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Abstract—Multi-source transfer learning is an effective way to
improve prediction in data-scarce target domains by leveraging
knowledge from related source domains. It is especially valuable
in spatio-temporal forecasting, where a target city often has
limited historical observations but many neighboring or struc-
turally similar cities may provide transferable patterns. However,
selecting a reliable source subset is challenging because accurate
transferability estimation usually requires repeated downstream
training, redundant sources may hurt the final combination, and
the number of possible subsets grows exponentially with the num-
ber of candidates.To address these issues, we propose a residual-
guided and diversity-aware multi-source selection framework
that combines lightweight transferability estimation, Determinan-
tal Point Process (DPP)-based subset scoring, and a multi-stage
filtering strategy. Specifically, the framework estimates cross-
domain transferability using residual distributions, temporal
dynamics, and frequency-domain characteristics, while the DPP
formulation jointly rewards target relevance and penalizes inter-
source redundancy. In addition, the multi-stage filtering strategy
progressively narrows the search space, reducing computational
complexity and focusing the selection process on more promising
source combinations. Experiments on a real-world air quality
forecasting benchmark with 4 target cities and 36 candidate
source cities show that the proposed method achieves consistently
lower RMSE and MAE across most target cities and forecasting
architectures. It also substantially reduces the computational
time required for transferability estimation, reducing runtime
by approximately one order of magnitude on average.

Index Terms—Transfer Learning, Multi-source Selection,
Transferability Estimation, Determinantal Point Process (DPP),
Air Quality Forecasting

I. INTRODUCTION

Transfer learning improves prediction performance in data-
scarce target domains by leveraging supervision from related
source domains [1]. In spatio-temporal forecasting tasks such
as air quality prediction, newly deployed monitoring systems
often contain limited historical observations, while other cities
provide abundant multivariate time series for transferable
knowledge [2], [3]. Compared with single-source transfer
learning, multi-source transfer learning can provide stronger
robustness and broader coverage of heterogeneous temporal
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(a) Single-source transferability does not necessarily imply optimal
multi-source transferability.

2 3 4 5
0

1

2

3

4

5

6

7

8

P
os

it
iv

e 
tr

an
sf

er
 c

ou
nt

 (
R

M
S

E
)

Number of source cities

 XinJi
 ChaoZhou

2 3 4 5

0

2

4

6

8

10

12

P
os

it
iv

e 
tr

an
sf

er
 c

ou
nt

 (
M

A
E

)

Number of source cities

 XinJi
 ChaoZhou

(b) For different subset sizes k, randomly sampled source subsets
(100 trials per k) can outperform Top-K source selection based on
individual transferability.

Fig. 1: Motivation examples for multi-source selection. Exist-
ing methods mainly evaluate source-target similarity indepen-
dently while ignoring redundancy and complementarity among
source domains.

patterns [4]. However, directly aggregating all source domains
may introduce redundancy and domain mismatch, making
effective multi-source selection a critical problem [5]–[7].

Despite recent progress, multi-source selection remains
challenging for three reasons. First, accurately estimating
transferability usually requires repeatedly training downstream



forecasting models, resulting in substantial computational cost.
Second, existing methods mainly evaluate source-target simi-
larity independently while neglecting redundancy and comple-
mentarity among source domains [8]–[10]. Figures 1a and 1b
show that the top single-source pair (BaoDing and HengShui)
underperforms a weaker pair (TangShan and ShiJiaZhuang),
and many random source subsets outperform Top-K selec-
tions based on individual transferability across subset sizes.
These findings imply that individually strong sources do not
necessarily form the optimal subset. Third, the number of
possible source subsets grows exponentially with the number
of candidate domains, making exhaustive search impractical
for realistic applications [11]–[13].

To address these challenges, we propose a residual-guided
and diversity-aware multi-source selection framework that
combines lightweight transferability estimation, DPP-based
subset scoring, and progressive candidate filtering. First, we
design a lightweight proxy model to estimate single-source
transferability without repeatedly training downstream fore-
casting models. The proxy model extracts residual represen-
tations and characterizes domain discrepancies from distribu-
tional, temporal-dynamic, and frequency-domain perspectives.
Second, based on the resulting single-source transferability
scores, we construct a Determinantal Point Process (DPP)
kernel for multi-source evaluation, where quality and simi-
larity terms are defined by source-target and source-source
transferability, respectively. This formulation jointly captures
target relevance and inter-source diversity. Third, we develop a
multi-stage filtering strategy that progressively focuses compu-
tation on promising regions of the combinatorial search space,
thereby avoiding exhaustive search over exponentially many
source subsets.

