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Abstract

Rainfall forecasting presents a dual challenge: extreme zero
inflation, where dry days dominate and obscure meaning-
ful precipitation patterns, and pronounced nonstationarity,
where climate dynamics evolve across time and regimes. We
propose the Deep Extreme Transformer (DET), a princi-
pled architecture that integrates statistical distribution mod-
eling with neural sequence learning to address both is-
sues simultaneously. DET augments the Transformer with
a Tweedie distribution output head that unifies discrete ze-
ros and continuous intensities, a fixed shared-weight mech-
anism that emphasizes rare but critical events in both atten-
tion and loss computation, and a Gaussian perturbation strat-
egy that enhances learning stability without violating physical
constraints. DET further incorporates nonstationary attention
to adapt to evolving rainfall regimes. Extensive experiments
on multi-decadal South Australian climate data demonstrate
that DET consistently outperforms existing deep learning and
statistical models across forecasting horizons. Our method
provides an effective and generalizable framework for zero-
inflated, shift-prone time series, bridging statistical rigor with
deep temporal modeling in a unified and scalable design.

Introduction

Accurate rainfall prediction is crucial for agricultural plan-
ning, water resource management, and disaster prepared-
ness in climate-vulnerable regions. However, a fundamental
technical challenge undermines current forecasting systems:
zero inflation, the overwhelming prevalence of zero rain-
fall observations that systematically biases prediction mod-
els away from detecting critical precipitation events.

The zero inflation problem in rainfall data is severe
and pervasive (Schepen, Wang, and Robertson 2012). In
drought-prone regions, dry days comprise 70-85% of all ob-
servations, creating datasets where the most frequent out-
come provides virtually no predictive information about the
rare but crucial events that communities need to anticipate.
This extreme sparsity creates a fundamental modeling para-
dox: when trained on heavily zero-inflated data, machine
learning approaches develop systematic biases toward pre-
dicting continued drought conditions (Wood et al. 2002;
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Figure 1: Rainfall time series demonstrating severe zero in-
flation and nonstationarity. The overwhelming presence of
zero values masks critical precipitation events.

Wilby et al. 1998), failing to capture the onset of benefi-
cial precipitation events that are essential for agricultural and
water management decisions.

This zero inflation challenge is compounded by non-
stationarity, where rainfall patterns exhibit continuously
evolving statistical properties across seasons and climate
regimes (Milly et al. 2008; Gao et al. 2024a). Models must
simultaneously learn from extremely sparse, imbalanced
data while adapting to shifting statistical foundations.

Current time series prediction models fail to adequately
handle zero inflation (Coe and Stern 1982). Traditional sta-
tistical approaches like hurdle models (Mullahy 1986) and
zero-inflated Poisson models (Lambert 1992) can manage
sparse distributions but assume temporal independence (Cox
1955; Zucchini and MacDonald 2009), ignoring the sequen-
tial dependencies crucial for weather forecasting (Brockwell
and Davis 2002).

More critically, modern deep learning approaches
struggle catastrophically with zero inflation (Reichstein
et al. 2019; Vandal et al. 2017). Transformer architec-
tures (Vaswani et al. 2017), while excellent at capturing tem-
poral dependencies, suffer from a fundamental flaw when
faced with zero-inflated sequences: the self-attention mech-
anism becomes democratized across abundant zero observa-
tions (Clark et al. 2019; Rogers, Kovaleva, and Rumshisky
2020). Instead of learning to prioritize the few critical non-
zero events, attention weights become nearly uniform, effec-
tively diluting the model’s ability to detect important precip-



itation signals. The Nonstationary Transformer (Liu et al.
2022), despite handling evolving statistical properties, re-
mains fundamentally limited by this zero inflation problem.

This creates a critical gap in time series modeling: ex-
isting methods force a choice between handling data spar-
sity or capturing temporal dependencies (Han et al. 2019),
but rainfall prediction requires both capabilities simultane-
ously. The zero inflation problem represents a fundamental
barrier to developing reliable forecasting systems for sparse,
sequential data (Wilks 2011).

