
Diffusion Model with Time Series Data 2

통합과정 8학기 이승한

BRL Seminar
( 2024. 03. 05. Tue )



1. Preliminaries: Time-series Diffusion Model

2. MG-TSD: Multi-Granularity Time Series Diffusion Models with Guided Learning Process (ICLR 2024)

3. Multi-resolution Diffusion Model for Time-Series Forecasting (ICLR 2024)

Contents



1. Preliminaries: Time-series Diffusion Model



1. Preliminaries: Time-series Diffusion Model
1-1. Diffusion Model

- Forward Process: Add Noise

- Backward Process: Remove Noise



1. Preliminaries: Time-series Diffusion Model
1-1. Diffusion Model

- Forward Process: Add Noise

- Backward Process: Remove Noise

controls the strength of the noise → Noise Scheduling

ex) DDPM: Linear Scheduling



1. Preliminaries: Time-series Diffusion Model
1-2. Time-series Diffusion Model: TimeGrad (ICML 2021)

- Diffusion model for TS forecasting

- Conditional diffusion model

- “condition = past information”

=

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting



1. Preliminaries: Time-series Diffusion Model
1-2. Time-series Diffusion Model: CSDI (NeurIPS 2021)

- Diffusion model for TS imputation

- Conditional diffusion model, where “condition = observed values”

Conditional score-based diffusion models for probabilistic time series imputation



1-3. Multi-granularity & Multi-resolution

1. Preliminaries: Time-series Diffusion Model

TS domain에서 아래의 개념들은 비슷한 맥락 

- Multi-granularity

- Multi-resolution

- Multi-level

- Hierarchy

- Global & Local

- (Decomposition)

- Granularity: 데이터 분할의 정도

- Resolution: 해상도
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1. Preliminaries: Time-series Diffusion Model

TS domain에서 아래의 개념들은 비슷한 맥락 

- Multi-granularity

- Multi-resolution

- Multi-level

- Hierarchy

- Global & Local

- (Decomposition)

시계열 패턴을 coarse & fine 구분하여 
포착

trend를 거시적 & seasonality를 미시적 관점에서 보기도 함!



1-3. Multi-granularity & Multi-resolution

1. Preliminaries: Time-series Diffusion Model

ICLR 2024에 accept 된 4편의 TS Diffusion Paper

multi-resolution을 잡아내겠다는  Goal은 동일. 

이를 포착하는 방법은 알고리즘 별로 상이.

→ 현재 진행 중인 연구에서 제안하는 방법론 또한 multi-resolution을 잡아내고자 
함.

TS에서의 “Interpretable” 
= 99% TS decomposition



2. MG-TSD: Multi-Granularity Time Series Diffusion 

Models with Guided Learning Process (ICLR 2024)



2. MG-TSD

MG-TSD (Multi-Granularity TS Diffusion)

- Model that considers granularity level within TS 

- Utilize “coarse-grained data” across various granularity levels

- MG-TSD

- (1) MG-TSD architecture

- (2) Guided diffusion process module

TS Notation:

이전까지의  TS Diffusion 연구에서는 , 

시계열을 분해/계층화 하는 접근이 

없었음!



2. MG-TSD

Multi-granularity 데이터 
생성

임베딩 (RNN)잠재 공간 상 Diffusion
<Step 3> <Step 2> <Step 1>

Input = 1~t시점Output = t+1 시점 (Autoregressive)



(1) MG-TSD architecture

- Composed of three parts
- a) Multi-granularity data generator

- b) Temporal process module

- c) Guided diffusion process module

2. MG-TSD



(1) MG-TSD architecture

- Composed of three parts
- a) Multi-granularity data generator

- generate multi-granularity data

- with sliding window + smoothing function (ex. MA)

- w/o overlapping! -> replicate for same length

- b) Temporal process module

- c) Guided diffusion process module

2. MG-TSD



(1) MG-TSD architecture

- Composed of three parts
- a) Multi-granularity data generator

- b) Temporal process module

- capture temporal relationships

- use RNN for “each granularity level”

