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Dynamical world

Protein Rigid body Weather Finance

Scientific engineering, industrial design, risk prevention, investment ...



Dynamical world modeling
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What actually happened
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Why these happened
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Missing component: Imperfect information

IDEAS °

Spatial Intelligence Is Al's
Next Frontier

ADD TIME ON GOOGLE

by Fei-Fei Li

Li is co-director of Stanford’s Human-Centered Al Institute and
co-founder CEO of World Labs

Unlock world understanding Anticipate what’s next
V-JEPA 2 delivers exceptional motion understanding as well V-JEPA 2 can make predictions about how the world will
DEC 11,2025 7:52 AMET as leading visual reasoning capabilities when combined with evolve, setting a new state-of-the-art in anticipating actions
language modeling. from contextual cues.
Language + 3D scene Language + Interaction

By Prof. FeiFei Li By Prof. Yann LeCun



Lifted framework: The initial idea

Augmented Space

=

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



Lifted framework

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

‘l’ min Eﬁfffed\ H True mechanisms lie in:
(gv ) ’ traj
N I
I
lifting ' slice
v
g e 7 H Observation manifold
min Lo Real data manifold (Smoothed, simplified)

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



Lifted framework for time series

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

l min Eﬁffe

(g, V) > Htraj Lifted space: longer context, covariates...

AN I

I

lifting  slice

v

g  pre > H Native space: Fixed-length observation
min ‘C’native

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



Lifted framework for time series

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

l min £P5

(g ’ V) hﬁed> Htraj

N |
I

lifting ' slice

Q1: How to effectively augment the observation?

Q2: How to learn from high-dimensional space?

|
N
g > H
min £
native

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



Lifted Framework in Dynamical Systems (Time Series)

p(x) —----m----- Vanilla Time Series Forecasting

p(X, Xlong—term) —————— Long-term Forecasting — Autoformer
p(X,ex)-=-=----------: Forecasting with Exogenous Variables — TimeXer
p(x|z) ------------- Large-scale Pre-training — Some Discussion

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



Lifted Framework in Dynamical Systems (Time Series)

p(X, Xlong—term) —————— Long-term Forecasting — Autoformer

* Omit the shared conditional variables, such as past observations.
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Part 1. Long-term Time Series Forecasting

MLP CNN RNN GNN Transformer

FEDformer

BRITS Autoformer

LogSparse

LSTNet N BEATS
2020

DeepGLO MTGNN TimeGrad

ASTGCN AGCRN

THOC

STGCN

Graph WaveNet

https://github.com/thuml/Time-Series-Library

[TSLib Implementaﬁon]

2024

iTransformer
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Part 1. Long-term Time Series Forecasting

Autoformer: Decomposition Transformers with
Auto-Correlation for Long-Term Series Forecasting

Haixu Wu, Jiehui Xu, Jianmin Wang, Mingsheng Long (<)
School of Software, BNRIist, Tsinghua University, China
{whx20,xjh20}@mails.tsinghua.edu.cn, {jimwang,mingsheng}@tsinghua.edu.cn

Haixu Wu Jiehui Xu Jianmin Wang  Mingsheng Long

[Autoformer, NeurlPS 2021, 6000+ citations]

Published as a conference paper at ICLR 2023

TIMESNET: TEMPORAL 2D-VARIATION MODELING
FOR GENERAL TIME SERIES ANALYSIS

Haixu Wu; Tengge Hu; Yong Liu; Hang Zhou, Jianmin Wang, Mingsheng Long™
School of Software, BNRist, Tsinghua University, Beijing 100084, China

{whx20, liuyong21, htg21l, h-zhoul8}@mails.tsinghua.edu.cn

{jimwang, mingsheng}@tsinghua.edu.cn

Haixu Wu Tengge Hu Yong Liu Hang Zhou Jianmin Wang  Mingsheng Long

[TimesNet, ICLR 2023, 3000+ citations]

Non-stationary Transformers:
Exploring the Stationarity in Time Series Forecasting

Yong Liu; Haixu Wu; Ji in Wang, Mingsheng Long™
School of Software, BNRist, Tsinghua University, China
{liuyong21,whx20}@mails.tsinghua.edu.cn, {jimwang,mingsheng}@tsinghua.edu.cn

Yong Liu Haixu Wu Jianmin Wang Mingsheng Long

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

LT SJE]
ANTGROUP

T EZE:

Tsinghua University

Published as a conference paper at ICLR 2024

TIMEMIXER: DECOMPOSABLE MULTISCALE MIXING
FOR TIME SERIES FORECASTING

Shiyu Wang! ; Haixu Wu?; Xiaoming Shi', Tengge Hu?, Huakun Luo?, Lintao Ma'™,
James Y. Zhang!, Jun Zhou'™

1 Ant Group, Hangzhou, China 2Tsinghua University, Beijing, China
{weiming.wsy,lintao.mlt,peter.sxm, james.z, jun.zhoujun}@antgroup.com,
{wuhx23,htg21l,luohkl9}@mails.tsinghua.edu.cn

[TimeMixer, ICLR 2024, 1000+ citations]
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Problem definition

Output Multi-Head Attention
Probabilities 1
Linear
| Softmax |} ;
)
Linear | Concat
(Ao Norm ) | 4 Modeling the relation of words
’ Scaled Dot-Product
Feed Attention .J& h : . . .
Forward - a o with point-wise Self-Attention
e S
4 | \ Add & Norm . . .
~—("Add & Norm ) l\/IuIti—lHead Lm;ar Lln;ar Lln;ar
Feed Attention
ForV\{ard 7 7 7 N x
— F‘
" (Add @ Norm J«~ v K Q
~—>| Add & Norm ) arod
Multi-Head Multi-Head
Attention Attention
L S 1
— J —
Positional A Positional
Encoding ®_O S Encoding
Input Output i - I
o i Autoformer is for long-term Forecasting.
Inputs Outputs

