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Abstract:

With the enhancement of computer performance, the
predictive capabilities of large language models have also
improved, and these models have been applied in many
fields. Currently, the application of large language models
in the field of traffic flow prediction has entered a rapid
development stage. Thanks to its powerful feature learning
and generalization capabilities, it has provided new ideas
and methods for traffic flow prediction, and a series of
achievements have been achieved. This article reviews the
research progress of mainstream large language models
in the field of traffic flow prediction. This introduces the
background and significance of applying large language
models to traffic flow prediction, as well as the current
mainstream large language models, and elaborates on
the relevant model architectures and methods in detail.
Analyzed its advantages in enhancing predictive accuracy
and interpretability, as well as the challenges it faces.
At the same time, an outlook on the future development
directions of large language models in this field has been
provided, aiming to offer a reference for further research
and application of traffic flow prediction in intelligent
transportation systems.
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1. Introduction

ficial intelligence technology. Many fields leverage
large language models for fine-tuning to achieve

With the current surge in the development of new
energy technologies, the significant increase in the
number of vehicles has led to increasingly severe
traffic issues. The traditional traffic planning and reg-
ulation model is showing signs of fatigue in response
to such situations [1]. With the advancement of arti-

predictions of spatiotemporal data [2], and the trans-
portation sector is particularly representative. Large
language models achieve data transformation through
their own capabilities in natural language process-
ing. Transform abstract and complex traffic flow
data into structured natural language, and capture



the spatiotemporal traffic flow data for subsequent traffic
flow prediction. The aim is to visualize the processing of
spatiotemporal sequence tasks, enabling users to conduct
more rational and efficient planning through the interpret-
ability of large language model processing methods. With
the advancement of research, the integration of multiple
disciplines to achieve autonomous intelligent driving of
vehicles will reduce accident rates while enhancing travel
efficiency [3]. Certainly, many requirements have been
raised for large models, such as key aspects including
input features, model types, datasets, and evaluation met-
rics. It emphasizes the trade-offs between practicality and
performance, as well as the challenges of model interpret-
ability and scalability in different applications [4]. The
following text will summarize the research advancements
and future prospects of large language models in the field
of traffic flow prediction. This aims to introduce readers to
the main research directions and progress of current large
language models in the field of traffic flow prediction, as
well as to anticipate future research directions and provide
relevant research suggestions.

2. Research and Development Prog-
ress and Key Issues of Large Language
Models in the Field of Traffic Flow Pre-
diction.

2.1 Research and Development Progress

Currently, significant progress has been made in the re-
search of large language models in the field of traffic flow
prediction. Taking TP-LLM as an example. Compared to
previous large models, it has certain advantages. As shown
in Table 1 [5], In the past two years, many teams have
successively published articles introducing new meth-
ods or improving existing ones. For example, STGCN
is a model specifically designed for spatiotemporal data,
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which integrates Graph Convolutional Networks (GCN)
with Temporal Convolutional Networks (TCN). Its core
principle lies in modeling the spatial correlations of traffic
road networks using graph structures (if the segments are
regarded as nodes and the connectivity relationships as
edges), At the same time, capture the temporal dynamic
characteristics of traffic flow through temporal convolu-
tion [6]. In traffic flow prediction, it can accurately un-
cover the ‘impact of traffic flow in adjacent segments’ and
‘temporal patterns’, However, the adaptability to unstruc-
tured data is relatively low, and it is necessary to optimize
the graph structure design when generalizing to complex
road networks (such as multiple intersections); LSTM,
an improved type of recurrent neural network (RNN) that
utilizes gating mechanisms at its core (Input gate, forget
gate, output gate), addresses the issues of gradient vanish-
ing/explosion in traditional RNNs. Can effectively capture
long-distance dependencies in temporal data. In traffic
flow prediction, it can handle continuous time series data
such as traffic volume and speed, learning traffic patterns
at different time steps (As the peak occurs periodically).
However, the modeling ability of spatial correlation is
weak, and it is difficult to directly capture the conduction
effect of traffic flow in adjacent road sections, which is
suitable for single-sequence prediction scenarios based on
time dimension [7]. The currently more advanced model
is ST-LLM, to address the challenges of insufficient spa-
tio-temporal modeling, weak cross-domain generaliza-
tion, and high computational costs in traffic forecasting,
significant upgrades have been achieved through the use
of graph-enhanced spatio-temporal LLM and efficient
fine-tuning techniques such as LoRA, resulting in explicit
spatial modeling, parameter efficiency, and robust perfor-
mance across domains. Experiments conducted on real
traffic datasets indicate that ST-LLM outperforms most
current advanced models, demonstrating robust perfor-
mance in both few-shot and zero-shot prediction scenarios

[8].

Table 1. Comparison of the performance of three relevant models under different time lengths and datasets.