To address this gap, we propose the Deep Extreme
Transformer (DET), specifically designed to handle severe
zero inflation while preserving temporal modeling capabili-
ties. Our main contributions are:

¢ Theoretical analysis proving why standard Transform-
ers fail on zero-inflated sequences and establishing
information-theoretic bounds for attention mechanisms.

Weighted attention mechanism with fixed shared
weights that restores information concentration by dif-
ferentiating zero and non-zero observations in attention
computation.

Tweedie distribution framework providing unified
modeling of both exact zeros and continuous positive
precipitation values through principled statistical param-
eterization.

Gaussian perturbation strategy for optimization stabil-
ity that maintains statistical consistency while improving
gradient properties in sparse regimes.

Related Work

Recent deep learning advances have shown significant
promise for time series forecasting, with Transformer-based
architectures particularly excelling due to their self-attention
mechanisms and long-range dependency modeling capabili-
ties (Zhou et al. 2021; Liu et al. 2022; Gao et al. 2024b; Nie
et al. 2023; Kitaev, Kaiser, and Levskaya 2020; Yu et al.
2025; Xu et al. 2025). The Informer (Zhou et al. 2021)
improves computational efficiency through sparse attention,
while the Nonstationary Transformer (Liu et al. 2022) adapts
to dynamic time series patterns. Earlier approaches using
CNNs, RNNs, and GANSs have also demonstrated success in
capturing spatiotemporal dependencies (Norel et al. 2021),
but these models uniformly treat zero and nonzero values,
leading to suboptimal performance in detecting sparse rain-
fall events due to lack of zero inflation handling mecha-
nisms.

Statistical approaches for zero-inflated data modeling
have been extensively studied, with traditional methods like
Zero-Inflated Poisson models (Lambert 1992) and special-
ized time series processes such as ZIPPAR (Maiti et al.
2014) addressing sparse count data through various esti-
mation techniques. Recent work has explored zero-inflated
Poisson regression for handling excess zeros and compared
different zero-inflated models on modern datasets (Bev-
eridge, Goldstein, and Chung 2024). The Tweedie distribu-
tion, with its unique Poisson-Gamma mixture property, has
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emerged as particularly suitable for zero-inflated continu-
ous data in domains like insurance and precipitation model-
ing (Gao et al. 2025), though these statistical methods typi-
cally assume temporal independence and struggle with com-
plex sequential patterns.

Hybrid approaches combining deep learning with statisti-
cal models represent an emerging trend for enhanced fore-
casting capabilities. (Shi, Dai, and Long 2021) demonstrated
this fusion through a deep learning-based zero-inflated du-
ration model for financial applications, while work in rain-
fall prediction combining statistical distributions with neu-
ral architectures remains limited. Our approach fills this gap
by integrating Tweedie distribution parameterization with
Transformer architectures, creating a unified framework that
captures both temporal dependencies and zero inflation char-
acteristics, addressing limitations of existing methods that
force a choice between statistical rigor and sequential mod-
eling capabilities.

Preliminaries
Problem statement

Our problem is essentially a time series forecasting task with
a large number of zero values specifically in the target vari-
able Y, which represents precipitation. We examine a time
series of dimension m, denoted as (x1,...,xr) € RT*™,
Our objective is to use historical data spanning h steps to
predict the future k steps of the time series, expressed as
Y* = g(X), where X € R"*™ represents the input his-
torical data and Y* € RF*! denotes the predicted future
precipitation values. In our work, we define g(-) as a trans-
former model.

Analysis of Zero-Inflation in Transformer

T

Zero-inflated data poses fundamental challenges for Trans-
former architectures. In standard self-attention:
. QK
Attention(Q, K, V') = softmax ( \%4 (1)
Vg

When target variables predominantly contain zeros, simi-

T
larity scores Q\/% between time steps become uniform due

to minimal feature variation. This causes the softmax oper-
ation to produce nearly uniform attention weights, prevent-
ing the model from focusing on sparse but critical non-zero
events.

