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Time Series Founda/on Models: 
From Forecas/ng to Reasoning



What This Tutorial Covers
TU TO R I A L  ·  R O A D M A P

Four parts: from foundations to a full temporal decision stack

PART I
Foundations of Temporal AI
Time series as partial observations of dynamical 
systems — and how to evaluate models beyond 
average error.

PART I I
Sixty Years of Temporal Modeling
Classical, deep, and pretrained approaches — 
and the reliability gap they leave open.

PART I I I
Building Temporal Foundation Models
Four hands-on modules: representation, 
generation, physical grounding, and 
orchestration.

PART IV
Closing: Toward Decision Intelligence
What we solved, what remains open, and why it 
matters for real-world decision systems.



Founda'ons of Temporal AI

TU TO R I A L  ·  P A R T  I

Everything you need before we build: data, metrics, and the core paradox

01
Temporal Data & 
Dynamics
Time series as incomplete 
observations of evolving 
systems.

02
Evaluation & Reliability
Beyond average error: 
calibration, sharpness, and 
decision utility.

03
The Foundation-Model 
Promise
Why temporal FMs need 
different interfaces than LLMs.



AI is Everywhere: From Daily Life to Science
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AI s:ll Lacks a Founda:on Model for Dynamic Systems
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Intelligence without temporal understanding is incomplete.

～90% of all data has a temporal or time-stamped.

Solved 
Era

Frontier
The next fron+er of AI 

"What is it?" → "How does it change?"



What Is a Time Series?

DEFINITION

x1:T	=	(	x1,	x2,	…	,	xT	)
xt	∈	ℝd  — observations indexed by time

THREE COMMON SHAPES

Univariate / Multivariate

Panel / Collection of series

Spatio-temporal & Event streams

Key takeaway — a time series is a partial 
observation of a changing system.

1 · Univariate curve 2 · Multi-channel

3 · Spatio-temporal graph 4 · Irregular events

sensors linked on a 
network

arrivals at arbitrary times

Hamilton (1994), Time Series Analysis · Hyndman & Athanasopoulos (2021), Forecasting: Principles and Practice 6



F R O M  I N T U I T I O N  T O  N O T A T I O N

A time series is a partial observation of a changing 
system.

CHANGING SYSTEM — HIDDEN

state		zt  evolves in time
we sample it

OBSERVATIONS — WHAT WE 
SEEx1,	x2,	…	,	xT

Next: just enough notation to state the tasks precisely — forecast · impute · detect

Hyndman & Athanasopoulos (2021) · Durbin & Koopman (2012), Time Series Analysis by State Space Methods 7



Early detection of physiological shifts saves lives.

Trillions
Economic value tied to 
forecasting.

Human Health & Bio-Signals

Millions

Why Temporal  AI Ma;ers
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Trillions
Economic value tied to 
forecasting.

Accurate forecasting protects billions from grid failure and 
extreme events.

Climate & Energy

Seconds

Millions
Heterogeneous sensors 
generating temporal data.

Why Temporal  AI Matters

Human Health & Bio-Signals
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Climate & Energy

Seconds

Millions
Heterogeneous sensors 
generating temporal data.

Why Temporal  AI Matters
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Temporal models accelerate rare event detection from years to 
months.

Fundamental Science Discovery Seconds
Decisions that must be made 
in real time.

Human Health & Bio-Signals
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Temporal AI underpins Decisions in Health, Climate, and Science
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Fundamental Science Discovery

Trillions
Economic value tied to 
forecasting.

Seconds
Decisions that must be made 
in real time.

Millions
Heterogeneous sensors 
generating temporal data.Climate & Energy

Human Health & Bio-Signals

Temporal intelligence is the backbone of dynamic decision-making.



Real Temporal Data Are Messy by Default

TYPE 01

Regular grid

fixed sampling interval

benchmark default

TYPE 02

Missing values

scheduled samples never 
arrive

needs imputation

TYPE 03

Irregular gaps

uneven spacing between 
samples

continuous-time models

TYPE 04

Asynchronous

channels sampled at 
different times

needs alignment

Core premise — missingness, irregularity and misalignment are part of the inference problem, not a 
preprocessing chore.

Che et al. (2018), GRU-D · Cao et al. (2018), BRITS: Bidirectional Recurrent Imputation for Time Series 13



ForecasBng Setup

x̂t+1	:	t+H		=		fθ	(	xt−L+1	:	t	)

past window · L steps

fθ

forecast horizon · H steps

STRATEGY 01

One-step
Predict only the next value — the 
H = 1 special case.

STRATEGY 02

Recursive
Feed each prediction back as 
input — errors can accumulate.

STRATEGY 03

Direct / seq-to-seq
Emit the entire H-step horizon in 
one forward pass.

Hyndman & Athanasopoulos (2021) · Salinas et al. (2020), DeepAR: Probabilistic Forecasting with Autoregressive Recurrent Networks 14



MulBvariate Series + Exogenous Context

TARGET CHANNELS

X	∈	ℝ	T×C

rows = time · cols = channels

STATIC METADATA

sensor ID · location · store 
tier (time-invariant)

DYNAMIC 
COVARIATES
calendar · weather · 
known future inputs

TEXT CONTEXT

reports · news · policy 
notes

EVENT CONTEXT

alerts · holidays · 
interventions

The same numeric spike can mean failure, anomaly, or a planned change — context disambiguates.

Salinas et al. (2020), DeepAR · Lim et al. (2021), Temporal Fusion Transformers for Interpretable Multi-horizon Forecasting 15



Imputation: Sensor Dropout → Reconstruction
F I LL  THE GAPS,  CONDI T I ONAL L Y

1 Sensors drop out
feeds cut out asynchronously — gaps appear 
mid-stream

2 Reconstruct conditionally
use temporal past & future plus correlated 
channels

3 Decisions can't wait
the system keeps operating despite 
unobserved segments

CHANNELS × TIME

x̂miss		∼		p	(	xmiss	∣	xobs	)

Demand

Wind

Solar

Temp

observed dropout reconstructed

Missingness is an inference problem — reconstruct from joint dynamics, don't interpolate blindly.

