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Abstract— Explorative flow visualization allows domain experts to analyze complex flow structures by interactively investigating flow
patterns. However, traditional visual interfaces often rely on specialized graphical representations and interactions, which require
additional effort to learn and use. Natural language interaction offers a more intuitive alternative, but teaching machines to recognize
diverse scientific concepts and extract corresponding structures from flow data poses a significant challenge. In this paper, we introduce
an automated framework that aligns flow pattern representations with the semantic space of large language models (LLMs), eliminating
the need for manual labeling. Our approach encodes streamline segments using a denoising autoencoder and maps the generated
flow pattern representations to LLM embeddings via a projector layer. This alignment empowers semantic matching between textual
embeddings and flow representations through an attention mechanism, enabling the extraction of corresponding flow patterns based
on textual descriptions. To enhance accessibility, we develop an interactive interface that allows users to query and visualize flow
structures using natural language. Through case studies, we demonstrate the effectiveness of our framework in enabling intuitive and

intelligent flow exploration.

Index Terms—Flow visualization, natural language, streamlines

1 INTRODUCTION

Flow visualization has been crucial in analyzing and exploring flow
patterns in the scientific visualization community for decades. It effec-
tively conveys information about relevant flow structure visualization
results in a manner tailored to specific domain needs. Early flow visu-
alization methods relied on predefined criteria to generate results. For
instance, streamline placement strategies aimed at even spacing [15] or
maximizing information content [55]] were common. Other techniques
focused on visualizing specific structures [[39,48l/59]. These approaches
typically depended on expert interpretation or collaboration with do-
main specialists to determine target features. However, fixed-criteria
methods often struggle to address domain-specific needs or generalize
beyond predefined feature types, requiring significant effort to extend.
To increase flexibility, interactive visualization techniques have
emerged, allowing users to explore and customize results based on
their analysis goals. These methods support user-defined streamlines
via graph-based interfaces [|10}45], pattern queries [52], predicates [40],
and tangible interfaces [[14], with the latter being especially promi-
nent. Despite their flexibility, interactive techniques often involve a
steep learning curve and considerable cognitive effort. While tangible
interfaces offer intuitive feedback, their limited degrees of freedom
constrain the formulation of complex queries. FlowNL [13] introduced
a natural language interface for querying visualizations, translating user
input into a declarative language for flow data filtering. However, it
still depends on manual labeling of flow patterns. Recent advances in
large language models (LLMs) have shown promise in bridging natural
language and complex data representations. Nevertheless, enabling
LLM:s to understand flow structures remains a significant challenge.
To tackle these challenges, we propose a framework aimed at align-
ing flow representations with natural language semantic features auto-
matically. Our framework eliminates the need for manually specifying
the correspondence between flow patterns and their textual descriptions.
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The framework consists of three main components: an autoencoder
representing the flow pattern, a semantic alignment module aligning pat-
tern representations with text embedding, and a query module matching
pattern representations with text queries. Before explaining the com-
ponents, we should note that while our framework takes spatial curves
as input, which is applicable to both streamlines in steady fields and
pathlines in unsteady fields, this work focuses on streamlines and steady
fields. Its effectiveness for unsteady fields remains to be evaluated.

Flow pattern representation. These flow structures can typically be
reflected locally by sample points along streamlines. Therefore, to cover
and represent a broad range of flow patterns, we sample streamline
segments directly from the traced streamlines for pattern representation.
The representation starts a handcrafted transformation that converts
a sampled streamline segment to a matrix containing the pairwise
distance of the sample points. This distance matrix provides a concise
representation of spatial relationships among points along streamline
segments, thus capturing the corresponding flow pattern. The distance
matrix effectively encodes the shape of a streamline segment, which is
invariant under rigid transformations. In order to capture diverse flow
patterns with a unified latent representation space, we feed the distance
matrices to a denoising autoencoder, which produces discriminative
vectors in the embedding space. The resulting latent vectors obtained
from the autoencoder are then used as flow representations, providing
a compact, effective encoding of the flow characteristics embedded
within each streamline segment.

Connecting pattern representations to semantics. Our approach is
inspired by recent advancements in multimodal large language models
in various domains [7.,[25}|56], which commonly encompass alignment
and instruction tuning that teach LLMs to recognise objects in different
forms. In our case, we design a projector that maps flow pattern repre-
sentations into a semantic space aligned consistently with the textual
embeddings of LLMs. To train the projector for alignment, we further
propose an automatic text-flow instruction-following data generation
scheme. This data is used for teaching the model to interpret flow
data and follow user instructions. To avoid costly and labour-intensive
manual data compilation, we use GPT-40 for automated data collection,
incorporating streamline images and textual descriptions. Intuitively,
the training data connects streamline images and meaningful seman-
tics, and the training process further connects flow representations and
semantics. These steps jointly enable LLMs to understand and process
flow data effectively.

Representation matching from text. The semantic matching be-
tween textual descriptions and flow data enables the automatic genera-
tion of visualizations, removing the need to rely on predefined or fixed
criteria. Since we have already constructed representative encoded



features for streamline segments, matching flow features with textual
embeddings becomes straightforward. While similarity-based matching
is common practice, it requires alignment between the embeddings of
text and flow data in a shared semantic embedding space. To accom-
plish this, we introduce a lightweight semantic matching model that
leverages a cross-modal attention mechanism to learn correspondences
across text and flow modalities effectively. This allows us to use natural
language to match similar flow representations. To improve accessibil-
ity, we have also developed an interactive interface that enables users to
query and visualize flow structures intuitively through natural language.

In summary, the contributions of this paper can be described as
follows:

* We propose a simple yet effective flow pattern representation
framework based on a denoising autoencoder, which converts
streamline segments into distance matrices for unsupervised re-
construction. This generates pattern representations that are in-
variant under rigid transformations.

* We propose an automatic semantic alignment framework that as-
signs meaningful semantics to the flow representations, by lever-
aging the knowledge embedded in LLMs. The framework allows
flow patterns to be described and queried in the textual format
without manual labelling.

¢ We develop an interactive interface for visualizing specific flow
patterns identified from conversations, demonstrating our frame-
work’s effectiveness and accessibility.

2 RELATED WORK

In this section, we discuss various approaches proposed to extract,
match, and understand flow patterns based on streamlines. We then
introduce existing work on visualization driven by natural language
queries. Finally, we review recent work on multimodal large language
models, whose frameworks closely resemble our proposed approach.

Streamline-based flow pattern. Geometric flow visualization has
been extensively studied over the past few decades [30]], with numerous
methods proposed to extract, compare, and interpret streamline-based
flow patterns. A significant body of research has focused on developing
similarity metrics for streamlines, aiming to quantify the resemblance
between different flow structures and enhance the accuracy of flow
pattern analysis. Chen et al. [|6] defined the streamline distance based
on point-wise distances within sliding windows. Wei et al. [53] repre-
sented streamlines as sequences of curvature and torsion value pairs.
The distance between two streamlines was determined by the edit
distance between the corresponding sequences. Rossl et al. [[38] em-
bedded streamlines as 3D points based on the Hausdorff distance for
exploration. Tao et al. [46] advocated the use of Procrustes distance
to achieve invariance to rigid transformations. Streamlines were sam-
pled based on cumulative curvature to ensure scale invariance. This
method was later extended to support multi-level features and multiple
datasets [47]. Oeltze et al. [33] investigated the impact of distance
metrics and clustering techniques on blood flow clustering, considering
both point-wise distances and attribute distances. Wang et al. [52]
enabled pattern queries across multiple streamlines by first identifying
candidate streamline segments and then aligning the query pattern with
the candidate segments.