The main contributions of this paper are summarized as
follows:

• We propose a residual-guided and diversity-aware multi-
source selection framework that combines lightweight
transferability estimation with Determinantal Point Pro-
cess (DPP)-based subset scoring for spatio-temporal
transfer forecasting.

• We develop a multi-stage filtering strategy that progres-
sively narrows the search space, reducing computational
complexity while focusing the selection process on more
promising source combinations.

• We conduct extensive experiments on a Chinese air
quality forecasting benchmark with 4 target and 36 source
cities using Transformer and TCN models. Results show
that the proposed method achieves lower RMSE and
MAE across most cities and models, while reducing
transferability estimation time by approximately one or-
der of magnitude.

II. RELATED WORK

A. Cross-city Transfer and Multi-source Domain Adaptation
Urban computing tasks increasingly rely on spatio-temporal

data from multiple correlated cities with uneven supervi-
sion [2], [3]. Cross-city transfer learning transfers knowledge

from data-rich cities to lightly labeled targets [14], [15], yet
many methods assume a fixed source pool. In practice, source
availability, sensor coverage, and inter-city correlations evolve
over time, making source selection a key challenge [16], [17].

Deep domain adaptation mitigates domain gaps through
feature alignment, adversarial learning, and discrepancy mini-
mization [18]–[20]. Multi-source variants employ mixture-of-
experts routing and collaborative representations [4], [21], but
mainly focus on how to combine sources rather than which
sources should be excluded to prevent negative transfer.

For long-horizon regression tasks such as PM2.5 fore-
casting, distributional similarity alone is often insufficient
to predict transfer quality [22]. Domain adaptation theory
and recent multi-source studies also emphasize interaction
effects among domains [6], [23], motivating source selection
strategies beyond simple similarity matching.

B. Transferability Estimation and Divergence-based Screen-
ing

Maximum mean discrepancy (MMD) [24] and related ker-
nel methods measure covariate shift without retraining target
models [25]. Metrics including H-score, LEEP, and LogME
estimate transferability efficiently [8]–[10], but are primarily
designed for classification and capture marginal similarity
rather than temporal compatibility in forecasting.

Submodular maximization offers efficient guarantees for
diversity-aware subset selection [26], while determinantal
point processes (DPP) encourage diversity through log-
determinant objectives that suppress redundant sources [27].
However, multi-city forecasting also depends on nonlinear
temporal interactions and target-specific utility.

Data Shapley and influence-function approaches estimate
the contribution of samples or domains to downstream perfor-
mance [11], [12], but repeated retraining is computationally
expensive for Transformer-based forecasting [13]. Surrogate-
assisted optimization alleviates this cost using lightweight
approximations [28].

III. PRELIMINARY

A. Basic Definition

Suppose that there are N candidate source domains, S =
{S1, S2, . . . , SN}, and one target domain T . Each domain
contains multivariate temporal sequences V = {vt}Lt=1, where
vt ∈ Rd denotes the feature vector at time step t, d is the
number of features, and L is the total number of time steps.

We use T (Si, T ) to denote the transferability from a source
domain Si to the target domain T . For a subset of source
domains A ⊆ S, its multi-source transferability to T is
denoted by T (A, T ).

B. Problem statement

Given source domains S and target domain T , the goal of
multi-source selection is to identify an optimal subset:

A∗ = argmax
A⊆S

T (A, T ). (1)
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Fig. 2: Overall framework of the proposed residual-guided and diversity-aware multi-source selection

In practice, source selection should balance target relevance
and source diversity to maximize transferability while avoiding
redundancy and conflicts. However, the number of candidate
subsets grows exponentially with N , making exhaustive evalu-
ation impractical due to the cost of downstream model training
and validation.

IV. METHODOLOGY

The proposed framework estimates multi-source transfer-
ability without repeatedly training downstream forecasting
models on all source combinations. As illustrated in Figure 2,
the framework contains two stages. Stage 1, a single-source
transferability estimation method is used to estimate trans-
ferability between arbitrary domain pairs, based on which
a DPP kernel matrix is constructed to model source quality
and diversity jointly. Stage 2, a multi-stage source selection
algorithm is performed on the DPP kernel to identify the
optimal source subset while avoiding exhaustive search.