Cao et al. (2018), BRITS · Che et al. (2018), GRU-D · Durbin & Koopman (2012) 16



Anomaly Detection: Failure or Regime Shift?

THE QUEST I ON

Is this segment inconsistent with the 
system's learned dynamics?

Many explanations
failure · weather · holiday · curtailment

Generative check
reconstruct the window under normal dynamics

st	=	distance	(xt		x̂t	)		st	>	τ	⇒	&lag

OBSERVED VS RECONSTRUCTED NORMAL

deviation

observed reconstructed normal

Large deviation flags a candidate — context decides: failure, or a new regime.

Durbin & Koopman (2012), Time Series Analysis by State Space Methods · Hamilton (1994) 17



Naive Sequence View vs. Dynamic-System View

Naive sequence view

Flat 1D arrays
evenly spaced grids of scalar values

Local extrapolation
projects from window statistics alone

Point-error objective
MSE/MAE collapses multimodal uncertainty

Dynamic-system view

Partial, noisy projections
of a latent evolving state (Kalman, 1960)

Native to messy sampling
irregular, missing & asynchronous data

Governed by dynamics
respects the system generating the data

V S

Core insight — time series are incomplete observations of underlying dynamics, not just flat numbers.

Kalman (1960), A New Approach to Linear Filtering and Prediction Problems · Hamilton (1994), Time Series Analysis 18



Latent Dynamics & ObservaBon Models

LATENT ST AT E TRANSI T I ON

zt+1	=	f	(	zt	)	+	ηt

OBSERVAT I ON PROCESS

xt	=	h	(	zt	)	+	εt

z hidden state · f transition · η process noise
h measurement map · ε observation noise

GRAPHICAL MODEL — MARKOV CHAIN

zt−1 zt zt+1

xt−1 xt xt+1

hidden

observed

Takeaway — temporal modeling is reasoning under incomplete observation of an evolving hidden 
system.

Kalman (1960), A New Approach to Linear Filtering and Prediction Problems · Durbin & Koopman (2012), Time Series Analysis by State Space Methods 19



EvaluaBon is a Modeling Choice, not an ASerthought

What you measure decides which model looks "best."

Point error

• MAE / RMSE: one number
• Hides when it fails
• Blind to uncertainty

Distributional

• CRPS scores whole forecast
• Rewards honest spread
• Closer to decisions

The lesson

• Pick metric before model
• Match it to the decision
• Low average ≠ reliable



Deterministic Forecasting Metrics

Point Forecast Setup

A determinis+c model outputs a single 
predicted scalar trajectory value: 

Point projections summarize temporal 
patterns as single mean or median 
values.

Metrics encode preferences.
Every metric choice privileges one 
error type over another.

ŷ_t

Metric What It Rewards Primary Failure Mode

MAE Robust absolute accuracy; median 
trajectory.

Ignores forecast 
uncertainty & variance.

MSE/RMSE Penalizes large deviations; 
estimates the mean.

Extremely sensitive to 
localized outliers.

MAPE Scale-invariant percentage 
comparison.

Highly unstable when true 
values near zero.

sMAPE Symmetric relative percentage 
bounds.

Still problematic for tiny 
near-zero readings.

MASE Cross-series comparison via 
seasonal baseline.

Heavily dependent on 
seasonal baseline choice.

Hyndman, Rob J., and Anne B. Koehler. "Another Look at Measures of Forecast Accuracy." 2006.



Probabilistic Forecasting Metrics
Probabilistic Output Distribution Model

Observed Context (x_{1:t}) Generated Mul:-path Uncertainty Density: p(y_{t+1:t+H} | x_{1:t})

METRIC 01

Nega%ve Log-Likelihood

How much probability density 
the model assigns to the 
actually observed outcomes.
Density Assessment (NLL)

METRIC 02

CRPS

Generalizes MAE to full 
predictive distributions via a 
strictly proper score.
Strictly Proper Score

METRIC 03

Quantile Loss

Evaluates targeted quantiles 
(P10 / P50 / P90) for 
asymmetric risk decisions.
Asymmetric Risk Lines

METRIC 04

Interval Coverage

Checks whether predic;on 
intervals bound true outcomes 
at the promised rates.
Calibration Assessment

Gneiting, Tilmann, and Adrian E. Raftery. "Strictly Proper Scoring Rules, Prediction, and Estimation." 2007. | Matheson, James E., and Robert L. Winkler. "Scoring Rules for Continuous Probability Distributions." 
1976.



Scale and Outlier Sensitivity

Why Data Scale Ma5ers

A 10-unit error means very different things for grid 
load (MW) vs. room temperature (°C).

Scale-dependent metrics (MSE/MAE) favor high-
magnitude series, skewing cross-domain rankings.

Fair benchmarking needs scaled metrics like MASE to 
compare across domains.

Scale Rule: scale-dependent metrics hide weak 
generalization on small series.

Magnitude Inequity

Scale Bias

Cross-Domain Evaluation

MAE vs. MSE Outlier SensiHvity

Toy Example: Vector of Absolute Errors

Errors = [1, 1, 1, 10]

MAE (L1 - Linear)

3.25
MSE (L2 - Quadra4c)

25.75

MAE scales linearly with error, giving robust, outlier-tolerant 
fits to the median.
MSE/RMSE scales quadra+cally — a single extreme outlier dominates the 
op+miza+on.

Outlier Consequence: MSE models trade normal-step 
accuracy to cushion rare outliers.

Hyndman, Rob J., and Anne B. Koehler. "Another Look at Measures of Forecast Accuracy." 2006.



Calibration and Sharpness

Overconfident

Sharp intervals that miss the promised 
coverage frequency.

Uncalibrated & Unreliable

Defect 01

Underconfident

Intervals so wide they cover 
everything but guide no decision.

High Coverage & Low Sharpness

Defect 02

Calibrated & Sharp

Narrow intervals that sLll hit their 
promised coverage (80% covers 80%).

Reliable & Informative

Optimal Setup

Core Premise: reliable uncertainty needs both calibra5on and sharpness.

