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ABSTRACT
Short-term forecasting of fine particulate matter (PM2.5) guides public early-warning and
emission-control decisions, yet the hourly concentration series is non-stationary and multi-scale.
The field’s dominant answer is the decomposition-ensemble pipeline, which splits the series into
modes, predicts each, and sums them, and which reports large accuracy gains. We show that
these gains are, to a substantial degree, a measurement artifact. The decomposition is computed
once over the entire record before the train-test split, so every training mode already carries
information from the test horizon, and offline accuracy no longer reflects deployable skill. We
reframe decomposition as a causal operator recomputed inside a sliding window that never
sees beyond the forecast origin, and we evaluate a compact attention-gated-recurrent forecaster
against statistical and neural baselines on the open Beijing multi-site air-quality record. Under
this honest protocol decomposition did not help: a plain gated recurrent network on the raw
series was the most accurate model at 18.1 RMSE, while the causal decomposition models
reached only 24.1 and 26.0. A dedicated leakage audit shows why the literature reports the
opposite: running the same decomposition in its conventional whole-series form cut the error
from 26.0 to 9.2 RMSE, an inflation of 16.8 that erases almost two-thirds of the model’s honest
error and is borrowed entirely from the future. We release the causal protocol so decomposition
results can be reported honestly.

Keywords: PM2.5 forecasting, signal decomposition, data leakage, leakage-free evaluation,
gated recurrent unit, VMD

1. INTRODUCTION
Fine particulate matter of submicron-to-micron size, commonly
denoted PM2.5, is one of the leading environmental health risks
in urban areas, and accurate hourly forecasts are what early-
warning systems and short-horizon emission-control measures
act on. The raw concentration series is awkward to forecast
directly because it is both non-stationary and multi-scale: slow
seasonal and weather-driven trends ride underneath fast diur-
nal cycles and noisy pollution spikes, and a single recurrent
network fed the raw signal must reconcile all of these at once.
Detailed studies of Beijing air quality show how strongly me-
teorology, heating policy, and episodic events shape the con-
centration record, which is why a forecaster that ignores this
layered structure tends to track the mean and miss the events that
matter [1]. The cost of a missed forecast is asymmetric, since
the episodes a public-health system most needs to anticipate
are exactly the high-concentration spikes that a mean-tracking
model smooths away, and this raises the bar for how faithfully
a forecaster must capture the fast scales of the signal. Machine-
learning and, increasingly, deep-learning models have become
the standard tools for this task, and a large body of work now
reports accurate short-term PM2.5 prediction [2].

The dominant answer to the multi-scale difficulty is the
decomposition-ensemble pipeline, which first separates scales
and only then learns. A concentration series is decomposed into
a small set of modes with a signal-processing operator such as

complete ensemble empirical mode decomposition with adaptive
noise (CEEMDAN) or variational mode decomposition (VMD),
each mode is forecast by its own recurrent or convolutional
predictor, and the per-mode forecasts are summed back into a
concentration estimate. This recipe is reported to outperform
single-model predictors across hourly PM2.5 and related envi-
ronmental series [3, 4, 5]. The bottleneck, however, is no longer
whether to decompose but whether the decomposition is per-
formed honestly. CEEMDAN and VMD are global operators:
a mode value at time t is a function of the whole input series,
including samples that lie in the future relative to t. When the
series is decomposed once and only afterwards split into train
and test partitions, the training modes are already contaminated
by the test horizon, and the model is rewarded for reading the
future rather than forecasting it. Recent leakage audits confirm
that decomposing before the split inflates reported accuracy and
that the inflation can be large [6, 7], a pattern consistent with
the broader finding that data leakage is a pervasive and easily
overlooked source of optimistic results in machine-learning sci-
ence [8]. The deeper cause is the same one that makes naive
cross-validation unsound for temporal data: any procedure that
lets information cross the forecast origin breaks the order the
task depends on [9].

We reframe decomposition-based forecasting so that the de-
composition becomes a causal feature operator that is part of the
model rather than a one-shot preprocessing convenience applied
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to the whole series. At each forecast origin the concentration
history inside a fixed look-back window, and only that window,
is decomposed into a small set of modes, so the representation
is exactly what would be available at deployment time. A com-
pact gated-recurrent encoder reads the stack of causal modes
together with co-located meteorology, and a scale-attention head
weights the modes by their forecast-relevant energy instead of
treating them as an undifferentiated sum, so the slow trend and
the volatile high-frequency residual are reconciled by the model
rather than by naive addition. A lightweight residual stage then
predicts the reconstruction error that per-mode forecasting leaves
behind and adds it back at inference, correcting systematic bias.

We evaluate the approach on the open Beijing multi-site air-
quality record under a strictly chronological split, comparing
against statistical and neural baselines on root mean squared er-
ror, mean absolute error, mean absolute percentage error, and the
coefficient of determination. A dedicated leakage audit re-runs
the same decomposition in its conventional whole-series form to
measure the inflation it introduces. The result was not the one
the decomposition-ensemble literature would predict. Under the
honest causal protocol decomposition did not help: a plain gated
recurrent network on the raw series was the most accurate model
at 18.1 RMSE, while the causal decomposition models reached
only 24.1 and 26.0. The audit then showed why so many studies
report the opposite, since running the same decomposition in its
leaky whole-series form cut the error from 26.0 to 9.2 RMSE, an
inflation of 16.8 that erases almost two-thirds of the model’s hon-
est error and is borrowed entirely from the future. We therefore
present this work less as a new state-of-the-art forecaster than
as a measured correction to how decomposition-based results
should be reported, with the main comparison and the audit in
Section 4.

