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 a b s t r a c t

Flow visualization is an essential tool for domain experts to understand and analyze flow fields 
intuitively. In the past decades, various interactive techniques were developed to customize flow 
visualization for exploration. However, these techniques usually use specifically designed graphical 
interfaces, requiring considerable learning and usage effort. Recently, FlowNL Huang et al., (2023) 
introduces a natural language interface to reduce the effort, but it still struggles with natural language 
ambiguities due to the lack of domain knowledge and provides limited ability to understand the 
context in dialogues. To address these issues, we propose an explorative flow visualization powered by 
a large language model that interacts with users. Our approach leverages an extensive dataset of flow-
related queries to train the model, enhancing its ability to interpret a wide range of natural language 
expressions and maintain context over multi-turn interactions. Additionally, we introduce an advanced 
dialogue management system that supports interactive continuous communication between users and 
the system. Our empirical evaluations demonstrate significant improvements in user engagement and 
accuracy of flow structure extraction. These enhancements are crucial for expanding the applicability 
of flow visualization systems in real-world scenarios, where effective and intuitive user interfaces are 
paramount.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of Zhejiang University and Zhejiang University 

Press. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Flow visualization plays a pivotal role in the field of scientific 
visualization by enabling domain experts to interpret complex 
flow data effectively. The challenge, however, lies in accurately 
conveying information about specific flow structures of interest 
in a manner that is most meaningful to the user. Traditionally, 
visualization techniques have employed either fixed criteria for 
placing streamlines (Xu et al., 2010) or focused on predefined 
types of features, such as saddles (Theisel et al., 2003), vor-
tices (Sadlo et al., 2004) or critical points (Ye et al., 2005; Peikert 
and Sadlo, 2009). While these methods provide a foundation for 
understanding flow dynamics, they often do not offer the flexi-
bility needed to address the diverse and specific requirements of 
different applications and user preferences.

Recent advancements in flow visualization have introduced 
exploratory techniques that enable the customization of visual 
representations to cater to specific application needs or feature 
interests. These approaches facilitate user-defined specifications 
of streamlines through a variety of interfaces, including graph-
based interfaces (Tao et al., 2018; Rossl and Theisel, 2012; Han 
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et al., 2020), pattern queries (Wang et al., 2017), predicates (Köh-
ler et al., 2013; Salzbrunn and Scheuermann, 2006), and tangible 
interfaces (Jackson et al., 2013), with graphical interfaces being 
the most commonly employed. Despite the flexibility and power 
of these graph-based interfaces, their complexity necessitates 
considerable learning and significant cognitive effort. In contrast, 
tangible interfaces facilitate more intuitive interactions through 
physical feedback, thereby enhancing user engagement. How-
ever, their restricted interaction freedom limits their ability to 
accommodate complex queries, thus posing challenges for their 
application in more advanced analytical scenarios.

Motivated by the successes of Natural Language Interfaces 
(NLIs) for visual data exploration (Yu and Silva, 2020; Narechania 
et al., 2021; Luo et al., 2022; Ji et al., 2021), FlowNL (Huang et al., 
2023) introduced the natural language interaction to the flow 
visualization. FlowNL is designed to enhance the user experience 
with the visualization system, promoting an intuitive interaction 
for a wide range of analysis tasks while minimizing the learn-
ing curve and operational complexity. It uses a series of basic 
elements, such as vector fields, sampled streamlines, associated 
scalar fields, and geographic regions, to assemble complex flow 
structures via straightforward operations. For example, the visu-
alization of a ‘‘typhoon’’ is achieved by integrating ‘‘spiral flow’’ 
extracted from streamlines, ‘‘strong wind’’ indicated by velocity 
magnitude scalars, and geographic regions.
iversity and Zhejiang University Press. This is an open access article under the 
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Fig. 1. The interface of FlowLLM. (a) shows the query input in natural language. FlowLLM supports multilingual input, demonstrated here with a Chinese query 
translated as ‘‘Show the tornado’’. It also facilitates voice input for queries using the microphone button on the right. (b) shows the dialog box that defines an 
unknown term ‘‘tornado’’ as a spiral flow characterized by a high velocity magnitude. (c) shows the query formula of the derived object corresponding to the 
definition in (b). (d) displays all primitive and derived objects. (e) demonstrates the pop-up window for specifying thresholds in defining objects that will be shown 
on demand. (f) visualizes the flow using streamlets, where the orange ones highlight a tornado in the African continent. (g) displays the live streaming link address 
for viewing FlowLLM remotely. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Despite these advancements, FlowNL faces challenges with 
natural language ambiguity and strict syntactical constraints that 
can hinder user interaction and the system’s overall effectiveness. 
Moreover, the lack of support for multi-turn dialogues constrains 
the system’s ability to handle complex, evolving user queries 
effectively.

In response to these challenges, our work introduces an en-
hanced version of FlowNL, named FlowLLM, which integrates a 
large language model to refine the system’s natural language 
processing capabilities. By leveraging extensive sentence datasets 
for training, our approach not only reduces ambiguity but also 
introduces greater syntactical flexibility. We have significantly 
enhanced the system by incorporating support for multi-turn 
dialogues and multilingual input, allowing users to engage in 
more natural and conversational interactions. Furthermore, we 
have broadened the available flow patterns and introduced voice 
input capabilities. These improvements enable a more seamless 
exploration and analysis of flow data, thereby boosting user sat-
isfaction and augmenting the system’s adaptability across diverse 
scenarios.

