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ABSTRACT

Time series forecasting is vital across many domains, yet existing
models struggle with fixed-length inputs and inadequate multi-scale
modeling. We propose MR-CDM, a framework combining hierar-
chical multi-resolution trend decomposition, an adaptive embed-
ding mechanism for variable-length inputs, and a multi-scale con-
ditional diffusion process. Evaluations on four real-world datasets
demonstrate that MR-CDM significantly outperforms state-of-the-
art baselines (e.g., CSDI, Informer), reducing MAE and RMSE by
approximately 6-10 to a certain degree.

1 INTRODUCTION

Time series data is fundamental to decision-making in domains such
as finance, healthcare, and transportation. While deep learning mod-
els like RNNs, CNNs, and Transformers have advanced time series
forecasting, recent work has explored diffusion models for their
ability to capture complex temporal distributions. However, real-
world series often exhibit multi-scale patterns (trends, seasonality,
noise) and variable lengths, posing challenges for standard diffu-
sion approaches. Although trend-decomposition methods improve
multi-scale modeling, they typically assume fixed input lengths. To
address variable-length inputs, Naiman et al. [1] propose mapping
time series to 2D image-like representations. While this enhances in-
put flexibility, it risks distorting temporal continuity and long-range
dependencies by treating sequential data as spatial grids.

Example 1. Consider forecasting city-wide electricity demand
with heterogeneous sampling rates (e.g., 5-minute vs. hourly sensors),
as illustrated in Figure 1. High-frequency data captures local fluctu-
ations, while low-frequency data reflects regional trends. However,
most models assume fixed sampling rates. Forcing heterogeneous
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Figure 1: Multi-Resolution Time Series Example

signals into a common resolution inevitably sacrifices fine-grained
details or distorts global structures, limiting the ability to handle
multi-scale dynamics.

To address these limitations, we propose a diffusion-based fore-
casting framework that (1) supports variable-length time series with-
out fixed input windows, and (2) incorporates multi-scale trend
decomposition to model temporal patterns at different resolutions.
The method retains the generative strengths of diffusion models
while improving robustness across heterogeneous sequence lengths
and temporal scales. Experiments on multiple real-world datasets
show that it consistently outperforms both diffusion-based and con-
ventional baselines, achieving more accurate and reliable forecasts.
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The remainder of this paper is organized as follows: Section 2
reviews related literature on time series forecasting and diffusion-
based generative models. Section 3 introduces the problem statement.
Section 4 presents the proposed MR-CDM framework in detail.
Section 5 outlines the experimental setup and reports empirical the
results. Finally, Section 6 concludes the paper and discusses potential
directions for future research.

2 RELATED WORK

Time series forecasting is the process of generating a future segment
of a time series by applying specific time series forecasting algo-
rithms to historical time series data. For example, we use a historical
wind speed series of 100 time units to generate a future wind speed
series of 50 time units.Time series forecasting has undergone three
evolutionary phases: statistical modeling, deep learning revolution,
and the emerging diffusion paradigm.

A Statistical Modeling

Classical forecasting relied on explicit statistical assumptions, with
linear models dominating the field. The Autoregressive Integrated
Moving Average (ARIMA) [1] and its seasonal variant SARIMA
provided interpretable formulations under stationarity assumptions,
while Vector Autoregression (VAR) [2] extended these ideas to
multivariate settings. Nonparametric methods like Holt—Winters ex-
ponential smoothing [3] and the Error-Trend—Seasonality (ETS)
framework [4] modeled trend-seasonality interactions without strict
distributional requirements. From a probabilistic perspective, Gauss-
ian Processes (GPs) [5] introduced Bayesian inference for time
series, providing principled uncertainty quantification via kernel
functions.

B Deep Learning Revolution

Neural networks revolutionized forecasting by enabling hierarchi-
cal feature learning and nonlinear modeling. Early recurrent archi-
tectures like LSTM [6] and GRU [7] addressed gradient issues to
capture long-term dependencies, with DeepAR [8] establishing a
deep probabilistic framework. Convolution-based models such as
WaveNet [9] and TCNs [10] overcame sequential bottlenecks using
dilated causal convolutions for efficient parallel processing. More
recently, attention-based architectures like the Transformer [11],
Informer [12], and Autoformer [13] have become dominant by
capturing global temporal dependencies through self-attention and
frequency-domain analysis.

