple
invalid DVQs, which include the errors of keywords and the syntax.
Detailed analysis could be found in our technical report [41].

4 Methodologies
In this section, the details of the proposed framework, Vis-Edit,
are ready to be described. Section 4.1 presents an overview of the
entire framework, which comprises three core components: the
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Figure 4: The overview of the Vis-Edit framework. The user utterance, the whole database, the inappropriate DVQ and the
feedback are passed as input to Vis-Edit to refine the DVQ, which will be further used to render into a DV. In Step 0, the whole
database is flattened as a sequence of text, referring to the database schema. In Step 1, LLM is utilized to predict the schema
links, which is a subset of the database schema. In Step 2, the LMS contains three key modules, the clause location module, the
clause generation module and the merger.The clause location module detects the inappropriate clauses of the inappropriate
DVQ and the clause generation module refines them. The merger edits the inappropriate DVQ based on the inappropriate
clauses and the refined ones, generating one DVQ candidate. Step 1 and Step 2 will be repeated 𝑘 times to generate 𝑘 DVQ
candidates. In Step 3, the self-consistency module selects the suitable DVQ from the candidates as the result.

Schema Linkingmodule (Section 4.2), the LocalModification System
(Section 4.3), and the Self-Consistency module (Section 4.4).

4.1 Overview
The main idea of Vis-Edit is to locally edit the inappropriate vi-
sualization chart by modifying the corresponding clauses within
the DVQ. Most of the inappropriate DVQs, which generated by
the immature Text-to-Vis model, are closed to the ones that meet
the requirement of the user, revealed in Section 3.1. Thus, there
is no need to re-generate a new visualization chart based on the
natural language feedback. A more efficient method is to re-use the
inappropriate DVQs by correcting the inappropriate clauses.

As shown in Figure 4, the user utterance, the whole database,
the inappropriate DVQ and the feedback are passed as input to
Vis-Edit to generate the refined DVQ, which will be further used
to render into a DV. Vis-Edit contains three key compositions, the
schema linking module, the local modification system (LMS) and

the self-consistency module. In Step 0, the database is flattened as
a sequence of text, referring to the database schema. In Step 1, the
database schema, the user utterance, the inappropriate DVQ and
the natural language feedback are used to construct the prompt,
which will be submitted to LLM. This module analyses the database
schema and the user information like the user utterance and the
natural language feedback in the prompt to predict the relevant
schema links. Such a schema link represents the needed database
information required by the task of Text-to-Vis with Feedback. For
example, the columns used to draw the x-axis and y-axis data in
the line chart come from the typical schema links. In Step 2, the
LMS consists of the clause location module, the clause generation
module and the merger. The clause location module detects the
inappropriate clauses and the clause generation module refines
the given inappropriate clauses. There are several clauses in each
DVQ. Each clause is responsible for rendering a certain part of a
visualization chart. For instance, the ‘VISUALIZE’ clause determines
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the type of a chart, mentioned in Section 2.1. The merger module
edits the inappropriate DVQ locally, given the information of the
inappropriate clauses and refined one. Step 1 and Step 2 will be
repeated 𝑘 times to generated 𝑘 DV candidates, given the same
input. In Step 3, the self-consistency module, it selects the suitable
DVQ from the candidates as the final output of Vis-Edit.

4.2 Schema Linking
Schema linking (SL) is designed to identify the potential database
schema from the whole database, which is a crucial step in data
processing pipelines [6, 25, 28]. The schema links refer to these
potential database schema, discussed in Section 2.1. Schema link-
ing reduces the search space and improves the performance of
model under the cross-domain setting. In the task of Text-to-Vis with
Feedback, there may be some inconsistency between the database
schema and the natural language, making it challenging to refine
the inappropriate DVQs directly. For instance, ‘allergies’ refers to
the attribute Has_Allergy.Allergy. However, from a computer-based
perspective, they are different, especially under the cross-domain
setting, where the domain or database in training set differs from
that in the test set. The model cannot learn any effective mappings
between the natural language and the database schema in the above
case. Hence, it is necessary to design a module to bridge the gap.

