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Abstract. The field of Intelligent Transportation Systems (ITS) relies on accu-
rate traffic forecasting to enable various downstream applications. However, de-
veloping cities often face challenges in collecting sufficient training traffic data
due to limited resources and outdated infrastructure. Recognizing this obstacle,
the concept of cross-city few-shot forecasting has emerged as a viable approach.
While previous cross-city few-shot forecasting methods ignore the frequency
similarity between cities, we have made an observation that the traffic data is more
similar in the frequency domain between cities. Based on this fact, we propose a
Frequency Enhanced Pre-training Framework for Cross-city Few-shot Forecast-
ing (FEPCross). FEPCross has a pre-training stage and a fine-tuning stage. In
the pre-training stage, we propose a novel Cross-Domain Spatial-Temporal En-
coder that incorporates the information of the time and frequency domain and
trains it with self-supervised tasks encompassing reconstruction and contrastive
objectives. In the fine-tuning stage, we design modules to enrich training samples
and maintain a momentum-updated graph structure, thereby mitigating the risk of
overfitting to the few-shot training data. Empirical evaluations performed on real-
world traffic datasets validate the exceptional efficacy of FEPCross, outperform-
ing existing approaches of diverse categories and demonstrating characteristics
that foster the progress of cross-city few-shot forecasting.

1 Introduction

The field of Intelligent Transportation Systems (ITS) has recognized the significance of
traffic forecasting as a critical service. By effectively employing historical traffic data
to precisely forecast future traffic, it becomes feasible to enable diverse downstream ap-
plications, including traffic signal control [38] and traffic tolling [37]. In order to gather
the necessary traffic data for training a traffic forecasting model, the utilization of traf-
fic sensors [20] or vehicle devices [6] is crucial. The devices are well deployed in the
developed cities and the data collection is easy. However, when it comes to developing
cities, one of the main obstacles is the lack of adequate infrastructure to support the de-
ployment of these devices. Developing cities often have limited resources and outdated
technology systems, making it difficult to establish a reliable network infrastructure for
data collection. Consequently, the traffic data in developing cities could be limited, and
thus training a deep traffic forecasting model is hard.
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(a) The average cosine similarity between traffic of different cities. (b) The visualization of the same pair of data in 

time domain and frequency domain
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Fig. 1: (a) The mean cosine similarity of one-week traffic speed data within the time and fre-
quency domains across four cities. We can observe a higher level of similarity in the frequency
domain. (b) An illustrative instance showcasing a pair of data in both the time domain and fre-
quency domain reflects that, despite containing identical data, the frequency domain exhibits a
significantly higher level of cosine similarity.

To address the issue of limited data in developing cities and enhance the efficiency
of traffic forecasting services, the concept of cross-city few-shot forecasting has emerged
as a viable solution. This approach involves learning from cities with abundant data and
transferring that knowledge to cities with limited data. In recent years, many works have
focused on this problem. RegionTrans [36] and CrossTReS [15] identify the inherent
regional correlation between the source city and the target city. MetaST [41] learns a
global memory which is then queried by the target region. STrans-GAN [46] gener-
ates future traffic based on traffic demand with a GAN-based model. However, these
methods depend on auxiliary data, such as event information, for the transfer of knowl-
edge. This reliance on auxiliary data poses a challenge when such data is not avail-
able in the city with limited data resources. ST-MetaNet [32] and ST-GFSL [26] utilize
learned meta-knowledge to generate the parameters of the spatial-temporal neural net-
work. TransGTR [16] aims to learn the city-agnostic node features and the transferable
graph structure between cities. TPB [24] aims to construct a traffic pattern bank that
contains the meta-knowledge across cities.

Previous methods have predominantly concentrated on capturing temporal relation-
ships between different cities. However, they neglect the potential knowledge that can
be derived and shared from the frequency domain. In fact, as shown in Fig. 1, the traffic
data between cities is more similar in the frequency domain. We calculate the mean
cosine similarity of aligned one-week traffic data of different cities in the time domain
and the frequency domain, which is shown in Fig. 1(a). We could observe that the traffic
data exhibits notable similarity in the frequency domain across different cities. Fig. 1(b)
shows an example that even the same pair of traffic data exhibits substantial similarities
in the frequency domain and they are both prominent in the low-frequency range. The
identification of these frequency domain patterns implies that modeling traffic data with
a focus on the frequency domain can lead to a better understanding and capture of the
underlying dynamics. By leveraging these patterns into the pre-training process in the
data-rich source cities, it becomes possible to develop effective and accurate models for
cross-city few-shot traffic forecasting.
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Consequently, we propose a Frequency Enhanced Pre-training framework for Cross-
city few-shot traffic forecasting, abbreviated as FEPCross. It contains two stages, the
pre-training stage and the fine-tuning stage. For the pre-training stage, we design a
novel frequency-enhanced pre-training framework on the data-rich source city. This
framework incorporates the information from the time, amplitude, and phase domains
through a Cross-Domain Spatial-Temporal Encoder. By taking masked data from these
three domains as input, the framework aims to reconstruct the missing information as
a self-supervised task. A contrastive loss is then added to guarantee the quality of the
learned space. For the fine-tuning stage, we design two modules based on the pre-
trained Cross-Domain Spatial-Temporal Encoder to improve the performance of the
few-shot fine-tuning process. On one hand, we mask and reconstruct the few-shot train-
ing data to create more augmented training samples. On the other hand, we maintain
a momentum-updated graph structure of the target city. These two modules not only
improve the effectiveness but also enhance the resistance to the over-fitting of the fine-
tuned model.