Gnei%ng, Tilmann, Fadoua Balabdaoui, and Adrian E. Ra8ery. "Probabilis%c Forecasts, Calibra%on and Sharpness." 2007.



Metric Mismatch vs. Decision U2lity

The Operational Pipeline

The Mismatch Gap: when objective ≠ metric ≠ 
utility, point metrics drive poor decisions.

1. Training ObjecAve Loss Minimization (MSE)

2. Evaluation Metric Benchmark Ranking (sMAPE)

3. Decision UAlity Real-world Consequence

Operational Decision Mismatches

Calibrated patient-risk estimates matter far more than 
raw vital-sign accuracy.

UnderesLmaLng peak load causes grid failure—an 
asymmetric loss MSE ignores.

Assessing tail-risk probability beats optimizing flat mean trajectories.

Actionable Intelligence: evaluate predictions in the 
context of the decisions they drive.

ICU / Medical DiagnosHcs

Energy Demand Planning

Financial Risk Management

Gneiting, Tilmann, and Adrian E. Raftery. "Strictly Proper Scoring Rules, Prediction, and Estimation." 2007. | Makridakis, S., Spiliotis, E., & Assimakopoulos, V. (2018). The M4 Competition.



Why Generalization in Temporal AI Remains Elusive

25

Health Care

The Solved 
Era

Regular 
Sample Correlation

The 
Frontier

Irregular 
Sample Physics

Climate Finance



Why Generalization in Temporal AI Remains Elusive
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Why Generalization in Temporal AI Remains Elusive
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Health Care

The Solved 
Era

Regular 
Sample Correlation Fixed Grid Perfection

The 
Frontier

Irregular 
Sample Physics Multi-

Resolution
Miss 

Values

Climate Finance Traffic



Why Generalization in Temporal AI Remains Elusive
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Health Care

The Solved 
Era

Regular 
Sample Correlation Fixed Grid Perfection Tokens

The 
Frontier

Irregular 
Sample Physics Multi-

Resolution
Miss 

Values Singles

Climate Finance Traffic Science



The Foundation Model Promise
Pre-trained time-series systems offer opportunities to move 
beyond single-domain, task-specific models

Broad Transferability

Reason across unseen domains, scales, and frequencies with 
little to no adaptation.

Unified Downstream Tasks

Handle forecasLng, imputaLon, anomaly detecLon, and 
synthesis under one interface.

General Prior Dynamics

Reuse temporal priors learned from massive multi-domain 
corpora.

FROM PRETRAINING TO ACTIONABILITY

1. Broad Pretraining

Acquiring temporal paCern priors across large-scale 
heterogeneous corpora.

2. Few-Shot / Zero-Shot Adaptation

Adapt to new sequences, frequencies, and horizons 
with minimal local updates.

3. Grounded Decision Support

Embed physical constraints for precise, trustworthy 
control acLons.

"Leveraging large-scale pretraining to construct generalized temporal representations."



Forecasting View: Predict Future Demand
Given the lookback window, how do we forecast 
load over the target horizon?

Lookback Context
Historic electricity demand, concurrent meteorological pa;erns, and calendar 

indicators.

Predictive Horizon
Extrapolating forward curves H steps into the unobserved future.

Grid Dispatch Decisions
Schedulers must evaluate multiple sampled trajectories to hedge against risk.

Main Takeaway

Operators require full trajectory distribuAons, not just point-wise staAsAcal 
averages.

Lookback Context vs. Predic@ve Horizon

Stochastic Trajectory Simulation



Constraint View: Plausible but Operationally Invalid
Problem: a trajectory can look statistically 
plausible yet violate physical limits.

Constraint QuesAon

Which plausible trajectories stay valid under 
operational limits?

Enforcing Operational Boundaries

Unconstrained Prior

Prior forecast violates generaFon limits.

Posterior Guided

Guided forecast strictly respects 
operational rules.

Physics-Informed Posterior Guidance

Physical Rules: generaLon caps, ramp rates, thermal limits, 
supply-demand conservaLon.

Posterior Refinement: steers the generative prior toward 
physical limits without retraining.



Orchestration View: Which Expert Should We Trust Today?

No single model wins every regime—robust 
deployment needs dynamic coordina5on.

Classical Seasonal Model: Excels under sta;onary, high-frequency baseline 
weekdays.

Deep Autoregressive: captures nonlinear, multivariate weather 
interactions.

Conditional Diffusion: simulates extreme profiles and high-
uncertainty storms.

Physics-Guided: handles grid-critical cases needing strict physical 
validity.

Agen]c Auditor: detects regime shiXs, resolves metric conflicts, 
updates trust scores.

Orchestration Question

How to select, combine, and explain experts under 
deployment shift?

Dynamic Expert Dispatch Matrix

Regime Best Model Selected Weight

Stationary Weekday 0.75

Extreme Temperature 0.80

Storm / High Uncertainty 0.90

Grid-Critical Peak 1.00

Transition: with this example in mind, we enter the first 
layer—representation.

TSOrchestra M ul/-Expert Coordina/on

ARIMA / ETS

TimesFM (GNN)

TimeDiT (Diffusion)

PINFDiT (Physics)



The core claim: TSFMs should be compositional inference systems.

THE INTELLECTUAL CLAIM OF THIS Tutorial

"Time-series foundation models should not be single universal forecasters; 
they should be designed as compositional inference systems that expose 
temporal structure, generate plausible trajectories, respect domain 
constraints, and orchestrate evidence under deployment shift."

1. Expose Structure

Decomposing raw observations 
into trend, seasonality, and 
residual components to align 
cleanly with pre-trained priors.

2. Generate Trajectories

Modeling joint probability 
distribu;ons over sequence 
spaces, unifying diverse 
downstream analysis tasks.

3. Respect Constraints

Refining unconstrained 
statistical samples by projecting 
predictions onto governing 
physical manifolds at inference 
time.

4. Orchestrate Evidence

Auditing validation errors and 
managing expert selections 
dynamically to preserve high 
faithfulness under deployment 
shifts.