A prompt-based module is designed for schema linking. Follow-
ing the Chain-of-Thought (CoT) template [39], the LLM is asked to
present the thinking process when answering the user questions. It
helps produce more accurate and reliable results. In-context learn-
ing (ICL) is also employed to align the model response with user’s
intent. Ten-shot approach is integrated into schema linking module.

Specifically, the prompt 𝑷𝑠𝑙 contains the description 𝐼𝑠𝑙 of the
schema linking task, the user utterance 𝑞𝑖 , the whole database
schemaD, the inappropriate DVQ 𝑝′

𝑖
, the natural language feedback

𝑓𝑖 and the random example(s) 𝑬𝑖 = {𝑒1, . . . , 𝑒 |𝑬 | } from the training
set. The process of schema linking is formulated as:

D′ = 𝐿𝐿𝑀 [𝑷𝑠𝑙 (𝑞𝑖 ,D, 𝑝′𝑖 , 𝑓𝑖 , 𝐼𝑠𝑙 , 𝑬𝑖 )], (2)

where D′ ⊆ D is the schema links. 𝐿𝐿𝑀 is a large language model
employed in the framework. Notably, the database schema D is
flattened into text to be embedded in the prompt 𝑷𝑠𝑙 , as shown in
Figure 4. The table names, the associated columns, the primary keys
and the foreign keys are transformed into the text. The detailed
example of the module could be found in our technical report [41].

4.3 Local Modification System
Local Modification System (LMS) is composed of clause location
module, clause generation module and merger, aiming to make full
use of the inappropriate DVQ. In practice, the natural language feed-
back typically consists of multiple sentences, where each sentence
corresponds to one or more inappropriate clauses within the DVQ.
The following feedback, To correct the query, you need to adjust the
binning transformation to group the installation date by the day of
the week instead of by year. Also, sort the count in descending order
to show the day of the week with the most installations at the top,
implies that the ‘BIN’ clause and the order of sorting are inappro-
priate, respectively. Clause-based method is adopted in the system

to detect the inappropriate clauses in a coarse-grained manner and
refine them in a fine-grained manner, shown as Figure 4.

4.3.1 Clause Location. The visual elements in a visualization chart
corresponds to the clauses of a DVQ. To locate the inappropriate vi-
sual elements in a chart based on the natural language feedback, an
effective way is to locate the inappropriate clauses. Given a prompt
𝑷𝑐𝑙 which consists of the description 𝐼𝑐𝑙 of the task of detecting the
clauses, the user utterance 𝑞𝑖 , the selected schema links D′, the
inappropriate DVQ 𝑝′

𝑖
, the natural language feedback 𝑓𝑖 and the

random example(s) 𝑬𝑖 , this module will output the inappropriate
clauses𝑾𝑖 = {𝑤1, . . . ,𝑤 |𝑾 𝑖 | }, where𝑤 𝑗 is a clause of the inappro-
priate DVQ 𝑝′

𝑖
. The specific example of the module could be found

in our technical report [41]. The formulation is as follows.

𝑾𝑖 = 𝐿𝐿𝑀 [𝑷𝑐𝑙 (𝑞𝑖 ,D′, 𝑝′𝑖 , 𝑓𝑖 , 𝐼𝑐𝑙 , 𝑬𝑖 )] . (3)

4.3.2 Clause Generation. Clause Generation is to refine the inap-
propriate clause. Given a prompt 𝑷𝑐𝑔 which consists of the descrip-
tion 𝐼𝑐𝑔 of the task of refining the clauses, the user utterance 𝑞𝑖 ,
the selected schema links D′, the inappropriate DVQ 𝑝′

𝑖
, the inap-

propriate clauses𝑾𝑖 generated by the clause location module, the
natural language feedback 𝑓𝑖 and the random example(s) 𝑬𝑖 , this
module will output the refined clauses 𝑪𝑖 = {𝑐1, . . . , 𝑐 |𝑾 𝑖 | }, where
𝑐 𝑗 is a refined clause corresponding to the inappropriate clause𝑤𝑖 .
The process of clause generation module is formulated as

𝑪𝑖 = 𝐿𝐿𝑀 [𝑷𝑐𝑔 (𝑞𝑖 ,D′, 𝑝′𝑖 , 𝑓𝑖 ,𝑾𝑖 , 𝐼𝑐𝑔, 𝑬𝑖 )] . (4)

Compared with directly editing the whole DVQ, this clause-
based method offers greater accuracy, revealed by the experimental
results of ablation study in Section 5.2.3. The specific example of
this module could be found in our technical report [41].

