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Dynamical world
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Protein FinanceRigid body Weather

Scientific engineering, industrial design, risk prevention, investment …  



Dynamical world modeling
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Context
Encoder Regression



Dynamical world modeling
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Context
Encoder Regression

https://investor.nvidia.com/stock-info/stock-quote-and-chart/default.aspx

Context
Encoder Regression
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5

Context
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Context
Encoder Regression

https://investor.nvidia.com/stock-info/stock-quote-and-chart/default.aspx

Context
Encoder Regression



Why these happened
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Context
Encoder Regression

https://investor.nvidia.com/stock-info/stock-quote-and-chart/default.aspx

Context
Encoder Regression

Overcurrent

DeepSeek-R1 
Release



Missing component: Imperfect information
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Language + 3D scene Language + Interaction

By Prof. FeiFei Li By Prof. Yann LeCun



Lifted framework: The initial idea
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Wu et al., GeoPT: Scaling Physics Simulation via Lifted Geometric Pre-Training, ICML 2026 (ICLR FM4Science Best Paper) 

Augmented Space



Lifted framework

10
Wu et al., GeoPT: Scaling Physics Simulation via Lifted Geometric Pre-Training, ICML 2026 (ICLR FM4Science Best Paper) 

Augmented Space: Go beyond simple pattern recognition and learn intelligence.

Real data manifold
Observation manifold

(Smoothed, simplified)

True mechanisms lie in:



Lifted framework for time series
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Wu et al., GeoPT: Scaling Physics Simulation via Lifted Geometric Pre-Training, ICML 2026 (ICLR FM4Science Best Paper) 

Native space: Fixed-length observation

Lifted space: longer context, covariates…

Augmented Space: Go beyond simple pattern recognition and learn intelligence.



Lifted framework for time series

12
Wu et al., GeoPT: Scaling Physics Simulation via Lifted Geometric Pre-Training, ICML 2026 (ICLR FM4Science Best Paper) 

Q1: How to effectively augment the observation?

Q2: How to learn from high-dimensional space?

Augmented Space: Go beyond simple pattern recognition and learn intelligence.



Lifted Framework in Dynamical Systems (Time Series)
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Vanilla Time Series Forecasting

Long-term Forecasting  — Autoformer

Forecasting with Exogenous Variables — TimeXer

Large-scale Pre-training — Some Discussion

* Omit the shared conditional variables, such as past observations.
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Part 1. Long-term Time Series Forecasting 
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https://github.com/thuml/Time-Series-Library



Part 1. Long-term Time Series Forecasting 
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[Autoformer, NeurIPS 2021, 6000+ citations]

[TimesNet, ICLR 2023, 3000+ citations]

[Non-Stationary Transformers, NeurIPS 2022, 1000+ citations]

[TimeMixer, ICLR 2024, 1000+ citations]



Problem definition

17

Autoformer is for long-term Forecasting.

Scaled Dot-Product Attention Multi-Head Attention

Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

query with all keys, divide each by
p
dk, and apply a softmax function to obtain the weights on the

values.

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix Q. The keys and values are also packed together into matrices K and V . We compute
the matrix of outputs as:

Attention(Q,K, V ) = softmax(
QK

T

p
dk

)V (1)

The two most commonly used attention functions are additive attention [2], and dot-product (multi-
plicative) attention. Dot-product attention is identical to our algorithm, except for the scaling factor
of 1p

dk
. Additive attention computes the compatibility function using a feed-forward network with

a single hidden layer. While the two are similar in theoretical complexity, dot-product attention is
much faster and more space-efficient in practice, since it can be implemented using highly optimized
matrix multiplication code.

While for small values of dk the two mechanisms perform similarly, additive attention outperforms
dot product attention without scaling for larger values of dk [3]. We suspect that for large values of
dk, the dot products grow large in magnitude, pushing the softmax function into regions where it has
extremely small gradients 4. To counteract this effect, we scale the dot products by 1p

dk
.

