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Abstract—The time-sensitive IoT applications require forecasts
that are both accurate and timely. However, the existing spa-
tiotemporal forecasting methods usually treat prediction time
as a fixed observation horizon shared by all nodes, which is
fundamentally mismatched with the asynchronous emergence of
predictive signals across locations. We formulate adaptive early
spatiotemporal forecasting as a coupled nodewise decision prob-
lem, where the model must determine when to predict and what
to predict from partial observations under evolving spatial depen-
dencies. To this end, we propose early spatiotemporal multigraph
convolutional network (ESTMGCN), a unified framework that
learns nodewise prediction timing while preserving informative
spatiotemporal dependencies and reducing error accumulation in
early forecasting. Experiments on four real-world datasets show
that the ESTMGCN consistently outperforms strong baselines
under different target observation budgets and achieves a better
tradeoff between timeliness and accuracy.

Index Terms—Early spatiotemporal forecasting, graph neural
networks, Internet of Things, multigraph modeling, prediction-
time selection.

I. INTRODUCTION

OT-DRIVEN sensing infrastructures continuously generate

large-scale spatiotemporal data, making forecasting a core
capability in many real-world systems, such as traffic manage-
ment [1], parking guidance [2], [3], wildfire monitoring [4],
crime prevention [5], and mobile service recommendation [6].
In these applications, predictive performance is not determined
by accuracy alone [7], [8]. A highly accurate forecast that
arrives too late may miss the intervention window, whereas
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Fig. 1. Comparison of three forecasting paradigms: traditional full-horizon
prediction, fixed-time early prediction, and nodewise adaptive early prediction.
The blue dashed vertical line indicates the prediction time. The gray shading
denotes the amount of observed information, where darker gray means more
sufficient information. Green nodes represent correct predictions, while red
nodes represent incorrect predictions. Traditional forecasting waits until the
end of the observation horizon to predict all nodes; fixed early prediction
uses the same predefined prediction time for all nodes; adaptive early
prediction determines node-specific prediction times according to the evolving
information sufficiency, thereby better balancing timeliness and accuracy.

an early but unreliable forecast may trigger unnecessary
responses, waste public resources, or even cause social panic.
Therefore, the practical goal of spatiotemporal event prediction
is to achieve a desirable balance between timeliness and
accuracy.

Fig. 1 contrasts traditional full-horizon prediction, fixed-
time early prediction, and nodewise adaptive early prediction.

Most existing spatiotemporal forecasting methods focus
primarily on improving predictive accuracy by modeling
temporal evolution and spatial dependency with recurrent,
convolutional, or graph neural architectures. Although these
models have achieved strong performance, they generally oper-
ate under a fixed observation horizon: the model waits until a
predefined time and then predicts future values for all nodes.
Such a strategy is often suboptimal in time-sensitive scenarios,
because informative signals do not emerge simultaneously
across all locations. Some nodes may become predictable
at an early stage, while others may still need additional
observations. Treating all nodes with the same prediction time
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may therefore either delay decisions unnecessarily or force
predictions to be made before sufficient evidence has been
observed.

Early prediction [9] provides a natural direction for
addressing this limitation by making predictions from partial
observations instead of waiting for the complete sequence.
Traditional full-horizon forecasting [10] usually attains high
accuracy but suffers from delayed response. Fixed-time early
prediction [11] reduces latency, yet it still requires all nodes to
share the same prediction moment, ignoring the heterogeneity
of local dynamics. Adaptive early prediction is more flexible
because it learns when to stop observing and when to predict
based on the incoming data [12]. However, most existing
adaptive early prediction methods are designed for generic
time-series or classification settings and do not explicitly
address the graph-structured and dynamically evolving depen-
dencies that are central to spatiotemporal event forecasting.

Introducing adaptive early prediction into graph-based spa-
tiotemporal forecasting raises several unique challenges.

1) The optimal prediction time is inherently node-
dependent. Different regions evolve at different rates and
may exhibit very different signal strengths, which means
that a unified global stopping time is inadequate.

2) Spatial dependency is not static. In real-world envi-
ronments, correlations among nodes may change over
time due to latent factors, abrupt events, or evolving
propagation patterns; thus, relying solely on a fixed
graph can limit early-stage prediction quality.

3) Reducing the observation window generally increases
uncertainty and makes multistep forecasting more vul-
nerable to error accumulation, which can severely
degrade the reliability of early predictions.

To address these issues, we propose the early spatiotem-
poral multigraph convolutional network (ESTMGCN), an
adaptive early forecasting framework for graph-structured spa-
tiotemporal data. ESTMGCN combines three complementary
components. First, a reinforcement-learning-based controller
learns how to select an appropriate prediction time for
each node and issue its forecast, enabling nodewise adaptive
prediction rather than relying on a fixed schedule. Sec-
ond, a dynamic multigraph convolution module learns what
spatiotemporal relations should be emphasized by jointly
modeling static topology, dynamic internode dependency,
and temporal similarity. Third, a transform-attention module
improves how future representations are generated by directly
linking encoder states to decoder states, thereby alleviating
error accumulation along the forecasting horizon.

The main contributions of this work are summarized as
follows.

1) We formulate adaptive early spatiotemporal forecasting
as a nodewise decision problem that explicitly balances
prediction timeliness and forecasting accuracy.

2) We propose ESTMGCN, an encoder—decoder frame-
work with a reinforcement-learning-based controller
that adaptively determines the prediction time for each
node instead of relying on a global fixed prediction
schedule.
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3) We design a dynamic multigraph convolution module
and a transform-attention module to capture evolving
spatiotemporal dependencies and mitigate error accumu-
lation in early forecasting.

4) We evaluate ESTMGCN on four real-world datasets and
demonstrate that it achieves a favorable tradeoff between
timeliness and predictive performance across different
spatiotemporal forecasting scenarios.

This work extends our KDD’24 paper STEMO [13] by
retaining nodewise adaptive early forecasting and multistep
temporal similarity modeling, while introducing dynamic
multigraph construction, transform-attention, and a redesigned
prediction-time controller. It further adds the air quality
dataset, stronger baselines, and new ablation, statistical, run-
time, stability, and interpretability analyses.

II. RELATED WORK

The spatiotemporal forecasting plays a crucial role in a
wide range of applications, including weather forecasting [14],
traffic flow prediction [15], and earthquake monitoring [16].
Recent advances in spatiotemporal forecasting have substan-
tially improved predictive accuracy by developing stronger
mechanisms for modeling spatial dependency and temporal
evolution. DCRNN [11] employs diffusion convolution within
an encoder—decoder recurrent architecture to capture directed
spatial propagation and temporal dynamics. Graph WaveNet
[17] replaces recurrent temporal modeling with dilated causal
convolutions and further introduces adaptive graph learning
to capture latent dependencies. ASTGCN [18] and GMAN
[19] emphasize attention-based spatial-temporal interaction
modeling, while AGCRN [20], DGCRN [1], and MTGNN
[21] further move toward adaptive or dynamic graph con-
struction for multivariate temporal dependency learning. These
studies demonstrate that better graph structures and temporal
operators can significantly improve forecasting accuracy under
a predefined observation budget. However, their prediction
protocols are still largely based on a fixed observation horizon
or a predetermined prediction schedule. In other words, they
mainly address “how to forecast better” after a given amount of
data is observed, rather than “when to forecast” for each node
under time-sensitive decision requirements. Recent studies,
such as sensor-aware CapsNet [7] and the Exofeature-aware
transformer [8], highlight the importance of modeling hetero-
geneous sensing information for reliable prediction, whereas
ESTMGCN focuses on nodewise adaptive prediction timing
in spatiotemporal IoT systems.