(shifted right)



Golden problem: Temporal correlations

Nx

Forecasting

Results
1
Linear |
-
[ Add & Norm ]«\
Feed
Forward
[ J~
f | ) Add & Norm
> Add & Norm NIUlt-Head
Feed Attention
Forward 7 2 7 Nx
_\
[ Add & Norm J=
~—>| Add & Norm ) Mosked
Multi-Head Multi-Head
Attention Attention
At At 4
N J U — )
Positional Positional
Encodi <§>‘€9 S |
ncoding 1 Y Encoding
Past Future
Observations  Placeholder

Informer [Zhou et al. AAAI2021], Reformer [Kitaev et al. ICLR2020], LogTrans [Li et al. NeurlPS19]

Modeling the temporal dependencies with point-wise

Self-Attention

Aggregate the representations for forecasting

AS

i

Past

Future
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Autoformer (NeurlPS 2021, 5 years ago)

Intricate Temporal Patterns
Longer Forecasting Horizon |:>

Deal with Long Series (complexity)

Plateau
Steep

Downtrend Drop Fluctuation

Uptrend

Uptrend

>
Past Observations Future Time Series
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Overall Architecture
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Deep decomposition architecture

Autoformer Encoder
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Decomposition architecture for intricate temporal patterns.

Be expanded by Non-stationary Transformer and gradually become the standard usage in normalization.
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Series-wise Auto-Correlation mechanism

Autoformer Encoder N x STime \%W M}/\J\
eries
Encoder Input r——=-n- Seasonal | {\ m JifA M LA A\ [ \
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uonaIpald

M x

J

Autoformer Decoder

Series-wise Auto-Correlation for temporal correlation modeling.

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

Benefited from the deep decomposition,
the is highlighted with

Conducts the dependencies discovery and representation aggregation at the series level.
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Series-wise Auto-Correlation mechanism

Period-based dependencies

The same phase position of different periods

A AVAN AN/

Benefited from the deep decomposition,
the is highlighted with

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

24



Series-wise Auto-Correlation mechanism

Discover period-based dependencies with autocorrelation in stochastic process:

Autocorrelation reflects the time delay similarity,

and corresponds to the confidence of period estimation.
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Series-wise Auto-Correlation mechanism

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(7) means

» = -
Time
Déay MMW\A * stronger time delay similarity w.r.t. T
Roll( 1) f\\/ﬂ\/\fW\/’/\ﬂl\\J\ «f/\“ * more confidence of period length as
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Auto-Correlation: Architecture design

MatMul l

|
Concat : I k | — '— — o A ol
c : | :
==F=1@ | | oo M\/\W‘\JWA SoftMax
Top k Time DelayAgg ]]— | G SoftMax e = * — —I
:- *(memerdr) :- i M\‘/‘ TVANAVAVAN ) PiRtey 25 I Maskf(opt.) |
AConiugate I
®| FFT hd )|l : Roll(z /KM\\I'/‘\JJJ\\AM@R(W)Q'? I Scale | |
e Tl “Tesiz-el Resize s | I : - I I
| 1 gL ; Uil ]
Linear |J [ Lin;ar ]_] [ Lingm | /\NW\MJ\ M\/\/\[\@)R(m) : T 1 I
Q K vV | N Q K I V

@ Discover period-based dependencies

(@ Aggregate similar sub-processes from different periods



Auto-Correlation: Architecture desig

n

Concat
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. m\/\w\ﬂ\/w 0

SoftMax

@ I AConiugate
—\)(Jw

I rrr )l

- o . - ‘ﬁsiw

|
|
|
Top k _Tln: De:y A; ]]@— : T
N -I;erse FF;-. AN : Roll(71) m\/‘\wwj\\”f\ "/M @ Rin)
[

: Roll(T2) /JK/\[\/V’L\\[/‘\\/I/‘\J‘IJ\\J}\ ﬂl/\’va’\"’\ @ R(TQ)Q ;Sn
| : : -
| :

\/’U\/\ ® R

w; ( ) .
[ 1 %
Linear } [ Lin;ar ]_] [ Liniar | /\NW\MJ\M
Q K Vv |
Efficient computation of autocorrelation

with Wiener—Khinchin theorem by FFT

SXX(f) = .F(Xt>.r* (Xt> == / Xte_izﬂ-tfdt/ Xte_izﬂtfdt

Rax(r) = F~1 (Sxx(f)) = /_ " Sxx(f)e2ITds,

Discover period-based dependencies

with inherent O(L log L) complexity
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Auto-Correlation: Architecture design

Aggregate representations from similar sub-processes
|

_________________ I
Concat / ! L :
S )" < I Time \M ,\/’\
SoftMax

Top k(_Time Delay Agg ‘ T
_ - | Roll(T1) /VL\‘/'\\/\[\AJ‘”\\I/WJ\\A JUR R@)
=@§oniugate ! Roll(T2) /K/\[\A/’h\\/\\/l/‘\ﬂj\\A M ) R(r2)$ ;S'"
P e s
]

-

FFT FFT z
l Tes‘ Roll( Tk
Linear [ Lin;ar Jj /\NW M\/\/\/\QD R(Tk)
Q kK vy IEmEEEmeEmsmmme|meEmEme|mmeEmsmEsEsE=
T1,- -+ ,Tr = arg Topk (RQ’K (7‘)) Select the Top k period lengths
7—6{1,... ’L}
ﬁQ,)C(Tl), oo ,ﬁQ,K(Tk) = SoftMax (Ro x(71), -+ s Ro.x(7k)) Normalization
Ik T
AutoCorrelation(Q, I, V) 24 » Roll(V, 7x)Ro.x(Tk), |
iz l

Align the delayed series,
Aggregate sub-series representations
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Auto-Correlation v.s. Self-Attention Family

: i - : “ "’;"j; ‘”"*: H = N
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Auto-Correlation extends the point-wise aggregation to series-wise.
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(1) ETT dataset with input-96-predict-336 (Energy, with obvious periodicity)
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—— Prediction ——— Prediction | = Prediction
1.2 121 12
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(2) Exchange dataset with input-96-predict-192 (Economics, without obvious periodicity)
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The modern way to do so...