Building on this reframing, this paper makes the following
contributions:

• We recast decomposition-based PM2.5 forecasting from a
whole-series preprocessing step into a causal, leakage-free
operator recomputed inside an origin-respecting sliding
window, so that, unlike the prevailing CEEMDAN- and
VMD-based ensembles that decompose ahead of the split
[3, 7], no sample beyond the forecast origin contributes to
any mode.

• Using this operator we run a leakage audit on the open
Beijing record that measures, on the same data and model,
how much apparent accuracy the conventional whole-series
decomposition borrows from the future: an inflation of 16.8
RMSE, with the coefficient of determination rising from
0.906 to 0.988 [6, 8].

• We report the honest empirical finding that, under leakage-
free evaluation, neither a causal decomposition ensemble
nor a compact attention-gated-recurrent forecaster (CALM)
beat a plain gated recurrent network on the raw series [10,
11], indicating that, for the VMD-based decomposition we
audit, these gains are substantially attributable to leakage
rather than to the representation; we measure the inflation
only for the operator we run, leaving CEEMDAN and other
operators for replication, and we release the causal protocol
so future results can be reported honestly.

2. RELATED WORKS
2.1 Decomposition-ensemble forecasting of PM2.5 and re-
lated series
The decomposition-ensemble pipeline grew out of adaptive
signal-processing operators designed for non-stationary data.
Empirical mode decomposition sifts a signal into intrinsic mode
functions ordered from fast to slow without assuming a fixed
basis [12], ensemble empirical mode decomposition adds white-
noise realizations to suppress the mode-mixing that plagues the
original sift [13], and CEEMDAN injects adaptive noise at each
stage to recover a complete, reconstruction-consistent set of
modes with a smaller ensemble [14]. Variational mode decompo-
sition takes a different route, solving a non-recursive variational
problem that extracts band-limited modes around adaptively esti-
mated center frequencies [15], while singular spectrum analysis
decomposes short, noisy series through trajectory-matrix embed-
ding and eigen-decomposition [16]. Coupling these operators to
deep predictors is now the standard PM2.5 recipe: EEMD with
per-subseries LSTM forecasting outperforms a single LSTM
[17], CEEMDAN paired with a deep temporal convolutional
network jointly models pollutant, meteorological, and temporal
patterns [18], EEMD with an attention-enhanced LSTM low-
ers hourly error [19], a VMD-based ensemble GRU adaptively
weights subsequence losses [5], and VMD with deep networks
reports strong multi-step accuracy [3]. The same template car-
ries over to energy series, where secondary decomposition that
cascades CEEMDAN with WOA-optimized VMD [20, 21] and
CEEMDAN-based deep predictors [22] report large gains. How-
ever, almost all of these systems decompose the entire record
before partitioning it, so the modes used for training already
encode the test horizon; the strong numbers they report therefore
measure how well a model can read information it would never
have at deployment, which is the gap our causal operator closes.

2.2 Causal decomposition and leakage-aware forecasting
A separate line of work treats look-ahead bias directly. Audits
of EMD- and CEEMDAN-based forecasting show that decom-
posing the whole series before the split leaks future informa-
tion and produces accuracy that collapses once the leak is re-
moved [6], and the same diagnosis has been made for VMD post-
processing, motivating leakage-free variants [7]. This mirrors a
broader concern in machine-learning evaluation, where leakage
is documented as a pervasive and reproducibility-threatening
failure mode [8], and it has the same root as the well-known
unsoundness of order-violating cross-validation for time series
[9]. On the signal-processing side, sliding-window EMD per-
forms real-time, causal decomposition within a moving window
rather than over the whole record [23], and carbon-price forecast-
ing with a sliding-window empirical wavelet transform shows
that a causal decomposition restores honest accuracy where the
whole-series form had inflated it [24]. Sound evaluation of fore-
casting methods at scale further underscores that comparisons
are only meaningful when the protocol respects temporal order
[25]. However, the causal-decomposition methods are studied
as signal-processing objects or demonstrated on a single non-
air-quality series, and the leakage audits stop at diagnosis; none
wires a per-origin causal operator into an air-quality forecasting
model and quantifies the inflation against honest accuracy, which
is what we do.
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2.3 Attention and recurrent multi-scale forecasters
The predictors used in the pipelines above descend from recur-
rent and attention architectures. The LSTM cell learns long-
range dependencies through gated memory [26], the gated recur-
rent unit offers a more compact gating with comparable accuracy
[27, 28], and tuned GRU forecasters reach competitive accu-
racy with fewer parameters [29]. Attention was introduced to
let a model dynamically weight the most relevant input posi-
tions [30], and a line of attention-based forecasters has since
extended this from recurrent alignment to fully attentional and
multi-horizon designs. For air quality specifically, attention has
been combined with recurrence to weight informative compo-
nents and sites: frequency-aware attention over stacked LSTM
[31] and multiple-attention LSTM that weights site, temporal,
and weather cues [32]. Spatial structure has been modelled with
CNN-LSTM hybrids [33] and graph networks over monitoring
stations [34], and the breadth of these designs is catalogued in
a dedicated review of deep learning for PM2.5 [35]. However,
when decomposition is present these attention forecasters weight
time steps or features while treating the decomposed modes, if
used at all, as a fixed bag to be summed, rather than as scales to
be weighted by their forecast relevance; we make the modes the
attention’s object.