Beyond these approaches, other methods involve generating stream-
line descriptors to measure similarities in an abstract feature space. This
approach enables a more flexible and generalized representation of flow
structures. Descriptors are used to describe the shapes of 3D curves
or geometric objects. Early methods appeared in computer graphics,
collecting sampled information to form histograms as descriptors. For
example, Osada et al. [|34] proposed a random descriptor called the
D2 descriptor, which is essentially a histogram of distances between
sampled point pairs. For flow pattern analysis, researchers often con-
sider attributes beyond sampled point distances [42]. Brun et al. [4]
mapped fiber traces to a high dimensional feature space, where fibers
were clustered through normalized cuts. McLoughlin et al. [29] de-
scribed streamlines using curvature histograms and computed their
similarity with 2 tests. Similarly, Lu et al. [27] designed their de-

scriptors as 2D histograms of curvature, with each row corresponding
to a curvature range and each column associated with a streamline
segment. Li et al. [23] proposed a bag-of-features-based signature that
preserved the order of points better than histograms, considering the
streamline attributes and spatial information. FlowNet [|10] represented
streamlines and flow surfaces as binary volumes, enabling the direct
application of standard 3D convolutional network architectures to learn
spatial patterns and distributions of streamlines.

Natural language interaction. Natural language interaction has
been explored in information visualization for nearly a decade. Most
relevant methods follow a common framework: they parse natural
language queries and translate them into an intermediate represen-
tation, such as explicit commands [44], SQL queries [8], VisFlow
functions [58], or declarative specifications [32]. The visualization is
then generated based on these intermediate commands, enabling users
to interact with data more intuitively. Luo et al. [28] followed a sim-
ilar framework but introduced a transformer-based model to enhance
the translation process. Additionally, several interfaces incorporate
interactive dialogues between users and the system to facilitate more
dynamic and responsive interactions. Notable examples include Articu-
late 2 [[17]], Eviza [41]], and Evizeon [12]], which enable users to refine
queries, receive clarifications, and iteratively explore data through nat-
ural language conversations. All of the works above support natural
language query processing for visualization. The most closely related
work to ours is FlowNL [13]], which translates natural language descrip-
tions into the declarative language to generate flow visualizations.

Multi-modal large language models. Multimodal Large Language
Models aim to understand and interpret a wide range of information
beyond pure text-based data, including but not limited to images, audio,
and more [57]. To enable LLMs to understand specific modal data, end-
to-end training strategies are commonly employed [21]. However, this
approach poses challenges, including the need for large-scale data and
the substantial cost of training from scratch. The better paradigm builds
on pre-trained LLMs and modal encoders [2,/7,/20,25]. This strategy
typically involves a two-stage process: aligning the modal encoder to
the feature space of the LLM, followed by instruction-based alignment.
Flamingo [_2] uses few-shot learning to handle interleaved image and
text data, achieving excellent performance on specific tasks. Instruct-
BLIP [7] leverages pre-trained vision encoders and language models,
using cross-attention to enhance the model’s multimodal understanding
capabilities. Li et al. [20] proposed a general and efficient strategy
for vision-language models by guiding vision-language pretraining
from off-the-shelf frozen pre-trained image encoders and frozen large
language models. Liu et al. [[25] proposed an end-to-end trained large
multimodal model that connects a vision encoder and an LLM for
general-purpose visual and language understanding, achieved through
instruction tuning on generated data. Similar approaches have also been
explored in visualization. For instance, Zeng et al. [60] employed a pre-
trained visual encoder and utilized a projection layer to map charts into
the semantic space of LLMs. This integration significantly improved
performance on chart-based question-answering tasks, demonstrating
the potential of aligning visual representations with language models
for enhanced reasoning and understanding.

Comparison with the existing works. Several semantic-based
interaction approaches have been developed for flow structure represen-
tation. Among these techniques, semantic flow graphs [45]], streamline
predicates [40]], and IGScript [26]] identify streamlines based on conven-
tional attributes. FlowNL [[13] supports segment-level queries using a
special attribute (i.e., latent representations), but it relies on manual ef-
fort to label the latent space for language-based queries. Our approach
is similar to existing approaches as it queries streamline segments based
on their representation. However, it improves the existing approaches
in automatically aligning the flow representation with text embedding
and LLMs’ knowledge. This allows the flow patterns to be queried by
text in various domains with minimal manual intervention.

3 OuR FRAMEWORK

Our automatic semantic alignment framework consists of three main
components: flow pattern representation, semantic alignment, and
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Fig. 1: The illustration depicts our automatic semantic alignment frame-
work. We begin by sampling streamline segments and transforming
them into a suitable format for our flow encoder. The latent vectors
extracted from the flow encoder serve as the flow representations. In
the feature alignment phase, we integrate textual input with these flow
representations and feed them into LLMs to generate context-aware
textual responses. Finally, in the semantic matching phase, we encode
flow patterns into text embeddings, enabling the retrieval of similar
flow representations based on semantic similarity.

semantic matching, as illustrated in Fig. m The flow pattern representa-
tion is achieved by sampling streamline segments and encoding them as
latent vectors, which ensures rigid invariant flow representations. Then,
the semantic alignment aligns these flow representations with natural
language by mapping them into a shared semantic space, enabling
LLMs to comprehend and interact with flow data. Finally, the semantic
matching module projects flow representations into the semantic space
and computes their similarity to textual queries.

3.1 Flow Representation

Streamlines are commonly used to visualize flow patterns. However,
due to the influence of the streamline tracing process, they often encom-
pass diverse flow patterns. Therefore, we first sample segments from
the streamline to capture the flow patterns they encompass. We aim to
extract these flow patterns from streamline segments while addressing
common challenges related to inexactness and limited robustness to
shape variations. Additionally, we use a flow encoder to encode these
extracted streamline segments into vectors, enabling their alignment
with the semantic space. In this section, we introduce the process of
sampling segments from streamlines and encoding them into vectors.

Sampling from streamlines. Flow structures exhibit varying spatial
scales, which necessitates the use of streamline segments of different
lengths during sampling. To capture large-scale patterns, we sample
longer segments along streamlines. Subsequently, we decrease the
segment length to cover finer-grained structures. This hierarchical
sampling strategy ensures comprehensive coverage across scales: it
preserves global features in long streamlines by avoiding overly short
segments, while enabling finer analysis in shorter streamlines by ex-
tracting multiple overlapping segments. Following this strategy, we
obtain streamline segments of varying lengths. We then apply trans-
formation and normalization to these segments to facilitate a unified
neural network for extracting flow representations.