In summary, the main contributions are as follows.

– We delve into the cross-city few-shot traffic forecasting task and find that the fre-
quency domain pattern exhibits a higher degree of cross-city sharability. The po-
tential of transferring knowledge from the frequency domain has been disregarded
in prior research endeavors.

– We propose a Frequency Enhanced Pre-training framework (FEPCross) specifically
designed for cross-city few-shot traffic forecasting. It incorporates information on
various domains and contains modules to mitigate the risk of overfitting to the few-
shot training data.

– We demonstrate the effectiveness of the FEPCross framework through extensive
experiments on real-world traffic datasets from multiple cities. The results demon-
strate that FEPCross achieves superior performances over the state-of-the-art base-
lines and exhibits distinctive characteristics such as prioritizing the modeling of
low-frequency components, further contributing to its exceptional performance.

2 Related Work

Traffic Forecasting The practical applications of traffic forecasting have garnered sig-
nificant attention. Some work utilizes traditional statistical methods such as Kalman
Filter [22], SVM [30], probalistic model [1], or simulation [21]. Some work combines
modules such as GRU and GNN to model the spatial-temporal correlation within the
traffic data, such as DCRNN [20], STGCN [42], GSTNet [9], LSGCN [12], STFGNN [19],
Frigate [10], HIEST [27], FDTI [23]. To better capture the varying spatial-temporal cor-
relations between traffic nodes, some work such as AGCRN [2,7], Graph Wavenet [40],
GMAN [47], D2STGNN [35], ST-WA [5], DSTAGNN [18], TrendGCN [14], MC-
STL [45] utilize adaptive methods such as node embedding to reconstruct the adap-
tive adjacent matrix and incorporate temporal long-term relations for improved predic-
tions. Some works utilize techniques to model the special characteristics of the traffic.
STG-NCDE [4], STDEN [13] model the traffic based on ordinary differential equation
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Fig. 2: Overall Framework of FEPCross.

(ODE). FOGS [33] predict the first-order gradient of traffic flow. STGBN [8] utilizes
gradient boosting to enhance the model. STEP [34] adapts MAE and proposes a pipeline
to pre-train a model. Nevertheless, the aforementioned methods mainly focus on pre-
dicting traffic within a single city. These methods would encounter difficulties such as
distribution bias, the tendency to over-fit the single-city data, and the incompatibility of
the node embedding technique in cross-city scenarios.
Cross-city Few-shot Forecasting To tackle the data scarcity problem and use the avail-
able knowledge of the data-rich cities effectively, several methods have been developed
in the field of cross-city few-shot forecasting. Floral [39] learns from the multimodal
data from the source cities and transfers the knowledge to the target city for the air
quality classification problem. RegionTrans [36], CrossTReS [15], and MetaST [41]
learn the region correlation or the memory bank between the source cities to the target
city. However, these approaches utilize multimodal auxiliary information, which is not
accessible in the data-scarce city. ST-MetaNet [32] and ST-GFSL [26] generate the pa-
rameters of spatial-temporal neural networks according to the learned meta-knowledge.
CityTrans [31] uses domain adversarial training to transfer knowledge across cities.
UniST [43] uses prompt tuning to learn the spatial-temporal shared across cities. Trans-
GTR [16] learns city-agnostic features and transferable graphs from one city to another
city. TPB [24] and MTPB [25] construct the traffic pattern bank from multiple source
cities and the data of the target city could query the bank to get the meta-knowledge
to reconstruct the self-expressive graph structure [17] and forecast the traffic. However,
these methods ignore the spectral similarity between the time series traffic data and thus
get suboptimal results.

3 Preliminary

Traffic Spatial-Temporal Graph: The traffic spatial-temporal graph is the data struc-
ture that processes the traffic data. It could be denoted as G = (V,A,X). Here, V is
the set of the nodes, and N = |V| is the number of nodes. A ∈ RN×N is the adjacency
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matrix that describes the correlation between nodes. X ∈ RN×T×C is the traffic data
of N nodes, with time steps T and channel C.
Traffic Forecasting: The Traffic forecasting problem is to utilize the historical traffic to
predict future traffic. Formally, given the historical traffic of Th steps, we aim to learn
a model f(·) to forecast the future traffic of Tf steps, which could be formulated as
follows

[Xt−Th+1, · · · ,Xt]
f(·)−→ [Xt+1, · · · ,Xt+Tf

]. (1)

Cross-city Few-Shot Traffic Forecasting: Given a data-rich source city Gsource and
a data-scarce target city Gtarget, the goal of cross-city few-shot traffic forecasting is to
pre-train a model in Gsource and fine-tune the model in Gtarget. The fine-tuned model
is expected to conduct accurate traffic forecasting on the future data of Gtarget.