The Nonstationary Transformer’s de-stationary attention

mechanism:
TQ'K'T + IAT> v
Vi
(2

suffers from the same limitation. Despite incorporating scal-
ing factor 7 and shifting vector A, the score matrix still ex-
hibits low dynamic range when zeros dominate, leading to
uniform attention distribution.

Figure 2 empirically demonstrates this phenomenon
across varying zero ratios, showing how attention weights
become increasingly uniform as zero-inflation increases.

Attn(Q', K', V', 7, A) = softmax (
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Figure 2: Comparison of attention heatmaps under varying zero ratios. The top row shows attention-weight heatmaps, where
both axes denote sequence positions. Higher zero ratios lead to increasingly uniform and less concentrated attention patterns.

Proposed Method

Although the Nonstationary Transformer (Liu et al. 2022)
addresses nonstationarity in time series data to some ex-
tent, it still faces fundamental challenges when dealing
with zero-inflated data, particularly in capturing sparse non-
zero events such as significant precipitation occurrences. To
systematically overcome these limitations, we propose the
DET, which integrates principled statistical modeling with
neural sequence learning through four key innovations mo-
tivated by rigorous theoretical analysis. Figure 3 provides an
overview of our complete architecture.

Problem Analysis: Why Standard Transformers
Fail on Zero-Inflated Data

To understand why existing approaches struggle with zero-
inflated sequences, we first establish the fundamental the-
oretical limitation that drives our design choices. In zero-
inflated precipitation data, dry days comprise 70-85% of ob-
servations, creating a severe imbalance that systematically
biases attention mechanisms.

Theorem 1 (Attention Weight Uniformity in Zero-Inflated
Sequences). In zero-inflated sequences where P(z; = 0) =
po, as the zero-inflation ratio po — 1, the variance of at-
tention similarity scores approaches zero, causing attention
weights to converge to uniform distribution.

Proof Sketch. Consider the similarity score matrix S;; =

qi k?

NG in standard attention (Vaswani et al. 2017). When

po — 1, most input vectors become sparse or zero-like. The
variance of similarity scores becomes:

Var(Si;) = E[(qik] )*] — (Elgik[])* =0 (3)
As variance diminishes, the softmax operation produces
nearly uniform weights: lim, 1 softmax(S;;) = % + €

where € — 0. Full proof in Appendix A.1.

This theorem reveals a critical flaw: as zero-inflation in-
creases, Transformers lose their discriminative power. The
attention mechanism becomes “democratized” across abun-
dant zero observations, preventing the model from focusing
on rare but critical precipitation events. This phenomenon is
empirically demonstrated in Figure 2, where increasing zero
ratios lead to increasingly uniform attention distributions.

38480

Lemma 1 (Information Entropy Growth). The information
entropy of standard attention increases with zero-inflation
ratio:

T
Hyandara = — »_, i log aij — log T as pg — 1
i=1

“4)

This means standard Transformers approach maximum
uncertainty (minimum information) precisely when preci-
sion is most crucial for precipitation forecasting. The model
carries maximum entropy when it should be most discrimi-
native about rare events.

Solution 1: Weighted Attention for Information
Concentration

Given the information loss identified in Theorem 1, we need
a mechanism to restore the model’s ability to focus on non-
zero events. The core insight is that we must differentiate the
importance of zero and non-zero observations in the atten-
tion computation itself. This motivates our weighted atten-
tion design.

Theorem 2 (Information Gain of Weighted Attention). Our
weighted attention mechanism maintains information con-
centration by preserving the significance of non-zero events.
The entropy of weighted attention satisfies Heightea <
Hundara, indicating more focused information distribution.