Early prediction aims to make decisions as early as pos-
sible while preserving acceptable reliability. Earlier studies
formulate early classification as a nonmyopic or cost-aware
sequential decision problem, explicitly optimizing the tradeoff
between earliness and accuracy. More recent methods, such
as TEASER [22] and EARLIEST [12], introduce adaptive
triggering or reinforcement-learning-based halting policies to
determine when sufficient evidence has been observed. The
related attention-guided models, such as RAIM [23], further
improve early prediction by focusing on salient segments in
multimodal monitoring streams. More recently, adaptive early
prediction has also begun to be explored in graph-structured
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TABLE I
COMPARISON OF ESTMGCN WITH REPRESENTATIVE BASELINES

Method A('ia;')tive Nodef—yvise df;;:gl;%y Explicit
timing decision - error-control
modeling
DCRNN No No No Yes
Graph WaveNet No No No No
MTGNN No No No No
EARLIEST Yes No No No
RAIM Yes No No No
STEMO Yes Yes No No
ASTER Yes Yes Yes No
ESTMGCN Yes Yes Yes Yes

spatiotemporal settings, and STEMO [13] addresses adaptive
early spatiotemporal forecasting but does not explicitly model
dynamic spatial dependency or mitigate multistep forecasting
errors. Although these methods provide important insights into
timeliness-aware decision making, they are mainly developed
for sequence classification or event prediction on individual
data streams. Consequently, they usually assume a single
decision process for each sequence and do not explicitly
model graph-structured internode dependency, nodewise adap-
tive prediction time in spatiotemporal systems, or the coupling
between adaptive timing and multistep forecasting error prop-
agation. Therefore, despite progress in both spatiotemporal
forecasting and early prediction, their integration for graph-
structured adaptive early forecasting remains limited.

To highlight the key methodological differences, Table I
compares ESTMGCN with representative baselines in terms
of adaptive timing, nodewise decision, evolving dependency
modeling, and explicit error control.

IIT. PROBLEM FORMULATION

Let G = (V,E) be a graph with N nodes, where v; € V
denotes the ith node and (v;,v;) € E denotes an edge between
nodes v; and v;. Let A € R¥*V denote the adjacency matrix
of G, which encodes the spatial proximity between nodes and
can be constructed according to prior knowledge, such as road-
network distance. Let X, € R denote the observed node
values at time step ¢, and let Xy, = {Xo, X},...,X,} denote
the partial observation sequence up to time ¢.

Unlike conventional spatiotemporal forecasting, which uses
a fixed observation horizon for all nodes, we consider an adap-
tive early forecasting setting. Specifically, for each node v;, the
model is expected to determine an appropriate prediction time
and output its forecast for the target step 7 using only partial
observations. Let #; € {0,1,...,T — 1} denote the optimal
prediction time for node i.

Throughout this article, adaptive early spatiotemporal fore-
casting denotes this forecasting task, whereas prediction-time
selection denotes the nodewise stopping operation.

For node v;, let )A((T’)l denote the prediction generated at
time ¢t based on X, The optimal prediction time should
balance forecasting accuracy and prediction timeliness, which
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TABLE I
MAIN NOTATION USED IN ESTMGCN

Symbol Definition

G=(V,E),N,T Graph, number of nodes, and maximum observa-

tion length
X, Xo:t, )A(j(f ) Observation at ¢, observed prefix, and target-step
forecast made at ¢
Static, dynamic, and temporal-similarity graphs
Static node embedding and source/target embed-
dings

AS7 AtD7 AZ;/

Xsta7 X567 Xte

(t)
H.“HQ )
Py, ap,my,t

Encoder and decoder hidden representations
Decision probability, raw action, first-hit selector,
and selected prediction time

Prediction, controller, and earliness losses

*
i

LszC>Lc

can be conceptually formulated as

f=arg max [logP (%1%, G) -g] ()

X
0,...T—1)
where g(¢) = t/(T—1) is a normalized monotonically increasing
delay penalty. Here, P(X(T’?[ | Xo., G) represents the predictive
reliability of the candidate forecast. Equation (1) is a con-
ceptual criterion and is not directly optimized. In practice, its
reliability—timeliness tradeoff is operationalized by L,, L., and
L. in (24). Specifically, L, is the MAE prediction loss, L. uses
the negative-absolute-error reward for controller optimization,
and L, encourages earlier predictions.
The main notation used in the model is summarized in
Table II.

IV. METHODOLOGY

A. Overview of ESTMGCN

The overall architecture of ESTMGCN is shown in Fig. 2.
Given a graph G = (V,E) with N nodes, let X, € RV denote
the observations at time step 7, and let Xy, = {Xo,...,X;}
denote the partial observation sequence up to time 7. Our goal
is to perform adaptive early spatiotemporal forecasting, i.e.,
to determine an appropriate prediction time for each node and
to output an accurate forecast of the target horizon using only
partial observations.

ESTMGCN adopts an encoder—decoder architecture with
three core components: 1) a multigraph structural modeling
module; 2) a transform-attention bridge; and 3) an adaptive
prediction-time controller. The multigraph module captures
complementary relations from static topology, dynamic depen-
dency, and temporal similarity. The encoder summarizes the
observed history under the fused graph operator, while the
transform-attention bridge generates future-aware decoder rep-
resentations to alleviate error accumulation. Based on these
representations, the controller estimates nodewise decision
probabilities for selecting appropriate prediction times.

At each time step t, ESTMGCN first updates the graph
structures from the current and historical observations and
then computes the encoder hidden state through a graph-aware
recurrent unit. The transform-attention bridge subsequently
maps encoder states to decoder-side future representations.
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Fig. 2. Architecture of ESTMGCN. The model first updates multigraph structures from the current observation and historical states and then encodes the
observed sequence with a multigraph recurrent encoder. A transform-attention bridge maps encoder states to decoder-side future representations for forecasting.
Based on the terminal decoder representation H(T') and the time-step information, the prediction-time controller estimates nodewise decision probabilities and
produces selection actions for stepwise predictions. The final forecast retains the unique first-hit prediction for each node according to (18) and (19).

Finally, the controller produces nodewise decision probabil-
ities, and the first-hit rule assigns one prediction time to each
node.

B. Multigraph Structural Modeling

To support adaptive early forecasting under evolving spa-
tiotemporal dependencies, we model three complementary
graph structures: a static spatial graph, a dynamic dependency
graph, and a multistep temporal similarity graph.

1) Static Spatial Graph: The static graph provides a time-
invariant topology prior as a symmetric, undirected weighted
graph. Let AS € RV*V denote the static adjacency matrix.
Following the original setting, its entries are defined from
geographical proximity:

2
ij ..
expl—=1], i#
Asz p( s2) I

0, i=j
where d;; is the distance between nodes v; and v;, and
s controls the edge-weight distribution. Let D be the degree
matrix of AS. The row-normalized operator D~'A stabilizes
feature propagation.

2) Dynamic Dependency Graph: A fixed graph cannot
characterize rapidly changing internode relations. To model
short-term and context-dependent interactions, we construct
a dynamic adjacency matrix AP € RV*VN at each time
step. Specifically, the current observation X, and the previous
hidden state H,_; are first projected over the static graph to
generate source and target embeddings, denoted by X,. and
X, respectively. The computation process for X, and X is
as follows:

X, = ReLU (D7'A® (W)[X;; He_1]) Wee) Xy
X = ReLU (D7'AS (W/[X(; He-1]) Wee) Xota

2

3)
4)
where [X;; H,_;] denotes the concatenation of the current

observation and the previous hidden state, W; is a learnable
linear projection matrix that maps the concatenated input

into an intermediate latent space, and W, and W, are the
learnable projection matrices used to produce the source and
target embeddings, respectively. The matrix Xy, is a randomly
initialized, learnable static node embedding.

The dynamic adjacency matrix is then defined as

A[D = RelLU (tanh (a’ (XseXZ; - thX{E))) (5)

where a controls the saturation rate. The antisymmetric score
followed by ReLU produces a directed, nonnegative weighted
graph. Self-loops and row normalization are applied before
fusion, while the static graph remains in every fused operator
as a stable topology prior.

3) Multistep Temporal Similarity Graph: Early forecasting
also depends on cross-node temporal similarity and potential
lead—lag relations. To model such information, we introduce
a multistep temporal similarity tensor A7 € RUFDXNXN jp
which each slice A,,T,, measures the similarity between the
current prefix of one node and the historical prefix of another
node. For nodes v; and v;, we define

AT _ exXp (—K -DTW (X,',();f, xj,():t’)) ’ i+ j
ni = . ©
0, 1=]

where DTW(:,-) denotes the dynamic time warping and
k controls the decay of temporal-similarity weights. DTW is
computed online by exact dynamic programming, using one
T x T table per node pair and O(BN>T?) time for a batch of
size B. Each temporal-similarity slice uses continuous weights
and is row-normalized after adding self-loops. The value of
k is selected on the validation set and then fixed for the
corresponding dataset.