A. Stage 1: DPP Kernel Matrix Construction

The proposed transferability estimation method is first used
to compute:

• transferability scores between source domains;
• transferability scores between each source domain and

the target domain.
The inter-source transferability scores form a similarity ma-

trix S ∈ RN×N , where Sij = Sim(Si, Sj). The source-target
transferability scores form a diagonal quality matrix Q ∈
RN×N , where Q = diag(q1, . . . , qN ) and qi = Sim(Si, T ),
where Sim(·, ·) denotes the estimated transferability score
between two domains.

The final DPP kernel matrix is constructed as

L = QSQ. (2)

This formulation favors source subsets with both high
target relevance and low redundancy. Diagonal entries encode
source quality, while off-diagonal entries encode the similarity
between source domains.

1) Single-Source Transferability Estimation (SSTE): The
proposed method estimates transferability between arbitrary
domains without distinguishing source and target domains.

For a domain D, its data contains multiple Input-Output
Pairs:

D = {(Xi,Yi)}ND
i=1, (3)

where Xi ∈ RH×d denotes the historical observation se-
quence, and Yi ∈ RT×1 denotes the corresponding future
sequence. This representation is shared by both source and
target domain, so the same scoring pipeline can be applied to
all domain pairs.

For two domains Da and Db, their data are first processed
by a residual matrix construction module to obtain residual
matrices. The residual matrices are then fed into a multi-
view feature extraction module, which outputs distribution,
dynamic, and spectral features.

Distances are computed independently in the three feature
spaces: ddist, ddyn, dspec. The detailed formulations are given
in Eqs. (16)–(18).

The total distance is defined as

dtotal = αddist + βddyn + γdspec, (4)

where α+ β + γ = 1.
The final transferability score is obtained by

Sim(Da, Db) = exp(−dtotal). (5)

This exponential mapping converts feature-space distances
into normalized transferability scores. A smaller feature dis-
crepancy yields a score closer to one, whereas a larger
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discrepancy yields a score closer to zero, which makes the
transferability values easy to compare across domains.

2) Residual Matrix Construction Module: The residual
matrix construction module converts multiple Input-Output
Pairs into a structured residual representation, as illustrated in
Figure 3. This module is designed to retain the error behavior
of a lightweight forecasting proxy, because residuals are often
more informative than raw predictions when measuring cross-
domain compatibility. In our implementation, the proxy model
is trained once and then frozen, so all residual matrices remain
directly comparable across domains.

Given a domain data D = {(Xi,Yi)}ND
i=1, each pair is

processed by a residual vector extractor. Specifically, Xi is
first fed into an LSTM encoder and a fully connected layer
to produce the prediction Ŷi:

Ŷi = FC(LSTM(Xi)). (6)

The residual vector is computed as

ri = Yi − Ŷi. (7)

The LSTM encoder and FC layers are jointly pre-trained on
all source domains and then kept fixed during transferability
estimation, allowing the extractor to capture shared spatio-
temporal forecasting patterns across diverse source cities.
By using a unified pre-trained model, residual patterns from
different domains are represented in a common feature space,
enabling more consistent and comparable cross-domain trans-
ferability analysis.

All residual vectors are concatenated row-wise to form the
residual matrix:

R =
[
r1⊤ r2⊤ · · · rND

⊤]⊤ ∈ RND×T , (8)

where T is the forecasting horizon.

3) Multi-View Feature Extraction Module: The multi-view
feature extraction module extracts complementary characteris-
tics from the residual matrix. As shown in Figure 4, the resid-
ual matrix is simultaneously fed into three parallel encoders.
Each encoder focuses on a different aspect of transferability,
so the final score reflects not only how large the residual
error is, but also how that error changes over time and across
frequencies.

a) Distribution encoder: For each forecasting step, the
distribution encoder computes the mean µt, variance σt,
skewness γt, and extreme-value statistic et, where et is defined
as the mean absolute value of the top 5% residuals. These
statistics are concatenated as: zt = [µt, σt, γt, et].