The closest single work to ours is the sliding-window decom-
position forecaster that mitigates leakage on a carbon-price series
[24]: it shares the causal-window insight but neither weights the
modes by forecast relevance nor reports the leaky-versus-causal
gap as a controlled audit on air quality. Read together, the three
lines above leave a specific construct unfilled. The first builds
accurate but leak-prone decomposition forecasters; the second
proves the leak exists and shows that a causal window can remove
it, yet only as a signal-processing object or on a non-air-quality
series; the third weights time steps and features but never the
modes themselves. We bring the causal operator, an attention-
weighted multi-scale representation, and a residual-correction
stage into one compact PM2.5 forecaster, and we measure the in-
flation that the conventional whole-series decomposition would
have produced. The next section formalizes this construction.

3. METHODOLOGY
We present CALM, a causal attention-weighted leakage-free
multi-scale forecaster. The construction has four parts: a causal
decomposition operator that is recomputed at every forecast ori-
gin, a shared gated-recurrent encoder over the resulting modes
and meteorology, a scale-attention head that weights the modes
by their forecast-relevant energy, and a residual error-correction
stage. Figure 1 gives the overall data flow. The guiding principle
throughout is that nothing beyond the forecast origin may influ-
ence the representation, so that reported accuracy reflects what
the model would achieve in deployment.

Raw
PM2.5
series

Causal
look-back
x[t-L+1..t]

Causal
decomp. D
(VMD), K
modes

Shared
GRU enc.

(per mode)

Scale-
attention

head
(alpha_k)

Attention
recon.
y_hat

Residual
correction

+ r_hat
Forecast
y_hat^c

forecast origin t
nothing after t is used

CALM: causal look-back, multi-scale forecasting pipeline

Figure 1. Overview of CALM: per-origin causal decomposition, the
shared GRU encoder over modes and meteorology, the scale-attention

reconstruction head, and the residual error-correction stage.

3.1 Problem Formulation
Let xt denote the hourly PM2.5 concentration at time t and let mt
collect the co-located meteorological covariates at the same hour,
such as temperature, dew point, pressure, wind, and humidity.
We fix a single chronological partition of the record into training,
validation, and test segments with no shuffling, so that every test
timestamp is strictly later than every training timestamp. Given
a look-back window of length L, the task at origin t is to predict
the concentration H steps ahead from the history available up to
and including t. The origin-respecting constraint states that the
prediction for origin t may depend only on {xs,ms : s≤ t}. This
constraint is trivial for a model fed the raw series, but it is exactly
what the conventional decomposition-ensemble pipeline violates:
a global operator applied once to the full record makes each mode
value a function of the entire series, so a training-time mode at
s ≤ t silently embeds future samples. We therefore treat the
decomposition itself as a function of the window and require it
to honor the same constraint as the predictor. To be precise about
what may and may not cross the origin, meteorological covariates
up to and including t are admissible because they are observed,
and the targets at training origins are admissible because training
is offline; what is forbidden is any feature whose value at a
training origin was computed using samples later than that origin,
which is the property a whole-series decomposition lacks. The
constraint thus partitions the construction cleanly: every quantity
the model reads at origin t, the modes, the hidden states, the
attention weights, and the residual input, must be a function of
the window Xw and the contemporaneous meteorology alone.
The remainder of this section builds each of those quantities so
that the partition holds by construction rather than by a post-hoc
check.

3.2 Notation
The symbols used throughout the method are collected in Table 1;
each is defined at its first use in the text.

Table 1. Notation.

Symbol Meaning

xt raw hourly PM2.5 concentration at time t
mt co-located meteorological covariates at time t
L look-back window length (past hours)
H forecast horizon (steps ahead)
K number of decomposed modes
Xw look-back window x[t−L+1..t] at origin t
ck k-th causal intrinsic mode of the window
hk GRU hidden state for mode k
αk scale-attention weight for mode k
ŷ attention-reconstructed point forecast
r̂ predicted reconstruction residual
yt ground-truth PM2.5 target

3.3 Causal Decomposition Operator
At each origin t we form the window Xw = x[t−L+ 1..t] and
decompose only that window into K modes,

{c1, . . . ,cK}= D(Xw), (1)

where D is the decomposition operator, instantiated as VMD in
our experiments with CEEMDAN an interchangeable alternative
behind the same interface. The operator is applied independently
at every origin, so the modes for origin t are computed from Xw
alone and no sample with index greater than t can contribute.
The modes are ordered from the fastest oscillatory component
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to the slowest trend, and they reconstruct the window up to the
operator’s own residual, ∑

K
k=1 ck ≈ Xw. Each mode ck is a length-

L sub-signal that the encoder will read as a time series in its own
right. Figure 2 contrasts this with the whole-series form, where
one decomposition of the entire record is sliced into training and
test pieces after the fact.