4) Multigraph Fusion: The three graph structures serve
different purposes: AS provides stable topology, AP captures
time-varying dependency, and A;r,, models temporal similarity
across observation prefixes. The dynamic graph weights are
interpreted as data-dependent directional dependency scores
rather than causal relations. Although both the dynamic
and temporal-similarity graphs are observation dependent,
the former models instantaneous latent internode dependency,
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whereas the latter measures prefix-level temporal-pattern simi-
larity, so they provide complementary information. No explicit
top-k pruning is used; sparsity arises implicitly from the ReLU
suppression of nonpositive relation scores. We fuse the three
graphs into a unified graph operator

1
Ho = WY (HE (511 + 2D 14°
k=0

-1
+BD (AP + 1)+ 4 ) D) (A ,,,+1))) )
=0
where (1,8,,083,84 are the fixed scaling coefficients set to
[0.05,0.95,0.95,0.95] for all datasets. They scale the four
components 1ndependently and are not constrained to sum
to one. D, and Dt ¢ are the degree matrices of the dynamic
and temporal-similarity graphs, respectively. For simplicity,
the fused operation is denoted by

Hout = Oy (Hin) ®)

where *¢g denotes the multigraph convolution.

C. Multigraph Recurrent Encoder

After obtaining the fused graph operator, we embed it into
a recurrent encoder to jointly model temporal evolution and
graph-structured dependency. Instead of using standard linear
transformations in GRU, we replace them with multigraph
convolution

2= 0 (O (Him1 11X))) 9)
1 =0 (Og X/ 1 Hop) (10)
Iy = tanh (@pug (r, © Hiy || X)) (11)
H=>1-z)0H_ +z0h (12)

where ©,, ©,, and ®; represent multigraph convolution oper-
ators applied during the update gate, reset gate, and candidate
hidden state computation, respectively. o(-) denotes the sig-
moid function, © indicates the elementwise multiplication, and
|| represents concatenation.

This design preserves the sequential memory mechanism
of GRU while allowing each hidden-state update to adapt
to the fused spatiotemporal structure inferred from partial
observations.

D. Transform-Attention Decoder Bridge

Shortening the observation window generally makes mul-
tistep forecasting more vulnerable to error accumulation, as
shown in Fig. 3. To alleviate this issue, we introduce a
transform-attention bridge that directly maps encoder-side
history to decoder-side future representations [19]. We first
construct a spatiotemporal embedding that combines temporal
position and node-specific signal information. Let X/ € RP
denote the temporal embedding of time step ¢, and let X;S eRP
denote the spatial embedding of node v;, where D is the
embedding size. Their fused representation is written as

X537 =X + X/ (13)
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Fig. 3. Structure of the transform-attention module. At time ¢, the hldden
state Hy.; is the encoder output from time O to ¢, the hidden state H _p s
the decoder input, and softmax,l (&i(t1,12)) represents the attention welght of

node v; between H;, and H,2 ,where tj =0,...,tand rp =1¢,...,T — 1.

Based on this embedding, we establish direct dependencies
between encoder states and future decoder representations.
For node i at observation step ¢, the attention score between
encoder time #; and decoder time f, is computed by

€1 ,Ci
&, 1) = —< ”‘\/5”2)

eir = ReLU (WS +b) (14)

where W and b are the learnable parameters. For a larger
value of D, the dot-product magnitude tends to increase,
which may push the softmax in (15) into low-gradient regions.
To counteract this effect, the dot products are computed and
multiplied by the scaling factor 1/VD. The hidden state of
the decoder input is

t
H{) =" softmax,, (£, (t1.12)) ReLU (W;Hi,, +b;) (15)
H=0
where t» = t,...,T — 1, and the softmax is taken over
t1=0,...,1

By directly attending to informative encoder states, the
decoder no longer relies solely on recursive propagation across
future steps, which helps reduce cumulative prediction errors
under early observation.

To interface the transform-attention decoder with the con-
troller, after obtaining the decoder-side states Htt)T > We
perform one additional decoder update to produce the terminal
decoder representation H(Tt). This representation summarizes
the decoder rollout conditioned on the partial observations up
to time ¢ and serves as the input to both the prediction-time
controller and the stepwise prediction head.

For the controlled comparison in Section V-D4, the standard
encoder—decoder attention variant replaces only the transform-
attention bridge. The encoder, decoder, multigraph module,
controller, hidden dimension H = 32, data splits, training
hyperparameters, and one-observation input protocol remain
unchanged.

E. Adaptive Prediction-Time Controller

We design a controller based on reinforcement learning
to adaptively determine the prediction time for each node.
To determine the optimal prediction time * = {£}Y , we
introduce a policy m. At time ¢, the replicated time vector
T, =[t,...,t] € R¥ is concatenated with each node’s decoder
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output H(T’?i € R, yielding the controller state S, € RV*2H,
A shared linear layer followed by a sigmoid produces the
nodewise decision probabilities p;

pi =0 (WS, +b) (16)
where W, and b, are the learnable parameters, and o7(-) denotes
the sigmoid activation. With H = 32, this shared Linear(64, 1)
controller has 65 trainable parameters. The raw action a; =
{aﬁ},’.‘i , is sampled independently for each sample and node
according to m(al = 1) = pi.

To avoid excessive exploitation during training, we employ
e-greedy action selection

Bernoulli (p})
! Bernoulli (0.5),

with probability 1 — & (17
with probability &

where ¢ =
thereafter.

The use of e-greedy exploration prevents the controller from
collapsing too early to suboptimal decision patterns in the early
stage of training. Since the controller must learn both when to
predict and how prediction timing affects forecasting quality,
pure exploitation can easily bias the policy toward locally
favorable but globally suboptimal decision times. Gradually
decreasing € allows the model to explore diverse prediction-
time selections at the beginning of training and then stabilize
the learned policy in later epochs.

Only the first positive action determines the prediction time.
The corresponding selector is

exp(=7k/5000) for 0 < k < 5000 and ¢ = 0O

t—1
aﬁl_[(l—ai), 0<r<T-1
mp =3 570 (18)
t=T-1

where the empty product at t = 0 equals one. Thus, Z,T:_O' m =

land# = ZtT;Ol tmi. Later positive actions have no effect, and
the final step is selected when no earlier action is positive.

The final prediction is computed using m, = {m}}¥ |
T-1
Xr =Y m oReLU (WPH;” n bp) (19)
1=0

where © denotes the Hadamard product, and W, and b, are
the learnable parameters.

F. Training Objective

ESTMGCN is trained end-to-end by jointly optimizing
forecasting accuracy, prediction timeliness, and the controller
policy.

1) Prediction Loss: The prediction loss is the mean abso-
lute error between the final prediction and the ground truth

N

A

Xri— X7

(20)

i=1
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2) Earliness Loss: The earliness loss is defined as
1 L
Le:—NZngn(a;: 11S)) 1)

i=1 =0

where 7 is the first-hit prediction time defined by (18). Min-
imizing this term increases the probability of selecting earlier
prediction steps. Here, L, is an auxiliary prefix regularizer
on stopping propensity; it does not imply multiple effective
predictions because (18) converts the raw action sequence into
a unique first-hit event.

3) Controller Loss: Because the controller involves discrete
action sampling, it is optimized with a policy-gradient surro-
gate. For node i, the stepwise reward and the first-hit return
are

T-1
Rl = —X9, - Xr,l. r= Zm;R; = R;.. (22)
=0

The reward is computed in the training-data-normalized space
with unit scaling, while timeliness is represented separately
by L.. Let A contain the active sample-node-time tuples up to
their first-hit times. The controller loss is

1 i i
L.= T Z logm (ak, | S ) sg(rh—br)
(s,i,)eA

(23)
where b, is a learned scalar baseline shared across samples and
nodes at step . It is updated in every minibatch by minimizing
the mean squared error between b, and the stop-gradient
return 7i.

