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Abstract

Traffic flow forecasting aims to predict future
traffic flows based on historical traffic condi-
tions and the road network. It is an important
problem in intelligent transportation systems,
with a plethora of methods being proposed. Ex-
isting efforts mainly focus on capturing and
utilizing spatio-temporal dependencies to pre-
dict future traffic flows. Though promising,
they fall short in adapting to test-time environ-
mental changes in traffic conditions. To tackle
this challenge, we propose to introduce large
language models (LLMs) to help traffic flow
forecasting and design a novel method named
Large Language Model Enhanced Traffic Flow
Predictor (LEAF). LEAF adopts two branches,
capturing different spatio-temporal relations us-
ing graph and hypergraph structures, respec-
tively. The two branches are first pre-trained
individually, and during test time, they yield
different predictions. Based on these predic-
tions, a large language model is used to se-
lect the most likely result. Then, a rank-
ing loss is applied as the learning objective
to enhance the prediction ability of the two
branches. Extensive experiments on several
datasets demonstrate the effectiveness of LEAF.
Our code is available at https://github.
com/YushengZhao/LEAF.

1 Introduction

Traffic flow forecasting is an integral part of in-
telligent transportation systems (Dimitrakopoulos
and Demestichas, 2010; Zhang et al., 2011) and
smart cities (Shahid et al., 2021; Dai et al., 2022).
The target of traffic flow forecasting is to predict
future traffic flows using historical data and spa-
tial information (i.e. the road network), which
has a wide range of applications including traffic
signal control (Jiang et al., 2021), route planning
(Liebig et al., 2017), and congestion management
(Fouladgar et al., 2017).
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Figure 1: To use LLMs for traffic flow forecasting,
a naive solution is to utilize their generative ability
(a), which is hard to incorporate spatial relations. By
comparison, LEAF utilizes the discriminative ability of
LLMs (b), making it easier for LLMs to predict.

Due to its value in real-world applications, great
efforts have been made to resolve the problem
of traffic flow forecasting (Smith and Demetsky,
1997; Sun et al., 2006; Guo et al., 2019; Li and
Zhu, 2021). Early works mainly model the traf-
fic systems using physical rules or shallow mod-
els (Ghosh et al., 2009; Tchrakian et al., 2011;
Hong et al., 2011; Li et al., 2012). With the advent
of deep learning, the main-stream of traffic flow
forecasting methods utilizes graph neural networks
(Kipf and Welling, 2016; Hamilton et al., 2017; Xu
et al., 2018; Velickovi¢ et al., 2018), recurrent neu-
ral networks (Hochreiter, 1997; Chung et al., 2014),
and transformers (Vaswani, 2017; Jiang et al., 2023)
to capture the rich spatio-temporal relations (Yu
etal., 2018; Li et al., 2018; Guo et al., 2019; Li and
Zhu, 2021; Zhang et al., 2021; Chen et al., 2022a;
Liu et al., 2023; Ma et al., 2024).

Despite their success, existing traffic flow fore-
casting methods have two limitations, which hinder
their applications in the real world.

Firstly, existing methods are generally unable
to adapt to environmental changes of traffic condi-
tions during test time. Most existing methods make
the assumption that test data follow the same distri-
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bution as the training data, which may fail to hold in
the real world (Lu et al., 2022; Zhao et al., 2025a,c),
especially for time series data (Kim et al., 2021;
Fan et al., 2023; Chen et al., 2024c; Zhang et al.,
2024). Traffic conditions change over time due to
a variety of factors like special events, changes in
weather, or the shift of eras. Traditional models
(Song et al., 2020; Li and Zhu, 2021), including
fusion models (Kashinath et al., 2021) have poor
generalization ability, suffering from performance
degradation under distribution shifts. In contrast,
LLMs have strong generalization ability to adapt
well under such distribution shifts (Chang et al.,
2024; Minaee et al., 2024; Beniwal et al., 2024).
Moreover, LLMs have strong reasoning ability,
which enables them to infer the current environ-
ment from the data to benefit forecasting. Due to
the high cost of collecting large-scale data, the
zero-shot generalization/reasoning ability is espe-
cially useful. To utilize LLMs, a naive solution
is to use the generative ability of LLMs to make
direct predictions (Li et al., 2024c; Ren et al., 2024;
Liang et al., 2024), as shown in Figure 1 (upper
part). However, this is too challenging for language
models, as accurate forecasting relies on both his-
torical data and complex spatio-temporal relations.

Secondly, existing methods are weak in captur-
ing the rich structure of spatio-temporal relations
in traffic data. The traffic network is complicated
and the temporal dimension adds another layer
of complexity. Prior works focus on capturing
the complex spatio-temporal relations, using graph
structures (Song et al., 2020; Zheng et al., 2023a)
or hypergraph structures (Wang et al., 2022; Wang
and Zhu, 2022; Zhao et al., 2023). Graphs capture
pair-wise relations, while hypergraphs model non-
pair-wise relations. Adopting only one of them
is not enough, as the spatio-temporal relations in
traffic data are rich by nature. For example, traffic
congestion at one vertex affects adjacent vertices
(pair-wise relations), whereas road closures affect a
large set of vertices (non-pair-wise relations). Mod-
eling the rich structure of spatio-temporal relations
is challenging in predicting future traffic flows.