C Emerging Diffusion Paradigm

Diffusion models have recently emerged as powerful generative tools
for time series. TimeGrad [14] introduced autoregressive denoising
diffusion for probabilistic forecasting, while CSDI [15] extended this
to conditional score-based diffusion for imputation tasks. To improve
efficiency and handle long sequences, SSSD [16] incorporated state
space models, and TSDiff [17] proposed 2D representations to ac-
commodate variable-length sequences. Spatial-temporal extensions
like DiffSTG [18] embedded graph structures to model complex
spatio-temporal dynamics.

Our framework addresses these exsiting challenges through three
core innovations: an adaptive delay embedding mechanism for han-
dling variable-length sequences, a hierarchical multi-resolution de-
composition strategy to capture multi-scale temporal patterns, and
a conditionally guided diffusion process that leverages coarse-level
trends as structural priors. Together, these components ensure ro-
bust learning of complex dynamics while enhancing computational
efficiency and training stability.

3 PROBLEM STATEMENT

Problem Statement. We address the problem of time series fore-
casting, where the goal is to predict future values of a time series
based on its past observations. Given a set of observed time series
data x € REXK | where L is the sequence length and K denotes the
number of features, the challenge is to accurately model the complex
temporal dependencies within the data, which span multiple time
scales. This includes capturing the varying trends at different tem-
poral resolutions and handling the high-dimensional and dynamic
nature of the time series data for reliable forecasting.

4 METHOD

A Overview

The proposed MR-CDM framework utilizes a five-stage pipeline to
address multi-scale time series characteristics,as illustrated in Fig-
ure 2. Initially, Multi-Scale Moving Average Decomposition (with
windows of 5, 25, and 51) disentangles the input into short-term fluc-
tuations, medium-term cycles, long-term trends, and high-frequency
residuals [19]. Subsequently, these components undergo domain
transformation: delay embedding converts short- and medium-term
signals into 32x32 images to preserve temporal dynamics, while
STFT maps the long-term trend to the time-frequency domain to
highlight periodicity. These representations are then concatenated
into a 35-channel fused image. A conditional diffusion model [20]
then performs generation based on historical contexts to ensure
temporal consistency. The process concludes with an Enhanced Hier-
archical Reconstructor, which integrates hierarchical reconstruction,
cross-scale attention, and adaptive weighting in parallel to recover
high-fidelity predictions. This architecture effectively isolates multi-
scale features, harnesses the generative power of diffusion models,
and ensures precise detail recovery through multi-path fusion.

MR-CDM decomposes the input sequence into multi-scale com-
ponents via a three-level moving average with window sizes of 5, 25,
and 51, explicitly decoupling short-term fluctuations from seasonal
periodicity. Trend1 and the residual, which carry local transient
information, are mapped to image space [21, 22] via Delay Em-
bedding to preserve fine-grained temporal dependencies. Trend3,
representing long-term trends and seasonal cycles, is transformed
via STFT to capture the amplitude and phase of periodic components
in the time-frequency domain. Trend2 addresses medium-scale peri-
odic structures between the two extremes. All four image branches
are fused and modeled jointly by a diffusion model, followed by a
hierarchical reconstructor to recover the predicted sequence. This
branch-wise design prevents low-frequency components from mask-
ing high-frequency details, enhancing the model’s ability to represent
complex temporal dynamics.
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Figure 2: MR-CDM Model Architecture

B Proposed Algorithm

The proposed MR-CDM framework follows a multi-stage pipeline
detailed in prior work .We briefly summarize the core components
here:

Multi-Scale Decomposition: Input time series are hierarchically
decomposed into short, medium, and long-term trends using moving
averages, alongside high-frequency residuals [23]. Time-Series-to-
Image Mapping: Temporal components are transformed into 2D
image representations via adaptive delay embedding and STFT[24],
enabling resolution-independent processing. Conditional Diffusion:
A multi-resolution diffusion process is employed, where noise pre-
diction is conditioned on historical context and cross-scale features
to ensure temporal consistency.

5 EXPERIMENTS

A Experimental Setup

A.1 Research Objectives. The objective of this study is to eval-
uate the effectiveness of the proposed MR-CDM model for time
series forecasting tasks. Specifically, the experiments are designed
to: (1) verify the effectiveness of multi-scale trend decomposition
in improving forecasting accuracy; (2) evaluate the performance of
conditional diffusion models in time series forecasting; (3) analyze
the effectiveness of transforming time series into image representa-
tions; and (4) compare traditional time series forecasting methods
with diffusion-based approaches.

