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Abstract—Spatio-temporal prediction enables reliability in
climate monitoring and traffic management. Presently, the
deployment of sensor devices generates massive data, which
provides support for spatio-temporal prediction by extracting
spatio-temporal dependencies in the data. However, making
accurate spatio-temporal prediction is still challenging due to
the presence of low-quality data, which generally includes two
characteristics: 1) missing data, i.e., missing data disrupts the
continuity of time series, and 2) noise data, i.e., deviations are
introduced into data due to noise. Missing and noise data make it
difficult for the model to accurately capture temporal dependencies
between timesteps and the true spatial relationships between time-
varying variables. To ensure prediction accuracy on missing and
noise data, we propose a novel framework for spatio-temporal
prediction, namely Patch-Aligned Attention Network (PAANet).
In particular, PAANet is composed of two main parts, called
Temporal Feature Mining (TFM) and Spatial Feature Mining
(SFM) modules. To jointly address missing and noise data issues
in the temporal dimension, the TFM module is designed on
the basis of multi-scale temporal feature encoder (MSTFE)
and wavelet temporal decomposition encoder (WTDE). More
specifically, MSTFE is used for the first time to capture both
local and global dependencies under missing data conditions.
Then, WTDE is introduced to suppress high-frequency noise and
stabilize temporal trends. Meanwhile, to handle both noise and
missing observations in the spatial dimension, the SFM module
leverages a missing-aware graph imputation (MAGI) layer and a
gated graph attention network (GGAtt), which imputes missing
node information and dynamically filters noise. Experimental
results on two real-world datasets with missing and noise data
demonstrate that PAANet is superior to advanced benchmarks,
as evidenced by the higher prediction precision.

Index Terms—time series forecasting, low-quality time series,
wavelet transform, cross-attention, graph neural network

I. INTRODUCTION

Spatio-temporal prediction aims to model and forecast future
trends across time and space based on historical observations,
and has become an important research focus recently. The
rapid development of sensing technologies and the deployment
of large-scale sensors have produced massive data, enabling
accurate forecasting for applications such as climate monitoring
and traffic management [1]-[3]. In recent years, deep learning
techniques have shown superior capability in capturing such
dependencies. Graph-based approaches [4]-[6] leverage graph
structures to represent spatial relationships, while temporal
models such as RNN [7], [8] and Temporal Convolutional Net-
work (TCN) [9] capture temporal dynamics. Recent attention-
based architectures [10]-[12] further enhance the modeling of
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Fig. 1: (a) and (b) are examples demonstrating the effects of missing
and noise values in temporal feature extraction. (c¢) and (d) are
examples demonstrating missing and noise effects on spatial feature
extraction.

global and dynamic spatio-temporal dependencies through self-
attention mechanisms. Nevertheless, most existing approaches
assume complete and clean data, while real-world spatio-
temporal datasets often encounter the following challenges
due to the high missing rate and complex noise in historical
data:

Challenge I: Impact of missing data. In real-world envi-
ronments, missing data arise when observations are absent at
certain timesteps due to collection or transmission failures.
As illustrated in Figure 1(a), such missing values interrupt
temporal continuity, hindering the extraction of dependencies
between adjacent timesteps. Meanwhile, when x; is missing
at timestep t3 (Figure 1(c)), its actual correlation with other
spatially related variables (z2) becomes obscured, leading to
inaccurate spatial feature aggregation.

Challenge II: Impact of noise data. Noise occurs when
sensor errors or environmental fluctuations cause deviations
from true values. As shown in Figure 1(b) and 1(d), noise
distorts temporal and spatial dependencies: it may alter intrinsic
trends (e.g., changing a downward trend into an upward one)



and reverse the correlation between variables (v, z2), resulting
in unreliable pattern extraction.

To address these issues, we propose PAANet, which contains

a temporal feature mining module and a spatial feature mining
module. The temporal module aligns irregular sequences and
suppresses temporal noise, while the spatial module imputes
incomplete node features and models noise-resistant graph
dependencies. The contributions are summarized as follows:

o We introduce PAANet, a unified spatio-temporal prediction
framework capable of simultaneously handling missing
and noise data, addressing two challenges in real-world
time-series modeling.

o We design two key modules: the TFM module for robust
temporal dependency extraction under low-quality data
conditions, and the SFM module for reliable spatial
representation learning through adaptive graph reasoning.

o We conduct extensive experiments on two real-world
datasets(i.e., USHCN and Air), demonstrating that
PAANet significantly outperforms advanced benchmarks
in prediction accuracy for the next 12 horizons.