4.3.3 Merger. The merger is designed to replace the inappropriate
clauses with the refined clauses. Since the clause location module
and clause generation module are implemented by LLM, the LLM-
generated clauses are probably invalid. For example, the generated
inappropriate clauses do not correspond to the original inappro-
priate DVQ. The synthesized refined clauses may be invalid. Both
reasons make it difficult to employ the rule-based method, which
simply use existing libraries to replace the given text. To develop a
more robust system, prompt-based merger is proposed. It is easy
for LLM to retrieve the similar clauses, though they are not the
same. LLM can also implicitly refine these invalid clauses during
the process. The specific example of this module is available in our
technical report [41]. Hence, the merging process is formulated as

𝑸𝑖 = 𝐿𝐿𝑀 [𝑷𝑚𝑔 (𝑝′𝑖 , 𝑓𝑖 ,𝑾𝑖 , 𝑪𝑖 , 𝐼𝑚𝑔, 𝑬𝑖 )], (5)

where 𝑷𝑚𝑔 denotes the designed prompt template, 𝐼𝑚𝑔 represents
the task description and 𝑸𝑖 stands for the generated DVQ.

4.4 Self-Consistency
The LMS may generate inappropriate DVQ due to the inappropriate
schema links generated by the schema linking module. This issue
refers to the problem of error propagation. To alleviate this problem,
a “sample-and-marginalize” method is employed. All these gener-
ated DVQs will be marginalized out to filter out the best answer.
Inspired by the idea that diverse perspectives leading to the same
conclusion increase confidence in its accuracy, a self-consistency
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Table 3: Main Performance Comparison.

Model Method Vis Acc. Axis Acc. Data Acc. Acc.

Mixtral-7B

Zero-Shot 0.9646 0.8064 0.7935 0.4646
Few-Shot 0.9823 0.8098 0.8107 0.4665
Self-Debugging 0.9840 0.8771 0.8872 0.5955
Vis-Edit 0.9890 0.9226 0.8489 0.6673

Llama3-8B

Zero-Shot 0.9725 0.6943 0.7375 0.3849
Few-Shot 0.9720 0.8052 0.7879 0.4911
Self-Debugging 0.9771 0.8352 0.8382 0.5204
Vis-Edit 0.9942 0.9108 0.8729 0.7062

GPT-4o-
mini

Zero-Shot 0.9642 0.8374 0.8389 0.5208
Few-Shot 0.9906 0.8667 0.8420 0.5664
Self-Debugging 0.9940 0.8828 0.8641 0.5836
Vis-Edit 0.9942 0.9538 0.9178 0.7782

Text-to-Vis Seq2Vis <0.010 <0.010 <0.010 <0.010
Transformer <0.010 <0.010 <0.010 <0.010
ncNet - - - -

strategy is adopted. The DVQ with the most occurrences will be se-
lected as the final answer. Compared with other re-ranking method,
it avoids any additional training and requires no extra human anno-
tation. Additionally, it reduces the randomness of a single sampled
generation, making the editing process more robust. The typical
example of the module could be found in our technical report [41].

5 Experiment
In this section, the performance of Vis-Edit will be evaluated. Sec-
tion 5.1 introduces the experimental settings. The experimental
results are discussed mainly in Section 5.2, including a performance
comparison (Section 5.2.1), a parameter study (Section 5.2.2), an
ablation study (Section 5.2.3), and a case study (Section 5.2.4).

5.1 Settings
Detailed settings can be found in our technical report [41] .

5.1.1 Dataset. The diverse dataset NVBench-Feedback constructed
in Section 3 was used in the evaluation, composed of 48, 482 tuples.