A.2 Experimental Environment. All experiments were conducted
on a high-performance workstation configured with an Intel Xeon
Silver 4110 CPU, 256 GB of DDR4 RAM, and two NVIDIA TI-
TAN RTX GPUs, each equipped with 24 GB of dedicated memory.
The software stack was built on Ubuntu 20.04 LTS and included
Python 3.11, PyTorch 2.0.1, and CUDA 11.8 to enable efficient GPU-
accelerated training and inference. This setup ensured consistent and
reproducible experimental conditions across all evaluations.

A.3 Evaluation Metrics. We adopt three primary evaluation met-
rics: Mean Squared Error (MSE), Mean Absolute Error (MAE), and
Root Mean Squared Error (RMSE), which measure the squared error,
absolute error, and scale-consistent error between predictions and
ground truth, respectively.

B Datasets and Preprocessing

B.1 Dataset Description. Experiments are conducted on the
ETThl1 (Electricity Transformer Temperature - Hourly) dataset. The
dataset spans from July 2016 to July 2018 with an hourly sampling

rate, containing 17,420 time points and seven features. Following
common practice, we focus on the univariate forecasting task of the
LUFL variable. The demonstration of our model’s adaptability in
other fields is provided in Appendix B .

B.2 Data Preprocessing. Data preprocessing consists of three
main steps. First, missing values are filled using linear interpolation,
and outliers are detected and handled based on the 3o rule to ensure
temporal continuity. Second, Z-score normalization is applied using
statistics computed from the training set:

x—p
.

Xnorm =

Finally, the dataset is split chronologically into training (70%), vali-
dation (10%), and testing (20%) sets, corresponding to 12,194, 1,742,
and 3,484 time points, respectively.

B.3 Dataset Sythesis. To demonstrate the generalization capa-
bility in similar dataset of our model, we generated a synthetic
dataset using a multi-component time series synthesis approach. The
synthetic data preserves the statistical properties (mean, standard de-
viation, and value ranges) of the original ETTh1 dataset while incor-
porating realistic temporal patterns including daily cycles (24-hour
periodicity), weekly cycles (7-day periodicity), long-term trends, and
Gaussian noise. Inter-variable correlations were maintained through
correlated signal generation, and daytime load enhancement was
applied to simulate realistic power consumption patterns.

C Baseline Models

C.1 Traditional Time Series Model. We adopt ARIMA(2,1,2)
as a standard univariate baseline, suitable for non-stationary series.
It performs 96-step prediction via linear extrapolation of the recent
trend, augmented with Gaussian noise to model uncertainty.

C.2 Deep Learning Baseline. A two-layer stacked LSTM with
128 hidden units and 0.2 dropout serves as our deep learning baseline.
It generates 96-step forecasts from the final hidden state. We train
for 200 epochs using AdamW (Ir=0.0001, weight decay=0.00001),
with cosine annealing and gradient clipping (max norm 1.0).

C.3 Advanced Diffusion Model. We utilize CSDI, a conditional
score-based diffusion model for forecasting. It employs a masking
mechanism for conditional generation and uses 6 residual blocks
(causal convolutions + 4-head self-attention, hidden dim=64) to
model both local and global temporal dependencies.
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Figure 3: The Prediction Result Based on Our MR-CDM Model

D Implements Details of Feature Processing

Multi-scale Trend Decomposition. In the decomposition stage, we
employ three moving average filters with window sizes of [5, 25, 51],
corresponding to temporal scales of approximately 5 hours, 1 day,
and 2 days, respectively. This configuration enables the capture of
multi-level features ranging from short-term fluctuations to long-
term trends. Specifically, the filter with window size 5 (MA-5) ex-
tracts high-frequency short-term fluctuations, MA-25 identifies daily
periodic patterns, and MA-51 captures long-term trends. This hi-
erarchical design ensures that features at distinct temporal scales
are disentangled and can be subjected to differentiated processing
strategies.