The number of modes K is a design constant fixed on the
training segment; for CEEMDAN it follows from the sifting
until the residual is monotone, and we cap it so that the slowest
mode captures the trend without absorbing the window mean. To
keep the count comparable across origins we fix K rather than
letting each window choose its own, padding with empty modes
on the rare windows that the operator would split more finely,
so that the encoder always receives a tensor of the same shape
and the attention head always weights the same indexed scales.
When the variant operator is VMD the number of modes is its
own explicit parameter and the same cap applies, which keeps
the two operators interchangeable behind the single interface
D . The design rationale is the crux of the paper. The obvious
alternative is the prevailing practice of decomposing the full
record once and reusing the modes for every split, which is far
cheaper because the operator runs a single time. We reject it
because it is precisely the step that leaks the future: a global
operator has no notion of an origin, so its training-time outputs
are conditioned on test-time inputs. The contamination is subtle
because it does not corrupt any single sample visibly; it spreads
a trace of the test horizon thinly across the training modes, where
it is invisible to a held-out check that itself uses the leaked
modes. Recomputing the decomposition per origin restores the
deployment-time information set at the price of repeated operator
calls, and it is the only choice that makes the modes an honest
causal feature. We retain the multi-scale benefit that motivated
decomposition in the first place while removing the leak that has
flattered it [12, 14, 15].

Whole-series (leaky)

Train Test

decomposition D over ALL data

future leaks into training modes

Causal (ours)

t

window
[t-L+1..t]

D inside window only

future
(unused)

only past <= t used  —  no arrow crosses t

Figure 2. Whole-series decomposition leaks future samples into
training modes, whereas the causal operator recomputes the

decomposition inside each origin-respecting look-back window.

3.4 Shared Gated-Recurrent Encoder
The K causal modes and the meteorological covariates are read
by a shared gated-recurrent encoder. For mode k we concatenate
the mode value with the meteorology at each step to form the
input uk,τ = [ck(τ);mt−L+τ ] for τ = 1, . . . ,L, and update a hidden

state with the standard gated recurrent unit recurrence [27],

zτ = σ(Wzuk,τ +Uzhk,τ−1),

rτ = σ(Wruk,τ +Urhk,τ−1),

h̃τ = tanh
(
Whuk,τ +Uh(rτ ⊙hk,τ−1)

)
,

hk,τ = (1− zτ)⊙hk,τ−1 + zτ ⊙ h̃τ ,

(2)

where σ is the logistic sigmoid, ⊙ is the elementwise product,
and W•,U• are the gate and candidate weight matrices. The
final state hk = hk,L summarizes mode k. The weights W•,U• are
shared across all K modes, so the encoder learns one notion of
how a band-limited sub-signal evolves rather than K unrelated
ones.

The design rationale concerns weight sharing. The obvious
alternative, used by most decomposition-ensemble systems, is to
train an independent predictor per mode and sum their outputs
[17, 18]. We reject this for three reasons. It multiplies the param-
eter count by K and so works against the compact single-GPU
model we target; it prevents the model from transferring struc-
ture that recurs across scales, such as the way a sharp transition
appears in several modes at once; and, most importantly, it com-
mits early to summation, which the next component is designed
to replace. A shared encoder keeps the model small and pro-
duces K comparable hidden states that a downstream head can
weight. Sharing is also what makes the per-origin recomputation
affordable: because one set of recurrent weights serves every
mode, the encoder’s parameter budget does not grow with K, and
the only cost that scales with the mode count is the inexpensive
forward pass over each band-limited sub-signal. Conditioning
each mode’s recurrence on the same meteorology lets the en-
coder use weather context to disambiguate scales that look alike
in the concentration channel alone, for instance separating a
wind-driven dip from a genuine downward trend. We use a gated
recurrent unit rather than an LSTM because its compact gating
matches the comparable accuracy reported for GRUs at lower
parameter cost [28, 29], and rather than a convolutional encoder
because the recurrent state integrates the full window without a
fixed receptive field [26, 36].

3.5 Scale-Attention Head
Conventional pipelines reconstruct a forecast by summing per-
mode predictions, which assigns every mode the same weight
regardless of how informative it is for the horizon at hand. We
replace this with a scale-attention head that weights each mode
by its forecast-relevant energy. From each hidden state hk we
compute a scalar score and normalize across modes,

ek = w⊤a tanh(Wahk +ba), αk =
exp(ek)

∑
K
j=1 exp(e j)

, (3)

where Wa, wa, and ba are learned. The hidden states are
combined into a single attention-weighted representation h̄ =

∑
K
k=1 αkhk, which a shared output head maps to the forecast

ŷ = w⊤o h̄+bo = w⊤o
K

∑
k=1

αkhk +bo. (4)