The final distribution feature is fdist = [z⊤1 , z
⊤
2 , . . . , z

⊤
T ]

⊤.
This representation captures both regular error distributions

and severe forecasting failures.
b) Dynamic encoder: The dynamic encoder models tem-

poral dependency patterns in residual sequences. First, the
mean residual sequence r̄ = [R̄1, . . . , R̄T] is computed. The
Pearson Correlation between r̄ and forecasting steps is used
as the first dynamic feature:

c = PearsonCorr([1, . . . , T ], r̄). (9)

Next, the Lag-1 Correlation of each residual vector is
calculated and averaged:

ρ =
1

ND

ND∑
i=1

PearsonCorr(R1:T−1
i ,R2:T

i ). (10)

The final dynamic feature is fdyn = [c, ρ]. This feature
captures whether residual errors drift with forecast horizon and
whether adjacent horizons exhibit similar correction patterns.

c) Spectral encoder: The spectral encoder analyzes
residual patterns in the frequency domain. For a residual vector
r = [r1, r2, . . . , rT ], Fast Fourier Transform (FFT) is first
applied:

R̂i(k) =

T∑
n=1

rne
−j2πk(n−1)/T , k = 0, 1, . . . , T − 1, (11)

where R̂i(k) denotes the frequency component at frequency
index k.

The corresponding power spectrum is then computed as

Pi(k) = | R̂i(k)|2. (12)

Low-frequency Energy Ratio (0–2) and High-frequency
Energy Ratio (8–12) are subsequently computed from the
normalized power spectrum:

LF =

∑2
k=0 Pi(k)∑L−1
k=0 Pi(k)

, (13)

HF =

∑12
k=8 Pi(k)∑L−1
k=0 Pi(k)

. (14)

The bins k = 0–2 mainly capture slowly varying com-
ponents, while the bins k = 8–12 characterize relatively
rapid oscillatory variations. These bands are used as empirical
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Fig. 4: Structure of the multi-view feature extraction module.

spectral descriptors rather than universal physical frequency
intervals.

The final frequency-domain feature is obtained by averaging
these statistics across all residual vectors:

fspec = [LF,HF ]. (15)

Frequency-domain analysis complements time-domain
statistics by characterizing how residual energy is distributed
across different frequency bands, thereby capturing both long-
term trend discrepancies and short-term fluctuation patterns
between domains.

For two domains Da and Db, distances in the three feature
spaces are computed as:

ddist(Da, Db) =
1

T

T∑
t=1

∥zDa
t − zDb

t ∥2, (16)

ddyn(Da, Db) =
√
(cDa − cDb)2 + (ρDa − ρDb)2, (17)

dfreq(Da, Db) =
√
(LFDa − LFDb)2 + (HFDa −HFDb)2,

(18)

B. Stage 2: Multi-Source Selecting

After constructing the DPP kernel matrix, the proposed
algorithm searches for source subsets with high transferability
and low redundancy.

A total of M candidate subsets are randomly generated, with
subset sizes uniformly distributed between kmin and kmax.
Denote the candidate subset collection as

C = {C1, C2, . . . , CM}, (19)

where each subset Cm ⊆ S. For each subset Cm ∈ C, perform
the multi-source transfer estimation (MSTE) process

E(Cm) =
log det(I+ LCm

)

|Cm|a
, a ≥ 0, (20)

where LCm
denotes the principal submatrix indexed by Cm.

Its determinant favors relevant, low-redundancy source com-
binations, while a penalizes subset size. We tuned a over
[0, 1] by ranking subsets via E(Cm) and analyzing the size
distribution of the top 1%. The optimal a = 0.78 maximizes
the normalized entropy of that distribution.

After scoring all candidate subsets, only the top 1% are
retained as elite candidates, since lower-ranked subsets provide
limited additional benefit while substantially increasing the
search space. K-medoids clustering is then performed using
Jaccard distance, the highest-scoring subset in each cluster is
selected as the representative subset:

dJ(A,B) = 1− |A ∩B|
|A ∪B|

. (21)

Next, stochastic neighborhood refinement is performed
through random add, remove, and replace operations to further
explore promising regions of the search space. Each operation
perturbs the current subset by a small amount, which helps
the algorithm escape local optima while preserving strong
candidates.

Finally, all refined subsets are rescored using Eq. (20), and
the subset with the highest score is selected as the final source-
domain combination for downstream transfer learning.

V. EXPERIMENTS

A. Dataset

We use a spatio-temporal air quality dataset covering 43
cities in China from May 2014 to April 2015, including Bei-
jing, Tianjin, Guangzhou, Shenzhen, and surrounding regions.
The dataset contains hourly air quality measurements (PM2.5,
PM10, NO2, CO, O3, SO2) collected from 437 monitoring
stations (2.89M records), hourly meteorological observations
(temperature, pressure, humidity, wind; 1.90M records), and
2-day weather forecasts issued every 3/6/12 hours (0.91M
records) [29]–[31].
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Fig. 5: Forecasting performance of different source selection methods under varying Top-K settings

TABLE I: Statistics of the air quality dataset.