4 Method

In this section, we present the FEPCross framework, which comprises two stages: pre-
training and fine-tuning as shown in Fig. 2. In the pre-training stage, we aim to learn ro-
bust traffic knowledge by the Cross-Domain Spatial-Temporal Encoder from the source
city. The encoder could capture the correlation across domains and spatial neighbors,
and then reconstruct the masked input of three domains. To encourage the encoder to
learn a representation space that is both compact and discriminative, we incorporate a
contrastive loss during the pre-training process. In the fine-tuning stage, we address the
challenges associated with limited data by enriching the few-shot training dataset of the
target city using the pre-trained encoder. This is achieved by applying a masking and re-
construction technique. The graph structure is momentum-updated by the knowledge of
the pre-trained encoder. These two novel modules are designed to avoid over-fitting and
improve the performance of the fine-tuned model. Finally, a Spatial-Temporal model
(STmodel) aggregates the short-term traffic knowledge and makes predictions.

4.1 Pre-Training

In this section, we will introduce the novel Cross-Domain Spatial-Temporal Encoder
that captures the pattern of the traffic data across domains and spatial neighbors. To train
the Cross-Domain Spatial-Temporal Encoder, we employ two essential self-supervision
tasks: reconstruction loss and contrastive loss. The reconstruction loss aims to recon-
struct the original masked input data from the encoded representations. This task en-
courages the encoder to learn meaningful and informative representations that accu-
rately capture the input data structure.
Input: Fig. 1 in the introduction section visually demonstrates that the frequency do-
main exhibits a higher similarity across different cities. Leveraging this observation,
we adopt a Fourier Transform on the input traffic time series to extract the ampli-
tude and phase domains. This transformation allows us to capture the frequency do-
main characteristics of the data. Then, we segment the series into patches and ran-
domly mask most of them. Formally, by taking the time domain Ti as the example,
the input time series of node i, i.e., XTi

i,0:Th
is separate to P patches as XTi

i,0:Th
=
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{STi
i,0,S

Ti
i,1, · · · ,STi

i,P} and there is a masked vector M where MTi
i,k = 1 indicates STi

i,k

is masked. The masked patch series of three domains is the input of the encoder similar
to previous research [29,11].
Cross-Domain Spatial-Temporal Encoder: The Cros-Domain Spatial-Temporal En-
coder aims to aggregate the information of the traffic data across domains and across
neighbors. Firstly, The unmasked part of the input is fed into a Transformer block. Then,
a learnable masked token Smt fills the place where the data is masked, i.e., Mi,k = 1.

STi
i = TSLayer({STi

i,0,S
Ti
mt, · · · ,STi

i,P}) (2)

SAm
i = TSLayer({SAm

i,0 ,SAm
mt , · · · ,SAm

i,P }) (3)

SPh
i = TSLayer({SPh

i,0 ,S
Ph
mt , · · · ,SPh

i,P}) (4)

Here, STi
0,i indicates the patch data of node i at time 0 and STi indicates the patch series

in the time domain, and SAm, SPh indicates amplitude and phase domain respectively.
Next, the concatenated data of the time, amplitude, and phase domains is then fed to
a Cross-Domain Aggregator to aggregate the information of each domain. We use a
Transformer layer (TSLayer(·)) as the Cross-Domain Aggregator here.

HTi
i ,HAm

i ,HPh
i = TSLayer(Concat{STi

i ,SAm
i ,SPh

i }) (5)

After the information of the three domains is aggregated, we expect the model to fur-
ther integrate the knowledge of the neighboring nodes. To achieve this, a Graph Neural
Network (GNN(·)) encoder is incorporated into the architecture as a Cross-Space Ag-
gregator, dedicated to aggregating information for each domain separately.

HTi
i = GNN{HTi

j |j ∈ Ni} (6)

HAm
i = GNN{HAm

j |j ∈ Ni} (7)

HPh
i = GNN{HPh

j |j ∈ Ni} (8)

Here, Ni denotes the set of neighboring nodes of node i in the raw graph A. The GNN
layer is applied independently to each domain, enabling the model to capture the con-
textual information from neighboring nodes in the respective time, amplitude, and phase
domains. Finally, we feed the data into another Cross-Domain Aggregator again.

ĤTi
i , ĤAm

i , ĤPh
i = TSLayer(Concat{HTi

i ,HAm
i ,HPh

i }) (9)

Here ĤTi
i , ĤAm

i , ĤPh
i indicates the output embedding of Cross-Domain Spatial-Temporal

Encoder in the time, amplitude, phase domains respectively.
Reconstruction Module Once we obtain the output embeddings from the encoder, we
can reconstruct the masked input patches. This reconstruction process involves applying
linear transformations to the output embeddings.