Proof Sketch. By introducing differential weights w;; = 3
for non-zero events and w;; = « for zero events (where
B > «), the weighted attention becomes:

aw _ exp(Sij . wij)
Y Zk exp(Sik - wik)

The exponential weighting amplifies non-zero positions
while suppressing zero positions, creating a more con-
centrated distribution with lower entropy: Hyeighted
-> ; a;%log o} < Hguandara- Full proof in Appendix A.2
provided in the github. O

&)

Based on this theoretical foundation, we implement a
fixed shared weight mechanism. The weights are determined
by past target values y; in the decoder:

Wij = {

ifyj >0

a,

6
3, (6)
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Figure 3: Architecture overview of the Deep Extreme Transformer. The model integrates four principled innovations to address
zero-inflated precipitation forecasting: (1) Gaussian perturbation smooths zero values for stable optimization, (2) weighted
attention with fixed shared weights («, ) restores information concentration, (3) Tweedie parameter mapping provides unified
zero-inflated modeling, and (4) weighted Tweedie loss ensures consistent optimization. The architecture seamlessly combines
with nonstationary attention mechanisms (7, A) to handle both zero-inflation and temporal nonstationarity simultaneously.

The weight ratio is carefully designed to balance contri-
butions from zero and non-zero samples:

B )
Dzero

where Djero and Pnon zero are the empirical proportions of zero
and non-zero observations in the dataset. For our South Aus-
tralian precipitation data with 80% zeros, we have p,eo =
0.8, Pron-zero = 0.2, leading to aw = 0.255 when g = 1.
The modified attention computation in the decoder be-
Score(%,7)

comes:
Vg ’ wi’j)

exp (
Score(i,k

Zkexp( e )

where Score(i, 7) is the standard dot-product similarity
between query g; and key k;. This design ensures that atten-
tion weights for non-zero precipitation events receive higher
emphasis, counteracting the uniformity bias identified in
Theorem 1.

Pron-zero
o= —

Attention(z, j) = )

Theorem 3 (Attention Concentration Property). The
weighted attention mechanism satisfies the concentration in-
22(8 — a)?

equality:
o) ©

This concentration bound guarantees that attention
weights remain stable around their expected values, provid-
ing reliable focus on non-zero events with high probability.

P (|a§? - E[Ot?])” > t) < 2exp <

Solution 2: Tweedie Distribution for Unified
Zero-Inflated Modeling

While weighted attention addresses the discrimination prob-
lem, we also need an output distribution that naturally han-
dles both exact zeros and continuous positive values. Stan-
dard regression assumes continuous targets with Gaussian
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noise, which fundamentally mismatches zero-inflated data
characteristics. Traditional approaches force a choice be-
tween discrete (for zeros) and continuous (for positive val-
ues) modeling, but precipitation requires both simultane-
ously.

This motivates our Tweedie distribution parameterization,
which provides a unified mathematical framework for zero-
inflated continuous data. The Tweedie distribution is partic-
ularly suitable because it can generate exact zeros with pos-
itive probability while modeling continuous positive values.

Theorem 4 (Tweedie Distribution Optimality for Zero-In-
flated Data). Among all distributions that can model both
exact zeros and positive continuous values, the Tweedie dis-
tribution with shape parameter 1 < p < 2 achieves maxi-
mum entropy under given mean and variance constraints.

Proof Sketch. The Tweedie distribution belongs to the expo-
nential family with form:

y0 —b(0)

f(y;0,0) = exp ( 3

+ C(y,aﬁ)) (10)

-

where the natural parameter is § = %ﬁp and cumulant func-
2

tion is b(#) = ‘;_:. When 1 < p < 2, this represents a

compound Poisson-Gamma mixture that uniquely combines
discrete point mass at zero with continuous positive support
while maximizing entropy. Full proof in Appendix A.3 pro-
vided in github. O

Tweedie Distributions for Zero-Inflated
Precipitation Forecasting

The key properties that make Tweedie distributions ideal for
our application are: (1) Exact zero modeling: The probabil-



ity of zero precipitation is explicitly modeled as

prr
P(Y =0) =exp (— ) (11)

2—-p)o
(2) Continuous positive values: Non-zero values follow a
continuous distribution with support (0, o). (3) Unified pa-
rameterization: Both zero probability and positive value in-
tensity are controlled by the same mean parameter u. (4)
Exponential family properties: Enable efficient parameter
estimation and theoretical analysis.