Item Value

Time Span May 2014 – Apr 2015
Air Quality Records 2,891,393
Meteorological Records 1,898,453
Air Pollutants PM2.5, PM10, NO2, CO, O3, SO2
Meteorological Features Temperature, pressure, humidity, wind
Target Cities XinJi, ChaoZhou, DaTong, DeZhou
Source Cities Beijing, Shenzhen, Tianjin, etc. (36 cities)

After preprocessing, three cities with extremely limited data
volume (ChenZhou, WuZhou, and HeZhou) were removed,
leaving 40 cities for experiments. To construct geographically
diverse target domains, we selected one representative city
with relatively limited data from 4 provinces and finally chose
XinJi, ChaoZhou, DaTong and DeZhou as the target cities.
Detailed dataset statistics are summarized in Table I. For
source cities, the data are chronologically divided into training,
validation, and test sets using an 8-month / 2-month / 2-month
split. For target cities, the first 2 months are treated as the
visible set, while the remaining 10 months are used as the
unseen set (i.e., the test set).

B. Baseline

We compare the proposed framework with representa-
tive transferability estimation methods for multi-source trans-
fer learning, including MMD (Maximum Mean Discrep-
ancy) [24], which measures feature-distribution discrepancy
between source and target domains in reproducing kernel
Hilbert space (RKHS); H-Score [8], which evaluates feature–
label dependence through covariance statistics; LogME (Log-
arithm of Maximum Evidence) [10], which estimates trans-

ferability using Bayesian evidence; LEEP (Log Expected
Empirical Prediction) [9], which measures conditional likeli-
hood transferability based on source predictions; TracIn [32],
which estimates sample influence through accumulated gradi-
ent similarity along optimization trajectories; TMC-Shapley
(Truncated Monte Carlo Shapley) [12], which approximates
source-domain Shapley values through truncated random per-
mutations; and G-Shapley (Gradient Shapley) [12], which
evaluates source importance in gradient space.

We further compare against several commonly used strate-
gies, including All-Sources, which directly uses all available
source cities; Best-Single, which selects the best-performing
individual source city; Random, which uniformly samples
source subsets of fixed size; and Top-K, which ranks sources
according to a surrogate transferability score and selects the
top-ranked candidates. The Top-K strategy is applied to all
compared transferability estimation methods.

C. Experimental Settings and Evaluation Metrics
To evaluate the effectiveness of the proposed framework,

experiments were conducted using two representative down-
stream forecasting architectures: Transformer and Temporal
Convolutional Network (TCN). For all experiments, both the
input sequence length and forecasting horizon were set to 24
time steps. The proxy model was trained using the Adam
optimizer with a learning rate of 1×10−5, a batch size of 128,
and 50 training epochs. For multi-source subset generation,
the number of randomly sampled candidate subsets was set
to M = 1000000, kmin = 2 and kmax = 10. All exper-
iments were conducted on a workstation equipped with an
NVIDIA RTX 3090 GPU with 32GB memory. Performance
was evaluated using Root Mean Square Error (RMSE) and



TABLE II: Forecasting performance of different transferability estimation methods for source domain selection. Lower values
indicate better performance; best results are shown in bold and second-best results are underlined.

Target City Model Metric All-Sources Best-Single Random MMD H-Score LogME LEEP TracIn TMC-Shapley G-Shapley Ours

XinJi
Transformer RMSE 1.5284 1.5870 1.5562 1.5276 1.6408 1.5246 1.6350 1.6878 1.6271 1.5985 1.5196

MAE 1.0207 1.0947 1.0473 1.0214 1.0677 1.0246 1.0598 1.0839 1.0518 1.0474 1.0179

TCN RMSE 1.5424 1.5440 1.5266 1.5405 1.7150 1.5488 1.6136 1.5026 1.5210 1.5357 1.5116
MAE 1.0040 1.0570 1.0287 1.0138 1.0872 1.0859 1.0419 1.0205 1.0231 1.0320 1.0029

ChaoZhou
Transformer RMSE 0.4094 0.3952 0.4106 0.3969 0.4028 0.3953 0.3941 0.4038 0.3978 0.4003 0.3892