II. PRELIMINARIES
A. Definitions

1) Definition I. Time-varying network: We model N time-
varying variables as a graph G = (V, &, A), where nodes V
represent the variables and edges £ denote their connections.
The adjacency matrix A € RV*¥ encodes spatial dependen-
cies, with entries a;; € [0, 1] indicating the positive correlation
strength between the i-th and j-th variables.

2) Definition II. Time-varying variable: The multivariate
time series is defined as X = {zfi }fjg;’,.:l € RVXEXC "where
L is the time window length and C' is the feature dimension. In
real-world scenarios, missing data results in irregular lengths
L,, < L for each variable. Additionally, observations are often
corrupted by additive Gaussian noise €,, ~ A'(0, o2) controlled
by an injection rate v. Therefore, the effective input under
low-quality conditions is formulated as X = {i’ff}gjﬂiﬂ €
RN*EnxC \where 7t = xti + €ti.

B. Problem Formulation.

Given the time-varying network G = j\gV, E,A), and the
multiple time-varying variables X = {fﬁ;}nth:l the goal is
to learn a function f(-) that performs spatio-temporal prediction
on missing and noise data:

Y = f(G,X), (1
where ¥ = {qg;}f;?;jzl € RVXE@XC denotes the predicted

sequence for N time-varying variables in the next () timesteps.
Note that C is set to 1 in this paper.
III. PAANET DESIGN

A. System Overview

As shown in Figure 2, PAANet consists of a temporal feature
mining module and a spatial feature mining module. TFM
aligns irregular sequences and suppresses temporal noise, while
SFM imputes missing spatial information and models noise-
resistant graph dependencies.

B. TFM Module Design

To extract temporal dependencies on low-quality data, TFM
module is designed. Comprised of three components (e.g.,
patching alignment, MSTFE, and WTDE), TFM module forms
a pipeline structure as displayed in Figure 2(b).

1) Patching Alignment: Due to missing values, the lengths of
time-varying variables are irregular, making it difficult for time-
series networks to learn temporal dependencies. To address this,
a transformable patching scheme is designed to align variables
along the temporal dimension. Specifically, given the input
X € RN*EnxC each variable X, is processed independently
by grouping its neighboring timesteps into P equal-length
patches of size L,,. This process is formulated as:

@

where )Efl’““h € RL»*PxC are the aligned representations for
the n-th variable. By applying Eq. 2 across all N variables,

we directly obtain the unified representations xrpateh ¢
RNXLpxPxC

xpateh — patching(X,,),

To encode temporal information, we apply Time2Vec [13]
to the timestamps 7 € RY*L»*F where T, € RL» denotes
the timestamps of the p-th patch. The time embedding of patch
p is defined as:

Wop - Tp -+ Qop, dp =0

, (3
sin(wgp - Tp + agp), 0<dp < Dy )

¢(Tp)[dp} = {
where D, is the embedding dimension, and w and « are
learnable parameters. The resulting time embedding ¢(7') €
RN *LpxPxDe jg then concatenated with the aligned represen-
tation XP*" to obtain

Z = ¢(T) || xrateh, )

where Z € RN*LpxPx(De+C) denotes the unified representa-
tion.

2) Multi-scale Temporal Feature Encoder: To capture local
temporal dependencies within each patch and global ones
between patches, a multi-scale temporal feature encoder is
proposed, consisting of an adaptively weighted TCN and a
standard attention mechanism.

Adaptively Weighted TCN: Standard TCN models adjacent
timestep temporal relationships via causal and dilated convolu-
tions but uses fixed-shape convolution filters, failing to adapt to
variable-length patches from missing values. Thus, we design
the enhanced adaptively weighted TCN, whose attention-based
meta-filter mechanism replaces fixed filters to dynamically
adjust convolution filter shape for variable-length patches. This
meta-filter design dynamically adjusts to irregular observation
patterns caused by missing values. The unified representations
Z € RV*LpxPx(Di+C) are treated as the input of adaptively
weighted TCN, in which Z? = {z1}7?, € RL»xDiH0) g
the unified representations of the p-th patch for the n-th time-
varying variable.