4) Joint Objective: The final objective is

L= Lp + a)lLC + a)zLe (24)

where w; controls the contribution of the controller loss L.,
while w, controls the strength of the earliness regulariza-
tion L,. A larger w, encourages earlier prediction decisions,
whereas a smaller w, places more emphasis on forecasting
accuracy.

G. Training Strategy and Practical Inference

The training algorithm in Algorithm 1 updates the learn-
able parameters of the dynamic graph convolution module
fa(+), transform-attention module f,(-), and controller f.(-).
These modules and the prediction head are jointly trained
from random initialization starting with the first minibatch.
A gradient-norm cap of 5 and validation-MAE early stopping
are applied for training stability.

During inference, observations arrive sequentially. At each
time step t, ESTMGCN updates the fused graph structure and
encoder hidden state, constructs decoder-side future represen-
tations through the transform-attention bridge, and computes
p; and )A((Tt). The first step satisfying pi > 0.5 is selected
for node i; if the threshold is never reached, T — 1 is used.
This deterministic rule is fixed across datasets and target
observation budgets, and the final prediction follows (19).

By jointly optimizing ®,, ®,, and ®,, ESTMGCN learns
the forecasting model and controller policy end-to-end.
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TABLE III
DATASET CONSTRUCTION AND PREDICTION SETTINGS. EACH INPUT CONTAINS 7' = 12 STEPS AND THE TARGET IS THE NEXT STEP

Dataset Spatial nodes Interval Input span Prediction target
METR-LA 207 highway sensors 5 min 60 min Traffic speed in the next 5 min
EMS 145 ZIP-code regions 1h 12 h Dispatch count in the next hour
NYPD 77 patrol precincts 4 h 48 h Incident count in the next 4 h
Air Quality 92 monitoring stations 2h 24 h PM: 5 concentration in the next 2 h

V. EXPERIMENT

This section outlines the experimental settings and find-
ings used to assess the effectiveness of the proposed
ESTMGCN model. We conduct comparisons with baseline
approaches, evaluate the contributions of individual mod-
ules, and investigate how various parameters influence overall
model performance.

A. Datasets and Preprocessing

Experiments are conducted on four real-world datasets
from diverse application domains: METR-LA, EMS,’
NYPD, 2 and Air Quality3 [24]. Their node definitions and
temporal construction are summarized in Table IIL

The EMS hourly counts are obtained by summing two
consecutive 30-min dispatch-count bins, while NYPD records
are aggregated into 4-h precinct-level counts. The data are
divided chronologically into training, validation, and test sets
at 70%, 10%, and 20%. Only the primary signal channel
is standardized using scalar mean and standard deviation
computed from the training split, and predictions are inverse-
transformed before evaluation. In METR-LA, zero-valued
targets are treated as missing and excluded from the loss and
metrics; all finite values are retained for air quality, while zero
counts are valid observations for EMS and NYPD. Therefore,
the main comparison reports MAE and RMSE, avoiding the
instability of MAPE on sparse or zero-inflated counts.

The static graph is constructed by the geographical-distance
Gaussian kernel, using sensor or station locations for METR-
LA and air quality and region centroids for EMS and NYPD.
Dynamic and temporal-similarity graphs use only the current
observation prefix, normalization statistics are obtained from
the training split, and graph hyperparameters are selected on
the validation split.

B. Baselines and Evaluation Protocol

ESTMGCN is compared with representative statistical,
recurrent, graph-based, and early prediction baselines, includ-
ing HA [25], ARIMA [26], LSTM [10], DCRNN [11], Graph
WaveNet [17], ASTGCN [18], MTGNN [21], EARLIEST
[12], RAIM [23], STEMO [13], ASTER [27], and Graph
WaveNet with early exit (GWN-EE). GWN-EE uses Graph

! Available: https://data.cityofnewyork.us/Public-Safety/EMS-Incident-
Dispatch-Data/76xm-jjuj

2 Available: https://www.kaggle.com/datasets/mrmorj/new-york-city-police-
crime-data-historic

3 Available: https://english.mee.gov.cn/

Algorithm 1 Training Algorithm of ESTMGCN
Input: graph G, recorders; dynamic graph convolution module
fa(+), transform-attention module f,(-), controller f.(-)
Parameter: learnable parameters ®,, ©,, ®., and by.7_
Output: learned model
1: repeat
2 Initialize H_; for the encoder, and randomly select a
batch (X € REXTXN X, e RE*N) from the recorders

3: fort=0,...,T—-1do

4: H; = fu(X;, Hi-1,G; 0y)

s: H7_, = fuX;, Hor3 ©,)

6: Initialize the decoder input X,m

7: for Y =t+1,...,T do

8: X® = ReLUW f; (Xff)_ LHY |G, @d) +b)

9: end for

10: Obtain the terminal decoder representation H\’

11: Construct the controller state S, = [H(T’) [l 7]

12: Compute the decision probability p; = (WS, +

b.)
13: Sample the raw action g, independently with e-
greedy exploration

14: Update the first-hit selector m, using Eq. (18)

15: end for

16: Xr =Y moXY

17: Compute L = L, + wiL; + wyL, and the baseline
loss L,

18: Compute the stochastic gradients of @4, ®,, and ©,
according to L

19: Update 04, ©,, and @,; update by.r_; using L

20: until the stopping criterion is met

WaveNet as the forecasting backbone with a nodewise early-
exit head. All methods use the same chronological split and
preprocessing pipeline. The dataset-level actual used time is
100%/MN Zf’il Zfil(t;i + 1)/T, where M is the number of
test samples and N is the number of nodes. At the 100%
operating point, all methods use the full T-step input. Fixed-
horizon methods use the first nine, six, and three steps at the
75%, 50%, and 25% target observation budgets, respectively.
For each adaptive method and target observation budget, the
timeliness-control hyperparameter is selected on the validation
set to match the target within £2 percentage points; among
feasible settings, the one with the lowest validation MAE is
used for testing. For ESTMGCN, the selected w, is shared by
all nine random seeds.
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C. Parameter Settings

The model is optimized with the Adam optimizer [28]. We
provide the specific parameter settings used in the experiments
to ensure reproducibility. These parameters are chosen based
on preliminary experiments and existing literature in the field.
The initial learning rate is set to 0.001. The layer depth of
the dynamic graph convolution module is set to 1, the hidden-
state size H is set to 32, the node-embedding dimension D
is set to 40, the batch size B is set to 32, and the maximum
observation window length T is set to 12. The fixed scaling
coefficients B, B2, B3, and B4 are set to 0.05, 0.95, 0.95, and
0.95, respectively. The decay hyperparameter « is selected on
the validation set to avoid an overly dense or overly sparse
temporal-similarity graph. w; is set to 1, and w; is searched
over {0.001,0.005,0.01,0.02,0.05,0.075}. Early stopping is
employed to avoid overfitting.

D. Experimental Results

In this section, we present the results of our experiments
and discuss the performance of the ESTMGCN model in
comparison to other baselines on four datasets. We also
analyze the effects of target observation budgets, actual used
time, and dynamic spatiotemporal information on prediction
accuracy.

1) Forecasting Performance Comparison: Table IV reports
the early forecasting results under four target observation
budgets, while Table V reports the actual used time achieved
by the adaptive methods. ESTMGCN yields the lowest MAE
in all 16 dataset and target observation budget combinations
and the best or highly competitive RMSE in most settings.
This consistent performance on METR-LA, EMS, NYPD, and
air quality demonstrates the strong generalization ability of
ESTMGCN across heterogeneous spatiotemporal forecasting
tasks.

As the target observation budget decreases from 100%
to 25%, the performance of all methods degrades because
less temporal information is available. However, ESTMGCN
exhibits a noticeably more stable degradation trend than the
competing methods. For example, on METR-LA, its MAE
increases from 2.15 to 3.05, while Graph WaveNet and
DCRNN increase from 2.38 to 4.35 and from 2.27 to 3.48,
respectively. A similar trend is observed on air quality, where
ESTMGCN consistently outperforms strong baselines, such as
ASTER and STEMO, under all target observation budgets.
These results indicate that ESTMGCN is more robust when
only partial observations are available, which is particularly
important for real-time early forecasting scenarios.