3.2.2 Multi-Head Attention

Instead of performing a single attention function with dmodel-dimensional keys, values and queries,
we found it beneficial to linearly project the queries, keys and values h times with different, learned
linear projections to dk, dk and dv dimensions, respectively. On each of these projected versions of
queries, keys and values we then perform the attention function in parallel, yielding dv-dimensional
output values. These are concatenated and once again projected, resulting in the final values, as
depicted in Figure 2.

Multi-head attention allows the model to jointly attend to information from different representation
subspaces at different positions. With a single attention head, averaging inhibits this.

4To illustrate why the dot products get large, assume that the components of q and k are independent random
variables with mean 0 and variance 1. Then their dot product, q · k =

Pdk
i=1 qiki, has mean 0 and variance dk.

4

Modeling the relation of words

with point-wise Self-Attention 

Figure 1: The Transformer - model architecture.

wise fully connected feed-forward network. We employ a residual connection [10] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

3.2.1 Scaled Dot-Product Attention

We call our particular attention "Scaled Dot-Product Attention" (Figure 2). The input consists of
queries and keys of dimension dk, and values of dimension dv . We compute the dot products of the

3



Golden problem: Temporal correlations
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Figure 1: The Transformer - model architecture.
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Past 
Observations

Future
Placeholder

Forecasting
Results

FuturePast

• Modeling the temporal dependencies with point-wise 

Self-Attention 

• Aggregate the representations for forecasting

Informer [Zhou et al. AAAI2021], Reformer [Kitaev et al. ICLR2020], LogTrans [Li et al. NeurIPS19] 



Autoformer (NeurIPS 2021, 5 years ago)
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Future Time SeriesPast Observations

…

Uptrend
Downtrend

Uptrend

Steep
Drop Fluctuation

Longer Forecasting Horizon
Intricate Temporal Patterns

Plateau

Deal with Long Series (complexity)



Overall Architecture
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Deep decomposition architecture
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Decomposition architecture for intricate temporal patterns.
Be expanded by Non-stationary Transformer and gradually become the standard usage in normalization.



Series-wise Auto-Correlation mechanism
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Series-wise Auto-Correlation for temporal correlation modeling.
The ideas of frequency domain analysis and series-wise modeling are widely used in subsequent models.



Series-wise Auto-Correlation mechanism

23

Benefited from the deep decomposition,
the seasonal part is highlighted with periodicity.

Conducts the dependencies discovery and representation aggregation at the series level.



Series-wise Auto-Correlation mechanism

24Conducts the dependencies discovery and representation aggregation at the series level.

Period-based dependencies

The same phase position of different periods

Benefited from the deep decomposition,
the seasonal part is highlighted with periodicity.



Series-wise Auto-Correlation mechanism
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Discover period-based dependencies with autocorrelation in stochastic process:

Autocorrelation reflects the time delay similarity, 

and corresponds to the confidence of period estimation.



Series-wise Auto-Correlation mechanism
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Discover period-based dependencies with autocorrelation in stochastic process:

Autocorrelation reflects the time delay similarity, 

and corresponds to the confidence of period estimation.

Larger autocorrelation ℛ(𝜏) means

• stronger time delay similarity w.r.t. 𝜏

• more confidence of period length as 𝜏



Auto-Correlation: Architecture design
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①

②

① Discover period-based dependencies 

② Aggregate similar sub-processes from different periods



Auto-Correlation: Architecture design
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Efficient computation of autocorrelation

with Wiener–Khinchin theorem by FFT

①

②

Discover period-based dependencies

with inherent Ο 𝐿 log 𝐿 complexity



Auto-Correlation: Architecture design

29
Align the delayed series,
Aggregate sub-series representations

Select the Top k period lengths

②

Aggregate representations from similar sub-processes 

Normalization



Auto-Correlation v.s. Self-Attention Family

30

Auto-Correlation extends the point-wise aggregation to series-wise.



Some showcases

31

Figure 4: Prediction cases from ETT dataset under the input-96-predict-336 setting.

Figure 5: Prediction cases from ETT dataset under the input-96-predict-720 setting.

