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Abstract

Diffusion models have achieved remarkable suc-
cess in generative modeling, yet their applica-
tion to time series forecasting remains subopti-
mal. Existing approaches apply uniform Gaussian
noise across all time steps, assuming all frequency
components should be corrupted at the same rate.
However, energy distribution across frequencies
in time series is highly non-uniform: when uni-
form noise is added, high-frequency components
are disproportionately overwhelmed while low-
frequency trends remain inadequately diffused.
We propose EADIFF, an energy-adaptive diffu-
sion framework operating in the wavelet domain
to address this frequency-energy imbalance. Our
key insight is that high-energy components re-
quire stronger perturbation while low-energy de-
tails need gentler corruption to preserve informa-
tive structures. We introduce a learnable modula-
tion mechanism that automatically adjusts noise
levels for each frequency band on a per-instance
basis. Built upon this adaptive scheduler, we de-
sign a conditional diffusion framework where low-
frequency trends serve as generation conditions,
and noise-level-aware loss weighting naturally
emphasizes different frequency components ac-
cording to their signal characteristics. This co-
hesive design enables the model to respect the
intrinsic multi-scale structure throughout both for-
ward and reverse processes. Extensive experi-
ments demonstrate that EADIFF consistently out-
performs existing diffusion-based and state-of-
the-art deterministic methods.

1. Introduction

Time series forecasting(Hamilton, 2020; Wu et al., 2021;
Zeng et al., 2023) is a fundamental task with broad appli-
cations spanning energy management, financial markets,
traffic planning, and climate science. Accurate predictions
of future values based on historical observations enable
proactive decision-making and resource optimization across
these domains. While traditional statistical methods and

recent deep learning approaches have achieved considerable
success, capturing the complex multi-scale temporal pat-
terns inherent in real-world time series remains a significant
challenge. Diffusion models(Shi et al., 2025a; Song et al.,
2021; Tashiro et al., 2021a) have recently emerged as a
powerful paradigm for generative modeling, demonstrating
remarkable success in image synthesis, audio generation,
and beyond. Their ability to model complex data distribu-
tions through a gradual denoising process has inspired a
growing body of work applying diffusion models to time se-
ries tasks, including forecasting, imputation, and generation.
However, these methods predominantly operate in the raw
temporal domain, applying uniform Gaussian noise across
all time steps throughout the diffusion process.

While seemingly natural, this uniform temporal noise
strategy has an often-overlooked implication for signals
with rich frequency content. Real-world time series are
inherently compositions of multiple frequency compo-
nents(Oppenheim et al., 1999): low-frequency trends cap-
turing slow-varying patterns and seasonality, and high-
frequency details encoding rapid fluctuations and fine-
grained variations. Crucially, the energy carried by these
components is highly non-uniform—Ilow-frequency trends
typically dominate the signal energy, while high-frequency
details contribute comparatively less. When uniform noise
is added in the temporal domain, it distributes evenly across
the frequency spectrum (i.e., white noise). This creates a
fundamental imbalance: low-energy high-frequency compo-
nents are quickly overwhelmed and lose their informative
structure early in the diffusion process, while high-energy
low-frequency trends remain inadequately noised even at
large diffusion steps. The consequence is twofold: the
model struggles to learn fine-grained details that are pre-
maturely destroyed, and it inefficiently spends capacity on
trends that dominate the signal throughout most of the nois-
ing trajectory.

This analysis motivates a fundamental question: should a
diffusion model treat all frequency components equally?
We argue it should not. Instead, the noise schedule should
adapt to the energy characteristics of different frequency
bands, applying stronger perturbation to high-energy com-
ponents and gentler corruption to low-energy details. This
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frequency-aware approach ensures that each component
reaches an appropriate signal-to-noise ratio at each diffusion
step, enabling the model to learn and reconstruct multi-scale
patterns more effectively.

To achieve this, we propose EADIiff (Energy-Adaptive Dif-
fusion), a diffusion framework that operates in the wavelet
domain, where the input time series is decomposed into dis-
tinct frequency bands. This decomposition exposes the en-
ergy distribution across scales, enabling direct manipulation
of the noise schedule for each band. We introduce a learn-
able energy-based modulation mechanism that computes a
per-instance, per-band noise multiplier based on the relative
energy of wavelet coefficients. Specifically, we estimate
the energy of each frequency band via its temporal standard
deviation, apply a bounded nonlinear transformation, and
modulate the base noise schedule through a learnable scal-
ing factor. This design allows the model to automatically
discover the optimal energy-noise relationship for the target
dataset during training.

Building upon this adaptive noise scheduler, we design a
conditional diffusion framework tailored for forecasting.
The low-frequency approximation coefficients, representing
the overall trend, serve as a natural condition to guide the
generation of higher-frequency detail coefficients. During
training, we apply differentiated noise levels to the historical
(observed) and future (to-be-predicted) portions of the sig-
nal, with light augmentation noise on history and full diffu-
sion noise on the future. The loss function inherits the noise-
level-aware weighting from the EDM framework, which,
combined with our instance-adaptive, naturally assigns dif-
ferent importance to different frequency bands based on
their signal characteristics. At inference time, we employ
an SDEdit-style (Meng et al., 2022) conditional generation
with a replacement mechanism that preserves the observed
history while generating the future through iterative denois-
ing. Our main contributions are summarized as follows:

* We propose a novel noise scheduling mechanism that
adapts to the energy distribution of wavelet frequency
bands on a per-instance basis. A learnable modula-
tion factor automatically adjusts noise levels, enabling
frequency-aware diffusion that respects the multi-scale
structure of time series.

* We design a diffusion framework operating in the
wavelet domain, where low-frequency trends serve as
generation conditions and differentiated noise strate-
gies are applied to observed and predicted regions. This
cohesive design ensures consistency between the for-
ward and reverse diffusion processes.

* We conduct extensive experiments on seven bench-
marks, demonstrating competitive performance against
both time-series and diffusion-based baselines. Com-

prehensive analysis provides practical guidance for
applying frequency-domain diffusion to time series.

2. Preliminary

Let X € RT*F denote a multivariate time series with
T time steps and F' variates (features). We use X, €
R(-®)*F to denote the subsequence from time step a
to b — 1 (exclusive of b). For the wavelet-transformed
representation, we denote the concatenated wavelet co-
efficients as W € RF*L_ where L is the total number
of coefficients across all frequency bands. For a J-level
wavelet decomposition, the coefficients are organized as
W = WO WO W] where W ¢ RF*Lo
represents the low-frequency approximation coefficients,
and W) ¢ RF*Le for ¢ = 1,...,.J represents the de-
tail coefficients at scale /. The total coefficient length is
L= Ei:o Ly. We use k € [0, 1] to denote the normalized
diffusion step, where k£ = 0 corresponds to the clean signal
and k = 1 corresponds to maximum noise. We denote the
noise level at diffusion step k as o (k), with oyi, and opax
representing the minimum and maximum noise levels.

Diffusion-Based Forecasting. Given historical observa-
tions Xpis = X1.r—pg € RTHXF the goal is to predict
future values Xpred = X7— 1.7 € RT*F over a horizon
of H steps. In the diffusion framework (Ho et al., 2020),
this is formulated as conditional generation. The forward
process gradually corrupts the target signal by adding noise:

€~ N(0,1) (1)

xi =x0 + o(k) - €,

where xg is the clean signal. The reverse process learns
to denoise x; back to xy through a neural network
fo(xx, 0 (k)) that predicts the clean signal given the noisy
input and noise level. The model learns the conditional
distribution p(Xpred|Xhis) by denoising the future portion
while keeping the historical observations as context.