The attention-based meta-filter mechanism contains D con-
volution filters. Each convolution filter shares the same shape,
but its parameters are independent, intending to learn various
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Fig. 2: Overview of our PAANet. (a) PAANet. (b) TFM module. (¢) SFM module. (d) Cross attention.

local temporal dependencies. In detail, for the i-th unified
representations 2, € RP+*+C in ZP, we separately use D
convolution filters to handle 2], :

D

Ly
aT ;
h]cjonv = Zfd[z] : Z:z )
=1

d=1

(&)

b € RP islocal temporal representations for the p-th
patch. [...]5):1 denotes the traversal operation by D convolution
filters. The subscript conv in AP, = stands for the convolution
operation. f4[i] € RP++C represents the i-th element in the
d-th convolution filter, which is denoted as:
fali] = exp(Fu(z;,))
=—7 —.

2221 exp(Fa(zn))

where F,(-) is a learnable meta-filter operation, aiming to
generate parameters of the d-th convolution filter. After L,
operations using Eq.6, we obtain the d-th convolution filter
fa = {falil}i2y € REX(DitO),

Leveraging Eqs.5-6, adaptively weighted TCN generates
local temporal representations of P patches in the n-th time-
varying variable, indicated as H, cony = {h%,,,, }p—y € RF*P.

Standard Attention Mechanism: To capture global de-
pendencies, the local temporal representations [, con, are
summed with their positional encodings PFE, € RY*D to
obtain HX,, € RP*P serving as input to a single-layer multi-
head self-attention mechanism. The computation for the b-th
head is:

where hP

(6)

b, (1.b\T
dn (kn) ’Ub (7)

HM? = Softmaz

where HM? € RP*(P/B) represents the b-th head’s output.
The query ¢%, key &k, and value v are obtained via linear
projections of H X, using learnable weights W; JWE W e
RP*(P/B) The representations from all B heads are then
concatenated to formulate the temporal representation H M,, €
RP ><D:

HM, = (|2, HM?) - W, (8)

where W! € RP*P s a learnable parameter, || stands
for the concatenation. Applying this operation across all
variables yields the missing-aware temporal representations
HM € RN ><P><D_

3) Wavelet Temporal Decomposition Encoder: Traditional
wavelet transforms (WT) [14] are limited by fixed filters
for noise separation. Our Wavelet Temporal Decomposition
Encoder addresses this by introducing a learnable and differ-
entiable architecture that adaptively decomposes frequencies
according to noise patterns. Given the patched sequence
2k € RE-X(De+C) g group of trainable filters {h(V}E
extracts distinct frequency bands:

k
FPO@) =>"n0(r) 2Bt -7+ 1),

=1

C))

where Fﬁ’(l) € REpx(De+C) represents the decomposed signal
at the [-th frequency band, and ¢ € [1, L,] indexes the temporal
position within the patch. For each frequency band, the band-
level feature Hﬁ’(l) is obtained by temporal aggregation over
all timesteps in F2');

L
1 <
HyW =% FRO), (10)
P =1



Then, WTDE flexibly fuses all band-level features through
noise-aware weighting:
L
HNE =" prOgn®, (11
1=1
eXp(’wTHﬁ’(l) _ ,ys%(l))

657(” = I 1) ?
Zz/ exp(wTHﬁ’( ) ’YS%( ))

where sn’(l) estimates the noise intensity of the [-th band and
is derived through normalized temporal variance calculation. ~
controls the penalty on unreliable components. By performing
the above operations (Eqs. 9-12) for all N time-varying
variables and P patches, WTDE yields the complete denoised
representation HN = {HNE}T e RVXPXDwhich
preserves smooth trends while suppressing noisy fluctuations.

Finally, to enhance temporal robustness, H N is adaptively
fused with the missing-aware representations HM from
MSTEFE through a gating mechanism:

HIr=go®HN+(1—-g9)© HM.

