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ABSTRACT

Fine-grained traffic prediction is critically important for mitigating traffic conges-
tion in key urban areas and for providing lane-change guidance in autonomous
vehicles and navigation systems. However, task-specific models are not efficient
enough, city-scale pre-trained models often overlook fine-grained requirements,
and the demand for extensive computational resources hinders practical deploy-
ment. To address this issue, we developed a lightweight pre-training framework,
MiniTraffic. This framework leverages abundant road-level data to address lane-
level data scarcity through a frequency domain stability augmentation module and
captures road-lane correlations via contrastive clustering to construct small-scale
graph structures, significantly reducing model parameters. Fine-tuning with min-
imal target data provides a unified and efficient solution for fine-grained traffic
prediction. In multi-granularity traffic prediction tasks across six fine-grained
datasets, MiniTraffic demonstrated superior performance compared to all existing
baseline models. The MiniTraffic-related code, datasets, and pre-trained models
are available at https://anonymous.4open.science/r/MiniTraffic-ICLR26/.

1 INTRODUCTION

Fine-grained traffic prediction encompasses both road-level and lane-level forecasting, offering
more detailed data compared to traditional large-scale urban traffic prediction, which is crucial for
precise urban management. This data supports not only regional temporary traffic control and traffic
signal adjustments Du et al. (2023); Wu et al. (2025) but also provides accurate information for
lane-changing planning and guidance in autonomous vehicles and navigation systems Hu et al. (2023);
Qu et al. (2025), significantly enhancing the responsiveness and efficiency of urban traffic systems.

Large-scale urban traffic models based on large language models—such as UrbanGPT Li et al.
(2024c), TrafficGPT Zhang et al. (2024), and ST-LLM Liu et al. (2024) or on pre-trained foundational
models like TFM Wang et al. (2023), UniST Yuan et al. (2024), and OpenCity Li et al. (2024f), offer
new opportunities for traffic prediction due to their strong generalization capabilities and their ability
to handle multiple tasks within a unified framework. However, due to the scarcity of supervised
signals in lane-level datasets and the lack of explicit modeling of road–lane associations, these models
overlook the specific requirements of fine-grained traffic tasks. This oversight not only limits their
practical applicability but also diminishes their effectiveness in specialized scenarios.

As we shift our focus toward more generalized models for fine-grained traffic prediction, it is crucial
to identify the key practical challenges that hinder effectiveness and deployment. More specifically,
Effectively handling imbalanced training data remains a critical bottleneck. Compared to the
abundant road-level traffic data, lane-level data is relatively scarce. This imbalance poses significant
challenges to developing pre-trained models, as sufficient training data is key to demonstrating strong
generalization capabilities Chen et al. (2024).To address this, it is crucial to develop strategies that
leverage limited and imbalanced data resources to train models capable of adapting to diverse fine-
grained traffic prediction tasks. In addition, fine-grained traffic prediction involves multiple tasks
with different requirements and challenges. Road-level and lane-level predictions are inherently
interconnected, with traffic conditions at the road level influencing lane-level behavior and vice
versa. Moreover, lane-level graphs encode both longitudinal (upstream/downstream) and lateral
(lane-change) interactions with stronger local fluctuations than road-level series. Simultaneously

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICLR 2026

modeling both levels not only leverages these correlations for more accurate predictions but also
enhances efficiency by reducing redundant computations. Effectively aligning and integrating these
tasks is a key challenge in designing a “one-stop” solution, necessitating a flexible and efficient model
architecture capable of handling traffic data at multiple granularity levels. Lastly, model size and
computational demand are important issues. While large traffic models perform well in large-scale
urban scenarios, they often require substantial training resources and time Jin et al. (2021); Duan et al.
(2019). Fine-grained traffic prediction for smaller areas demands higher dynamism and variability,
necessitating more frequent retraining or fine-tuning. In most practical applications, the computational
resources required for training or even fine-tuning large models are often unacceptable, especially for
regional lane-level deployments, severely limiting the practical application of pre-trained models.
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(b) The standardized speeds are compared in
the frequency domain, with higher overlap ar-
eas indicating greater similarity.

Figure 1: Comparison between a road
segment and its corresponding lanes in
the time domain and frequency domain.

To tackle these challenges, we propose the first mini-sized
pre-trained model (MiniTraffic) specifically designed for
multi-task processing in fine-grained traffic prediction,
leveraging the advantages of pre-trained models to over-
come the shortcomings of existing approaches in this field.
We conducted a detailed analysis of road-level and lane-
level data, revealing differences in traffic speeds between
roads and lanes in the PeMS dataset, yet also identifying
a certain correlation between them, as shown in Figure
1(a). Although speed values differ, the patterns of change
are similar, with Figure 1(b) further illustrating the sim-
ilarity between lane speed and road speed in the frequency
domain. Based on this observation, we designed the Mini-
Traffic framework—a lightweight model with only 100k
trainable parameters, capable of being pre-trained on a
single A100 GPU. The framework is built to utilize road-
level data for pre-training and to transfer this knowledge to
lane-level prediction tasks. It includes a frequency domain
stability data augmentation module tailored for road data,
a pre-training backbone with an attention map contrastive clustering learning module, and fine-tuning
strategies for different task granularities. These components fully exploit the correlation between
roads and lanes, achieving accurate road-level predictions and effective transfer to lane-level tasks.

In summary, our contributions are as follows: (1) We propose the first pre-training model specif-
ically designed for fine-grained traffic prediction tasks, with a focus on lightweight and practical
deployment in real-world scenarios; (2) we design a frequency domain stability augmentation module
that simulates multi-lane traffic dynamics from road-level data while preserving trend consistency;
(3) we introduce an attention-based contrastive clustering module that captures road-lane correla-
tions, enabling accurate road-level modeling and effective transfer to lane-level tasks; and (4) we
conduct extensive experiments across multiple datasets, demonstrating that MiniTraffic consistently
outperforms task-specific baselines at corresponding granularities.

2 RELATED WORKS

Fine-grained traffic prediction serves as a foundational task for travel planning and road manage-
ment, evolving from early lane-level traffic flow theories Papageorgiou & Schmidt (1983); Zhang
(1998) to road-level statistical models such as ARIMA Kumar & Jain (1999) and Seasonal ARIMA
Kumar & Vanajakshi (2015), and later to deep learning-based approaches. With the increasing
demands of traffic signal control, autonomous driving, and dynamic lane systems, the importance of
fine-grained prediction has grown considerably.

In road-level prediction, where abundant data is more accessible, rapid progress has been made
by treating road segments as basic modeling units Cui et al. (2023). Spatial modeling has advanced
from grid-based CNNs Zhang et al. (2016); Lv et al. (2018) to graph neural networks (GNNs) Yu
et al. (2017); Wu et al. (2020); Cui et al. (2021); Li et al. (2023b) and attention-based architectures
Guo et al. (2019); Song et al. (2020); Fang et al. (2021). Temporally, RNNs Li et al. (2017); Jiang
et al. (2023), dilated convolutions Wu et al. (2019), and attention mechanisms Bai et al. (2020) have
all contributed to improving temporal representation. Recently, pre-trained plugin or adaptor-style
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models such as STEP Shao et al. (2022), FlashST Li et al. (2024d), and GPT-ST Li et al. (2024e)
have also emerged to enhance generalization in road-level prediction.

In contrast, lane-level prediction progresses more slowly due to the high cost of sensor deployment
and data collection. This task involves modeling lane segments and their interactions within each road
segment. Early spatial approaches include grid-based CNNs and intersection-specific lane modeling
Ke et al. (2020); Lu et al. (2020a); Ma et al. (2020), while recent methods have adopted flexible
graph structures for more expressive modeling Li et al. (2024a); Zhou et al. (2022); Li et al. (2023a);
Wang et al. (2021). Temporally, lane-level prediction methods often mirror those at the road level.
McgVAE Li et al. (2024b) represents a recent effort to jointly model road- and lane-level data using
an ensemble architecture.

However, task-specific or ensemble models often struggle with cross-region transferability. While
road-level pre-trained plugin models can enhance generalization across regions, they face limitations
when applied to fine-grained tasks. In parallel, spatio-temporal transfer and meta-learning methods
such as MetaST Yao et al. (2019) and graph-transfer frameworks like TransGTR Jin et al. (2023)
mainly address cross-city adaptation with grid or region-level inputs and road-level targets, differing
from our setting in input form and target granularity. Hence, models that handle both regional and
multi-granularity data, and explicitly support road-to-lane transfer under limited fine-grained data,
are more desirable for real-world traffic management.

3 PROBLEM FORMULATION

Road Segment  Lane Segment

(a) Division of road segments
and lane segments

Road Segment Lane Segment

Road Connection Lane Connection

Lane Domain 

Road Domain 

(b) Cross-domain rela-
tionship

Figure 2: Correspondence of fine-grained traffic
network.

As shown in Figure 2(a), to more accurately
describe road segments with irregular numbers
of lanes within a road network, we define the
road network and lane network as two separate
undirected graphs: GR = (V R, ER, AR) and
GL = (V L, EL, AL). Here, the node ri ∈ VR

in GR represent the i-th road segment, while the
nodes li,j in GL denote the j-th lane segment
of the i-th road segment. The edge eri,ra ∈ ER

represents the adjacency relationship between
road segments ri and ra, and the edge eli,j ,la,b ∈
EL indicates the adjacency relationship between
lane segments li,j and la,b. AR ∈ RNR×NR

and
AL ∈ RNL×NL

are the adjacency matrices corresponding to the road and lane networks, respectively.
Additionally, NR = I and NL =

∑I
i=0 Ji, where Ji is the maximum number of lanes for the road

segment ri, representing the total number of road segments and lane segments, respectively.

Problem 1 Domain Transfer Learning. Given a set of diverse road domain data GSource =
{GR1 , ..., GRs}, where s represents the number of road domain sources, and lane domain data GL

characterized by data scarcity. In this setting, the model initially undergoes training on GSource,
leveraging knowledge from multiple road domain datasets, represented as XSource. Subsequently,
it is tasked with predicting the fine-grained lane domain GL, where GL possesses only limited
structured data available for use. Figure 2(b) illustrates the process of knowledge transfer from a
single source road domain GR to the lane domain GL.

Give a time interval t, we use xri
t to represent the average traffic state of the road segment ri at time

t, while x
li,j
t is used to denote the average traffic state of the lane segment li,j at time t. The set

XR
t = [xr1

t , xr2
t , ..., xrI

t ] is used to denote the traffic states across all road segments within a road
domain GR at time t. Similarly, the set XL

t = [x
l1,1
t , x

l1,2
t , ..., x

lI,JI
t ] represents the traffic states

across all lane segments within the lane domain GL at the same time.

Problem 2 Road-Level Traffic Prediction. Given XR of window size T , XR = {XR
1 , XR

2 , ..., XR
T },

representing the historical states of all nodes in the road domain GR over the past T time slices, the
task is to utilize multi-source road domains GSource and XSource to predict the future traffic states
for any target road domain as Ŷ R = {XR

H |H = t+ 1, . . . , t+ h}, where h denotes the number of
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prediction steps. This can be formulated as:

f [XSource, GSource, XR, GR]→ Ŷ R. (1)

Problem 3 Lane-Level Traffic Prediction. The goal of the lane-level traffic prediction task is to
leverage multi-source road domain knowledge XSource, GSource, along with few-shot lane domain
data for fine-tune, to predict future traffic states in the lane domain as Ŷ L = {XL

H |H = t+1, . . . , t+
h}. This can be formulated as:

f [XSource, GSource, XL, GL]→ Ŷ L. (2)

4 MINITRAFFIC FRAMEWORK
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Figure 3: The transfer pre-training process of MiniTraffic
and its fine-tuning process in road-level and lane-level tasks.