- c) Guided diffusion process module

2. MG-TSD



(1) MG-TSD architecture

- Composed of three parts
- a) Multi-granularity data generator

- b) Temporal process module

- c) Guided diffusion process module

- Goal: make TS prediction

- For guidance, use multi-granularity data

2. MG-TSD
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Notation

- (Finest-grained)

(Coarse-grained)

- Variance schedule:
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(2) Multi-granularity guided diffusion

Notation

- (Finest-grained)

(Coarse-grained)

- Variance schedule:

 

2. MG-TSD

Granularity level ( 1(fine) ~ G(coarse) )
Time step (t 시점)

1로 고정 (무시 가능)
Diffusion step ( 1~N )
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Granularity level ( 1(fine) ~ G(coarse) )
Time step (t 시점)

1로 고정 (무시 가능)
Diffusion step ( 1~N )

가장 fine 한 (즉, original scale)의 data distn



(2) Multi-granularity guided diffusion

Notation

- (Finest-grained)

(Coarse-grained)

- Variance schedule:

Goal: approximate the distn

2. MG-TSD

Granularity level ( 1(fine) ~ G(coarse) )
Time step (t 시점)

1로 고정 (무시 가능)
Diffusion step ( 1~N )

가장 fine 한 (즉, original scale)의 data distn

Key Idea: Coarse한 정보를, Fine 한 정보에게 주입시키면서 denosing하면 도움이 될 
것!



(2) Multi-granularity guided diffusion

2. MG-TSD

: Original Data

: Forward

: Backward

[Goal] Guide the generation of samples by ensuring that the intermediate latent 

space retains the underlying time series structure

[How] By introducing coarse-grained targets        at intermediate diffusion step

(논문 Notation 실수) 어쩔때는 
- TS의 time step
- Diffusion의 time step



(2) Multi-granularity guided diffusion

Loss Function

2. MG-TSD

n번째 diffusion step의 g번째 granularity



(2) Multi-granularity guided diffusion

Loss Function

2. MG-TSD

Granularity level에 depend하는 noise schedule



(2) Multi-granularity guided diffusion

Shared Ratio

2. MG-TSD

/ “Noise(Variance) schedule”을 share하는 
비율



(2) Multi-granularity guided diffusion

Variance Schedule

2. MG-TSD

0 0 0 0.1 0.2 0.3 0.4 .. 0.6 0.7

Backward

Forward

0 0 0 0 0.2 0.3 0.4 .. 0.6 0.7

0 0 0 0 0 0.3 0.4 .. 0.6 0.7



(2) Multi-granularity guided diffusion

Guidance Loss Function: 

2. MG-TSD

Guidance (X) : g=1 (finest)

Guidance (O) : g=1 (finest) + g=2~G (coarse)



(2) Multi-granularity guided diffusion

Guidance Loss Function: 

2. MG-TSD

Guidance (X) : g=1 (finest)

Guidance (O) : g=1 (finest) + g=2~G (coarse)



Training & Sampling

2. MG-TSD

x Time step 수 (1~T까지)



Training & Sampling

2. MG-TSD
Reverse process

Fine ~ Coarse 모두 생성 (순서 상관 X)

최종적으로 얻길 원하는 fine-granularity의 데이터



Experiments

2. MG-TSD

(1) Dataset



Experiments

2. MG-TSD

(2) MTS forecasting

- TS Diffusion Model은 하나 뿐!

- 비교적 오래된 알고리즘과의  비교 

( 다른 2023,2024 TS Diffusion 논문들도 마찬가지 경향성 O. 

가장 대표적인 TimeGrad (2021), CSDI (2021)과만 비교하는 경우가 

종종 있음 



Experiments

2. MG-TSD

(3) Ablation Studies

0 0 0 0.1 0.2 0.3 0.4 .. 0.6 0.7

0 0 0 0 0.2 0.3 0.4 .. 0.6 0.7

0 0 0 0 0 0.3 0.4 .. 0.6 0.7

3-1) Share-ratio 
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(3) Ablation Studies

0 0 0 0.1 0.2 0.3 0.4 .. 0.6 0.7

0 0 0 0 0.2 0.3 0.4 .. 0.6 0.7

0 0 0 0 0 0.3 0.4 .. 0.6 0.7

3-1) Share-ratio 

For COARSER granularities, the model performs better with a SMALLER share ratio. 