Sixty Years of Temporal Modeling

TU TO R I A L  ·  P A R T  I I

A reading lens on the literature: three waves, and the gap they leave open

01
Classical Forecasting
ARIMA, ETS, state-space: 
strong per-series baselines with 
clear assumptions.

02
Deep Temporal Models
From RNNs to Transformers: 
architectures as representation 
interfaces.

03
Pretrained TSFMs
Transfer across domains — and 
why reliability remains 
unsolved.
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From Statistics to Intelligence: A 60-Year Journey

35

Sta)s)cal

ARIMA
Holt-Winters  

Linear
Assump=ons

Classical ML

SVM/RF
Kernels  

Deep Learning

RNN/CNN
LSTM

Specialized DL

GNN
Transformer

Founda)on Era

GPT-4/ Chronos
Diffusion

Non-Linear
Patterns

Sequential
Memory

Rela=onal
Structure

Zero-shot 
Generaliza=on

1960s                       1980s                         2000s                            2010s                             
2020s

22



R el a ted  Wo r k  i n  O n e V i ew

The field has Progressed, but the Pieces Remain Fragmented.

This motivates our four-layer stack.

Classical / 
Decomposi.on

Strong temporal structure, 
weak transfer across 
domains.

Deep / Transformer 
Models

Strong capacity, weak 
general inference.

Pretrained TSFMs

Strong zero-shot 
forecasLng, weak 
constraints and 
orchestraLon.

Generative / Physics / 
Agents

Promising pieces, not yet 
integrated.

23



R e l a t e d  W o r k :  C l a s s i c a l  F o r e c a s 4 n g

Classical Forecasting: Explicit Structure Before Scale

Autoregression

ARIMA

Encodes memory 
via lags, 
differencing, and 
residual terms.

Lag-dependent 
residuals

Exponential Smoothing

ETS Models

Separates level, 
trend, and 
seasonality for 
explicit projec0on.

Additive component 
math

Latent Systems

State-Space Models

Treats data as 
noisy glimpses of a 
latent state 
evolving over 
0me.

Uncertainty & 
filtering

Signal Deconstruction

DecomposiFon

Surfaces trend, 
seasonality, and 
residuals as 
structural anchors.

STL & classical 
windows

24



Deep  T em p o r a l  M o d el s  a s  R ep r es en ta t i o n  In ter f a ces

Deep Temporal Models: Capacity Through Interfaces

Recurrence

Memory Interface

Recurrent hidden states 
encode conLnuous 
Markovian memory.

Step-by-Step Recurrence

Local Neighborhoods

Convolutional

Convolutions capture local 
and dilated context 
without sequential steps.

Parallel Dilated Fields

Global Context

Attention/Token

Tokenizes series (points, 
patches, channels) to learn 
non-local relaLons.

Tokenized A\enAon

Interconnected Systems

Relational

Graphs model multivariate 
links, encoding physical 
topology.

SpaAo-Temporal Graphs

Core Premise: architecture choices are interface choices—capacity helps, but reliable inference needs structured protocols.

26



Oreshkin, B. N., et al. (2020). N-BEATS: Neural Basis Expansion Analysis for Interpretable Time Series ForecasFng. ICLR 2020. 26 / 61

R ep r es en ta t i ve  Wo r k

N-BEATS: Neural Basis Expansion Analysis for Interpretable Time Series Forecasting
Boris N. Oreshkin, Dmitri Carpov, Nicolas Chapados, and Yoshua Bengio — ICLR, 2020

Core Problem

How can neural nets forecast nonlinear series while keeping 
decomposable structure?

Key Idea / Methodology

Stacks backward/forward residuals with polynomial (trend) 
and harmonic (seasonal) bases.

Doubly Residual Block Stacking

The Temporal Interface

Learns trend and seasonality bases that map inputs to 
decodable projections.

Why It Matters for TSFMs

Neural forecasters hit SOTA precisely by adding structured 
temporal inducLve biases.

Neural Interpretable Basis

Remaining Gap

A forecasLng-only architecture—no generaLve adaptaLon or mulL-task condiLoning.

31



Wu, H., Xu, J., Wang, J., & Long, M. (2021). Autoformer: Decomposition Transformers with Auto-Correlation for Long-Term Series Forecasting. NeurIPS 2021. 27 / 61

R ep r es en ta t i ve  Wo r k

Autoformer: Decomposi)on Transformers with Auto-Correla)on for Long-Term 
Series Forecas)ng
Haixu Wu, Jiehui Xu, Jianmin Wang, and Mingsheng Long — NeurIPS, 2021

Core Problem

Can Transformers model long-range periodicity without 
a_enLon's cost and sca_er?

Key Idea / Methodology

Embeds decomposition blocks in each layer; swaps 
attention for FFT-based Auto-Correlation.

FFT-based Auto-Correlation

The Temporal Interface

Makes progressive decomposiLon a core internal layer of the 
sequence model.

Why It Matters for TSFMs

Classical decomposition stays valuable even inside large 
Transformers.

Transformer-Embedded DecomposiAon

Remaining Gap

Still a task-specific forecaster—no generative multi-task, zero-shot transfer, or constraints.

32



Zeng, A., Chen, M., Zhang, L., & Xu, Q. (2023). Are Transformers Effective for Time Series Forecasting? AAAI 2023. 28 / 61

R ep r es en ta t i ve  Wo r k

Are Transformers Effective for Time Series Forecasting?
Ailing Zeng, Muxi Chen, Lei Zhang, and Qiang Xu — AAAI, 2023

Core Problem

Are Transformers really needed for long-horizon 
forecasting, or can simpler models win?

Key Idea / Methodology

DLinear splits series into trend and seasonal parts, then 
maps each with one linear layer.

DecomposiAon + 1-Layer Linear Mapping

The Temporal Interface

A lean decomposition + scale-aware linear interface, no 
positional-encoding tricks.

Why It MaKers for TSFMs

The temporal interface oXen ma_ers more than backbone 
complexity.