We present the MiniTraffic frame-
work, designed to capture fine-
grained traffic correlations and sup-
port efficient transfer across granular-
ities. Built on a unified pre-training
paradigm, it enforces spectral consis-
tency, robustness to shifts, and seman-
tic sparsity through frequency-domain
regularization, stochastic masking,
and contrastive clustering. Figure 3
shows the pipeline. Pre-training ap-
plies spectral perturbations to simu-
late lane-level variability, with patch
partitioning and masking for contex-
tual inference. Contrastive clustering then forms coherent subgraphs for localized attention. The
reduction head restores dimensionality. For downstream tasks, granularity-aware fine-tuning adapts
road-level inputs via extension and pooling, while lane-level retains spectral augmentation with
lightweight heads. This preserves shared knowledge and enables efficient adaptation for real-world
deployment, while keeping the framework lightweight and scalable.

4.1 MULTI-SOURCE PRE-TRAINING

Effective pre-training is fundamental to MiniTraffic’s cross-granularity transfer. We propose a
unified paradigm that preserves spectral consistency, enforces robustness, and induces structure-aware
sparsity through frequency-domain regularization, stochastic masking, and contrastive clustering.
Together, these mechanisms enhance representation learning and enable efficient road-to-lane transfer.

Frequency Domain Stability Augmentation. In contrast to prior methods that apply frequency
domain augmentation primarily for generic data enhancement Kim et al. (2021a); Chen et al. (2023b),
we strategically exploit the structural correlations between road-level and lane-level traffic. By
introducing task-specific constraints in the frequency domain, we facilitate effective knowledge
transfer from road to lane scale, mitigating the scarce lane-level pre-training data limitations. This
aligns with the observations in Figure 1 and is further supported by the physical connection between
roads and lanes embodied in the traffic flow conservation law Shi et al. (2021); Li et al. (2025b); we
preserve frequency stability while injecting controlled variations to simulate multi-lane patterns.

We apply a matrix-form Discrete Fourier Transform (DFT) to the road-level state XR ∈ RNR×T :

X̃R = XR · FT , with [FT ]t,f = e−j
2π(t−1)(f−1)

T . (3)

Each frequency coefficient is further decomposed into magnitude and phase components:

X̃R(f) = A(f) · ejθ(f), A(f) = |X̃R(f)|, θ(f) = arg(X̃R(f)). (4)

Next, we perturb the frequency representation to simulate multi-lane variability while preserving
spectral consistency. Each complex coefficient is decomposed as XR(f) = A(f) · ejθ(f), where
A(f) and θ(f) denote the magnitude and phase. We then inject Gaussian noise: A(f) + δA(f) and
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θ(f) + δθ(f), with δA ∼ N (0, σ2
A(f)), δθ ∼ N (0, σ2

θ(f)). restrict perturbations to informative
frequencies, we apply a spectral mask Γ(f) = I(A(f)2 > τ ·maxf ′ A(f ′)2), where τ is a learnable
parameter optimized during training. This allows the model to focus augmentation on dominant
frequency components that likely encode structural patterns. The perturbation magnitude is further
controlled by an amplitude threshold ϵ(f) = λ · maxA(f), where λ ∈ (0, 1). This ensures the
injected noise does not overly distort the signal’s spectral energy.

The augmented spectrum is thus:

X̃R
d (f) =

(
A(f) + Γ(f) · δ(d)A (f)

)
ej(θ(f)+Γ(f)·δ(d)θ (f)), d = 1, . . . , D. (5)

To ensure augmentation stability, we approximate the relative change in spectral energy as∣∣∣∥X̃R
d (f)∥22 − ∥XR(f)∥22

∣∣∣ /∥XR(f)∥22 ≲ λ2 ·
∑

f Γ(f)A(f)2∑
f A(f)2 . This ensures the global frequency

structure remains intact. Finally, the perturbed time-domain signals are recovered by inverse DFT:

X̃R
d = ℜ

(
X̃R

d (f) · F−1
T

)
, (6)

where only the real part is retained to ensure compatibility with real-valued inputs. To align the
reconstructed signals with the MiniTraffic backbone, we apply an Adaptive Head—a lightweight
MLP that projects the augmented output X̃R ∈ R(NR·D)×T into the required shape X̂R ∈ RN ′×T ′

via X̂R = MLP(X̃R). This step accommodates source heterogeneity (e.g., road count, segment
scale) and ensures temporal alignment before feeding into the unified pre-training encoder.

Random Patch Mask. Distributional shift has been shown to significantly affect the generalization
performance of prediction models Kim et al. (2021b). To mitigate such shift, we apply instance
normalization to standardize the input statistics at the segment level:

X̂R
norm =

X̂R − µ(X̂R)

σ(X̂R)
, (7)

where µ(·) and σ(·) denote the mean and standard deviation computed per sample and per chan-
nel. Following normalization, the temporal dimension of each road segment is divided into non-
overlapping patches of fixed length q, yielding a patch tensor PR ∈ RN ′×m×q, where m = T ′/q.
Each patch prin corresponds to the n-th segment of the i-th road node.

To enhance robustness and encourage contextual inference, we randomly mask a subset of patches by
applying a binary matrix M ∈ {0, 1}N ′×m. The masked patch representation is then:

prij ←Mi,j · prij , (8)
where · denotes element-wise multiplication. This procedure prevents over-reliance on specific local
segments and encourages the model to learn redundant and transferable spatio-temporal patterns.

MiniTraffic Backbone. To capture temporal dependencies and fine-grained temporal similarity
among lane-level segments, we design a contrastive clustering approach that not only reduces compu-
tational scale but also constructs semantic-driven patch graphs to preserve long-range dependencies
and spectral fidelity. The overall process consists of two stages: (1) learning patch similarity via
contrastive learning, and (2) constructing dynamic sparse graphs for graph attention propagation. To
keep the backbone lightweight, MiniTraffic operates on contrastive-clustering-based sparse semantic
subgraphs instead of a full spatio-temporal graph.

Contrastive Patch Similarity Learning. Given the normalized and patchified input PR ∈ RN ′×m×q ,
we flatten it into a set of patch embeddings {pi}N

′·m
i=1 , where each pi ∈ Rq. For each pair of visible

(unmasked) patches pi, pj , we compute the cosine similarity:

sij =
p⊤i pj
∥pi∥∥pj∥

. (9)

To optimize patch representations, we formulate the contrastive objective based on the InfoNCE
loss. Let p+i be a positive pair (e.g., same road, same time slice), and Ni be the set of negatives. The
similarity matrix is computed as:

Sij = exp
(sij

τ

)
, with temperature Υ > 0. (10)
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The contrastive objective is:

LCL = −
N ′∑
i=1

log
Si,i+∑

j∈Ni∪{i+} Si,j
. (11)

This loss encourages patches with similar temporal dynamics to have aligned representations, while
pushing apart unrelated ones.

Clustering-Based Graph Construction. Once similarity is optimized, we construct a localized graph
structure where each node corresponds to a patch embedding. For each patch pi, we identify its
k-nearest neighbors to form a sparse adjacency matrix Ã ∈ R(N ′·m)×(N ′·m):

Ãi,j =


1, if j ∈ Nk(i)

1, if i is masked and j ∈ N2k(adj(I)).

0, otherwise
(12)

Here,Nk(i) denotes the k-nearest neighbors based on learned similarity, and adj(i) refers to adjacent
(non-masked) patches. This graph is symmetric and localized, significantly reducing computational
cost compared to global spatio-temporal graphs, while still connecting patches that share similar
temporal evolution, even if they are far apart in the original time axis.

Fine-grained Graph Attention. To further refine patch representations within localized contexts, we
apply a fine-grained graph attention mechanism on the sparse graphs constructed via contrastive
clustering. Unlike traditional attention methods that operate over fully connected graphs or global
spatio-temporal matrices, our attention is constrained to patch-wise neighborhoods defined by Ã ∈
R(N ′·m)×(N ′·m), which significantly reduces computational overhead. Let pi denote the embedding
of the i-th patch, and Ni its neighbor set from Ã. For each node pair (i, j) within Ni, we compute
the attention coefficient as:

eij = LeakyReLU(a⊤[Wpi ∥Wpj ]), (13)

where W is a shared linear transformation, and ∥ denotes vector concatenation. The attention weights
are then normalized locally:

αij =
exp(eij)∑

k∈Ni
exp(eik)

. (14)

Each node aggregates its neighborhood information via a weighted sum:

p̄i = σ

∑
j∈Ni

αij ·Wpj

 , (15)

where p̄i is the updated patch representation, and σ(·) is a ReLU nonlinearity. Compared to conven-
tional full-graph GAT, our localized formulation reduces the number of attention computations from
O((N ′ ·m)2) to O(k ·N ′ ·m), where k ≪ N ′ ·m is the sparsity parameter, with k proportional
to the mask ratio ( k = 10r) to preserve context. This sparsity is task-aware, as Ã is dynamically
constructed from patch-level semantic similarity rather than fixed spatial proximity. Since neigh-
borhoods follow contrastive patch similarity, attention aggregates along similar temporal patterns,
capturing long-range dependencies without a dense spatio-temporal graph. We perform only one
round of fine-grained graph attention on each semantic subgraph, as further stacking on sparse graphs
offers limited gains while increasing latency and memory cost.

Finally, the attended patch embeddings P̄R are aggregated and decoded using a lightweight MLP to
recover the temporal structure. We apply instance-wise de-normalization to produce the final output:

Ẍ = MLP(P̄R) · σ(X̂R) + µ(X̂R). (16)

Pre-training Objective. During the pre-training phase, training is conducted through a combination
of reconstruction loss and contrastive loss:

L =
1

NR ×D

NR×D∑
i=1

(ẍri − x̂ri)2 + Lcl. (17)
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4.2 GRANULARITY-AWARE FINE-TUNING

To adapt MiniTraffic to downstream prediction tasks at different spatial granularities, we propose a
unified fine-tuning strategy that preserves pre-trained knowledge while enabling targeted adaptation.
The MiniTraffic Backbone is frozen during fine-tuning, while lightweight task-specific modules are
retrained for each granularity.

Road-Level Fine-Tuning. For road-level tasks, we replace the pre-trained Frequency Domain
Stability Augmentation (FDA) module with a simple Extension module and append a Pooling module
to restore output dimensionality. This design maintains compatibility with the pre-training interface
while avoiding unnecessary perturbations.

Given the road-level input XR ∈ RNR×T , the Extension module duplicates each road segment
representation D times along the spatial axis to match the pre-trained input structure:

X̂R = Repeat(XR, D), X̂R ∈ R(D·NR)×T . (18)

After obtaining the fine-grained outputs Y ∈ R(D·NR)×H from the Reduction Head, we perform a
structure-aware pooling operation to restore the original road-level spatial resolution. Specifically,
for each road segment ri, its final representation ŷi is computed as the average of its D repeated
embeddings along the entity axis:

ŷi =
1

D

D∑
d=1

Y(i−1)·D+d, i = 1, . . . , NR. (19)

This yields the compact prediction matrix Ŷ = [ŷ1, ŷ2, . . . , ŷNR ]⊤ ∈ RNR×H . This spatial-entity-
wise pooling serves two roles: (1) it semantically integrates redundant views of the same road entity
generated for pre-training compatibility, and (2) it enforces invariance across repeated structural
tokens, akin to a cross-view consistency constraint, so that the Extension and Pooling pair acts purely
as a structural adapter to the pre-trained backbone rather than an additional augmentation module.