To that end, this paper proposes a novel method
termed Large Language Model Enhanced Traffic
Flow Predictor (LEAF) for adaptive and structure-
perspective traffic flow forecasting. The core idea
of LEAF is to utilize the discriminative ability of
LLMs to enhance the task of traffic flow forecasting
using a predictor and a selector, where the predic-
tor generates predictions and the selector chooses

the most likely result. To enhance adaptability,
we build an LLM-based selector that selects from
a range of possible future traffic flows using the
discriminative ability of an LLM, as shown in Fig-
ure 1 (lower part). The selection results are used
to guide the predictor with a ranking loss (Wein-
berger and Saul, 2009; Sohn, 2016), which only
requires that the positive candidate (the ones cho-
sen by the LLM) is better than the negative can-
didates (the ones not chosen). The LLM is good
at understanding the changing traffic conditions
and is open to further information provided by hu-
mans, making it an adaptable predictor. To better
capture the rich structures of spatio-temporal rela-
tions, we build a dual-branch predictor composed
of a graph branch which captures pair-wise rela-
tions of spatio-temporal traffic data, and a hyper-
graph branch, which captures non-pair-wise rela-
tions. During test time, the dual-branch predictor
generates different forecasting results, and subse-
quently, a set of transformations is applied to obtain
a wealth of choices of future traffic flows.
Our contribution is summarized as follows:

* We propose an LLM-enhanced traffic flow fore-
casting framework that introduces LLMs in test
time to enhance the adaptability under distribu-
tion shift of traffic flow forecasting models.

* We propose a dual-branch predictor that cap-
tures both pair-wise and non-pair-wise relations
of spatio-temporal traffic data, and an LLM-
based selector that chooses from possible pre-
diction results generated by the predictor. The
selection results further guide the adaptation of
the predictor with a ranking loss.

» Extensive experiments on several datasets verify
the effectiveness of the proposed method.

2 Related Works

2.1 Traffic Flow Forecasting

Traffic flow forecasting is a topic that has been
studied for several decades (Smith and Demetsky,
1997; Sun et al., 2006; Yang et al., 2016; Song et al.,
2020; Li et al., 2024c,a). Early efforts mainly focus
on traditional models (Smith and Demetsky, 1997;
Asadi et al., 2012). With the success of deep learn-
ing, deep neural networks have become mainstream
in this field. One line of research adopts recurrent
neural networks (RNNs) (Hochreiter, 1997) and
graph neural networks (GNNs) (Kipf and Welling,
2016), where the GNNs and RNNs capture the spa-
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tial and temporal relations, respectively (Li et al.,
2018; Wang et al., 2020; Chen et al., 2022b; Li
et al., 2023; Weng et al., 2023).

To jointly model spatial and temporal relations,
another line of research utilizes GNNs in both di-
mensions (Song et al., 2020; Li and Zhu, 2021; Lan
et al., 2022; Chen et al., 2024a). As simple graphs
only capture pair-wise relations, some works take
a step further, introducing hypergraph neural net-
works (HGNNs) to capture non-pair-wise spatio-
temporal relations (Luo et al., 2022; Wang and Zhu,
2022; Sun et al., 2022; Zhao et al., 2023; Wang
et al., 2024). In this work, we take advantage of the
benefits from both sides, designing a dual-branch
architecture, which better captures the rich struc-
tures of spatio-temporal relations.

2.2 Large Language Models

In recent years, large language models have drawn
increased attention, both within the community of
natural language processing (Chen et al., 2024b;
Yin et al., 2024; Luo et al., 2025) and beyond, in-
cluding healthcare (Liévin et al., 2024; Van Veen
et al., 2024; Labrak et al., 2024), education (Milano
etal., 2023), legal technology (Lai et al., 2024), eco-
nomics (Li et al., 2024b), recommendation (Chen
et al., 2024b; Bao et al., 2024), code understanding
(Zhao et al., 2025b), and transportation (Liu et al.,
2024a; Guo et al., 2024b; Ren et al., 2024).

Among these applications, traffic flow forecast-
ing is an important one, as it serves as the foun-
dation of many downstream tasks in the field of
intelligent transportation systems (Boukerche et al.,
2020). The success of LLMs in language has in-
spired a plethora of works in this task. Some
works adopt the architecture of LLMs for build-
ing transformer-based traffic flow predictors (Cai
et al., 2020; Xu et al., 2020; Chen et al., 2022a; Liu
et al., 2023; Jiang et al., 2023; Zou et al., 2024).
However, they typically require a large amount of
data for training.

Another line of research attempts to equip LLMs
with the ability to predict future traffic flows based
on the history and specific situations (Zheng et al.,
2023b; Guo et al., 2024a; Li et al., 2024c; Yuan
etal.,2024; Han et al., 2024). Although LLMs have
shown promising results in understanding time se-
ries (Yu et al., 2023; Jin et al., 2023; Gruver et al.,
2024; Koval et al., 2024; Gruver et al., 2024; Ansari
et al., 2024; Liu et al., 2024b; Woo et al., 2024) or
temporal events (Xia et al., 2024; Hu et al., 2024),
the traffic data involves complex spatio-temporal

relations challenging LLMs’ generative ability. In
this work, we show that one can instead utilize
their discriminative ability to enhance existing traf-
fic flow forecasting models.