@ v' Change the input rather than the inside attention
000000

P : : .
o o - Include the series-wise dynamics in the model

|
|
|
|
:
|
[ |
[ |
D
@)

Q- ==
@)
@)

P
O O

Point-wise Token Transformer, Informer, Stationary
- Better representation learning
SN A, e
.i:IUEU[J[J[J[J[J
R R S S S w
o)) OOy
Patch-wise Token PatchTST, Crossformer, TimeXer
Series-wise Token iTransformer, TimeXer

PatchTST [Nie et al., ICLR 2023], iTransformer [Liu et al., ICLR 2024]
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The modern way to do so...

/@ v' Change the input rather than the inside attention
000000

| o .
66 6 - Include the series-wise dynamics in the model

!
O O O O O

_ _ _ PointwiseToken _ _ _ _ _Transformer, Informer, Stationary
o - Better representation learning
.E:WUEU[J[J[J[J[J
[ : Yaal : YenRanlsn w v" Maintain the vanilla attention mechanism
Patch-wise Token PatchTST, Crossformer, TimeXer

- Potential scalability

V\J\\/\/I/\/\IJ\\A U - FlashAttention [NeurlPS 2022] can resolve efficiency

Series-wise Token iTransformer, TimeXer

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



The saturated accuracy

- ETT (Avg) 035 Electricity 07 Weather 08 Traffic
® @
1.8 ® 0.6 e
0.30 ' 0.7
1.5
0.5 E
88 88 o
wni2 ZYE 2] £20.6 ‘ h,
= = =
0.9 04 \
: @& y 0.5
0.6 020 ‘A < 03 > 4 & >
Y - ey TR g P
3 | S P » S 05 R 04 o — %
2021 2022 2023 2024 2025 2021 2022 2023 2024 2025 2021 2022 2023 2024 2025 ©2021 2022 2023 2024 2025
® Informer Autoformer A Stationary € FEDformer V DLinear <« TimesNet PatchTST @ iTransformer TimeMixer @ TimeXer % TimeMixer++

Time-series-only forecasting is nearly saturated.

The relative performance promotion is less than 3%.

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




Accuracy law: The best accuracy that can achieve

The relationship between time series complexity and the best accuracy

Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025
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Accuracy law: The best accuracy that can achieve

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.

- ETT (Avg) 035 Electricity 07 Weather 08 Traffic
L4 o}
1.8 ° 0.6 hd
0.30 0.7
1.5
0.5
[8a) m m e
wni2 2025 2 06 ‘ D
= =" = =
09 04
' N 05
0.6 0-20 A 0.3 . p
------- ‘;_“___‘ | A - e @ P
o w— — & x ___ »_,!! -_i O .
2021 2022 2023 2024 2025 2021 2022 2023 2024 2025 72021 2022 2023 2024 2025 2021 2022 2023 2024 2025
® Informer Autoformer A Stationary € FEDformer V DLinear <« TimesNet PatchTST @ iTransformer TimeMixer TimeXer % TimeMixer++

Take the lowest value

Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025
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Accuracy law: The best accuracy that can achieve

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

Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025
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Accuracy law: The best accuracy that can achieve

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

Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025
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Accuracy law: The best accuracy that can achieve

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.

(g H H 1
- How to measure the “time series complexity”? P F Window o E Window

Classical forecastability metrics: ADF, ACF, ForeCA Series WWMM

Ours (window-wise pattern complexity) Series i WM\/\ﬁ ARAAAR. MA A
CNA N N
(tperr s = SO, (A= {Amp (FFT (riopar))), 5ol Ll M Ho =y

n L2 Dist M L m
Complexity(x) = tr(Cov({A;})) =~ Z1< <N . — Alf3. M —__

(a) Time domain (b) Frequency domain

Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025
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Accuracy law (fitted from 3000+ experiments)
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Wang & Wu et al., Accuracy Law for the Future of Deep Time Series Forecasting. arXiv 2025
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Saturated tasks (under the univariate forecasting setting)

ETThl1 ETTh2 ETTml ETTm?2
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Saturated task: Current MSE is smaller than the estimated value by accuracy law.

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



Saturated tasks (under the univariate forecasting setting)

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

)s Exchange Rate
95% Confidence Interval
704 —— Benchmark
Exchange Rate
A 15
=
g
= 1.0
0.5
0.0— - . ;
0 100 200 300
Pattern Complexity

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



Lifted Framework in Dynamical Systems (Time Series)

p(X,ex)-=-=----------: Forecasting with Exogenous Variables — TimeXer

* Omit the shared conditional variables, such as past observations.
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Part 2. Forecasting with Exogenous Variables

How to break the “accuracy law”? Go beyond univariate forecasting!