MAE 0.2938 0.2773 0.2960 0.2824 0.2796 0.2851 0.2758 0.2938 0.2861 0.2829 0.2760

TCN RMSE 0.4029 0.3905 0.4095 0.3892 0.4096 0.3877 0.3864 0.3882 0.3885 0.3885 0.3854
MAE 0.2873 0.2733 0.2952 0.2708 0.2938 0.2677 0.2671 0.2737 0.2736 0.2736 0.2667

DaTong
Transformer RMSE 0.4419 0.4553 0.4913 0.4422 0.4423 0.4403 0.4594 0.4586 0.4632 0.4668 0.4343

MAE 0.2884 0.2990 0.3526 0.2885 0.2909 0.2893 0.3037 0.3044 0.3184 0.3146 0.2861

TCN RMSE 0.4341 0.4446 0.4849 0.4478 0.4238 0.4615 0.4431 0.5841 0.4973 0.5036 0.4234
MAE 0.2850 0.2921 0.3500 0.2983 0.2816 0.3195 0.2904 0.4687 0.3031 0.3002 0.2808

DeZhou
Transformer RMSE 1.0285 1.0522 1.0956 1.0497 1.0669 1.0417 1.0419 1.0619 1.0613 1.0713 1.0388

MAE 0.7038 0.7160 0.7590 0.7093 0.7194 0.6987 0.7051 0.7186 0.7347 0.7248 0.7162

TCN RMSE 1.0242 1.0402 1.0721 1.0429 1.0268 1.0592 1.0645 1.0531 1.0663 1.0524 1.0198
MAE 0.6845 0.6899 0.7319 0.6993 0.6853 0.6893 0.6987 0.6964 0.7276 0.7133 0.6856

Mean Absolute Error (MAE) for forecasting accuracy, Pearson
Correlation (P.) and Spearman Correlation (S.) for measuring
the consistency between estimated transferability scores and
actual transfer performance, and Source Selection Time for
evaluating computational efficiency.

D. Impact of Transferability Estimation on Source Selection

Table II reports the best forecasting performance of each
transferability estimation method among settings with the
number of selected source cities ranging from 2 to 10, with
the exception of the All-Sources and Best-Single strategies.
Since all compared methods share the same Top-K strategy
and downstream forecasting backbones, the performance dif-
ferences mainly reflect the quality of transferability estimation.
Overall, the proposed method achieves the most consistent
performance across different target cities and architectures,
obtaining 11 best results and 3 second-best results among
all RMSE/MAE evaluations. It consistently performs well
on XinJi, ChaoZhou, and DaTong under both Transformer
and TCN, achieving the best RMSE and MAE in most
cases. For DeZhou, the performance gap between methods
becomes smaller, and the All-Sources strategy achieves the
best Transformer results. Compared with existing transferabil-
ity estimators, H-Score and Shapley-based methods generally
show weaker and less stable performance, while MMD and
LogME achieve relatively competitive results in several cases.

Figure 5 further illustrates the performance trends under
varying Top-K settings. As k changes, our method consistently
achieves superior or comparable performance in most cases,
demonstrating stronger robustness to the choice of source city
number.

E. Computational Efficiency of Transferability Estimation

Table III summarizes the computational overhead of dif-
ferent transferability estimation methods prior to downstream
adaptation. Traditional distribution-based metrics such as
MMD achieve the lowest computational cost, but their trans-
ferability ranking quality remains limited according to Ta-

ble II. Although H-Score, LogME, and LEEP are theoretically
training-free once feature representations are available, they
still require pre-training a feature extractor in the spatio-
temporal forecasting setting considered in this work, result-
ing in runtimes of several thousand seconds for each city
split. TracIn and Shapley-based approaches further introduce
repeated gradient accumulation or Monte Carlo subset evalu-
ation, leading to substantially higher computational overhead
and making iterative source selection impractical. These re-
sults indicate that transferability estimation quality and compu-
tational efficiency are often difficult to balance simultaneously.

In contrast, the proposed method avoids repeated down-
stream forecasting training by introducing a lightweight proxy
model for transferability estimation. After a one-time proxy-
model initialization stage, the complete source ranking and
subset evaluation procedure can be completed within only a
few hundred seconds. This efficiency advantage is particularly
important in dynamic urban sensing scenarios, where spatial
correlations and candidate source relationships may change
frequently and source domains must be re-evaluated with low
latency [33].