Compared with conventional forecasting models, including
HA, ARIMA, LSTM, DCRNN, Graph WaveNet, ASTGCN,
and MTGNN, ESTMGCN achieves consistently better accu-
racy, especially under limited target observation budgets.
It also outperforms the adaptive baselines GWN-EE, EAR-
LIEST, RAIM, STEMO, and ASTER in most cases. For
instance, on NYPD with a 25% target observation budget,
ESTMGCN attains an MAE of 1.41, which is lower than those
of ASTER, STEMO, and MTGNN. These results verify the
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Fig. 4. Accuracy-timeliness operating points on METR-LA. Each point
reports mean actual used time and MAE over nine runs, and error bars
denote standard deviation. The operating points are obtained by varying w, for
ESTMGCN and ¢ for GWN-EE; they are distinct from the forced full-horizon
100% setting in Table IV.

effectiveness of jointly modeling adaptive observation deci-
sions and dynamic spatiotemporal dependencies.

In summary, the results in Table IV show that ESTMGCN
not only delivers the best overall forecasting accuracy but
also maintains stronger robustness under constrained target
observation budgets, highlighting its practical value for early
spatiotemporal forecasting in IoT applications.

2) Timeliness—Accuracy Tradeoff: Fig. 4 compares seven
adaptive operating points. ESTMGCN achieves lower MAE
than GWN-EE at every matched actual used time, with the
gap remaining visible from approximately 25% to 94% obser-
vations.

The component-removal results are reported in Table VI.
The paired significance tests are reported in Table VII.

3) Statistical Significance Analysis: The tests use paired
one-sided t-tests over the same nine seeds. ESTMGCN is sig-
nificantly better than GWN-EE and Graph WaveNet in all 16
settings after Holm correction. Against STEMO and ASTER,
significance varies by dataset and budget, with nonsignificant
differences concentrated on several NYPD and full-observation
settings.

4) Transform-Attention Error Propagation Analysis: Fig. 5
shows that prediction errors generally increase from X; to
X1» when only X, is observed at ¢+ = 0. Full ESTMGCN
remains below both alternatives on METR-LA and NYPD, and
its advantage is larger at later horizons. The result indicates
that transform-attention reduces error accumulation rather than
only improving the first prediction step.

5) Controller Stability and Convergence Analysis:
Table VIII summarizes controller stability and convergence.

A run is counted as a failure when policy collapse or an
overly early stopping policy prevents a stable validation opti-
mum. The convergence epoch is the epoch of the checkpoint
retained by validation-MAE early stopping. The default con-
figuration converges successfully for all nine seeds. Removing
the learned baseline produces two premature-stop failures and
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TABLE IV

RESULTS ARE COMPARED UNDER FOUR TARGET OBSERVATION BUDGETS. THE ACTUAL USED TIME OF ADAPTIVE METHODS IS REPORTED SEPARATELY
IN TABLE V. GWN-EE DENOTES GWN-EE. FORECASTING ERRORS FOR LEARNED MODELS ARE REPORTED

AS MEAN + STANDARD DEVIATION OVER NINE RUNS; “~” INDICATES THAT THE AVAILABLE PREFIX IS INSUFFICIENT TO FIT ARIMA
100% 75% 50% 25%

Dataset | Method MAE  RMSE | MAE RMSE | MAE RMSE | MAE RMSE
HA 7.22 9.46 7.22 9.46 7.22 9.46 7.22 9.46
ARIMA 4.12 8.73 8.36 20.88 11.98 16.20 - -
LSTM 4.9940.07 7.48+0.07 | 7.17£0.11 10.21£0.10 | 7.50+0.13 10.4640.11 | 7.724+0.15 10.68+0.17
DCRNN 2.2740.06 3.9440.07 | 2.91£0.08 5.764+0.09 | 3.254+0.10 6.68+£0.09 | 3.48+0.11 7.2340.10