Transformation and normalization. To effectively capture the
patterns of streamline segments, we employ a novel descriptor inspired
by visibility graphs [18] for time series data exploration. Specifically,
we transform streamline segments into distance matrices derived from
their control points. These matrices remain rigid-invariant, ensuring

that they faithfully preserve flow patterns while serving as more suitable
inputs for our flow encoder. For efficient computation and normaliza-
tion, we generate these distance matrices by uniformly sampling a fixed
number of control points from each streamline segment. However, the
current distance matrix is influenced by the arc length of the streamline
segment, which significantly affects the distances between sampled
points. To mitigate this effect and ensure consistency, we normalize
the distance matrices by dividing all values by the arc length of the
corresponding streamline segment.

flow representations from flow encoder. Since our distance ma-
trices inherently capture the shape of the streamline segments while
maintaining rigid invariance, they provide a strong foundation for learn-
ing flow representations using neural networks. Given the absence
of labeled data, we adopt a self-supervised learning approach to ex-
tract meaningful flow features. Denoising Autoencoders (DAEs) have
proven to be effective self-supervised learners [5054]. We leverage the
DAE as our flow encoder to extract high-quality flow representations
from streamline segments. Inspired by prior work [54], we incorporate
diffusion models into the denoising process by injecting noise into the
distance matrices. This encourages our flow encoder to learn robust and
discriminative flow representations. Although existing methods [35,/61]
employ auxiliary encoders for representation learning, they often ne-
glect the discriminability of features. Meanwhile, approaches based on
modified diffusion frameworks [|1,/31] aim to learn linearly separable
features but fail to achieve optimal performance. Recent studies [5,54]
have demonstrated that while diffusion models are primarily designed
for generative tasks, their reverse denoising process can be highly
effective for representation learning.

Building on this insight, we adopt the diffusion model framework to
train our flow encoder, ensuring the generation of high-quality and ro-
bust flow representations. Diffusion models [11}|16,/43| apply Gaussian
noise at different levels to corrupt the data xy. The noise at different
levels is controlled by the specified time steps t = 1,...,T. The cor-
rupted data, i.e., the noisy data, is defined as g(x; | x0) = 4 (040, 6T),
where o and o; are the hyperparameters controlling the scale of the
original data and noise fusion. Given a specific ¢, a noised version of
X at the ¢ time step can be computed by sampling from € ~ .47(0,1)
and taking:

Xy = Oyxo + C:E. @))]

The training of diffusion models typically aims to predict the noise from
the noised data in order to reverse the diffusion process. Specifically,
a random x; is first sampled from .#7(0,1), and the model is trained
to infer: x,_; ~ g(x;—1 | x;). Diffusion models use neural networks
to learn the transitions with pg (x;_{ | x;) = A (g (x7,1),Z2T), whose
mean g (x;,1) is obtained through the network, and the variance X7 is
a constant value.

Implementation of flow encoder. We should first recognise a crit-
ical issue: we need to adjust the training objective of the network to
predict the original input data directly. In our task, we aim for the
network to directly reconstruct the distance matrices of streamline seg-
ments, thus forming an autoencoder-based structure. By simplifying the
maximum likelihood objective, the network should learn the denoising
autoencoder objective [|16]:

Loss = ||Dg (x:,1) — xo||%, @

where Dy (x;,t) is a function that transforms x; and ug(x;,#) back to
the original input. Therefore, we use a neural network to approximate
this denoising process, and this network can be viewed as the DAEs
that accept different noise-scaled versions of the data. We can directly
use the noise schedule from DDPM [11], following the work [54].
The parameterization strategy proposed by DDPM is actually variance

\/TT_; (1= B;) and o2 + 67 = 1. B; is obtained
from a linear schedule. The original DDPM is designed for generative

tasks and is thus used to predict noise. However, according to work [5],
the capability of DAEs can also be derived from predicting noise:

preserving, where o =

Dy (xs,t) = %W, where &y is the network for predicting noise.



We choose UNet as the approximation network for denoising in
our flow encoder. The distance matrices are used as xg, which is first
noised to x;. The network then predicts x( to generate flow pattern
representations. We use the encoder structure of the trained network to
encode the distance matrices of streamline segments to latent vectors,
which are used for alignment to language models.

3.2 Semantic Alignment to Large Language Models

The semantic alignment module aligns flow representations of stream-
line segments with the input space of LLMs. This addresses the se-
mantic mismatch between the two modalities: LLMs are trained on
sequences of token embeddings derived from discrete language tokens,
whereas flow representations are continuous vectors produced by flow
encoder. Due to the differing structure and semantics of these represen-
tations, we introduce a projector network to map flow features into the
LLM’s embedding space, enabling effective cross-modal integration.
In addition, our semantic alignment targets an automatic generation
of training data that allows LLMs to differentiate different flow pat-
terns and associate textual descriptions with underlying flow structures,
requiring training datasets for instruction fine-tuning LLMs.
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Fig. 2: The generation pipeline of text-flow instruction-following data.
The rendered streamline results are prompted into GPT, combined
with instruction queries, to generate corresponding textual responses.
Additionally, flow representations derived from flow encoder serve as
multimodal flow data.

Text-flow instruction-following data. A longstanding challenge
in developing end-to-end multimodal models is acquiring high-quality
multimodal instruction-following data. Such data is essential for ef-
fective representation learning, playing a crucial role in aligning the
latent space and ensuring coherent multimodal understanding and rea-
soning [2/{7,25,/56]. However, manual labelling of scientific data is both
costly and labour-intensive. To address this challenge, we adopt the
approach proposed in [25//56], leveraging GPT-40 to automatically gen-
erate instruction-following data. As illustrated in Fig.[2| the generated
data follows a uniform instruction following template, consisting of
descriptive instructions for streamlines and complex reasoning instruc-
tions. The descriptive instructions are designed using diverse question
structures, focusing on characterizing the shape features of stream-
lines. In contrast, the reasoning instructions explore flow dynamics
and potential flow patterns. To ensure instruction diversity, we define
a collection of prompt templates and randomly sample these prompts
from a predefined instruction collection (please refer to the supplemen-
tary material for details). During data collection, we prompt GPT-40
with multi-view information, enabling it to generate comprehensive
textual responses. We manually perform a brief check to ensure the
generated responses align with the intended semantics. Specifically,
we randomly sample and inspect approximately 20% of the generated
responses for each dataset, which typically takes around 10-15 minutes.
For each flow field, we collect approximately five hundred text-flow
instruction-following samples. This approach enables the automatic
collection of multimodal data, significantly reducing the need for man-
ual annotation. During LLM fine-tuning, these data samples help the
model learn the correspondence between input flow representations
and textual descriptions in an automated manner, thereby enhancing its
ability to perceive and interpret flow structures.

Model structure. As shown in Fig.[3, the framework is a generative
model that aims to complete multi-modal sentences containing both
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Fig. 3: The illustration of our strategy for aligning streamline segment
features to the LLM’s latent space. The flow encoder extracts the flow
representations from streamline segments, and the projector maps them
into the latent space of the LLM backbone. The LLM then generates
the predicted tokens as the output.

streamline segments and texts. The model consists of three main
components: a pre-trained flow encoder, a projector, and a pre-trained
LLM backbone. Our framework is designed to support the use of
any encoder for obtaining flow representations. As an example, we
employ a flow encoder; however, it is not inherently tied to our semantic
alignment framework.