4.2 Performance on the Data without Obvious Periodicity23

Autoformer yields the best performance among six datasets, even in the Exchange dataset that does24

not have obvious periodicity. This section will give some showcases from the test set of Exchange25

dataset for qualitative evaluation.26

Figure 6: Prediction cases from Exchange dataset under the input-96-predict-192 setting.

We observed that the series in the Exchange dataset show rapid fluctuations. And because of the27

inherent properties of economic data, the series are without obvious periodicity. This aperiodicity28

causes extreme difficulties for prediction. As shown in Figure 6, compared to other models, Aut-29

oformer can still predict the exact long-term variations. It is verified the robustness of our model30

performance among various data types.31

4.3 Main Results Fluctuation32

To get more robust experimental results, we repeat each experiment three times. The results are33

shown without fluctuation ranges in the main text due to the limited pages. Table 3 shows the main34

results with fluctuations.35

5 Univariate Forecasting Results36

To extensively evaluate our methods, we also conduct the additional univariate forecasting experi-37

ments in ETT dataset with more baselines: DeepAR [8], ARIMA [1] and Prophet [9].38
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(1) ETT dataset with input-96-predict-336 (Energy, with obvious periodicity)

(2) Exchange dataset with input-96-predict-192 (Economics, without obvious periodicity)



The modern way to do so…

32PatchTST [Nie et al., ICLR 2023], iTransformer [Liu et al., ICLR 2024]

ü Change the input rather than the inside attention 

- Include the series-wise dynamics in the model

- Better representation learning



The modern way to do so…

33PatchTST [Nie et al., ICLR 2023], iTransformer [Liu et al., ICLR 2024]

ü Maintain the vanilla attention mechanism

- Potential scalability

- FlashAttention [NeurIPS 2022] can resolve efficiency

ü Change the input rather than the inside attention 

- Include the series-wise dynamics in the model

- Better representation learning



The saturated accuracy

34Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025

Time-series-only forecasting is nearly saturated. 

The relative performance promotion is less than 3%. 



Accuracy law: The best accuracy that can achieve

35Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025

The relationship between time series complexity and the best accuracy



Accuracy law: The best accuracy that can achieve

36Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025

The relationship between time series complexity and the best accuracy

- How to estimate the “best forecasting accuracy”?

The lowest accuracy achieved by state-of-the-art deep time series forecasting models.

Take the lowest value



Accuracy law: The best accuracy that can achieve

37Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025

The relationship between time series complexity and the best accuracy

- How to estimate the “best forecasting accuracy”?

The lowest accuracy achieved by state-of-the-art deep time series forecasting models.

- How to measure the “time series complexity”?

Classical forecastability metrics: ADF, ACF, ForeCA



Accuracy law: The best accuracy that can achieve

38Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025

The relationship between time series complexity and the best accuracy

- How to estimate the “best forecasting accuracy”?

The lowest accuracy achieved by state-of-the-art deep time series forecasting models.

- How to measure the “time series complexity”?

Classical forecastability metrics: ADF, ACF, ForeCA

Series-wise metric Sliding-window prediction paradigm



Accuracy law: The best accuracy that can achieve

39Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025

The relationship between time series complexity and the best accuracy

- How to estimate the “best forecasting accuracy”?

The lowest accuracy achieved by state-of-the-art deep time series forecasting models.

- How to measure the “time series complexity”?

Classical forecastability metrics: ADF, ACF, ForeCA

Ours (window-wise pattern complexity)



Accuracy law (fitted from 3000+ experiments)

40Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025

Univariate forecasting:



Saturated tasks (under the univariate forecasting setting)

41Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025

Saturated task: Current MSE is smaller than the estimated value by accuracy law.



Saturated tasks (under the univariate forecasting setting)

42Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025

Do not indicate the “easy task” but the “saturated task” (needs more than past observation)



Lifted Framework in Dynamical Systems (Time Series)
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Vanilla Time Series Forecasting

Long-term Forecasting  — Autoformer

Forecasting with Exogenous Variables — TimeXer

Large-scale Pre-training — Some Discussion

* Omit the shared conditional variables, such as past observations.



Part 2. Forecasting with Exogenous Variables
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How to break the “accuracy law”? Go beyond univariate forecasting! 