Temporal Interface Dominance

Remaining Gap

Not pretrained, generative, or constraint-aware—can't join foundation-model workflows.
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Wu, Z., Pan, S., Long, G., Jiang, J., & Zhang, C. (2019). Graph WaveNet for Deep Spatial-Temporal Graph Modeling. IJCAI 2019. 39 / 61

Deep  R ep r es en ta Ao n  In ter f a ces  (8 / 8)

Graph WaveNet for Deep Spa)al-Temporal Graph Modeling
Zonghan Wu, Shirui Pan, Guodong Long, Jing Jiang, and Chengqi Zhang — IJCAI, 2019

Core Problem

How do we model spatial-temporal links when the graph is 
missing or wrong?

Key Idea / Methodology

Graph WaveNet learns an adaptive graph from data, 
stacked with dilated causal convolutions.

Adaptive Graph Learning + WaveNet Convolutions

The Temporal Interface

A learned relaLonal interface that infers variable coupling from 
observaLons.

Why It Matters for TSFMs

Relational structure can be discovered automatically, not hand-
specified.

Learned Latent Graph Topology

Remaining Gap

Still a localized forecaster—not a general multi-task pretraining paradigm.

42



Salinas, V., et al. (2020). DeepAR: ProbabilisFc ForecasFng with Autoregressive Recurrent Networks. IJF 2020. 32 / 61

Deep  R ep r es en ta t i o n  In ter f a ces

DeepAR: Probabilistic Forecasting with Autoregressive Recurrent Networks
Valentin Salinas, Jan Gasthaus, Bernhard Schulz, David Stella, and Jan Peter — International Journal of Forecasting, 2020

Core Problem

Can we learn one global probabilistic model across related 
series instead of local fits?

Key Idea / Methodology

A global autoregressive LSTM maps history and covariates 
to a probabilisLc likelihood.
Global Likelihood OpAmizaAon

The Temporal Interface

A recurrent memory interface with parametric output 
distributions (e.g., Negative Binomial).

Why It Matters for TSFMs

A defining shiX from per-series staLsLcs to globally-learned 
representaLons.
Recurrent Probabilistic Architecture

Remaining Gap

ForecasLng-centric—no unified interface for missingness, synthesis, or physical constraints.
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Bai, S., Kolter, J. Z., & Koltun, V. (2018). An Empirical Evaluation of Generic Convolutional and Recurrent Networks for Sequence Modeling. arXiv:1803.01271. 33 / 61

Deep  R ep r es en ta t i o n  In ter f a ces

An Empirical Evalua5on of Generic Convolu5onal and Recurrent Networks for Sequence 
Modeling
Shaojie Bai, J. Zico Kolter, and Vladlen Koltun — arXiv preprint arXiv:1803.01271, 2018

Core Problem

Are recurrent nets (LSTM/GRU) really necessary for long-
range temporal memory?

Key Idea / Methodology

TCNs use causal, dilated 1D convolutions with residuals for 
parallel training.
Parallel Dilated Temporal Receptive Fields

The Temporal Interface

A parallel recepLve-field interface that replaces recurrence 
with dilated projecLons.

Why It Matters for TSFMs

Recurrence isn't the only way to store memory—parallel 
architectures work too.
Dilated Causal Temporal ConvoluAons

Remaining Gap

A generic sequence model—no time-series tokenization, alignment, or transfer layers.
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Lai, G., Chang, W. C., Yang, Y., & Liu, H. (2018). Modeling Long- and Short-Term Temporal Patterns with Deep Neural Networks. SIGIR 2018. 34 / 61

Deep  R ep r es en ta t i o n  In ter f a ces

Modeling Long- and Short-Term Temporal Patterns with Deep Neural Networks
Guokun Lai, Wei-Cheng Chang, Yiming Yang, and Hanxiao Liu — SIGIR, 2018

Core Problem

How do we capture local high-frequency features and long-
term periodicity at once?

Key Idea / Methodology

LSTNet fuses 1D convolutions, an RNN, recurrent-skip 
connections, and a linear AR term for stability.

ConvoluAon-Recurrent-Autoregressive Stack

The Temporal Interface

A multi-scale interface: local conv features, recurrent memory, 
and a linear stability path.

Why It MaKers for TSFMs

An early deep model with disLnct pathways for different 
temporal scales.

Multi-Scale Inductive Bias

Remaining Gap

Task-specific forecaster—weak zero-shot transfer, not a general adaptor.
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Zhou, H., et al. (2021). Informer: Beyond Efficient Transformer for Long Sequence Time-Series Forecasting. AAAI 2021. 35 / 61

Deep  R ep r es en ta Ao n  In ter f a ces

Informer: Beyond Efficient Transformer for Long Sequence Time-Series Forecas)ng
Haoyi Zhou, Shanghang Zhang, Jieqi Peng, Shuai Zhang, Jianxin Li, Hui Xiong, and Wancai Zhang — AAAI, 2021

Core Problem

How do we scale Transformers to very long sequences 
without quadratic cost?

Key Idea / Methodology

Informer adds ProbSparse attention, sequence distilling, 
and a generative long-horizon decoder.

ProbSparse O(L log L) Attention

The Temporal Interface

A sparse global a_enLon interface that propagates only the 
most informaLve steps.

Why It Matters for TSFMs

Proves attention can scale efficiently across long temporal 
histories.

Sparse Self-Attention Mechanics

Remaining Gap

Solves attention cost only—no cross-domain tokenization, scale drift, or constraints.
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Deep  R ep r es en ta t i o n  In ter f a ces

A Time Series Is Worth 64 Words: Long-Term Forecasting with Transformers
Yuqi Nie, Nam H. Nguyen, Phanwadee Sinthong, and Jayant Kalagnanam — ICLR, 2023

Core Problem

How should continuous point-level series become stable 
tokens for Transformers?

Key Idea / Methodology

PatchTST groups neighboring steps into overlapping patches 
and models channels independently.

Sub-series Patch-level TokenizaAon

The Temporal Interface

A patch-based tokenization interface that shields tokens from 
point-level noise.

Why It Matters for TSFMs

TokenizaLon design is the key factor for adapLng Transformers 
to Lme series.