Dataset Model Metrics 30 min (T’=6) 60 min (T’=12) Average
PeMS04 LSTM MAE 27.25 32.28 29.77
RMSE 43.66 49.57 46.62
MAPE(%) 19.26 22.45 20.86
STGCN MAE 25.31 30.29 27.8
RMSE 40.39 46.7 43.55
MAPE(%) 17.14 20.74 18.94
TP-LLM MAE 19.43 21.49 20.46
RMSE 31.76 34.81 33.29
MAPE(%) 12.67 14.2 13.44
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PeMS08 LSTM MAE 22.6 26.94 24.77
RMSE 36.16 41.05 38.61

MAPE(%) 17.18 20.07 18.63

STGCN MAE 21.24 24.78 23.01

RMSE 32.28 37.1 34.69

MAPE(%) 13.72 15.86 14.79

TPLLM MAE 15.43 17.22 16.33

RMSE 25.34 28.43 26.89

MAPE(%) 9.83 11.05 10.44

2.2 Main Issues

Currently, large language models exhibit certain poten-
tial in the field of traffic flow prediction; however, they
still possess certain limitations. There are still numerous
technical challenges and scene adaptation issues to be ad-
dressed before the actual implementation can be realized
[9].

2.2.1 Noise Interference

The issue of noise is currently one of the core problems
affecting the performance of large language models. The
presence of noise can easily lead to a decrease in the pre-
dictive accuracy of large models, causing them to learn
false associations and affecting the reliability of actual
traffic decision-making. This mainly manifests in three
aspects: data input, model training, and prediction output.
Some discrepancies arise from the information collected
by sensors, some are due to overfitting of the attention
mechanism, and there may also be conflicts with pre-
trained knowledge.

2.2.2 The Contradiction Between Predictive Accuracy
and Interpretability.

The prediction of traffic flow by large models requires
the reading and processing of massive amounts of traffic
data to produce results. More accurate predictions neces-
sitate the output of embedding layers and the capability
of processing multidimensional data in pre-trained large
language models. The increase in dimensions leads to a
more complex model, and thus, the interpretability of the
model inevitably decreases as the complexity of the model
increases due to improved prediction accuracy.

2.2.3 Barriers to Practical Implementation.

In order to involve large language models in traffic pre-
diction, it is necessary to convert the traffic data trans-
mitted through the various traditional model interfaces of
the traffic system into a structured language recognized
by large language models, and to process the output into
results that users can directly understand. During the pro-

cess of converting traffic data into structured language,
there is a risk of data loss, which may even include the
loss of crucial information, leading to prediction bias and
consequently resulting in traffic decision-making issues.

3. Solutions to Major Issues

3.1 Solutions to Noise Problems

From the perspective of data input: The collection of
traffic data by sensors may be affected by sensor device
aging, extreme weather conditions (such as heavy fog
and rain), resulting in data missing or anomalous values.
Multi-layered sensors can be utilized for monitoring,
employing various types of monitoring equipment such
as exhaust concentration sensors and cameras. This will
be combined with weather records from meteorologi-
cal departments and traffic accident records from traffic
management authorities to perform multi-layered data
comparison. Ultimately, this will facilitate the integration
of data for input;From the perspective of model training:
Utilize a small amount of annotated clean traffic flow
data alongside a large volume of unannotated noisy data
for semi-supervised learning. For example, by utilizing
the pseudo-labeling method, we first train the model on
a small amount of labeled data, and then use the trained
model to generate pseudo-labels for a large volume of
unlabeled data. Afterwards, these pseudo-labeled data are
added to the training set for joint training, allowing the
model to learn more generalized features and reduce noise
interference, thereby emphasizing the need to customize
specific noise tailored to the transportation domain [10];
From the perspective of predictive output: Build multiple
prediction sub-models based on large language models,
train multiple large language models in parallel, with each
model trained on a different subset of training data, and
finally average or vote on the prediction results of these
models to reduce prediction bias caused by noise in a sin-
gle model [11, 12].



3.2 Methods for Resolving the Contradiction
between Prediction Accuracy and Interpretabil-
ity

Improving the attention mechanism, we design an atten-
tion weight allocation rule based on knowledge in the
transportation sector. In calculating attention weights,
more reasonable weights are artificially assigned based on
factors such as the topological relationships and distances
between road segments. This allows the distribution of
attention weights to more intuitively reflect the propaga-
tion paths and influence ranges of traffic flow, facilitating
the understanding of the model‘s decision-making basis
and enhancing prediction accuracy. At the same time,
during the model training, some practical traffic scenarios
that may occur, such as reduced speed in rainy or snowy
weather and surge in traffic during early morning and eve-
ning rush hours, are artificially set. This, combined with
real-time data, validates the triggering conditions of these
rules, making the explanation more aligned with actual
logic and enhancing interpretability.