F. Correlation Between Transferability Estimation and Fore-
casting Performance

Table IV reports Pearson and Spearman correlations be-
tween transferability scores and downstream errors on Trans-
former and TCN models. Our method achieves the strongest
correlations across both cities and architectures. It consistently
obtains the highest Spearman correlations on Transformer
targets for both RMSE and MAE, indicating better ranking
of high-transferability source domains. On TCN, LogME is
competitive in several settings, especially ChaoZhou, while
our method still achieves best or second-best in most cases.
In contrast, TracIn and Shapley-based methods show weak
correlations, suggesting limited effectiveness for transferability
estimation in cross-domain time-series forecasting.
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Fig. 7: Approximate linear correlation between proxy-model performance on the visible target set and downstream transfer
performance on the unseen target set across different source cities.

TABLE III: Runtime complexity and wall-clock cost of trans-
ferability estimation methods (seconds). Here, n denotes the
number of samples per domain, d the input dimension, df the
feature dimension, C the number of classes, P the number of
model parameters, m the number of evaluation samples, T the
number of saved checkpoints, N the number of Monte Carlo
permutations, M the number of sampled source subsets, and K
the average subset cardinality. ftrain, fpre, and f prox

train denote the
training cost of the downstream model, the feature extractor
pre-training cost, and the proxy-model training cost.

XinJi ChaoZhou

Method Complexity Transf. TCN Transf. TCN

MMD O(n2d) 26 45
H-Score O(fpre + nd2f ) 3992 1545 3992 1545
LogME O(fpre + d3f + nd2f ) 3990 1544 3991 1544
LEEP O(fpre + nC) 3990 1543 3991 1544
TracIn O(ftrain + TnmP ) 4350 1897 4313 1861
TMC-Shapley O(Nnftrain) 107013 30622 106974 30685
G-Shapley O(ftrain +NnP ) 61373 30663 61382 30415
Ours O(f

prox
train +MK3) 389 352

G. Ablation Study

We conduct ablation studies on two target cities, XinJi
and ChaoZhou, using Transformer and TCN as downstream
models, MAE as evaluation metrics. For the similarity score,
we consider three variants: w/o dist, w/o dyn, and w/o
freq, which remove the distributional, dynamic, and spectral

components in Eq. (4), respectively. For source selection, we
further compare several alternatives, including w/o dpp (Top-
K selection), w greedy, and w flss. Greedy marginal gain
adds sources with largest validation-error reduction until satu-
ration. FLSS (Facility location source selection) [34] greedily
maximizes incremental facility-location coverage via pairwise
transferability, promoting diversity and representativeness.

The results in Figure 6 show that removing the distributional
component causes the largest performance drop across both
cities and downstream models, indicating that distributional
residual statistics are the most important factor in similarity
modeling. Removing the dynamic or spectral component also
degrades performance, demonstrating their complementary
contributions. For Eq. (4), we set α = 0.7, β = 0.2, and
γ = 0.1. Top-K and greedy selection achieve compara-
ble performance and both outperform FLSS. This is mainly
because FLSS focuses on source coverage while ignoring
target-oriented transferability. Overall, the results verify the
effectiveness of both the proposed evaluation score and source
selection strategy.

H. Sensitivity Analysis

We further examine the effectiveness of the lightweight
proxy model and the sensitivity of the size-penalty exponent
a in Eq. (20). Figure 7 shows that the source-city perfor-
mances produced by the proxy and downstream models align
approximately along a linear trend, despite being evaluated on
different settings and scales. Specifically, the x-axis represents



TABLE IV: P. (Pearson) and S. (Spearman) correlations between transferability score and downstream errors on different cities.
Best in bold; second-best underlined (* indicates that the p-value for the correlation coefficient is greater than 1× 10−4).