Wavelet Transform. The discrete wavelet transform (DWT)
(Mallat, 1989) decomposes a signal into multiple frequency
bands through recursive filtering. For a signal x € R”, a
J-level DWT:

DWT(x) = [W(O), w ,W('])} 2)

where w(®) contains the low-frequency approximation co-
efficients capturing the overall trend, and w*) for ¢ =
1,...,J contains the detail coefficients at scale ¢ captur-
ing oscillations at the corresponding frequency band. The
original signal can be perfectly reconstructed via the inverse

DWT (IDWT):
x = IDWT(w® w® . w) (3)

The wavelet transform provides a natural multi-resolution
representation where different frequency bands are explicitly
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separated, enabling targeted manipulation of each band’s
noise schedule in our proposed framework.

3. Method

We propose EADIFF, an energy-adaptive diffusion frame-
work for time series forecasting that operates in the wavelet
domain. Our approach comprises three key components: (1)
a wavelet-domain representation that decomposes the input
into distinct frequency bands, exposing the underlying en-
ergy distribution; (2) an energy-adaptive forward diffusion
process that modulates noise levels according to per-instance
frequency band characteristics; and (3) a conditional reverse
diffusion process that generates future predictions guided
by low-frequency trend information. The overall framework
illusion as Figure 1.

3.1. Energy-Adaptive Diffusion Process

3.1.1. FREQUENCY-ENERGY IMBALANCE IN WAVELET
DOMAIN

Standard diffusion models apply uniform Gaussian noise
across all dimensions:

e~N(0,I) @

xir = %0 + (k) - €,

where k € [0, 1] denotes the normalized diffusion step and
o (k) is the noise level. While effective for many domains,
this formulation overlooks the non-uniform energy distribu-
tion inherent in time series signals.

We employ the discrete wavelet transform (DWT) to decom-
pose the input X € RT*¥ into frequency bands:

DWT(X) = {WO w® w} (5)

where W (%) € RF*Lo contains approximation coefficients
capturing low-frequency trends, and W) € R¥*Le for
¢ =1,...,J contains detail coefficients at progressively
finer scales.

Operating in this domain reveals a critical observation: the
energy carried by different frequency bands is highly non-
uniform. Consider the signal-to-noise ratio (SNR) at diffu-
sion step k for frequency band /:

_EQWOpE _ e®
ok o(k)?

SNR“ (k) (6)
where £() denotes the energy of band . When uniform
noise o (k) is applied across all bands, low-energy compo-
nents (typically high-frequency details) reach critically low
SNR early in the diffusion process, destroying informative
structure prematurely. Conversely, high-energy components
(low-frequency trends) remain inadequately diffused, lead-
ing to inefficient learning. This frequency-energy imbalance
motivates our adaptive noise scheduling strategy.

3.1.2. LEARNABLE ENERGY-ADAPTIVE NOISE
SCHEDULING

To address this imbalance, we propose a learnable noise
scheduling mechanism that adjusts noise levels based on
per-instance energy characteristics. The key idea is that
frequency bands with higher relative energy should receive
proportionally stronger noise to achieve balanced corruption
rates across all components.

For each feature f and frequency band ¢, we estimate band
energy via the temporal standard deviation of wavelet coef-
ficients within that band, applying a logarithmic transforma-
tion to compress the dynamic range:

Bty =log (Stdt(vv(f‘f?) + e) )

where ng € R denotes the coefficients of band ¢ for
feature f. To capture relative energy distribution across
bands rather than absolute magnitudes, we center the log-
energies by subtracting their mean:

J
~ 1
Ejo=Ejp———Y Ey,
1. 1. J+1j§0 1. 8

The centered energy is broadcast to all coefficient positions
within each band, yielding an element-wise energy map E frie
This map is then transformed into a bounded modulation
field via the hyperbolic tangent and a learnable parameter ~:

fra=exp (3 - tanh(E1,/0)) ©)

where C is a temperature parameter. The parameter + is
learned end-to-end, allowing the model to discover the opti-
mal energy-noise relationship for each dataset. When y > 0,
high-energy bands receive amplified noise while low-energy
bands receive attenuated noise.

The final noise level combines an EDM-style base schedule
(Karras et al., 2022) with the energy-adaptive modulation:

o
Ose (k) = (o0l + k- (bt = o))" 10)

a1k, W) = ovase(k) - f1,i(W) (I

The energy-adaptive forward diffusion in the wavelet do-

main becomes:
W, =Wo+o(k,W)oe €~N(0]I) (12)

where o(k, W) € RI*L contains per-instance, per-
position noise levels that ensure all frequency bands reach
comparable SNR levels at each diffusion step.

3.2. Wavelet-Domain Diffusion Model
3.2.1. FORECASTING AS CONDITIONAL GENERATION

We formulate forecasting as generating future wavelet coeffi-
cients conditioned on observed history. A natural alternative
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Figure 1. A high-level overview of EADiff.

would be to perform diffusion in the time domain and only
use wavelets for the noise schedule. However, operating
directly in the wavelet domain offers two advantages: (1) it
provides richer supervision signals by enabling the model
to learn frequency-specific patterns, and (2) it naturally in-
tegrates with our energy-adaptive noise schedule without
requiring domain conversion at each diffusion step.

This design introduces a challenge: due to the non-local
nature of wavelet filters, the temporal boundary between
history and future at time step 7'— H does not correspond to
a sharp boundary in the coefficient domain. We address this
by computing a binary mask M via receptive field analysis
that identifies which coefficients are influenced by future
time steps. For each frequency band, we determine the
first coefficient position affected by any future value (see
Appendix B.1 for details).

The diffusion input is constructed as X = [Xhiss Xguess],
concatenating the observed history with an initial guess ob-
tained by repeating the last observed value. This provides
a reasonable initialization that the diffusion process itera-
tively refines. During training, we apply differentiated noise
levels: history coefficients receive light augmentation noise
(k € [0, k) with small k,yg) to improve robustness while
preserving informative content, whereas future coefficients
undergo full diffusion (k € [0, 1]) as the prediction target.

The approximation coefficients W (), which capture the
overall trend, serve as a condition for generation. We project
these coefficients through an MLP and inject them into the
denoising network via adaptive layer normalization, provid-
ing global trend guidance throughout the reverse process.

3.2.2. DENOISING NETWORK ARCHITECTURE

To handle the varying characteristics of different frequency
bands, we employ band-specific tokenization with adaptive

strides. The low-frequency approximation band uses dense
tokenization (stride 1) to preserve trend precision, while
detail bands use overlapping tokenization (stride P/2 for
patch size P) to maintain continuity across patch boundaries
(see Appendix B for details).

The tokenized coefficients are processed by a stack of Diffu-
sion Transformer blocks (Peebles & Xie, 2023). Each block
employs adaptive layer normalization to inject conditioning
information, where the conditioning signal is formed by
combining the time embedding (derived from log o) with
the projected Approximation coefficient W (). This allows
the network to modulate its behavior based on both the
current noise level and the global trend of the signal.

Following Karras et al. (2022), we apply EDM-style in-
put/output preconditioning with a skip connection to stabi-
lize training across noise levels:

WO = Cskip(a') - Wy + Cout(U) : FO(Cin(U) : Wk,o') (13)

where ¢y (0) 1/vVo?2+1, cou(o) = o - cn(o), and
cskip(0) = 1/(0? 4 1) ensure the network output magnitude
remains stable regardless of the input noise level.