Lane-Level Fine-Tuning. For lane-level tasks, the pre-trained FDA module is disabled in fine-
tuning, as its perturbation design has already modeled lane-level signal variability. In this case,
the backbone is also frozen, and only the Adaptive Head and Reduction Head are retrained on
limited lane-specific data. This fine-tuning strategy supports few-shot generalization to new lane-level
domains with a stable “pre-trained backbone and lightweight prediction head” design, in contrast to
the Extension and Pooling adapter used for road-level tasks.

5 EXPERIMENT

We pre-trained MiniTraffic using publicly available datasets for road-level prediction and fine-tuned it
with benchmark datasets for fine-grained prediction. We compared MiniTraffic with baseline models
across two granular tasks and conducted experiments to validate its performance under various
conditions. The impact of fine-tuning data ratio and cost analysis, trainable parameters vs.
performance analysis, and parameter λ study are provided in the Appendix A - F, respectively.

5.1 DATASETS AND EXPERIMENT SETUP

Datasets Description and Metrics. We used eight traffic datasets of varying granularity, with five
road-level datasets for pre-training and six mixed-granularity datasets for fine-tuning and testing.
Their descriptions and statistics are detailed in the Appendix J and K, specifically: 1)Pre-training
Datasets: METR-LA, PeMS-Bay Li et al. (2017); Chen et al. (2023a), PeMS-(Road) 1, PeMSF-
(Road), and HuaNan-(Road) Li et al. (2025a; 2024a). 2)Fine-tuning and Testing Datasets: We
conducted comparative experiments on six fine-grained traffic task datasets: PeMS-(Lane/Road),
PeMSF-(Lane/Road), and HuaNan-(Lane/Road). We used three evaluation metrics: Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE) to
assess performance.

1https://pems.dot.ca.gov/
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Table 1: Comparison on PeMS-(Lane/Road) Datasets and HuaNan-(Lane/Road) Datasets, † denotes
multi-task models, and ∗ indicates pre-trained models.

Dataset PeMS HuaNan

Tasks Horizon 3 6 12 3 6 12

Metric MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

L
an

e-
Ta

sk
Cat-RF-LSTM 7.83 10.79 82.32% 7.89 11.11 82.74% 8.38 12.02 84.31% 18.35 22.93 94.43% 18.48 23.11 94.61% 18.86 23.44 100.22%

CEEMDAN-XGBoost 7.33 10.07 75.52% 7.36 10.32 75.78% 8.01 10.62 78.12% 16.84 21.03 80.50% 16.91 21.36 79.68% 17.51 22.29 84.65%
LSTM 7.04 9.84 54.38% 7.37 10.36 56.20% 7.85 10.97 58.45% 16.87 21.51 80.18% 16.95 21.69 81.32% 17.04 21.91 81.78%
GRU 6.68 9.42 43.22% 7.07 10.00 44.63% 7.64 10.73 46.67% 16.25 20.82 72.07% 16.39 21.11 73.38% 16.43 21.13 74.04%
FDL 6.86 9.68 44.00% 7.27 10.28 45.66% 7.92 11.13 47.81% 16.52 21.19 73.20% 16.90 21.79 75.84% 16.90 21.91 76.97%

TM-CNN 4.87 7.69 23.66% 5.17 8.32 25.04% 5.97 9.58 29.30% 13.95 19.11 52.25% 14.40 19.95 57.35% 16.06 21.75 76.19%
MDL 4.35 7.09 21.78% 4.97 8.11 24.69% 5.66 9.21 29.03% 4.92 7.96 19.45% 5.97 9.19 22.22% 8.54 12.81 30.57%

CNN-LSTM 8.39 11.60 85.15% 8.52 11.74 87.63% 8.63 12.04 89.86% 12.27 17.97 62.74% 12.53 18.09 65.27% 13.52 19.09 72.50%
HGCN 4.77 7.72 24.27% 5.27 8.57 26.29% 5.98 9.72 30.24% 11.11 15.62 35.08% 11.35 15.84 36.40% 11.78 16.28 38.09%

GCN-GRU 4.75 7.72 23.59% 5.21 8.54 26.12% 6.20 9.91 32.12% 11.09 15.54 34.93% 11.39 15.91 36.66% 11.85 16.40 38.08%
ST-AFN 4.52 7.50 21.81% 5.22 8.53 26.04% 6.14 10.07 29.67% 5.21 9.38 20.31% 7.74 12.46 27.95% 9.26 14.10 31.15%
STA-ED 6.91 9.88 44.85% 7.52 10.67 47.49% 7.85 11.09 47.83% 13.69 18.54 62.90% 14.44 19.16 65.11% 15.13 19.76 67.89%
STMGG 7.00 9.19 43.18% 7.82 10.69 52.52% 7.95 11.25 56.02% 14.38 18.06 70.35% 15.21 19.22 74.51% 16.21 20.04 76.37%
ST-ABC 4.39 6.91 20.85% 4.94 7.85 25.28% 5.78 8.96 28.96% 4.90 7.63 19.59% 5.98 9.36 23.48% 8.36 12.60 30.97%

McgVAE† 4.34 6.72 20.66% 4.89 7.71 24.36% 5.50 8.92 26.20% 4.58 6.28 19.24% 5.72 8.50 22.88% 6.94 10.95 30.07%
MiniTraffic∗,† 3.51 5.96 18.32% 3.94 6.83 20.24% 5.12 7.42 24.35% 3.69 5.56 18.68% 4.11 7.76 20.81% 5.27 8.22 26.53%

R
oa

d-
Ta

sk

DCRNN 4.30 7.55 23.00% 6.18 9.93 30.66% 7.17 11.26 35.08% 6.49 9.12 23.89% 9.05 13.36 35.29% 9.78 12.25 35.01%
STGCN 4.21 8.14 22.08% 5.60 10.17 28.58% 6.79 12.36 36.48% 6.42 9.11 23.33% 8.46 12.83 30.19% 9.12 11.94 26.67%
MTGNN 3.14 5.56 13.88% 3.72 6.69 17.48% 4.69 8.20 21.82% 4.66 7.32 14.52% 5.30 7.85 16.37% 7.29 10.43 22.39%
ASTGCN 4.06 6.87 17.95% 5.22 8.74 24.92% 6.46 10.35 32.80% 5.75 8.05 19.57% 7.70 11.16 26.61% 8.99 11.25 28.18%

GraphWaveNet 3.27 5.76 14.23% 3.97 7.01 16.65% 5.20 8.98 23.86% 4.81 7.56 15.04% 6.88 11.20 21.74% 7.41 10.41 21.91%
STSGCN 3.23 5.59 14.06% 4.03 6.87 17.63% 4.88 8.45 21.86% 5.09 7.60 15.57% 7.12 10.89 21.27% 7.54 9.83 21.69%
AGCRN 3.22 5.57 14.16% 3.98 6.81 17.39% 4.87 8.40 22.13% 3.86 6.05 14.01% 6.38 10.02 22.80% 7.83 12.40 24.08%
STGODE 3.67 6.97 16.81% 5.14 9.22 26.87% 7.39 12.75 38.13% 4.91 7.39 14.94% 6.74 10.40 19.89% 7.15 9.38 20.07%

STAEformer 3.57 6.50 15.10% 4.54 7.40 19.18% 5.41 9.81 23.60% 4.40 6.57 15.46% 7.32 10.44 26.49% 8.95 13.45 26.90%
MegaCRN 3.25 6.08 16.07% 4.31 7.74 21.52% 5.33 9.52 26.36% 6.16 9.12 17.84% 8.63 13.57 25.47% 9.67 13.29 28.63%

Time-Mixer 3.25 5.62 14.30% 4.02 6.88 17.56% 4.92 8.48 22.36% 3.90 6.11 14.15% 6.45 10.12 23.03% 7.91 12.53 24.32%
iTransformer 3.15 5.46 13.89% 3.90 6.68 17.05% 4.78 8.23 21.71% 3.88 6.08 14.09% 6.42 10.08 22.93% 7.87 12.48 24.22%

FlashST∗ 3.12 5.31 12.43% 3.76 6.73 15.75% 4.65 8.11 20.57% 4.47 6.98 14.36% 5.61 7.89 15.74% 7.23 10.31 22.14%
McgVAE† 3.23 5.38 12.59% 3.70 6.68 15.60% 4.64 8.16 20.20% 3.68 5.19 12.09% 5.28 7.46 15.06% 5.52 8.19 19.95%
GPT-ST∗ 3.14 5.35 12.43% 3.72 6.71 15.72% 4.62 7.81 19.52% 4.58 7.26 14.38% 6.60 10.75 20.79% 7.10 9.99 20.95%

MiniTraffic∗,† 2.33 4.23 10.01% 3.12 4.90 11.22% 3.77 5.90 14.67% 2.71 4.26 9.89% 3.16 4.46 12.45% 4.85 7.74 17.94%

Baselines Description. We compared our model with 29 baselines, including 14 lane-level models,
12 road-level models, the only existing fine-grained multi-task model McgVAE Li et al. (2024b), and
two pre-trained plugin model FlashST Li et al. (2024d), GPT-ST Li et al. (2024e). 1)Lane-level:
Cat-RF-LSTM Zhao & Chen (2022), CEEMDAN-XGBoos Lu et al. (2020b), LSTM Graves &
Graves (2012), GRU Cho et al. (2014), FDL Gu et al. (2019), TM-CNN Ke et al. (2020), MDL Lu
et al. (2020a), CNN-LSTM Ma et al. (2020), HGCN Zhou et al. (2022), GCN-GRU Li et al. (2023a),
ST-AFN Shen et al. (2021), STA-ED Zheng et al. (2022), STMGG Wang et al. (2021), ST-ABC Li
et al. (2024a). 2)Road-level: DCRNN Li et al. (2017), STGCN Yu et al. (2017), MTGNN Wu et al.
(2020), ASTGCN Guo et al. (2019), GraphWaveNe Wu et al. (2019), STSGCN Song et al. (2020),
AGCRN Bai et al. (2020), STGODE Fang et al. (2021), STAEformer Xu et al. (2023), MegaCRN
Jiang et al. (2023), Time-Mixer Wang et al. (2024), iTransformerCui et al. (2024).

Grid-based models like TM-CNN, MDL, and CNN-LSTM cannot handle the PeMSF-Lane datasets
due to irregular lane counts, so they were only compared on the PeMS-Lane and HuaNan-Lane
datasets. Descriptions and reproduction details are provided in the Appendix L.

Experimental Setups. Experiments were conducted on a platform with an Intel Xeon CPU Max
9462 processor (2.70 GHz) and six NVIDIA A100 80GB SXM GPUs. The input window included
18 timestamps, with prediction horizons set to 3, 6, and 12 timestamps. The mask rate was 0.4, and
the patch length was 3. Training was done using the Adam optimizer, with up to 1000 iterations, and
early stopping was employed to prevent overfitting.

5.2 MAIN EXPERIMENT

We compared the fine-tuned performance of MiniTraffic with lane-level and road-level baseline
models across six datasets (PeMS-Lane, PeMS-Road, PeMSF-Lane, PeMSF-Road, HuaNan-Lane,
HuaNan-Road). The best results are in bold, and the second-best results are underlined.