[Supply] [Demand]

Solar, Coal, Wind [Electricity Price] Resident, Commercial, Industry

H o 4L=->0Q-=> Hil (x




Part 2. Forecasting with Exogenous Variables

SN,
ﬂ.:'. .NEURALINFORMATION
',’i. , PROCESSING SYSTEMS
o

[@ SCIENCE CHINA fier =
Information

Sciengées

METADATA MATTERS FOR TIME SERIES:

TimeXer: Empowering Transformers for Time Series
INFORMATIVE FORECASTING WITH TRANSFORMERS

Forecasting with Exogenous Variables

Jiaxiang Dong; Haixu Wu; Yuxuan Wang; Li Zhang, Jianmin Wang, Mingsheng Long™
School of Software, BNRist, Tsinghua University, Beijing 100084, China
{djx20,wuhx23,wangyuxu22}@mails.tsinghua.edu.cn

{lizhang, jimwang, mingsheng}@tsinghua.edu.cn

Yuxuan Wang ; Haixu Wu; Jiaxiang Dong, Guo Qin, Haoran Zhang,
Yong Liu, Yunzhong Qiu, Jianmin Wang, Mingsheng Long™

Yuxuan Wang Haixu Wu Jiaxiang Dong Guo Qin Haoran Zhang Yong Liu Yunzhong Qju Jianmin Wang  Mingsheng Long Jiaxiang Dong Haixu Wu Yuxuan Wang Li Zhang Jianmin Wang Mingsheng Long

[TimeXer, NeurlPS 2024, 500+ Citations] [MetaTST, Science China Information Sciences 2025]
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Problem definition

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

Problem Formulation Practical Situations of Exogenous Variables
o) 8| Missing Values 2| Mismatch Frequency
X ps S
©) Q =
O
Time Time
Exogenous Variables Exogenous Variables

Forecaster E>

Temporal Misaligned Mismatch Length

Value
Value

< 0,2 ,© fime L

Exogenous Variables Exogenous Variables



Unique challenge distinct from previous models

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.

Methods TimeXer iTran. [23] PatchTST [28] Cross. [43] Auto. [37] TFT [16] NBEATSx [29] TiDE [5]

Univariate v X v X v X X X
Multivariate v v <> e <> X X Ve
Exogenous v X X X X v v v
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Overall architecture

(b) Exogenous Series Embedding

A

A/ o
MAIMA g ‘Y
X ot

Multiple Variates Variate Tokens

Exogenous Input = Embedding

Output 4

Projection

[ )

L x

LayerNorm

T

Feed-Forward

|

LayerNorm

fL:

Cross-Attention

(@ Endogenous Series Embedding
| t Seri concat
NPUt Series pandom-initialized [z
~~~_ A~ Global Token | :
=1
Non-overlap Patches 15 g

L] [ !

LayerNorm

A

Self-Attention

_t 1

(d) Exogenous-to-Endogenous Cross-Attention
S

Attention
[ Cross-Attention J - (N [

1xC

T }
Y & quen Y

Variate-wise

1
Forward to |

the Next Layer |
]

Embedding

Endogenous Input

(c) Endogenous Self-Attention \

Temporal-wise

ﬁ i Key Attention t

[ Self-Attention ] -

(EEED &  qwen

(N+1) x (N+1)
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Overall architecture

v Exogenous time series are embedded in variate Tokens.

(b) Exogenous Series Embedding

A

A/ o
MAIMA g ‘Y
X ot

Multiple Variates Variate Tokens

Exogenous Input = Embedding

Output 4
Projection
) L X
1
LayerNorm
7
Feed-Forward
| S

LayerNorm
fL <

Cross-Attention

(@ Endogenous Series Embedding
concat

Input Series pandom-initialized =1

~~~_ A/~ Global Token | :

|

| |
| |
|V,

Non-overlap Patches =

L] [ !

LayerNorm
). O

Self-Attention

_t 1

(d) Exogenous-to-Endogenous Cross-Attention

:‘_-Q‘ ' . Key Variate-wise W

Attention /MW/\/\
[ Cross-Attention J - (N [

1xC

] |
(T £ quen A

1
Forward to |

the Next Layer |
]

Embedding

Endogenous Input

(c) Endogenous Self-Attention \
Temporal-wise NN

ﬁ i Key Attention t

[ Self-Attention ] -

TS RS
Query (N+1) x (N+1)

v Endogenous time series are embedded at the patch level.
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Overall architecture

v' Cross-Attention to incorporate exogenous information

Output 4
: : Projection
(b) Exogenous Series Embedding ] T L x (d) Exogenous-to-Endogenous Cross-Attention
A ¢
M/ W LayerNorm (-'-Iﬁ f 8 Key Mad/
. T - Variate-wise
/MA‘/\/\ (2] - £ ' Attention /M\A\/\/\
‘:ﬁ Feed-Forward Cross-Attention - EII1C_
] X
: : L — U !
Multiple Variates Variate Tokens LayerNorm ﬁ ' Query DN

1. :

1

- Forward to |
Cross-Attent

ross-Attention the Next Layer |

Exogenous Input = Embedding 1 4|__f 1

‘ (c) Endogenous Self-Attention \
@ Endogenous Series Embedding . > Temporal-wise AN
conca *

aa Attention
. e Key
Input Series pandom-initialized (a1 ﬁ - — t

|6 | Self-Attention

LayerNorm

NN Global Token |
: : | S | [ Self-Attention ] - b
I} BV
s ¢ 'l Embedding ' N ‘ »
|
Non-overlap Patches 154 T ﬁ ' Query T

Endogenous Input

v’ Self-Attention to capture temporal correlations among endogenous information.



Parallel computing for multivariate forecasting

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

being exogenous, and uses a shared TimeXer backbone.