3.3. Training and Inference
3.3.1. TRAINING OBJECTIVE

We train to predict clean wavelet coefficients from noisy
inputs. The loss function incorporates EDM-style(Karras
et al., 2022) weighting that assigns higher importance to
low-noise predictions where accuracy is most critical:

L=Erwg,e Z w(af,i) . (Wf_yi — Wf,i)Q (14)

(fii)emM

[M]

where M denotes the set of (feature, position) pairs corre-
sponding to the future segment, and w(o) = (0% + 1)/0?
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Algorithm 1 EADIFF Training

Require: Training data {X(i) }, model Fy, learnable modulation
v

1: repeat
Sample batch X; construct X = [Xis, Xguess)
Wi + DWT(X); Wigget < DWT(X)
Compute energy modulation factors { f; } via Egs. (7)-(9)
Sample knis ~ U[0, kaug], krue ~ U0, 1]
Compute adaptive noise: or,; < opase(k) * ff,i
Wi+ Wo+oGe, €~N(0]I)
Wo < Fg(wk, o, Wé()))

9: L+ Z(f,i)e/\/l w(af,i)(Wf,i —
10:  Update 6,y via gradient descent
11: until converged

A

2
I/I/vmrget,f,i)

Algorithm 2 EADIFF Inference
Require: Hlstory Xhis, model Fp, starting step ko, steps IV

1: Construct X = [Xh,s, quess]

2: Winit < DWT(X)

3: Compute mask m via receptive field analysis

4: Compute energy-adaptive schedule {oy, }f\;o from Wipi¢
50 Wi+ (1 =m) © Wit + m © (Winit + 01y © €)

6: fori =0to N — 1do

7: Wiy FQ(ka O, Wl(ﬂ(jt))

8 Wi« HeunStep(Wy,, Wo, ki, kis1)

9: Wkwrl (1 —
10: end for

11: X « IDWT(WkN)

12: return Xpred =Xr_gi1r

m) © Winie + m © Wi |

is the weighting function.

3.3.2. INFERENCE PROCEDURE

In the inference, we employ an SDEdit-style (Meng et al.,
2022) conditional generation strategy. Rather than starting
from pure noise, we initialize from a partially noised version
of the input:

Wi, = (1—m)© Wipjg + m O (Wi + o, ©€)  (15)

‘W it contains the wavelet coefficients of the concatenated
history and guess, and ko < 1 is the starting diffusion step.

We solve the reverse diffusion using the Heun sam-
pler(Karras et al., 2022) with a replacement mechanism
that enforces hard constraints on the history:

Wi, = (1 —m)©® Wiy + m © HeunStep(Wy,,, ki, kit1)
(16)

This ensures the observed history remains unchanged while

the future is iteratively refined through denoising. The com-

plete procedures are summarized in Algorithm 4 and 5.

i+1

4. Experiments

We conduct extensive experiments to demonstrate EADiff’s
performance and provide deep insights into how its adaptive

mechanism autonomously resolves the frequency-energy
imbalance across diverse temporal regimes.

4.1. Experimental Setup

Datasets We evaluate EADIiff on a diverse set of real-
world benchmarks, including Exchange(Lai et al., 2018),
Weather(Zhou et al., 2021), Beijing Air(Liang et al., 2015),
and the ETT family(Zhou et al., 2021) (ETTh1, ETTh2).
These datasets represent a wide spectrum of temporal char-
acteristics, from strong periodicity to high non-stationarity.

Baselines We compare EADiff against 7 baselines cate-
gorized into two groups. Time-series Forecasting Mod-
els: TimeMixer(Wang et al., 2024a), iTransformer(Liu
et al.,, 2024b), PatchTST(Nie et al., 2023), and FED-
former(Zhou et al., 2022). Diffusion-based Models: We
include CSDI(Tashiro et al., 2021a) and adapt the backbones
of SOTA tabular diffusion models, TabDiff(Shi et al., 2025b)
and TabSyn(Zhang et al., 2024), to the forecasting task.

Settings Standard benchmarks often favor Direct Multi-Step
(DMS) models. To ensure a fair comparison of long-term
generative dynamics, we establish a unified autoregressive
protocol: all models are trained to predict a fixed short hori-
zon (Lypyreq = 6) and evaluated by rolling this prediction up
to long horizons H € {24, ...,720}. To strictly assess the
model’s intrinsic ability to handle distribution shifts with-
out external aid, we apply standard Z-Score normalization
without using learnable affine transformations or reversible
normalization modules such as RevIN (Kim et al., 2021).

4.2. Overall Performance

Table 1 summarizes the performance of EADiff against 9
baselines under the unified autoregressive protocol. Our
method demonstrates consistent advantages across diverse
data characteristics, particularly excelling in long-term fore-
casting scenarios.

Vs. Time-Series Models. On the non-stationary Exchange
dataset, EADiff achieves remarkable improvements, re-
ducing RMSE by 16.9% compared to the best baseline
at H = 720. This dataset poses a severe challenge for
Transformer-based methods like TimeMixer and PatchTST,
which suffer dramatic degradation (RMSE > 2.0) without
external normalization modules such as RevIN. In contrast,
EADiff maintains robust predictions through its intrinsic
conditional generation mechanism. On Weather, EADiff
achieves the lowest RMSE (0.61) at H = 720, reflecting
that diffusion models trained with Gaussian objectives natu-
rally capture variance in heavy-tailed distributions. On the
periodic ETT-h1, while TimesNet maintains advantages in
long-term metrics due to explicit 2D periodicity modeling,
EAD:Iff achieves the second-best RMSE (0.837) at H = 96,
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Table 1. Performance on Short and Long-Term Forecasting. We report MAE and RMSE (lower is better) under the unified
autoregressive protocol. The best results are highlighted in bold, and the second best are underlined.