Adaptive Image Transformation. For the components Trend;,
Trend,, and the Residual, we utilize the delay embedding method
to transform 1D time series into 32 x 32 2D images, setting the
delay parameter r = 3 and the embedding dimension d = 32. Here,
r = 3 effectively captures temporal dependencies over a 3-hour span,
while d = 32 aligns with the base resolution of the U-Net architec-
ture, thereby avoiding unnecessary upsampling or downsampling
operations. Conversely, for Trends, we apply the Short-Time Fourier
Transform (STFT) to convert the signal into the time-frequency do-
main, configured with n_fft = 64 and hop_length = 16. The choice
of n_fft = 64 yields 32 frequency components sufficient for identify-
ing periodic characteristics, while hop_length = 16 ensures a 75%
window overlap, guaranteeing temporal continuity and information
integrity.

Image Fusion. In the fusion stage, we adopt a channel concate-
nation strategy to merge the images of the four components into a
single fused tensor with 35 channels (structured as 7 + 7 + 14 + 7).
This design preserves the complete information of all components,
facilitating subsequent hierarchical reconstruction.

E Main Results

E.1 Overall Performance Comparison. Table 1 reports the fore-
casting performance on the ETThl LUFL task on these models
above.

Table 1: Performance comparison on ETTh1

Model MSE MAE RMSE
ARIMA 42.2121 6.2893  6.496
LSTM 13.4981 3.6270 3.6739
CSDI 1.5538 0.8992 1.2465
MR-CDM  1.4842 0.9650 1.2183

As shown in Table 1, we compare MR-CDM with two repre-
sentative baselines and an advanced diffusion model on the ETTh1
feature prediction task. MR-CDM achieves superior performance,

LUFL Value

100
Time St

Figure 4: The Prediction Result Based on CSDI Model

with a 96.5 percent MSE reduction compared to ARIMA and an
89.0 percent improvement over LSTM. Although CSDI outperforms
ARIMA and LSTM, our model further surpasses CSDI. These results
indicate that MR-CDM more effectively captures complex temporal
patterns, highlighting the importance of explicitly modeling hierar-
chical trends.

As illustrated in Figure 3, we evaluate the prediction performance
of MR-CDM on long-term LUFL forecasting using the ETTh1
dataset. The input sequence consists of the first 96 time steps (0-95),
while the subsequent 96 steps (96-191) form the prediction hori-
zon, covering a total duration of 192 hours (8 days) with hourly
resolution.

Experimental results on ETTh1 further confirm that MR-CDM
outperforms CSDI, as shown in Figure 4. This advantage arises from
key architectural differences. MR-CDM explicitly decomposes time
series into multi-scale components and applies tailored strategies
such as delay embedding and STFT, whereas CSDI relies on a uni-
fied convolution that limits multi-scale representation. By transform-
ing time series into the image domain, MR-CDM better leverages
diffusion-based generation. In addition, its multi-path hierarchical re-
constructor captures inter-scale dependencies more effectively than
CSDI’s single-path decoder, leading to improved feature learning
and prediction accuracy.

Table 2: Performance comparison on Sythetic Dataset

Model MSE MAE RMSE
ARIMA 39.8131 8.3046 6.3097
LSTM 12.7953 8.2361 3.5770
CSDI 1.6749 0.8741 1.2941
MR-CDM  1.2544 0.9080 1.1200

To further validate robustness and generalization, we conduct the
same experiments on a synthetic dataset with similar statistical prop-
erties, multi-scale periodicity, and correlations as ETTh1, as shown
in Table 2. The consistent improvements on both real and synthetic
data demonstrate that MR-CDM does not overfit specific datasets but
effectively captures underlying temporal dynamics. This validates
the generalizability of combining multi-scale decomposition with
conditional diffusion for time series forecasting.

A rigorous multiple-run validation protocol was employed to mit-
igate the impact of random variation and ensure fair comparison.
Appendix C presents the comprehensive statistical summaries, con-
firming the reliability of our experimental setup and the consistent
performance patterns across runs.

To evaluate the multi-step forecasting performance of MR-CDM
on time series data, we conduct a comprehensive comparison experi-
ment on the ETTh1 dataset. The historical input window is fixed at
96 time steps, while the prediction horizon is varied across four set-
tings: 24, 48, 96, and 192 steps, enabling a systematic assessment of
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model accuracy and error degradation under increasing forecasting
difficulty, as shown in Figure 5. Three baseline models are selected
for comparison: ARIMA, LSTM, and CSDI. As illustrated in the
figure, MR-CDM consistently achieves the lowest error across all
prediction horizons, and its error growth rate remains significantly
lower than that of the baselines as the prediction length increases.
These results demonstrate that MR-CDM effectively suppresses er-
ror accumulation in long-range forecasting scenarios, confirming
the superiority of the proposed approach for multi-step time series
prediction tasks.