< Graph WaveNet | 2.38+0.15 4.2140.08 | 3.224+0.11 6.454+0.09 | 3.81£0.07 7.70£0.08 | 4.35+0.16 8.65+0.10
~ ASTGCN 3.54+0.16 7.3940.17 | 5.05£0.18 7.824+0.19 | 6.65+0.20 12.70+0.21 | 7.64+0.23 14.4040.25
E MTGNN 2.2440.06 3.9040.07 | 2.82+£0.08 5.5740.09 | 3.154+0.09 6.42+0.11 | 3.36+£0.12 6.9340.13
§ GWN-EE 2.384+0.14 4.214+0.09 | 2.7440.10 5.1440.11 | 3.12+0.11 6.27+0.13 | 3.564+0.14 7.02+0.16
EARLIEST 5.01£0.08 7.46+0.09 | 5.934+0.10 8.21+£0.10 | 6.14£0.11 9.2640.10 | 6.854+0.12 10.06%0.11
RAIM 4.3740.11 7.81£0.14 | 6.1240.15 8.34+0.17 | 8.09£0.18 10.17£0.20 | 9.7440.22 12.8340.25
STEMO 2.234£0.07 3.9610.06 | 2.37+£0.08 4.454+0.08 | 3.234+0.08 5.69+0.09 | 3.49£0.09 6.1540.09
ASTER 2.194£0.05 3.884+0.07 | 2.33£0.06 4.214+0.08 | 2.9240.08 5.284+£0.09 | 3.17£0.09 5.9440.11
ESTMGCN 2.154+0.04 3.81+£0.05 | 2.2940.05 4.05+0.06 | 2.79+0.07 5.1740.08 | 3.054+0.09 5.83+0.10
HA 1.47 2.41 1.47 2.41 1.47 2.41 1.47 2.41
ARIMA 1.78 3.68 2.39 6.76 - - - -
LSTM 1.61+£0.04 2.6340.05 | 1.67£0.04 2.784+0.06 | 1.674+0.07 2.7940.08 | 1.68+£0.08 2.8140.09
DCRNN 1.454+0.03 2.6040.03 | 1.69+£0.04 3.1940.05 | 1.734+0.06 3.344+0.07 | 1.78+£0.07 3.5240.09
Graph WaveNet | 1.41+£0.04 2.5340.06 | 1.474+0.05 2.5740.06 | 1.51£0.05 2.68£0.07 | 1.56+0.06 2.814+0.08
n ASTGCN 1.494£0.04 1.95+0.03 | 1.78£0.04 2.4940.05 | 1.85+0.05 2.84+0.06 | 2.01£0.07 3.1240.08
= MTGNN 1.194£0.03 2.28+0.04 | 1.20£0.04 2.2940.05 | 1.904+0.07 3.56£0.10 | 1.934+0.08 3.61%0.11
= GWN-EE 1.41£0.05 2.53+0.07 | 1.43£0.05 2.554+0.07 | 1.474+0.06 2.63£0.08 | 1.52+£0.07 2.7440.09
EARLIEST 1.62£0.05 2.63+0.06 | 1.64£0.05 2.674+0.06 | 1.66+0.06 2.71£0.06 | 1.68£0.06 2.7940.07
RAIM 1.56+£0.04 2.45+0.05 | 1.61£0.05 2.504+0.06 | 1.64+0.06 2.63+£0.07 | 1.72£0.07 2.7140.08
STEMO 1.294£0.02 2.234+0.03 | 1.32£0.03 2.324+0.04 | 1.404+0.03 2.41+£0.03 | 1.44£0.03 2.4940.05
ASTER 1.20£0.03 2.18+0.04 | 1.224£0.03 2.264+0.04 | 1.244+0.04 2.284£0.05 | 1.26£0.04 2.5540.06
ESTMGCN 1.1740.02 2.1240.03 | 1.18+0.02 2.1940.03 | 1.20£+0.03 2.20+0.04 | 1.20+0.04 2.4740.05
HA 1.54 2.00 1.54 2.00 1.54 2.00 1.54 2.00
ARIMA 2.06 3.11 3.64 6.77 - - - -
LSTM 1.5240.04 2.1640.04 | 1.61£0.05 2.2940.06 | 1.734+0.07 2.4040.07 | 1.75£0.08 2.4040.09
DCRNN 1.58+0.04 2.1640.04 | 1.60£0.05 2.2140.05 | 1.614+0.05 2.224+0.06 | 1.66+£0.06 2.3240.07
Graph WaveNet | 1.48+0.08 2.0540.11 | 1.504+0.06 2.0840.11 | 1.54£0.15 2.14£0.05 | 1.58+0.08 2.18+0.02
A ASTGCN 2.18+£0.06 3.0840.12 | 2.88+£0.07 3.3140.13 | 2.9940.08 3.42+0.13 | 3.69£0.09 4.0940.14
& MTGNN 1.36£0.04 1.77+0.05 | 1.71£0.05 2.404+0.06 | 1.724+0.06 2.40+0.07 | 1.72£0.06 2.4040.08
Z GWN-EE 1.48+£0.07 2.05+£0.09 | 1.4940.07 2.0740.09 | 1.52+£0.08 2.11£0.10 | 1.564+0.09 2.16+0.11
EARLIEST 1.47£0.05 2.17+£0.05 | 1.59£0.06 2.234+0.07 | 1.64+0.07 2.36£0.07 | 1.65+£0.08 2.3940.09
RAIM 24240.07 3.354+0.09 | 3.244+£0.09 4.584+0.11 | 3.664+0.11 5.39+0.13 | 448+0.13 6.0340.15
STEMO 1.36£0.03 1.82+0.05 | 1.38+0.04 1.974+0.06 | 1.45+0.06 2.12+£0.07 | 1.49£0.07 2.2740.09
ASTER 1.374£0.03 1.83+0.04 | 1.40+£0.04 1.874+0.04 | 1.424+0.04 1.93£0.05 | 1.46+0.05 1.9740.06
ESTMGCN 1.33+0.02 1.784+0.03 | 1.35+0.03 1.824+0.03 | 1.374+0.03 1.85+0.04 | 1.41+0.04 1.9110.05
HA 6.89 8.73 6.89 8.73 6.89 8.73 6.89 8.73
ARIMA 6.15 8.87 9.41 13.18 - - - -
LSTM 6.07£0.10 8.33+0.13 | 6.314+0.12 8.58+0.14 | 6.62+0.13 9.0540.15 | 6.884+0.15 9.41+0.17
DCRNN 5.4940.08 7.48+0.10 | 5.614+0.08 7.73£0.11 | 5.89+£0.10 8.0340.12 | 6.034+0.11 8.24+0.13
> Graph WaveNet | 5.324+0.09 7.2840.11 | 5.4440.09 7.3640.10 | 5.45£0.10 7.41£0.12 | 5.5240.11 7.5440.13
= ASTGCN 5.534+0.10 7.57£0.13 | 5.634+0.10 7.61£0.12 | 5.84+0.12 7.7640.14 | 5.8440.13 7.78+0.15
5 MTGNN 5.214£0.07 7.11£0.09 | 5.384+0.08 7.29+0.10 | 5.56+£0.09 7.584+0.11 | 5.7740.10 7.87+0.12
. GWN-EE 5.3240.09 7.284+0.11 | 5.354+0.09 7.32+0.11 | 540+£0.10 7.3940.12 | 5.484+0.11 7.4940.13
< EARLIEST 5.9340.10 7.9940.12 | 6.114£0.11 8.17£0.13 | 6.35+£0.12 8.5640.14 | 6.624+0.14 8.88+0.16
RAIM 6.724+0.09 8.56+0.11 | 6.744+0.10 8.65+0.12 | 6.88+£0.11 8.7440.13 | 6.964+0.12 8.77+0.14
STEMO 4.914£0.06 6.72+0.08 | 5.074+0.06 6.83+0.08 | 5.28+0.07 7.114+0.09 | 5.4140.08 7.2940.10
ASTER 4.764+0.05 6.52+0.07 | 4.884+0.06 6.64+0.07 | 5.03+£0.06 6.834+0.08 | 5.1940.07 7.11£0.09
ESTMGCN 4.574+0.04 6.38+0.06 | 4.711+0.05 6.57+0.06 | 4.93+0.06 6.824+0.07 | 5.144+0.07 7.06+0.08
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TABLE V

ACTUAL USED TIME OF ADAPTIVE METHODS UNDER FOUR TARGET OBSERVATION BUDGETS. VALUES ARE PERCENTAGES REPORTED AS MEAN +
STANDARD DEVIATION OVER NINE RUNS; 100% DENOTES THE FULL OBSERVATION HORIZON

Dataset |  Method | 100% 75% 50% 25%
GWN-EE 100% 75.4£0.6% 49.8+£0.8% 25.4+0.9%
ﬁ EARLIEST 100% 74.64+0.9% 50.7£1.1% 25.6+1.2%
~ RAIM 100% 75.7£1.1% 49.4£1.3% 252+1.4%
E STEMO 100% 74.9+0.6% 50.3£0.7% 24.8+0.8%
= ASTER 100% 75.2+0.5% 49.7£0.6% 25.1+£0.7%
ESTMGCN 100% 74.8+£0.4% 50.2+0.5% 25.3+0.6%
GWN-EE 100% 75.6£0.5% 50.4£0.6% 25.2+0.7%
EARLIEST 100% 74.7£0.8% 50.8+£0.9% 25.4+1.0%
E RAIM 100% 75.3£0.9% 49.6£1.0% 24.7+£1.1%
&) STEMO 100% 75.1£0.5% 50.5+£0.6% 24.9+0.7%
ASTER 100% 74.8+£0.4% 49.9£0.5% 25.24+0.6%
ESTMGCN 100% 75.4£0.3% 50.1£0.4% 25.5+0.5%
GWN-EE 100% 75.5£0.6% 49.7£0.8% 25.4+0.9%
A EARLIEST 100% 74.5£0.9% 50.6£1.0% 24.8+1.1%
[y RAIM 100% 75.8£1.0% 49.5£1.2% 25.7£1.3%
E STEMO 100% 75.2+0.6% 50.2+0.7% 24.7+0.8%
ASTER 100% 74.9£0.5% 49.8+0.6% 25.1+0.7%
ESTMGCN 100% 75.1£0.4% 50.4£0.5% 25.24+0.6%
o GWN-EE 100% 75.240.5% 50.3£0.6% 24.9+0.7%
= EARLIEST 100% 74.7£0.8% 50.5£0.9% 25.6+1.0%
S RAIM 100% 75.6£0.9% 49.7£1.0% 254+1.1%
? STEMO 100% 75.0£0.5% 50.1£0.6% 24.8+0.7%
=z ASTER 100% 74.9+0.4% 49.9+0.5% 25.240.6%
ESTMGCN 100% 75.3£0.4% 50.2+0.5% 25.1+0.6%
TABLE VI

ABLATION STUDY ON THE NYPD DATASET UNDER FOUR TARGET OBSERVATION BUDGETS. KEY COMPONENTS, INCLUDING THE DYNAMIC
ADJACENCY MATRIX, TRANSFORM-ATTENTION MODULE, SPATIAL EMBEDDING, TEMPORAL EMBEDDING, AND CONTROLLER,
ARE REMOVED FROM ESTMGCN TO EXAMINE THEIR INDIVIDUAL CONTRIBUTIONS. THE
RESULTING VARIANTS ARE EVALUATED IN TERMS OF MAE AND RMSE

Variant 100% 75% 50% 25%
MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE

w/o DA 1.45 2.02 1.53 2.24 1.67 2.98 1.73 3.03
w/o TA 1.38 1.84 1.40 1.92 1.52 1.94 1.61 2.03
w/o SE 1.38 1.83 1.39 1.92 1.52 1.93 1.60 2.09
w/o TE 1.37 1.79 1.37 1.86 1.39 1.93 141 1.99
w/o C 1.33 1.78 1.41 1.95 1.57 2.02 1.68 2.14
w/o (DA + TA) 1.52 2.13 1.64 2.41 1.79 3.17 1.87 3.29
w/o (DA + C) 1.51 2.08 1.66 2.45 1.84 3.31 1.93 3.44
w/o (TA + C) 1.44 1.93 1.50 2.07 1.65 2.14 1.78 2.31
w/o (DA +TA +C) | 1.63 2.31 1.76 2.57 1.97 3.41 2.08 3.58
ESTMGCN | 1.33 178 | 135 1.82 | 137 1.85 | 141 1.91

the largest MAE, while faster exploration decay causes one
premature convergence failure. Halving the earliness weight
slightly lowers MAE but increases actual used time to 56.7%,
illustrating the intended accuracy—timeliness tradeoff.