DATASET LEN H EADIFF TABDIFF(2025) TIMEMIXER(2024)  ITRANSFORMER(2024) TABSYN(2024) PATCHTST(2023) FEDFORMER(2022) CSDI(2021)
MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
48 0.2770 0.6087 0.4352 0.8132  0.4973 0.8178 0.4190 0.6566 0.7431 1.0435 0.3235 0.6385 0.4726 0.7562 0.2712  0.6022
SHORT 72 0.2938 0.6255 0.4378 0.7191  0.5396 0.8791 0.4527 0.6926 0.8803 1.1993 0.3465 0.6739  0.4820 0.7649 0.2967  0.6275
BELING AIR 96 0.3207 0.6412 0.4426 0.6577  0.5729 0.9179  0.4720 0.7155 1.1403  1.4456 0.3602 0.6952 0.4873 0.7699 0.3240  0.6449
192 0.3512  0.6737 0.4799 0.6959  0.6348 0.9790  0.5117 0.7627 1.7557 2.1148 0.3794 0.7262 0.4973 0.7797 0.3519 0.6837
LONG 336 0.3857 0.7252 0.6132 1.0593 0.7470 1.1116 0.5361 0.7898 1.8438 2.2803 0.3913 0.7453 0.4149 0.7152 0.3863  0.7236
720 0.4360 0.7986 0.6933 1.1457 1.0261 1.4395 0.5658 0.8286 1.9001 2.2515 0.4133 0.7860 0.5081 0.8585 0.4446  0.8037
48 0.3561 0.6299 OOM OoOM 0.3522 0.6419 0.5087 0.8199 NAN NAN 0.6352  0.9499 0.6110 0.9365 0.3682 0.7863
SHORT 72 0.3979 0.6616 OOM OooM 0.3984 0.6941 0.5383 0.8561 NAN NAN 0.7263  1.0599 0.6161 0.9414 0.3989 0.8134
WEATHER 96 0.4224 0.6843 OOM OOM 0.4384 0.7401  0.5546 0.8744 NAN NAN 0.7872  1.1328 0.6187 0.9437 0.4199 0.8311
192 0.4801 0.7266 OOM OOM 0.7230 1.2424  0.5890 0.9082 NAN NAN  0.9674 1.3474 0.6224 0.9471 0.4848 0.8975
LONG 336 0.5374 0.8515 OOM OOM 1.4022 2.7241 0.6053 0.9231 NAN NAN 1.0835 1.4676  0.6240 0.9484 0.5549 0.9883
720  0.6102 0.9325 OoOM OoOM 2.3338 6.2094 0.6167 0.9248 NAN NAN 1.1788  1.5461 0.6242 0.9479 0.6553  1.1222
48 0.5447 0.7537 0.8040 0.9985 0.7185 0.9244 0.5806 0.7856 1.0308 1.2759 0.6796 0.8927 0.7635 0.9946 0.5523 0.8410
SHORT 72 0.5810 0.7938 0.7915 0.9862 0.7312 0.9418 0.6119 0.8203 0.9906 1.2252 0.7081 0.9282 0.7704 1.0017 0.5695 0.8587
ETT-n1 96 0.6183 0.8367 0.7735 0.9731 0.7307 0.9418 0.6372 0.8471 1.1319  1.3650 0.7311  0.9565 0.7782 1.0098 0.5817 0.8703
192 0.6675 0.9985 0.9497 1.1410 0.7427 0.9544  0.7127 0.9275 1.1491  1.3692 0.7885 1.0263 0.8116 1.0486 0.6250 0.9125
LoNG 336 0.7312 0.9922 0.9769 1.2056  0.7751 0.9821 0.7749 0.9963 1.2241 1.4884 0.8257 1.0704 0.8470 1.0974 0.6738  0.9615
720 0.8375 1.0313 1.0902 1.3009 0.9517 1.2007 0.8540 1.0867 1.3107 1.5684 0.8594 1.1042 0.8709 1.1319 0.7828 1.0723
48 0.3400 0.4654 0.7386 0.9248  0.8045 1.0175  0.2905 0.3924 0.8718 1.0781 0.4157 0.5495 0.3484 0.4795 0.7723  0.9883
SHORT 72 0.3670 0.5000 0.7204 0.8834  0.8276 1.0414 0.3184 0.4271 0.9100 1.1923 0.4457 0.5936 0.3677 0.5058 0.7745  0.9926
ETT-H2 96 0.3941 0.5177 0.8233 1.0073 0.8265 1.0344 0.3409 0.4546 1.1326  1.3940 0.4761 0.6386 0.3942 0.5219 0.7744  0.9935
192 0.4777 0.6404 0.9238 1.0820 0.9123 1.1488 0.4100 0.5402 1.4312  1.6119 0.5677 0.7718 0.4833 0.6470 0.7709  0.9915
LoNG 336 0.5346 0.6990 1.0782 1.1929  1.0330 1.2810  0.4788 0.6243 1.5355 1.7503 0.6467 0.8826 0.7198 0.9639 0.7674  0.9887
720  0.6081 0.7751 1.2453  1.3630 1.2584 1.5317  0.5648 0.7307 1.6165 1.7760 0.7594  1.0401 1.1451 1.4383 0.7493  0.9744
48 0.3006 0.3710 0.8135 0.8812 1.9388 2.2386 0.6362 0.7874 1.4457 1.5298 0.7570  0.9941 1.4935 1.7992 0.3444  0.5222
SHORT 72 0.3572  0.4400 0.9098 1.0009  2.1907 2.5150  0.7786 0.9547 1.4699 1.5736  0.8992 1.1982 1.4932 1.7921 0.4253  0.6317
EXCHANGE 96 0.4060 0.5004 0.8734 0.9863 2.5175 2.9420 0.9169 1.1202 1.6232  1.7496 1.0181 1.3658 1.4792 1.7741 0.4873 0.7101
192 0.5512 0.6823 0.8796 0.9995 3.4653 4.1635 1.3058 1.5960 2.0518 2.1355 1.3499 1.7936 1.4071 1.6912 0.6205 0.8573
LONG 336 0.6851 0.8522 1.0037 1.1285 5.2163 6.5516 1.3965 1.7334 2.2289 2.3272 1.6013 2.1144 1.2761 1.5599 0.7415  0.9972
720 0.8505 1.0534 1.0192 1.0927 12.5190 17.7049 1.2978 1.6277 2.7411 2.7894 1.7953 2.4468 1.1122 1.3995 0.9134 1.1886
outperforming iTransformer and PatchTST, demonstrating Table 2. Ablation Results (H = 96).
effective capture of local periodic dynamics. etnod Beijing Air_ Exchange p— ETThz
. . . . B . MAE / RMSE MAE /RMSE MAE / RMSE MAE /RMSE
Vs. Diffusion-Based Models. Against the time-series dif- - . -
fusi del CSDL EADiff achi bstantial i EADIff (Ours) | 0.341/0.681 0.406/0.500 0.628/0.837 0.394/0.538
usion mode iff achieves substantial improve- A
’ ; P wlo Adaptive 0580/1.028 0.643/0.840 0.832/1.137 0.416/0.558
ments across most metrics (e.g., RMSE 0.500 vs 0.710 wlo Wavelet 0357/0.682 1.056/1.301 0.913/2.742 0.497/0.663
wio Wav & Adap | 0.448/1.028 0.945/1.153 0.735/1.044 0.462/0.630

on Exchange at H = 96), validating the efficiency of our
wavelet-based latent space over pure time-domain diffusion.
The tabular diffusion methods TabDiff and TabSyn, despite
their strong performance on structured data generation, ei-
ther fail to scale to high-dimensional time series (OOM on
Weather) or produce suboptimal predictions due to ignoring
temporal inductive biases. TabSyn even produces NaN on
Weather, indicating fundamental incompatibility with com-
plex temporal dependencies. These results underscore the
necessity of our frequency-aware architecture that respects
the multi-scale structure inherent in time series data.

4.3. Ablation Studies

We compare EADIff against three variants: removing the
adaptive scheduler (w/o Adaptive), removing wavelet de-
composition (w/o Wavelet), and a vanilla time-domain base-
line (w/o Wav & Adap). Table 2 and Figure 2 jointly demon-
strate the effectiveness of our core components from both
accuracy and optimization perspectives.

Quantitative Results. Table 2 reveals that both compo-
nents contribute critically to performance. Removing the
wavelet module causes substantial degradation, particularly
on non-stationary data where Exchange RMSE increases
from 0.500 to 1.301, confirming that frequency disentangle-

ment is essential for handling complex temporal dynamics.
The adaptive scheduler is equally critical: without it, Bei-
jing Air RMSE degrades from 0.681 to 1.028, validating
that uniform noise injection cannot adequately address the
uneven energy distribution across frequency bands.

Convergence Analysis. Figure 2 provides complemen-
tary insights into optimization behavior. The variant with-
out wavelets exhibits severe instability with high variance
throughout training, struggling to converge on chaotic Ex-
change data. Removing only the adaptive scheduler yields
more stable convergence but plateaus at a higher loss, sug-
gesting difficulty in balancing the learning of trend and
detail components simultaneously. EADiff achieves both
rapid convergence and the lowest stable loss, confirming
that our energy-adaptive mechanism effectively accelerates
optimization while improving training stability.