We conduct ablation studies to analyze the effectiveness of each
component. Due to space limitations, detailed results are provided
in Appendix A.1 and Appendix A.2.

6 CONCLUSION

This thesis presents a comprehensive study on time series forecast-
ing through the development of MR-CDM, a novel framework that
addresses key limitations of existing methods. The research makes
several significant contributions: (1) a delay embedding technique
that converts variable-length time series into structured 2D image
representations while preserving temporal dependencies, thereby en-
abling the use of spatial inductive biases from computer vision; (2)
a hierarchical trend decomposition module that explicitly captures
multi-scale temporal patterns—including short-term fluctuations,
seasonal cycles, and long-term trends; and (3) a hierarchical con-
ditional diffusion model that performs denoising generation under
multi-scale guidance, reducing stochasticity through coarse-to-fine
constraints.
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A ABLATION STUDIES
A.1 First Ablation Study

To validate the effectiveness of key components in MR-CDM, we
conduct ablation studies on the LUFL univariate forecasting task.
We evaluate three variants: (1) Baseline-NoDecomposition, which
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removes the multi-scale trend decomposition; (2) UnconditionalD-
iffusion, which disables historical conditioning in the diffusion pro-
cess; and (3) NoImageFusion, which replaces our smart fusion
module with simple feature concatenation. These components are
selected because they each play a distinct and essential role: trend de-
composition captures multi-resolution temporal patterns, conditional
diffusion leverages historical context to guide generation, and image-
inspired fusion enables effective integration of decomposed signals.
The ablation results help isolate their individual contributions to the
model’s performance.

The first ablation experiment use consistent configurations: se-
quence length of 96 time steps for both input and prediction, batch
size of 16, learning rate of 0.001 with Adam optimizer, and training
for 50 epochs. The models are evaluated using MSE, MAE, and
RMSE metrics on an 80/20 train-test split. This experimental design
allows us to quantify the individual contribution of each component
while maintaining computational efficiency for rapid iteration.

First Ablation Study Result. The results of the ablation experi-
ments, summarized in Table 3, reveal the importance of each com-
ponent in MR-CDM. To verify the effectiveness of our design, we
conducted a systematic ablation study on the LUFL features of the
ETTh1 dataset. The trend decomposition module proves essential:
removing it (Baseline-NoDecomposition) leads to an 89.6% per-
formance degradation compared to the FullModel, confirming that
multi-scale decomposition is crucial for capturing complex tempo-
ral patterns. Even more dramatically, the UnconditionalDiffusion
variant—where historical trends are not used to condition the diffu-
sion process—suffers a 1280% drop in performance, strongly high-
lighting the necessity of conditioning on coarse-grained historical
information for accurate and stable forecasting.

The NolmageFusion variant, which replaces our proposed image-
inspired fusion with simple feature concatenation, performs better
than the baseline but still falls significantly short of the full model.
This demonstrates that naive concatenation fails to exploit the rich
cross-scale correlations among decomposed trends, whereas our
smart fusion mechanism effectively integrates multi-resolution fea-
tures. Importantly, the removal of any single component causes a
substantial performance decline that cannot be compensated by the
remaining modules, validating the complementary nature of our MR-
CDM architecture. Together, these components form a synergistic
system, enabling the complete model to achieve the best results
across all metrics (MSE: 1.4842, MAE: 0.9650, RMSE: 1.2183),
thereby fully verifying the effectiveness of our approach.

Experiments demonstrate that MR-CDM significantly outper-
forms baselines. Ablation studies attribute this gain to three core
mechanisms: multi-scale trend decomposition disentangles short-,
mid-, and long-term components for independent feature learning,
surpassing ARIMA’s linearity, LSTM’s monolithic encoding and
CSDTI’s instability; conditional diffusion injects historical context to
ensure temporal continuity, yielding higher accuracy than uncondi-
tional generation; and a multi-path hierarchical reconstructor lever-
ages parallel pathways (hierarchical recovery, cross-scale attention,
adaptive weighting) to precisely restore details, avoiding LSTM’s
gradient vanishing and information loss. Crucially, the complete
framework exhibits strong synergistic effects, where the integrated

performance exceeds the sum of individual contributions, validating
the necessity of the proposed architecture.