6) Ablation Study: To evaluate the contribution of each
component in ESTMGCN, we conduct an ablation study on
the NYPD dataset, as shown in Table VI. Specifically, we
remove the dynamic adjacency matrix (w/o DA), transform-
attention module (w/o TA), spatial embedding (w/o SE),

Authorized licensed use limited to: Southeast University. Downloaded on

temporal embedding (w/o TE), and controller (w/o C), as well
as several combinations of these components.

The results show that removing any component degrades the
forecasting performance to different degrees, which verifies
the effectiveness of the overall design. Among the single-
component variants, w/o DA causes the most significant
performance drop under all target observation budgets. For
example, its MAE increases from 1.33 to 1.45, 1.35 to 1.53,
1.37 to 1.67, and 1.41 to 1.73 under the 100%, 75%, 50%, and

October 30,2026 at 12:09:56 UTC from IEEE Xplore. Restrictions apply.



48780

—o— Full ESTMGCN

(@) METR-LA

MAE

(C) METR-LA

RMSE

Prediction horizon h

Fig. 5. Prediction error across the 12-step autoregressive rollout when only Xy is observed at t = 0. The decoder recursively predicts Xj,..
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—® - w/o Transform-Attention

(b) NYPD

NYPD

RMSE

Prediction horizon h

., X12, and

h denotes the rollout horizon. (a) and (b) MAE on METR-LA and NYPD. (¢) and (d) RMSE on METR-LA and NYPD. Lines and shaded bands denote mean
and standard deviation over nine runs. The standard-attention variant replaces only the transform-attention bridge; all remaining modules and training settings

are unchanged.

TABLE VII

STATISTICAL SIGNIFICANCE OF ESTMGCN AGAINST FOUR BASELINES
USING MAE. TESTS ARE PAIRED ONE-SIDED T-TESTS OVER THE
SAME NINE RANDOM SEEDS, WITH THE ALTERNATIVE THAT EST-
MGCN HAs LOWER MAE. HOLM CORRECTION IS APPLIED
TO THE FOUR BASELINE COMPARISONS WITHIN EACH
DATASET AND TARGET OBSERVATION BUDGET. “*,”
CEETOAND “F¥*” DENOTE ADJUSTED p < 0.05,

p < 0.01, AND p < 0.001, RESPECTIVELY; “-”

INDICATES NO SIGNIFICANT DIFFERENCE

Dataset | Budget | GWN-EE ~ Graph WaveNet STEMO  ASTER
75% gk sk * *
METR-LA 50% skt sekok skok skok
25% sk sesksk stk sk
100% kk . s
75% sk sk sk %
25% sk sk sk sk
100% sk ok *
75% sk sk * sk
NYPD o o . i i
25% sk sk s _
100% sk sk sk sk
. . 75% ek sk seskok sk
Air Quality 50% sk ks sk *
25% Sk sk sk _

25% target budgets, respectively, indicating the importance of
modeling dynamic spatial dependencies.

In addition, removing the transform-attention module or
the spatial/temporal embeddings also consistently degrades
the results, showing that these components provide useful
spatiotemporal context for prediction. The effect of the con-
troller is relatively limited under the 100% target observation
budget, where sufficient observations are already available, but
becomes much more evident as the target observation budget

decreases. For instance, under the 25% target observation
budget, removing the controller increases the RMSE from 1.91
to 2.14, demonstrating its importance for early forecasting.

Moreover, multicomponent removal leads to more severe
degradation than single-component removal. In particular, w/o
(DA + TA + C) achieves the worst performance under
all settings, which further confirms that these components
are complementary. Overall, the ablation results validate that
each module contributes to ESTMGCN, while the dynamic
adjacency matrix and controller are particularly important for
robust early spatiotemporal forecasting.

7) Hyperparameter Study: To investigate the influence
of hyperparameters on the performance of ESTMGCN, we
conducted a study focusing on three core hyperparameters:
the dimension of the hidden state, the weight parameter
w1, and the weight parameter w,. The hidden-state dimen-
sion was varied between 16 and 64, w; was varied over
{0.1,0.5,1.0,2.0,5.0} with w, fixed at 0.01, and w, ranged
from O to 0.1 with w; fixed at 1.

Fig. 6 presents the results of the hyperparameter study on
the NYPD dataset. Increasing the dimension of the hidden
state enhances the representation ability of ESTMGCN and
generally reduces MAE, although excessively large dimen-
sions may negatively affect performance. Regarding w;, the
MAE exhibits a U-shaped curve with a minimum around
w; = 1, while the actual used time increases monotonically.
A too-small w; weakens controller optimization and leads
to premature decisions, whereas a too-large w; destabilizes
training due to high-variance gradients. These results justify
fixing w; =1 as the default.

Regarding w;, increasing its value reduces the amount of
observed data and improves timeliness, but an excessively
large w, may hurt prediction accuracy because the model
tends to favor overly early decisions. These observations are
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TABLE VIII

CONTROLLER STABILITY ON NYPD AT THE 50% TARGET OBSERVATION BUDGET OVER NINE RANDOM SEEDS. MEAN £ STANDARD DEVIATION
VALUES SUMMARIZE SUCCESSFUL RUNS. REWARD SCALE MULTIPLIES THE REWARD BY 0.5; FASTER EXPLORATION DECAY
DOUBLES THE € DECAY RATE WHILE KEEPING ITS ENDPOINTS UNCHANGED; HALF EARLINESS WEIGHT
USES 0.5 TIMES THE DEFAULT EARLINESS WEIGHT

Setting Success/failure  Convergence epoch MAE Actual used time
Default 9/0 72.4+£8.7 1.37+0.03 50.440.5%
Reward scale x0.5 9/0 80.7£11.3 1.4040.04 48.9+0.9%
No learned baseline 772 88.6+13.9 1.4440.07 47.64+2.3%
Faster exploration decay 8/1 65.8+10.6 1.4140.05 48.4+1.5%
Half earliness weight 9/0 70.1+9.4 1.3540.03 56.7+1.2%
1.45+ (@ On METR-LA, ESTMGCN requires 5.89 £+ 0.21 ms
ol ‘\\ per sample with a p95 latency of 6.43 ms, including
s . 2.24 £ 0.09 ms for graph/DTW construction. Scaling N from
35 100 to 1000 increases total latency from 2.43 to 81.37 ms
130 v B 0 o = s and peak memory from 61.8 to 897.4 MB; increasing T
) pimension of hidden state ff from 6 to 24 at N = 207 increases latency from 2.27 to
16] 1.391 19.42 ms. The METR-LA p95 latency is small relative to
138 its 5-min sampling interval, while the dense quadratic node
€15 1371 scaling remains a limitation for much larger networks. The
1361 reported implementation recomputes exact prefix-DTW online
141 using one dynamic-programming table per node pair and
0 1Weight2para meteror 0% °~3§eig&°;aramier o9 010 stores den'se graphs. Top-k.graph sparsification and cached
ﬁ (d) (e) or approximate DTW provide direct routes to lower large-
& 1001 100 network cost.
£ 751 751
B 5o /// 50 F. Interpretability of the Prediction-Time Controller
T 251 25 To improve interpretability, we analyze the behavior of the
< ; } ; .

o
o

002 004 006 008 0.10

Weight parameter w;

0 1 2 3 4 5 0.00

Weight parameter wy

Fig. 6. Experimental results of the hyperparameter study on the NYPD
dataset. The figure illustrates the effects of the hidden state dimension and
the weight parameters w; and w; on prediction accuracy and timeliness.
(a) Hidden state dimension versus MAE. (b) w; versus MAE. (c) wy versus
MAE. (d) w; versus actual used time %. (e) wy versus actual used time %.

consistent with the roles of w; and w, in (24), where w;
governs controller optimization and w, governs the earliness
preference.