Table 1 shows MiniTraffic’s performance on PeMS-Lane, PeMS-Road, HuaNan-Lane, and HuaNan-
Road. MiniTraffic significantly outperforms baseline models in lane-level prediction, reducing MAE
by 7%-24% on PeMS-Lane and by 24%-39% on HuaNan-Lane compared to the best McgVAE model.
In road-level prediction, while baseline models like FlashST, McgVAE, and GPT-ST perform well,
MiniTraffic shows significant advantages, attributed to its pre-training phase’s use of contrastive
clustering to capture critical information.

Table 2 shows the performance on PeMSF-Lane and PeMSF-Road, which have irregular lane counts.
MiniTraffic surpasses the best baseline McgVAE on PeMSF-Lane, despite slightly higher errors
compared to PeMS-Lane due to increased complexity. On PeMSF-Road, MiniTraffic achieves the best
performance, followed by GPT-ST, demonstrating that the granularity of pre-training data influences
performance preferences when predicting across domains.

8



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2026

Table 2: Comparison on PeMSF-(Lane/Road) Datasets, † denotes multi-task models, and ∗ indicates
pre-trained models.

Task Lane-Task Road-Task

Horizon 3 6 12 3 6 12

Metric MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

Cat-RF-LSTM 7.96 10.99 83.36% 7.92 11.13 83.35% 8.52 12.24 85.38% DCRNN 4.53 6.89 18.90% 5.83 8.85 24.13% 6.86 10.41 29.72%
CEEMDAN-XGBoost 7.29 9.99 74.52% 7.55 10.62 78.34% 7.97 10.53 77.09% STGCN 4.21 7.11 19.32% 5.42 9.13 24.67% 6.38 10.74 30.38%

LSTM 7.06 9.86 55.72% 7.49 10.55 55.95% 7.88 10.99 59.88% MTGNN 3.08 5.36 13.24% 3.67 6.49 16.14% 4.55 8.01 21.40%
GRU 6.71 9.49 44.57% 7.18 10.13 44.15% 7.68 10.81 48.13% ASTGCN 3.92 6.15 16.74% 5.05 7.90 21.37% 5.94 9.29 26.33%
FDL 7.03 10.03 44.97% 7.24 10.12 45.57% 8.11 11.53 48.87% GraphWaveNet 2.98 5.08 11.18% 3.70 6.04 13.01% 4.36 7.30 16.03%

HGCN 4.89 7.88 24.30% 5.25 8.57 26.56% 6.12 9.91 30.54% STSGCN 3.55 5.73 15.34% 4.57 7.36 19.59% 5.38 8.65 24.13%
GCN-GRU 4.89 8.06 24.27% 5.15 8.38 25.91% 6.39 10.34 33.04% AGCRN 3.11 5.30 13.17% 4.00 6.80 16.82% 4.71 8.00 20.72%

ST-AFN 4.73 7.79 24.25% 5.08 8.37 23.80% 6.44 10.46 33.13% STGODE 3.21 5.14 12.01% 4.14 6.60 15.34% 4.87 7.77 18.89%
STA-ED 7.21 10.35 46.98% 7.35 10.39 46.25% 8.19 11.61 50.10% STAEformer 3.38 6.07 13.77% 4.47 7.25 18.19% 5.13 9.16 21.65%
STMGG 7.06 9.17 43.68% 7.91 10.93 52.96% 8.02 11.22 56.67% MegaCRN 3.82 6.44 16.47% 4.92 8.26 21.03% 5.79 9.72 25.90%

ST-ABC 4.80 6.95 25.54% 5.02 7.72 33.21% 6.08 9.54 30.14% Time-Mixer 3.08 5.25 13.04% 3.96 6.74 16.65% 4.66 7.92 20.51%
iTransformer 3.02 5.15 12.80% 3.89 6.61 16.35% 4.58 7.78 20.14%

McgVAE† 4.42 6.92 23.35% 4.40 7.62 22.52% 5.97 8.40 29.51%
FlashST∗ 2.96 5.13 13.10% 3.61 6.11 14.64% 4.52 7.92 19.16%
McgVAE† 2.96 5.04 10.22% 3.58 6.03 12.32% 4.24 7.26 15.94%

MiniTraffic∗,† 3.52 5.99 19.30% 4.15 7.07 21.49% 5.38 7.89 26.68%
GPT-ST∗ 2.87 4.98 10.16% 3.56 5.92 12.28% 4.20 7.16 15.53%

MiniTraffic∗,† 2.46 4.32 9.71% 3.17 5.21 11.76% 3.89 5.92 14.99%

5.3 PRE-TRAINING STRATEGIES STUDY

Table 3: Influence of Pre-training Strategies

D
om

ai
n

PeMS-Lane HuaNan-Lane PeMSF-Lane

Horizon MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

3 3.31 5.47 18.03% 3.48 5.10 18.39% 3.11 5.27 18.21%
6 3.71 6.27 19.92% 3.87 7.12 20.47% 3.66 6.22 20.28%
12 4.82 6.81 23.96% 4.96 7.54 26.11% 4.75 6.94 25.18%

In
di

vi
du

al

PeMS-Lane HuaNan-Road PeMSF-Road

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

3 4.33 7.15 23.54% 3.55 7.33 12.65% 3.08 5.60 12.79%
6 4.85 8.20 26.01% 4.14 7.69 15.93% 3.97 6.77 15.49%
12 6.31 8.91 31.29% 6.35 13.34 22.96% 4.87 7.69 19.74%

To investigate how different pre-training data sources
affect the performance of MiniTraffic, we compared
MiniTraffic’s performance under two pre-training
mechanisms: one using lane-level data sources for
pre-training and the other using a single dataset. Ta-
ble 3 shows that pre-training with lane-level data im-
proves performance on PeMS-Lane, HuaNan-Lane,
and PeMSF-Lane. This suggests that pre-training on extensive lane-level data can facilitate the learn-
ing of lane-level patterns, thereby enhancing accuracy. Conversely, pre-training with a single dataset
results in poorer performance, especially on road-level datasets like HuaNan-Road and PeMSF-Road,
highlighting the importance of multi-source pre-training.

5.4 ABLATION STUDY

Table 4: Ablation Study
Variants Datasets PeMSF-Lane HuaNan-Lane HuaNan-Road

A
ug

m
en

-

-t
at

io
n

Metrics w/o original w/o original w/o original

MAE 4.64 4.15 4.48 4.11 3.26 3.16
RMSE 7.88 7.07 8.46 7.76 4.61 4.46
MAPE 23.75% 21.49% 22.68% 20.81% 12.85% 12.45%

Variants Datasets PeMS-Road PeMSF-Road HuaNan-Road

E
xt

en
si

on

&
Po

ol
in

g Metrics w/o original w/o original w/o original

MAE 3.40 3.12 3.44 3.17 3.44 3.16
RMSE 5.36 4.90 5.65 5.21 5.75 4.46
MAPE 12.29% 11.22% 12.76% 11.76% 13.53% 12.45%

Variants Datasets PeMS-Lane PeMSF-Lane HuaNan-Road

C
on

tr
as

tiv
e

C
lu

st
er

in
g Metrics r/p original r/p original r/p original

MAE 4.93 3.94 5.11 4.15 3.23 3.16
RMSE 8.54 6.83 8.67 7.07 4.56 4.46
MAPE 25.30% 20.24% 26.13% 21.49% 12.75% 12.45%

We conducted ablation experiments by remov-
ing the Frequency Domain Stability Augmen-
tation during pre-training, the Extension and
Pooling modules during road-level fine-tuning,
and replacing Contrastive Clustering (CC) with
Full Graph Attention. Table 4 shows that
removing FDA significantly decreases accu-
racy on PeMSF-Lane and HuaNan-Lane (MAE
+9%–11%), with errors also increasing on
HuaNan-Road, indicating road-level prediction
benefits from this augmentation. Eliminating
Extension and Pooling likewise raises errors, es-
pecially on HuaNan-Road, likely due to insufficient expansion reducing similarity among positive
pairs. Further, removing CC degrades lane-level performance (e.g., PeMSF-Lane MAE 4.15→5.11,
MAPE +4.6%) and increases parameters from 119K to 820K, confirming CC both preserves expres-
siveness and compresses computation.

5.5 PARAMETER EXPERIMENT

Table 5: Influence of Mask Ratio
Mask PeMSF-Lane HuaNan-Lane HuaNan-Road

Ratio MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

10% 4.60 7.93 24.19% 4.56 8.71 23.43% 3.51 5.01 14.01%
20% 4.23 7.19 22.32% 4.21 7.91 21.62% 3.25 4.55 12.93%
30% 4.19 7.11 22.10% 4.18 7.84 21.41% 3.22 4.52 12.80%
40% 4.15 7.07 21.49% 4.11 7.76 20.81% 3.16 4.46 12.45%
50% 4.21 7.14 22.25% 4.17 7.83 21.55% 3.20 4.50 12.89%
60% 4.32 7.34 22.95% 4.26 8.04 22.23% 3.27 4.61 13.29%

We compared the impact of the patch mask rate
during pre-training on subsequent fine-tuning
and prediction across PeMSF-Lane, HuaNan-
Lane, PeMSF-Road, and HuaNan-Road datasets.
Table 5 shows that the mask rate significantly
affects prediction performance. The best pre-
training results were achieved with a 40% mask rate, resulting in the lowest prediction errors.
Deviations from 40% increased prediction errors, as an appropriate mask rate enhances generalization
by increasing reconstruction difficulty. Too low or too high mask rates reduce this effect. These
experimental results demonstrate that selecting an appropriate mask rate is crucial for improving the
performance of the MiniTraffic model in both pre-training and downstream tasks.
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5.6 PRE-TRAINING AND IMPUTATION TASK
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Figure 4: Reconstruction and imputation perfor-
mance.

Figures 4(a) and 4(b) demonstrate MiniTraf-
fic’s reconstruction capability on the PeMS-
Road and HuaNan-Road datasets after pre-
training by reconstructing real values masked
randomly. The results indicate that MiniTraffic
exhibits excellent reconstruction performance
on non-masked patches and can effectively
model masked patches. We extend this recon-
struction ability to the imputation task. Figures
4(c) and 4(d) show that when faced with miss-
ing values, pre-trained MiniTraffic also excels in
reconstructing the missing patches. This demon-
strates that MiniTraffic not only performs well
during the pre-training phase but also effectively
applies its reconstruction ability to practical im-
putation tasks.

5.7 LANE-TO-ROAD RELATIONSHIP AND FUTURE DISCUSSION

Table 6: Comparison between the Lane (Mean) for
Road and direct road-level prediction.

Tasks Lane(Mean) for Road Road

Datasets MAE RMSE MAPE MAE RMSE MAPE

PeMS 3.81 6.19 15.74% 3.12 4.90 11.22%
HuaNan 3.90 6.16 16.90% 3.16 4.46 12.45%
PeMSF 3.91 6.52 16.60% 3.17 5.21 11.76%

We observe a natural compositional relationship
between lane-level and road-level traffic: a road
is formed by its constituent lanes. This raises
a natural question: can we simply average the
predicted future speeds of all lanes on a road
and treat this as the road’s future speed? To
explore this, we use MiniTraffic to obtain lane-
level predictions with a horizon of 6 on three datasets, aggregate the corresponding J lanes by
averaging, and compare the resulting series with the road-level ground truth; the errors are reported in
Table 6. Across all three datasets, the Lanes (Mean) for Road baseline consistently yields higher errors
than direct road-level modeling. This suggests that naive averaging introduces error accumulation
from individual lanes and requires much stricter spatio-temporal alignment and imputation between
lanes and roads, effectively demanding high accuracy on every lane. A unified multi-granularity
framework that first achieves accurate lane-level modeling and then reconstructs road-level states
is therefore a promising research direction, but under the current setting, simple averaging is still
insufficient to replace dedicated road-level prediction.