4.4. Model Analysis

4.4.1. ADAPTIVITY OF NOISE SCHEDULING

Figure 3 illustrates how the learnable modulation factor
evolves during training, revealing automatic adaptation to
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Figure 2. Training Convergence Analysis on Exchange. EADiff
(Purple) achieves faster convergence and a lower final loss com-
pared to the ablation variants. The “w/o Wavelet” variant (Green)
exhibits severe instability, highlighting the difficulty of modeling
raw non-stationary data directly.

data characteristics. For datasets with strong periodicity
and clear temporal patterns (Beijing Air, ETTh1, Weather),
v increases rapidly from the initial value of 1.0 to approx-
imately 5.0, indicating that the model actively learns to
amplify differentiation between high-energy trend bands
and low-energy detail bands, protecting high-frequency in-
formation from being overwhelmed during diffusion.

Conversely, on the stochastic Exchange dataset character-
ized by random walks, -y drops sharply to approximately 0.3.
For such data, energy differences between frequency bands
are often dominated by noise rather than meaningful signal;
a high «y would erroneously bias the model toward spurious
frequency artifacts. By automatically reducing v, EADiff
effectively flattens the modulation toward uniform diffusion,
which proves more robust for chaotic data. This bifurca-
tion demonstrates that EADIiff autonomously discovers the
optimal energy prior for different data domains—a pattern
consistently reflected in the divergent optimal wavelet con-
figurations across datasets (Table 3).

4.4.2. ANALYSIS OF WAVELET DECOMPOSITION

Tables 3 and 4 examine how decomposition level and
wavelet family affect performance, revealing that theoretical
optimality in wavelet analysis does not directly translate to
modeling performance.

Impact of Decomposition Levels. The optimal level is gov-
erned by data stationarity. For high-frequency dominated
data like Beijing Air and ETTh2, shallow decomposition
(level 1-2) significantly outperforms deeper levels, with
Beijing Air RMSE degrading from 0.681 at L1 to 1.106
at L5. Deep decomposition on short windows excessively
compresses the trend’s temporal dimension, destroying lo-

Value of y during Model Training
ETThl = Weather = Exchange =

= Beijing Air

© O ©ooco
w B Loy ~oso—

Figure 3. Evolution of the Learnable Parameter -y during Train-
ing. The parameter adapts differently depending on data charac-
teristics: it increases for structured, periodic datasets (Beijing Air,
ETTh1, Weather) to enhance spectral differentiation, but decreases
for the highly stochastic Exchange dataset to prevent overfitting to
spurious frequency energy.

Table 3. Impact of Decomposition Levels (H = 96). We fix
the wavelet basis to sym2 and vary the level from 1 to 5. A
trade-off is observed: deep decomposition benefits non-stationary
data (Exchange) by isolating trends, while shallow decomposition
favors noisy data (Beijing Air, ETTh2) by preserving temporal
resolution.

Dataset Level | Level 2 ‘ Level 3 ‘ Level 4 Level 5
MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE
Beijing Air | 0.341  0.681 | 0465 0.759 | 0.580 0.907 | 0.583 0915 | 0.748  1.106
ETThl 0702 0985 | 0.825 1.119 | 0.749 1105 | 0.919 1366 | 0.800 1.031
ETTh2 0394  0.538 | 0441 0.583 | 0599 0931 | 0.798 1.001 | 0.656 0.876
Exchange | 1.168 1.397 | 0938 1232 | 0935 1.194 | 1.204 1487 | 0.406 0.500

cal context needed for predicting rapid fluctuations. Con-
versely, non-stationary Exchange benefits monotonically
from deeper decomposition (RMSE: 0.500 at L5 vs 1.397
at L1), as it isolates the shifting trend into a simplified ap-
proximation band. This divergence mirrors the adaptive ~y
behavior in Figure 3: structured data requires strong spec-
tral differentiation while stochastic data benefits from flatter
treatment across frequency bands.

Impact of Wavelet Families. Table 5 reveals a critical
sparsity-stability trade-off. Although biorthogonal wavelets
(bior3.1) achieve the lowest Shannon entropy, they suffer
from extreme energy imbalance with 60-150x scale ratios
between bands, challenging numerical stability during op-
timization and leading to significantly worse RMSE than
the balanced sym?2. This finding establishes that moderate
sparsity is preferable to extreme sparsity in diffusion-based
modeling, providing practical guidance: sym?2 offers robust
performance across datasets, while the simple Haar wavelet
suits data with sharp transitions like power grid loads.

4.4.3. THE PARADOX OF SPARSITY: BASIS SELECTION

A critical finding is that theoretical optimality in wavelet
decomposition does not directly translate to modeling per-
formance. We utilized Shannon Entropy to identify the
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Table 4. Impact of Wavelet Families (H = 96). We compare
different wavelet bases at deepest decomposition levels. sym2
and db1 generally outperform bior3. 1, despite the latter hav-
ing lower theoretical entropy. This highlights the importance of
numerical stability and basis symmetry over pure sparsity.

Dataset | SYm2 (L5 | dbl(L6) |bior3.1(L5)| db4 (L3)

| MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE
Beijing Air | 0748 1.106 | 0.900 1172 | 4.195 6.866 | 0.404 0.742
ETThl 0800 1.031 | 0.628 0.837 | 2.896 5732 | 0.875 1.136
ETTh2 0656 0.876 | 0.417 0.564 | 1.120 1.633 | 0.508 0.663
Exchange | 0.406 0500 | 0.821 0995 | 1.042 1301 | 0900 1.172

Table 5. Physical Properties vs. Model Performance (H = 96).
We compare sym2 and bior3.1 at Level 5. Entropy: Lower
implies better theoretical compression. Scale Ratio: o.maa/0min,
indicating energy imbalance (Lower is more numerically stable).

Dataset ‘ sym2 (L5) ‘ bior3.1 (L5)

| Entropy | Ratio] RMSE| | Entropy | Ratiot RMSE |
ETThl 5.33 28.9 0.800 5.15 723 2.896
Exchange 337 88.6 0.406 3.14 140.8 1.042
Beijing Air 5.29 121.5 0.748 5.28 175.8 4.195
ETTml 5.90 36.5 0.573 5.76 72.4 0.692

sparsest representation, assuming higher sparsity would sim-
plify the diffusion task. As shown in our heuristic analysis,
bior3.1 consistently achieves the lowest entropy due to
its biorthogonal property, enabling aggressive energy com-
paction.

However, empirical results in Table 4 reveal a paradox:
bior3.1 often yields inferior performance compared to
sym?2 despite being ’sparser.” We attribute this failure to
spectral energy imbalance: bior3. 1 concentrates energy
so aggressively that the standard deviation ratio between
trend and detail bands reaches 60-150x, challenging nu-
merical stability and causing gradient dominance by high-
energy bands. In contrast, sym2 strikes a balance with
competitive sparsity (Entropy ~ 5.3 vs. 5.1) but maintains
a moderate scale ratio (= 20-40Xx), preserving sufficient
signal magnitude in high-frequency bands for effective de-
noising. This implies a Pareto principle for basis selection:
sparsity should be maximized only as long as the inter-band
energy gap remains within a numerically stable regime.