Table 3: Ablation Studies on ETTh1

Model-Variant MSE MAE RMSE
Baseline-NoDecomposition 14.2177 3.6753  3.7706
UnconditionalDiffusion 20.4822 4.4252 4.5257
NolmageFusion 13.0950 3.5406 3.6187
FullModel 1.4842  0.9650 1.2183

To systematically evaluate the role of the conditional information
in the proposed diffusion model, we designed a set of ablation exper-
iments, in which all external condition inputs (such as time features,
covariates, or historical context guidance) were removed, and the
diffusion process itself was solely relied upon for unconditional
prediction of the time series. Figure 6 shows the prediction results
of the model on the ETTh1 dataset under this ablation setting.

Compared with the MR-CDM with conditional information in-
troduced in the main experiment, the unconditional diffusion model
can roughly capture the overall trend of the sequence, but it is signif-
icantly deficient in detail modeling, phase alignment, and long-term
dynamic evolution, manifested as overly smooth prediction curves,
delayed peak responses, and distortion of local fluctuations.These
results fully demonstrate that the introduced conditional mechanism
plays a crucial role in enhancing the expression ability and temporal
consistency of the diffusion model in complex time series prediction
tasks.

= Historical
—— Ground Truth
== Prediction

0 Y 50 75 100 125 150 175 200
Time Step
Figure 6: Prediction Result Based on MR- CDM model without condi-

tional information

To visually demonstrate the crucial role of conditional information
in the diffusion model, Figure 3 and Figure 6 respectively show the
performance of the unconditional diffusion model and the proposed
conditional diffusion model in the same time series prediction task.
Here, the blue solid line represents the historical observed sequence
(0-95 steps) as input, the green solid line represents the true values
(Ground Truth, 96-191 steps), and the red dashed line represents the
model’s prediction results. From the figures, it can be seen that under
the unconditional setting, although the model can capture the overall
trend, there are significant deviations in terms of detail fluctuations,
peak responses, and temporal alignment, especially in the rapidly
changing areas, indicating its lack of the ability to precisely model
the temporal dynamic structure.

In contrast, after introducing conditional information, the model
can more accurately track the intense fluctuations and local features
of the true signal, and the prediction curve closely matches the true
values, significantly enhancing the ability to restore short-term fluc-
tuations and maintain long-term consistency. This comparison fully
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validates the effectiveness of the conditional mechanism in guiding
the diffusion process and enhancing time-dependent modeling, fur-
ther highlighting the superior performance of the proposed method
in complex time series prediction tasks.

Table 4: Ablation Studies on Synthetic ETTh1

Model-Variant MSE MAE RMSE
Baseline-NoDecomposition  108.5863 8.0619 10.4204
UnconditionalDiffusion 116.4437 8.3155 10.7909
NolmageFusion 111.8180 8.2349 10.5744
FullModel 1.2544  0.9080 1.1200

As shown in Table 4,we further conducted ablation studies on
the synthetic dataset, and the results consistently demonstrate that
each component of MR-CDM plays a vital role: multi-scale trend
decomposition effectively captures hierarchical temporal patterns,
conditional diffusion leverages historical context for accurate gener-
ation, and the image-based fusion mechanism enables meaningful
integration of multi-scale features. Removing any one of these com-
ponents leads to a significant performance drop, confirming that the
full architecture is necessary and well-designed.

A.2 Second Ablation Study

To systematically evaluate the structural effectiveness of the pro-
posed MR-CDM in multi-scale time-series modeling, we conduct an
ablation study on the trend decomposition module. The experiments
are performed on the LUFL variable of the ETTh1 dataset under a
unified setting of prediction length, with MSE, MAE, and RMSE
adopted as evaluation metrics. Specifically, three configurations are
compared: the full MR-CDM model, MR-CDM w/o Trendl1 (re-
moving the low-frequency trend component), and MR-CDM w/o
Trend3 (removing the high-frequency component). The reason for
not removing Trend2 is that it is not the "highest frequency" nor the
"smoothest", but somewhere in between, mainly carrying medium-
term structural information.

The results Table 5 show that the full model achieves the best
performance across all three metrics. Removing either trend compo-
nent leads to a noticeable degradation in prediction accuracy, with a
larger drop observed when Trend3 is removed. This indicates that the
high-frequency component is critical for short-term fluctuation mod-
eling, while the low-frequency component remains indispensable for
preserving global trend dynamics. Overall, the proposed multi-scale
trend decomposition mechanism enables collaborative modeling of
short-term disturbances and long-term evolution within a unified
framework, thereby improving model robustness and generalization
in practical forecasting scenarios.