Channel
Independence

.
.
.
.
.
.
.
.
.
.
.
.
+*
“““
. *
.
.
.
.
.
.
.
.
.
.
.
.
o4
-

auogoeg
Jaxawl |

—> Endogenous e > Exogenous
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Some showcases

(a) Wind power (Exogenous) (b) Ampirion zonal load (Exogenous) (c) TimeXer (PastEx, PastEn)

—— GroundTruth —— GroundTruth —— GroundTruth
0.2 5 ——— Prediction
1.0 A
4 -
0.0 |
0.5 A 3
-0.2 A 5
0.0 1
—0.4 1 1
—0.51
0 4
_06 -
~1.0 -14
_08 4
_2 4
100 125 150

-15

0 25 50 75 100 125 150 175 200 0 25 50 75 175 200 0 25 50 75 100 125 150 175 200

(d) TimeXer (PastEx, None) (e) TimeXer (None, PastEn) (f) TimeXer (Past+FutureEx, PastEN)

5 — Grou.nd.Truth 5 — Grou.nleruth 5 | —_— Grou.nleruth
—— Prediction —— Prediction —— Prediction
4 4 1 4
3 A 31 3
24 2 >
14 14 1
0 04 0 -
-1 -14 -1
-2 -2 -2
(') 2'5 5I0 7‘5 l(I)O liS 15'30 1;5 200 (I) 2'5 5'0 7I5 1(‘)0 155 1_‘%0 195 200 (‘) 2|5 5|0 7'5 1(I)0 léS 1%0 1%5 200



Attention Map analysis

Endogenous Variable ] Exogenous Variable 10
4 CO2-Concentration Attention Air Density
2

ot

Highly related

0 20 40 60 80
Exogenous Variable 12
A Maximum Wind Velocity

Value

Less related

\ 4

0 20 40 60 80 0 20 40 60 80
Time Time

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
53



The modern way to do so...

4 )
/| ——
/ ‘ V-Tokens \ Timestep
/ Scale 4“—2
Noise D // - 4 ) |
Pointwi
32x iz x4  32x iz x 4 // Foose Layer Norm MLP
N / ! . Y2 7ﬁ2 ‘
Linear and Reshape Scale, Shift ~ +—=——=
1 / ] 'N Self-Attention
/ ayer Norm
Layer Norm / |
: / > Layer Norm
N x DiT Block BN C1 | 2 V <
.I S — Cross-Attention

I I \ Multi-Head =

Patchify Embed \\ Self-Attention ~ ‘
| B

I | \\ Scale, Shift ﬂ Layer Norm

. \ !
Noised Timestep t \ Layer Norm MLP ‘
Latent ! N | FEN
32x32x4 Label y \_ Input Tokens Conditioning ) N X

N | y
Latent Diffusion Transformer DiT Block with adaLN-Zero v
DiT [Peebles et al., ICCV 2023] Wan 2.1 [Wan Team, Alibaba Group, arXiv 2025]
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Lifted Framework in Dynamical Systems (Time Series)

p(x|z) ------------- Large-scale Pre-training — Some Discussion

* Omit the shared conditional variables, such as past observations.
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Part 3. Time Series Foundation Models

iTransformer () Transformer i _} Others % Toto 1.0
0 Time Series Foundation Model APD| ORDATADOG N){ /\||_
( X
PatchTST = Deep Time Series Model re—=b-——y
(u5 Time-MoE TabPFN-TS I TiRex I
;_______l l_ L___.I.___.l
DLinear Y=
e g adWs Chronos Chronos-Bolt Chronos 2
R — o I |
| TimesNet 5
B Google | Timesrm TimesFM 2 TimesFM 2.5
I | |
:_ I_nffr;nfr_ L LUl Moirai Moirai-MoE Moirai 2.0
N-BEATS Timer Timer-XL Sundial
S
L ( 2024 ) ‘ ‘ (_ 2025 ) ‘

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



A large design space

Sundial Time-MoE Timer-XL. Moirai MOMENT LLMTime Chronos Lag-Llama TimesFM

Method
(Ours) (2024b) (2024a) (2024) (2024) (2024)  (2024) (2023) (2023b)

Architecture Decoder Decoder Decoder Encoder Encoder Decoder EncDec Decoder Decoder

32M 113M 84M 14M 40M - 46M 200M 17M

Model Size 128M 453M 91M 125M 200M 70M
444M 2.4B 311M 385M 710M 200M

Pre-training Scale| 1032B 300B 260B 231B 1.13B - 84B 0.36B 100B
Token Level Patch Point Patch Patch Patch Point Point Point Patch

Tokenization Continuous Continuous Continuous Continuous Continuous Discrete Discrete  Continuous Continuous

Context Length | <2880 <4096 <2880 <5000 =512 - <512 <1024 <512

Probabilistic True False False True False True True True False

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

DOO® -

o e . —— - ——- —

; S
|  Autoregression

— e - . - e - - o d
( Token Projection )

Trm Blocks
(Causal masking)

Predicted
Projection Tokens
( Global lookback )
( Flattening ) Token
=il

Trm Blocks
(No masking)
Tokens
Encoder-only Pipeline

Decoder-only (Timer)

[Timer, ICML 2024] Tsinghua University
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Some early explorations

Predicted

Projection Tokens . TAat;r;gFe:sign. -J
( Global lookback )
[ Flattening ) Token ( Token Projection ]

QOO@E Umds] OOOO®

Trm Blocks Trm Blocks
(No masking) (Causal masking)

Tokens

Encoder-only Pipeline Decoder-only (Timer)

[Timer, ICML 2024] Tsinghua University

Pr— S | 1m0 810 0] 2 e e e T | saTagh ST iere e e .
: e (same
: Residual Block network)

........... Nioios s aniun saesp Eunininss pLun Kes s nnsn ol o naaw IRMEs S0 SORRE ORI 00 | SARRR IR S e
AL AR B A S I U A S I N
\ x num_layers

Transformer
Causal Self-Attention (SA)

(same :
network) :
| e ke i 1 ) e A R R S S 1
1 1 1 r n 1
1 N \ | | 1
1 1 ! 1 I 1
1 1 if, ] 1
[ 1 1 1 1
input_patch_len=32 M
Anput_patch_‘Lens. output_patch_len=128

[TimesFM, ICML 2024] Google
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Some early explorations

Predicted
Projection Tokens
( Global lookback )
( Flattening ) Token
=il

Trm Blocks
(No masking)
Tokens
Encoder-only Pipeline

DOO® -

- —— - —— - —

; S
|  Autoregression

— e - . - e - - o d

( Token Projection )

Trm Blocks
(Causal masking)

Decoder-only (Timer)

[Timer, ICML 2024] Tsinghua University

Rl (same
Residual Block network)

“eenissen]ee Vissanssosssnsossssesvas]es Vonianidsssspenssarsine | soanssansen e s snhans e v wnmn s sl sk sy .