We modify the Transformer’s output layer to predict
Tweedie distribution parameters rather than direct point esti-
mates. The model’s final hidden state §j € R% < is mapped
to distribution parameters through separate multi-layer per-
ceptrons:

p = softplus(MLP, (7)), ¢ = softplus(MLP4(7)) (12)

where MLP,, and MLP, are two-layer feedforward net-
works with ReLU activations. The softplus activation en-
sures both parameters remain positive. The shape parame-
ter p is treated as a learnable global parameter initialized at
1.5 and constrained to the interval (1,2) during training to
maintain the Poisson-Gamma mixture property.

This parameterization enables the model to simultane-
ously learn: (1) when precipitation is likely to occur (x4 con-
trols zero probability), (2) how much precipitation is ex-
pected when it does occur (i and ¢ control the positive value
distribution), and (3) the variability in precipitation amounts
(¢ controls dispersion).

Solution 3: Gaussian Perturbation for
Optimization Stability

Even with appropriate attention weighting and output dis-
tribution, training on zero-inflated data presents optimiza-
tion challenges. The abundance of exact zeros creates non-
differentiable point masses in the loss landscape, leading
to unstable gradients and poor convergence. Traditional ap-
proaches either ignore this issue or use ad-hoc smoothing
techniques without theoretical justification.

To address this systematically, we introduce a principled

Gaussian perturbation strategy that maintains statistical con-
sistency while improving optimization properties.
Lemma 2 (Statistical Consistency of Gaussian Perturba-
tion). For zero-valued samples, applying truncated Gaus-
sian perturbation §j; = max (0, y;+¢;) where ¢; ~ N(0, 0?)
yields a perturbed distribution q, () that: (1) converges
weakly to the original distribution as o — 0, (2) improves
differentiability properties, and (3) preserves physical con-
sistency through non-negativity constraints.

Proof Sketch. Weak convergence ¢, () — p(y) as o — 0
follows from the continuous mapping theorem (Billingsley
2013). For differentiability, the truncated Gaussian smooths
the non-differentiable point mass at zero, improving the Lip-
schitz constant of the gradient:

HVLperlurbed(el) - VLperturbed(GQ)H S L17||91 - 02” (13)

where L, < Loiginai- The max operation preserves precip-
itation semantics by ensuring non-negativity. Full proof in
Appendix A.4. O
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The perturbation scale is chosen adaptively based on the
data characteristics:

o = r - min(non-zero precipitation values)  (14)

where » = 0.1 by default. This choice ensures that: (1) the
perturbation magnitude is small relative to actual precipi-
tation amounts, (2) the statistical properties of the original
distribution are preserved, and (3) gradient optimization sta-
bility is enhanced without introducing significant bias.

For our South Australian precipitation data, this typically
results in ¢ ~ 0.01 mm, which is negligible compared to
meaningful precipitation events (typically > 1 mm) but suf-
ficient to smooth the optimization landscape around zero
values.

Solution 4: Weighted Tweedie Loss for Consistent
Optimization

To maintain consistency between our attention mechanism
and optimization objective, we design a weighted loss
function that emphasizes non-zero events using the same
weighting scheme as the attention computation. This uni-
fied weighting approach ensures that the model’s learning
objective aligns with its attention allocation strategy.

Theorem 5 (Convexity of the Weighted Tweedie Loss). The
weighted Tweedie loss function

N
L(0) = - Zwi log f(yis pis @5 p)

i=1

is convex with respect to the mean parameter i under mild
regularity conditions when 1 < p < 2, which facilitates
stable optimization using standard first-order methods.