Patch-wise Attention Mapping

Remaining Gap

A strong forecaster, but not a generaLve, mulL-task, constraint-aware foundaLon model.
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Liu, Y., Zhang, T., Wang, J., & Long, M. (2024). iTransformer: Inverted Transformers Are Effective for Time Series Forecasting. ICLR 2024. 37 / 61

Deep  R ep r es en ta t i o n  In ter f a ces

iTransformer: Inverted Transformers Are Effec)ve for Time Series Forecas)ng
Yuxuan Liu, Tianping Zhang, Jianmin Wang, and Mingsheng Long — ICLR, 2024

Core Problem

Should a_enLon run over Lme steps or over variable 
channels?

Key Idea / Methodology

iTransformer embeds each variable's full history as a token 
and attends across variables.

Inverted Channel-as-Token Dimension Embedding

The Temporal Interface

An inverted channel-wise interface where variables act as 
tokens for cross-series links.

Why It Matters for TSFMs

Redefining the token radically changes what the model learns.

Inter-Channel A\enAon Modeling

Remaining Gap

Still a discriminative forecaster—no unified generative inference or imputation.

40
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Deep  R ep r es en ta t i o n  In ter f a ces

Diffusion Convolutional Recurrent Neural Network: Data-Driven Traffic Forecasting
Yaguang Li, Rose Yu, Cyrus Shahabi, and Yan Liu — ICLR, 2018

Core Problem

How do we model traffic series where channels are coupled 
by road networks?

Key Idea / Methodology

DCRNN runs diffusion convolutions over directed graphs 
with an encoder–decoder GRU.

Diffusion ConvoluAon + Recurrent Gated Units

The Temporal Interface

A spatio-temporal graph interface fusing network topology with 
recurrence.

Why It MaKers for TSFMs

MulLvariate series are coupled systems needing relaLonal 
structure.

Spatial-Temporal Graph Coupling

Remaining Gap

Relies on static predefined graphs—no zero-shot transfer across domains.
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R el a ted  Wo r k  — Deep  Lea r n i n g

Deep models gave us capacity, but not general temporal inference.

Transformers scale to huge data — but still train one task, one dataset at a time.

Strength

• High capacity, flexible

• Strong on benchmarks

Limitation

• Task-specific training

• No unified inference

Takeaway

• Capacity is necessary

• But not general 
reasoning



T h e Co r e  L i ter a tu r e  G a p

Gap: Capacity Without General Temporal Inference

01

Capacity ≠ Reliability

Deep temporal models have massively 
expanded neural representation 
capacity, yet they often struggle with 
extreme sensitivity to raw scale-shifts 
and variable frequencies.

02

Supervised Task Walls

Most architectures are designed strictly 
as task-specific (e.g., forecasting-centric) 
or dataset-specific predictors, breaking 
down under arbitrary missingness or 
multi-task inference.

03

Unconstrained Projec@ons

Deep models are fundamentally 
unconstrained, incapable of ac;vely 
incorpora;ng or enforcing external physical 
boundaries, logical invariants, or physical 
laws.

Critical Unmet 
Requirements:

Unified Generative Adaptability Zero-Shot Cross-Domain Transfer

Enforceable Invariant Constraints Reliable Runtime Orchestration

"The next step is temporal foundation modeling: can broad pretraining produce reusable temporal interfaces?"



T e m p o r a l  F o u n d a : o n  M o d e l s  a n d  T r a n s f e r

Time-Series Founda<on Models: The New Landscape

Defining TSFMs

A TSFM is a large neural network 
pretrained on diverse temporal 
corpora.

It transfers zero-shot across unseen 
domains, horizons, variables, and 
frequencies.

Cross-Domain Pretraining Paradigm

THE SEVEN ARCHITECTURAL INTERFACE DIRECTIONS

Maps values to discrete tokens for language 
backbones (e.g., Chronos).

Predicts future intervals autoregressively using 
causal patches (e.g., TimesFM).

Leverages lag covariates for parameterizing 
uncertainty curves (e.g., Lag-Llama).

Learns multi-variate correlations with mask 
reconstruction (e.g., MOMENT, Moirai).

Sparse routing scales model capacity 
efficiently (e.g., Time-MoE).

Unifies forecasting, imputation, and anomaly 
tasks (e.g., Timer).

1. Value-Token / QuanWzaWon 2. Decoder-Only Forecasting

3. Lag-Based Probabilistic 4. Masked Patch Encoder

5. Mixture-of-Experts (MoE) 6. Generative / Task-Unification

Core Premise: the key question isn't scale but how temporal structure is represented, tokenized, and conditioned.



F r o m  F o r e c a s t i n g  t o  C o n d i t i o n a l  G e n e r a t i v e  I n f e r e n c e

Temporal Tasks as Condi<onal Genera<on

Predictive

Forecasting

Observe historical 
context, generate 
clean future 
trajectories.

[Past] → [Future?]

Interpolative

Imputation

Observe partial 
scattered points, 
generate missing 
values inside.

[Ob-X-Ob-X-Ob]

Diagnostic

Anomaly

Observe possibly 
corrupted inputs, 
infer structural 
coherence.

[Reconstruct Diff]

Generative

Synthesis

Unconditioned or 
class-conditioned 
sampling of whole 
paths.

[Noise] → [Data]

Scientific

Simulation

CondiLon on physical 
boundary evidence, 
generate valid 
trajectories.

[Boundaries] → [PDEs]

Core Premise: Task identity can be represented entirely by the conditioning mask. Under this unified view, all temporal tasks collapse 
into conditional generative inference over a dynamic process.



The Current Landscape of Time-Series Foundation Models

A comprehensive overview of leading architectures and their trade-offs

TimeGPT
Nixtla

2023

Strong zero-shot accuracy, simple API, 
minimal tuning.

Proprietary service, limited visibility, 
no local deployment.

Chronos Series
Amazon Science

2023–26

Open weights, T5-style tokenizer, strong 
benchmarks.

Univariate bias in early versions; prompt 
sensitive; heavy.

TimesFM Series
Google

2024–25

Large decoder-only, long context, supports 
covariates.

Initially fixed horizons; some variants 
closed; complex tuning.