3.3 Practical Application and Implementation
Solutions.

By defining clear semantic rules and mapping relation-
ships, data features are matched one-to-one with natural
language descriptions, avoiding ambiguity. For quanti-
tative data such as flow, speed, and congestion levels,
establish hierarchical semantic labels and clarify the
correspondence between numerical ranges and language
descriptions. For example, stipulate that different speeds
correspond to different congestion situations. Set up a
structured semantic template to clarify the correspon-
dence between event attributes, scope of influence, and
degree, for example: ,,At xx location, on xx date, xx event
occurred, resulting in xx degree of congestion in the xx
area.” By constraining with the template, unstructured
event data can be transformed into logically clear lan-
guage descriptions, avoiding information loss or misinter-
pretation. In practical applications, incorporate a human
feedback learning mechanism to assist in optimizing the
model.

4. Future Perspectives of Large Lan-
guage Models in the Field of Traffic
Flow Prediction

4.1 Model Structure Optimization

Continuously promote innovations in model architecture,
deepen the integration mechanism between graph neural
networks and large language models, optimize the alloca-
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tion of attention weights for spatial and temporal features,
and enhance the model‘s ability to capture the topological
relationships of road networks and the laws of spatiotem-
poral interactions. Further explore the design of light-
weight models to reduce computational costs while ensur-
ing prediction accuracy, thereby meeting the demands of
real-time traffic flow prediction.

4.2 Upgrade of Noise Reduction Technology

Develop more intelligent noise detection and processing
methods by integrating knowledge from the transporta-
tion field and multimodal data fusion technology, in order
to enhance the ability to differentiate between noise and
genuine abnormal events. Strengthen the research on the
cumulative effects of noise under long-term sequence in-
put, design targeted denoising algorithms, and enhance the
robustness of models in complex noise environments.

4.3 Enhanced Interpretability

Research the balancing mechanism between interpretabil-
ity and predictive accuracy, and develop more effective at-
tention mechanism visualization methods that correspond
to the physical logic of traffic scenarios. By integrating
knowledge graphs and domain rules, a more comprehen-
sive model explanation framework can be constructed,
making the reasoning process of prediction results more
transparent and enhancing user trust in the model.

4.4 Data Conversion and Integration Optimiza-
tion

Improve the semantic mapping rules between transporta-
tion data and structured language, establish a more com-
prehensive semantic template library for the transportation
domain, and reduce information loss during the data con-
version process. Strengthen the research on the interface
adaptation with existing transportation systems, promote
the seamless integration of model output formats with the
requirements of traffic management systems, and reduce
the integration difficulties of practical applications.

5. Conclusion

The aforementioned work focuses on the application of
large language models in the field of traffic flow predic-
tion. Firstly, this study clarifies the research objective
of outlining its value and development in order to serve
intelligent transportation research. Subsequently, it com-
bines the emerging trend of the surge in new energy vehi-
cles, Point out the limitations of traditional transportation
planning and elucidate the advantages of data transforma-
tion in large language models and their ability to capture
spatial and temporal features. Subsequently, we will sum-
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marize the research progress and introduce the principles
and characteristics of mainstream models such as LSTM,
STGCN, TP-LLM, and ST-LLM. We will quantify the
performance differences of these models using metrics
such as MAE, relying on the PeMS04 and PeMS08 data-
sets. Analyze the three key issues and their causes: the
impact of noise, the contradiction between accuracy and
interpretability, and the obstacles to implementation. Pro-
pose targeted solutions at the data layer, model layer, and
application layer, and finally outline future research di-
rections from four perspectives. With the development of
new energy technologies, the rapid increase in the number
of vehicles has exacerbated traffic issues, leading to the
gradual ineffectiveness of traditional traffic planning mod-
els. Leveraging natural language processing capabilities,
large language models transform complex traffic flow data
into structured language, capturing spatial and temporal
features to enable predictions, thus providing new insights
for intelligent traffic planning.

At present, research in this field has made certain prog-
ress. The TP-LLM model demonstrates advantages com-
pared to traditional models, while the advanced ST-LLM
achieves explicit spatial modeling, parameter efficiency,
and robust cross-domain upgrades through graph-en-
hanced spatiotemporal LLM and LoRA fine-tuning tech-
niques. It outperforms most existing models in real data-
sets as well as in few-shot and zero-shot scenarios.
However, research still faces key issues: noise affects the
accuracy of predictions and the reliability of decisions
at the levels of data input, training, and output; improve-
ments in prediction accuracy come with increased model
complexity, leading to a decrease in interpretability; infor-
mation loss can easily occur during the data transforma-
tion process, hindering practical application implementa-
tion.

In response to these issues, the study proposes a multi-lev-
el data integration approach, semi-supervised learning,
and ensemble prediction to address noise problems; an
improved attention mechanism is employed to balance
accuracy and interpretability; and data transformation
is optimized through semantic rule mapping and human
feedback. In the future, efforts will focus on optimizing
model structures, upgrading noise handling, enhancing in-

terpretability, and optimizing data integration, to promote
the practical development of large language models in the
field of traffic flow prediction.
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