Lpaigesiiiiiiiiiiiiiiiiiiiiilll PRAAAAAAAASAAAALAAAAAAA SRR RSP P PSP LRSS DRSS S 44
\

X nmﬁ_'_-layers

Transformer
Causal Self-Attention (SA)

(same :
network) :

_______________________________

input_patch_len=32

v
output_patch_len=128

[TimesFM, ICML 2024] Google

Output
Patch 1

Output
Patch 2

Scheduling

i

[ Multi-resolution ]
(0]

——————— — ‘
Causal Attention
| Output Token | = 1 .
: Embeddings |® AN RMSNorm ]“
t | \
\
| / \ | Input Layer ] \
| [Smsh] [ —
| L_FEN : 1 Xyp
| ’\/_/‘ | (rrnneEine
| Time Series Tokens |

— — — — — — — —

[Time-MOE, ICLR 2025] Bytedance
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2.4B model trained from 300B time points
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Recap Intelligence: A close look at LLMs

Output

Frobabities Why does a Transformer activate “intelligence”?

1. Architectural aspect

(. \
Add & Norm

Fecd - Encoder

Forward

N i:
| —— - Decoder

Feed Attention

Forward T 7 N x
— ]
Add & Norm
Nx

f—>| Add & Norm l Masked

Multi-Head Multi-Head
Attention Attention
4 LN S
— J \ —
Positional Positional
Encodi ? & '
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Vaswani et al., Attention Is All You Need. NeurlIPS 2017



A close look at LLMs

Output

Frobabilties Why does a Transformer activate “intelligence”?
1. Architectural aspect
((AdgaNom ) |
Fg:/(vfrd - EnCOder
~\ i:
(~Gsamm) | | | s - Decoder
Fc'):r?/\?:rd ) Att(j\tlon N x
o | 1 The decoder-only architecture.
Multi-Head Multi-Head
Attention Attention H H
I The next-token prediction task.
\_ J \_ _J)
Positional ositiona
Egcs;oginz D & Encédingl
Em'é,‘e;d“;ng En?b“ié’;‘ng Physics of Language Models
Inputs Outputs
(shifted right)

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



A close look at LLMs: Recent evidence

Why does a Transformer activate “intelligence”?

Prompt Response
=< t=17] : .
An encoder-only diffusion model can also

i e = U U s be a powerful LLM.
i | | 5
' : | @
: Mask predictor | 3 .
| L2 Fhe-decoder-only-architecture:
| Vo Vil &
1 : oD
: L e
! Remask LI H | X
o mmeedg B

I t=0w

Nie et al., Large Language Diffusion Models. NeurlPS 2025
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A close look at LLMs: Beyond architecture

Output
Probabilities

r
Add & Norm
Feed
Forward
e | ~\ | Add & Norm I::
ARlel N Mult-Head
Feed Attention
Forward 7 7 Nx
— ]
Add & Norm
f—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At At
] J \_ — )
Positional @_@ ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Vo |

— o e e e e e e e e e e e e e e e -

Y
dajs ajeipawiLBlul Uy
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[

Output
Probabilities

] Probabilistic Decoding

r
Add & Norm
Feed
Forward
4 | \ | Add & Norm I::
ARlel N Mult-Head
Feed Attention
Forward 7 7 Nx
 —
N Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
At At
] J \_ — )
Positional @_@ ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

A close look at LLMs: Beyond architecture

Prompt Response

Vo |

—— e e e e e e e e e e e e e e e e e e =

1 -

dajs ajeipawiLBlul Uy
|
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Intelligence: Encoding + Probabilistic decoding

Context

Probabilistic
Encoder

Decoding

]_

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

Encoding + Probabilistic decoding

— NASD:NVDA

Zoom Im 3m 6m YTD 1y All

2016 2018

0
2020 2022

From  Dec 31,2021 To  Jan3,2025

2024

2026

Data manifold

Context feature

Context
Encoder

[

Probabilistic
Decoding

]_

(out of the manifold due to imperfect information)

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

Data manifold

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

Context
Encoder

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

Encoding + Probabilistic decoding

[

Probabilistic
Decoding

W
1 S
My

Probabilistic Decoding: adopt sampling to project back to the manifold
(sample a word in LLM or denoise an image)
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Mainstream players 1 - Moirai / Moirai-MOE

Mixed distribution parameters Lpred = — logp(mt_|_1| qg), $ = fg (mt—l+1:t)
| |
. . / _________ \
ponsi (o) oo ) (o) | g (Caowe ) [
FFN 2
I I
[ Transformer ] [ Transformer

R
-IIE-?rI(g:dding O e [s] [5] [e]

Multi Input

Projection [Mom'hly] Daily Hourly ]

WA

[Moirai, ICML 2024]

?
E?rIl(s:dding ! !