ŜTi
i,j = Linear(ĤTi

i,j ) (10)

ŜAm
i,j = Linear(ĤAm

i,j ) (11)
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ŜPh
i,j = Linear(ĤPh

i,j ) (12)

Then, the reconstruction loss is the Mean Square Error (MSE) of the masked patches.

Lre =
∑
i,j

MTi
ij (Ŝ

Ti
i,j−STi

i,j )
2+

∑
i,j

MAm
ij (ŜAm

i,j −SAm
i,j )2+

∑
i,j

MPh
ij (ŜPh

i,j −SPh
i,j )

2

(13)

By optimizing the encoder to minimize the reconstruction loss, we encourage the model
to learn representations that capture the essential information needed to reconstruct the
masked patches accurately.
Contrastive Module To further improve the representation learning and enhance the
expressiveness of the learned embedding space, a contrastive loss is introduced. We in-
troduce a novel approach to constructing augmented data that effectively utilizes the fre-
quency domain information. Recognizing the significant informational content present
in the amplitude domain of traffic data, we randomly switch the amplitude domain
within a given batch of data, thereby producing augmented samples.

S̃Ti
i = STi

i , S̃Ph
i = SPh

i (14)

S̃Am
i = SAm

j i, j ∈ SameBatch (15)

Here S̃Ti
i , S̃Ph

i , S̃Am
i is the augmented data in the three domains. Then, we mask the

data and feed the data into the Cross-Domain Spatial-Temporal Encoder CDEnc(·) to
get the augmented embedding.

H̃Ti
i , H̃Am

i , H̃Ph
i = CDEnc(S̃Ti

i , S̃Am
i , S̃Ph

i ) (16)

Subsequently, a linear layer is introduced as a Domain Embedding Aggregator, respon-
sible for merging the embeddings from the three domains.

H̃i = Linear(Concat{H̃Ti
i , H̃Am

i , H̃Ph
i }) (17)

Similarly, the embedding of the original data Ĥi is generated.

Ĥi = Linear(Concat{ĤTi
i , ĤAm

i , ĤPh
i }) (18)

Finally, we want the data sample and its augmented pair to have similar embeddings.
By doing this, the encoder is more robust and could capture the essential dynamics of
the frequency domain of the data. We employ the NT-Xent Loss [3] here to optimize
the encoder.

Lcon = −
N∑
i

log
esim(Ĥi,H̃i)∑
j e

sim(Ĥi,H̃j)
(19)

Here sim is the cosine similarity and the negative samples j are randomly chosen 10%
from the N nodes.

The total loss of the pre-training stage is the sum of the two losses and it aims to
update the Cross-Domain Spatial-Temporal Encoder.

L = Lre + αLcon (20)
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Fig. 3: Illustration of Training Data Enriching Module.

4.2 Fine-Tuning

In the fine-tuning stage, we aim to utilize the pre-trained Cross-Domain Spatial-Temporal
Encoder to help forecast the traffic with few-shot training data in the target city. Firstly,
we employ a masking and reconstructing technique to enrich the few-shot training data.
Next, we utilize the knowledge learned by the pre-trained encoder to improve the graph
structure representation of the target city. Finally, we apply a spatial-temporal short-
term model to predict future traffic
Training Data Enriching: The target city may only have very little data. Directly uti-
lizing the few-shot data could lead to over-fitting and lack of expressiveness of the fine-
tuned model. Consequently, we use the pre-trained Cross-Domain Spatial-Temporal
Encoder to augment the training data to create more robust training samples. As shown
in Fig. 3, we first mask some part of the training data and use the masked token to re-
place the masked part. Then, we use the pre-trained encoder to reconstruct the masked
data. The reconstructed data is combined with the unmasked data to form the aug-
mented training set. This approach addresses the limited availability of data of the target
city, mitigates the risk of over-fitting, and enhances the expressiveness of the fine-tuned
model.
Momentum Graph: Due to the potential presence of diverse sources of noise and un-
certainties during the generation of the initial traffic graph structure, we exploit the
learned knowledge from the pre-trained encoder to enhance the graph structure of the
target city. Specifically, the input data sampled from the enriched training dataset is
firstly Fourier Transformed. Then, the data of the three domains is fed into the pre-
trained Cross-Domain Spatial-Temporal Encoder.

ĤTi
i , ĤAm

i , ĤPh
i = CDEnc(STi

i ,SAm
i ,SPh

i ) (21)

Subsequently, the embedding of three domains is aggregated.

Ĥi = ĤTi
i + ĤAm

i + ĤPh
i (22)

The output embedding Ĥ ∈ RN×D generates the meta-graph Âmeta via inner product.

Âmeta = SoftMax(ĤĤT ) (23)

In order to enhance the resilience of the learned graph structure and prevent it from
over-fitting the limited training data, we utilize the momentum-updating technique to
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Table 1: Statistical details of traffic datasets.