The flow encoder takes the distance matrices of streamline segments
X as input and encodes them into features. The projector W is essen-
tially an MLP network that further maps the features extracted by the
flow encoder into Hy. This process can be denoted as:

H; = W -flow encoder(Xy). 3)

The text query instructions X, are mapped into the LLM’s latent space
via the tokenizer, which is equivalent to the process in Eq. @) Since
the tokenizer is essentially aligned with the LLM, H, can be treated as
input tokens for the LLM. It is important to note that the alignment pro-
cess does not simply map flow representations to specific textual tokens.
We employ a projector to mimic the embedding space of the LLM.
In practice, the projected vectors are concatenated with the LLM’s
input embeddings, ensuring an integration of flow representations into
the model’s latent space. This approach allows for a more structured
fusion of multi-modal information, facilitating improved downstream
understanding and reasoning. To distinguish between flow represen-
tations and textual modalities, we introduce additional special tokens,
< f_start > and < f_end >. The projected vectors are placed between
these two special tokens, effectively segmenting the flow representation
from textual input within the LLM’s embedding space.

The LLM backbone Fy;,, is a specific decoder-only large language
model [9], which takes a series of tokens as input and outputs a series
of tokens. Our input tokens contain a mixture of streamline segment
features and text instructions, which is denoted as Z = (z1,22,...,2)-
Using the attention mechanism, the Fy;, is able to understand the
contextual relationships between different types of tokens, enabling
it to generate responses. In this process, we leverage the attention
mechanism to enable the LLM to automatically extract semantically
relevant features from the flow representations [56]. By dynamically
attending to different parts of the projected vectors, the model can learn
to identify meaningful correlations between the flow data and textual
descriptions. Although our training data does not provide a comprehen-
sive description of all possible flow patterns, the fine-tuning process
enables the LLM to align flow patterns with semantically similar tex-
tual representations. Leveraging its pre-trained knowledge, the LLM
can develop an implicit understanding of these concepts, allowing it to
generalize beyond the provided data. Through multiple decoding, the
LLM generates response text by predicting the next token, as follows:

% = Fym(Z<i). “
The output of the LLM backbone F;,, is a sequence of predicted tokens.
The i-th predicted token Z; is calculated based on all previous tokens:

Zi = arg max fvocab(zi)[w]‘ )
wevocab
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To generate the language response, each Z; is passed through a final
linear layer followed by a softmax operation, mapping the hidden states
into a probability distribution over the vocabulary. As demonstrated
in Eq. @, this final layer is defined as fyocap. Its dimension depends
on the vocabulary size, where additional special tokens need to be
included. The final prediction Z; represents the word corresponding to
the i-th token, which is selected based on its highest probability from
the vocabulary.

Instruction tuning. We train our model by minimizing the negative
log-likelihood of the next token at each position. Our loss function is
computed only on the model’s response tokens, and we employ an end-
to-end training approach. This allows our model to effectively integrate
both the streamline and textual modalities. Our training process is
divided into two stages, each corresponding to different data types and
focusing on distinct training objectives.

During the first stage of training, also referred to as the feature
alignment phase, our objective is to shift the mapping space of the
projector closer to the semantic space of the LLM backbone. We
freeze the parameters of the flow encoder and LLM, and only train the
parameters of the MLP projector. We use description instruction data
for training, aiming to align the encoding space of the streamline with
the textual token space effectively. In the second stage, we continue
to freeze the parameters of the flow encoder, while jointly training the
projector and the LLM backbone. To preserve the general capabilities
of the LLM while adapting it to understand streamline data, we employ
LoRA fine-tuning. LoRA fine-tuning efficiently updates parameters
by introducing low-rank matrices, allowing the model to capture task-
specific knowledge even with limited data. During this process, we
use complex reasoning instruction data for training, helping the model
develop the ability to understand and respond to complex instructions.
This process further trains the projector, enabling the LLM to better
understand streamline data.

3.3 Semantic Matching

The semantic matching identifies semantically similar streamline seg-
ments based on textual queries. These queries typically describe spe-
cific flow patterns in a textual manner, such as “spiral-like flow” or
“turbulence”. We first discuss the potential algorithmic choices and then
introduce our solution.

Alternative algorithmic choices. A straightforward solution ap-
proach is to compute the similarity between textual queries and pro-
jected flow vectors, given that both are mapped into a shared space
during the feature alignment phase. However, this method has notable
limitations due to the incomplete overlap between the positional dis-
tributions of textual queries and projected vectors within the common
space. As a result, each query typically corresponds to only a limited
subset of the nearest projected vectors, potentially overlooking relevant
flow patterns. Furthermore, the query embedding’s reliance on the LLM
tokenizer introduces an additional constraint, making it challenging to

generate a unified embedding that fully encapsulates the textual query.
An alternative approach involves directly generating matching flow
vectors from textual queries and then retrieving the nearest streamline
segments. This method can be implemented using autoregressive gen-
eration techniques [36]. However, it introduces significant challenges,
particularly regarding vector quantization requirements. Given the lim-
ited availability of flow data, effectively training such quantization is
difficult. Moreover, since flow representations exist in a continuous
latent space, discretizing them through vector quantization may degrade
the quality of the generated flow vectors [22].

Our solution. To overcome these challenges, we reformulate the
problem as a similarity matching task, where our primary objective is to
project both flow representations and textual descriptions into a unified
common space. Our approach seeks to achieve semantic matching
while minimizing manual annotation and maintaining computational
efficiency. To this end, we leverage the instruction-following data
generated during the feature alignment stage. We utilize a cross atten-
tion mechanism to automatically establish correspondences between
textually described flow patterns and their corresponding streamline
segments. By dynamically attending to relevant features across both
modalities, the model learns to create meaningful associations between
textual descriptions and flow representations. Additionally, we imple-
ment dedicated encoders for both text and streamline segments, ensur-
ing their alignment within a shared embedding space and enhancing
the effectiveness of the matching process.

Model structure. Our semantic matching workflow is illustrated
in Fig. E} We obtain the embeddings of streamline segments using our
pre-trained flow encoder, while text embeddings are derived from Sen-
tenceBERT [37]]. We use SentenceBERT to make the semantic match-
ing model more lightweight and efficient. Furthermore, we employ a
cross-modal attention mechanism [19,21], where the text embedding
serves as the query, while each streamline segment embedding func-
tions as both the key and value. This enables the model to effectively
capture semantic correspondences between textual descriptions and
flow pattern representations. By mapping both modalities into a shared
common space through their respective modal encoders, we facilitate
direct similarity computation and cross-modal interaction, ensuring
alignment between them [3].

During the training phase, we use flow representations sampled from
streamlines and process them through the flow encoder, mapping them
into the common space. These embedded flow representations serve
as the keys, while the text embeddings act as queries in the attention
module. The attention weights are computed to aggregate the stream-
line segment features. In this way, we obtain the attention scores that
determine the similarity between the flow pattern and the streamline
segments. The aggregated embeddings are then used for contrastive
learning with the text embeddings. We employ the InfoNCE loss [49],
which optimizes the alignment between text and streamline segments,
thereby enhancing cross-modal match performance. In the semantic
matching phase, we use our flow encoder to encode all streamline seg-
ments and embed them into the common space. The semantic similarity
is then computed between these embeddings and the semantic embed-
ding of the flow pattern query. Since all sampled streamline segments
can be pre-encoded, the matching process is efficient, enabling fast
response in the visual interface.

4 INTERFACE

To apply our automated framework for exploring flow data better, we
developed an interface that allows interaction through natural language
and simple operations. As shown in Fig. [5| our interface includes
two main views: a dialogue window and a flow visualization window.
The interactive workflow comprises chat, key concept extraction, and
visualization.