3 Methodology

Problem Setup. We follow the standard setup
for traffic flow forecasting (Song et al., 2020),
where there is a road network denoted as G =
(V,E,A). V denotes the set of N vertices (i.e. the
sensors in the city), £ denotes the set of edges,
and A € RV*N represents the adjacency matrix.
In this road network, historical traffic flows can
be represented as X = (X1, Xq,---,X7p) €
RT*NXF "in which T is the length of historical
observation and F' is the dimension of input fea-
tures. The goal is to predict the future of traffic
flows with the length of 7", denoted as X' =
(X}, Xb, - Xh,) € RT'XNXE,

Framework Overview. To solve the problem with
the help of LLMs, we propose a novel framework
termed Large Language Model Enhanced Traffic
Flow Predictor (LEAF), whose overview is illus-
trated in Figure 2. Specifically, to achieve LLM-
enhanced prediction (Section 3.3), we design a
dual-branch traffic flow predictor (Section 3.1) and
an LLM-based selector (Section 3.2). The pre-
dictor consists of a graph neural network branch
capturing pair-wise spatio-temporal relations, and
a hypergraph neural network branch capturing non-
pair-wise relations. During training, the predictor
is first pretrained using the training data. During
test time, we apply transformations to the forecast-
ing results of the predictor to obtain a variety of
choices, among which the selector chooses the best
one with a frozen LLM. The selection results are
then used to fine-tune the dual-branch predictor.

3.1 Dual-branch Traffic Flow Predictor

Previous works on traffic flow forecasting adopt
the graph perspective (Song et al., 2020; Zheng
et al., 2023a) or the hypergraph perspective (Wang
et al., 2022; Zhao et al., 2023). The graph perspec-
tive propagates messages between pairs of nodes,
which makes them adept in modeling pair-wise
spatio-temporal relations (e.g. an accident affects
adjacent locations). On the other hand, the hy-
pergraph perspective propagates messages among
groups of nodes, making them proficient in mod-
eling non-pair-wise spatio-temporal relations (e.g.
people move from the residential area to the busi-
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Figure 2: The framework of the proposed LEAF, consisting of a dual-branch predictor and an LLM-based selector.
The predictor generates forecasts of traffic flows with the graph and hypergraph branches. The selector constructs a
choice set and selects the best option using an LLM. The selection results are used to supervise the predictor.

ness area). For LEAF, we aim to take the benefits
from both sides by constructing a dual-branch pre-
dictor and letting the LLM select.
Spatio-temporal Graph Construction. To utilize
graph neural networks and hypergraph neural net-
works, we first construct a spatio-temporal graph
corresponding to the input tensor X € RTXNxF,
Particularly, the length of historical data T yields a
set of T'IN spatio-temporal nodes, denoted as:

VT =Lt |i=1,...,N,t=1,....T}, (1)
and we add temporal edges in addition to spatial
edges & to obtain the edge set £57:

e = {(w,vP) | (| — ol =L Ai =)

Vit =taA(i,5) €E)}. ()
The spatio-temporal graph can then be represented
as G°T (VST 5T AST) | where AST ¢
RTNXTN " The spatio-temporal features X (0) ¢
RTN*d i5 derived from X € RT*N*F with a lin-

ear mapping and a reshape operation, where d is
the dimension of the hidden space.

t2

Yj

The Graph Branch. Based on the constructed
spatio-temporal graph, we first adopt a graph neural
network to model pair-wise spatio-temporal rela-
tions. Concretely, given the spatio-temporal feature
inputs X () € RTN*4 e adopt convolution lay-
ers to process the features, which is

).

x0 =g (ATxIW 3)

where o (-) is the activation layer and WC(;Z ) € Rixd
is the weight matrix. AST — D-1/2 45T p—1/2
denotes the normalized version of the adjacency
matrix, where D is the degree matrix (Kipf and
Welling, 2016; Song et al., 2020). By adopting
graph convolutions in Eq. 3, the information from
one spatio-temporal vertex can be propagated to its
neighbors as defined in £°7 in Eq. 2, and thus this
branch models pair-wise spatio-temporal relations.

The Hypergraph Branch. Although the graph
branch is adept at capturing pair-wise relations, the
complex traffic patterns contain non-pair-wise re-
lations. For example, in the morning rush hours,
people move from the residential area (which is a
set of vertices in a hyperedge) to the business area
(which is another hyperedge). The vertices in one
hyperedge share common patterns and the hyper-
edges affect each other. To model non-pair-wise re-
lations, hypergraphs are adopted. For a hypergraph,
its incidence matrix Iy € RNTX™ describes the
assignment of NT vertices to m hyperedges. As
the incidence matrix is not given as input, we resort
to a learnable one with low-rank decomposition
(Zhao et al., 2023):

Iy = softmaX(Xg_l)WH), 4)

where X 2,1) € RNT*d ig the hidden features, and

Wg € R¥™ is the weight matrix. softmax(-) is
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(System Prompt: A
You are a helpful assistant.