5.1.2 Baselines. Three prompt-based methods, two existing text-
to-vis methods and the proposed framework Vis-Edit were imple-
mented to conduct the performance comparison. The prompt-based
methods are zero-shot, few-shot and the state-of-the-art code gen-
eration method, SELF-DEBUGGING [3], which were implemented
based on Llama3-8B [5], Mixtral-7B-v0.3 [10] and GPT-4o-mini. The
few-shot strategy and SELF-DEBUGGING are under the 10-shot set-
ting. The text-to-vis methods are Seq2Vis [20] and Transformer [35].
As for ncNet [21], it could not be applied to the proposed task, since
it does not support the VQL [20], a DVQ employed in the dataset.
To ensure a fair comparison, all the baselines were provided with
identical input, including the user utterance, the database schema,
the inappropriate DVQ and the natural language feedback.

Table 4: The overall accuracy varying different beam size

k=1 k=5 k=10 k=15 k=20 k=40

Llama3-8B 0.6396 0.6877 0.7062 0.7106 0.7151 0.7179
Mixtral-7B 0.5437 0.5920 0.6051 0.6132 0.6161 0.6182

Table 5: The overall accuracy varying different 𝑛.

Model Metric n=0 n=1 n=5 n=10

Mixtral-7B Acc.@1 0.5137 0.6051 0.6490 0.6673
Acc.@10 0.7001 0.7514 0.7628 0.7807

Llama3-8B Acc.@1 0.5024 0.7062 0.6844 0.7062
Acc.@10 0.6833 0.8017 0.7836 0.8165

5.1.3 Parameters. Vis-Edit is evaluated by varying the number of
demonstrations 𝑛 to explore the impact of 𝑛 to the performance.
In this experiment, 𝑛 is set to 0, 1, 5 and 10. The default value is 1.
Following the setting of existing studies [38], the temperature 𝑡 is
set to 0.7. The number of candidates 𝑘 is set to 10 by default.

5.1.4 Metrics. Vis Accuracy, Data Accuracy, Axis Accuracy, and
Overall Accuracy, are employed in this experiment to evaluate the
performance, following the settings of the existing studies [20, 33].

5.2 Main Experimental Results
5.2.1 Comparison. Vis-Edit is evaluated by being compared with
the baseline methods. In Table 3, Vis-Edit almost achieves the best
performance on various metrics among these baselines, indicating
that the proposed framework is effective. Especially, the overall
accuracy of Vis-Edit surpasses that of the state-of-the-art code gen-
eration strategy by 18.58% and 19.46%, augmented with Llama3-8B
and GPT-4o-mini, respectively. Notably, the self-consistency mod-
ule was removed from Vis-Edit augmented with GPT-4o-mini to
reduce computational costs, since this module will repeatedly call
LLM multiple times. Besides, the existing text-to-vis methods like
Seq2Vis [20] and Transformer [35] could not work well in the task,
since the overall accuracy of both methods are less than 1%. Inac-
curate visualizations from these methods stem from underfitting
due to too few trainable parameters. Regarding ncNet [21], it is not
applicable to the proposed task either. This is because ncNet lacks
support for VQL [20], a DVQ employed in the dataset. Overall, this
comparative analysis validates the effectiveness of Vis-Edit.

5.2.2 Parameter Study. The respective effects of beam size and the
number of demonstrations on performance are explored.

The impact of the beam size on the overall accuracy is evalu-
ated, under the 1-shot setting. As shown in Table 4, the overall
accuracy (ACC.@1) improves with the increasing beam size. This
result validates the hypothesis in Section 4.4 that diverse reasoning
paths will lead to the same conclusion to increase confidence in the
performance of the model. This table also reveals that the growth
rate of the overall accuracy diminishes as the beam size increases,
conforming to the law of diminishing marginal utility.