Proof Sketch. For 1 < p < 2, the Tweedie log-likelihood is
concave with respect to the mean parameter p. Specifically,
its second derivative satisfies

2—-p)(1=p)
¢
Therefore, the negative log-likelihood is convex in p. Since

the weights w; are non-negative, the weighted sum pre-
serves convexity. A detailed derivation is provided in Ap-

82
. — _ —p
o log f(y; 1, ¢, p) p P <0. (15)

pendix A.S. O
The explicit form of our weighted Tweedie loss is:
N 2—p 1—p 2—p
w; Yi Yilk; My
L(e — et ( 7 _ % 7 )
) §;¢ (I=p)2=p) 1=p 2-p
(16)

where the weights w; follow the same fixed shared weight
scheme used in attention:
a?

e {/3,

This design choice ensures that: (1) the loss function em-
phasizes learning from non-zero precipitation events, (2) the
attention mechanism and optimization objective are aligned,

ify; =0

17
ify; >0 17



and (3) the model maintains consistent focus throughout
training.
The gradient of the weighted loss with respect to the mean
oL o wj

parameter p; is:
p =
= Hi — — Yiky )
op; ¢ (

This gradient naturally balances the contribution of
zero and non-zero samples according to their importance
weights, leading to more stable and effective training on
zero-inflated data.

1—
i

(18)

Integration and Theoretical Guarantees

Our complete DET framework addresses all fundamental
challenges identified in the theoretical analysis while pro-
viding rigorous guarantees for both optimization and gen-
eralization. The integration of weighted attention, Tweedie
parameterization, Gaussian perturbation, and consistent loss
weighting creates a unified architecture that maintains both
statistical rigor and computational efficiency.

For generalization properties, our model satisfies the
PAC-Bayes bound:

KL(Q| P) +log(})
2Nt

E[L(§)] < L(f) + \/

19)

where the effective sample size is adjusted for zero-
inflation:

2pop1
apo + Bp1

This bound demonstrates that our weighting scheme im-
proves generalization by balancing the effective contribution
of zero and non-zero samples, preventing the model from
overfitting to the abundant zero observations.

The method seamlessly integrates with nonstationary
modeling capabilities by incorporating our weighted atten-
tion into the de-stationary attention mechanism of the Non-
stationary Transformer:

Atn(Q', K", V', 7, A, W) =
'K'T +1AT w 21
softmax <(TQ + )© ) Vv’ @D

Netf = 1 - (20)

Vdy

where 7 and A are de-stationary factors derived from in-
put statistics, and W contains our learned weights w; ;. The
element-wise multiplication © allows both mechanisms to
operate simultaneously, enabling the model to handle zero-
inflation and nonstationarity concurrently.

The complete training procedure integrates all compo-
nents: (1) apply Gaussian perturbation to zero-valued targets
during preprocessing, (2) compute weighted attention scores
using the fixed shared weight scheme, (3) predict Tweedie
distribution parameters through separate MLPs, (4) calculate
the weighted Tweedie loss emphasizing non-zero events,
and (5) optimize using Adam with learning rate schedul-
ing. The theoretical guarantees ensure stable convergence
and optimal performance on zero-inflated precipitation fore-
casting tasks.
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Experiments

Our study focuses on South Australia, a region known for its
pronounced rainfall variability and recurrent droughts. The
climate of South Australia is largely semi-arid to arid, char-
acterized by significant fluctuations in rainfall driven by sea-
sonal influences, including the southern jet stream and the
influx of tropical moisture. Understanding these rainfall pat-
terns is vital for managing agriculture, water resources, and
climate adaptation strategies. This makes South Australia a
compelling region for advancing and validating models de-
signed to predict zero-inflated rainfall events.

Our dataset uses NCEP-NCAR Reanalysis 1!, provided
by the National Oceanic and Atmospheric Administration
(NOAA). This data is available at a daily frequency, cover-
ing the period from 1948 to 2014, with a global resolution
of 2.5 degrees in both the latitudinal and longitudinal direc-
tions, and has not been re-gridded. The nearest geographical
point to South Australia was selected.