Chat with LLM. Our interface supports interactive exploration with
flow data through natural language dialogue powered by an LLM. Our
interface supports both natural language chat with LLM and multi-
modal querying by integrating flow representations. Since flow encoder
encodes flow patterns based on the shape of streamline segments, the
fine-tuned LLM learns to perceive structural similarities and generalize
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Fig. 5: The interface illustrates an interaction workflow for exploring the flow field using natural language. (a) shows the chat view, enabling
conversations with large language models. (b) displays an input box for entering dialogue content and query information. Colourful tags
demonstrate the key concepts extracted in real time from the dialogue, allowing interactive clicking to highlight corresponding visualization

elements. (c) presents the flow visualization results.

across diverse scenarios. The interface allows users to input text with
flow pattern tags to trigger semantic queries. As shown in Fig.[5|(a),
selecting the “vortices” tag and querying “why it forms” leads the LLM
to explain that vortices emerge due to velocity gradients that create
a central vortex core and a surrounding high-pressure region. Such
gradients result in characteristic flow features characterized by an outer
high-pressure region and a central vortex core (shown in Fig.@(a)). The
interface automatically maps selected flow structures into embeddings
and combines them with tokenized instructions to enable seamless
multimodal interaction.

Extract key concepts. To simplify interaction, we employ GPT-40
as a real-time agent to extract flow-related key concepts from each
LLM response. This helps users quickly identify important patterns
without manual effort. Since multiple interaction rounds may produce
redundant or overlapping tags, we implement a context management
strategy that merges new tags into existing ones. All extracted concepts
are displayed above the input box for easy access, as shown in Fig.[5 (b).

Visualize key concepts. To help users conveniently visualize flow
structures of interest, our interface supports tag-based semantic match-
ing. When a user clicks a tag, its textual description is encoded and
matched against the pre-encoded flow representations to retrieve the
most semantically relevant patterns. The interface then locates the cor-
responding streamline segments and renders them. Particle seeds are
placed based on spatial positions to enable real-time dynamic tracing.
As shown in Fig. [5|(b) and (c), clicking “turbulence” and “rotational
flow” tags retrieves and visualizes the corresponding structures with
color-coded streamline segments.

5 EVALUATION

In this section, we first evaluate the flow representations extracted by
our proposed flow encoder. Specifically, we quantitatively assess their
discriminability and uniformity to validate the effectiveness of our ap-
proach. Next, we demonstrate how our prototype interface facilitates
the intuitive exploration of complex flow fields. In particular, we high-
light how natural language queries and concise interactive operations
enhance users’ efficiency in exploring, analyzing, and deriving insights
from intricate flow fields.

5.1 AQuality of Flow Representation

Since flow encoder is a pre-trained encoder designed specifically for
streamline data, the quality of the extracted features directly impacts
its performance in downstream tasks, such as flow pattern feature
alignment, text semantic matching, and subsequent exploration. In
this section, we evaluate the quality of the features extracted by flow

IS
)
3

0.90

~ w
=) 9
3 5

Uniformity

Linear Probe Accuracy %
=
)
8

0.00

32 64 128 32

Flow Representation Dimension

256 64 128

Flow Representation Dimension

AE = DAE(t=1) = DAE(t=11) DAE(t=21)

Fig. 6: Feature discriminability (left) is influenced by the noise scale
used during training and the dimensionality of the encoded flow features.
Feature uniformity (right) reflects how different model structures and
latent dimensions affect the distribution of the learned features.

encoder and investigate its capacity to distinguish among different flow
patterns effectively.

Extraction of discriminative features. The encoded features pro-
duced by flow encoder should possess sufficient discriminative capacity,
allowing effective differentiation of flow patterns during the feature
alignment stage. To assess this encoding capability, we employ a linear
probe evaluation, which involves training a simple linear classifier using
the extracted encoded features while freezing the pre-trained encoder
weights. The performance of this classifier serves as an indicator of
the discriminative quality captured by the encoder. Specifically, we
freeze flow encoder and train a linear classifier to discriminate among
various flow patterns. Thus, the classification accuracy reflects the
discriminability and effectiveness of the extracted features.

As our objective is to validate features based on classification accu-
racy, we directly adopt as labels the datasets from which the streamlines
originate. Notably, complex datasets inherently contain diverse flow
patterns. Therefore, for the linear probe evaluation, we select only
data subsets characterized by relatively uniform flow patterns. Dur-
ing pretraining, we directly leverage our pre-trained flow encoder to
extract features from these streamline data. Specifically, we construct
a dataset by uniformly sampling streamlines from four different flow
datasets, namely Bernard, Cylinder, Five Critical Points, and Tornado.
Consequently, the resulting dataset comprises four distinct classes cor-
responding to the source datasets, containing 2.4K streamlines.

Our training process includes two stages: training flow encoder
and training the classification head. We first use eighty percent of the
constructed dataset as the training set and pretrain flow encoder with
different noise scales. Following [54], we select small noise scales
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background flow and are uniformly seeded throughout the entire domain.

at uniform intervals. After pretraining, we freeze flow encoder and
train a simple classification head. We report the average linear probe
accuracy on the test set. As shown in Fig.[6]left, the best performance
occurs at an encoding dimension of 128, balancing compactness and
expressiveness. Larger dimensions lead to degradation, possibly due to
overfitting. The AE yields weaker results than DAEs, confirming the
benefit of noise injection for learning discriminative features.
Extract uniform features. We use the pre-trained flow encoder
to extract streamline segment features, aiming for these features to

be evenly distributed across the feature space to avoid concentration.

This ensures that when they are later mapped to the corresponding
input space of the LLMs, a more comprehensive learning process can
take place. Inspired by feature distribution analysis in contrastive
learning [51]], we normalize the features to lie on the unit hypersphere
and examine their uniformity properties. We define feature uniformity
as a measure of the distribution uniformity on the unit hypersphere:

Funiform = — 102 Ex y~features [e—ZHf(x)—f(y)H%} . (6)
We examine the uniformity of features extracted by flow encoder and
the autoencoder, with the best noise scale setting of flow encoder. As
shown in Fig. [6]right, it is difficult to obtain uniform features when the
encoding dimension is low. The autoencoder structure also experiences
a performance decline at higher feature dimensions. In summary, using
the DAE method, our flow encoder is appropriately set with an encoding
dimension of 128.

In summary, we evaluate the quality of the flow representations
produced by flow encoder from the perspectives of discriminability and
uniformity, confirming their effectiveness for semantic alignment and
matching tasks.

5.2 Exploration Results

In this section, we present case studies conducted on various flow
datasets to illustrate the effectiveness of our approach to exploring flow
patterns. Utilizing our interactive interface, users can highlight flow
patterns of interest in real time. Meanwhile, the integrated LLM aids
users by providing insightful explanations regarding the underlying
mechanisms that contribute to these identified flow patterns.

Case study on solar plume dataset. We first visualized the global
flow field using randomly seeded particles, as shown in Fig.[7|(a). This
visualization provides an intuitive representation of the global flow

structure (H). The left region exhibits smooth, laminar flow, while the
right shows increased curvature and distortion, suggesting turbulence.
To validate this observation, we queried the LLM, which described
the flow as a “complex interaction of solar magnetic fields.” Next, we
asked “What causes complex turbulence?” The LLM identified two key
factors: high Reynolds number, triggering transition to turbulence, and
strong velocity gradients, which induce vortical structures through shear
interactions. The resulting turbulence visualization (H) in Fig. m (c)
confirms these insights, with chaotic regions densely populated by
intertwined streamlets.