User Prompt:

Given historical data for traffic flow over |12 time steps at
<spatial information of the vertex>, the recorded traffic flows
are <the historical data>, from <history start time> to
<history end time>.The data points are recorded at 5-minute
intervals. Ve aim to predict the traffic flow in the next 12
time steps from <future start time> to <future end time>.
<special events>.We use two branches: the graph branch
(description: ...) and the hypergraph branch (description: ...)
to predict the future traffic flow and perform some
transformations to the predictions. Here are some choices
for you. Please consider historical values, models' predictions,
and the time of the data (e.g. rush hours).

|. <choice content>, generated by <branch name>, with
transformation <transformation name>.

2.

\Please first think carefully and then select the most likely one:

Figure 3: An illustration of the prompt template.

applied for normalization. Subsequently, the output
features can be computed as:

X{) = 1y (15 x50 + o (W x(V))

%)
where Wg € R™*™ models the interactions of
the hyperedges. In this way, the hypergraph branch
considers both (a) the interactions within a set of
vertices (within a hyperedge) through the first term
of Eq. 5, and (b) the interactions among groups
of vertices (among the hyperedges) through the
second term of Eq. 5.

3.2 LLM-Based Selector

In Section 3.1, we obtain different prediction re-
sults from different branches, denoted as Y'¢ and
Y ©. Most previous works (Li et al., 2024c; Ren
et al., 2024; Liang et al., 2024) directly gener-
ate these predictions, which is challenging since
the complex spatio-temporal relations are hard
to express in texts. By comparison, the LLM-
based selector aims to choose the best predic-
tion, using the internal knowledge of a frozen
LLM and the constructed prompts. As the traf-
fic networks are usually large, we break the result
Y € {YS YH} c RT"*N for individual vertices,
ie.Y = [y, yo,...,yn], where y; € RT".

Choice Set Construction. In practice, we want
to give the LLM-based selector more choices so
that it has the potential to make better predictions.
Therefore, we introduce several transformations:
smoothing, upward trend, downward trend, over-
estimating, and underestimating. The set of trans-
formations is denoted as 7. For vertex ¢ € V), the

choice set is determined as follows:

Ci={r(w)lr € Toui € (v 9"} U{wl, y/}.

(6)
By adopting transformations, the choice set is ex-
panded and the selector has the potential to deal
with more complex situations. For instance, if it
believes that both of the branches underestimate
the traffic flow on a Monday morning, the selector
can choose an option with an upward trend.

Prompt Construction. When constructing the
prompt, we consider the following aspects. (1)
General information about the data, including the
meaning of the numbers, the way traffic data are
selected, etc. (2) The spatial information of the
vertex, including the sensor ID, and the geometric
location information. (3) The temporal information,
including the time historical data are collected, the
time we want to forecast, and whether there are
special events. (4) The historical data. (5) The task
instructions. (6) The choice set constructed in Eq.
6, including the names of specific branches and the
description of augmentations. An illustration of
this is shown in Figure 3.

3.3 LLM-Enhanced Prediction

The LEAF framework consists of a predictor and a
selector. The predictor (the graph branch and the
hypergraph branch) is pre-trained on the training
set. During test time, the predictor first predicts,
and the selector then selects. The selection results
are used to supervise the predictor, and thus the
two modules benefit from each other, achieving
LLM-enhanced prediction. Concretely, given the
input data X € RTXN*F 'the predictor generates
two forecasts, i.e. Y& and Y. Subsequently, the
selector constructs choice sets and uses the LLM to
find the best option for each individual vertex. The
selection results are denoted as y;, ¢ € V, which are
then used to supervise the predictor. Conceivably,
y; may not be the optimal choice in the choice set,
and therefore, directly using MAE or MSE losses
may lead to noises in the supervision signals. By
comparison, the ranking loss (Weinberger and Saul,
2009; Sohn, 2016) only requires that the positive
candidate (the ones chosen by the LLM) is better
than the negative candidates (the ones not chosen),
described as follows:

LY = [A(y{,g:) — , inf

A z-G7 ; + €],
vECA\ {g:} (", 9) el

(N
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Algorithm 1 The Algorithm of LEAF

Requires: The road network G = (V, &, A), his-
torical data X, the number of iterations K, the
graph branch B, and the hypergraph branch B
Ensures: The forecasting result Y.

1: Construct spatio-temporal graph G°7.

2: forj=1,2,..., K do

3:  Compute the prediction of the graph branch
B%asYC.

4:  Compute the prediction of the hypergraph
branch B as Y.

5:  Construct the choice set using Eq. 6.
Use LLM to select the best option for each
vertex as y; where i € V.

7. Use 9, to supervise the predictor (B¢ and
BH) with Eq. 7 and Eq. 8.

8: end for

9: Stack ¢;,¢ € V to obtain Y

where [-]4 is the hinge function, A(-,-) is a dis-
tance measure, and ¢ is the margin. Similarly, we
can define the loss function £ using ylH . The
final objective is written as:

L=r%+rcH )

In Eq. 7 and Eq. 8, we encourage the forecasts of
the predictor (i.e. in and yZH ) to be closer to the
selected prediction (i.e. 9;) than the closest one in
suboptimal predictions (i.e. C; \ {g;}). Since the
ground truth may not be covered by the choice set,
this objective is better than directly minimizing the
distance between the predictions and the selected
forecast, as it allows the model to learn from a
better choice compared to suboptimal choices.