(12)

13)

where HT € RV*PXD i the final temporal representations,
g € RNXPXD jg 3 learnable gate that balances the contributions
of both representations.

C. SFM Module Design

Besides temporal feature extraction, a profound understand-
ing of spatial dependencies on low-quality data is crucial to
achieving accurate spatio-temporal prediction. To this end, SFM
module is presented as shown in Figure 2(c), containing an
adaptive graph structure learning layer, a MAGI layer and
GGALt.

1) Adaptive Graph Structure Learning Layer: Low-quality
data alter the true dependencies between variables. Thus, we
design an adaptive graph structure learning layer to dynamically
model spatial relationships at the patch level. The layer takes
HT € RN*PXD aq input, with HT,, € RV>*1*D denoting the
representations for the p-th patch. To construct time-varying
adaptive graphs, we first employ K linear projections to map
the temporal representations H7T), into graph space. Note that
K is set to 2. The k-th (k € {1,2}) projection operation is
formulated as: .

E*® = gT, W, (14)

where Eg’(k) € RM*Ds denotes the dynamic temporal

projection of the p-th patch. D, refers to the graph embedding
dimension. Wék) € RP*Py is learnable parameters.

Then, we compute the K gating vectors to adaptively
control the injection of patch-wise information into H7T},. This
enables the model to dynamically adjust the impact of temporal
dependencies under varying noise conditions. The k-th gating
vector giF) € RV i d as:

gp € is expressed as:

%) = ReLU (tanh ({HTP I E§k>] - W;“)) C5)

where E¥) ¢ RNXDs denotes the learnable static node
embeddings, representing the inherent properties of time-
varying variables. Wék) € RP*+Ps is learnable parameters.

These static embeddings provide a prior for relationships that
persist even when observations are missing or noisy. Finally,
we generate K time-varying node embeddings by combining
the static node embeddings and gating vector, in which the
k-th time-varying node embedding is calculated as:

E;m = E‘gk) + gék) ® E}U)h(k)’ (16)

where E,(,k) € RN*Ps denotes the time-varying node embed-

dings of the p-th patch for N time-varying variables. ® denotes
element-wise multiplication. Based on K time-varying node
embeddings, the adaptive adjacency matrix A, € RV*V of
the p-th patch is computed as:

A, = Softmax (ReLU (Eékzl) : (E,(,H))T)) .an

A, contains dynamic spatial dependencies of the p-th patch
between N time-varying variables.

2) Missing-Aware Graph Imputation: To handle spatially
correlated missingness, we introduce a Missing-Aware Graph
Imputation (MAGI) layer. MAGI performs imputation directly
within the graph convolution using the learned adaptive
adjacency A, and estimates missing features through neighbor
aggregation while preserving observed values. Specifically,
given the temporal representations HT}, € RY*P obtained
from the TEM module for the p-th patch and the corresponding
binary observation mask M, € {0,1}"*P MAGI first
constructs the observed tensor as:

O, = M, ® HT,, (18)

where each element of )}, indicates whether the corresponding
variable is observed (1) or missing (0). Then, the available
information from neighboring nodes is propagated through the
learned adaptive adjacency matrix 4, € RV*V:

Agg, = A4,0,, (19)

where Aggﬂ € RVXD s the aggregated neighborhood informa-
tion, and A, € RY*N denotes the row-normalized adjacency
to ensure scale invariance. This aggregation effectively diffuses
spatial context from observed nodes to those with missing
values.

Next, MAGI fuses the aggregated neighbor features and
self-node information through a learnable mapping to estimate
candidate imputation values:

Cand, = ¢(Agg, W1 + O, W5 +b), (20)

where Wy, Wy € RP*D are trainable projection matrices,
b € RP is the bias term, and ¢(-) denotes a nonlinear activation
function such as GELU. Finally, the imputed representation
HT, € RNV*P is constructed by filling the missing entries
with the generated candidates while keeping the original
observations:

HT, = 0, + (1 — M,) ® Cand,. 21)

Through this process, MAGI adaptively restores missing spatial
representations by integrating information from correlated
nodes in the learned graph structure.



By performing the above imputation on all patches across
the NV time-varying variables, we obtain the missing-aware
unified representations HT € RN*FPxD.