6 CONCLUSION AND FUTURE WORK

We frame the unified prediction of roads and lanes as a fine-grained traffic prediction problem
and introduce MiniTraffic, the first lightweight model specifically designed for this task via road-
level pre-training. MiniTraffic employs efficient strategies such as Frequency Domain Stability
Augmentation and Contrastive Clustering Graph Partitioning to leverage abundant road-level data
and mitigate the scarcity of lane-level annotations. These mechanisms enhance transferability while
significantly reducing parameter overhead, enabling deployment in resource-constrained scenarios.
Through granularity-aware fine-tuning, the model supports efficient multi-level adaptation with low
training cost. Future work may explore applying this framework to broader downstream tasks such as
lane-change intention prediction and traffic signal optimization, as well as integrating fine-grained
forecasting into large-scale foundation models to enhance their spatio-temporal reasoning capabilities.

7 LIMITATIONS

Due to the cost and time required for large-scale lane-level data collection, the performance of
MiniTraffic has not yet been validated for city-scale lane-level traffic prediction. MiniTraffic is
mainly designed for regional fine-grained prediction scenarios, and fully extending it to ultra-large,
highly heterogeneous lane-level systems will require further work on data acquisition, calibration of
road–lane correspondences, and deep integration with existing traffic management systems.
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ETHICS STATEMENT

This paper proposes a lightweight pre-training framework, MiniTraffic, to improve the efficiency and
scalability of fine-grained traffic prediction tasks. By leveraging abundant road-level data for pre-
training and transferring knowledge to lane-level tasks, our work has the potential to facilitate smarter
urban traffic management and contribute to mitigating congestion and reducing energy consumption.
We identify no direct ethical concerns or societal risks associated with this research.

REPRODUCIBILITY STATEMENT

We provide a detailed description of the overall experimental setup in the section on experimental
settings, with specific configurations reported in each sub-experiment. In addition, we release
the complete deployment environment, together with MiniTraffic-related code, datasets, and pre-
trained models, at the anonymous repository: https://anonymous.4open.science/r/
MiniTraffic-ICLR26/, to ensure full reproducibility of our results.
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A IMPACT OF FINE-TUNING DATA RATIO

To assess the few-shot generalization capability of MiniTraffic, we conduct fine-tuning experiments
using different proportions of lane-level data—10%, 30%, and 60%—with a fixed prediction horizon
of h = 6. Figure 5 shows the model’s performance across three benchmark datasets: PeMS-Lane,
HuaNan-Lane, and PeMSF-Lane.

Across all datasets, MiniTraffic demonstrates a consistent performance improvement as the amount of
fine-tuning data increases. Importantly, the model achieves reasonable accuracy even when only 10%
of labeled data is available, underscoring its ability to effectively transfer knowledge from road-level
pre-training to lane-level prediction.

Specifically, on the PeMS-Lane dataset, the MAE decreases from 4.75 at 10% data to 3.94 at 60%;
on HuaNan-Lane, from 4.93 to 4.11; and on PeMSF-Lane, from 4.98 to 4.15. This robustness under
low-data regimes confirms MiniTraffic’s practicality for real-world applications where lane-level
annotations are scarce. The results validate the framework’s few-shot adaptability and its effectiveness
for fine-grained traffic prediction with minimal supervision.
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Figure 5: Performance comparison under different data ratios on h = 6 for three datasets.

B COST ANALYSIS

B.1 TRAINING AND INFERENCE COST ANALYSIS

One of the core design goals of MiniTraffic is to remain lightweight with a small parameter scale,
making it adaptable to resource-constrained scenarios for multi-granularity traffic prediction tasks. To
further validate this objective, we conducted additional comparisons of training and inference costs
on the PeMS-(Road/Lane) datasets (horizon=6), as shown in Figure 6. It is important to clarify that
for models involving a pre-training phase (MiniTraffic, GPT-ST, FlashST), the reported “Training
Cost” is measured during pre-training, while “Inference Cost” is measured during the fine-tuning
phase. FLOPs are calculated under the same principle: for lane-level tasks, FLOPs are measured in
the fine-tuning stage, while for road-level tasks, they are measured in the pre-training stage.

The results show that MiniTraffic significantly reduces both training and inference overhead while
maintaining predictive accuracy. In lane-level tasks, MiniTraffic’s FLOPs during fine-tuning are
substantially reduced compared to pre-training, and its inference latency is lower than most task-
specific models, demonstrating high efficiency in small-scale and dynamic scenarios. In road-level
tasks, MiniTraffic achieves much lower training and inference costs than large-scale pre-training
models such as GPT-ST, with inference latency reduced by over 40% and FLOPs reduced by about
85%. These findings confirm that the frequency-domain augmentation and contrastive clustering
modules not only improve predictive performance but also make MiniTraffic highly practical for
deployment in resource-limited environments.

B.2 FINE-TUNING COST ANALYSIS

To further demonstrate the lightweight nature of MiniTraffic, we report both the parameter size (in
thousands) and the iteration-level fine-tuning time (in 10−2 seconds) under the prediction horizon
h = 6. Table 7 summarizes the results across road- and lane-level tasks for the PeMS-(Road/Lane),
HuaNan-(Road/Lane), and PeMSF-(Road/Lane) datasets. MiniTraffic demonstrates consistently
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Figure 6: Comparison of Training and Inference Costs between Task-Specific Models and MiniTraffic.

low parameter overhead and rapid fine-tuning convergence across all datasets. Notably, even the
lane-level variants—which are inherently more complex—require no more than 16.3k parameters
and under 2 ×10−2 seconds per iteration for fine-tuning.

Table 7: Parameter size and fine-tuning time per
iteration at h = 6.

Datasets PeMS HuaNan PeMSF
Task Road Lane Road Lane Road Lane

Para (k) 1.8 9.1 4.1 16.3 1.8 9.8
Cost (10−2s/itr) 0.5 1.6 1.1 1.9 0.5 1.7

This compact design is particularly advanta-
geous for real-world deployment, especially on
edge devices where memory and computational
resources are limited. Beyond edge scenarios,
such efficiency enables broader scalability, re-
duced energy consumption, and faster adapta-
tion in dynamic traffic environments, reinforcing
MiniTraffic’s practicality in diverse applications.

B.3 SCALABILITY ON LARGE-SCALE ROAD NETWORKS

Although our lane-level experiments mainly target regional scenarios (e.g., signal control and tidal-
lane management), it is also important to assess whether MiniTraffic can be reliably trained on
large-scale road networks and to quantify its computational cost. To this end, we pre-train MiniTraffic
on a city-scale dataset, the GBA subset of LargeST Liu et al. (2023), which contains 2,352 sensors,
and log the corresponding training resource usage. On the LargeST-GBA dataset, the measured
training cost is summarized in Table 8.

Table 8: Training cost on the GBA dataset.
Training Cost (1e-2 s/iter) FLOPs (G) Param (k)

4.47 4.51 237k

These results show that, even when the number
of nodes increases substantially, MiniTraffic can
still be trained with low per-iteration time and
a modest parameter count, which is consistent
with our design goal of being both lightweight
and scalable.

C ANALYSIS OF TRAINABLE PARAMETER VS. PERFORMANCE

We conducted a comparative analysis of the performance of task-specific models and pre-trained
models (FlashST, GPT-ST and MiniTraffic) under the main experimental conditions, focusing on their
trainable parameter count and prediction error (MAE) on the PeMS-(Road/Lane) datasets (horizon=6).
It is important to note that comparing parameter counts during the fine-tuning phase is not entirely
fair for task-specific models; therefore, we emphasize the parameter scale and performance during the
pre-training phase. As shown in Figures 7, MiniTraffic is referred to as a ”mini pre-trained model”
because its trainable parameter count during the pre-training phase is only 119k, even lower than most
task-specific models. In comparison, only shallow neural networks (such as LSTM and GRU) and the
fully convolutional STGCN have fewer parameters, yet their prediction performance is significantly
inferior to MiniTraffic. This demonstrates that MiniTraffic effectively reduces the computational
overhead of traditional graph attention mechanisms and minimizes model size through contrastive
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Figure 7: Comparison of Trainable Parameters between Task-Specific Models and MiniTraffic.

clustering and fine-grained graph attention. Additionally, this design enables the establishment of
correlations between road and lane information, facilitating efficient modeling of multi-granularity
traffic data.

This design not only significantly reduces computational resource requirements but also ensures
efficient performance in resource- and data-constrained environments, fully showcasing MiniTraffic’s
strong advantages in practical traffic prediction tasks.

D LONG-HORIZON PREDICTION ANALYSIS
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(a) Long-horizon prediction on PeMS-Lane.
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(b) Long-horizon prediction on HuaNan-Lane.

Figure 8: Long-horizon results.

Although lane-level traffic exhibits strong short-term vari-
ability, most existing studies focus primarily on short-term
forecasting. To evaluate the performance of MiniTraffic
in medium- and long-horizon scenarios, we analyze how
its prediction errors accumulate as the forecast horizon
increases on the PeMS-Lane and HuaNan-Lane datasets.

As shown in Figure 8, when the prediction horizon grad-
ually extends from 3, 6, and 12 steps to 24 and 48 steps,
the errors increase monotonically with the horizon. Still,
the growth is relatively smooth and does not exhibit error
explosion or obvious divergence. This indicates that in
long-horizon settings, MiniTraffic maintains a relatively
stable and progressive degradation pattern, rather than
suffering from uncontrolled drift.

E CROSS-CITY TRANSFER ANALYSIS

In Section 5.3, we evaluated how different pre-training strategies affect the fine-tuning performance of
MiniTraffic, and observed that pre-training on a single dataset weakens the generalization benefit of
pre-training. To further examine cross-city transferability and better characterize the migration ability
of MiniTraffic, we additionally conduct cross-city experiments on PeMS-Lane. Specifically, we
consider two settings under a forecasting horizon of 3, 6, 12 reported in Table 9): (i) a same-domain
but cross-city setting, where MiniTraffic is pre-trained on the HuaNan-Lane dataset and then fine-
tuned on PeMS-Lane (HuaNan-Lane→ PeMS-Lane), and (ii) a cross-domain and cross-city setting,
where MiniTraffic is pre-trained on the HuaNan-Road dataset and then fine-tuned on PeMS-Lane
(HuaNan-Road→ PeMS-Lane).

As shown in Table 9, both cross-city transfer configurations (lane→ lane and road→ lane) exhibit a
noticeable increase in MAE/RMSE/MAPE compared with the within-city pre-train–fine-tune setting
on PeMS-Lane, reflecting the distribution shift in traffic patterns and spectral structures across
different cities. At the same time, the HuaNan-Lane→ PeMS-Lane setting consistently outperforms
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HuaNan-Road→ PeMS-Lane across all horizons, indicating that maintaining the same granularity
(lane-level) and closer statistical properties between the source and target domains is beneficial for
cross-city transfer performance.

Table 9: Comparison of cross-city and cross-domain predction performance
Transfer HuaNan-Lane to PeMS-Lane HuaNan-Road to PeMS-Lane

Horizon MAE RMSE MAPE MAE RMSE MAPE

3 4.53 7.48 24.65% 4.90 8.08 26.61%
6 5.08 8.57 27.24% 5.48 9.26 29.40%

12 6.59 9.32 32.75% 7.13 10.07 35.36%

F SUPPLEMENTARY ANALYSIS OF THE FDA MODULE

In the MiniTraffic model, the FDA module plays a key role by applying frequency domain pertur-
bations to temporal data, simulating multi-lane traffic characteristics, and enhancing the model’s
performance on fine-grained traffic prediction tasks. The following analysis delves into the working
principles of the FDA module, exploring aspects such as frequency domain transformation, noise
constraints, and the impact of perturbations on model performance. We also provide mathematical
derivations and theoretical proofs to clarify how this module contributes to improving the model’s
generalization capability.