Target City Model Metric MMD H-Score LogME LEEP TracIn TMC-Shapley G-Shapley Ours

P. S. P. S. P. S. P. S. P. S. P. S. P. S. P. S.

XinJi
Transformer RMSE 0.7661 0.7681 0.3405 0.2965 0.7632 0.7115 0.2140 0.1210∗ 0.1564 0.1122∗ 0.1918 0.1926 0.2540 0.2838 0.7768 0.7940

MAE 0.7301 0.7293 0.3780 0.3508 0.7522 0.7191 0.2987 0.2147 0.1982 0.2425 0.1618 0.0529∗ 0.1667 0.1558 0.7482 0.8003

TCN RMSE 0.6074 0.6227 0.3300 0.4331 -0.0812∗ -0.0268∗ 0.0571∗ 0.0480∗ 0.3817 0.4703 0.2320 0.3331 0.2205 0.4395 0.7333 0.7638
MAE 0.5979 0.6596 0.2380 0.3937 -0.1064∗ -0.0995∗ 0.1073∗ 0.0842∗ 0.3286 0.3824 0.2307 0.3392 0.1841 0.3239 0.7350 0.8220

ChaoZhou
Transformer RMSE 0.5119 0.5764 0.4341 0.4247 0.4261 0.3885 0.5174 0.6148 0.0418∗ 0.0838∗ 0.1185 0.3912 0.5269 0.5439 0.6156 0.7151

MAE 0.5269 0.5969 0.4489 0.4668 0.4114 0.3894 0.5421 0.6510 0.0026∗ 0.0236∗ 0.1134 0.3946 0.5632 0.6110 0.6362 0.7457

TCN RMSE 0.5564 0.6183 0.3140 0.3782 0.7429 0.7831 0.5645 0.6623 0.6182 0.6810 0.1653 0.3481 0.5027 0.5598 0.7707 0.8029
MAE 0.5685 0.6421 0.3539 0.4348 0.7652 0.8379 0.5955 0.7106 0.6141 0.6877 0.1673 0.3324 0.5324 0.5996 0.7772 0.8015
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Fig. 8: Effect of the subset-size penalty exponent a on the
Pearson/Spearman correlation with downstream performance.

the proxy-model performance on the visible set of the target
city, whereas the y-axis represents the downstream forecasting
performance on the unseen set. The consistent ranking trend
across source cities suggests that the proxy model serves as
an effective indicator of transferability.

Figure 8 illustrates the influence of the exponent a on the
correlation between the transferability score and downstream
performance, measured by both Pearson and Spearman coef-
ficients. In both cases, the correlation coefficients consistently
peak around a = 0.75, suggesting that this weighting achieves
the best balance in source selection. This observation is also
consistent with the optimal value a = 0.78 derived from the
normalized entropy analysis in Section IV-B.

I. Visualization of the DPP Kernel Matrix

Figure 9 visualizes a partial DPP kernel matrix for the target
city XinJi, constructed from the remaining 36 candidate source
cities. For clarity, only a sub-matrix containing 10 source-city
IDs is shown. In the upper heatmap, diagonal entries denote
source-quality scores with respect to the target city, while
off-diagonal entries represent pairwise source similarities. The
green boxes highlight the quality scores of source cities 004,
009, and 010, and the red boxes indicate the similarities be-
tween source city 004 and source cities 009 and 010. The two
similarity values are both around 0.52, indicating comparable
redundancy levels. The lower part compares the multi-source
transfer scores (MSTE), RMSE, and MAE of source sets
{004, 009} and {004, 010}. Since the redundancy levels are
similar, the performance difference is mainly determined by
source quality. Source set {004, 009} achieves better transfer
performance due to the higher quality score of source city
009. This result shows that the proposed method effectively

Sources MSTE RMSE MAE

004+009 0.53 1.97 1.24

004+010 0.49 2.18 1.41

0.52

0.51

0.64

0.65

0.56

Quality

Similarity

Fig. 9: Visualization of a partial DPP kernel matrix for target
city XinJi. Diagonal entries represent source-domain quality
scores, while off-diagonal entries represent inter-source simi-
larities. The lower table further compares the transfer scores
and forecasting performance of different source combinations.

balances source quality and inter-source redundancy during
source selection.

VI. CONCLUSION

In this paper, we showed that effective source selection is
crucial for spatio-temporal transfer forecasting. The proposed
residual-guided scoring strategy estimates transferability from
distributional, temporal, and spectral perspectives without re-
peated downstream retraining, and the DPP-based subset scor-
ing mechanism further balances target relevance and source
diversity. Experiments on a real-world PM2.5 forecasting
benchmark show that the proposed method achieves com-
petitive forecasting accuracy while reducing source-evaluation
cost by approximately one order of magnitude. These results
indicate that lightweight residual representations and diversity-
aware selection are practical for cross-city transfer forecasting.
Future work will focus on robustness under sparse obser-
vations and sensor drift, as well as uncertainty-aware and
continual source updating for larger urban sensing networks.
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