2. Related work

Interactive flow visualization. Interactive techniques have 
revolutionized the analysis and visualization of flow data, en-
hancing their utility for a wide array of applications. Graph repre-
sentations such as the flow web (Xu and Shen, 2010), streamline 
embedding (Rossl and Theisel, 2012), FlowGraph (Ma et al., 2014), 
semantic flow graph (Tao et al., 2018), and FlowNet (Han et al., 
2020) are key in selecting streamlines and other flow structures. 
Predominantly, these approaches (Han et al., 2020; Rossl and 
Theisel, 2012; Ma et al., 2014; Xu and Shen, 2010) rely on a 
distance metric to guide the creation of graph layouts, whereas 
semantic data is utilized in the semantic flow graph (Tao et al., 
2018) to cluster elements with similar characteristics for more 
in-depth analysis. In addition to these methods, other planar 
interactive designs aid in the comprehension and examination of 
flow fields. Techniques such as the glyph based on radar displays 
proposed by Hlawatsch et al. (2011), and the interactive com-
parison of flow data through the straightening of tubular flows 
by Angelelli and Hauser (2011), exemplify this. Furthermore, 
tools like streamline predicate (Köhler et al., 2013; Salzbrunn 
and Scheuermann, 2006), IGScript (Liu et al., 2021), and tangible 
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interface (Jackson et al., 2013) employ similar concepts but differ 
in their semantic detail allocation. Pattern matching and feature 
detection also play a crucial role in interactive flow exploration, 
using the similarity of streamlines (Tao et al., 2016) and pat-
tern matching within flow field regions (Bujack et al., 2015) to 
identify corresponding patterns. However, these methods may 
become insufficient when complex flow structures and patterns 
need to be examined. Thus, Su et al. (2023) presented a novel 
surface generation and exploration scheme for the steady flow 
field, guided by a user-specified importance field, which can be 
a scalar variable associated with the flow field, or can be derived 
from flow features of interests. Additionally, Zafar et al. (2024) 
have introduced an interactive system to explore hairpin vortices 
based on their geometric and physical attributes. Specialized 
techniques continue to be developed for specific applications 
and features, such as atmospheric fronts (Kern et al., 2019), PV 
banners (Bader et al., 2020), vortices (Günther et al., 2017), and 
splats (Nsonga et al., 2020a,b). Notably, innovative interactive 
techniques have been employed to investigate the unstable be-
haviors in the spatial dynamics of blood flow (Lawonn et al., 2016; 
van Pelt et al., 2011). For visualization of unsteady flows, Krake 
et al. (2021) enhanced the Dynamic Mode Decomposition (DMD) 
components and their representations by employing novel visual-
izations. Furthermore, in immersive flow visualization, Yuan et al. 
(2023) employed controllers and voice input for 3D exploration, 
while  Su et al. (2021) advanced this approach by incorporating 
multimodal interaction through head, hand, eye and voice inputs, 
achieving higher accuracy and greater time efficiency.

Natural language interface. In the evolving landscape of 
information visualization, NLIs have significantly transformed 
how users interact with data, simplifying user interaction by 
transforming natural language queries into intermediate formats 
like explicit commands (Sun et al., 2010), SQL queries (Dhamd-
here et al., 2017), VisFlow functions (Yu and Silva, 2020), and 
declarative specifications (Narechania et al., 2021).  Luo et al. 
(2022) refined the translation process using a transformer-based 
model, enhancing systems like Articulate 2 (Kumar et al., 2016), 
Eviza (Setlur et al., 2016), and Evizeon (Hoque et al., 2018) 
with interactive dialogue capabilities. DataTone (Gao et al., 2015) 
employs algorithmic disambiguation with interactive widgets to 
resolve language ambiguities, and Orko (Srinivasan and Stasko, 
2018) uses a combination of grammar and lexicon-based pars-
ing to support diverse interaction modalities.  Cui et al. (2020) 
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Fig. 2. The workflow of our FlowLLM: When users input a query, it is first wrapped into a specific prompt format to be processed by the LLM. The fine-tuned 
LLM then transformed it into a declarative language that can be understood by FlowLLM. Finally, the backend of FlowLLM provides the rendered results, which are 
displayed on the interface.
introduced Text-to-Viz, generating visualizations from visual el-
ements, while  Wang et al. (2023) streamlined visualization 
authoring with structured editing in their NLIs.  Mitra et al. (2022) 
enhanced NL4DV for multi-turn dialogues and nuanced ambiguity 
resolution. Additionally,  Srinivasan and Stasko (2017) and  Tory 
and Setlur (2019) conducted studies to evaluate the effectiveness 
of NLIs and their impact on user experience, aiming to im-
prove user intent interpretation and response. This categorization 
focuses on the conversion from natural language to data. Alterna-
tively, the discussion could be approached from various angles by 
examining the application scenarios of different natural language 
queries (Shen et al., 2023). Visualization recommendation acts 
as the back-end engine of NLI to recommend visualizations (Qin 
et al., 2020; Shen et al., 2022). Natural language interface for 
databases (Affolter et al., 2019) and natural language generation 
for visualization (Liu et al., 2020; Tang et al., 2024) are research 
fields that both utilize natural language to control the presenta-
tion of content in the interface. Annotation (Ren et al., 2017; Shi 
et al., 2020) and narrative storytelling (Tong et al., 2018) enhance 
visualizations by integrating textual and visual elements together 
in the interface.

Instruction finetune. In recent years, the field of Large Lan-
guage Models (LLMs) has witnessed remarkable progress. How-
ever, one of the major issues with LLMs is the mismatch between 
the training objective and the users’ objective: LLMs are typically 
trained to minimize the contextual word prediction error on large 
corpora; while users want the model to ‘‘follow their instructions 
helpfully and safely’’ (Brown et al., 2020). Employing retrieval-
based knowledge augmentation (Ye et al., 2024) can address 
certain limitations in the model’s understanding of semantics; 
however, a more effective solution is to adopt Instruction Tun-
ing (IT), which serves as a powerful technique to enhance both 
the capabilities and controllability of large language models. In 
the realm of instruction fine-tuning, several notable works have 
made significant differences across various domains. Instruct-
Dial (Gupta et al., 2022) has effectively utilized a diverse set of 
dialogue tasks to enhance natural language model performance 
in dialogue evaluation and intent detection, employing models 
like BART0 (Lin et al., 2022). LINGUIST (Rosenbaum et al., 2022) 
has shown remarkable improvements in intent classification and 
slot tagging by fine-tuning the AlexaTM 5B model, particularly 
excelling in novel intent settings and cross-lingual applications. 
In the field of text manipulation, CoEdIT (Raheja et al., 2023) 
and CoPoet (Chakrabarty et al., 2022) have both demonstrated 
state-of-the-art performance in text editing and poetry writing, 
respectively, by leveraging instruction-based fine-tuning.

3. Approach

FlowLLM is built upon the foundation of FlowNL (Huang et al., 
2023). While sharing the object definition mechanism, FlowLLM 
3

Fig. 3. Sample declarative specifications generated by the query ‘‘Show the flow 
near indian ocean’’. The three declarative specifications correspond to the tasks 
to identify the flow in the specific geographic region, extend the segments of 
flow, and visualize the derived flow.

improves the language parsing and flow pattern generation of 
FlowNL. Specifically, FlowLLM leverages a fine-tuned large lan-
guage model to handle more natural, complex, and multilingual 
queries regarding flow exploration. Additionally, it incorporates 
a comprehensive set of flow patterns identified from densely 
sampled streamline segments. This section briefly introduces the 
object specification in FlowNL first and then focuses on the work-
flow of FlowLLM. The workflow illustrates the transformation 
process from user input to flow visualization as shown in Fig. 
2. The rest part of this section follows the workflow’s structure 
for detailed explanation. The details include prompt design, the 
usage of declarative language, and the fine-tuning of the LLM. 
The fine-tuning section also introduces the preparation of diverse 
fine-tuning data, the generation of flow patterns, and the training 
process.