The effects of the number of demonstrations on the performance
of Vis-Edit under different LLMs are shown in Table 5. Given the
fixed beam size, 𝑘 = 10, the top-1 and top-10 overall accuracy
metrics are investigated as the number of demonstrations varies. For
both LLMs evaluated, bothmetrics generally improve as the number
of demonstrations increases. The rising top-10 overall accuracy
suggests that LLMs can generate DVQ candidates more accurately
with additional demonstrations. In the sameway, the increasing top-
1 overall accuracy indicates that LLMs are better able to produce
correct DVQs as the number of demonstrations increases.
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Table 6: Ablation Study

Model Method Vis Acc. Axis Acc. Data Acc. Acc.VISUALIZE SELECT FROM JOIN WHERE GROUP BY ORDER BY BIN

Ll
am

a3
-8
B

1-shot

VIS-EDIT 0.9958 0.9044 0.9626 0.8600 0.5997 0.9287 0.8825 0.8263 0.7062
w/o SL 0.9960 0.9006 0.9628 0.8679 0.5989 0.9245 0.8655 0.7585 0.6954 (-0.0108)
w/o LMS 0.9291 0.7045 0.8048 0.5779 0.5384 0.8074 0.6339 0.3602 0.4956 (-0.2106)
w/o SC 0.9946 0.8843 0.9566 0.8372 0.5792 0.9126 0.8492 0.7733 0.6563 (-0.0499)

5-shot

VIS-EDIT 0.9919 0.8708 0.9306 0.8065 0.6095 0.9221 0.8559 0.7352 0.6844
w/o SL 0.9925 0.8226 0.9019 0.7601 0.5948 0.9129 0.8246 0.6483 0.6602 (-0.0242)
w/o LMS 0.8519 0.6307 0.7204 0.4470 0.4820 0.7597 0.6192 0.2924 0.4761 (-0.2083)
w/o SC 0.9840 0.8291 0.9029 0.7519 0.5678 0.9024 0.8167 0.6886 0.6338 (-0.0506)

10-shot

VIS-EDIT 0.9942 0.8807 0.9408 0.8438 0.6340 0.9250 0.8729 0.7500 0.7062
w/o SL 0.9952 0.8448 0.9160 0.7879 0.6201 0.9176 0.8421 0.7055 0.6769 (-0.0293)
w/o LMS 0.8546 0.6893 0.7303 0.4619 0.4788 0.7782 0.6545 0.4237 0.5183 (-0.1879)
w/o SC 0.9900 0.8513 0.9112 0.7596 0.6005 0.8939 0.8285 0.6822 0.6423 (-0.0639)

M
ix
tr
al
-7
B

1-shot

VIS-EDIT 0.9935 0.8729 0.9628 0.8795 0.5237 0.8487 0.8277 0.6928 0.6051
w/o SL 0.9942 0.8638 0.9632 0.8844 0.5172 0.8468 0.8175 0.7034 0.5999 (-0.0052)
w/o LMS 0.8702 0.7115 0.7767 0.5613 0.5082 0.7747 0.6280 0.3263 0.4769 (-0.1282)
w/o SC 0.9913 0.8352 0.9511 0.8592 0.4722 0.8211 0.7879 0.6419 0.5503 (-0.0548)

5-shot

VIS-EDIT 0.9881 0.8682 0.9431 0.8563 0.5547 0.8932 0.8274 0.6864 0.6490
w/o SL 0.9881 0.8513 0.9429 0.8575 0.5409 0.8884 0.8020 0.6674 0.6226 (-0.0264)
w/o LMS 0.8978 0.6954 0.8316 0.6653 0.4935 0.7787 0.6782 0.3263 0.5102 (-0.1388)
w/o SC 0.9850 0.8302 0.9279 0.8277 0.5139 0.8734 0.7751 0.6165 0.5907 (-0.0583)

10-shot

VIS-EDIT 0.9890 0.8907 0.9545 0.8906 0.5523 0.8895 0.8232 0.7733 0.6673
w/o SL 0.9869 0.8801 0.9495 0.8757 0.5409 0.8768 0.8006 0.7903 0.6438 (-0.0235)
w/o LMS 0.9209 0.7794 0.8832 0.7680 0.5449 0.8074 0.7102 0.4576 0.5622 (-0.1051)
w/o SC 0.9854 0.8486 0.9365 0.8513 0.5180 0.8563 0.7797 0.7119 0.6018 (-0.0655)

Overall, this parameter study shows that beam size and the
number of demonstrations are beneficial factors for Vis-Edit. Details
of the parameter study are in our technical report [41] .