Table 5: Trend Decomposition Ablation Result

Model-Variant MSE MAE RMSE
MR-CDM w/o Trendl 1.9342 1.1247 1.3907
MR-CDM w/o Trend3 2.2769 1.2678 1.5089

FullModel 1.4842 0.9650 1.2183

A.3 Input Length Sensitivity Analysis

To further investigate the effect of historical input length on the
forecasting performance of MR-CDM, we conduct an input length

sensitivity analysis on the LUFL variable of the ETTh1 dataset. The
prediction length is fixed at 96, while the input sequence length
Seq_Len is varied across 48, 96, and 192. As shown in the Table 6,
all three error metrics decrease monotonically as the input length
increases, indicating that longer historical sequences provide richer
temporal context for the model.Longer input sequences contain
more complete periodic structures and trend dynamics, enabling the
multi-scale decomposition module to extract each frequency com-
ponent more accurately and reducing decomposition errors caused
by insufficient historical context. This enables the multi-scale trend
decomposition module to extract more complete periodic and trend
features, thereby improving prediction accuracy. These results con-
firm that MR-CDM is adaptive to varying input lengths, and suggest
that increasing the historical window size in practical deployment
can further enhance forecasting performance.

Table 6: Input Length Sensitivity Results

Seq_ Len MSE MAE RMSE
48 1.8998 1.1387 1.3783
96 1.4842 0.9650 1.2183
192 1.2319 0.8492 1.0965

B GENERALIZATION TO OTHER DOMAINS

To further validate the generalization capability and robustness of
our model, we extended our evaluation to datasets from distinct do-
mains: weather forecasting and traffic flow prediction. These datasets
embody complex non-linear spatiotemporal dynamics characteristic
of meteorological variations and urban traffic patterns, respectively,
thereby serving as rigorous benchmarks for assessing cross-domain
adaptability.In our experiments, the OT metric serves as the ground
truth for forecasting tasks on both datasets. Experimental results
demonstrate that our model not only retains its performance advan-
tages but also achieves superior prediction accuracy and stability
in these diverse scenarios, underscoring its significant potential for
broad real-world applications.Table 7 and Table 8 show the predic-
tion ability among these models.

Weather dataset comprises 21 multivariate time series collected
from a meteorological station in Jena, Germany, with a sampling rate
of 10 minutes. Characterized by complex seasonal patterns (daily
and yearly cycles) and high-frequency noise, this dataset tests the
model’s robustness in handling non-stationary environmental data
and capturing inter-variable dependencies.

Table 7: Model Performance on Weather Domain

Model MSE MAE RMSE
ARIMA 191.2356 11.6258 13.8287
LSTM 124.7143  7.5514  11.1675
CSDI 96.3245  6.9438  9.8145
MR-CDM  79.4128  6.3487 89113

Traffic dataset records the road occupancy rates collected from
862 sensors in the San Francisco Bay Area. The data is sampled
hourly and exhibits strong daily and weekly periodicity, as well as
complex spatial dependencies among sensors. It serves as a rigorous
benchmark for evaluating a model’s ability to capture recurring
patterns and handle high-dimensional multivariate series.
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Table 8: Model Performance on Traffic Domain

Model MSE MAE RMSE
ARIMA 0.0011 0.0237 0.0331
LSTM 0.0007 0.0152 0.0264
CSDI 0.0004 0.0143 0.0200
MR-CDM 0.0003 0.0139 0.0173

C MULTIPLE-RUN VALIDATION

To ensure the robustness and reproducibility of our results, each ex-
periment is repeated three times using distinct random seeds (specif-
ically, 42, 43, and 44). This practice helps account for the inherent
stochasticity in model initialization and training dynamics. The
corresponding statistical summaries—including mean and standard
deviation of key performance metrics across the three runs—are
reported in Table 9(ETTh1) and Table 10(Synthetic ETTH1). These
aggregated results provide a more reliable basis for comparison and
mitigate the influence of random variation on our conclusions.