3.1. Objects and declarative language

FlowNL categorizes objects into two primary types: primitive 
and derived objects. Primitive objects are fundamental compo-
nents, indivisible and inclusive of all data provided by the dataset 
or system, along with user-defined basic objects such as geo-
graphic regions. Derived objects, on the other hand, are formu-
lated from these primitive objects or from other derived objects 
to delineate flow structures. Our system specifically incorporates 
two types of primitive objects: structured grids and unstructured 
points. Structured grids serve as hosts for the flow and scalar 
fields, embodying attributes of various resolutions. For simplicity, 
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Fig. 4. The prompt template for LLM comprises four fundamental components: a description of the dataset, a description of the task, a description of the declarative 
language, and a description of the criteria. Each time a query is received, the prompt acts as a default inclusion, transforming the input query into a directive in 
declarative language to guide the system in understanding what type of visualization content should be presented, ensuring that the user’s requirements are precisely 
met.
our work assumes all fields within a grid share the same resolu-
tion, leading to the formation of a singular ‘‘grid’’ primitive object 
that encompasses all fields. Conversely, unstructured points typi-
cally represent flow features such as critical points, sample points 
on streamlines, and spatial regions, with each point possessing 
distinct attributes like position, type, and scale.

Derived objects in the FlowNL system are created either from 
primitive objects or from other derived objects through two 
primary mechanisms. The first method involves filtering existing 
objects based on specific criteria. For instance, an object rep-
resenting saddle points is produced by filtering critical points 
according to their types. The second method involves combining 
existing objects using a range of operations available in our 
system. For example, an object representing a typhoon can be 
defined as the intersection of a spiral flow pattern with the 
geographic region of the Northwest Pacific Ocean.

The declarative language meticulously controls visualization 
parameters and facilitates the creation of new objects, with all 
objects represented as subsets of elements from corresponding 
primitive objects. This process utilizes operations such as filter-
ing, mapping, union, intersection, difference, and neighboring. 
Filtering selects elements based on attributes, from simple one-
dimensional ones to complex high-dimensional ones defined by 
spheres’ center vectors and radii. Mapping transforms a derived 
object’s structure, remapping streamlines to grid points based 
on spatial correspondence. Union, intersection, and difference 
operations combine or segregate object elements from the same 
primitive, manipulating their indices to produce desired visual 
outputs. For objects from different primitives, like merging hu-
mid regions with spiral streamlines, the system aligns elements 
through mapping before applying set operations, ensuring con-
textual relevance. The resulting object takes on the first operand’s 
primitive type. The neighboring operation broadens an object’s 
spatial context, enhancing its visual impact by including adjacent 
elements or extending streamline segments. Fig.  3 demonstrates 
a specific instance of declarative language through the input: 
‘‘Show the flow near the Indian Ocean’’.

3.2. Prompt design

While prompting can appear as easy as instructing a hu-
man, crafting effective and generalizable prompt strategies is a 
challenging task. To optimize the performance of large language 
models in understanding and executing tasks, it is crucial to 
4

formulate precise prompts that include detailed requirements 
and desired output formats, thereby minimizing ambiguities. This 
can be achieved by clearly defining query specifics, utilizing de-
limiters, and providing structured steps along with examples. To 
further enhance reliability and counteract potential inaccuracies, 
especially in complex topics, prompts should incorporate refer-
ence texts, directing the model to ground its responses in val-
idated information. Simplifying complex tasks into manageable 
subcomponents and leveraging workflows from these simpler 
outputs can significantly reduce errors and improve the quality of 
results. Additionally, encouraging a thoughtful reasoning process 
in the model, akin to a ‘‘chain of thought’’ approach, aids in 
producing more accurate outcomes. Following these principles, 
we designed a prompt template incorporating the dataset de-
scription, declarative language description, and validation criteria 
description, as illustrated in Fig.  4.

Dataset description. The prompt encompasses a dataset de-
scription listing the primitive objects for building the derived 
ones. This description consists of the type, name, and associated 
attributes of each primitive. The existing derived objects are 
enumerated under their corresponding primitive object as well. 
Typical primitive objects include the flow pattern, grid, and geo-
graphic region. The flow pattern is represented by unstructured 
spherical regions in a latent space, and its main attributes are the 
center (‘‘latent’’) and radius in the latent space. The object ‘‘grid’’ 
encodes the associated structured fields as attributes, such as ‘‘t’’ 
(temperature) and ‘‘w’’ (vertical velocity). For the language model 
to understand the meaning of the attributes, the explanation is 
included in the description together with the variable name. Note 
that, to ensure the prompt remains free of irrelevant information, 
we have omitted details such as specific file paths and file types.

Validation criteria description. The prompt also explicitly 
specifies criteria for evaluating the validity of user input: First, 
grammatical accuracy. Should there be any discrepancies, a noti-
fication of the grammatical errors will be provided. Second, the 
appearance of data that is not available in the existing dataset. 
Upon the identification of such data, we conduct an assessment to 
determine whether it can be generated from the existing objects 
in the dataset. For instance, the sentence ‘‘Eat the flow of sky’’. 
displays grammatical inaccuracies. In contrast, even if the term 
‘‘Indian’’ is not explicitly defined, the phrase ‘‘Please show me 
the spiral flow in India’’ can be interpreted as referring to an un-
defined geographical location that can be generated through our 
derivation mechanism. Consequently, FlowLLM would prompt 
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the user to specify the precise geographical location.In practice, 
our mapping system operates exclusively on grid-based represen-
tations devoid of geographical metadata, consequently limiting 
the language model’s capacity to establish intrinsic correlations. 
This necessitates manual intervention through selective annota-
tion to establish explicit mappings between geographical termi-
nology and corresponding grid coordinates, thereby enabling the 
model to comprehend spatial relationships effectively.

Improving accuracy. The performance gap between differ-
ent prompt strategies can be substantial. Without specifically 
designed strategies, the large language model often generates 
incorrect responses that appear to be accurate, which is fatal in 
generating declarative specification. We emphasize the criteria 
for correctness in our entire statement. This involves determin-
ing the validity of a statement based on whether the object or 
attribute appears in the dataset; if an unknown object is en-
countered, we infer its feasibility based on the dataset and our 
existing operations. To examine the effectiveness of this state-
ment in prompts, we conducted a comparative experiment. This 
involved using the same dataset and training both a model with 
and without this specified standard using GPT-3.5-turbo until 
convergence. The results revealed that when given the simple 
command ‘‘show spiral flow’’ the model without the directive 
incorrectly outputs [‘‘task’’: ‘‘visualize’’, ‘‘name’’: ‘‘china spiral 
flow’’] in four out of ten instances. In contrast, the model incorpo-
rating the directive accurately produced [‘‘task’’: ‘‘create object’’, 
‘‘name’’: ‘‘spiral flow’’, ‘‘operands’’: [‘‘flow’’, ‘‘spiral’’], ‘‘operator’’: 
‘‘intersect’’, ‘‘nf’’: ‘‘[flow] & [spiral]’’, ‘‘task’’: ‘‘visualize’’, ‘‘name’’: 
‘‘spiral flow’’] in all ten trials. This experiment underscores the 
significance of incorporating precise standards in prompt design 
to enhance the model’s performance and reliability.