F.1 FREQUENCY DOMAIN TRANSFORMATION AND ITS RELATION TO TEMPORAL FEATURES

The FDA module first projects road-level traffic signals from the time domain into the frequency
domain using the DFT. We adopt a matrix form of DFT for efficient computation and compatibility
with batched traffic data:

X̃R = XR · FT , where [FT ]t,f = e−j
2π(t−1)(f−1)

T , XR ∈ RNR×T . (20)

Each transformed sequence X̃R(f) can be decomposed as A(f)ejθ(f), where A(f) captures the
power spectrum and θ(f) encodes phase alignment. This representation allows the model to analyze
temporal patterns from a frequency-centric perspective:

• Low-frequency components (f ≈ 0) retain long-term trends and stable flows.
• High-frequency components are sensitive to short-term fluctuations and localized dynamics

(e.g., traffic bursts, signal switching).

Importantly, perturbing selective frequency bands allows us to inject diversity without altering global
trends. For example, modifying only high-frequency magnitude minimally changes the long-range
mean pattern in the original time domain. The Fourier basis ensures orthogonality, so localized
changes do not diffuse across components—this is essential for preserving structural consistency
while introducing variation.

F.2 SIMULATING MULTI-LANE DATA VARIABILITY: FREQUENCY DOMAIN PERTURBATIONS

Once the signal is mapped into the frequency domain, the FDA module introduces structured
perturbations to mimic lane-level variability. This is grounded in the observation that while different
lanes may follow similar global patterns (e.g., overall traffic trend), they exhibit subtle differences in
local intensity and phase.

To capture such fine-grained diversity, we model perturbations on both the magnitude and phase of
each frequency component:

X̃R(f) = (A(f) + δA(f)) · ej(θ(f)+δθ(f)), (21)

where δA(f) ∼ N (0, σ2
A(f)), δθ(f) ∼ N (0, σ2

θ(f)) introduce stochastic diversity.
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However, not all frequencies are equally informative or safe to perturb. We introduce two principled
constraints:

(1) Amplitude constraint: |δA(f)| ≤ ϵ(f) = λ ·maxA(f) ensures that the perturbation magnitude
is proportional to signal strength and bounded by a controllable hyperparameter λ ∈ (0, 1).

(2) Selective masking: We construct a binary frequency mask Γ(f) = I(A(f)2 > τ ·maxA(f)2)
to restrict perturbation to the most informative bands. Here, τ is a learnable parameter that adapts to
dataset-specific spectral patterns.

The resulting constrained perturbation becomes:

X̃R(f) = (A(f) + Γ(f) · δA(f)) · ej(θ(f)+Γ(f)·δθ(f)). (22)

This design offers several advantages:

Lane-awareness: Different frequency bands encode different lane-scale dynamics; perturbing them
independently can simulate real lane divergence.

Lane Transferability: Since road-level data is abundant and lane-level data scarce, this frequency-
level augmentation creates pseudo-lane variations without needing real lane annotations.

Lane Controllability: The explicit formulation allows systematic control over the extent of augmen-
tation, balancing between stability and expressiveness.

To ensure stability, we analyze the relative energy shift between perturbed and original signals:∣∣∣∣∣∥X̃R(f)∥22 − ∥XR(f)∥22
∥XR(f)∥22

∣∣∣∣∣ ≲ λ2 ·
∑

f Γ(f)A(f)2∑
f A(f)2

. (23)

This bound, derived from Parseval’s identity and the perturbation structure, ensures that global
spectral energy remains nearly invariant.

Finally, the signal is reconstructed into the time domain using the inverse DFT:

X̃R = ℜ(X̃R(f) · F−1
T ). (24)

This real-valued output retains the original temporal format while embedding frequency-induced
variations that emulate lane-level dynamics.

F.3 PROPERTIES AND EMPIRICAL IMPACT OF NOISE CONSTRAINTS

The frequency-domain perturbation strategy is regulated by two core constraints:

• Amplitude Constraint: |δA(f)| ≤ ϵ(f) = λ ·maxA(f), with λ ∈ (0, 1).

• Frequency Masking: Γ(f) = I(A(f)2 > τ ·maxA(f)2), with τ learnable.

These constraints prevent over-distortion of the input while still introducing structured variation. The
relative energy stability constraint ensures that the global shape of the signal remains intact, even
under perturbation.

Theoretical Motivation. To further support our design, we draw upon the generalization error
bound from statistical learning theory:

Etest[L(f)] ≤ Etrain[L(f)] +O
(

1√
D

)
, (25)

where D is data diversity. Moderate perturbations in the frequency domain increase diversity
and improve generalization. However, overly strong noise—i.e., large ϵ—can break the structural
correspondence between road- and lane-level signals, reducing data fidelity and increasing training
error. This trade-off motivates our introduction of task-specific amplitude and frequency constraints.
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Role of λ. The amplitude threshold ϵ(f) is dynamically scaled using a coefficient λ, defined as:

ϵ(f) = λ ·maxA(f). (26)

To assess the sensitivity of MiniTraffic to the choice of λ, we conducted lane-level experiments
using two ranges: λ ∈ (0, 1) and λ ∈ (1, 2). This empirically confirms the importance of keeping
noise strength within a bounded and meaningful interval. As shown in Table 10, exceeding the ideal
perturbation strength leads to performance drop, especially in RMSE and MAPE. We also observe
that HuaNan-Lane is the most sensitive to larger λ, while PeMS-Lane and PeMSF-Lane exhibit
similar but slightly milder degradation, indicating that FDA is robust across datasets as long as λ
stays within a moderate range. These results validate our theoretical assumption and support the
practical choice of λ ∈ (0, 1) for stable and effective augmentation in fine-grained traffic prediction.

Table 10: Effect of λ on lane-level prediction performance.
λ λ ∈ (0, 1) λ ∈ (1, 2)

Metrics MAE RMSE MAPE MAE RMSE MAPE

PeMS-Lane 3.98 6.90 20.44% 4.91 9.11 25.02%
HuaNan-Lane 4.10 7.75 20.63% 5.42 10.23 27.23%
PeMSF-Lane 4.16 7.34 21.88% 5.19 9.29 26.88%

F.4 IMPACT OF PERTURBATIONS ON MODEL GENERALIZATION PERFORMANCE

Controlled perturbations serve as a form of implicit data regularization. From the perspective of sta-
tistical learning theory, introducing label-preserving variations improves the expected generalization
performance by increasing the effective coverage of the hypothesis space.

Formally, let F be the model class, and Rn(F) its empirical Rademacher complexity. Then the
expected generalization error admits the upper bound:

Etest[L(f)] ≤ Etrain[L(f)] +Rn(F) +O
(

1√
n

)
. (27)

The FDA module expands the training support through structured augmentation, effectively increasing
the number of distinct yet semantically consistent instances. In turn, this reduces the empirical
complexityRn(F), leading to tighter generalization bounds.

In our case, frequency domain perturbations introduce fine-grained, low-energy distortions aligned
with the signal manifold, enabling better coverage of the variation space without label noise. This
aligns with the intuition that E ∝ 1/

√
D, where D denotes the effective sample diversity.

Moreover, since the perturbation is bounded (via λ) and targeted (via Γ(f)), the augmented samples
remain within a Lipschitz-bounded neighborhood of the original signal manifold. This local consis-
tency ensures that the model does not overfit to synthetic artifacts but instead generalizes through
smooth expansion of the learning domain.

F.5 IMPACT OF NOISE CONSTRAINTS ON THE EFFECTIVENESS OF THE GENERATED DATA

The amplitude constraint λ and frequency mask threshold τ jointly regulate the perturbation’s strength
and locality. These parameters directly influence the trade-off between expressiveness and stability.

When λ is too large, the magnitude perturbation δA(f) can alter the signal’s spectral identity, pushing
the augmented sample outside the smooth generalization region. Conversely, too small a λ yields
negligible diversity. Thus, moderate settings ensure that perturbations expand the hypothesis support
without causing label inconsistency or signal collapse.

Similarly, the frequency mask Γ(f) adapts the augmentation scope based on energy concentration.
Too low a threshold τ over-expands Γ(f), introducing random high-frequency noise. A well-
calibrated τ focuses perturbation on dominant harmonics, enhancing semantically aligned variation.

Together, (λ, τ ) serve as spectral-domain analogues of spatial augmentation strength and region
selection in image tasks, offering a tunable balance between model regularization and input fidelity.
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G THEORETICAL EXPRESSIVE POWER OF SMALL-SCALE GRAPH
STRUCTURES

In the research of graph neural networks, the expressive power of a model is often closely related
to its flexibility and accuracy in handling graph structures. While global graph structures can fully
capture all relationships between nodes, their high time complexity and memory requirements
pose limitations for practical applications. To address this issue, MiniTraffic introduces small-
scale graph structures by partitioning the global graph into several subgraphs using contrastive
clustering, significantly reducing computational cost. However, this raises a fundamental question:
can small-scale graphs approximate or achieve equivalence to global graph structures in terms of node
relationship representation? This section discusses the expressive power of small-scale graphs through
theoretical analysis and mathematical derivation, examining both graph representational capacity and
computational complexity, verifying that small-scale graphs maintain expressive capability while
improving computational efficiency.

G.1 ANALYSIS OF GRAPH REPRESENTATIONAL CAPACITY

Small-scale graph structures decompose the global graph into several smaller graphs. By using
contrastive clustering to group similar nodes, they build local adjacency matrices. Whether this
design is equivalent to or closely approximates the global graph structure in terms of node relationship
representation can be analyzed through the following derivation.

Let the global graph’s node set be denoted as V , edge set as E , and adjacency matrix as A ∈ RN×N ,
where N = |V|. Small-scale graphs use contrastive clustering to group similar nodes, with each
group forming a subgraph Vi, whose adjacency matrix is Ai ∈ R|Vi|×|Vi|, satisfying the following
property:

Ai[u, v] = A[u, v], ∀u, v ∈ Vi. (28)

The expressive power of small-scale graph structures can be analyzed by examining the eigenvalues
of their Laplacian matrices. The normalized Laplacian matrix of the global graph is:

L = I−D−1/2AD−1/2, (29)

where D is the degree matrix. For subgraph Vi, its Laplacian matrix is:

Li = Ii −D
−1/2
i AiD

−1/2
i . (30)

If the edge weights between subgraphs are small, i.e., the boundary nodes generated by contrastive
clustering are highly independent, the spectral properties of the global graph can be approximated
by the spectral properties of the subgraphs. By spectral decomposition, let L have eigenvalues
{λ1, λ2, . . . , λN} and Li have eigenvalues {λi

1, λ
i
2, . . . , λ

i
|Vi|}, we have:⋃

i

{λi
1, λ

i
2, . . . , λ

i
|Vi|} ≈ {λ1, λ2, . . . , λN}. (31)

Thus, the spectral expressive power of small-scale graphs approximates that of the global graph,
ensuring the model’s representational capability.

G.2 THEORETICAL TRADE-OFF BETWEEN COMPUTATIONAL COMPLEXITY AND
EFFECTIVENESS

By comparing the computational complexity of global graphs and small-scale graphs, we can quantify
the reduction in time complexity and potential precision loss.