By supervising the predictor, the two modules
(i.e. the predictor and the selector) benefit from
each other. A better predictor yields better choices,
which benefits the selector; better selection results
provide better supervision signals for the predictor.
Through the iteration of prediction and selection,
we can achieve LLM-enhanced prediction. The
LEAF framework during inference is summarized
in Algorithm 1.

4 Experiments

4.1 Experimental Setup

Datasets. We adopt three widely used datasets
in traffic flow forecasting, including PEMSO03,
PEMSO04, and PEMSO0S. The datasets are publicly

available and collected by California Transporta-
tion Agencies (CalTrans) Performance Measure-
ment Systems (PEMS) !. These records come from
sensors on the roads of various places in California,
and they are counted every five minutes. Additional
details about the datasets can be found in Appendix
A.

Evaluation Metrics. We follow standard setting
(Li et al., 2018) that use one-hour historical data
(i.e. T = 12 timesteps) to forecast one-hour future
(i.e. T' = 12 timesteps). To signify the test-time
distribution shift, we adopt small training sets of
10% of data and another 10% for validation. We
choose a subset of non-overlapping slices in the
test set. We adopt three standard metrics for eval-
uation, i.e., Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), and Mean Absolute
Percentage Error (MAPE) (Song et al., 2020). For-
mal definitions about these metrics are presented
in Appendix B.

Baseline Methods. We compare LEAF with a va-
riety of baselines, including DCRNN (Li et al.,
2018), ASTGCN (Guo et al., 2019), STSGCN
(Song et al., 2020), HGCN (Wang et al., 2022),
DyHSL (Zhao et al., 2023), STAEformer (Liu
et al., 2023), COOL (Ju et al., 2024), and LLM-
MPE (Liang et al., 2024). Among these methods,
DCRNN is a combination of GNN and RNN. AST-
GCN, STSGCN, and COOL are based on GNNs,
while HGCN and DyHSL are based on hypergraph
neural networks. STAEformer uses the transformer
architecture, while LLM-MPE uses LLMs to under-
stand and predict traffic data with textual guidance.
Additional information about the baseline methods
can be found in Appendix C.

Implementation Details. For the dual-branch pre-
dictor, the number of layers L for both branches
is set to 7. We use linear mapping as the input
embedding, and the hidden dimension d is set to
64, which is also shared across all baselines. We
also use a two-layer MLP to map the last hidden
embedding to the output. In choice set construc-
tion, smoothing is implemented with an average
filter, upward/downward trend increases/decreases
the traffic flow by 1% to 12% (12 timesteps, lin-
early increasing), overestimate/underestimate in-
creases/decreases the traffic flow by 5% (for all 12
timesteps). As for the loss function in Eq. 7, we
adopt Huber distance for A(-, -) and the margin e
is set to 0. When training with this loss function,

"https://pems.dot.ca.gov/
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Model PEMS03 PEMS04 PEMS08
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
DCRNN (Li et al., 2018) 2999 39.52 21.33 3436 46.19 24.73 3141 4391 15.44
ASTGCN (Guo et al., 2019) 284 4194 15.78 33.09 46.08 18.19 29.20 41.16 12.76
STSGNN (Song et al., 2020) 28.21 43.43 15.49 33.43  45.69 18.89 29.58 41.95 12.90
HGCN (Wang et al., 2022) 28.43 4392  15.39 3577 49.92  20.11 28.83  39.65 12.63
DyHSL (Zhao et al., 2023) 27.10 41.59 14.31 3336 46.96 19.64 27.34  39.05 11.56
STAEformer (Liu et al., 2023) 27.87 37.31 16.49 33.77 45,50 18.36 2743 38.16 11.36
COOL (Ju et al., 2024) 27.51 41.11 14.73 34.68 47.22 19.72 27.22 38.47 11.72
LLM-MPE (Liang et al., 2024) 33.82 47.06  20.40 35.63 51.41 18.19 26.42 40.02 10.61
LEAF 2546 35.17 14.22 3149 4445 1753 24.68 36.07 10.56
Table 1: Forecasting errors on PEMS03, PEMS04, and PEMS08 datasets.
we update the parameters for M iterations, where Experiments MAE RMSE MAPE
M is set to 5. For the prediction-selection loop, we El: Graph branch 2012 4136 13.54
set K to 2. For the LLM, we use LLaMA 3 70B F2: Hypergraph branch 2704 3911 1.8
(Al@Meta, 2024) and vLLM (Kwon et al., 2023)
as the inference software. Additional details about E3: w/o hypergraph branch  26.29 38.18 1283
the experiments are presented in Appendix D. E4: w/o graph branch 25.80 37.23  11.00
ES5: w/o transformation 2547 3647 11.01
4.2 Main Results E6: w/o ranking loss 2541 37.00 11.34
LEAF 24.68 36.07 10.56

The performance of LEAF in comparison with prior
methods is shown in Table 1. According to the
metrics in the table, we have several observations:

Firstly, the proposed LEAF demonstrates con-
sistent improvement in all three datasets, showing
the effectiveness of the proposed framework that
adopts a dual-branch traffic flow predictor and an
LLM-based selector. Smaller models often fail to
provide satisfactory predictions under test-time dis-
tribution changes, as they fall short in reason and
generalization, leaving room for improvement.