-> Model achieves optimal performance when the share ratio is chosen at the step 

where the coarse-grained samples most closely resemble intermediate states.

Fine

Coarse



Experiments

2. MG-TSD

(3) Ablation Studies

0 0 0 0.1 0.2 0.3 0.4 .. 0.6 0.7

0 0 0 0 0.2 0.3 0.4 .. 0.6 0.7

0 0 0 0 0 0.3 0.4 .. 0.6 0.7

3-1) Share-ratio 

For coarser granularities, the model performs better with a smaller share ratio. 

-> Model achieves optimal performance when the share ratio is chosen at the step 

where the coarse-grained samples most closely resemble intermediate states.

Fine Coarse



Experiments

2. MG-TSD

(3) Ablation Studies

3-1) Number of Granularity
Utilizing four to five granularity levels generally suffices



Experiments

2. MG-TSD

(4) Case Study

Visualization (vs. TimeGrad)



2. MG-TSD

Appendix

(1) Runtime & Memory Efficiency (2) Hyperparameter Tuning



Summary

2. MG-TSD

- TS를 multi-granularity로 나눠서 diffuse한다는 점에서 novel (최초)

- But (상대적으로) 빈약한 실험 및 분석 

- 적은 수의 실험 및 분석

- 비교하는 baseline이 단순 ( 2021 TimeGrad, 2022 CSDI 위주 비교 )

( But 대다수의 TS Diffusion 논문들도 마찬가지. 데이터셋/세팅들이 상이해서 (?) 

)

- Openreview Rating: [6,6,6]



3. Multi-resolution Diffusion Model 

for Time-series Forecasting



Motivation: TS data = different patterns at “multiple scales”

=> Why not utilize this “multi-resolution” temporal structure?

Propose mr-Diff

- (1) Multi-resolution diffusion model

- (2) Seasonal-trend decomposition  ( Importance: Trend >> Seasonality )

- (3) Sequentially extract “fine-to-coarse” trends
- 3-1) Coarsest trend first

- 3-2) Finer details later! ( with coarse trends as condition )

- (4) Non-autoregressive

3. mr-Diff: Multi-Resolution Diffusion Model



Details & Contributions of mr-Diff

- 1) Decompose the denoising objective into several sub-objectives 

- 2) First work to integrate “seasonal-trend decomposition” based 

multi-resolution analysis

- 3) Progressive denoising 

( coarse -> fine )

3. mr-Diff: Multi-Resolution Diffusion Model

vs



Details

3. mr-Diff: Multi-Resolution Diffusion Model

[X]

[Y]

granularity level와 같은 개념



3. mr-Diff: Multi-Resolution Diffusion Model

[X]

[Y]



3. mr-Diff: Multi-Resolution Diffusion Model

[X]

[Y]

Stage 1

Ground Truth

Prediction



3. mr-Diff: Multi-Resolution Diffusion Model

[X]

[Y]

Stage 2

Ground Truth

Prediction



3. mr-Diff: Multi-Resolution Diffusion Model

[X]

[Y]

Stage 3

Ground Truth

Prediction



3. mr-Diff: Multi-Resolution Diffusion Model

[X]

[Y]

Stage 3

Ground Truth

Prediction

How to predict the trend of the forecast window?



3. mr-Diff: Multi-Resolution Diffusion Model

[ Training ]
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3. mr-Diff: Multi-Resolution Diffusion Model

[ Training ]

Y의 (s) 단계의 trend를 예측하기 위해

- (1) X의 (s) 단계의 trend

- (2) Y의 (s+1) 단계의 trend

시점의 차이: X < Y

Granularity의 차이: (s) < (s+1)



3. mr-Diff: Multi-Resolution Diffusion Model

[ Training ]

Y의 (s) 단계의 trend를 예측하기 위해

- (1) X의 (s) 단계의 trend

- (2) Y의 (s+1) 단계의 trend

시점의 차이: X < Y

Granularity의 차이: (s) < (s+1)

Q) Inference 시에는, 
ground truth를 모르지 
않나?