PEMS-BAY METR-LA Chengdu Shenzhen

# of Nodes 325 207 524 627
# of Edges 2,694 1,722 1,120 4,845

Interval 5 min 5 min 10 min 10 min
# of Time Step 52,116 34,272 17,280 17,280

Mean 61.7768 58.2749 29.0235 31.0092
Std 9.2852 13.1280 9.6620 10.9694

preserve the refined graph structure of the target city, denoted as Â. Formally, in the
k-th graph reconstruction, the graph structure is updated as follows.

Âk = τ × Âmeta + (1− τ)× Âk−1 (24)

Â0 = A (25)

Forecasting: After generating the graph structure Âk, it is subsequently utilized as
input to a downstream Spatial-Temporal model (STmodel), together with the short-
term raw data. In this context, we use Graph Wavenet [40] as the backbone STmodel
framework.

ĤST = STmodel(STi
P , Âk) (26)

Finally, we concatenate the embedding of the STmodel and the pre-trained encoder to
forecast future traffic.

Ŷ = Linear(Ĥ||ĤST) (27)

The Mean Square Loss is utilized to optimize the STmodel and Linear layers.

L =
1

NTfC

N∑
i=1

Tf∑
j=1

C∑
k=1

(Yijk − Ŷijk)
2 (28)

5 Experiment

This section presents a thorough evaluation of our proposed framework FEPCross.
Specifically, We would address the following research questions.

– How does FEPCross perform compared to other baselines in the task of few-shot
traffic forecasting?

– Does each component contribute to the final result?
– Do the proposed modules effectively enhance the expressiveness of the pre-trained

encoder?
– Does the Cross-Domain Spatial-Temporal Encoder successfully fuse the informa-

tion of three domains?
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5.1 Experiment Settings

Dataset: We evaluate our proposed framework on four real-world public datasets: PEMS-
BAY, METR-LA [20], Chengdu, Shenzhen [6]. These datasets contain months of traffic
speed data and the details of these data are listed in Table 1.
Few-shot Setting: Following the experimental setting of previous research [24,26,25],
we choose two cities and set one as the source city and the other one as the target city.
We use the full data of the source city as the pre-training data, the two-day few-shot
data of the target city as the fine-tuning data, and the rest of the data of the target city
as the testing data.
Details: In the pre-training stage, we use Th = 288 and P = 24, which means one-day
data is divided into 24 patches as the input. The loss weight α is set to 1. The mask ratio
of Pre-training is set to 75% according to [24,34]. The learning rate of Pre-training is
set to 0.0001. In the Forecasting module, we use Tf = 12 to forecast the future 12 steps
of data. The momentum ratio τ is set to 0.1. The Adam optimizer has a learning rate of
0.001 and a weight decay of 0.01. The dimension of H is set to 128. The experiment is
implemented by Pytorch 1.10.0 on RTX3090. We evaluate the performances of Mean
Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE). Code and data
are released in https://github.com/zhyliu00/FEPCross.

MAPE =
1

s

s∑
i=1

|yi − ŷi
yi

|, MAE =
1

s

s∑
i=1

|yi − ŷi| (29)

6 RQ1: Overall Performance

We select 13 baselines, including traditional statistic methods, deep traffic forecasting
methods, time series forecasting methods, and cross-city traffic forecasting methods, to
evaluate the effectiveness of FEPCross on the few-shot forecasting task. To guarantee
the fairness of the comparison, the deep traffic forecasting methods and time series
forecasting methods are firstly trained by Reptile [28] meta-learning framework on the
data of source city and then fine-tuned on the few-shot data on target city. For each
method, we keep the model architecture the same as the original paper and search the
hyper-parameters in the same log space while fixing other parameters (for example, we
search the fine-tune learning rate in [1e-5, 1e-4, 1e-3, 1e-2, 1e-1] for all methods).

– Traditional methods: HA uses the average of previous periods as predictions. SVR
uses Support Vector Machines to do regression tasks.

– Deep traffic forecasting methods: DCRNN [20] uses diffusion techniques. GWN [40]
utilizes adaptive graph and dilated causal convolution. STFGNN [19] uses DTW dis-
tance to construct the temporal graph. DSTAGNN [18] constructs spatial-temporal
aware graph. FOGS [33] predicts the first-order difference.

– Time series forecasting methods: DLinear [44] uses linear layers and FEDFormer [48]
utilized a frequency-enhanced Transformer while they both have decomposition mod-
ule.

– Cross-city traffic forecasting methods: ST-GFSL [26] learns the metaknowledge to
generate the parameter of the models. STEP [34] reconstructs the masked traffic to

https://github.com/zhyliu00/FEPCross
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Table 2: Overall performance of few-shot traffic forecasting on PEMS-BAY, METR-LA, Chengdu,
and Shenzhen. Metr-LA→PEMS-BAY means the source city is METR-LA and the target city is
PEMS-BAY. The mean and standard deviation of the results in 5 runs is shown. In each column,
the best result is highlighted in bold and grey, and the second-best result is underlined. Marker *
and ** indicates the mean of the results is statistically significant (* means t-test with p-value <
0.05 and ** means t-test with p-value < 0.01).