3.3. Data preparation

Diversity. Since we aim for the large language model to pro-
duce corresponding declarative language directly from our natu-
ral language inputs, it is necessary to amass substantial data for 
fine-tuning. The original FlowNL system provided 26 query tem-
plates for user utilization. However, the general nouns embedded 
in these templates can correspond to a diverse array of terms 
within actual usage. For example, a simple query template like 
‘‘show flow from [region]’’ where ‘‘[region]’’ could map to a va-
riety of geographic locations such as China, India, or the Atlantic 
Ocean. Given that large language models require fine-tuning with 
user inputs as training data to enhance their understanding of 
concepts like ‘‘[region]’’, it is insufficient to train the model using 
a single instance such as ‘‘Show flow from China’’. Instead, it is 
essential to utilize a variety of geographic terms, such as India 
or the Pacific Ocean, in place of China to enrich the training 
dataset. This approach not only broadens the model’s exposure 
to different geographic denominations but also improves its abil-
ity to accurately interpret and respond to diverse user queries 
regarding specific regions. In addition to [region], the template 
‘‘Color the flow by [attribute]’’ features numerous possible at-
tributes, such as ‘‘q’’, ‘‘vo’’, ‘‘w’’, and ‘‘ciwc’’ in the context of 
a grid, and ‘‘geo position’’ and ‘‘radius’’ for geographic regions. 
To ensure that the large language model accurately recognizes 
these attribute relationships, it is crucial to train it not only with 
correctly matched attribute data but also with deliberately in-
correct pairings. By inputting sentences that incorrectly associate 
attributes, the model is trained to recognize and respond to these 
mismatches. When faced with erroneous attribute relationships, 
the model will generate error messages, thereby informing the 
user of the incorrect attribute application. This training approach 
helps to refine the model’s ability to discern and correct attribute-
related errors in user queries, enhancing its overall reliability and 
effectiveness in handling real-world input.
5

Accuracy. In addition to the object-related issues previously 
discussed, from Fig.  3 we observe that a specific declarative 
language for flow visualization encompasses multiple task types. 
‘‘create object’’ pertains to generating a new entity, ‘‘visualize’’ 
refers to the visualization of an existing object. Beyond these, 
there are also ‘‘color’’ which involves applying color to an object, 
and ‘‘adjust’’ which entails modifying an object’s attributes. To 
ensure the accuracy of the large language model after fine-tuning, 
our dataset encompasses all these task types. Additionally, the 
operations associated with different tasks vary considerably. For 
example, the ‘‘create object’’ task typically involves the ‘‘inter-
sect’’ operation, which is the most common due to the limited 
number of our primitive objects. However, to maintain the com-
pleteness of the data, we have also designed sentences that 
include different operators. These operators, such as ‘‘from’’ and 
‘‘to’’, correspond to distinct query formulas: right neighboring 
(R(·)) and left neighboring (L(·)). This comprehensive approach 
ensures that the large language model not only understands the 
direct actions required by various task types but also appro-
priately applies the complex relationships and operations that 
govern the interaction with and between data objects in the 
context of flow visualization.

Resolving ambiguity. To effectively enhance the generaliz-
ability of large language models while addressing the structured 
nature of initial inputs and reducing ambiguities, our methodol-
ogy involves comprehensive modifications to the training data. 
By rephrasing structured commands into more natural, conver-
sational queries, such as transforming ‘‘Show the flow in China’’. 
to ‘‘Can you display the flow in China?’’, we train the model to 
process and respond to diverse linguistic styles. This transforma-
tion equips the model to handle a broader array of real-world 
interactions. In addition to addressing linguistic form, we actively 
tackle semantic ambiguities that arise from terms with multiple 
meanings within the dataset. For instance, the term ‘‘spiral’’ might 
refer to either a flow pattern or a type of critical point. By con-
textualizing inputs such as ‘‘show spiral flow’’ to indicate a flow 
pattern and ‘‘show spiral critical points’’ to denote critical points, 
we direct the model to discern and react to the intended mean-
ings of ambiguous terms. Including such differentiated scenarios 
in the training set ensures that the model can accurately interpret 
and respond to ambiguous inputs. Our training dataset com-
prises approximately 500 queries, among which around 200 have 
been modified. Through comparative ablation experiments, the 
fine-tuned model trained on the modified dataset demonstrates 
approximately a 10% increase in accuracy for natural language 
inputs.

Multi-turn dialog. Moreover, to enhance the model’s ability 
to maintain context in extended interactions, we incorporate 
training sequences that simulate a dialogue’s memory. An ex-
ample would be training the model with sequences like ‘‘Show 
spiral flow from China’’.; ‘‘Please color it in red’’., teaching it to 
understand that ‘‘it’’ refers to ‘‘spiral flow from China’’ previously 
mentioned. This approach improves the model’s contextual reten-
tion and application, crucial for engaging effectively in dynamic 
dialogues.

Through these strategies, we ensure that the model is not 
only adept at understanding and executing queries based on 
structured inputs but also capable of interpreting nuanced con-
versations and maintaining coherence across multiple exchanges.

3.4. Flow pattern generation

The FlowNL system supported only a limited number of pat-
terns, specifically three, and it was difficult for users to define 
new flow patterns by specifying centers and radii in the deep rep-
resentation space of shapes. FlowLLM randomly samples 500,000 
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Fig. 5. The visualization results of different patterns of flow. (a) shows ‘‘small-scale spiral flow’’, (b) shows ‘‘large-scale spiral flow’’, and (c) shows ‘‘a flow characterized 
by a gentle front followed by a sharp change at the rear’’.
streamline segments and generates common patterns through 
clustering. Specifically, for each streamline segment, we represent 
the segment into a 128-dimensional latent vector and cluster 
all vectors into 50 categories. We then manually examined the 
display effects of different categories to identify those with clear 
patterns. These patterns were then summarized. Given the large 
number of categories, we chose not to display all of them directly 
on the system interface as the previous FlowNL system did. 
Instead, we wrote their characteristics into meta files and input 
them into the large language model for training. This enables the 
large language model to match the natural language descriptions 
of patterns with our predefined flow patterns and display them.