3. mr-Diff: Multi-Resolution Diffusion Model

Use the “estimated” value!

[ Inference ]



1. Extending Fine-to-Coarse Trends

- Seasonal & Trend Decomposition

2. Temporal Multi-resolution Reconstruction

- Sinusoidal Temporal Embedding

- Forward & Backward Process

- Conditioning Network

3. mr-Diff: Multi-Resolution Diffusion Model



1. Extending Fine-to-Coarse Trends

- Seasonal & Trend Decomposition

3. mr-Diff: Multi-Resolution Diffusion Model

**Focus only on the TREND

- (Intuition) Easier to predict a finer trend 
from a coarser trend

- Finer seasonal component from a coarser 
seasonal component may be difficult



2.  Temporal Multi-resolution Reconstruction

- Sinusoidal Temporal Embedding

- Forward & Backward Process

- Conditioning Network

3. mr-Diff: Multi-Resolution Diffusion Model



2.  Temporal Multi-resolution Reconstruction

- Sinusoidal Temporal Embedding

- Forward & Backward Process

- Conditioning Network

3. mr-Diff: Multi-Resolution Diffusion Model

Diffusion step

Resolution



2.  Temporal Multi-resolution Reconstruction

- Sinusoidal Temporal Embedding

- Forward & Backward Process

- Conditioning Network

3. mr-Diff: Multi-Resolution Diffusion Model

Decompose the denoising objective 
into S sub-objectives



How to incorporate    

     and        as condition?

2.  Temporal Multi-resolution Reconstruction

         as

3. mr-Diff: Multi-Resolution Diffusion Model

1

2

1 2



2.  Temporal Multi-resolution Reconstruction

3. mr-Diff: Multi-Resolution Diffusion Model

1

vs



2.  Temporal Multi-resolution Reconstruction

3. mr-Diff: Multi-Resolution Diffusion Model

1



2.  Temporal Multi-resolution Reconstruction

3. mr-Diff: Multi-Resolution Diffusion Model

(feat. TimeDiff, ICML 2023)



2.  Temporal Multi-resolution Reconstruction

3. mr-Diff: Multi-Resolution Diffusion Model
2



2.  Temporal Multi-resolution Reconstruction

3. mr-Diff: Multi-Resolution Diffusion Model

At test phase…



2.  Temporal Multi-resolution Reconstruction

3. mr-Diff: Multi-Resolution Diffusion Model

Denoising Network



Experiments

3. mr-Diff: Multi-Resolution Diffusion Model

(1) Dataset



Experiments

3. mr-Diff: Multi-Resolution Diffusion Model

(2) TS forecasting
(2021,22) TS Diffusion models

(2023) TimeDiff

TimeDiff

- No code

- Different result (use MSE, not MAE)

TimeDiff



Experiments

3. mr-Diff: Multi-Resolution Diffusion Model

(3) Analysis

Visualization ( TimeDiff, mr-Diff: no code implementation )



Experiments

3. mr-Diff: Multi-Resolution Diffusion Model

(3) Analysis

Efficiency analysis



Summary

3. mr-Diff: Multi-Resolution Diffusion Model

- TS를 multi-granularity로 나눠서 diffuse한다는 점에서 novel

- 마찬가지로, 빈약한 실험 및 분석 

- Openreview Rating: [8,6,6,6]



- Time-Series Diffusion Model의 연구 초창기

- 다른 도메인의 모델을 Time Series에 접목할 때, 1차원적으로 쉽게 적용할 수 있는 접근:

- Time Series Decomposition

- Hierarchical Approach

- Seasonality Analysis ( feat. Fourier Transform )

- …

- 이러한 연구들이 올해 서서히 나오고 있는 추세.

- 향후 연구 방향) 새로운 아이디어로 위의 TS domain-specific 특징을 포착하는 알고리즘 

고안

4. Conclusion