Moirai Series
Salesforce

2024–25

Universal design for mul;variate/covariates; 
quan;le output.

v1.0 inefficient training; mixed 
performance vs TiDE.

IBM TTM-R
IBM

2024–25

Fine-tuned for demand forecas;ng; strong on 
retail data.

Commerce focused (narrow domain); less 
available tooling.

TabPFN-TS
Prior Labs

2024–25

Fast forecasting via TabPFN; strong in 
low-data regimes.

Restricted context length; not for very long 
sequences.

WHAT THEY ACHIEVED
Strong zero-shot forecasLng, open-source ecosystem growth, 
large-scale pretraining feasibility.

WHAT REMAINS MISSING
Probabilistic calibration, data robustness (irregularity), and 
scientific grounding (physical consistency).
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Garza, A., & Mergenthaler-Canseco, M. (2023). TimeGPT-1. arXiv:2310.03260. 42 / 61

Pr etr a i n ed  Fo u n d a t i o n  Mo d el s

TimeGPT-1
Azul Garza and Max Mergenthaler-Canseco — arXiv preprint arXiv:2310.03260, 2023

Core Problem

Can one model, pretrained on massive diverse data, 
forecast zero-shot?

Key Idea / Methodology

An encoder-decoder pretrained on 100B+ points, served 
as a zero-shot cloud API.

Billion-Scale Multi-Domain Pretraining

The Temporal Interface

A clean API mapping historical windows to zero-shot futures.

Why It MaKers for TSFMs

An early commercial TSFM proving zero-shot forecasting 
works in practice.

Zero-Shot Global Forecasting Prior

Remaining Gap

ForecasLng-only and closed-source—no mulL-task generaLon, constraints, or orchestraLon.



Ansari, A. F., et al. (2024). Chronos: Learning the Language of Time Series. arXiv:2403.07815. 43 / 61

Pr etr a i n ed  Fo u n d a t i o n  Mo d el s

Chronos: Learning the Language of Time Series
Abdul Fatir Ansari, Lorenzo Stella, Caner Turkmen, and co-authors — arXiv preprint arXiv:2403.07815, 2024

Core Problem

Can conLnuous values use the same recipes as discrete 
language?

Key Idea / Methodology

Chronos normalizes, quantizes values into token bins, 
and trains T5/GPT-style models.

Value-Token Bin Quantization

The Temporal Interface

A value-token interface turning scalars into language tokens.

Why It Matters for TSFMs
Shows language models can “read” time series with no 
structural change.

Language Model Value Mapping

Remaining Gap

Quantization loses resolution, misses cross-channel links, and breaks under scale mismatch.
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Pr etr a i n ed  Fo u n d a Ao n  Mo d el s

A Decoder-Only Foundation Model for Time-Series Forecasting
Abhimanyu Das, Weihao Kong, Rajat Sen, and Yuxin Zhou — ICML, 2024

Core Problem

Can a decoder-only model, trained only on Lme series, 
forecast zero-shot?

Key Idea / Methodology

TimesFM patches the series and trains a causal decoder 
for multi-step prediction.

Decoder-Only Patch-level Causal Attention

The Temporal Interface

A causal patch interface predicting future horizons from 
context.

Why It Matters for TSFMs

Open-source proof that causal pretraining yields industry-
grade zero-shot forecasts.

Causal Autoregressive Decoders

Remaining Gap

Forecasting-only—a causal predictor can't unify imputation or physical invariants.



Rasul, K., et al. (2023). Lag-Llama: Towards Foundation Models for Probabilistic Time Series Forecasting. arXiv:2310.08278. 45 / 61

Pr etr a i n ed  Fo u n d a t i o n  Mo d el s

Lag-Llama: Towards Foundation Models for Probabilistic Time Series 
Forecasting
Kashif Rasul, Anderson de Souza, DusLn G. Reis, and co-authors — arXiv preprint arXiv:2310.08278, 2023

Core Problem

Can a decoder-only model output calibrated intervals, 
not just points?

Key Idea / Methodology

Lag-Llama feeds multi-period lag features into a Llama 
decoder that outputs full distributions.

Lag Covariate Input + Probabilis]c Head

The Temporal Interface
A lag-based probabilistic interface generating interval 
densities, not flat means.

Why It MaKers for TSFMs

Brings uncertainty bounds into TSFMs for risk-aware zero-
shot decisions.

Causal Probabilistic Modeling

Remaining Gap

Forecasting-only—no masked conditional generation or constraint handling.
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Pr etr a i n ed  Fo u n d a t i o n  Mo d el s

MOMENT: A Family of Open Time-Series Founda<on Models
Mononito Goswami, Konrad Sadowski, Arjun Dubey, and co-authors — ICML, 2024

Core Problem

Can we build open, reproducible TSFMs spanning 
classification, representation, and forecasting?

Key Idea / Methodology

Builds the Time-Series Pile corpus and pretrains open 
patch encoders via masked reconstrucLon.

Time-Series Pile + Masked Reconstruction Encoder

The Temporal Interface

A masked-reconstrucLon interface learning embeddings for 
many tasks.

Why It MaKers for TSFMs

Moves the field toward open-source, reproducible 
foundation-model analysis.

Open Representation Architectures

Remaining Gap

RepresentaLons sLll need generaLve, constraint, and orchestraLon layers on top.



Woo, G., et al. (2024). Unified Training of Universal Time Series Forecasting Transformers. ICLR 2024. 47 / 61

Pr etr a i n ed  Fo u n d a Ao n  Mo d el s

Unified Training of Universal Time Series Forecas<ng Transformers
Gerald Woo, Chenghao Liu, Akshat Kumar, and co-authors — ICLR, 2024

Core Problem

Can one Transformer forecast across diverse domains, 
dimensions, and frequencies?

Key Idea / Methodology

Moirai pairs Any-variate Attention with any-size patches, 
trained on the massive LOTSA archive.

Any-variate Masked Encoder Transformer

The Temporal Interface

A universal masked-encoder interface for flexible 
mulLvariate resoluLons.

Why It Matters for TSFMs

A milestone toward universal zero-shot forecasting across 
unseen domains.

