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1. [TimeGrad] Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting (ICML, 2021)

- https://arxiv.org/pdf/2101.12072.pdf

2. [CSDI] Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation (NeurIPS 2021)

- https://arxiv.org/pdf/2107.03502.pdf

3. [TSDiff] Non-autoregressive Conditional Diffusion Models for Time Series Prediction (NeurIPS 2023)

- https://arxiv.org/pdf/2307.11494.pdf 

Papers Conditional / Unconditional diffusion model
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1. Preliminaries: Diffusion Model



1. Preliminaries: Diffusion Model
1-1. Generative Models

- (1) GAN

- (2) Diffusion

- (3) VAE, Normalizing Flows
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1. Preliminaries: Diffusion Model
1-2. Diffusion Model

- Forward Process: Add Noise

- Backward Process: Remove Noise
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1. Preliminaries: Diffusion Model
1-2. Diffusion Model

- Forward Process: Add Noise

- Backward Process: Remove Noise

controls the strength of the noise → Noise Scheduling

ex) DDPM: Linear Scheduling
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Linear scheduler

1-3. Noise Scheduling

1. Preliminaries: Diffusion Model

Too SMALL noise!

Too BIG noise!

Cosine scheduler
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1-4. Conditional Diffusion Model
- Unconditional Diffusion Model: “Draw a picture”

- Conditional Diffusion Model: “Draw a picture of a dog”

1. Preliminaries: Diffusion Model

Anything can be a condition!
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1-4. Conditional Diffusion Model
How to guide the diffusion model under certain condition?

- (1) Classifier guidance (CG): w/ classifier

- (2) Classifier-free guidance (CFG): w/o classifier

1. Preliminaries: Diffusion Model

  08 / 47



1-4. Conditional Diffusion Model
How to guide the diffusion model under certain condition?

- (1) Classifier guidance (CG): w/ classifier

1. Preliminaries: Diffusion Model

(Score of      , under condition   )
Classifier

Conditional Score

  09 / 47



1-4. Conditional Diffusion Model
How to guide the diffusion model under certain condition?

- (1) Classifier guidance (CG): w/ classifier

1. Preliminaries: Diffusion Model

Guidance 
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1-4. Conditional Diffusion Model
How to guide the diffusion model under certain condition?

- (2) Classifier-free guidance (CFG): w/o classifier

1. Preliminaries: Diffusion Model

No need for an extra classifier!
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1-4. Conditional Diffusion Model
How to guide the diffusion model under certain condition?

- (2) Classifier-free guidance (CFG): w/o classifier

1. Preliminaries: Diffusion Model

Integrate condition inside the diffusion model!
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2. Conditional Time-series Diffusion Model: 

TimeGrad, CSDI



Conditional Time-series Diffusion Model

- TimeGrad (ICML 2021): TS Forecasting 

- CSDI (NeurIPS 2021): TS Imputation 

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

- Diffusion model for TS forecasting

- Conditional diffusion model

- “condition = past information”

2. Conditional Time-series Diffusion Model

=

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting   17 / 47



2-2. CSDI (NeurIPS 2021)

- Diffusion model for TS imputation

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

2. Conditional Time-series Diffusion Model

Conditional score-based diffusion models for probabilistic time series imputation   18 / 47



2-2. CSDI (NeurIPS 2021)

- Inspired by masked modeling

2. Conditional Time-series Diffusion Model

Masked certain portion of data for training!
- (1) Observed (= Train)

- (1-1) unmasked (= Train X)

- (1-2) masked (= Train Y)

- (2) Unobserved (= Test)

Conditional score-based diffusion models for probabilistic time series imputation   19 / 47



3. Unconditional Time-series Diffusion 

Model: TSDiff



TSDiff (NeurIPS 2023)

- (Previous works) Conditional model 

- condition depends on the task! ( i.e. imputation, forecasting … ) 

- Task-agnostic & Unconditional diffusion model for TS

- Self-guidance mechanism

- enables conditioning for downstream tasks “during inference”

- does not require auxiliary network or altering the training procedure

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting   21 / 47



TSDiff (NeurIPS 2023)

- Three tasks

- (1) Forecasting

- (2) Refinement

- refine the predictions of base forecasters efficiently

- (3) Synthetic data generation

- train downstream forecasters using synthetic samples generated from TSDiff

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting   22 / 47



TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting   23 / 47



x_0 = 시계열

x_0 -> t번 노이즈를 부과 -> x_t

x_t -> 1번 노이즈를 부과 (=eps)-> x_{t+1} 

f(x_{t+1} ,t+1) = eps



TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

Reverse process (denoising)

Condition

Condition during inference!