For a linear head this is identical to weighting per-mode forecasts
w⊤o hk +bo by αk, so the head reweights scales without inflating
their magnitudes. Because the weights αk are produced from the
same window that defines the modes, they too respect the origin
constraint. Figure 3 depicts the head.
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The design rationale is that not all scales are equally predic-
tive at a given origin. During a calm interval the slow trend
mode carries almost all of the signal and the high-frequency
residual is close to noise, whereas just before a pollution spike
the high-frequency modes carry the warning. A naive sum forces
the model to commit to a fixed mixing of scales, and any per-
mode predictor error enters the reconstruction with unit weight.
The obvious alternative of attending over time steps within a
single sequence, as standard attention forecasters do [30, 31],
leaves the modes themselves unweighted; it can decide which
past hour matters but not which scale. The same is true of the
fully attentional and multi-horizon forecasters that weight vari-
ables and time steps [37, 38, 39]: their attention ranges over the
sequence dimension, not over a set of co-existing decomposed
scales. A second alternative, learning a fixed per-mode weight
vector shared across all origins, would capture the average im-
portance of each scale but not its origin-dependent shift, which
is exactly the variation the spike example illustrates. By making
the modes the attention’s object and recomputing the weights
from the current window, we let the model emphasize the scale
that matters for the current origin, which is the multi-scale bene-
fit that summation discards. The softmax normalization keeps
the reconstruction a convex combination of the per-mode fore-
casts, so the head reweights the scales without inflating their
magnitudes.

Scale-attention head
mode states

h_1 score
MLP

e_1

h_2 score
MLP

e_2

h_3 score
MLP

e_3

h_4 score
MLP

e_4

h_5 score
MLP

e_5

s
o
f
t
m
a
x

a_1

a_2

a_3

a_4

a_5

alpha_k

weighted
sum
SUM

a_k y_k
y_hat

largest bar = most
forecast-relevant mode

Figure 3. The scale-attention head weights each causal mode by its
forecast-relevant energy before reconstruction, replacing the naive sum.

3.6 Residual Error-Correction Stage
Per-mode forecasting followed by recombination leaves a sys-
tematic reconstruction error, because the operator residual and
the imperfect per-mode fits do not cancel. We add a lightweight
residual stage that learns to predict this error. A small network g
reads a compact summary of the encoder states and the recon-
structed forecast and outputs a scalar correction,

r̂ = g
([

∑k αkhk; ŷ
])

, ŷc = ŷ+ r̂, (5)

where ŷc is the corrected forecast and g is a two-layer perceptron
with a hyperbolic-tangent hidden activation. The stage is trained
jointly with the rest of the model so that it learns the systematic
bias the recombination leaves behind; because it reads only
quantities derived from the window up to the forecast origin, the
corrected forecast stays causal at every test step.

The design rationale is that the bias of a decomposition-then-
recombine forecaster is structured rather than random, and struc-
tured error is learnable. The obvious alternative is to leave the
reconstruction uncorrected, which is what most ensembles do;
this forfeits a systematic and cheap accuracy gain. Fitting the
residual on validation rather than training keeps it from memo-
rizing training-fit idiosyncrasies, and adding it only at inference
keeps the corrected forecast causal. The stage is deliberately
small so that it cannot overpower the main predictor and cannot,
on its own, recover the leaked accuracy that the causal operator
removes [40, 41, 42].

3.7 Training Objective and Procedure
The model is trained end to end to minimize the error of the
corrected forecast against the target, with a mean squared error
loss over the training origins,

L =
1
N

N

∑
i=1

(
ŷc

i − yti
)2
, (6)

where N is the number of training origins and yti is the ground-
truth concentration H steps after origin ti. The encoder, the scale-
attention head, the output projection, and the residual network
are all optimized jointly against L . Algorithm 1 states the per-
origin causal procedure that generates forecasts; it is the same
loop used for training, with the loss accumulated over origins,
and for inference, with the residual added.

Algorithm 1 Causal forecasting at origin t with CALM

Require: series up to t, meteorology m, window L, modes K,
operator D

Ensure: corrected forecast ŷc

1: Xw← x[t−L+1..t] ▷ window only
2: {c1, . . . ,cK}←D(Xw) ▷ causal decomposition
3: for k = 1 to K do
4: hk← GRU( [ck;m] ) ▷ shared encoder
5: end for
6: α ← softmax({w⊤a tanh(Wahk +ba)}k)
7: ŷ← w⊤o (∑k αkhk)+bo ▷ attention-weighted aggregation
8: r̂← g([∑k αkhk; ŷ])
9: return ŷ+ r̂

The dominant cost is the per-origin decomposition: with T
test origins the operator runs T times rather than once, which is
the price of honesty. Because each call operates on a window of
fixed length L rather than the whole record, the per-call cost is
bounded and independent of the record length, and the windows
of neighbouring origins overlap heavily, which leaves room for
incremental computation. The neural part of the model is by
contrast inexpensive: the shared encoder processes K sub-signals
of length L with a single set of recurrent weights, the attention
head adds only a small scoring projection, and the residual net-
work is a two-layer perceptron, so the parameter count and the
forward-pass cost are dominated by the encoder rather than by
the mode count. This asymmetry matters for deployment. A
whole-series pipeline front-loads one expensive decomposition
and then forecasts cheaply, whereas CALM spreads a bounded
decomposition cost across origins; for hourly forecasting, where
a new origin arrives once per hour, the per-origin operator call is
comfortably within the available budget, and the heavy overlap
between consecutive windows means most of the sifting can in
principle be reused rather than repeated. The encoder, head, and
residual stage are all small, so the model trains and runs on a sin-
gle GPU, in keeping with the compact-model goal, and the same
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architecture serves both the CEEMDAN and the VMD variant of
D without change because the operator is hidden behind a fixed
mode interface.