Single Input
Projection All Data

[ Gating Function ]

f

[ Self Attention ]
N A

)
I
I
I
I
I
I
I
I
I
I
I
I

A

[Moirai-MOE, arXiv 2024]

salesforce
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Mainstream players 1 - Moirai 2.0 salesforce

r y .
: : Input Predicted  Ground E
E 1 ¢ NXx Series Quantiles Truth
i ] 1
i ' 1

_________ RMS Norm -y /W d
v 0 £ Quantile

Projection Food £ ) Loss E i
(Residual Block) eeé GLOJWar \/ :
+ % . patch 1 patch 2 patch 3

patch 1 patch 2 patch 3

/N N\

/\/\ Input Time Series

[Moirai 2.0, arXiv 2026]

Autar:g:te"s:ive T o No ground-truth quantile labels required.

E Decoding (4) RMS N ® Target value compared to all predicted quantiles. MASK

: v orm e Enforces correct quantile ordering and spacing. -

; — O E !
: escaling 9 Rotary 4 : :
: ¢ Positional ) RN ;
| Encodings : 1 H+—> MOIRAI 2 1 (—)
' Predicted T 9 Beseeeees N\ ) Samr;!lca 9 :
; Quantiles ' @ @ ?:)?2 {hees ;
' Self-Attention ' J predictive q2 '
7 distribution
s £ B QU KU v e el |1 ee9 |
| T T T | /\/\—> MOIRAI 2 aSs — E
Ground I }'
E Truth E E
' RMS Norm ' :
! : R :
' ' q9 » MOIRAI 2 '
: . Random . Projection ! _\-i, :
: Patching |» Mask (3) » | Scaling |» (Residual Block) : A ) )
5 A E 5



Mainstream players 1 - Moirai 2.0 salesforce

r y .
: : Input Predicted  Ground E
E 1 ¢ NXx Series Quantiles Truth
i ] 1
i ' 1

_________ RMS Norm -y W d
v 0 £ Quantile

Projection Food £ ) Loss E i
(Residual Block) ee GLOJWar \/ :
+ % . patch 1 patch 2 patch 3

patch 1 patch 2 patch 3

/N N\

/\/\ Input Time Series

[Moirai 2.0, arXiv 2026]

Autar:g:te"s:ive T e No ground-truth quantile labels required.

E Decoding (4) RMS N ® Target value compared to all predicted quantiles. MASK

‘ v orm e Enforces correct quantile ordering and spacing. -

; — O E !
: escaling 9 Rotary 4 : :
: ¢ Positional ! —_— RN ;
' i } I R —
' Encodings 1 1 MOIRAI 2 1" .
VN ! i o ] e (@)
: Quantiles ; |
: Self-Attention i @ @ ;::g;cttri]\fe 92 :
- distribution
; L (L)uan?; QU KO v ' {911 ... 999} |
' 0SS : q19 |
: T T T : /\_/ V> |MOIRAI 2 =y :
Ground | }_
E Truth E E
. RMS Norm ' :
Random Projection I @ > MOIRAI 2

: Patchlng ) Mask (3) ) Sca"ng ) (Residual Block) : A J

LA ! \



Mainstream players 2 - TimesFM 2.0 / 2.5 Go gle

Leresenae Leseeonesossnsroernssncannd Mececescsaccaccacsacsancanofoseascsscsacasvsanssscsscassssnsscssncsnssssssafesssasssscssnssne .
f . (same
: Residual Block network):
.‘. \ :

Transformer
Causal Self-Attention (SA)

\‘ Forward
v Network

(same

——————————————

input_patch_ len=32

v
output_patch_len=128

[TimesFM, ICML 2024] Google Keep scaling up training data and context length



Mainstream players 3 - Sundial

Tokenization Transformer TimeFlow Loss
il ( Nx) (1] [ )
X
e Inference Step k
RoPE J— |
(0) (kAt) (1)
o @ =y VoL e T
£ Q 4 c Z ™ T T
— 5> E 2> 2= -3 & — | 3 Noise Patch
z| 4 & 83 £ B —
K I3 N N Velocity
o - X Condition
L o i > Flow-Matching Network €—»Y;
e | — N—’ cee h’i/ b
— t
N Training Time & NoiseI y,g ) GoundTruth
— — N\ / ~ ) \. J

[Sundial, ICML 2025] Tsinghua University 400M model trained from 1T time points



Mainstream players 3 - Timer-S1

$

-

TimeMoE (:-D:

[ Mixture-of-Experts j

[ Pre-RMSNorm J

A

-

e

QK-Norm &
TimeAttention

i

1

Pre-RMSNorm

A

TimeSTP
b

[N +1 J [N +2:
shifted by one token

~

-

TimeMoE

~

S

\

Linear Projection

~

v

A

\.

Token-Wise Concat.

I

-

RMSNormJ

\

~

g
KFlMSNorm

/

/

\.

from initial input

from preceding block

[Timer-S1, arXiv 2026] Tsinghua University + Bytedance

i f \
Timer-S1 ¢ --- )
2 ™ N+3
/’[ TimeSTP Block 2 ] (%’
! :'Cé —> N+2
~( TimesTPBlock1 ) | £
4 A Q
€ = N+1
NE:
@ TimeMoE Blocks | | G | preded
embeddings patches
[ Patch Embedding j
1
[ Re-Norm W, o
|
1 2 3 -== N inputpatches

8B model from 1T time points
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Mainstream players 4 - Chronos amazon

Time Series Tokenization Training Inference
Historical Time Series Context Tokens Context Tokens
EEEEE | EEEEEH
ﬁ \4 y
® - \
é l Time Series Time Series
Language Model Language Model
. J
F L ! !
2 o 8 B ef|
E 8= E‘g 2350 ---|2283 .+ | 2320
JU LTI §§‘|||.|I|I|||I|.|||, ] | e :
- 58 se |
v oI5 ik /
°is 2 8
A §§
. 2350 iz
Context Tokens Heoren® Probabilistic Forecast