1) Self-Guidance
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TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

1) Self-Guidance
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TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

1) Self-Guidance
(1) Mean Square guidance

(2) Quantile guidance

* Probabilistic forecasts are often evaluated using quantile-based metrics 
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TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

2) Backbone
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2) Backbone

- (1) DiffWave 

- (2) SSSD

- (3) TimeDiff

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting   28 / 47



TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

DiffWave

2) Backbone

- (1) DiffWave 

- (2) SSSD

- (3) TimeDiff
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TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

S4 Layer

DiffWave

2) Backbone

- (1) DiffWave 

- (2) SSSD

- (3) TimeDiff
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TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

S4 Layer
=

SSSD
DiffWave
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TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

S4 Layer

DiffWave

2) Backbone

- (1) DiffWave 

- (2) SSSD

- (3) TimeDiff
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TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

S4 Layer
=

DiffWaveTSDiff
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2) Backbone: S4 Layer

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

S4 = Model SSM (State-Space Model) with NN
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TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

3) Prediction Refinement
Goal: Refine the predictions of base forecasters

- Agnostic to the type of base forecaster

- Only assumes access to forecasts generated by them

How? 

Iteratively refine the initial forecasts, using the implicit density learned by diffusion model
(serves as a prior)
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3) Prediction Refinement
Two interpretations of refinement

- (a) Sampling from an energy function

- (b) Maximizing the likelihood to find the most likely sequence

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting   36 / 47



3) Prediction Refinement
(a) Sampling from an energy function

- Goal: draw samples from 

- Base forecaster: 

- Sample forecast from    :                …. initial guess of a sample from 

→ Improve this initial guess!

- Refinement =  Sampling from the regularized energy-based model (EBM)

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

Regularizer TS obtained by combining          and 
Design the energy function s.t. LOW energy is assigned to samples that are LIKELY under the diffusion model 
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3) Prediction Refinement
(a) Sampling from an energy function

- Use overdamped Langevin Monte Carlo (LMC) to sample from this EBM

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting   38 / 47



3) Prediction Refinement
(b) Maximizing the likelihood to find the most likely sequence

- Refinement = regularized optimization of finding the most likely TS that satisfies certain constraints

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting   39 / 47



4) Experiments
Goal: Investigate whether “unconditional” TS diffusion model can be employed for downstream tasks

Three tasks

- (Predict) Probabilistic forecast (feat. Self-guidance)

- (Refine) Prediction refinement of base forecasters (feat. probability density learned by TSDiff)

- (Synthesize) Prediction results of downstream forecasters (feat. synthetic samples generated by TSDiff)

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting   40 / 47



4) Experiments
Dataset: 8 univariate TS from different domains

Metric: CRPS (Continuous ranked probability score)

- approximate CRPS by normalized average 

quantile loss using 100 sample paths

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

https://towardsdatascience.com/crps-a-scoring-function-for-bayesian-machine-learning-models-dd55a7a337a8
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4) Experiments
(Predict) Probabilistic forecast (feat. Self-guidance)

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

TSDiff-Cond: conditional model version

TSDiff-MS: Self-guidance of MSE

TSDiff-Q: Self-guidance of Quantile Loss

(a) Standard Forecasting
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Missingness: masking 50%

Three scenarios

- (1) random missing (RM)

- (2) blackout missing at the beginning of input (BM-B)

- (3) blackout missing at the end of input (BM-E)

4) Experiments
(Predict) Probabilistic forecast (feat. Self-guidance)

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

(b) Forecasting with missing values

TSDiff-Q performs competitively against task-specific conditional models! 

→ Robustness w.r.t missing values during inference
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4) Experiments
(Refine) Prediction refinement of base forecasters (feat. probability density learned by TSDiff)

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

Base: initial forecast

(method) LMC vs. ML

- LMC: Langevin Monte Carlo

- ML: Maximum Likelihood

(regularize) MS vs. Q

- MS: MSE

- Q: Quantile loss
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4) Experiments
(Synthesize) Prediction results of downstream forecasters (feat. synthetic samples generated by TSDiff)

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

Q) How to evaluate the quality of generated samples?

A) Several metrics have been proposed …. 

But this paper focuses on “predictive metrics”

-> proposes Linear Predictive Score (LPS)

Test CRPS of linear (ridge) 

regression model trained on 

synthetic samples.
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4) Experiments
(Synthesize) Prediction results of downstream forecasters (feat. synthetic samples generated by TSDiff)

TSDiff (NeurIPS 2023)

3. Unconditional Time-series Diffusion Model

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting

Even performs better than the 

model trained with REAL data!
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4. Conclusion



- Diffusion model with TS has not been widely explored yet.

( Most of the work has been done in computer vision domain )

- All the previous works (except for TSDiff) uses “conditional” diffusion model

- “Unconditional” diffusion model is task-agnostic, imposing condition during inference

- Future work: develop unconditional TS diffusion model…

- with model architecture tailored for TS data 

(i.e. Temporal dependency, Time series decomposition)

- with noise scheduling tailored for TS data 

(i.e. exploring ACF(auto-correlation function) )

4. Conclusion

Predict, Refine, Synthesize: Self-Guiding Diffusion Models for Probabilistic Time Series Forecasting   47 / 47
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(한계) 다양한 TS task 통해 unconditional 모델 강점 부각 X