5. Related work

Time series forecasting Driven by deep learning archi-
tectures, the Transformer (Vaswani, 2017) has become the
dominant paradigm for time series forecasting due to its
strong global modeling capability. Recent studies primarily
focus on three directions. For temporal pattern specializa-
tion, MICN (Wang et al., 2023) integrates global and local
contextual information, while L3former (Xia et al., 2025) in-
troduces local linear connections to jointly capture temporal
dynamics and inter-variable correlations. In attention mech-
anism evolution, Pathformer (Chen et al., 2024) achieves

multi-scale alignment via segment fusion, iTransformer (Liu
et al., 2024b) models cross-variable dependencies through
channel-independent attention, and Crossformer (Zhang &
Yan, 2023) employs a two-stage attention mechanism for
temporal and variable dependencies. For multi-scale archi-
tectures, TimeMixer (Wang et al., 2024b) learns hierarchical
representations through Past-Decomposable-Mixing and ag-
gregates forecasts via Future-Multipredictor-Mixing. Graph
neural networks have also shown strong capability in model-
ing complex spatiotemporal dependencies, such as dynamic
spatiotemporal graph networks (Li et al., 2023b). To allevi-
ate data sparsity, GPT-ST (Li et al., 2023a) and Automated
Spatiotemporal Graph Contrastive Learning (Zhang et al.,
2023), learn generalizable representations from large-scale
unlabeled data via pre-training and self-supervised learning.

Diffusion model Recent advancements have demon-
strated the effectiveness of diffusion models in time series
forecasting. TimeGrad (Rasul et al., 2021) pioneered condi-
tional diffusion in an autoregressive manner but suffers from
slow inference. CSDI (Tashiro et al., 2021b) introduced a
non-autoregressive masked diffusion framework with costly
dual transformers and quadratic complexity. To improve ef-
ficiency, SSSD (Alcaraz & Strodthoff, 2023) replaces trans-
formers with structured state space models. Multi-scale
diffusion models further decompose temporal structures,
such as MG-TSD (Fan et al., 2024) and mr-diff (Shen et al.,
2024) which separately model trend and seasonal compo-
nents. Retrieval-augmented diffusion models (Liu et al.,
2024a) enhance forecasting by leveraging similar historical
patterns. Recent diffusion-based tabular generative models,
including as TabSyn (Zhang et al., 2024) and TabDiff (Shi
et al., 2025b), exhibit strong structured-data modeling ca-
pacity, motivating their extension to time series forecasting.

6. Conclusion

We present EADIff, an energy-adaptive diffusion frame-
work that addresses the frequency-energy imbalance prob-
lem in time series forecasting. By operating in the wavelet
domain with a learnable noise modulation mechanism,
EADiff automatically adjusts noise levels according to
per-instance frequency band characteristics, enabling bal-
anced corruption and reconstruction across multi-scale
components. Extensive experiments demonstrate compet-
itive performance against both time-series forecasting and
diffusion-based baselines, while our analysis reveals that
the optimal wavelet configuration is data-dependent. Struc-
tured periodic data benefits from strong spectral differen-
tiation whereas stochastic data requires preserving tem-
poral resolution. These findings provide practical guid-
ance for future work on frequency-domain generative mod-
els for time series. Code is available at this repository:
https://anonymous.4open.science/r/EADiff-28B2/.
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A. Detailed Algorithm Descriptions

A.1. Training Algorithm

Algorithm 4 provides the complete training procedure for EADiff, including the energy-adaptive noise computation,
differentiated noise injection for history and future regions, and the weighted loss calculation.

A.2. Inference Algorithm

Algorithm 5 describes the complete inference procedure using the Heun sampler with replacement mechanism for conditional
generation.

B. Architecture Details
B.1. Wavelet Mask Computation

Due to the non-local nature of wavelet filters, the temporal boundary between history and future at time step 7' — H does
not correspond to a sharp boundary in the coefficient domain. We compute the mask indices by analyzing the wavelet
transform’s receptive field, determining which coefficients are affected when the future segment is perturbed. Shown as
Algorithm 3.

Algorithm 3 Wavelet Mask Index Computation

Require: Window size T', prediction length H.q, wavelet family, decomposition level J
Ensure: Mask starting indices for each band {idx,};_,
. + 0 € RT {Zero signal}
sp < 0 € RT
Sp[T" — Hprea : T'] = 1 {Perturb future segment}
C, <+ DWT(s,, J) {List of J + 1 coefficient arrays}
Cb — DWT(S(,, J)
mask_indices + []
for { =0to J do
d« | —c!|
idx, < min{s : d[i] > 6} {First differing position}
mask _indices.append(idxy)
end for
: return mask_indices

—_ =
TeYeRnkw e

—_
N

The computed mask has the following properties:

* Deterministic: The mask depends only on the window size, prediction length, wavelet family, and decomposition level.
It can be precomputed once and reused.

* Band-specific: Different bands have different mask starting positions due to varying filter lengths and downsampling
factors.

* Conservative: The mask may include some coefficients that are only partially affected by the future, ensuring complete
coverage of the prediction region.

B.2. Band-Specific Tokenization

The tokenizer converts wavelet coefficients into a sequence of tokens suitable for transformer processing. Unlike standard
patch embedding that applies uniform tokenization, we employ band-specific strategies that respect the distinct characteristics
of different frequency bands.

Adaptive Stride Design. For a patch size P, we assign different strides to different bands:
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¢ Low-frequency band (W(O), approximation): Stride sp = 1 (dense tokenization). The approximation coefficients
capture overall trends where precise localization is critical. Dense tokenization preserves maximum temporal resolution.

* Detail bands (W for ¢ > 1): Stride s, = P/2 (50% overlap). Detail coefficients benefit from overlapping receptive

fields that maintain continuity across patch boundaries.

For a band with padded length ngizj and stride sy, the number of output tokens is:

9 _p
Nihens = {"*‘; +1 (17)

Each band is tokenized by a separate 1D convolution:

T = Conle(WéZ()i7kerne1 = P, stride = s¢) € R(B-F)X Nl x D (18)

A

where D is the token dimension. The tokens from all bands are concatenated along the sequence dimension to form the
input to the transformer.

Before tokenization, each band is padded to ensure compatibility with the patch size:

P—1® if L0 < p
L =LY 4+ ¢ P~ (LW mod P) if L® mod P # 0 (19)
0 otherwise

We use replicate padding to extend the boundary values, which is more suitable for time series than zero padding.

B.3. Overlap-Add Decoding

The decoder reconstructs wavelet coefficients from transformer output tokens. For bands with overlapping tokenization
(stride < P), we employ overlap-add with proper normalization.

Each band uses a separate transposed convolution to map tokens back to coefficient space:

w) = ConVTransposelD(T(()ﬁz7 kernel = P, stride = sy) (20)

When stride sy < P, the transposed convolution produces overlapping contributions that must be normalized:
oW = ConvTransposelD(1, 1 p, stride = sy) 21

where 1 is an all-ones tensor matching the token shape, and 1 p is an all-ones kernel of size P. The normalization factor
O counts how many patches contribute to each output position.

The final reconstructed coefficients are:

R wo
W(@) _ raw 22
max(0®, ) @2)
After decoding, we crop the output to the original (unpadded) length:
Wi = WO 10)] (23)
B.4. Embedding Design
The transformer input incorporates three types of embeddings:
Sinusoidal Position Embedding. Global position information across the entire token sequence:
) JeX] ) pos
PEpos,Qz‘ = sm (W) > PEpos,2i+1 = COSs (W) 24

13
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Level Embedding. Learnable embeddings that distinguish tokens from different frequency bands:
Eevet = Embedding(J + 1, D) (25)

where J 4+ 1 is the total number of bands (one approximation plus J detail bands).