[Supply]

Solar, Coal, Wind

[Demand]

Resident, Commercial, Industry[Electricity Price]



Part 2. Forecasting with Exogenous Variables
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[TimeXer, NeurIPS 2024, 500+ Citations] [MetaTST, Science China Information Sciences 2025]

Jiaxiang Dong Mingsheng LongJianmin WangYuxuan Wang Li ZhangHaixu Wu



Problem definition
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The exogenous variables are introduced to the forecaster for informative purposes
without the need for forecasting. 



Unique challenge distinct from previous models
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• Most of the existing Transformer-based approaches treat all the variables equally 

or ignore exogenous information, lacking a special design of exogenous series.

• Previous forecasters who design models for exogenous variables overlook the 

complex nature of these variables.



Overall architecture
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Overall architecture

49
ü Endogenous time series are embedded at the patch level.

ü Exogenous time series are embedded in variate Tokens.



Overall architecture

50
ü Self-Attention to capture temporal correlations among endogenous information.

ü Cross-Attention to incorporate exogenous information



Parallel computing for multivariate forecasting
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Tim
eXer

Backbone

Channel
Independence

Endogenous Exogenous

Ø Extending to multivariate forecasting: Each variable is treated as the endogenous one, with the others 

being exogenous, and uses a shared TimeXer backbone.



Some showcases
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Attention Map analysis

53

TimeXer can distinguish different exogenous variables, resulting in a more focused and 

interpretable attention map. (can be used to identify factors)

* An attention map can reflect the correlation among different variables

Highly related

Less related



The modern way to do so…
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DiT [Peebles et al., ICCV 2023] Wan 2.1 [Wan Team, Alibaba Group, arXiv 2025]



Lifted Framework in Dynamical Systems (Time Series)
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Vanilla Time Series Forecasting

Long-term Forecasting  — Autoformer

Forecasting with Exogenous Variables — TimeXer

Large-scale Pre-training — Some Discussion

* Omit the shared conditional variables, such as past observations.



Part 3. Time Series Foundation Models

56Liu et al., Timer-S1: A Billion-Scale Time Series Foundation Model with Serial Scaling. arXiv 2026



A large design space

57Liu et al., Sundial: A Family of Highly Capable Time Series Foundation Models. ICML 2025



Some early explorations
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[Timer, ICML 2024] Tsinghua University



Some early explorations
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[Timer, ICML 2024] Tsinghua University

[TimesFM, ICML 2024] Google



Some early explorations
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[Time-MOE, ICLR 2025] Bytedance

[Timer, ICML 2024] Tsinghua University

[TimesFM, ICML 2024] Google
2.4B model trained from 300B time points



Recap Intelligence: A close look at LLMs

61Vaswani et al., Attention Is All You Need. NeurIPS 2017 

Why does a Transformer activate “intelligence”?

1. Architectural aspect

- Encoder

- Decoder



A close look at LLMs

62Zhu et al., Physics of Language Models. https://physics.allen-zhu.com/

The decoder-only architecture.

The next-token prediction task.

Why does a Transformer activate “intelligence”?

1. Architectural aspect

- Encoder

- Decoder



A close look at LLMs: Recent evidence

63Nie et al., Large Language Diffusion Models. NeurIPS 2025

An encoder-only diffusion model can also 

be a powerful LLM.

The decoder-only architecture.

The next-token prediction task.

(correct but not principal)

Why does a Transformer activate “intelligence”?



A close look at LLMs: Beyond architecture

64
Encoding part: Project data into a unified representation space 



A close look at LLMs: Beyond architecture

65
Encoding part: Project data into a unified representation space 

Probabilistic Decoding



Intelligence: Encoding + Probabilistic decoding
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Context
Encoder

Probabilistic
Decoding

https://investor.nvidia.com/stock-info/stock-quote-and-chart/default.aspx



Intelligence: Encoding + Probabilistic decoding
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Context
Encoder

Probabilistic
Decoding

https://investor.nvidia.com/stock-info/stock-quote-and-chart/default.aspx

Data manifold

Context feature
(out of the manifold due to imperfect information)