3) Gated Graph Attention: Spatial attention mechanisms
[15], [16] like GAT [17] adaptively model dependencies by
dynamically weighting neighboring nodes. However, obser-
vational noise can obscure true relationships, causing GAT
to learn spurious correlations. In light of this, we design an
improved variant of GAT, namely GGAtt. GGAtt replaces
GAT’s direct feature propagation [18] with a noise-gating
mechanism, which dynamically filters out noise while capturing
actual spatial dependencies. In particular, the p-th patch’s
temporal representations H T, € RN*D of N time-varying
variables are regarded as the input of GGALtt. For the variable
s, (r € [1, N]), its temporal representations H’ T » €ERP a
first denoised through noise-gating mechanism, formulated as:

HT, = ga, ® HT,, (22)
where H' T; € RP is denoised representations. The noise-gating
vector ga, € RP of the 7-th variable is defined as:

a, = o(Wy - HT, +by), (23)
where Wy € RP*P and by € R are learnable parameters. o
stands for the sigmoid function.

After obtaining H T;, GGALtt employs an improved one-layer
attention mechanism to extract the true spatial dependencies.

For the variable s, and its neighboring variable s, the operation
of the b-th head is described as:

HS7" = Softmax (e’”’q (24)

MD/B) o

where H S;’b € RP/B stands for the b-th head’s spatial repre-
sentations. v™* = HT - WY is value vector. W7, € RP*(P/B)
is learnable parameters. e, 4 is the attention coefficient between
variables s, and s,, which can be computed as:

(25)

¢r.q = LeakyReLU (WeT : (q”ka"b)) - Aylr d,

where W, € R2P is learnable parameters. ¢"* = H’ TT we,
and k™0 = H’ T Wk, denote query vector, and key vector,
respectively. WY, and W), € RP*(P/B) are learnable param-
eters. Ap[r, q] E [0,1] is the element located at the i-th row
and j-th column of the adaptive adjacency matrix A,,.

Once HS’" b and b € [1,B], is obtained, the spatial
representatlons HS) € RP of time-varying variable s, at
the p-th patch is formulated as:

HS) = (|l HS )W (26)
where W2 € RP*P is learnable parameters. We perform

multiple iterations using Eqs. 22-26, intending to acquire spatial
representations HS € RVXPXDP of N time-varying variables.

D. Prediction Layer Design

To fuse spatial and temporal dependencies and infer pre-
diction results, the prediction layer incorporates a standard
multi-head cross-attention mechanism. Given the temporal
representations HT € RVN*PXD and spatial representations
HS € RVXPXD ' the mechanism adaptively integrates them
by treating HT as the query and H S as the key and value. To
reinforce the criticality of temporal dependencies, we employ
a residual connection with HT, generating the final fused
spatio-temporal representations H ST € RN*PxD,

Followed by cross attention, the flatten operation and fully
connected layer are leveraged in the prediction layer, thus
generating prediction results based on the spatio-temporal
representations HST € RN*PxD,

During training, we employ the Mean Squared Error (MSE)
loss with L2 regularization to optimize the parameters of
PAANet. The MSE loss function is defined as follows:

A
+ ZwR
—d5)" + SIWIR,

27)

where xﬁf € X and qu;’ € Y denote the observed and
predicted values at timestep ¢; for the n-th variable, respectively.
W denotes the learnable parameters. A\ represents as the
regularization coefficient.

IV. EXPERIMENTS
A. Experimental Setting

1) Dataset Description: We evaluate our model on two real-
world datasets. USHCN [19] is a daily temperature dataset
from 1114 U.S. meteorological stations (Jan 2000—Apr 2025)
with a 77.98% missing rate. Air [20] comprises hourly P M5 5
pollution readings from 1976 stations across 342 Chinese cities
(Mar 2022-Jan 2025) with an 18.16% missing rate. Both
datasets are Z-score normalized and chronologically split into
training, validation, and test sets with a ratio of 7:1:2. To
evaluate robustness, we inject Gaussian noise € ~ N(0,0.12)
into m random positions based on a noise rate v. Additionally,
we construct a mixed noise scenario by combining the Gaussian
noise with impulse noise, which replaces 5% of randomly
selected values (p = 0.05) with extreme magnitudes of £2.0
(= 2 standard deviations of the normalized data).