Feature Embedding. For multivariate time series, learnable embeddings distinguish different variates:

Efeaure = Embedding(F, D) (26)

The final input to the transformer is:
H® =T + PE + Eiver + Efeaure 27)

C. Experimental Setup
C.1. Datasets

We evaluate EADIff on five diverse real-world benchmarks. Table 6 summarizes the key statistics. To ensure reproducibility,
we detail the data preprocessing steps, splitting protocols, and baseline configurations used in our experiments. Our
implementation strictly treats all data as multivariate continuous time series; We normalize features using Z-Score (Standard)
or MinMax scaling based on the data distribution. No discrete variable embeddings (e.g., time-of-day or day-of-week) are
used, forcing the model to learn temporal dynamics solely from the signal values.

Table 6. Dataset Statistics and Split Protocols.

Dataset Variates () ‘ Total Samples ‘ Frequency ‘ Split (Train/Val/Test) ‘ Description

Beijing Air 7 43,824 1 hour 0.7/0.1/0.2 Air quality: PM2.5, DEWP, TEMP, PRES, Iws, Is, Ir
‘Weather 12 262,968 10 min 0.7/0.1/0.2 MPI Roof 2021-2025 (filtered features)

ETT-h1 7 17,420 1 hour 0.6/0.2/0.2 Electricity Transformer Temperature

ETT-h2 7 17,420 1 hour 0.6/02/0.2 Electricity Transformer Temperature

Exchange 8 7,588 Daily 0.7/0.1/0.2 Daily exchange rates of 8 currencies

Feature Selection and Filtering.

* Beijing Air: Contains hourly air quality measurements. We use 7 numerical features: PM2.5, DEWP (dew point),
TEMP (temperature), PRES (pressure), Iws (cumulated wind speed), Is (cumulated hours of snow), and Ir (cumulated
hours of rain).

* Weather: We utilize the Max Planck Institute (MPI) Roof dataset spanning 2021-2025. To rigorously test the
model’s ability to learn dynamics rather than trivial correlations, we removed derived variables (e.g., Thot» Tdew> V Pmaxs
V Pyet, p, HoOC). The retained 12 features are: p (mbar), T (degC), rh (%), wv (m/s), max.
wv (m/s), wd (deg), rain (mm), raining (s), SWDR (W/m?), PAR (umol/m2/s) , max.
PAR, CO2 (ppm).

¢ ETT (hl, h2): Electricity Transformer Temperature data recorded hourly. Features include HUFL, HULL, MUFL,
MULL, LUFL, LULL, and OT (oil temperature).

* Exchange: Daily exchange rates of 8 currencies. This dataset is highly non-stationary and exhibits random walk
behavior.

Data Preprocessing Pipeline. All datasets are processed using a unified pipeline:

1. Feature Selection: Timestamps and index columns are removed. Only numerical measurements are retained.

2. Missing Value Imputation: For datasets with missing values (e.g., Beijing Air, Weather), we apply linear interpolation
followed by forward-filling and backward-filling to ensure continuity.

14
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3. Normalization: We apply per-feature normalization to the raw time domain data:

» Standard (Z-Score): Used for Beijing Air and Exchange. Maps data to zero mean and unit variance.

* MinMax: Used for ETT and Weather. Maps data to [—1, 1] range, preferred over [0, 1] for diffusion models to
avoid mean bias.

Importantly, we do not normalize the wavelet coefficients after decomposition. This preserves the natural energy
hierarchy where low-frequency coefficients carry higher variance than high-frequency details, which is crucial for the
energy-adaptive scheduler.

4. Chronological Splitting: Data is split chronologically into Train, Validation, and Test sets according to the ratios in
Table 6.

C.2. Baseline Implementations

Time-Series Forecasting Models. We compare against five state-of-the-art time-series forecasting models, using Py-
POTs(Du et al., 2023), default settings, MSE for Training and MAE for validation, training up to 100 epoches:

¢ TimeMixer (2024): Learns hierarchical representations through Past-Decomposable-Mixing.

¢ iTransformer (2024): Models cross-variable dependencies through channel-independent attention.

PatchTST (2023): Applies patch-based tokenization with channel independence.

FEDformer (2022): Uses frequency-enhanced decomposition for long-term forecasting.

CSDI (2021): Conditional score-based diffusion model for time series imputation/forecasting.
All transformer baselines are trained using their official codebases with the standard look-back window of 96.
Diffusion-based Models. We adapt two recent tabular diffusion models for time series forecasting:

* TabSyn (2024): TabSyn is a Latent Diffusion Model that uses a VAE to compress data into a latent space. VAE
Backbone: Transformer-based VAE with N = 4 layers. The input window is flattened and tokenized via numerical
embedding. Latent Diffusion: MLP-based diffusion model in the latent space. Two-Stage Training: (1) VAE trained
with MSE + KL loss; (2) Diffusion trained on frozen VAE latents.

* TabDiff (2025): TabDiff operates directly on the data space with an encoder-decoder architecture. Tokenizer —
Transformer Encoder — MLP Diffusion — Transformer Decoder. Formulated as an in-painting task where the future
is masked. End-to-end with EDM-style mixed loss. Data consistency enforced by resetting history at each step.

Unified Evaluation Protocol. To ensure fair comparison of long-term generative dynamics, we establish a unified
autoregressive protocol:

* All models are trained to predict a fixed short horizon (Lpreq = 6).
¢ Evaluation is performed by rolling predictions up to long horizons H € {24,48,72, 96,192, 336, 720}.

 Standard Z-Score normalization is applied without learnable affine transformations or reversible normalization modules
(e.g., RevIN).

C.3. Hyperparameters

EADiff Configuration. Table 7 summarizes the hyperparameters for EADIff across different datasets.

Baseline Hyperparameters. Table 8 summarizes the hyperparameters for the adapted diffusion baselines.
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Table 7. EADiff Hyperparameters per Dataset.

Parameter | Beijing Air | Weather | ETT-h1/h2 | Exchange | Default
Wavelet Configuration
Wavelet Family sym2 sym?2 sym?2 / dbl sym?2 sym2
Decomposition Level 1 1 1 (sym2) /6 (dbl) 5 -
Model Architecture
Token Dimension D 128 128 128 128 128
Patch Size P 4 4 4 4 4
Transformer Layers 6 6 6 6 6
Attention Heads 4 4 4 4 4
FFN Dimension 512 512 512 512 512
Dropout 0.1 0.1 0.1 0.1 0.1
Noise Scheduler
Omin 0.002 0.002 0.002 0.002 0.002
Omax 20.0 20.0 20.0 20.0 20.0
p 7.0 7.0 7.0 7.0 7.0
Tanh Scale C' 3.0 3.0 3.0 3.0 3.0
Initial ~y 0.7 0.7 0.7 0.7 0.7
Training
Batch Size 512 512 4096 768 -
Learning Rate 2e-3 2e-3 2e-3 2e-3 2e-3
Epochs 300 300 300 300 300
Warmup Epochs 25 25 25 25 25
History Noise kg 0.2 0.2 0.2 0.2 0.2
EMA Memory (epochs) 10 20 20 3 10
Weight Decay 0.01 0.01 0.01 0.01 0.01
Inference
Heun Steps 20 20 20 20 20
Starting ¢ 1.0 1.0 1.0 1.0 1.0
Prediction Length 6 6 6 6 6

Table 8. Hyperparameters for Diffusion Baseline Adaptations.