Intelligence: Encoding + Probabilistic decoding
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Context
Encoder

Probabilistic
Decoding

https://investor.nvidia.com/stock-info/stock-quote-and-chart/default.aspx

Data manifold

Context feature
(out of the manifold due to imperfect information)

Probabilistic Decoding: adopt sampling to project back to the manifold
(sample a word in LLM or denoise an image)



69

Mainstream players 1 - Moirai / Moirai-MOE

[Moirai, ICML 2024]

Mixed distribution parameters

[Moirai-MOE, arXiv 2024]
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Mainstream players 1 - Moirai 2.0

[Moirai 2.0, arXiv 2026]
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Mainstream players 1 - Moirai 2.0

[Moirai 2.0, arXiv 2026]
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Mainstream players 2 - TimesFM 2.0 / 2.5

[TimesFM, ICML 2024] Google Keep scaling up training data and context length
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[Sundial, ICML 2025] Tsinghua University 400M model trained from 1T time points

Mainstream players 3 - Sundial
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[Timer-S1, arXiv 2026] Tsinghua University + Bytedance 8B model from 1T time points

Mainstream players 3 - Timer-S1
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[Chronos, TMLR 2024] Amazon 710M model trained from 84B time points

Mainstream players 4 - Chronos
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[Chronos-2, arXiv 2025] Amazon 120M model trained from synthetic + real data

Mainstream players 4 - Chronos-2



Which model is in the right way in my opinion
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A probabilistic decoding head; Quantile prediction is only a metric, not a target.



Does the TSFM exist or not?
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𝑝(𝐱|𝐳) Pre-training is to learn the underlying structure of data, namely, 𝐳.

Modeling everything = Modeling nothing.

[Sundial, ICML 2025]



Does the TSFM exist or not?
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𝑝(𝐱|𝐳) Pre-training is to learn the underlying structure of data, namely, 𝐳.

Modeling everything = Modeling nothing. Modeling domain-specific knowledge.
At least the domain info should be given.

𝑝(𝐱|𝐳, domain)
Optional

[Sundial, ICML 2025]



The “right” way of TSFM in my opinion 
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ü A diffusion model.

In general, a diffusion model is easier to 

train than an autoregressive model.

ü A conditional generation framework;

ü Incorporate additional information, 

such as covariate and language 

instructions.



The “right” way of TSFM in my opinion 

81Zhang et al., DiTS: Multimodal Diffusion Transformers Are Time Series Forecasters. arXiv 2026 (Tsinghua University)

ü A diffusion model.

In general, a diffusion model is easier to 

train than an autoregressive model.

ü A conditional generation framework;

ü Incorporate additional information, 

such as covariate and language 

instructions.



Lifted Framework in Dynamical Systems (Time Series)
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Vanilla Time Series Forecasting

Long-term Forecasting  — Autoformer

Forecasting with Exogenous Variables — TimeXer

Large-scale Pre-training — Some Discussion

* Omit the shared conditional variables, such as past observations.



What’s next of time series forecasting

83https://cloud.tsinghua.edu.cn/f/8d526337afde465e87c9/

?



Multimodal model for world simulator

84

Language + 3D scene Language + Interaction

By Prof. FeiFei Li By Prof. Yann LeCun



Takeaways
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1. Intelligence = Encoding + Probabilistic decoding

Encoding is not the whole part of intelligence. After “encoding the information”, we need a 

probabilistic decoding to “release” the compressed intelligence.

2. The lifting framework for prediction

Time series forecasting should embrace the “lifted framework”; otherwise, it will suffer from 

the performance bottleneck (identified by the accuracy law).

3. The “right” way to construct time series foundation models: Multimodal model

Going beyond the time series native space, which is less informative, try to incorporate 

domain-specific information as conditions and more modality data.



Acknowledgement

86

Hang Zhou Yuezhou MaJiaxiang Dong Yong Liu Tengge Hu Yuxuan Wang Haoran Zhang

Mingsheng Long Jianmin Wang Wojciech Matusik



World Simulators

Toward Intelligent Dynamical System Simulation

Haixu Wu
MIT CSAIL

May 11, 2026