Data Preprocessing

We extracted and converted climate data from 1948 to
2014 for the South Australia region. The data, originally in
NetCDF format, were transformed into CSV files for fur-
ther processing. Our features include relevant meteorologi-
cal variables, such as temperature, pressure, humidity, and
wind speed, among others. Detailed data preprocessing pro-
cedures are provided in the Appendix.

Experimental Setting

We evaluate our method on NCEP-NCAR Reanaly-
sis precipitation data from South Australia (1948-2014)
with 80% zero values, using chronological train/vali-
dation/test splits of 70/15/15. Models use 96-step in-
put sequences to predict 24, 48, 96, 192, 336, and
720 future steps. We compare against 9 baseline meth-
ods including Transformer variants, TSMixer, and statis-
tical models (ZIP, Hurdle) using identical training con-
figurations. More details can be found in the Appendix
provided in the github repo https://github.com/Wentao-
Gao/AAAI2026_Deep_Extreme_Transformer.

We carefully chose 7 well-acknowledged forecasting
models and 2 zero-inflated models as our benchmark, in-
cluding TSMixer (Chen et al. 2023), iTransformer (Liu et al.
2023), Transformer (Vaswani et al. 2017), PatchTST (Nie
et al. 2023), TimeMixer (Wang et al. 2024), TimesNet (Wu
et al. 2023), Nonstationary Transformer (Liu et al. 2022),
Zero-Inflated Poisson (ZIP), and Hurdle Model to ensure a
comprehensive evaluation of our approach.

Main Results

As shown in Table 1, our experimental results demonstrate
that DET significantly outperforms all baseline methods
across forecasting horizons. For 24-step forecasting, DET
achieves the best performance with MSE of 0.512 and MAE
of 0.212. Compared to the strongest deep learning baselines,

"https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.html



Output Length DeepExtreme Transformer TSMixer iTransformer Transformer PatchTST TimeMixer TimesNet Nonstationary Transformer 1P Hurdle
(Ours) (2023) (2024) (2017) (2023) (2024) (2023) (1992) (1986)
2 MSE 0.5120 0.9458 0.9018 0.8723 0.9065 0.9089 0.6520 0.7200 1.5620  1.8725
MAE 0.2120 0.4010 0.3256 0.3157 0.3251 0.3140 0.4291 0.2975 0.5612  0.6250
48 MSE 0.5180 0.9491 0.9082 0.8641 09118 0.9127 0.6620 0.7350 1.6031  1.8952
MAE 0.2140 0.4084 0.3171 0.3312 0.3243 0.3211 0.4337 0.3117 0.5763  0.6425
9 MSE 0.5320 0.9546 0.9220 0.8716 0.9185 0.9205 0.6776 0.7600 1.7025  1.9331
MAE 0.2210 0.4098 0.3299 0.2973 0.3067 0.3156 0.4455 0.3078 0.5889  0.6520
192 MSE 0.5450 0.9671 0.9292 0.8764 0.9200 0.9252 0.7450 0.7800 1.7501  1.9803
MAE 0.2280 0.4053 0.3339 0.3090 0.3200 0.3220 0.4904 0.2984 0.6025  0.6624
336 MSE 0.5580 0.9734 0.9215 0.8777 0.9250 0.9267 0.7500 0.8000 1.8457  2.0310
MAE 0.2350 0.4253 0.3217 0.3048 0.3150 0.3235 0.4950 0.3026 0.6205  0.6742
720 MSE 0.5800 0.9733 0.9179 0.8655 0.9300 0.9490 0.7600 0.8200 1.9123  2.1057
MAE 0.2450 0.4282 0.3150 0.3050 0.3200 1.8307 0.5000 0.3080 0.6358  0.6820
Table 1: Long-term Forecast Results (Including ZIP and Hurdle Models)
Design 96 192 336
MSE MAE MSE MAE MSE MAE MSE MAE
Weighted Attention + Tweedie Loss 0.5180  0.2140  0.5320  0.2210  0.5450  0.2280  0.5580  0.2350
Full Model
Rel Tweedie Loss — Standard Loss 0.620 0.265 0.650 0.275 0.680 0.285 0.700 0.295
eplace
P Weighted Attention — Standard Attention 0.610 0.260 0.640 0.270 0.670 0.280 0.690 0.290
Tweedie Mapping — Standard Regression 0.605 0.258 0.635 0.268 0.665 0.278 0.685 0.288
wio w/o Weighted Attention 0.630 0.270 0.660 0.280 0.690 0.290 0.720 0.300
w/o Gaussian Perturbation 0.635 0.275 0.665 0.285 0.695 0.295 0.725 0.305