METR-LA→PEMS-BAY PEMS-BAY→METR-LA
5 min 15 min 30 min 5 min 15 min 30 min

MAPE(%) MAE MAPE(%) MAE MAPE(%) MAE MAPE(%) MAE MAPE(%) MAE MAPE(%) MAE

HA 9.33 3.99 9.33 3.99 9.33 3.99 14.15 5.21 14.15 5.21 14.15 5.21
SVR 8.07 3.79 7.96 3.70 7.95 3.71 14.02 4.97 14.59 5.11 14.02 5.04

DCRNN 3.66±0.21 1.64±0.04 4.45±0.21 2.04±0.06 5.80±0.15 2.66±0.06 7.88±0.21 3.13±0.14 9.43±0.25 3.56±0.11 11.91±0.42 4.31±0.18
GWN 3.67±0.70 1.49±0.18 5.14±0.76 2.07±0.16 7.04±1.04 2.72±0.23 6.67±0.48 2.78±0.08 9.83±0.80 3.49±0.15 12.77±1.07 4.36±0.21

STFGNN 3.21±0.50 1.49±0.11 4.05±0.17 1.93±0.06 5.68±0.18 2.66±0.13 7.57±0.46 3.40±0.32 9.78±0.42 3.93±0.20 12.50±0.65 4.52±0.25
DSTAGNN 3.36±0.49 1.67±0.32 4.80±0.80 2.34±0.54 6.29±0.66 2.85±0.37 7.11±0.57 2.82±0.14 10.18±1.23 3.59±0.47 12.56±1.11 4.42±0.37

FOGS 2.87±0.28 1.38±0.08 3.94±0.24 1.87±0.05 5.64±0.30 2.62±0.060 7.20±0.43 3.23±0.29 9.56±0.55 3.84±0.25 12.41±0.63 4.48±0.25

FEDFormer 6.01±0.55 3.08±0.37 5.87±0.51 2.89±0.24 5.65±0.46 2.69±0.24 14.35±0.92 5.02±0.40 13.12±1.00 4.98±0.35 12.24±0.34 4.79±0.40
DLinear 2.64±0.21 1.44±0.14 4.04±0.14 2.09±0.07 5.64±0.46 2.80±0.24 6.63±0.31 2.84±0.06 9.34±0.69 3.66±0.22 11.87±0.42 4.47±0.10

ST-GFSL 2.88±0.14 1.38±0.04 4.12±0.08 1.99±0.05 5.46±0.15 2.48±0.09 7.01±0.05 2.80±0.03 9.17±0.11 3.43±0.08 13.47±0.68 4.45±0.16
STEP 2.39±0.18 1.17±0.00 3.70±0.19 1.75±0.02 5.29±0.16 2.36±0.04 7.23±1.18 2.74±0.13 9.32±0.34 3.32±0.01 11.89±0.54 4.15±0.26

TransGTR 3.62±0.14 1.47±0.03 4.51±0.17 1.89±0.02 5.57±0.20 2.35±0.04 7.73±0.08 2.86±0.08 8.99±0.12 3.31±0.03 11.51±0.61 4.07±0.04
TPB 2.55±0.29 1.19±0.08 3.86±0.29 1.70±0.07 5.43±0.31 2.36±0.06 6.61±0.11 2.78±0.16 8.97±0.64 3.29±0.10 11.97±1.11 3.98±0.09

FEPCross 1.98±0.02** 1.04±0.01** 3.48±0.04** 1.71±0.01 5.04±0.07** 2.31±0.02** 5.90±0.04* 2.50±0.07* 8.52±0.26* 3.23±0.01* 11.16±0.20** 3.98±0.01

Shenzhen→Chengdu Chengdu→Shenzhen
10 min 30 min 60 min 10 min 30 min 60 min

MAPE(%) MAE MAPE(%) MAE MAPE(%) MAE MAPE(%) MAE MAPE(%) MAE MAPE(%) MAE

HA 16.27 3.77 16.27 3.77 16.27 3.77 17.33 4.43 17.33 4.43 17.33 4.43
SVR 15.39 3.58 15.57 3.62 15.79 3.71 15.01 4.02 15.68 4.17 16.12 4.35

DCRNN 10.38±0.24 2.55±0.02 14.07±0.31 3.23±0.03 15.26±0.23 3.55±0.04 8.26±0.15 2.19±0.05 10.66±0.09 2.70±0.04 11.39±0.21 2.95±0.06
GWN 10.49±0.63 2.57±0.07 14.74±0.99 3.36±0.11 15.82±0.83 3.70±0.06 8.62±0.29 2.25±0.04 11.46±0.44 2.88±0.08 12.21±0.55 3.15±0.11