Computational Complexity of Global Graph:When applying graph attention mechanisms to the
global graph, the time complexity is:

O(N2d), (32)

where d is the feature dimension.
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Computational Complexity of Small-Scale Graph:For each subgraph Vi, suppose the number of
nodes in the subgraph is ni. The time complexity of the small-scale graph is:

O

(
k∑

i=1

n2
i d

)
, (33)

where k is the number of subgraphs, satisfying
∑k

i=1 ni = N . When each subgraph is small,
ni ≪ N , the computational complexity is significantly reduced.

By optimizing the subgraph partition through clustering methods, ensuring that each ni is close to
the average N

k , the computational complexity further simplifies to:

O

(
k ·
(
N

k

)2

· d

)
= O

(
N2d

k

)
, (34)

which shows a k-fold reduction in time complexity compared to the global graph.

G.3 PRACTICAL EFFICIENCY AND PRECISION LOSS

In practical tasks, precision loss can be quantified by the difference between the adjacency matrix of
the global graph A and that of the small-scale graph A∗:

∆ = ∥A−A∗∥F , (35)

where ∥ · ∥F denotes the Frobenius norm. Experimental validation shows that ∆ is primarily
determined by the similarity measure of contrastive clustering and the choice of k. With an appropriate
choice of k and clustering strategy, ∆ can be maintained within a small range, thus significantly
reducing computational complexity while preserving the model’s predictive accuracy.

In summary, the small-scale graph structure effectively reduces computational complexity through
local graph construction. Theoretical analysis shows that its expressive power in the spectral domain
approximates that of the global graph, and experimental results verify that it achieves a good balance
between computational efficiency and precision loss.

H COMPLEXITY ANALYSIS

MiniTraffic, as a lightweight pre-trained model, employs various strategies in its design to minimize
both time and space complexity.

H.1 TIME COMPLEXITY ANALYSIS

1. Pre-training Stage:

a. Frequency Domain Stability Augmentation (FDA): The FDA is implemented via the Fast Fourier
Transform (FFT), with a time complexity of O(T log T ), where T is the length of the time series.
This reduces the computational load compared to traditional models.

b. Contrastive Clustering and Adjacency Matrix Generation: For k small-scale subgraphs with feature
dimension d, calculating cosine similarities has a time complexity of O(k2d). However, by retaining
only the most similar m neighbors for each subgraph, the storage and computation of the adjacency
matrix are significantly reduced.

c. Graph Attention Convolution: The time complexity for graph attention is O(N2d), where N is the
number of nodes in the global graph. In MiniTraffic, each small-scale graph has fewer nodes (ni),
reducing the time complexity to O(n2

i d), thus cutting down computational costs.

2. Fine-tuning Stage: Fine-tuning only updates specific parameters (e.g., Adaptive Head, Reduction
Head), reducing the time complexity to O(T ), where T is the size of the training dataset. This
significantly shortens training time compared to full training.
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H.2 SPACE COMPLEXITY ANALYSIS

1. Model Parameters: MiniTraffic has only 119k parameters, much lower than many other pre-
trained models, leading to reduced memory and GPU usage.

2. Sparse Adjacency Matrix: Unlike traditional dense adjacency matrices, MiniTraffic uses sparse
matrices generated via contrastive clustering. The space complexity of the adjacency matrix is
reduced from N2 (in traditional models) to n2

i , further optimized by retaining only the most similar
neighbors.

3. Graph Convolution Operation: MiniTraffic uses sparse graph structures, reducing space
complexity from O(N2) (in traditional models) to O(n2

i ), significantly decreasing storage and
computation needs.

By leveraging fine-grained graph attention, efficient contrastive clustering, and a pre-training-fine-
tuning strategy, MiniTraffic reduces both computational and memory requirements while maintaining
strong prediction performance. Its lightweight design makes it ideal for fine-grained traffic prediction
tasks, especially in resource-constrained environments.

Algorithm 1 Pretraining Procedure of MiniTraffic
Input: Road-level dataset XR, initialized model Mpre
Output: Pre-trained model Mpre

Load road-level dataset XR;
Initialize MiniTraffic with FDA, contrastive clustering, patch graph attention, and reduction modules;
for epoch = 1 to Epretrain do

for batch in XR do
Apply frequency domain augmentation: X̃R = FDA(batch);
Normalize and patchify: PR = PatchMask(X̃R);
Compute patch similarities: S = CosineSim(PR);
Generate graph: Ã = Adjacency(KNN(S));
Compute attention scores eij over Ã;
Normalize with softmax: αij =

exp(eij)∑
k∈Ni

exp(eik)
;

Aggregate: p̄i =
∑

j∈Ni
αij ·Wpj , form P̄R

Reconstruct signal: Ŷ = Reduce(P̄R, X̂R);
Compute reconstruction loss: Lrec =

1
|PR|

∑
i ∥Ŷi − X̂R

i ∥2

Compute contrastive loss: LCL = −
∑

i log
exp(sii+/τ)∑

j∈Ni∪{i+} exp(sij/τ)

Total loss: L = Lrec + LCL;
Backpropagation and update: Mpre ←Mpre − η∇L

end
end

I PSEUDOCODE AND EXPLANATION

The following pseudocode outlines the three main phases of the MiniTraffic model: pretraining,
road-level fine-tuning, and lane-level fine-tuning.

I.1 PRETRAINING PHASE

In the pretraining phase, MiniTraffic is trained using road-level datasets XR. The data is processed
through the Frequency Domain Stability Augmentation (FDA) module and the Contrastive Clustering
module, which generates the adjacency matrix Ã. The model is then optimized by minimizing the
reconstruction loss Lrec and the contrastive loss Lcl.
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I.2 ROAD-LEVEL FINE-TUNING

After pretraining, MiniTraffic is fine-tuned on the road-level dataset XR. This phase aims to further
adjust the model parameters to meet the requirements of road-level tasks, enhancing prediction
accuracy. The Mean Absolute Error (MAE) is used as the performance metric.

Algorithm 2 Fine-tuning MiniTraffic for Road-Level Prediction
Input: Road-level fine-tuning dataset XR, Pre-trained model Mpre
Output: Fine-tuned model Mroad
Load fine-tuning dataset XR;
Load pre-trained model Mpre;
Add road-level specific layers to Mpre;
for epoch = 1 to Efinetune do

for batch in XR do
Forward pass: ypred = Mroad(batch);
Compute loss for road-level task: Lroad = MAE(ypred, batch);
Backpropagation and update parameters: Mroad ←Mroad − η∇Lroad;

end
end

I.3 LANE-LEVEL FINE-TUNING

Similarly, MiniTraffic can be fine-tuned on lane-level datasets XL. Through this fine-tuning phase,
the model is optimized specifically for lane-level tasks, thereby improving the accuracy of lane-level
predictions.

Algorithm 3 Fine-tuning MiniTraffic for Lane-Level Prediction
Input: Lane-level fine-tuning dataset XL, Pre-trained model Mpre
Output: Fine-tuned model Mlane
Load fine-tuning dataset XL;
Load pre-trained model Mpre;
Add lane-level specific layers to Mpre;
for epoch = 1 to Efinetune do

for batch in XL do
Forward pass: ypred = Mlane(batch);
Compute loss for lane-level task: Llane = MAE(ypred, batch);
Backpropagation and update parameters: Mlane ←Mlane − η∇Llane;

end
end

J DATASET DESCRIPTION

In this section, we provide additional details regarding the datasets used for pre-training and fine-
tuning tasks. Tables 11 and Tables 12 present the statistical information for the pre-training and
fine-tuning datasets, respectively.

METR-LA (Road): This traffic dataset contains information collected from loop detectors on
highways in Los Angeles County. We selected 207 sensors and gathered four months of data from
March 1, 2012, to June 30, 2012, totaling 6,519,002 observed traffic data points.

PeMS-Bay (Road): This dataset was collected by the California Department of Transportation’s
(CalTrans) Performance Measurement System (PeMS). We selected 325 sensors in the Bay Area
and collected six months of data from January 1, 2017, to May 31, 2017, with a total of 16,937,179
observed traffic data points.

24



1296
1297
1298
1299
1300
1301
1302
1303
1304
1305
1306
1307
1308
1309
1310
1311
1312
1313
1314
1315
1316
1317
1318
1319
1320
1321
1322
1323
1324
1325
1326
1327
1328
1329
1330
1331
1332
1333
1334
1335
1336
1337
1338
1339
1340
1341
1342
1343
1344
1345
1346
1347
1348
1349

Under review as a conference paper at ICLR 2026

PeMS-(Road/Lane): This dataset originates from the Santa Ana Freeway in Los Angeles, USA, and
includes data from 8 sensors. As part of the PeMS public dataset, it includes traffic speed information
from February 5 to March 5, 2017, with each road segment covering data from five regular lanes.
The dataset comprises 64,472 observed road-level traffic data points and 322,360 lane-level traffic
data points.

PeMSF-(Road/Lane): This dataset also comes from the Santa Ana Freeway in Los Angeles, USA,
and includes data from 8 sensors. As part of the PeMS public dataset, it covers traffic speed
information from February 5 to March 5, 2017. Unlike the PeMS dataset, each road segment in this
dataset covers either five or six irregular lanes. The dataset includes 64,472 observed road-level traffic
data points and 346,537 lane-level traffic data points.

HuaNan-(Road/Lane): This dataset was collected from the Huanan Expressway in Guangzhou,
China, and includes data from 18 sensors. The data collection period spans 30 days, from July 22 to
August 22, 2022. This dataset is representative of urban road traffic patterns, with 803,520 observed
road-level traffic data points and 3,214,080 lane-level traffic data points.

Among these, METR-LA and PeMS-Bay are the most commonly used benchmark datasets for
road-level traffic prediction Li et al. (2023a)2, while PeMS-(Road/Lane), PeMSF-(Road/Lane),
and HuaNan-(Road/Lane) are the most commonly used benchmark datasets for fine-grained traffic
prediction ?3.

Table 11: Statistics of Pre-training Datasets.
Dataset Timespan # of Objects Unit Interval

METR-LA 3/1/2012-6/30/2012 6,519,002 Miles/Hour 5 min
PeMS-Bay 1/1/2017-5/31/2017 16,937,179 Miles/Hour 5 min

PeMS-Road 2/5/2017-3/5/2017 64,472 Miles/Hour 5 min
PeMSF-Road 2/5/2017-3/5/2017 64,472 Miles/Hour 5 min
HuaNan-Road 7/22/2022-8/22/2022 803,520 Kilometers /Hour 2 min

Table 12: Statistics of Fine-tuning Datasets.
Dataset Timespan # of Objects Unit Interval

PeMS-Road 2/5/2017-3/5/2017 64,472 Miles/Hour 5 min
PeMSF-Road 2/5/2017-3/5/2017 64,472 Miles/Hour 5 min
HuaNan-Road 7/22/2022-8/22/2022 803,520 Kilometers /Hour 2min
PeMS-Lane 2/5/2017-3/5/2017 322,360 Miles/Hour 5 min

PeMSF-Lane 2/5/2017-3/5/2017 346,537 Miles/Hour 5 min
HuaNan-Lane 7/22/2022-8/22/2022 3,214,080 Kilometers /Hour 2 min

K EVALUATION METRICS FORMULAS

To ensure a fair assessment of prediction performance, we employed three commonly used evaluation
metrics in traffic prediction: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and
Mean Absolute Percentage Error (MAPE). MAE and RMSE are used to measure absolute prediction
errors, while MAPE is used to measure relative prediction errors.