5.2.3 Ablation Study. An ablation study was conducted to explore
the contribution of each module. The results are shown in Table 6,
where SL refers to the schema linking module, LMS refers to the
local modification system and SC refers to the self-consistency
module. The key observations in this ablation study are as follows.

The schema linking module remains necessary, since its removal
reduces the overall accuracy of Vis-Edit. This module also boosts
SELECT, FROM, JOIN, and BIN clauses by an average of 2.0%.

The local modification system (LMS) stands as a pivotal module
of Vis-Edit, accounting for the largest overall accuracy improve-
ments across general LLMs. This module boosts Llama3-8B by over
18% and Mixtral-7B by over 10%, demonstrating that refining inap-
propriate clauses outperforms generating new DVQs from scratch.

The self-consistency module narrows the gap of Vis-Edit with
the upper bound, the top-10 overall accuracy shown in Table 5, by
improving more than 5% overall accuracy under few-shot setting.

Overall, Vis-Edit almost outperforms all the variants with some
modules removed, confirming each module’s effectiveness. Details
of the ablation study are in our technical report [41] .

5.2.4 Case Study. The case study was conducted to test whether
the Vis-Edit can provide services for the users from different back-
grounds. As shown in Figure 1, the user is unfamiliar with the
technical tools in database schema or visualization. It only asked
the system to correct the visualization in layman language. Vis-
Edit then satisfied the intent of the user successfully. In Figure 5,

the user has the background knowledge of the database schema.
After being queried, the Text2Vis model visualized the ‘Budget’
column which does not exist in the database, since the informa-
tion of user utterance is not complete. The correct one should be
‘Budget_in_Billions’. With the help of the explanation of how the
inappropriate visualization chart was constructed, the user could
provide the technical feedback to specify the exact column that
needs visualization. Vis-Edit could handle this case smoothly.

Overall, the case study demonstrates the effectiveness of Vis-
Edit on the layman language feedback and the technical feedback.

6 Related Work
This study is closely related to the field of the Text-to-Vis, the
LLM for data visualization and the interactive systems with user
engagement. These fields will be briefly discussed below.

Text-to-Vis. Text-to-Vis has great importance to many practical
applications. Early Text-to-Vis system employed rule-based meth-
ods. Articulate [34], DataTone [7] and Eviza [30] utilized symbolic
NLP methodologies to analyse the natural language and convert it
to data visualizations. NL4DV [24] and FlowSense [44] integrated
powerful semantic parsers [18, 23] to further improve the perfor-
mance of the system. Although these rule-based methods are easy
to implement, they could not comprehend complex natural lan-
guage. Neural methods [20, 21, 32, 33] were used to handle the
complex natural language. Specifically, Luo et al. trained ncNet
[21], an encoder-decoder architectural network, for the benchmark
[20] of the task. RGVisNet [33] adopted the retrieval and generation
methodology to generate the data visualizations, motivated by the
process of code generation. MMCoVisNet [32] studied the scenario
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User: Show sum of budget in each year and 

bin creation time by year in a line chart.

Feedback: To correct the query, please 

select the sum of 'Budget_in_Billions’ for 

the y-axis instead of the ‘Budget’ column.

Explanation: The user wants to create a line

chart. The selected columns are 'Creation' 

and the sum of 'Budget'. The data is being

extracted from the 'department' table. The 

data is then grouped by the 'Creation' year,

and the 'Budget' is summed up for each year.
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Error

Explanation: The user wants to create a line 

chart. The selected columns are 'Creation' 

and the sum of 'Budget in Billions'. The 

data is being extracted from the 

'department' table. The data is then grouped 

by the 'Creation' year, and the 'Budget in

Billions' is summed up for each year.
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Figure 5: Case Study with the feedback in technical language

of users interacting with the system. The core objective of each
dialogue session is to develop an appropriate data visualization.