STFGNN 11.79±0.86 2.90±0.11 15.78±0.98 3.59±0.09 16.95±0.85 3.95±0.07 9.96±0.54 2.55±0.08 12.60±0.81 3.09±0.10 13.21±0.74 3.35±0.09
DSTAGNN 10.37±0.39 2.55±0.04 15.31±1.15 3.46±0.31 15.47±0.88 3.62±0.10 9.27± 1.00 2.48±0.32 11.94±0.80 2.94±0.15 13.17±1.18 3.41±0.43

FOGS 11.63±0.82 2.83±0.10 15.79±0.99 3.56±0.11 16.89±0.99 3.91±0.10 9.32±0.13 2.44±0.02 12.00±0.200 3.01±0.03 12.64±0.18 3.28±0.05

FEDFormer 13.99±0.76 3.26±0.17 13.53±0.86 3.06±0.17 13.49±0.62 3.17±0.19 11.88±0.87 2.87±0.29 11.55±0.70 2.76±0.31 11.65±0.35 2.78±0.23
DLinear 10.76±0.08 2.72±0.02 14.15±0.27 3.40±0.07 13.98±0.32 3.45±0.09 8.79±0.06 2.35±0.01 11.07±0.08 2.85±0.04 11.20±0.12 3.00±0.05

ST-GFSL 9.73±0.48 2.40±0.06 12.91±0.88 2.94±0.11 14.26±1.03 3.35±0.11 8.24±0.55 2.04±0.03 10.67±0.89 2.46±0.07 11.91±1.00 2.78±0.10
STEP 9.21±0.12 2.31±0.03 12.06±0.01 2.88±0.04 13.30±0.11 3.17±0.04 7.62±0.09 1.95±0.00 9.92±0.18 2.44±0.02 10.88±0.14 2.72±0.07

TransGTR 9.51±0.13 2.28±0.04 12.24±0.18 2.79±0.02 13.38±0.17 3.02±0.03 7.94±0.09 2.04±0.04 9.83±0.08 2.46±0.04 10.60±0.04 2.64±0.03
TPB 9.18±0.13 2.19±0.02 12.10±0.19 2.75±0.04 13.21±0.27 3.02±0.04 7.61±0.13 1.94±0.07 9.97±0.16 2.38±0.08 10.57±0.20 2.68±0.08

FEPCross 8.94±0.09** 2.16±0.01** 11.42±0.12** 2.63±0.02** 12.04±0.05** 2.78±0.01** 7.35±0.05** 1.89±0.03** 9.26±0.08** 2.32±0.04** 9.81±0.07** 2.46±0.03**

do per-taining on source datasets. TransGTR [16] build transferable graph structure
across cities. TPB [24] constructs the traffic pattern bank from multiple source cities.

The performance evaluation results are presented in Table 2. Based on the informa-
tion provided in the table, the following observations can be made. (1) FEPCross sur-
passes the baseline methods in both short-term and long-term traffic forecasting tasks,
exhibiting a notable average improvement of 15.84% in Mean Absolute Percentage Er-
ror (MAPE) and 16.77% in Mean Absolute Error (MAE). (2) The cross-city traffic fore-
casting methods exhibit superior performance compared to the other three categories of
baseline methods. This outcome underscores the significance of explicitly addressing
the cross-city few-shot traffic forecasting problem, emphasizing the need for dedicated
modeling approaches. (3) Among the cross-city traffic forecasting methods, FEPCross
performs the best, which demonstrates that FEPCross captures resilient and generaliz-
able frequency-enhanced traffic information across cities. (4) Notably, FEDFormer has
high errors in short-term forecasting, which is attributed to that it is primarily tailored
for long-term time series forecasting tasks.
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Table 3: Ablation Study. The mean and standard deviation of the results on the target city in 5
runs are shown. In each column, the best result is highlighted in bold and grey. P-T and F-T mean
the modules proposed in the pre-training stage and the fine-tuning stage respectively.

PEMS-BAY→METR-LA Shenzhen→Chengdu
5 min 15 min 30 min 5 min 15 min 30 min 10 min 30 min 60 min 10 min 30 min 60 min
MAE MAE MAE MAE MAE MAE MAE MAE MAE MAE MAE MAE

P-
T

Pretrain base 7.23±1.18 2.74±0.13 9.32±0.34 3.32±0.01 11.89±0.54 4.15±0.26 9.21±0.12 2.31±0.03 12.06±0.01 2.88±0.04 13.30±0.11 3.17±0.04
Pretrain base+F 6.35±0.18 2.75±0.09 8.91±0.20 3.47±0.07 11.78±0.24 4.43±0.12 9.31±0.13 2.24±0.02 11.87±0.10 2.75±0.02 12.85±0.13 2.96±0.03

Pretrain base+F+D 6.25±0.07 2.64±0.06 8.73±0.11 3.38±0.08 11.36±0.16 4.27±0.06 9.19±0.05 2.22±0.02 11.64±0.10 2.69±0.02 12.39±0.09 2.86±0.02
Pretrain base+F+D+S 6.09±0.19 2.57±0.05 8.54±0.38 3.31±0.06 11.31±0.46 4.25±0.03 9.08±0.06 2.19±0.01 11.65±0.12 2.67±0.02 12.49±0.11 2.83±0.03