4. EXPERIMENTAL RESULTS
4.1 Implementation Details
CALM is a compact single-GPU model. The shared gated-
recurrent encoder, the scale-attention head, and the residual net-
work are trained end to end with the Adam optimizer [43] using
mini-batches of contiguous origins, a fixed learning rate with
early stopping on the validation loss, and gradient clipping. In-
puts are standardized with statistics computed on the training
segment only, so no normalization constant carries information
from the validation or test horizon, and the look-back window
length and the mode count are selected on the validation segment.
We instantiate the causal decomposition operator D as VMD, re-
computed for every origin over the look-back window alone, and
the same operator code path is used at training, validation, and
test time so that the representation a test origin receives is pro-
duced exactly as it was during training. The residual-correction
network is trained jointly with the encoder and attention head
against the same objective, and because it reads only quantities
derived from the window up to the forecast origin, the corrected
forecast stays causal. No shuffling is applied at any stage, so
the chronological order of the record is preserved, and every
baseline is trained and evaluated under this identical protocol
so that the only thing that varies across rows of the result tables
is the model, not the data handling. For the leakage audit the
only change is the operator’s input scope, whole series versus
window, with every other setting held fixed, which is what li-
censes attributing the score gap to the leak. We used a look-back
window of L = 48 hours, a one-step horizon H = 1, and K = 5
modes, with the record partitioned chronologically into 12232
training, 2632 validation, and 2632 test origins.

4.2 Experimental Design
We evaluate on the open Beijing multi-site air-quality record, an
hourly dataset of PM2.5 concentrations with co-located meteo-
rology drawn from multiple monitoring stations and distributed
through public repositories [44, 1]; the results below are for
the Aotizhongxin station. We use a strictly chronological train,
validation, and test split with no overlap. Four metrics are re-
ported: root mean squared error and mean absolute error, both in
concentration units and both lower-is-better; mean absolute per-
centage error, lower-is-better and scale-free; and the coefficient
of determination, higher-is-better, which measures the fraction
of variance explained relative to the mean predictor [25]. The
baselines span the statistical and neural families that dominate
the task. Persistence carries the last observation forward and
is the reference any useful forecaster must beat. the statistical
baseline is a linear autoregressive model of order 24, denoted
AR(24) [10], support vector regression is a kernel baseline on
lagged features [11, 45], and plain LSTM and GRU networks on
the raw series are the recurrent neural baselines [26, 29]. The
decomposition-ensemble family is represented by VMD-GRU,
the causal decomposition operator feeding the shared encoder
without the scale-attention head or the residual stage; it is run
under the identical causal protocol so the comparison isolates the
representation rather than the evaluation. Reporting all of them
under one protocol lets the table answer two questions at once:
whether decomposition helps when done honestly, and whether
CALM’s extra components help beyond honest decomposition.

For the leakage audit we additionally run the decomposition in
its conventional whole-series form, decomposing the full record
once before the split, and attribute the resulting accuracy gap to
the leak. Because the audit changes nothing but the operator’s
input scope, the gap is a clean measurement of the inflation rather
than a confound of model or tuning differences.

4.3 Results
The main comparison is in Table 2. The central, and at first
counter-intuitive, result is that under the honest causal protocol
decomposition did not help. The plain GRU on the raw series
was the most accurate model, at 18.1 RMSE and 0.955 R2, with
the plain LSTM (18.4) and the linear AR(24) model (18.6) close
behind and persistence near 19.9. The causal decomposition
models were markedly worse: VMD-GRU reached only 24.1
RMSE and CALM, with its scale-attention head and residual
stage, 26.0 RMSE and 0.906 R2. SVR was the weakest learned
model at 25.2. In other words, once the decomposition is for-
bidden from seeing beyond the forecast origin, the elaborate
multi-scale pipeline that the literature reports as superior was
beaten by a compact recurrent network reading the raw signal.
We read the four metrics jointly, and they agree: the decomposi-
tion models that lose on RMSE also lose on MAE, MAPE, and
R2, so the ordering is not an artifact of one metric. The result is
reported as measured, without tuning the causal model until it
wins, because the gap is itself the finding.

Table 2. Main results on hourly PM2.5 forecasting (Aotizhongxin,
H = 1) under the chronological causal protocol. Lower is better except

R2. The best honest model is the plain GRU.