We initially employed the BIRCH (Balanced Iterative Reducing 
and Clustering Using Hierarchies) (Zhang et al., 1996) clustering 
algorithm to cluster the original 500,000 pieces of data into 
approximately 7,000 subclasses, after which we utilized the k-
means algorithm (MacQueen et al., 1967) to further cluster these 
7,000 subclasses into the final 50 categories. For the final 50 cat-
egories, since they rely solely on data similarity for classification, 
the matching of these categories to specific flow patterns requires 
manual verification and comparison. We manually examined the 
patterns of each corresponding stream and summarized their 
characteristics. For instance, Fig.  5 represents a small selection 
of patterns chosen from various flow modes, where Fig.  5(a) 
demonstrates ‘‘small-scale spiral flow’’, Fig.  5(b) exhibits ‘‘large-
scale spiral flow’’ and Fig.  5 (c) displays a flow characterized by a 
gentle front followed by a sharp change at the rear.

3.5. Training

Regarding the utility of large language models, our initial 
choice was the Chinese-Alpaca-Pro-7B (Cui et al., 2024), a Chinese-
centric model based on LLaMA2. This model expanded the orig-
inal LLaMA2’s vocabulary with Chinese terms and underwent 
secondary pre-training with Chinese data to enhance its foun-
dational understanding of Chinese semantics. Additionally, the 
Chinese Alpaca model was fine-tuned with Chinese directive data, 
significantly improving its capability to comprehend and execute 
commands. We primarily valued its proficiency in processing 
Chinese, enabling us to use Chinese data for fine-tuning. However, 
after fine-tuning with approximately 400 training data entries, 
the model’s performance on the test set was poor, achieving an 
accuracy of only approximately 0.6, which demonstrated poor 
generalization and reasoning capabilities.

Consequently, we opted to fine-tune OpenAI’s GPT-3.5-turbo 
instead. After converting our data into the JSONL (JSON Lines) 
format for the fine-tuning process, both the training loss and 
validation loss on a set of 400 data items rapidly decreased 
until converging to zero. The overall training duration consists 
of two parts: the waiting time in the OpenAI training queue 
and the actual training time. Based on our multiple training 
sessions, the waiting time ranges from 5 to 30 min, while the 
actual training time, depending on our data size, ranges from 
40 to 80 min. The training results from our OpenAI model, with 
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both training loss and validation loss reaching zero, indicate that 
the model consistently achieves convergence after training. Fine-
tuning the model enables it to align with our requirements, 
more effectively translating user queries into commands. Further 
local testing confirmed that the model could respond correctly. 
Therefore, we ultimately decided to use the model fine-tuned 
with GPT-3.5-turbo-0125 for our applications.

4. Interface

The interface of FlowLLM integrates several components cru-
cial for flow exploration, as shown in Fig.  1. These components in-
clude the query input box, the dialog box, the object and attribute 
table, and the flow visualization view.

At the top of the interface lies the query input box, which 
captures natural language queries from users and forwards these 
queries to the backend LLM-driven natural language parser. This 
box actively monitors input as users type, identifying key terms 
related to objects, attributes, and colors. User input for queries 
supports both multilingual and voice-enabled methods Fig.  1 (a).

The dialog box plays a vital role in defining unknown terms 
during interactions, as seen in Fig.  1(b). The initial definitions 
introduce additional unknown terms, and the dialog expands ac-
cordingly, ensuring a comprehensive understanding of all terms.

Flow visualization acts as a pivotal role within the interface, 
where objects related to flow are depicted as streamlets, and 
additional entities manifest as point clouds, as illustrated in Fig. 
1(f). This component not only renders the data visually but also 
integrates interactive widgets enabling users to adjust attribute 
filters across one or two dimensions. The rendering sequence is 
facilitated by a backend visualization engine, which transmits the 
visual output to the front end in the form of a video stream. Fig. 
1(g) displays the URL link for live streaming. FlowLLM accommo-
dates different rendering transmission signals to cater to various 
visualization needs.

The object and attribute table, as detailed in Fig.  1(d), system-
atically organizes derived objects and their respective attributes 
beneath headers that boldly denote each primitive object. Active 
tabs disclose comprehensive details about these derived objects, 
and when visualized, an accompanying glyph is displayed ad-
jacent to the object name. This glyph is equipped with a color 
legend and a circular slider; the former denotes the color of the 
object or the applied color map, while the latter is used to modify 
the object’s ‘‘weight’’ — a parameter representing particle density 
or point opacity.

By selecting an object name, users can view and edit its corre-
sponding query formula, as shown in Fig.  1(c). This functionality is 
extended to objects defined as filters, where selection widgets ap-
pear for parameter adjustment. An example interaction includes 
clicking on a filter object ‘‘high velocity magnitude’’, prompting 
the display of the attribute ‘‘high velocity’’ histogram poped in the 
flow visualization’s bottom left corner Fig.  1(e). Users can interact 
with this histogram to set the value range for ‘‘high velocity 
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Fig. 6. The visualization results for various ambiguous statements. The top row shows the results produced by FlowNL, and the bottom row shows the outputs of 
FlowLLM. (a) and (e) correspond to ‘‘Show the flow from the Indian Ocean and China’’.; (b) and (f) correspond to ‘‘Show the flow from China with u over 0 or vo 
under 0’’.; (c) and (g) correspond to ‘‘Show the flow in the Pacific but not to China and to India’’.; (d) and (h) correspond to ‘‘Show the flow from China or the 
Indian Ocean where velocity magnitude over 20’’.
magnitude’’, illustrating a dynamic and interactive approach to 
data manipulation within the FlowLLM system.

Video transmission. We hope to further optimize the latency 
of video transmission in FlowNL. FlowNL only uses WebSockets 
for video transmission, which are prone to packet loss and ex-
hibit considerable communication delays. As we test, the overall 
latency of FlowNL is approximately 1200 ms. Such high latency 
will significantly impact the user interaction experience. Addi-
tionally, during user operations, issues like stuttering and frame 
drops are highly likely to occur. After exploring various pro-
tocols and solutions, we discovered WebRTC, an open-source, 
real-time communication solution developed by Google. Essen-
tially, WebRTC is a standard for direct communication between 
two web browsers, encompassing both Signaling and Media pro-
tocols. Signaling addresses the negotiation of capabilities between 
devices, such as supported codecs, while Media deals with en-
crypted and low-latency media packet transmission. Ultimately, 
we employed the open-source SRS project for video transmission, 
utilizing WHIP and WHEP protocols for signaling and UDP for me-
dia transmission, as demonstrated in Fig.  1(g) where we use the 
WHEP protocol to receive video. By employing this method, we 
successfully resolved the issues of stuttering, frame dropping, and 
high latency in video streaming. According to our tests, the final 
latency is approximately 80 ms in our internal network. Addi-
tionally, no frame drops, stuttering, or related performance issues 
were observed during one hour of continuous operation. Further-
more, we have applied our video streaming technology in a sep-
arate external network deployment. Our experimental validation 
demonstrates that the overall latency for streaming 1080p video 
under such external network conditions ranges roughly between 
300 and 400 ms, depending primarily on the inherent bandwidth 
and latency characteristics of the network. Although the latency 
observed is higher than that within the internal network scenario, 
we have found the overall usability to remain satisfactory and 
observed no frame drops or related performance issues during 
the tests. Thus, we have achieved smoother video transmission 
through WebRTC technology, significantly enhancing the system’s 
usability.