Our interface uses an LLM-based agent to extract flow pattern tags
from generated text. In the turbulence explanation, laminar flow and
vortical structures were identified Fig. [7, Selecting the laminar flow tag
displays its visualization Fig. [7](b), showing that such flows (H) are
concentrated on the left side. They behave with smooth and uniform
motion. Next, selecting the vortical structures tag () highlights spiral-
like flow patterns scattered throughout the field Fig.m(d). The clustered
vortices clearly indicate intensive rotation and instability in those fluid
regions. The surrounding blue streamlines likely engage with and
are influenced by these rotational movements, suggesting relatively
localized formation areas. To investigate the cause, we clicked the query
button for this tag and asked “why it forms?” The LLM responded that
small disturbances in laminar flow, particularly under high Reynolds
number conditions, can trigger vortex formation. This transition from
laminar to complex flow patterns is a common characteristic observed in
various scientific fields. For example, air masses can initiate circulatory
motions due to thermal expansion and contraction effects.

Case study on two swirls dataset. From Fig.8|(a), we can first
observe the overall flow pattern across the entire flow field. The core
region of the flow field exhibits large-scale swirl structures, indicating
dominant rotational motion. In Fig. [8|(a), we visualize the circula-
tion structures (H) embedded within the core region. These structures
form ring-like shapes due to strong rotation, while the surrounding
regions show weaker and more scattered patterns. We analyzed this
phenomenon using the LLM. One possible explanation is that the spatial
constraints in the boundary region lead to an increase in flow velocity,
which in turn enhances instabilities. In the edge regions of the flow, the
boundary layer is typically thin and exhibits a more laminar behaviour.
We clicked on the laminar flow tag to inspect the laminar flow (O) in
the edge regions. The visualization results are shown in Fig. [8|(b). As
a result, the laminar flow remains relatively organized compared to the
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We were interested in how these flow patterns transition between
different states. To explore this, we visualized the laminar flow, cir-
culation structures, and transitional paths (H) as shown in Fig. |8|(c).
We observed that the flow moves from the edge to the center along a
complex and winding trajectory. This suggests that the transition is not
linear, but involves intricate redirections and structural changes, likely
driven by local velocity gradients and vorticity interactions. Similar
transitions were also observed in the solar plume case. According to
LLM-generated insights, this transition may be attributed to an increase
in velocity or characteristic length scale, leading to a higher Reynolds
number. The explanation from the LLM, “due to higher Reynolds num-
bers,” is demonstrated in Fig.[8. As the Reynolds number increases, the
flow becomes more unstable, ultimately triggering the transition from
laminar to turbulent or vortical structures.

To further investigate the patterns along the flow transition pathways,
we examined additional flow structures. As shown in Fig. |8|(d), we
present vortex structures (H) with differing flow directions. These
vortices exhibit distinct rotational behaviours, suggesting the presence
of complex interactions between flow regions. Such variations in
vortex orientation may indicate shear effects, velocity gradients, or
local instabilities that influence the overall transition process. We
could still visualize the transition paths (O) from these structures to
circulation flow, as illustrated in Fig. |8| (d). During this transition,
the flow undergoes a direct and relatively straightforward path change
over a short distance, moving from the vortical structure straight into
the central area and gradually transforming into circulation flow. In
analyzing the transition process changes using LLM queries, it was
observed that two structures with opposing directions can produce
strong shear forces due to differential flow velocities. These shear
forces may cause the vortices to be skewed during the transition flow,
leading to significant instability.

Explore flow structures. Additionally, we further explored key flow
structures using two additional datasets to validate the effectiveness
of our framework. As shown in Fig. [9] (a), although the five criti-
cal points dataset exhibits relatively simple overall flow variations, it
reveals subtle yet significant small-scale vortex structures. These local-
ized eddies arise from delicate velocity gradients and boundary-layer
interactions. Similarly, in Fig.[9](b), the cylinder dataset displayed pre-
dominantly smooth background streamlines, indicating laminar flow,
while a distinct localized eddy emerged in the central region. This struc-
ture exhibited rotational characteristics that introduced disturbances
and fluctuations into the flow field. These variations may serve as

Fig. 9: Flow visualization results using additional datasets are presented
to further analyze flow structures. (a) illustrates the results obtained
from the five critical points dataset, while (b) presents the visualization
using the cylinder dataset.

precursors to instabilities or transitions to complex flow behaviors.

5.3 Case Study by Domain Experts

Expert. We invited three experts (E1-E3) to participate in our case
study, each with different backgrounds and research expertise. E1 is a
scientist specializing in physics and atmospheric science, with extensive
experience in analyzing flow phenomena. E2 and E3 are senior PhD
students with up to four years of research experience, focusing on
meteorology and hydrology.

Data and overall pattern. The experts were tasked with exploring
real-world atmospheric data. As part of the case study, we incorporated
data from the European Centre for Medium-Range Weather Forecasts
(ECMWF), a dataset recognized by E3 as the most authoritative source
in the meteorological community. As shown in Fig.[10 (a), we visual-
ized the global atmospheric flow field (H), where streamlets represent
wind trajectories at a specific altitude and time.

Exploration. The experts were interested in moisture transport and
began their analysis by examining advection flow. The visualization
identified advection pattern () over Southeast Asia, which reflects
the large-scale transport of air masses by the wind field, as shown
in Fig. [10 (b). The streamlets exhibit strong directional coherence,
indicating organized airflow that likely contributes to regional moisture
transport. Motivated by this observation, E£1 and E2 prompted the LLM
with a follow-up question about the role of advection over Indochina,
aiming to assess whether such flow structures enhance regional moisture
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Fig. 10: The key visualization results from exploration with domain experts using the ECMWF data.

transport. They asked: “Does the advection over Indochina enhance
moisture transport?” In response, the LLM identified the flow pattern
as a significant contributor to enhanced advection across Indochina,
thereby facilitating efficient moisture transport. £2 and E3 confirmed
that Indochina, situated between the Bay of Bengal and China, is a
convergence zone for contrasting atmospheric systems. They noted that
during the monsoon, strong moisture transport enhances precipitation.
E3 further highlighted moisture transport as a key example of vector
field analysis in atmospheric research.

E1 wanted to explore more dynamic and complex atmospheric phe-
nomena. He used the interface to visualize cyclone-related flow struc-
tures (M), as shown in Fig. |10 (c). The visualization revealed several
cyclone structures over the tropical Atlantic region. These flow patterns
exhibit prominent spiral formations and rotational symmetry, consis-
tent with the typical characteristics of tropical cyclones. E1 further
discussed cyclone duration with the LLM and was satisfied with the
response, which aligned with operational forecasting data.