Method RMSE MAE MAPE R2

Persistence 19.90 9.99 19.57 0.945
AR(24) 18.60 9.93 24.24 0.952
SVR 25.15 17.48 55.13 0.912
LSTM 18.36 10.56 21.79 0.953
GRU 18.07 10.12 22.31 0.955
VMD-GRU (causal) 24.06 15.71 35.32 0.920
CALM (Ours, causal) 26.00 17.80 42.03 0.906

The leakage audit in Table 3 explains why the literature re-
ports the opposite ordering. Running CALM’s decomposition
in its conventional whole-series form, decomposed once over
the entire record before the split, dropped its RMSE from the
honest 26.0 to 9.2 and raised its R2 from 0.906 to 0.988. That
apparent leap is an inflation of 16.8 RMSE produced by nothing
but letting the training modes carry information from the test
horizon. The leaky number would, on its own, look like a strong
result and would beat every honest baseline in Table 2; the audit
shows it is an artifact of the evaluation rather than of the model.
The inflation is large precisely because the decomposition is
the step that touches the whole series, so the leak localizes to
it: the raw-series baselines, which never decompose, have no
equivalent inflated form.

Table 3. Leakage audit: the same CALM decomposition run in its leaky
whole-series form versus the causal operator, with the inflation reported.

The leaky column is not deployable.

Method RMSE (causal) RMSE (leaky) Inflation R2 (causal) R2 (leaky)

CALM (Ours) 26.00 9.24 16.76 0.906 0.988

The ablation in Table 4 removes one component at a time from
the full causal model. Removing the scale-attention head lowered
the error slightly, to 24.4 RMSE, and removing the residual stage
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gave 24.1, so neither component rescues causal decomposition
on this record; the full model is in fact marginally worse than its
reduced forms, which says the added capacity does not pay for
itself here. Replacing the causal operator with the whole-series
form gave 8.7 RMSE and 0.990 R2, a comparable inflation to the
9.2 RMSE the audit measured for the same leaky form; the two
are separate runs of the whole-series variant, so they differ by a
few tenths of an RMSE rather than being identical, and both show
the same large leakage effect. It is listed as the leaky variant to
make the trade explicit: the single change that most improves the
offline score is precisely the one that breaks deployability. Read
together, the ablation shows that the honest causal operator is
the component whose removal most improves the offline number
yet most damages validity, the opposite relationship from the
two neural components, whose removal barely moves the honest
error. Figure 4 summarizes the protocol that produces these
tables, and Figure 5 shows the honest ranking against the single
leaky bar.

Table 4. Ablation of CALM (causal): removing the scale-attention
head, the residual stage, and, as the leaky variant, the causal operator.

Variant RMSE MAE MAPE R2

Full CALM (causal) 26.00 17.80 42.03 0.906
w/o scale-attention 24.45 16.06 33.69 0.917
w/o residual correction 24.10 15.63 36.09 0.919
whole-series decomposition (leaky) 8.70 5.50 15.67 0.990

Same raw
PM2.5
series

Whole-series decomposition
(conventional) predictor RMSE 9.2

(leaky)

Causal per-origin decomp.
(ours) predictor RMSE 26.0

(honest)

Inflation =
16.8 RMSE
attributed
to the leak

Leakage audit protocol

Figure 4. The leakage-audit protocol: the same decomposition is run
leakage-free inside each window and, for the audit, once over the whole

series, with the accuracy gap attributed to the leak.

5. DISCUSSION AND ANALYSIS
5.1 Why Honest Decomposition Did Not Help
The ablation in Table 4 separates the contribution of each compo-
nent from the contribution of the causal protocol, and its message
is blunt: on this record the extra machinery did not earn its place.
Removing the scale-attention head and reverting to a naive sum
gave 24.4 RMSE, and removing the residual stage gave 24.1,
both lower than the full causal CALM at 26.0. A component that
improves accuracy when removed is not pulling its weight, so the
attention head and the residual correction, which were designed
to beat a summed ensemble, instead added variance that the small
test signal did not reward. The deeper reason is visible one row
up in Table 2: the causal decomposition itself was the handicap.
VMD-GRU, the decomposition baseline without either neural
addition, already trailed the plain GRU by about 6.0 RMSE (24.1
against 18.1). Per-origin decomposition of a 48-hour window
leaves the slow modes poorly resolved and introduces boundary
effects at the window edge, and the encoder must then learn from
a noisier, edge-distorted representation than the clean raw series
the GRU reads directly. The multi-scale benefit that motivates
decomposition is real only when the modes are stable, and a
short causal window does not make them so.
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Figure 5. Test RMSE by method under the honest causal protocol.
Plain GRU is the strongest; the causal decomposition models are worse.
Only the leaky whole-series bar (red) looks competitive, and it is not

deployable.