2) Benchmarks for Comparison: PAANet is compared with
representative baselines across five categories: 1) Classical
statistical approaches: ARIMA [21] and SVR [22]; 2) CNN-
based approaches: MGSTC [23]; 3) GCN-based approaches:
STGCN [6]; 4) Transformer-based approaches: CityCAN [12]
and AirFormer [20]; and 5) Missing-data forecasting ap-
proaches: ODEs [24].

3) Evaluation Metrics: Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), and Mean Absolute Percentage
Error (MAPE) are used to evaluate the performance of PAANet,
where a lower metric indicates a higher prediction accuracy.
In addition, we include training time (TT) and GPU memory
(GPUM) usage of each model as metrics for evaluating training



TABLE I: Experimental results for different models on two real-world datasets under Gaussian noise and mixed noise.

Gaussian Noise

Mixed Noise

Dataset || Model 1-6 horizon 7-12 horizon

1-6 horizon 7-12 horizon TT ||{GPUM

MAE RMSE MAPE

MAE RMSE MAPE

MAE RMSE MAPEMAE RMSE MAPE

ARIMA
SVR

30.29 60.58 34.75
29.83 59.66 33.82

33.16
32.71

63.42
62.45

36.32
35.48

33.15 63.92 37.28 |36.42 66.75 39.15
32.57 62.89 36.45(35.92 65.68 38.32

0.56h
0.64h

MGSTC {|20.80 41.62 24.60 |23.65 44.92 26.21

23.45 44.98 27.30 (26.89 48.35 29.15 (|2.23h|| 4.83G

STGCN ||16.55 33.10 19.52 |19.35 36.85 21.35

USHCN

19.23 36.45 22.18 |22.68 40.23 24.10 (|3.27h|| 6.23G

CityCAN
AirFormer

16.34 32.68 19.18
16.15 32.33 18.89

19.15
18.95

36.38
35.95

21.08
20.81

18.92 3595 21.85(22.42 39.75 23.82
18.68 35.62 21.54 |22.18 39.23 23.45

3.71h
4.04h

6.73G
7.23G

ODEs 15.12 26.71 14.96 |18.22 29.52 16.53

17.85 29.92 17.68 |21.54 32.85 19.21 (|4.87h|| 8.03G

PAANet [(14.35 23.08 12.11 17.05 25.20 14.12

16.92 26.45 14.85 |20.32 28.54 16.92 ||4.92h|| 6.67G

ARIMA
SVR

27.85 55.70 31.52
27.42 54.84 30.89

33.16
32.71

58.62
57.73

32.82
32.15

30.42 58.95 34.28 |36.45 61.92 35.75
30.05 57.92 33.65 |35.98 60.85 34.92

0.47h
0.54h

MGSTC |{19.13 38.26 21.81 |23.65 41.30 23.20

21.85 41.54 24.52 (26.92 44.65 26.18 ||1.81h|| 4.21G

STGCN  |[15.22 30.44 17.23 [19.35 33.86 18.91

17.95 33.78 19.92 |22.68 37.21 21.65 ||2.73h|| 5.71G

Ar 15.03 30.06 16.90
14.86 2972 16.58

19.15
18.95

33.38
32.96

18.64
18.33

CityCAN
AirFormer

17.72 33.35 19.58 |22.42 36.75 21.32
17.50 33.05 19.23 |22.21 36.32 21.05

3.23h
3.47h

6.21G
6.71G

ODEs 12.75 23.85 13.50 |16.22 26.42 14.50

1542 27.18 16.23 |19.55 29.78 17.23 ||4.23h|| 7.43G

PAANet |/12.11 20.15 10.42 [15.12 23.75 12.39

14.78 23.49 13.15 |18.45 27.09 15.12 ||4.48h|| 6.29G

efficiency. For these two metrics, lower values indicate better
computational efficiency.