The experts further investigated the difference in cyclones and jet
streams propagation. E2 queried the LLM: “How does this structure
propagate compared to a jet stream?” As shown in Fig. [10, the LLM
distinguished between the two atmospheric structures and provided
respective definitions. E2 and E3 affirmed the explanation and empha-
sized the distinctions in meteorological forecasting, where jet streams
frequently act as steering mechanisms that modulate the trajectory and
evolution of cyclonic systems. They also prompted the system to visu-
alize the jet streams (H), as shown in Fig.[10](d). They found this to be
the Antarctic Jet, extending from the eastern coast of South America to-
ward the waters west of Antarctica, which transports moisture and heat
across latitudes. The experts also noted its potential link to large-scale
atmospheric phenomena, such as Rossby wave activity.

Discussion. While our case studies demonstrate the effectiveness of
semantic alignment for flow pattern exploration, incorporating scalar
information could further enhance the analysis of atmospheric phenom-
ena. For instance, as noted by E3, identifying Rossby waves could be
more accurate by observing periodic variations in pressure fields, which
resemble wave-like structures. Exploration guided by both flow patterns
and scalar attributes has been previously supported in FlowNL [[13]}, and
FlowLLM []%] further integrated LLMs for such composite queries.
However, as this work focuses primarily on automatically aligning
semantic representations with flow patterns, we do not include scalar
information in the interaction process.

6 DiscusSION AND CONCLUSION

Limitations. While our approach is applicable to any spatial curve
with appropriate sampling, its effectiveness for unsteady fields remains
to be evaluated. Pathlines may exhibit more complex patterns and
distinct mappings to the text embedding space, potentially requiring
new training data, model retraining, and even additional modules to
address unexpected failure cases. It is important to note that this
approach facilitates the exploration of the shape of integral curves
using natural language. As a result, it cannot address flow phenomena
that are not well represented by curve geometry alone.

Additionally, the use of sampled streamlines may miss subtle struc-
tures or result in an imbalanced representation across flow patterns,
particularly for rare but important cases. The density of the samples
along the streamline may also affect the resulting patterns. While
rendered images help compensate through instruction-following data
generation, the lack of annotated scientific datasets still limits general-
izability. Moreover, the current representation emphasizes streamline
shape and omits other flow characteristics, though the alignment frame-
work is flexible and can be extended to incorporate richer descriptors.

Conclusion. In this paper, we present a semantic alignment frame-
work for exploring flow visualizations through natural language in-
teraction. By converting streamline segments into distance matrices
and aligning them with an LLM’s semantic space, our method en-
ables rigid-invariant flow representations. These representations, along
with rendered images and LLM-generated descriptions, create a text-
flow instruction-following training dataset for the LLM. Fine-tuning
the LLM on this dataset builds cross-modal attention between flow
representations and the semantics behind images and text. This mecha-
nism allows for effective matching between flow structures and textual
queries. Our interactive interface demonstrates the power of natural
language-driven exploration, facilitating accessible analysis of flow
phenomena for a broader audience.

In the future, we would like to utilize LLMs further as intelligent
agents to handle natural language requests more automatically and
efficiently. This includes not only interpreting user intentions more
precisely and quickly, but also employing more advanced and effective
methodologies within the semantic matching module. By continuously
optimizing and improving these semantic matching techniques, the
overall workflow for dealing with requests can become robust and
accurate, enhancing user engagement and system usability.
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A PRETRAINING FLOW ENCODER

To pretrain the flow encoder, we first compute the distance matrices
for the collected streamline segments. These distance matrices serve
as shape descriptors of the streamline segments, which are invariant
under rigid transformation. Based on this representation, we adopt
a self-supervised learning approach to derive latent representations
of flow patterns. Specifically, we employ a denoising autoencoder
to encode the streamline distance matrices into compact flow pattern
representations. This process constitutes the pretraining phase of the
flow encoder, enabling it to learn structural patterns without explicit
labels.

Data preparation. We use an atmospheric dataset, BOMEX, to
measure the computation time and training quality in this experiment.
This dataset simulates shallow cumulus convection in a domain of 3175
x 3175 x 3980 meters, including one flow field and fourteen scalar fields.
From the flow field, 30,000 streamline segments are randomly sampled,
which are then used to pretrain our flow encoder. All computations and
visualizations were performed on a machine equipped with an NVIDIA
RTX 4090 graphics card. First, the distance matrices are computed
and normalized in parallel using CUDA. This step takes 2.62 seconds
for all segments. Each distance matrix represents the flow pattern of
a streamline segment. The matrices are used to sufficiently train our
flow encoder until the distance matrices can be reconstructed from the
latent vectors. The pre-trained flow encoder is used to encode all the
streamline segments into flow pattern representations.

Model design. Our flow encoder is similar to typical UNet for
images, consisting of blocks that blend linear projection (i.e., convolu-
tion and linear layers) with non-linear activations. The flow encoder
transforms a distance matrix into a latent vector, and reconstructs the
distance matrix from the vector. When the distance matrix can be accu-
rately reconstructed, the vector is considered to contain the same infor-
mation as the distance matrix. To enhance the unsupervised learning
process, we follow the noise schedule used in the denoising diffusion
probabilistic model (DDPM) to add Gaussian noise to the distance ma-
trices. The denoising autoencoder is then employed as flow encoder to
reconstruct the original matrices, thereby learning flow representations.

Our flow encoder is based on a UNet architecture with both encoder
and decoder paths composed of stacked convolutional residual blocks.
The network processes 2D inputs of shape 1x32x32 through multiple
resolution levels, with downsampling performed via strided convo-
lutions and upsampling via transposed convolutions. At each level,
temporal information is injected using sinusoidal positional encoding
projected by linear layers and added to the feature maps. The encoded
latent representation is further compressed via a fully connected layer to
a fixed latent size of 128 and subsequently decoded using a symmetric
fully-connected decoder.

Table 1: The average RMSE, PSNR, and SSIM with different encoding
approaches on the BOMEX dataset.

Approach | RMSE| PSNR1 SSIM 1

AE 0.0061 45.13
DAE 0.0037 48.95

0.99
0.99

Table 2: Comparison of training efficiency and convergence accuracy
across different methods on the BOMEX dataset. All models were
trained for 100 epochs. The training time is reported in seconds, and
MSE loss is reported in units of 107.

Approach ‘ Timing | Loss |

AE 204.85 5.78
DAE 210.82 2.00

Implementation, training, and performance. We utilized the
Adam optimizer for parameter updates. The batch size was set to 128

(a) AE (b) DAE (c)GT (d) Segment

Fig. 1: A qualitative comparison of the reconstructed distance matrices,
using different approaches. (a) and (b) show the reconstructed results
using AE and DAE, respectively. (c) shows the original distance ma-
trices as the ground truth, and (e) shows the corresponding streamline

segments.

distance matrices. The learning rate was set to 10~>. The model was
trained on the BOMEX dataset for 100 epochs. The training results,
including the final MSE loss, are summarized in Table 2]

We examine the performance of our flow encoder and compare it
with a typical autoencoder (AE). As shown in Table[L, our flow encoder
based on DAE achieves the smallest reconstruction loss (RSME) and
the highest peak signal-to-noise ratio (PSNR) and structural similarity
index (SSIM). We further study the reconstruction performance by ex-
amining their visualization results. The reconstructed distance matrices
of two example streamline segments are shown in Fig. [1] In our study,
we find that both the DAE and the AE perform well in reconstructing
the original distance matrix. Considering the comparable training costs
and the superior outcomes achieved with DAE, we selected it as the
architecture for the flow encoder.