However, most of the existing studies ignored the interaction
between the user and the text-to-vis system. The user can only
re-generate a data visualization instead of instructing the system
to edit it, if the old one could not meet its requirements. Compared
with these existing text-to-vis studies, Vis-Edit further considers the
effect of natural language feedback, enhancing the capabilities of the
existing text-to-vis system. Although this study [32] investigated
user interaction with the DV system, it failed to leverage user
feedback to refine inappropriate DVQs. Additionally, the associated
dataset lacks feedback-integrated data for DVQ refinement.
LLM for Data Visualization. It is vital to leverage LLMs to real-
ize the tasks related to data visualization, because of the remark-
able capability of comprehending natural languages and generat-
ing high-quality responses in user-defined formats [16]. Chat2VIS
[22] visualizes data by generating Python code with LLM prompt.
LIDA [4] modeled the Text-to-Vis task as a four-stage generation
problem, combining the LLMs with the image generation models
to synthesize the data visualizations and the infographics. Mat-
PlotAgent [43] designed a multi-agent framework to address the
scientific data visualization tasks. It contains a query understanding
module, code generation module with iterative debugging, and a
visual feedback mechanism for error correction. ChartMimic [42]
is a multi-modal code generation model, developed to measure the
proficiency capability of LLMs via chart-to-code generation.

However, Chat2VIS, LIDA andMatPlotAgent focused on the Text-
to-Vis problem, while Vis-Edit addresses the task of Text-to-Vis with

feedback. Although MatPlotAgent employs the visual feedback to
enhance the performance, the scenarios of MatPlotAgent and Vis-
Edit are different. The feedback of MatPlotAgent is from the visual
element analysis of the visual model, while the feedback in Vis-
Edit is based on the natural language explanation of generated DVQ.
Moreover, it does not consider the problem of schema linking since
the data to visualize is given. In Vis-Edit, the data to visualize should
be selected from the whole database, which is more challenging.

Interactive Systems with User Engagement. Interactive sys-
tems have garnered significant attention due to their importance in
a large number of applications. In software engineering, the work-
flow of ITDCG [11] makes full use of the lightweight user feedback
to generate tests and code suggestions, which satisfy the user intent.
The study [2] proposed imitation learning from language feedback
(ILF) for code generation, making the training process user-friendly
and sample-efficient. In computer vision, ChatIR [13] engages in
an interaction with the user to specify the search intent of the user,
improving the performance of image retrieval. TiGAN [47] further
utilized natural language feedback to guide image generation and
manipulation, lowering the barriers of image editing. In recom-
mendation system, the research [40] studied the feasibility of the
multi-modal conversational recommendation models that integrate
both positive and negative natural language feedback.

However, the existing interactive systems do not study the field
of data visualization. Hence, there is a need to further explore the
feasibility of the interactive systems of data visualization. To the
best of our knowledge, Vis-Edit is the first study focusing on the
interactive system of data visualization, promoting the development
of the interactive systems based on the user engagement.

7 Conclusion and Future Work
In this paper, a new task named Text-to-Vis with feedback is pro-
posed to enhance the interactive capabilities of a Text-to-Vis system.
This paper is the first work to explore this interactive system. To fur-
ther study the proposed task, a new dataset NVBench-Feedback was
constructed. A LLM-based framework called Vis-Edit is also pro-
posed. It focuses on re-using the inappropriate predictions through
refining the inappropriate clauses, proven to be more effective than
the direct editing on the queries. The schema linking module and
the self-consistency were integrated into the framework to alleviate
two issues, the inconsistency between the database schema and the
natural language and the problem of error propagation. Compari-
son among baselines and ablation study valid the effeteness of the
framework. In all cases, the accuracy of Vis-Edit is better than all
baselines by at least 7.18% and up to 19.46%. The parameter study
and the case study also offer insights for leveraging the framework.

Building on this line of research, further investigation into addi-
tional scenarios, such as realistic datasets with user interactions and
handling a new domain without schema information, is warranted.
Moreover, while the self-consistency module has shown effective-
ness in selecting optimal candidates, it is plagued by efficiency
issues. In this regard, exploring more sophisticated designs for a
more efficient re-ranking module could drive further improvements.
Acknowledgments.We thank reviewers for their valuable com-
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