Table 2: Ablation Study Results on Zero-Inflated Precipitation Data

DET shows consistent improvements: 21.5% MSE reduc-
tion over TimesNet (0.512 vs 0.652) and 28.7% MAE re-
duction over Nonstationary Transformer (0.212 vs 0.298).

The performance advantage remains consistent across
longer horizons, with MSE improvements of 21.8% (48-
step), 21.5% (96-step), and 26.8% (192-step) compared to
TimesNet. For MAE, improvements range from 23.6% to
31.3% compared to Nonstationary Transformer across dif-
ferent horizons. Notably, statistical models designed specifi-
cally for zero-inflated data (ZIP and Hurdle) perform signif-
icantly worse, with MSE values 2-3 times higher than DET,
highlighting the critical importance of combining temporal
modeling with zero-inflation handling.

Previous studies indicate that extending the lookback win-
dow does not always improve forecasting accuracy and may
even degrade performance due to attention distraction (Nie
et al. 2023; Zeng et al. 2022). Hence, we fix the lookback
length at 96 timesteps to balance accuracy and efficiency.
Unlike other Transformer variants affected by attention dilu-
tion in zero-inflated data, DET captures key patterns through
its extreme attention mechanism, achieving state-of-the-art
performance in zero-inflated time series forecasting.

Ablation Study

To validate the contributions of each component in our
Deep Extreme Transformer, we conducted systematic abla-
tion studies with both replacement and removal experiments
as shown in Table 2. The results demonstrate that each pro-
posed component is essential for optimal performance. For
96-step forecasting, replacing the Tweedie loss with stan-
dard MSE loss degrades MSE from 0.532 to 0.650 (22.2%
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performance loss), confirming that the Tweedie distribu-
tion is critical for modeling zero-inflated continuous data.
Substituting weighted attention with standard attention in-
creases MSE to 0.640 (20.3% worse), demonstrating that our
weighting mechanism successfully addresses attention dilu-
tion in zero-inflated sequences. The removal experiments re-
veal even larger performance degradations, with removing
Gaussian perturbation causing the most severe impact (MSE
increases to 0.665, 25.0% worse performance) and removing
weighted attention leading to substantial degradation (MSE:
0.660, 24.1% performance loss). Consistently across all pre-
diction horizons, component removal causes larger perfor-
mance drops than component replacement, and all compo-
nents contribute meaningfully to handling zero-inflated pre-
cipitation forecasting challenges.

Conclusion

We introduced the DET, a unified architecture for zero-
inflated rainfall prediction that integrates Tweedie distribu-
tion modeling, weighted attention, and Gaussian perturba-
tion. DET consistently surpasses state-of-the-art methods
across horizons up to 720 steps, achieving an MSE of 0.512
and MAE of 0.212 at 24-step forecasts. In future work, we
aim to incorporate causal representations (Xu et al. 2024;
Cheng et al. 2023, 2024) to disentangle latent drivers of ex-
treme events and improve interpretability, extending DET
toward causality-aware zero-inflated forecasting. This direc-
tion will enable deeper insights into climate dynamics and
broader applications across complex, data-sparse temporal
domains.
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