4) Implementation details: Unless otherwise specified, we
set @ = 24, L = 108, L, = 12, and P = 9. PAANet
is implemented in PyTorch and optimized with SGD using
a batch size of 32 and a learning rate of 0.001. Besides,
the hyperparameters of PAANet consist of the number of
convolution filters D, the layer of standard attention mechanism
Lsan, the layer of attention in GGAtt Lgg 4, the layer of
cross attention L 4, the number of attention heads B, and the
dimension of each head d.. We fine-tune these hyperparameters
on the validation set. After repeated trials, it is observed that
PAANet achieves the highest prediction accuracy when D = 16,
LSA]\,{ = ]., LGGA = 1, LCA = 1, B = 2, and de = 8.

B. Model Comparison

The prediction accuracy of PAANet and benchmarks for
6, and 12 horizons ahead prediction on USHCN and Air
datasets are compared in Table I. We can find that PAANet
is superior to all benchmarks on MAE, and RMSE metrics.
Compared with the second-best benchmark (e.g., ODEs),
PAANet significantly reduces MAE, and RMSE on 6-, and
12-horizon future prediction for USHCN and Air datasets.

From Table I, we draw three main conclusions. First, deep
learning models consistently outperform classical statistical
methods (e.g., ARIMA and SVR), reflecting their stronger rep-
resentation ability. Second, GCN-based and Transformer-based
methods generally surpass CNN-based methods, likely due to
their more effective modeling of spatial dependencies. Third,
PAANet achieves the best overall performance, outperforming
ODEs under both Gaussian and mixed noise settings, which
highlights its robustness to noisy observations. In addition,
PAANet maintains competitive training time and memory usage,
demonstrating a good trade-off between accuracy and efficiency.

TABLE II: The results of ablation study.

USHCN Air
MAE RMSE MAPE| MAE RMSE MAPE

30.29 59.98 34.75(125.85 51.70 29.99
21.15 36.38 21.08 [|19.95 32.96 18.33
18.50 27.71 15.96 ||17.86 29.72 16.58
14.35 23.08 12.11 |[12.11 20.15 10.42
17.02 26.41 14.64 ||16.02 26.41 14.64
15.32 2546 13.98 ||14.63 24.60 12.98
16.50 24.00 14.30 (|12.50 24.80 14.20
15.00 25.46 13.98 ||14.00 24.46 12.98

Model

Basic
+TFM
+SFM

PAANet
-AW TCN
-WTDE
-MAGI
-GGATtt

C. Ablation Study

We conduct ablations under mixed noise by progressively
adding TFM, SFM, and cross attention, and by removing AW
TCN, WTDE, MAGI, or GGAtt from the full PAANet model.

For fairness, PAANet and its variants share the same
parameter settings except for the specified components. The
results in Table II show that +TFM significantly improves
prediction accuracy by capturing local and global temporal
dependencies, while +SFM further enhances performance by
incorporating spatial information. The full PAANet achieves
the best results, demonstrating the effectiveness of adaptively
fusing spatial and temporal features.

Removing key components leads to consistent performance
degradation: -AW TCN weakens robustness to missing data,
-WTDE reduces the ability to suppress high-frequency noise,
-MAGI impairs spatial representation under incomplete observa-
tions, and -GGAtt degrades noise-resistant spatial dependency
modeling. These results confirm the necessity of each module
in PAANet.

D. Hyperparameter Analysis

The average accuracy of PAANet under various hyperpa-
rameter values over the future 12 horizons forecasting on
the USHCN dataset is illustrated in Figure 3. When one
hyperparameter is changed, the remaining hyperparameters
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Fig. 3: Experimental results under different hyperparameter settings
on USHCN dataset.

are kept unchanged. Bayesian optimization [25] is used to
acquire optimal hyperparameters. As displayed in Figures 3.
(a), (b), and (c), we observe that smaller models are more
prone to overfitting, while larger models are more likely to
underfit. On the contrary, Figures 3. (d), (e), and (f) reveal
that fewer layers attain higher prediction accuracy. The main
reason is that more layers lead to error accumulation.

V. CONCLUSION

We proposed PAANet for spatio-temporal prediction on
missing and noise data. The TFM module combines patch
alignment, multi-scale encoding, and wavelet decomposition
to learn robust temporal dependencies, while the SFM module
imputes incomplete node features and filters noisy graph
interactions. Experiments on USHCN and Air demonstrate
consistent improvements over strong baselines. Future work
will investigate more adaptive and efficient extensions of the
framework.
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