5. Evaluation

While the overall usability of this interaction scheme is ex-
amined in FlowNL (Huang et al., 2023), this evaluation focuses 
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on the additional features introduced by FlowLLM. First, we con-
ducted a user study with two visualization researchers as partici-
pants to thoroughly investigate the practical differences between 
FlowLLM and FlowNL, focusing specifically on several interaction 
aspects. Then, we studied FlowLLM’s ability to resolve ambiguity. 
As this study focuses on logical ambiguity, we recruited nine 
participants to compare the outputs of FlowLLM and FLowNL, 
when responding to queries with logical ambiguity. In addition, 
we design several test cases to examine FlowLLM’s usability in 
processing complex queries and interacting with users through 
multi-turn dialogues. Lastly, we also evaluated FlowLLM’s ability 
to support multilingual queries and voice input.

5.1. User study

We conducted a user study involving two researchers expe-
rienced in visualization. Both participants have extensive experi-
ence of more than three years in visualization-related research. 
However, the participants differed in their previous exposure to 
flow visualization research. Specifically, one participant had ex-
tensive domain-specific expertise and prior research experience 
in flow visualization, while the other participant, though having 
a strong foundational expertise in visualization, had no prior 
experience specifically related to flow visualization. Such diver-
sity in domain-specific familiarity among participants was inten-
tionally considered to ensure more comprehensive and balanced 
evaluation results.

The study process followed a structured procedure. Partici-
pants were asked to first engage with FlowNL and subsequently 
with FlowLLM. Initially, each participant completed a series of 
predefined visualization tasks based on given instructions pro-
vided by the investigator. Subsequently, participants were
allowed an open exploration period without further explicit
instruction, enabling them to freely interact with and compre-
hensively evaluate the features of each system. After complet-
ing the directed tasks and open exploration, participants rated 
both FlowNL and FlowLLM systems based upon standardized 
evaluation metrics, including usability, interaction fluency, ease 
of learning, and accuracy in interpreting user input. They also 
provided qualitative feedback regarding subjective experience, 
user-friendliness, and cognitive workload incurred during their 
interactions.
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Fig. 7. The visualization results using the ECMWF dataset. The row above, labeled (a)–(c), displays the results of multiple turns of queries for different patterns of 
flow. The lower row, labeled (d)–(f), displays the results of operations on different objects during multiple rounds of dialogue when querying circulation flow.
The results of the evaluation indicated a clear preference to-
ward FlowLLM among both participating researchers. Accord-
ing to their ratings and qualitative feedback, FlowLLM demon-
strated substantial advantages in overall use fluency, usability, 
and ease of operation compared to FlowNL. In particular, the par-
ticipant with prior flow visualization experience emphasized that 
FlowLLM was particularly beneficial for efficiently interpreting 
subtle or ambiguous inputs, allowing for expedited exploration 
and analysis. Meanwhile, the participant without prior domain-
specific flow expertise indicated that FlowLLM noticeably low-
ered interaction barriers, facilitating intuitive exploration and 
comprehension of visualization tasks despite limited previous 
familiarity with the flow domain.

5.2. Ability to resolve ambiguity

In the evaluation aimed at resolving ambiguities, we first 
designed statements that could potentially lead to semantic am-
biguities. Subsequently, through user surveys, we gathered statis-
tics on different users’ interpretations of these statements. Finally, 
we compared the outputs generated by our FlowLLM system and 
the FlowNL system for these ambiguous statements to verify the 
effectiveness of our system.

Participants. We recruited nine unpaid participants, each with 
a background in either computer science or a scientific domain. 
Two participants hold PhD degrees, five possess master’s de-
grees, and the remaining two have bachelor’s degrees. Regard-
ing academic experience, five participants have backgrounds in 
mechanical engineering, physics, or atmospheric research. Four 
participants have research or work experience in interactive tech-
niques, including one with atmospheric research experience. Ad-
ditionally, one participant specializes in the area of databases. 
Four participants reported familiarity with geographic informa-
tion systems, ParaView, or similar tools, although none have 
experience with interactive flow visualization systems or natural 
language interfaces.

Query design. In addition to the previously mentioned se-
mantic ambiguity and quantitative ambiguity, we place greater 
emphasis on logical ambiguity. Logical ambiguity mainly involves 
logical conjunctions such as ‘‘and’’ and ‘‘or’’. A specific example 
is ‘‘Show flow in the Pacific but not to China and India’’. This 
statement can typically be interpreted in four ways. First, it may 
mean showing flows within the Pacific that neither flow to China 
nor to India. Second, it could indicate showing flows within the 
Pacific that do not flow to China or showing flows to India. Third, 
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it might mean showing flows within the Pacific that do not flow 
to China or showing flows within the Pacific that do flow to India. 
Fourth, it could represent showing flows within the Pacific that do 
not flow to China and do flow to India. Another specific example 
involving ‘‘or’’ is ‘‘Show the flow from China where PV is under 
40 or velocity magnitude is over 100’’. This sentence can also be 
understood in two ways: First, it could mean showing the flow 
from within China where the PV is under 40 or showing the flow 
from areas where the velocity magnitude is over 100. Second, it 
might mean showing the flow from within China where the PV 
is under 40, or showing the flow from within China where the 
velocity magnitude is over 100. We have crafted a total of twelve 
sentences of this nature.

Results comparison. Fig.  6 illustrates the disparate visualiza-
tion outcomes generated by FlowNL and FlowLLM when con-
fronted with queries of an ambiguous nature. Fig.  6(a) and (e) 
pertain to the input ‘‘Show the flow from the Indian Ocean and 
China’’. In our survey, over half of the respondents interpreted 
this as ‘‘Display flows originating either from the Indian Ocean 
or from China’’. a sentiment echoed by FlowLLM. However, a 
minority perceived it as ‘‘Display flows originating from both 
the Indian Ocean and China’’. whereas the original FlowNL erro-
neously parsed it as ‘‘(([flow] & [from Indian Ocean]) & [China])’’, 
meaning it displayed flows that are from the Indian Ocean and 
also in China, failing to grasp the true intent of ‘‘and China’’.