—e— Training Time
Ideal Training

Computing Time
Ideal Computing

4000
40

3000 30

Time (s)

2000

1000 10

Fig. 2: Timing analysis on different amounts of streamline segments
(in thousands). The left plot shows the training time (in seconds)
of the DAE, while the right plot reports the time for distance matrix
computation. Dashed lines indicate ideal linear scalability for reference.

We further examine the scalability by measuring both the distance
matrix computation time and the training time of the flow encoder
across varying numbers of streamline segments. As shown in Fig.[2]
the left plot shows the total training time, while the right plot shows
the time spent computing the distance matrices. We continue to use
the BOMEX dataset. The horizontal axis is measured in thousands.
The flow encoder is trained for 100 epochs with a batch size of 128.
The results indicate that the distance matrix computation exhibits near-
linear scalability, with only a moderate increase in processing time as
the dataset size grows. In contrast, the training time increases more
rapidly, particularly when the number of streamline segments exceeds
240,000, reflecting the higher computational complexity involved in
neural network optimization. Nevertheless, the overall training time
remains manageable, under 4500 seconds for the largest dataset.



B ALIGN TO LARGE LANGUAGE MODEL

To enable the Large Language Model (LLM) to better understand the
contextual relationships between different types of tokens, we introduce
a projector network that maps the flow representation inputs into the
backbone space of the LLM. This integration allows the model to
generate responses conditioned on both textual and flow-based inputs.

Projection layers. While aligning tokens from different modalities
to the text space using projection layers has proven effective and is
widely adopted across various domains [25,/56,/60], the appropriate
number of projection layers requires discussion. We investigate this by
experimenting with one to four projection layers using varying hidden
dimensions. The results of these configurations are presented in Table@

Table 3: The loss values with different numbers of projection layers
using the solar plume dataset. The column “Hidden Dims” specifies
the number of dimensions in the intermediate layers.

Hidden Dims ‘ Loss |
N.A. 0.57

1024 0.46

1024, 2048 0.58
1024, 2048, 4096 0.41

These results suggest that increasing the number and depth of projec-
tion layers can improve model performance, as evidenced by the lowest
loss (0.41) obtained with three layers of increasing hidden dimensions.
However, the performance drop observed with two intermediate lay-
ers indicates that more layers do not always guarantee better results,
highlighting the importance of careful architectural design.

Implementation and training. Based on these findings, we adopt a
multi-layer perceptron network with three hidden layers as the projector
to inject multimodal information into the LLM backbone. For the
backbone, we use the 8B version of LLaMA3 [9], in order to avoid
potential issues such as hallucination that are more common in larger-
scale models [56]].

During training, we set the batch size to four and train the model for
a total of two epochs. We use the AdamW optimizer to train the model,
applying it only to parameters needing to be updated. The learning
rate is set to 1 x 10~%, and a weight decay of 0.01 is applied to prevent
overfitting and encourage better generalization. To enable efficient
fine-tuning of the LLM backbone, we apply LoRA with the following
configuration: rank = 16, scaling factor = 32, dropout rate = 0.05, and no
bias tuning. The adaptation is applied to the query and value projection
layers of the attention mechanism. The LoRA-enhanced model is
wrapped and moved to the GPU for training. We adopt a two-stage
training strategy: the first stage focuses on feature alignment by training
the projector only, while the second stage performs instruction tuning
by jointly optimizing the projector and the LLM. These results are
summarized in Table[4] highlighting the effectiveness of each training
stage and the impact of LoRA fine-tuning.

Table 4: Comparison of training efficiency and loss value across differ-
ent training strategies on the Plume dataset. All models were trained
for two epochs; training time is reported in hours.

Training | Timing Loss |
Feature alignment 1.24 1.71
Instruction tuning 1.04 0.41

w/o LoRA 2.79 1.58

As shown in Table[4] the two-stage training strategy significantly im-
proves the model’s performance. The instruction tuning stage achieves
the lowest loss value of 0.41, indicating that joint optimization of the
projector and LLLM effectively enhances the model’s text generation
capability. Moreover, the results highlight the essential role of LoRA in

win
Plume Tie

BOMEX

ECMWF

0% 20% 40% 60% 80% 100%
Fig. 3: Comparison results between our method and the baseline with-
out LoRA fine-tuning on three datasets, evaluated by GPT-40. Each bar

shows the percentage of responses judged as Win, Tie, or Lose.

our training setup. Without LoRA-based fine-tuning, the model exhibits
a higher loss (1.58), suggesting less efficient adaptation to multimodal
inputs. This demonstrates that LORA enables parameter-efficient fine-
tuning while preserving model expressiveness, making it particularly
well-suited for tasks involving cross-modal integration.

Evaluation. We further evaluate the effectiveness of our semantic
alignment framework by comparing it against a baseline where the
LLM is trained without LoRA fine-tuning. Specifically, we sample 100
instances from the text-flow dataset and prompt the LLM to generate
responses. These responses are then evaluated using the more powerful
GPT-40 as an external judge to assess response quality.

As illustrated in Fig. E], our method consistently outperforms the
baseline across all three datasets. Specifically, it achieves 73% wins
on BOMEX, 70% on ECMWE, and 65% on solar plume, indicating a
strong advantage in generating higher-quality responses. The relatively
low percentages of lost cases (20%—29%) further confirm the superi-
ority of the LoRA fine-tuned model. The tie rate remains low across
datasets, suggesting that GPT-4o could clearly distinguish between the
outputs of the two training methods. These results demonstrate the
effectiveness of our semantic alignment framework and the critical role
of LoRA in enhancing response quality in multimodal scenarios.

To further evaluate the effectiveness of our semantic alignment
framework, we conduct a qualitative comparison between our model
and a baseline trained without LoRA fine-tuning. As shown in Table|5|
our method produces more semantically rich and physically accurate
responses compared to the baseline without LoRA fine-tuning. When
asked to describe the shape of the streamline, our model identifies
spiral-like patterns, reflecting a deeper understanding of the curvature
complexity. Similarly, for the prompt to illustrate the streamline, it
highlights swirling, turbulent vortices and attributes them to shear stress
and velocity gradients, demonstrating domain-relevant reasoning. In
contrast, the baseline model provides more generic descriptions, often
missing the intricate flow characteristics visible in the images. These
results confirm that LoRA fine-tuning improves the model’s ability to
align multimodal inputs and generate contextually appropriate textual
explanations.



Table 5: Qualitative comparison of text responses generated by our model and the baseline model without LoRA given description prompts.

Prompt

Ours

w/o LoRA

Image

Describe the shape of the
streamline.

Illustrate the streamline.

The streamline shows relative steadiness,
further suggesting that the motion follows
an outward curved shape. As it turns inward,
the curvature indicates a more complex na-
ture, signifying that the streamline exhibits
spiral-like patterns.

The streamline pattern shows complex struc-
tures with swirling, turbulent vortices and
regions of high shear stress caused by veloc-
ity gradients and fluid-obstacle interactions.

The flow pattern displays a smooth, undulat-
ing structure, starting with an upward curve
and progressing in gentle arcs. Several inter-
connected loops form, maintaining smooth
transitions without sharp turns, suggesting
steady-state laminar flow where the fluid
moves smoothly like waves.

The flow pattern begins with smooth, curved
lines. As it moves to the center, there is in-
tricate turbulence creating complex but con-
tinuous patterns.
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