Secondly, the methods that utilize the generative
ability of LLMs (i.e. LLM-MPE) do not perform
well on all datasets. As we can see on the PEMS03
and PEMSO04 datasets, their predictions are gen-
erally worse or similar compared to simple meth-
ods using graph neural networks (e.g. STSGCN,
COOL). Since LLMs are not adept at capturing
complex spatio-temporal relations, it is reasonable
that we see such results on datasets with larger
networks like PEMSO03.

Thirdly, the proposed LEAF generally performs
better than graph-based methods (e.g. ASTGCN,
STSGCN) and hypergraph-based methods (e.g.
HGCN, DyHSL), which shows that our method
has the potential to take advantage of both complex
spatio-temporal relations captured by the predic-
tor and the knowledge of large language models,
achieving LLM enhanced traffic flow forecasting.

Table 2: Ablation study on the PEMS08 dataset.

4.3 Ablation Study

We also perform ablation studies on the PEMS08
dataset, and the results are shown in Table 2. Specif-
ically, we perform the following experiments. E1
measures the performance of the graph branch only
without the LLM-based selector. E2 measures the
performance of the hypergraph branch without the
selector. The vanilla version (E1 and E2) of both
branches performs much worse than LEAF. E3
uses the graph branch in conjunction with the selec-
tor, which leads to performance degradation com-
pared to LEAF. This suggests that non-pair-wise re-
lations are important in traffic flow forecasting. E4
only uses the hypergraph branch together with the
selector. Similarly, it performs worse than LEAF,
which shows that pair-wise and non-pair-wise re-
lations are both important. Moreover, E3 and E4
perform better than E1 and E2, which shows the
effect of the LLM-based selector. ES removes the
transformations, i.e. 7 = (). This leads to slightly
worse performance, showing the effectiveness of
providing more choices. E6 removes the ranking
loss, which means that the predictor is not further
trained with the results from the selector (reduc-
ing to K = 1). This experiment demonstrates the
effectiveness of supervising the predictor with a
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Figure 4: The forecasting errors under different hyper-
parameters, i.e. M's (left) and K's (right).

ranking loss using the selection results.

4.4 Hyper-parameter Analysis

We perform experiments with respect to two hyper-
parameters: (a) M, i.e. the number of iterations
when training with the ranking loss in Eq. 7 and
Eq. 8, and (b) the number of K, i.e. the number
of prediction-selection iterations in Algorithm 1.
The results on the PEMSO08 dataset are shown in
Figure 4. As can be seen from the figure, when M
increases, both MAE and RMSE decrease, and then
plateau after around 5. This shows that the predic-
tor converges, and therefore, we set M to 5. For an-
other hyper-parameter K, the optimal performance
is achieved when K is set to 2, and with more iter-
ations, the error increases. One reason is that we
use the same prompt across iterations without con-
texts of previous selections to save computation, so
the same factor may be considered multiple times,
leading to decreased accuracy. In practice, K = 2
is good enough without too much computation for
the LLM-based selector.
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Figure 5: Visualization of historical data, choices, and
the prediction in different time periods. The selected
choice is marked with a green tick.

4.5 Visualization

Visualization of the Selection. We first provide
visualizations of the historical traffic flow data, the

: To determine the most likely traffic flow for the next 12 time steps, 1
1 we need to consider the historical data, the time of day, and the :
I models' predictions. |
: First, let's analyze the historical data: 1
1 * The average traffic flow is 330.4, but there's a noticeable :
I decrease in traffic flow from 18:55 to 19:50, with a minimum value ,
: of 274. 1
1 * The time period is during the afternoon rush hour, and the :
I traffic flow is decreasing, indicating that the rush hour might be |
: ending. !
1 Considering the models' predictions and augmentations: :
: * The graph branch predictions are generally higher than the 1
, hypergraph branch predictions. !
1 * The augmentations (smoothing, 5% higher/lower, :
: upward/downward trend) provide different variations of the 1
, Ppredictions. !
I Given the time of day and the historical data, we can make an :
: educated guess: i
1 * Since the rush hour is likely ending, the traffic flow might !
I continue to decrease. :
: * The graph branch predictions seem too high, considering the 1
1 historical data's decreasing trend. :
I * The hypergraph branch predictions with a downward trend \
: (option 12) seem more plausible, as they align with the expected 1
1 decrease in traffic flow during the end of the rush hour. :
I Therefore, the most likely traffic flow for the next 12 time stepsis:
: Option 12: [267, 264, 261, 258, 255, 250, 243, 235, 228, 222, 217, |
1 211] (average: 242.6), Hypergraph branch, Augmentation: :
: prediction with downward trend \

Figure 6: The LLM’s analysis when selecting data.