Table 9: Multiple-Run Performance on ETTh1
Model MSE MAE RMSE

ARIMA 30.0946 8.2296 5.4858
LSTM 13.2883 6.2361 3.6453
CSDI 27493  1.2478 1.6581

To ensure the reliability and reproducibility of our experimental
results, we conducted multiple-run validation for all baseline models.
Specifically, we trained and evaluated ARIMA,LSTM and CSDI
models three times with different random seeds, and reported the
averaged performance metrics across all runs. This rigorous valida-
tion protocol helps mitigate the impact of random initialization and
stochastic training processes, providing more robust and statistically
reliable comparisons. The results presented in Table 9 show the
mean performance across three independent runs. These averaged
results demonstrate consistent performance patterns across multiple
runs, confirming the stability of baseline model performance and
ensuring fair comparison with our proposed method. The relatively
small variance across runs (not shown for brevity) further validates
the reliability of our experimental setup and the robustness of the
reported performance improvements.

Table 10: Multiple-Run Performance on Synsetic ETTh1
Model MSE MAE RMSE

ARIMA 47.2826 7.4434 6.8762
LSTM 13.6146 3.6670 3.6897
CSDI 2.6159 19632 1.6173

Similarly, we also repeated the aforementioned baseline experi-
ments on the synthetic dataset three times, using different random
seeds to account for stochastic variations in model initialization and
training. The results across all runs demonstrate consistent perfor-
mance for ARIMA, LSTM and CSDI baseline models, confirming
their stability on this controlled dataset. As shown in the correspond-
ing evaluation metrics reported in the relevant Table 10, the low
variance across repetitions further validates the reliability of these
baselines under synthetic conditions. These findings not only rein-
force the robustness of our experimental setup but also provide a

solid foundation for comparing more advanced methods, thereby
supporting our overall analysis and conclusions.

Experiments demonstrate that MR-CDM significantly outper-
forms baselines. Experiments studies attribute this gain to three core
mechanisms: multi-scale trend decomposition disentangles short-,
mid-, and long-term components for independent feature learning,
surpassing ARIMA’s linearity, LSTM’s monolithic encoding and
CSDTI’s instability; conditional diffusion injects historical context to
ensure temporal continuity, yielding higher accuracy than uncondi-
tional generation; and a multi-path hierarchical reconstructor lever-
ages parallel pathways (hierarchical recovery, cross-scale attention,
adaptive weighting) to precisely restore details, avoiding LSTM’s
gradient vanishing and information loss. Crucially, the complete
framework exhibits strong synergistic effects, where the integrated
performance exceeds the sum of individual contributions, validating
the necessity of the proposed architecture.

D BACKGROUND

Diffusion Models. Diffusion models [20] consist of a forward nois-
ing and a backward denoising process. Forward Diffusion gradually
adds Gaussian noise over K steps. The closed-form expression for
step k is:

Xk:\/o'(_kxo+vl—0_(k€, €~N(0’I)’ (1)

where @, = ]_[';:1 (1 = Bs). Reverse Denoising recovers clean data
from noise, typically by predicting the noise € or the clean data x°
via:

L =Ele—ep(x* BI* or Ly =Elx"—xo* 0 (2
Conditional Diffusion Models. For time series prediction, the de-

noising process is conditioned on historical context ¢ = F(x°
The conditional distribution is defined as:

L+1:0)'

K
pof 1 ©) = po i) | | po kit 1 ¥k 0), 3)
k=1

where the mean g (x*, k | ¢) is computed by leveraging both the
noisy input and the conditioning context c.

Hierarchical Trend Decomposition (HTD). HTD [19] decom-
poses time series into multi-scale trends. Given a series X, trend
components are extracted sequentially:

Xs = AvgPool(Padding(X;-1),7s), s=1,...,S—-1, ()

where AvgPool is average pooling and 7 (increasing with s) con-
trols the smoothing kernel size, enabling extraction of progressively
coarser trends.

Time Series to Image Transforms. Time series are mapped
to images using invertible transforms to exploit spatial inductive
biases [21, 22]:

e Delay Embedding: For a univariate series x.1, it constructs
amatrix X € R"*9 where n is the embedding dimension and
q is the number of time steps. Adaptive variants dynamically
adjust m and n to capture complex dynamics.

o Short Time Fourier Transform (STFT): Maps the sig-
nal to the frequency domain using a sliding window. For
input x € RE*K, STFT outputs Ximg € REW (storing
real/imaginary parts). It is invertible with negligible infor-
mation loss.
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