Fig.  6(b) and (f) relate to the statement ‘‘Show the flow from 
China with u over 0 or vo under 0’’. Most respondents understood 
this to mean ‘‘Display flows originating from within China, where 
‘u’ is greater than 0 or ‘vo’ is less than 0’’. FlowLLM also adhered to 
this interpretation, whereas FlowNL misinterpreted it as ‘‘(([flow] 
& [from China]) & [u over 0]) & [vo under 0]’’, suggesting it 
displayed flows from China where ‘u’ is greater than 0 and ‘v’ is 
less than 0, indicating a misunderstanding of the logical operator 
‘‘or’’.

Fig.  6(c) and (g) show the response to the command: ‘‘Show 
the flow in the Pacific but not to China and to India’’. This 
phrase, as we have discussed previously, is open to multiple 
interpretations due to its complexity. FlowLLM interpreted the 
command effectively as ‘‘Display flows within the Pacific that 
do not head towards China or India’’. This interpretation aligns 
with a logical understanding of the directive, effectively excluding 
flows directed toward these specific destinations. On the other 
hand, FlowNL parsed the input as towards China or India’’. while 
FlowNL parsed it as ‘‘[flow] & [in Pacific not to China] & [to India]’’, 
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Fig. 8. The visualization results of queries containing complex semantic information. (a) displays the flow in the high-latitude regions of China, primarily concentrated 
in the northwest and northeast areas. (b) displays the result of querying China’s spiral flow and highlighting it, mainly concentrated in the North China region and 
displayed in pink. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
which introduces a logical contradiction and does not correspond 
to any actual flow patterns.

Finally, Fig.  6(d) and (h) are linked to the input ‘‘Show the 
flow from China or the Indian Ocean where velocity magnitude 
over 20’’. FlowLLM correctly captured the intent as ‘‘Display flows 
originating from either China or the Indian Ocean with a veloc-
ity magnitude exceeding 20’’. aligning with the majority’s view 
from our survey. Conversely, FlowNL’s parsing as ‘‘[flow] & [from 
China] & [Indian Ocean velocity magnitude over 20]’’ incorrectly 
attributes the velocity condition directly to ‘‘Indian Ocean’’.

We have presented only a subset of the comparative test 
results, yet these are sufficient to demonstrate significant en-
hancements in our FlowLLM system’s ability to parse complex, 
ambiguous statements. Additionally, we provide support for users 
to modify and define these ambiguous entities themselves, fur-
ther enhancing the system’s adaptability and user interaction 
capabilities. This capability not only improves the accuracy of 
data interpretation but also empowers users to tailor the system’s 
responses to their specific analytical needs, thereby optimizing 
both the utility and the user experience.

5.3. Ability to answer complex queries

When handling natural language tasks, dealing with semantic 
context is a complex challenge. In addition to the ambiguities of 
language mentioned previously, addressing typical and common 
issues presents a significant challenge. The context and history 
of a conversation are critical for understanding the meaning of 
a particular statement. For instance, a question asked earlier in 
a conversation can influence the interpretation of a subsequent 
response. Utilizing large language models to process natural lan-
guage allows for greater flexibility during query input. This ap-
proach is particularly effective in handling complex semantic 
contexts. FlowNL’s natural language parser constructs visualiza-
tion instructions based on grammatical structures, overlooking 
the semantic context. In this section, we evaluate the capability of 
FlowLLM to handle complex, lengthy queries, thereby assessing 
its proficiency in semantic extraction. We also employ a multi-
turn dialogue test to examine its capacity to maintain a record of 
contextual history. In addition, we also introduce its user-friendly 
features.

Semantic context interpretation. We begin by constructing 
a complex composite query input: ‘‘Display the flow from China; 
illustrate its segment at high latitudes; adjust its wind speed to 
10; and update its color to red’’. For such a complex input state-
ment, FlowNL is incapable of parsing it because this sentence does 
not conform to traditional grammatical structures and cannot 
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be transformed into declarative language commands through a 
natural language parser. For FlowLLM, it successfully parsed the 
correct declarative language commands and generated the appro-
priate visual results. It should also be noted that by examining 
the intermediate declarative statements generated, we observed 
that FlowLLM had accurately extracted the semantic context. 
The query content described regions at high latitudes, which 
poses a challenge for precise localization. FlowLLM identified the 
expression ‘‘high latitude regions’’ and quantitatively converted 
it into a parameter for filtering attributes at latitudes above 60 
degrees North, demonstrating effective semantic understanding 
and translation. We examine the relationships between the con-
tent before and after the statement to assess the coherence and 
continuity of the narrative. In the query statement, the referents 
of the pronouns are actually different. The first pronoun refers to 
the flow data from China, hence when mentioning high latitudes, 
it specifically pertains to the flow at high latitudes in China. 
When it comes to the latter pronoun ‘‘its’’, it refers to the high-
latitude flow in China, which is semantically distinct from the first 
‘‘its’’. This differentiation highlights the importance of context 
in interpreting pronoun references within complex statements. 
This demonstrates that even when faced with complex sentences, 
FlowLLM is capable of understanding and converting them into a 
series of declarative language commands, progressively identify-
ing the specific data to be observed. We present the visualization 
results as shown in Fig.  8(a), where the red flow is concentrated 
in the northwest and northeast regions of China. We examine 
another example: ‘‘Show the spiral flow in China; highlight it 
in a brighter color’’. In this statement, there is also the task 
of understanding what constitutes a ‘‘brighter’’ color. FlowLLM 
comprehended the semantics and colored ‘‘it’’ pink. We have 
displayed this visualization result in Fig.  8(b). The illustration 
highlights the occurrence of spiral flow in the North China region.

Multi-turn interactions. In the process of interacting through 
natural language, a typical scenario requires the system to have 
the capability to remember historical context. FlowLLM fulfills 
this requirement through the completion of a large language 
model. We conduct case studies on the European Centre for 
Medium-Range Weather Forecasts (ECMWF) dataset. We aim to 
check whether FlowLLM can accurately distinguish actions and 
objects in continuous natural language interaction. Flow exhibits 
different patterns based on various morphological characteristics. 
FlowLLM obtains different latent vectors by encoding the shapes 
of streamlines and clusters them in the embedding space to 
distinguish more patterns.