Parameter \ TabSyn \ TabDiff
Architecture
Model Type VAE + MLP Diffusion | Transformer + MLP Diffusion
Token Dimension 8 16
Transformer Layers 4 4
Attention Heads 1 4
Latent / Time Dim VAE Latent 512
Training
Learning Rate VAE: le-3, Diff: le-3 le-4
Training Batch Size 256 256
Test Batch Size 2048 2048
Epochs VAE: 500, Diff: 2000 2000
Inference
Sampling Steps 10 (Heun) 10 (Heun)
Guidance Method Replacement In-painting

D. Complexity Analysis

We analyze the computational complexity of EADiff’s main components:

Wavelet Transform. The Discrete Wavelet Transform (DWT) and its inverse (IDWT) have linear time complexity:
Opwr =O(T - F) (28)

where T’ is the sequence length and F' is the number of features. This is because each level of decomposition processes half
the samples of the previous level, resulting in a geometric series that sums to O(T).
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Tokenization. The band-specific tokenization involves 1D convolutions:

J
L®
Otokenize:(9<§ SgPDF>:O(NPDF) (29)
£=0

where N =3, thi)ens is the total number of tokens, P is the patch size, and D is the token dimension.

Transformer Backbone. The self-attention mechanism dominates the transformer complexity:
Olransformer = O(Llayers : (N : F)2 . D) (30)

where Liyers is the number of transformer layers. The quadratic dependence on sequence length (N - F') is the primary
computational bottleneck.

Energy-Adaptive Scheduler. Computing the per-instance energy modulation factors:

Oscheduter = O((J +1) - '+ L) (€29
where L is the total coefficient length. This is linear and negligible compared to the transformer.
Total Training Complexity (per step).

Otrain = O(T . F) + O(Llayers . (N . F)2 . D) (32)

Comparison with Time-Domain Methods. Table 9 compares the complexity of different approaches:

Table 9. Time Complexity Comparison. T": sequence length, F': features, D: hidden dim, L: layers.

Method Complexity Notes

Vanilla Transformer O(L-T?-F-D) Quadratic in T
PatchTST O(L-(T/P)?-F-D) Reduced by patch size P
iTransformer O(L-F*.-T-D) Quadratic in F'

CSDI O(L-T?-F?-D) Dual attention

EADiff (Ours) O(L-N?*-F?.D) | N < T due to DWT compression

The key advantage of EADIff is that the wavelet transform compresses the sequence length from T'to N = ), Néi)ens,

where typically N < T due to downsampling in the DWT. For a J-level decomposition with window size T' = 96, the
approximation band has length =~ T'/2”, providing significant compression for deeper decompositions.
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Algorithm 4 EADIFF Training (Detailed)

N
i=1°

Require: Training data {X(*)
tation bound kg
Ensure: Trained model parameters 6, learned ~y
1: Initialize model parameters 0, set v <— it
2: repeat
3:  Sample batch X € REXT*F from training data

// Step 1: Construct input with initial guess

model Fy, learnable modulation parameter -, prediction length Heq, history augmen-

4
5 Xhyis < X[, : T — Hpreq, :] {History portion}
6: Xt ¢ Xnis|i, —1,:] {Last observed value}
7 Xguess + LinearExtrapolate(Xhis, Hprea) {0or Copy}
8 X Concat(X;s, Xguess)
9:  // Step 2: Wavelet transform and normalization
10: Xgealed ¢ OriginQIScaler(X)
11: Whase < DWT(Xscaled) {Wbase S RBXFXL}
12: Wy, < WaveletScaler( W, )
13:  // Step 3: Compute ground truth coefficients
14: Wier < WaveletScaler(DWT(OriginalScaler(X)))
15:  // Step 4: Compute energy-adaptive modulation factors
16:  for each frequency band / =0, ..., J do
17: EO log(Std(WéﬁZe, dim = 2) + €) {Per-instance energy}
18:  end for
19: B o Sy E® {Mean log-energy}
200 EW « E® — E {Centered energy}
21: f® « exp(y - tanh(E® /C)) {Modulation factor}
22:  // Step 5: Sample noise levels
23: Kfur ~ U[O, I]B, Knis ~ U[O, kaug]B
24: Obase,fut < (Urln/lfl + Kpuy - (O'rln/apx - Urln/lfl))p
25: Obase,his < (Urln/lﬁ + Khis - (Urln/zfx - Urln/lﬁ))p
26: Ofut = Obasefut * £ Ohis <= Tvasenis - T
27:  // Step 6: Construct noisy input with mask
28:  m < ComputeWaveletMask (7", Hpyeq, wavelet, J) {Binary mask}
29: e~ N(0,I)
30: Wk<—Wbase—|—((1—m)@ahis—i—m@aﬁn)@e
31:  //Step 7: Forward pass with conditioning
320 cppro — Wi, 1, Lo] {Low-frequency condition}
33: Wq — Fy (Wk, O fut, Cw(o))
34:  // Step 8: Compute weighted loss (future region only)
35:  w(o) « (0% +1)/0° {EDM weighting}
36: L4 [y (piyenm Mn(w(05,), Winax) - (Wi — Wiarger,£.1)°
37.  // Step 9: Update parameters
38: 0+ 0—nVyL
390 vy —nV,yL
40: Update EMA: Ogpa < B0ema + (1 — ﬂ)@
41: until converged
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Algorithm 5 EADIFF Inference with Heun Sampler (Detailed)

Require: History Xy, € R(T-H)XF trained model Fj, starting step ko, number of steps IV, prediction length Hpq

Ensure: Predicted future X,eq € R7*F
: // Step 1: Construct initial input
: Xguess + LinearExtrapolate(Xuis, Hpred)
C X Concat(Xpis, Xguess)
: // Step 2: Transform to wavelet domain
Wini < WaveletScaler(DWT(OriginalScaler(X)))
: // Step 3: Compute mask and conditioning
m < ComputeWaveletMask (7', Hyeq, wavelet, J)
s @ — Winils, 1, 0 Lo
: // Step 4: Compute energy-adaptive sigma schedule
: {k;}N, + Linspace(ko, 0, N + 1)
: fori=0to NV do
o, < AdaptiveSigma(k;, Wiy) {o € REXF*L}
: end for
: // Step 5: Initialize latents (SDEdit-style)
: €~ N(0,1)
Wi, (1 —m) © Wigi + m © (Wigi + 0,y © €)
: // Step 6: Heun solver with replacement
:fori=0to N —1do
// Euler predictor step
Wq FH(WMZ O, CW(O))
d; « (Wy, — Wo)/oy,
AC = Oy, — O,
W;ﬂ+1 — Wi, +d; © Ao
ifi < N — 1 then

// Heun corrector step

W6 — Fy (W;ﬂ+1 yOkiy1s CW<0))

7;'-4-1 « (Wi, - Wp)/o
d <« (d; +di,,)/2
W W, de Ac

kit1

—

DN NN NN N = = === = =
QAN HELDDRT QPRI DINLHRY

)
>

i+1

[SVIN (ST S
@ 0 >

else

WE‘f’H — W,
end if
// Replacement: enforce history constraint
Wi < (1-m) O Wi + m o W??ZL
: end for
: /{ Step 7: Inverse transform
: X « OriginalScaler ' (IDWT(WaveletScaler ' (W}, )))
: return Xpreq < X[, T — H : T, ]

W W
[N

i+1

W W W W W W
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