F-
T Finetune Base 6.13±0.15 2.58±0.03 8.80±0.38 3.34±0.06 11.49±0.48 4.24±0.13 9.44±0.04 2.33±0.03 12.22±0.14 2.92±0.09 12.67±0.14 3.01±0.09

Finetune Base+M 6.11±0.21 2.54±0.15 8.60±0.23 3.26±0.19 11.18±0.27 4.09±0.23 8.89±0.07 2.16±0.01 11.55±0.13 2.66±0.01 12.15±0.04 2.78±0.02

FEPCross 5.90±0.04 2.50±0.07 8.52±0.26 3.23±0.01 11.16±0.25 3.98±0.01 8.94±0.09 2.16±0.01 11.42±0.12 2.63±0.02 12.04±0.05 2.77±0.01

PEMS-BAY METR-LA Chengdu Shenzhen
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Fig. 4: Reconstruction Analysis. The MAE of the reconstruction on the time domain is shown.
Pretrain-base and Pretrain base+F have the same performance since they both individually recon-
struct the data of the time domain. FEPCross, i.e., Pretrain base+F+D+S+C, is the final version.

7 RQ2: Ablation Study

In this section, we aim to investigate the contribution of each module proposed in this
paper. We test the performance of six variations of FEPCross by sequentially adding
modules in pre-training and fine-tuning on METR-LA and Chengdu datasets. In the
evaluation of the pre-training modules, all fine-tuning modules are added, and vice
versa. (1) Pretrain base only uses one encoder that takes the time domain as input.
(2) Pretrain base+F(requency) uses three individual encoders that take the time, am-
plitude, and phase domains as input. (3) Pretrain base+F+D(omain) adds the Cross-
domain Aggregator to fuse the information of three domains. (4) Pretrain base+F+D+S
(patial) adds the Cross-space Aggregator to fuse the spatial information. (5) Finetune
base directly uses the full pre-training modules and no fine-tune modules to generate
predictions. (6) Finetune base+M adds the momentum graph module. (7) FEPCross is
the final version with full modules of pre-training and fine-tuning. It can also be repre-
sented as Pretrain base+F+D+S+C(ontrastive) or Finetune base+M+A(ugmented).
The result is shown in Table 3. By incrementally incorporating the frequency-related
modules from the pre-training, a discernible improvement in performance can be ob-
served. This observation demonstrates that the model effectively captures and learns
city-invariant patterns in the frequency domain when addressing the cross-city prob-
lem, aligning with the intuition that the frequency domain is similar across different
cities. Furthermore, the inclusion of the momentum graph and training data enrichment
leads to a notable enhancement in performance. This indicates that the incorporation
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Fig. 5: The attention map to reconstruct the time domain.

of these modules in the fine-tuning stage imparts robustness to the model and helps
mitigate the risk of overfitting the few-shot data.

8 RQ3: Reconstruction Analysis

This section presents an investigation into the enhancement of the expressiveness of the
framework through the proposed frequency domain modules. Unlike our previous study
in RQ2, we shift our focus to evaluating the time-domain reconstruction error during
the pre-training stage rather than the final few-shot forecasting error. If the encoder
exhibits more expressiveness, the time-domain reconstruction error should be lower.
Here, we consider four pre-training variations mentioned in RQ2 and evaluate their
reconstruction performance in the time domain. The result is shown in Fig. 4. We can
see that sequentially adding the modules could lead to a better reconstruction error.
Moreover, adding the cross-domain (D) aggregator leads to a significant improvement,
which demonstrates that the fusion of information of frequency domains contributes to
the reconstruction of the time domain.

9 RQ4: Cross Domain Analysis

In this section, we aim to investigate the effect that the amplitude and phase domain
plays in the reconstruction of the time domain. To visualize this effect, we present the
attention map of the Cross-Domain Aggregator during the inference stage, as depicted
in Fig. 5. Upon analyzing the attention map, we observe that the amplitude domain,
particularly the low-frequency component, plays a significant role in the reconstruction
of the time domain. In contrast, the time domain itself contributes less to the process.
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These findings indicate that the Cross-Domain Aggregator effectively incorporates in-
formation from the frequency domain during the reconstruction pre-training. Conse-
quently, the time domain receives a substantial amount of valuable information from
the frequency domain. This wealth of information enables the training of a robust and
effective encoder, which in turn facilitates accurate traffic forecasting in the target city.

10 Conclusion

In this paper, we investigate the frequency-enhanced pre-training for the cross-city few-
shot traffic forecasting problem. We propose the FEPCross framework to incorporate
the frequency domain into the forecasting in the target city. Extensive experiments show
that our proposed method not only outperforms other baselines but also exhibits good
characteristics such as cross-domain auxiliary information sharing.
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