We first input the query ‘‘Show the large-scale spiral flow’’. As 
shown in Fig.  7(a), this is a newly added flow pattern, and its color 
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is pink. We want to compare it with the normal spiral flow, so we 
input the query ‘‘Show the spiral flow’’. We can observe that the 
small yellow spiral flows are dispersed throughout the space Fig. 
7(b). At this point, we need to hide the previous flows to display 
the spiral flow alone clearly. Now, we only need to query ‘‘Hide 
the former’’. to hide the large-scale spiral flow mentioned in the 
previous conversation history Fig.  7(c). This demonstrates that 
even after multiple turns of conversational interference, FlowLLM 
can still understand the context referred to in the query. We 
provide another example to illustrate the capability of FlowLLM 
to handle continuous query requests. Querying ‘‘Show the circu-
lation flow with low latitude’’. leads to visualization results in 
Fig.  7 (d). Following up, we provide a more complex query that 
requires the use of historical context: ‘‘Color its part with high 
longitude in red’’. Based on the results from  Fig.  7(e), FlowLLM 
selected a portion of the turbulence flow on the right side of the 
space and changed its color to red. The right side corresponds to 
the high-longitude areas in geographic information. From these 
results, it is evident that the query, which includes a filter for 
the previously mentioned object, can be understood, and it is 
capable of capturing the position information corresponding to 
high longitude. Therefore, after these two turns of input, whether 
FlowLLM can remember the content of both queries and make 
necessary changes needs to be verified. We immediately follow 
up with the query ‘‘Expand them to show at high latitudes’’. 
and the results are as shown in  Fig.  7(f). Not only the orange 
turbulence flow from the first query result but also the red flow 
from the high longitude part has similarly increased its presence 
in the high latitude areas. This indicates that FlowLLM takes into 
account the content mentioned in previous history when dealing 
with multiple turns of dialogue and can use the objects operated 
on in previous actions for further control.

5.4. Ability for domain-agnostic exploration

When dealing with data from diverse domains, our model can 
easily adapt by simply modifying the dataset description within 
the prompt to specify the characteristics of the new data. This 
approach allows us to achieve quick and cost-effective trans-
fer across various domains. We validated this finding through a 
comparative experiment conducted on the vascular flow dataset, 
VSFS9. Initially, without any parameter fine-tuning, we directly 
utilized the fine-tuned model and adapted it to the new domain 
simply by modifying the dataset description presented in the 
prompt. Specifically, we explicitly defined and included critical 
attributes of our dataset — such as flow velocity, flow rate, and 
other relevant physical parameters — in the dataset description 
to assess the model’s intrinsic capability to understand novel 
domain-specific inputs.

Subsequently, we conducted a fine-tuning stage to further 
investigate if explicit exposure to domain-specific query-output 
pairs would significantly improve domain adaptation perfor-
mance. During fine-tuning, we continued using the modified 
prompt description but additionally provided training examples 
consisting of queries from the VSFS9 dataset along with their 
expected outputs. The key objective was to determine if direct 
training on domain-specific input–output relationships provides 
meaningful superiority compared with adaptation based solely on 
prompt modification.

To objectively evaluate the results of these two methods, we 
compared the output accuracy achieved by both approaches on 
the VSFS9 test set. Interestingly, the experimental results indi-
cated only negligible distinctions in accuracy between the two 
strategies; the model exhibited strong performance in correctly 
interpreting new domain data solely through dataset description 
adjustment, achieving nearly equivalent accuracy as compared 
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to the fully fine-tuned version. This crucial observation indicates 
that the primary contribution of the fine-tuning process is not 
merely to memorize specific domain-dependent data patterns, 
but rather to enable the model to understand and effectively 
utilize the underlying structure and semantics of our declarative 
language framework across diverse data domains.

5.5. Ability to facilitate user-friendly interaction

We have integrated many practical features into FlowLLM to 
make parts of the query more flexible and user-friendly. First, we 
have incorporated a voice input conversion feature. This not only 
enhances the convenience and efficiency of human–computer in-
teraction but also makes the input more natural. Additionally, by 
leveraging the integration of the large language model, we have 
enabled multilingual input methods. Whether it is English, Chi-
nese, or other languages, they can all be converted into the same 
information encoding through the tokenizer of the large language 
model. Our fine-tuned large language model can transform input 
content from different languages into declarative language com-
mands to display various visualization results. If users can query 
in their native language, there will be significant differences in 
the efficiency and accuracy of their expressions.

Additionally, leveraging the representational capabilities of 
large language models, there is notable flexibility in handling 
input queries. In FlowNL’s natural language parser, the grammat-
ical structure is singular, requiring specific query formulations 
like ‘‘Show the flow with [attribute]’’. and ‘‘Color the [pattern] 
flow’’., limiting user flexibility. We tested more casual queries, 
and FlowLLM handled them quite well. The extraction of semantic 
information from queries has been discussed previously; here, we 
note that FlowLLM allows more natural phrasing. For instance, 
the query ‘‘I want to see some flow and color it in black’’. resem-
bles everyday language, enabling flexible articulation of desired 
visualizations, which FlowLLM manages effectively. Additionally, 
we tested combined features, such as inputting Chinese through 
the voice button, and the system accurately displayed the in-
tended flow, as illustrated in Fig.  1, we tested the query ‘‘Show 
the tornado’’. in Chinese, where orange streamlines represent 
the tornado. These results indicate that FlowLLM can accurately 
process casual queries.

5.6. Limitations

Lack of guaranteed accuracy. While FlowLLM maintains a 
high accuracy in answering users’ queries in general, it does not 
guarantee to generate valid specifications in some rare cases, 
due to the nature of learning-based approach. For example, even 
when the contents corresponding to ‘‘task’’, ‘‘operands’’, and ‘‘op-
erator’’ are correct, the output for ‘‘nf’’ (formula) can be incon-
sistent, particularly when dealing with complex sentence inputs. 
While the formula can be fixed by the generation rules of FlowNL 
in this case, users may need to manually edit the formula or 
specification when the error is not detectable.

Visualization techniques. Our FlowLLM system is currently 
limited to visualizing various objects solely through streamlet 
animation and point clouds, which might not effectively expose 
complex structures. To address this limitation, it is advisable to 
implement more sophisticated techniques, such as integral sur-
faces. Moreover, enhancing the rendering of scalar features could 
be achieved through techniques like direct volume rendering or 
isosurface rendering.
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6. Conclusion

We have proposed FlowLLM, which resolved the issues of 
ambiguity and the inability to engage in multi-turn dialogues 
in the original FlowNL by fine-tuning a large language model. 
Furthermore, FlowLLM now accommodates inputs in multiple 
languages, greatly extending its accessibility and improving its 
utility. We now also support voice input, enhancing adaptability 
across various interaction scenarios. Last but not least, the previ-
ously erratic, high-latency video transmission has been replaced, 
providing a low-latency, seamless video display that significantly 
smooths system interactions.
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