E. Computational Complexity and Runtime Analysis

We briefly analyze the efficiency of ESTMGCN from both
theoretical and empirical perspectives. Let B, N, T, H, and D
denote the batch size, number of nodes, observation horizon,
hidden dimension, and embedding dimension, respectively.
Decoder-side rollout, transform-attention, and exact online
DTW require O(BT>N*H), O(BNDT?), and O(BN>T?) time,
respectively. The overall time complexity is O(BT>N’>H +
BNDT?), and the space complexity is O(BTNH + BN*T?)
under dense graph storage.

Batch-one inference latency and memory were benchmarked
on an NVIDIA GeForce RTX 5090 in FP32. Table IX reports
both the METR-LA module breakdown and ESTMGCN scal-
ing with the number of nodes and observation steps.

prediction-time controller by visualizing the nodewise decision
probability over time. At each observation step 7, the controller
outputs a decision probability p! for node i, which reflects the
confidence that the currently observed information is sufficient
for selecting the prediction generated at time t.

Fig. 7(a) and (b) shows two representative nodes. For the
early-decision case, the controller quickly increases its confi-
dence and assigns a high decision probability at observation
step 3, with an actual used time of 25% and a low prediction
error (MAE = 1.868). For the late-decision case, the controller
keeps a low confidence in the early stages and assigns higher
decision probability at observation step 9, with an actual used
time of 75% (MAE = 4.645). This indicates that the controller
adaptively adjusts prediction-time selection according to the
difficulty of node dynamics.

To further examine the overall trend, we divide nodes into
low-error and high-error groups according to the median of
nodewise MAE on the test set. As shown in Fig. 7(c), the low-
error group reaches high decision confidence earlier, while the
high-error group shows slower confidence accumulation and
larger uncertainty in the middle stages.

The selected-count distributions and controller correlations
are summarized in Table X.

Across the four datasets, the middle interval contains the
largest share of selected counts, while each dataset retains
substantial early and late decisions. The selected counts are
positively correlated with absolute error (o = 0.27-0.36) and
sequence volatility (p = 0.21-0.34), indicating that more
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TABLE IX

BATCH-ONE INFERENCE LATENCY AND SCALING ON AN NVIDIA GEFORCE RTX 5090 IN FP32. MEASUREMENTS USE 20 WARM-up RUNS AND
100 TIMED RUNS. GRAPH/DTW INCLUDES GRAPH CONSTRUCTION AND EXACT ONLINE DTW WHERE APPLICABLE. VALUES WITH =+ ARE
MEAN = STANDARD DEVIATION IN MILLISECONDS; P95 IS IN MILLISECONDS AND PEAK MEMORY IS IN MB.

ALL SETTINGS USE H = 32 WITHOUT DTW CACHING OR APPROXIMATION

(@)

Method Graph/DTW Backbone Stop head Total p95 Peak memory
ESTMGCN 2.244+0.09 3.47+£0.13 0.18+0.02 5.89+0.21 643 83.9
GWN-EE 0.42+0.03 2.07£0.09 0.14£0.01 2.69£0.12 296 66.9
Graph WaveNet 0.41 £0.03  2.05£0.08 - 2.50£0.11 276 65.4
DCRNN 0.36 £0.02 5.72£0.18 -  6.18£0.20 6.69 59.8
MTGNN 0.47 +£0.03 2.84 £0.11 -  3.38+£0.14 371 70.6
(b)
Setting N T Graph/DTW Prediction Total p95 Peak memory
N =100 100 12 0.744+0.04 1.654+0.07 2.434+0.09 2.68 61.8
METR-LA 207 12 2244009 3.474+0.13 5.894+0.21 643 83.9
N =500 500 12 10.96 £0.38 11.724+0.41 23.14+0.72 2501 257.6
N = 1000 1000 12 43.85+1.41 36.62+1.18 81.37£2.35 87.96 897.4
T=6 207 6 0.81+£0.04 1.38+£0.07 2.27+0.09 251 71.2
T =24 207 24 7.914+0.24 11.084+0.36 19.424+0.58 21.17 164.7
TABLE X

SELECTED OBSERVATION-COUNT DISTRIBUTION AND CONTROLLER CORRELATIONS AT THE 50% TARGET OBSERVATION BUDGET. THE SELECTED
COUNT IS f; + 1; EARLY, MIDDLE, AND LATE CORRESPOND TO COUNTS 1-4, 5-8, AND 9-12, RESPECTIVELY. VALUES ARE MEAN & STANDARD
DEVIATION OVER NINE RUNS. SPEARMAN CORRELATIONS COMPARE THE SELECTED COUNT WITH ABSOLUTE PREDICTION ERROR AND
SEQUENCE VOLATILITY ACROSS TEST NODE INSTANCES; ALL REPORTED CORRELATIONS HAVE p <5 X 1073

Dataset Mean count Early (%) Middle (%) Late (%) p(error) p(volatility)
METR-LA 6.02+0.06 30.1+1.3 49.7+16 20.2+1.1 0.36£0.05 0.31+0.06
EMS 6.01+0.05 34.0+15 429+4+1.8 23.1+1.3 0.28+£0.06 0.21+0.08
NYPD 6.05+0.06 35.1+£1.8 39.5+£2.0 254416 0.334+0.07 0.26+0.08
Air Quality 6.02+0.06 27.6+1.2 53.6+15 188=£1.0 0.27£0.06 0.34=£0.05

a) Early-Decision Case (¢) Group-wise decision probability

—e— Low-error group
—=— High-error group
MAE = 1.868

06 Observed =25%
0.8

Probability

—e— Decision probability
---- Selected prediction time =3

¢
>

1 23 4 5 6 7 8 9 1011 12
Time step
(b) Late-Decision Case
T

Probability

I
=

0.2

Probability

—e— Decision probability

o e—a— " =" Selected prediction time =9
/ 0.0

1 23 4 5 6 7 8 9 1011 12 1 2 3 4 5 6 7 8 9
Time step Time step

10 11 12

Fig. 7. Case study of the prediction-time controller. (a) Decision proba-
bility of a representative early-decision node, whose prediction is selected
at observation step 3 with an actual used time of 25% (MAE = 1.868).
(b) Decision probability of a representative late-decision node, whose pre-
diction is selected at observation step 9 with an actual used time of 75%
(MAE = 4.645). (c) Average decision probability of low-error and high-
error node groups with standard-deviation bands. The low-error group reaches
high confidence earlier, while the high-error group shows slower confidence
accumulation and larger midstage uncertainty.

difficult or volatile node instances generally require later
predictions.

VI. DISCUSSION

The results show that ESTMGCN improves early spa-
tiotemporal forecasting by better balancing prediction accuracy
and prediction timing. Its advantage mainly comes from
nodewise adaptive prediction timing, which allows different
nodes to make predictions at different times according to
their uncertainty evolution, making it well suited to het-
erogeneous loT spatiotemporal systems. The results also
highlight the importance of dependency modeling under partial
observations. By integrating static spatial structure, dynamic
internode correlations, and temporal similarity, ESTMGCN
preserves informative spatiotemporal dependencies even when
observations are incomplete, while the ablation study further
confirms the critical role of the dynamic graph component.
Moreover, ESTMGCN degrades more gracefully as the target
observation budget decreases, indicating stronger robustness in
low-observation settings common in practical IoT applications.

VII. CONCLUSION

This article proposed ESTMGCN for early spatiotemporal
forecasting in IoT environments. By combining a dynamic
multigraph encoder, a transform-attention decoder bridge, and
an adaptive prediction-time controller, the proposed method
enables nodewise forecasting while preserving forecasting
accuracy under partial observations. Experiments on four
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real-world datasets demonstrate that ESTMGCN consistently
outperforms strong baselines across different target obser-
vation budgets. These results indicate that adaptive early
forecasting is a promising direction for IoT applications requir-
ing timely and reliable decision-making.
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