Graph Branch Hypergraph Branch EEN LFAF
35
30
<
s 25
20
1 2 3 4 5 6 7 8 9 10 11 12
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Figure 7: The Mean Absolute Error (MAE) under dif-
ferent timesteps. LEAF better reduces long-term errors.

choices in C;, and the option selected by the LLM-
based selector (marked with a green tick). The
results on the PEMSO03 dataset are shown in Figure
5. Moreover, we also provide the analysis of the
LLM-based selector, which is shown in Figure 6.
According to the results, we can see that the traffic
flow is generally going downward, since it is the
end of the rush hour. In Figure 5, we can see that
the LLM-based selector chooses the option with the
lowest traffic flows. From its analysis in Figure 6,
we can see that it understands that the time period
to forecast is around the end of the rush hours,
which is the reason why it selects the lowest option.
This suggests that the LLM-based selector is able
to understand changing traffic conditions. Another
visualization example can be found in Appendix E.

Visualization of Errors in Different Timesteps.
We then provide visualization of the mean absolute
error (MAE) under different forecasting timesteps
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Prompt:

Given historical data for traffic flow over 12 time steps at sensor <sensor id> of District <district number>, California (<spatial information of the
vertex>), the recorded traffic flows are <historical data> (average: <average of historical data>), from <history start time> to <history end time>, with
data points recorded at 5-minute intervals. We aim to predict the traffic flow in the next 12 time steps from <future start time> to <future end time>.
We use two branches: the graph branch (which captures pair-wise relations), the hypergraph branch (which captures non-pair-wise relations) to
predict the future traffic flow and perform some augmentations (transformations) to the predictions. Note that smoothing does not reduce MAE error.
Here are some choices for you. Please consider: (1) historical values, (2) models' predictions, and (3) the time of the data (most importantly, whether
they are in beginning / end of the morning / afternoon rush hours. Note that different nodes have different rush hours, if you have seen significant
changes in history, you can identify the beginning / end of the rush hour).

Please first think carefully and then select the most likely one:

1.  <choice data> (average: <average value>), the graph branch, Augmentation: none

<choice data> (average: <average value>), the graph branch, Augmentation: 5% higher than the prediction
<choice data> (average: <average value>), the graph branch, Augmentation: 5% lower than the prediction

<choice data> (average: <average value>), the graph branch, Augmentation: prediction with downward trend

2
3
4.
5. <choice data> (average: <average value>), the graph branch, Augmentation: prediction with upward trend
6
7 <choice data> (average: <average value>), the hypergraph branch, Augmentation: none

8.  <choice data> (average: <average value>), the hypergraph branch, Augmentation: smoothing the prediction of the model
9.  <choice data> (average: <average value>), the hypergraph branch, Augmentation: 5% higher than the prediction

10. <choice data> (average: <average value>), the hypergraph branch, Augmentation: 5% lower than the prediction

11. <choice data> (average: <average value>), the hypergraph branch, Augmentation: prediction with upward trend

12. <choice data> (average: <average value>), the hypergraph branch, Augmentation: prediction with downward trend

I
I
I
I
I
I
I
I
I
I
I
I
I
I
I

<choice data> (average: <average value>), the graph branch, Augmentation: smoothing the prediction of the model I
I
I
I
I
I
I
I
I
I
I
I
I
I
I

Figure 8: The details about the prompt.

in Figure 7. The experiments are performed on
the PEMSO03 dataset, where we compare the MAE
values of our framework to its two branches (i.e.
the graph branch and the hypergraph branch). The
results show that LEAF reduces forecasting errors
generally. Although the errors are similar in the
first few timesteps, LEAF quickly diverges from
the two branches, resulting in significantly lower
errors in the long term. This suggests that with the
help of the discriminative ability of the LLM-based
selector, our method can select predictions that are
more accurate in the long run.

Visualization of the Prompt. We provide an exam-
ple of the prompt in Figure 8. The prompt contains
general information about the task and the traffic
data, spatio-temporal information, the historical
data, the task instructions, and the choice set con-
structed in Eq. 6. Additionally, we also describe
the transformations applied to the prediction of the
dual-branch predictor. These sources of informa-
tion will be helpful for the LLM to decide the most
appropriate choice.

5 Conclusion

In this paper, we propose a novel framework named
Large Language Model Enhanced Traffic Flow Pre-
dictor (LEAF), consisting of a dual-branch traffic
flow predictor and an LLM-based selector. The
predictor adopts two branches: the graph branch
and the hypergraph branch, capturing the pair-wise
and non-pair-wise relations, respectively. The se-
lector uses the discriminative ability of the LLM to
choose the best forecast of the predictor. The selec-
tion results are then used to supervise the predictor.
We perform extensive experiments to demonstrate

the effectiveness of LEAF.

Limitations

One limitation of this work is that we only fo-
cus on the traffic flow forecasting domain, due to
the scope of this paper and the limited computa-
tional resources. However, this framework can
be extended to more generalized spatio-temporal
forecasting problems. Besides, we have not evalu-
ated our methods on other traffic flow forecasting
datasets due to limited resources.

Another limitation is that the LLM is not fine-
tuned during the process. The LLM selector in
the LEAF framework can be further optimized
throughout the process. Since the traffic datasets
are relatively small, a potential solution is to use
parameter-efficient fine-tuning strategies, including
LoRA, adapter layers, or prefix-tuning to enhance
the performance of the LLM selector. More specif-
ically, given the final prediction results from the
iterative prediction-selection cycles, the LLM is
then fine-tuned with the answer (in the choices)
nearest to the final prediction. This will potentially
enhance the ability of the LLM selector.
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A More Details about the Datasets

In the experiments, three widely used datasets
in traffic flow forecasting are adopted, including
PEMSO03, PEMS04, and PEMSO0S8. They are de-
scribed as follows:

* PEMSO03: This dataset consists of traffic flow
data collected from California’s PeMS (Perfor-
mance Measurement System) network. It in-
cludes data from 358 sensors, recorded every
5 minutes. The data includes various attributes
such as traffic speeds, flow rates, and occupancy
rates, which are essential for traffic flow fore-
casting.