5.2 The Leak, Quantified
The leakage audit in Table 3 is the heart of the paper, and its
mechanism is worth stating plainly. A whole-series operator
produces, for a training-region timestamp, a mode value com-
puted with knowledge of the test-region samples; the predictor
then learns to exploit a feature that encodes its own future. At
test time that same feature is genuinely causal, so the model
appears to generalize when in fact the training signal was con-
taminated. The audit makes this concrete by running both forms
of the same operator and reporting the gap: CALM fell from
26.0 RMSE under the causal operator to 9.2 under the whole-
series form, an inflation of 16.8 RMSE, while R2 rose from
0.906 to 0.988. The leaky figure alone would read as a strong
result and would top every honest baseline, which is exactly how
a decomposition-ensemble paper reporting 9.2 RMSE would
present it. The audit shows that almost two-thirds of that appar-
ent accuracy is borrowed from the future. The inflation localizes
to the decomposition step because that is the only operation
touching the whole series; the raw-series baselines never decom-
pose and so have no inflated form. The practical consequence
is that the causal column is the only one comparable to deploy-
ment, and any fair comparison across the literature requires
every decomposition-based number to be recomputed under the
causal protocol [6, 7, 24, 9]. This reframes a methodological
caution into a concrete correction: rather than discarding the
decomposition-ensemble literature, treat its headline numbers as
leaky upper bounds and its causal recomputation as the deploy-
able figure.

5.3 When Decomposition Might Still Help
The result does not say decomposition is useless; it says decom-
position computed honestly did not beat a plain GRU on this
hourly record, and that the published gains rest substantially on
leakage. Three design constants govern the honest regime: the
look-back window length L, the mode count K, and the horizon
H. A longer window gives the causal operator more context
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and stabilizes the slow modes, but raises the per-origin cost and
can blur fast transitions; the 48-hour window we used trades
resolution for responsiveness, and a forecaster needing distant
slow structure would want more. The mode count trades reso-
lution against redundancy. We expect the honest gap to narrow,
and possibly reverse, at longer horizons and on coarser-sampled
series, where the informative scale shifts between origins and a
clean raw signal no longer suffices; the one-step hourly horizon
used here is the case where persistence is already strong and
a single dominant scale carries the forecast, which is the least
favorable setting for multi-scale weighting. The honest protocol
is what makes such a claim testable: only by recomputing the
decomposition per origin can one ask whether decomposition
helps without the answer being supplied by the leak. Figure 6
illustrates the regime that motivates forecast-relevant weighting,
in which a calm interval is governed by the slow trend while a
spike is announced by the high-frequency residual; whether that
regime is common enough to overcome the boundary cost is an
empirical question the protocol now lets the field answer cleanly.

illustrative, no axes units

calm interval spike onset

scale-attention

slow

fast

slow

fast

emphasis shifts slow -> fast

Scale-attention emphasis tracks the active scale

Figure 6. Illustrative regime where the slow trend dominates a calm
interval while the high-frequency residual carries a pollution spike,

motivating forecast-relevant scale weighting.

5.4 Failure Mode Analysis
The causal operator’s chief weakness is the flip side of its honesty,
and the numbers show it. Because the decomposition is recom-
puted from the look-back window alone, a short window leaves
the slowest modes poorly resolved, and the window boundary
introduces edge effects that the whole-series form hides by hav-
ing data on both sides. A likely contributor to the 6.0 RMSE the
causal decomposition models gave up to the raw-series GRU is
that the representation they read is degraded near the window
edge, where every forecast origin sits; we did not isolate this
effect with a window-length sweep, so we offer it as a hypothe-
sis rather than a measured cause. CALM should struggle most
immediately after an abrupt regime change, such as the onset
of a heating season or a sudden meteorological shift, when the
window still holds mostly pre-change history and the per-origin
decomposition has not adapted; in that transient the slow modes
lag and the residual stage, fit to past bias, can mis-correct. The
mitigation follows from the diagnosis: lengthening the window
over the transition, or warm-starting each origin’s decomposi-
tion from the neighbouring origin’s modes to dampen boundary
effects, trades a little computation for steadier behaviour. This
failure mode is intrinsic to causal decomposition rather than

specific to our model, and naming it is part of reporting honest
accuracy: a forecaster that recomputes its features per origin
must accept some boundary instability as the price of never
reading the future [23, 42].

6. CONCLUSION
This paper revisits the decomposition-ensemble template that
dominates short-term PM2.5 forecasting and shows that much
of its reported accuracy is an artifact of decomposing the whole
series before the train-test split, which lets the future leak into
training. We reframe the decomposition as a causal operator
recomputed inside an origin-respecting sliding window, so that
no sample beyond the forecast origin contributes to any mode
and the representation matches what a deployed system would
have, and on top of it we test a compact attention-gated-recurrent
forecaster, CALM. The central result is a negative one, reported
as measured: under leakage-free evaluation on the open Beijing
record, decomposition did not help. A plain gated recurrent
network on the raw series was the most accurate model at 18.1
RMSE, while the causal decomposition models reached only
24.1 and 26.0. A dedicated leakage audit explains the gap with
the published literature: running the same decomposition in its
conventional whole-series form inflated accuracy by 16.8 RMSE,
erasing almost two-thirds of the model’s honest error, and raised
the coefficient of determination from 0.906 to 0.988. The contri-
bution is therefore methodological rather than a new state of the
art: a causal protocol and an audit that let decomposition results
be reported honestly. The main limitation is that a single station
and a one-step hourly horizon are the setting least favourable to
multi-scale weighting; a useful next step is to apply the same
leakage-free protocol across sites and longer horizons, where
honest decomposition may yet earn its cost.
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