Formula for Road-Level Tasks:

MAE =
1

h

h∑
t=1

1

NR

NR∑
i=1

∣∣∣yrit − ŷrit

∣∣∣, (36)

RMSE =

√√√√ 1

h

h∑
t=1

1

NR

NR∑
i=1

(
yrit − ŷrit

)2
, (37)

2https://github.com/tsinghua-fib-lab/Traffic-Benchmark
3https://github.com/ShuhaoLii/LaneLevel-Traffic-Benchmark
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MAPE =
1

h

h∑
t=1

1

NR

NR∑
i=1

∣∣∣yrit − ŷrit
yrit

∣∣∣. (38)

Formula for Lane-Level Tasks:

MAE =
1

h

h∑
t=1

1

NL

Ji∑
j=1

I∑
i=1

∣∣∣yli,jt − ŷ
li,j
t

∣∣∣, (39)

RMSE =

√√√√ 1

h

h∑
t=1

1

NL

Ji∑
j=1

I∑
i=1

(
y
li,j
t − ŷ

li,j
t

)2
, (40)

MAPE =
1

h

h∑
t=1

1

NL

Ji∑
j=1

I∑
i=1

∣∣∣yli,jt − ŷ
li,j
t

y
li,j
t

∣∣∣. (41)

L BASELINE DETAILS

In this section, we detail the 29 baseline models employed for various fine-grained traffic prediction
tasks and describe their implementation specifics.

L.1 PRE-TRAINED MODELS

FlashST Li et al. (2024d): FlashST is a lightweight prompt-tuning framework that adapts pre-trained
spatio-temporal models to diverse downstream traffic datasets via in-context learning and distribution
alignment. While it achieves strong generalization across domains, its reliance on prompt design
may limit adaptability to highly dynamic traffic patterns. We adopt the official implementation4 and
follow the same pretraining settings as MiniTraffic for fair comparison, using the best-performing
MTGNN variant described in the original paper as the base model.

GPT-ST Li et al. (2024e) : GPT-ST combines generative pretraining with spatio-temporal graph
neural networks, effectively capturing global spatio-temporal dependencies to improve the generaliza-
tion capability of sequence prediction tasks. In our experiments, we adopted Graph WaveNet, which
demonstrated the best performance in the original paper, as the base model and trained it using the
same pretraining datasets as MiniTraffic. The implementation is based on the official code provided
by the authors5.

L.2 MULTI-TASK MODELS

McgVAE Li et al. (2024b): McgVAE is a multi-channel graph-structured variational autoencoder
that integrates road-level information to provide a global perspective for lane-level prediction. It
performs comprehensive tasks through three interconnected channels, each capturing spatio-temporal
information at different granularities. Notably, McgVAE requires both road-level and corresponding
lane-level data as input. The implementation in our experiments is based on the official code released
by the authors6.

L.3 LANE-LEVEL TASK MODELS

Cat-RF-LSTM Zhao & Chen (2022): This hybrid model combines CatBoost for constructing spatio-
temporal features, Random Forest for variance reduction, and LSTM for extracting temporal trends.
The final prediction is made using a stacking ensemble approach. The model is implemented using
CatBoost, scikit-learn, and PyTorch libraries, with CatBoost set to 1,000 iterations, a depth of 6, and
a learning rate of 0.1; Random Forest with 100 trees; and LSTM with 64 hidden units and 2 layers.

4https://github.com/HKUDS/FlashST
5https://github.com/HKUDS/GPT-ST
6https://github.com/ShuhaoLii/McgVAE
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CEEMDAN-XGBoost Lu et al. (2020b): This model integrates CEEMDAN for data decomposition
with XGBoost for prediction. The implementation uses the XGBoost library and the CEEMDAN
class from PyEMD, employing a squared error loss function with 100 estimators.

LSTM Graves & Graves (2012): A specialized form of RNN featuring input, output, and forget gates.
Implemented using PyTorch, with a hidden layer dimension of 64 and two layers.

GRU Cho et al. (2014): A simplified variant of LSTM, omitting the forget gates and using update
and reset gates. Implemented in PyTorch with a hidden layer dimension of 64 and two layers.

FDL Gu et al. (2019): Combines entropy-based gray correlation analysis with LSTM and GRU
for lane-level prediction. Implemented in PyTorch, with both LSTM and GRU having a hidden
dimension of 64 and two layers.

TM-CNN Ke et al. (2020): This model transforms traffic speed and volume data into matrices
for prediction. It is implemented in PyTorch as a single-stream (using only speed or volume),
multi-channel convolutional network to ensure fairness.

MDL Lu et al. (2020a): Combines ConvLSTM, convolutional layers, and dense layers for lane-based
dynamic traffic prediction. The model is implemented using the authors’ code7, with adjustments
made for fairness, similar to TM-CNN.

CNN-LSTM Ma et al. (2020): Enhances short-term traffic prediction by integrating CNN for lane
analysis. Implemented in PyTorch with a hidden layer dimension of 16 and one LSTM layer.

HGCN Zhou et al. (2022) and DGCN Wang et al. (2021): Both models, developed by the same
author, utilize identical formulas and methodologies, integrating spatial dependency analysis, data
fusion, and temporal attention. Implemented in PyTorch, with heterogeneous data excluded to ensure
fairness.

GCN-GRU Li et al. (2023a): Combines a GCN with a data-driven adjacency matrix and GRU.
Implemented in PyTorch, with the GCN output dimension set to 16, and the GRU configured with 64
hidden units and two layers.

ST-AFN Shen et al. (2021): Features a speed process network, spatial encoder, and temporal decoder
with an embedded attention mechanism. Implemented using the authors’ code8.

STA-ED Zheng et al. (2022): Utilizes an encoder-decoder architecture with LSTM and a two-stage
attention mechanism. Implemented in PyTorch, with a 64-unit hidden layer.

STMGG Wang et al. (2021): Leverages visibility graphs, spatial topological graphs, an attention-
based gated mechanism, and Seq2Seq for lane-level traffic prediction. Implemented in PyTorch with
a 64-unit hidden layer.

ST-ABC Li et al. (2024a): ST-ABC is a spatio-temporal convolutional network that leverages
an improved attention mechanism and fully convolutional architecture to efficiently model spatio-
temporal correlations in complex dynamic scenarios. The model enhances prediction performance
by utilizing a finely designed attention mechanism for spatio-temporal data. The implementation is
based on the official code provided by the authors9.

L.4 ROAD-LEVEL TASK MODELS

DCRNN Li et al. (2017): Simulates diffusion processes on traffic graphs, combining spatio-temporal
dynamics, bidirectional walks, and an encoder-decoder architecture. Implemented using the authors’
code10.

STGCN Yu et al. (2017): Efficiently models traffic networks on graphs with a fully convolutional
structure, enabling faster training and reducing parameter count. Implemented using the authors’
code11.

7https://github.com/lwqs93/MDL
8https://github.com/MCyutou/ST-AFN
9https://github.com/ShuhaoLii/ICDE2024

10https://github.com/liyaguang/DCRNN
11https://github.com/VeritasYin/STGCN IJCAI-18
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MTGNN Wu et al. (2020): Introduces a graph neural network framework for multivariate time series,
automatically extracting variable relations and capturing spatio-temporal dependencies through
innovative layers. Implemented using the authors’ code12.

ASTGCN Guo et al. (2019): An attention-based spatio-temporal graph convolutional network
(ASTGCN) that models recent, daily, and weekly traffic dependencies using a space-time attention
mechanism and graph convolution. Implemented using the authors’ code13.

GraphWaveNet Wu et al. (2019): Utilizes an adaptive dependency matrix and node embedding to
capture spatial data dependencies, processing long sequences with dilated one-dimensional convolu-
tions. Implemented using the authors’ code14.

STSGCN Song et al. (2020): Captures localized spatio-temporal correlations using a synchronous
modeling mechanism with modules for different time periods. Implemented using the authors’ code15.

AGCRN Bai et al. (2020): Combines adaptive learning modules with recurrent networks to au-
tonomously capture detailed spatio-temporal traffic correlations. Implemented using the authors’
code16.

STGODE Fang et al. (2021): Models spatio-temporal dynamics with tensor-based ordinary differen-
tial equations (ODEs), constructing deeper networks that leverage these features. Implemented using
the authors’ code17.

STAEformer Xu et al. (2023): Builds a spatio-temporal autoencoder with transformers, utilizing
temporal-aware attention and spatial-enhanced blocks to capture complex dependencies. Achieves
strong traffic prediction performance with fewer parameters. Implemented using the authors’ code18.

MegaCRN Jiang et al. (2023): Integrates a meta graph learner with a GCRN encoder-decoder
architecture, effectively handling varied road patterns and adapting to abnormal traffic conditions.
Implemented using the authors’ code19.

Time-Mixer Wang et al. (2024): An MLP-based model that uses multiscale-mixing to separate and
combine seasonal and trend components across different scales, improving time series forecasting. It
employs PDM for past data decomposition and FMM for enhancing future predictions. Implemented
using the authors’ code20.

iTransformer Cui et al. (2024): Reframes time series forecasting as a sequence matching problem
and proposes a concise linear transformer with downsampling. Achieves high efficiency and accuracy
without traditional positional encoding. Implemented using the authors’ code21.

M LLM USAGE

Large Language Models (LLMs) were used solely for grammar checking and minor language
polishing. All research ideas, analyses, and writing remain the sole responsibility of the authors.

12https://github.com/nnzhan/MTGNN
13https://github.com/wanhuaiyu/ASTGCN
14https://github.com/nnzhan/Graph-WaveNet
15https://github.com/Davidham3/STSGCN
16https://github.com/LeiBAI/AGCRN
17https://github.com/square-coder/STGODE
18https://github.com/ZhongtianXu/STAEformer
19https://github.com/deepkashiwa20/MegaCRN
20https://github.com/kwuking/TimeMixer
21https://github.com/thuml/iTransformer

28


	Introduction
	Related Works
	Problem Formulation
	MiniTraffic Framework
	Multi-source Pre-training
	Granularity-Aware Fine-Tuning

	Experiment
	Datasets and Experiment Setup
	Main Experiment
	Pre-training Strategies Study
	Ablation Study
	Parameter Experiment
	Pre-training and Imputation Task
	Lane-to-Road Relationship and Future Discussion

	Conclusion and Future Work
	Limitations
	Impact of Fine-tuning Data Ratio 
	Cost Analysis 
	Training and Inference Cost Analysis
	Fine-tuning Cost Analysis
	Scalability on Large-Scale Road Networks

	Analysis of Trainable Parameter vs. Performance 
	Long-horizon prediction Analysis
	Cross-city Transfer Analysis
	Supplementary Analysis of the FDA Module 
	Frequency Domain Transformation and Its Relation to Temporal Features
	Simulating Multi-Lane Data Variability: Frequency Domain Perturbations
	Properties and Empirical Impact of Noise Constraints
	Impact of Perturbations on Model Generalization Performance
	Impact of Noise Constraints on the Effectiveness of the Generated Data

	Theoretical Expressive Power of Small-Scale Graph Structures
	Analysis of Graph Representational Capacity
	Theoretical Trade-off Between Computational Complexity and Effectiveness
	Practical Efficiency and Precision Loss

	 Complexity Analysis 
	Time Complexity Analysis
	Space Complexity Analysis

	Pseudocode and Explanation
	Pretraining Phase
	Road-Level Fine-tuning
	Lane-Level Fine-tuning

	Dataset Description 
	Evaluation Metrics Formulas 
	Baseline Details 
	Pre-trained Models
	Multi-task Models
	Lane-Level Task Models
	Road-Level Task Models

	LLM Usage