[Chronos, TMLR 2024] Amazon ~ 710M model trained from 84B time points
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Mainstream players 4 - Chronos-2

amazon
~—

INPUT TOKENIZATION TRANSFORMER STACK FORECAST
T —  ——r==—=======7q N ~ N
TARGET(S) #1 TN | - = o — %’ - 5 ——
1 N : . -‘ g m " § r$1 c m S c P :
KNOWN COVARIATE #1 I il i b - T 1 7 ; 3 - > ; - é &
= - J— » | @ Q E = = 3 % - Q| 777*
TARGET(S) #2 /‘/\/_”/\ ____________ i g E' g g g § =2 = % :
e — el EB ) 2 e B P =
KNOWN COVARIATE #2 I \/\f_"\/\,,/" ) ’ L L L @ ) = J L=z )L 3 ‘
HISTORY FUTURE xN
META FEATURES PATCHING PATCH EMBEDDING
TimeSeries .~ ~_/ ? s /C _____________ Time Series [\/— ] \
Time Index // Q | k Time Index [/] 7 O
Mask | = e I e Wikal [—] /

'\/\_ > ’\./\ J/-—’ ’\»\‘

[Chronos-2, arXiv 2025] Amazon

TOKENIZATION
120M model trained from synthetic + real data
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Which model is in the right way in my opinion

A probabilistic decoding head; Quantile prediction is only a metric, not a target.

iTransformer

PatchTST

: DLinear

_—r—_-

I
TimesNet

--—r---

Informer

_—_r—_-

N-BEATS

O Transformer f_:‘ Others Toto 1.0
Time Series Foundation Model DATRDOS
o HAPRIOR NX/\I|_
= Deep Time Series Model Fem——b=-——
(l-;-) Time-MoE TabPFN-TS I TiRex I
l— .I. P——
L
8 aWS Chronos Chronos-Bolt Chronos 2
(3 | |
c
2 Google [ TimesFm TimesFM 2 TimesFM 2.5
f -
z I I
L Moirai Moirai-MoE Moirai 2.0
Timer Timer-XL Sundial
( 2024 ) ‘ ‘ ( 2025 ) ‘
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Does the TSFM exist or not?

p(X|z) Pre-training is to learn the underlying structure of data, namely, z.

@ Synt{retic @

Finance

D

Climate
Augmentation [Sundial, ICML 2025]

Modeling everything = Modeling nothing.
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Does the TSFM exist or not?

p(X|z) Pre-training is to learn the underlying structure of data, namely, z.

Modeling everything = Modeling nothing.

p(xX|z, domain)

Optional
® w

Finance

D

Climate
Augmentation [Sundial, ICML 2025]

Modeling domain-specific knowledge.
At least the domain info should be given.
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The “right” way of TSFM in my opinion

v A diffusion model.

In general, a diffusion model is easier to

train than an autoregressive model.

v" A conditional generation framework;

v Incorporate additional information,
such as covariate and language

instructions.
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The “right” way of TSFM in my opinion

0) Step k (1 ¢ _
D_. _.C]_. »D 25
v" A diffusion model. Velocity 8~
— >
. . . . . Flow Matching Outputs
In general, a diffusion model is easier to [ Projection P
1 x L x DiTS Blocks
train than an autoregressive model. , .
Multimodal Diffusion Transformer
v" A conditional generation framework; T« Tc y
. . . PatchEmbed, PatchEmbed. MLPcon
v’ Incorporate additional information, stchEmbed. | (__PatchEmbe !
such as covariate and language
. . -
instructions.
N(@0,I) ~| Noise Timestep £
Endogenous Variate Exogenous Variates

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



Lifted Framework in Dynamical Systems (Time Series)

p(x) —----m----- Vanilla Time Series Forecasting

p(X, Xlong—term) —————— Long-term Forecasting — Autoformer
p(X,ex)-=-=----------: Forecasting with Exogenous Variables — TimeXer
p(x|z) ------------- Large-scale Pre-training — Some Discussion

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



What’s next of time series forecasting

Stage 1: From Statistics/Theories to Deep Models

Holt-Winter ARIMA DeepAR TFT Prophet N-BEATS Informer N
1960 1982 2017 2018 2018 2019 2021
Stage 2: Unlocking the Capability of Deep Models
Autoformer RevIN PatchTST DLinear TiDE TimesNet iTransformer
>
2021 2022 2022 2022 2023 2024 2024
Stage 3: Towards Time Series Foundation Models
LaglLlama TimesFM Time-LLM Moment Moirai Chronos Sundial . ?
2024 2024 2024 2024 2024 2024 2025 ®

Not exhaustive. Additional important works, while not enumerated, remain integral to the process.

https://cloud.tsinghua.edu.cn/f/8d526337afde465e87c9/
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Multimodal model for world simulator

IDEAS ° -

Spatial Intelligence Is Al's
Next Frontier

ADD TIME ON GOOGLE

by Fei-Fei Li

Li is co-director of Stanford’s Human-Centered Al Institute and
co-founder CEO of World Labs

Unlock world understanding Anticipate what’s next
V-JEPA 2 delivers exceptional motion understanding as well V-JEPA 2 can make predictions about how the world will
DEC 11,2025 7:52 AMET as leading visual reasoning capabilities when combined with evolve, setting a new state-of-the-art in anticipating actions
language modeling. from contextual cues.
Language + 3D scene Language + Interaction
I
By Prof. FeiFei Li By Prof. Yann LeCun
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Takeaways

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

ByteDance

bl ZTiRkE

D3I ER F
ANT GROUP

Mingsheng Long  Jianmin Wang Wojciech Matusik

Jiaxiang Dong Yong Liu Tengge Hu Yuxuan Wang Yuezhou Ma Haoran Zhang

86



H

World Simulators

Toward Intelligent Dynamical System Simulation

Haixu Wu

MIT CSAIL
May 11, 2026