* PEMS04: The PEMS04 dataset is also col-
lected from California’s freeway system, but
from a different region compared to PEMSO03.
It contains traffic flow and speed data from 307
sensors, collected every 5 minutes over several
months.

* PEMSO08: PEMSO08 is another dataset derived
from California’s freeway system, covering a
different geographic area than both PEMS03
and PEMSO04. It includes data from 170 sensors,
with recordings of traffic speeds and volumes
over time.

B More Details about the Metrics

In this paper, we use three metrics: Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE),
and Mean Absolute Percentage Error (MAPE).
They are defined as follows:

mnf - Y;fnf )
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where Y € RT*N*F is the forecasting result, and
Y is the ground truth data.

C More Details about the Baseline
Methods

In the experiments, we use the following baselines,
including DCRNN (Li et al., 2018), ASTGCN
(Guo et al., 2019), STSGCN (Song et al., 2020),
HGCN (Wang et al., 2022), DyHSL (Zhao et al.,
2023), STAEformer (Liu et al., 2023), COOL (Ju
et al., 2024), and LLM-MPE (Liang et al., 2024).
We provide more details about them in the follow-

ing:

¢« DCRNN (Diffusion Convolutional Recurrent
Neural Network) (Li et al., 2018): DCRNN
combines recurrent neural networks with graph
neural networks to model spatial dependencies
in traffic flow data. It captures both temporal
and spatial correlations by incorporating graph-
based diffusion processes to model the move-
ment of traffic across different locations.

* ASTGCN (Attention-based Spatial-
Temporal Graph Convolutional Network)
(Guo et al., 2019): ASTGCN integrates
graph convolutional networks with attention
mechanisms to model both spatial and temporal
dependencies in traffic data.

* STSGCN (Spatial-Temporal Synchronous
Graph Convolutional Network) (Song et al.,
2020): STSGCN is a graph-based model that
jointly captures spatial and temporal correla-
tions in traffic data.

« HGCN (Hypergraph Convolutional Neural
Network) (Wang et al., 2022): HGCN is de-
signed to model complex relationships between
traffic sensors using hypergraphs. It leverages
non-pair-wise dependencies that are difficult to
capture with traditional graph-based models for
traffic flow forecasting.

* DyHSL (Dynamic Hypergraph Structure
Learning) (Zhao et al., 2023): DyHSL focuses
on learning dynamic hypergraph structures to
learn non-pair-wise relations in hypergraphs.
Moreover, it utilizes interactive graph convolu-
tions to capture higher-order relations.

e STAEformer (Spatio-Temporal Adaptive
Embedding transformer) (Liu et al., 2023):
STAEformer is a transformer-based model that
uses spatio-temporal adaptive embeddings to-
gether with spatial and temporal attention mech-
anism to capture long-range dependencies.
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Figure 9: Additional visualizations of historical data,
choices, and the prediction of the LLM-based selector.

* COOL (Conjoint Spatio-Temporal graph
neural network) (Ju et al., 2024): COOL mod-
els traffic graphs from prior and posterior per-
spectives to capture high-order spatio-temporal
relationships from a conjoint perspective.

* LLM-MPE (human mobility prediction un-
der public events based on LLMs) (Liang
et al., 2024): LLM-MPE is a recent approach
that uses LLMs in conjunction with unstruc-
tured event descriptions to predict future traffic
flows.

D Details about the Experiments

With regard to the time of the framework, for
smaller datasets like PEMSO08, the test time of a
single slice is within 3 minutes on two A100 GPUs
with LLaMA 70B, 4-bit quantization. For larger
datasets, the framework can infer within 5 minutes
for a single time slice, making it possible to pre-
dict traffic flows in real-time (since the data are
collected every 5 minutes and the time for dual-
branch predictor is negligible). In the experiments,
we only perform a single run to save computational
resources.

In the experiments, we use LLaMA 3 (Al@Meta,
2024) and vLLM (Kwon et al., 2023). Both of them
can be used for research purposes. The data are
mostly numerical and we manually checked that
they do not contain personally identifying info or
offensive content.

E More visualization of selection

We provide additional visualization of the selec-
tion results from the LLM-based selector, which
is shown in Figure 9. Specifically, sub-figure (a)
displays a road possibly in the suburb or near the
residential area, since it exhibits lower traffic flows
and a small morning peak near 8 a.m. During the
morning rush hour, people move from their homes
to the working places, and therefore after a small
peak, the traffic flow generally decreases, which
aligns with the selection result and the ground truth
data. For sub-figure (b), it possibly describes a
bustling place in the city center, as the traffic flow
is fairly high. The traffic flow is relatively sta-
ble after the morning rush hour, and after 11 a.m.,
some people may go out to have lunch, leading to a
slight increase of traffic flow. This aligns with the
selected option as well as the ground truth data.
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