Universal LOTSA Pretraining Archive

Remaining Gap

Tested mainly on forecasting—conditional synthesis and physical constraints stay open.
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Pr etr a i n ed  Fo u n d a Ao n  Mo d el s

Timer: Generative Pre-trained Transformers Are Large Time Series 
Models
Yuxuan Liu, Haixu Wu, Fuliang Zhang, and co-authors — ICLR, 2024

Core Problem

Can generaLve pretraining unify forecasLng, imputaLon, 
and anomaly detecLon?

Key Idea / Methodology

Timer frames every task as next-patch prediction, 
pretrained across domains for zero-shot multi-task use.

Autoregressive Next-Patch Token Predic]on

The Temporal Interface

A sequence-generation interface unifying prediction and 
token imputation.

Why It Matters for TSFMs

A key step toward a unified, task-adaptive temporal 
foundation model.

Unified Task Sequence Modeling

Remaining Gap

Still open: probabilistic sampling, physical constraints, and deployment-scale orchestration.
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Pr etr a i n ed  Fo u n d a t i o n  Mo d el s

Time-MoE: Billion-Scale Time Series Foundation Models with Mixture of 
Experts
Sheng Shi, Shuo Yu, Minshu Wang, and co-authors — arXiv preprint arXiv:2411.02344, 2024

Core Problem

Can TSFMs scale to billions of parameters without 
prohibitive cost?

Key Idea / Methodology

Time-MoE swaps dense FFNs for sparse Mixture-of-
Experts, rouLng patches to specialized experts.

Sparse Ga]ng rou]ng + Specialized Experts

The Temporal Interface
A dynamic expert-routing interface mapping temporal sub-
patterns to subnetworks.

Why It Matters for TSFMs

Billion-parameter TSFMs need sparse rouLng, not raw dense 
scaling.

Billion-Scale Sparse MoE Scaling

Remaining Gap

Scale alone can't guarantee physical validity, reliable generaLon, or expert orchestraLon.



Building Temporal Founda<on Models

T U T O R I A L  ·  P A R T  I I I

A hands-on walkthrough in four modules, each anchored by a working system

01
Representation
Align temporal structure with 
pretrained backbones — Module 
1: TEMPO.

02
Genera5on
One diffusion model for 
forecasEng, imputaEon, and 
anomalies — Module 2: TimeDiT.

03
Grounding & Orchestration
Physics-valid outputs and expert 
routing — Modules 3–4: PINFDiT & 
agents.



Trend Component

Seasonality Paherns

Residual Noise

Motivation

Latent Space Disentanglement

RESEARCH ROADMAP

Pillar I: Learning Universal Temporal SemanLcs 
Q: How can a pretrained Transformer understand continuous signals?
A: Expose trend, seasonality, and residual structure before adaptation.  (TEMPO)

"Can we create universal representations for temporal patterns without 
task-specific training?"
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Representa<on: Teaching Models to See Structure

T U T O R I A L  ·  P A R T  I I I  ·  M O D U L E  1

How to align temporal signals with pretrained backbones — case study: TEMPO

01
Why Raw Numbers Fail
Discrete tokens vs. continuous 
signals: what LLMs miss in time 
series.

02
Decomposi5on as Prior
Expose trend, season, and residual 
before the backbone sees the 
data.

03
Zero-Shot Transfer
Structured inputs enable 
competitive transfer to unseen 
domains.



LLMs Do Not Internalize Temporal Structure
Empirical Evidence: Seasonality Is Not Explicitly Modeled

Model Forecast Behavior

Day Claude GPT-4o DS-R1

+1 83.7 77.1 100.1

+2 82.9 76.9 85.0

+3 83.2 76.7 47.1

+4 84.1 76.6 47.8

+5 85.4 76.4 91.8

+6 87.1 76.2 84.0

... ... ... ...

Observed Structural Patterns
Claude Smooth trend continuation ↗
GPT-4o Monotonic drift upward ↝
DeepSeek Rigid periodic copying ⟳

All models extrapolate surface sta]s]cs. 

Sequence continuation ≠ Temporal understanding.
LLMs predict token transitions — they do not model frequency dynamics.

Ground Truth

Strong weekly seasonality (Period=7)

Stable phase alignment

Clear periodic frequency component

History Horizon 

Experiment Setup
Prompt: “Given the historical time series, predict 
the next 11 days.” 

Structured periodic signal 
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Discrete Tokens vs. Continuous Signals: Why LLMs Struggle with Numbers
Language Models See Tokens — Not Signals

A language model has never learned the grammar of time.

What LLMs Are Trained On

”XX University is a public research 
university..."

XX University is a

public research 

SemanLc structure

Grammar and contextual meaning

Strong linguistic inductive bias

Language has grammar.

What Happens With Numbers?

48.123, 49.9768, 92.02112...

"48" "." "123" "," "49"

"." "9768"

No semantic anchoring

No syntactic grammar

Fragmented discrete tokens

No signal awareness.
Only token predicAon.
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Training on Numbers Does Not Solve the Structural Problem
Data exposure ≠ Temporal induc+ve bias

Controlled Pretraining Experiment Top-1 Wins Across 21 Settings

Observed Outcome
T5 10 wins

GPT-2 6 wins

Specialized Compe++ve

"If data were sufficient, results should converge." 
Performance varies 

significantly despite 
identical data exposure. 

Model Selection
Pretrain open-source LLMs on same time-series data

Identical Conditions
Same datasets & forecasting tasks

Rigorous Evalua]on
21 senngs (7 datasets × 3 horizons)

10

6
5

2

0 0 0 0
0

2

4

6

8

10

12

T5 GPT-2 Dlinear TimesNet FEDFormer ETSFormer PatchTST Informer

68Access to numbers is not the bottleneck



T EM PO  — O n e Id ea  F i r s t

Before TEMPO, we need one classical idea: decomposiLon.

Any series splits into trend + seasonality + residual. TEMPO builds on exactly this.

Trend

• Slow, long-term movement
• The overall direction

Seasonality

• Repeating cycles
• Daily / weekly / yearly

Residual

• What's leW over
• Noise and surprises



Why Decompose a Time Series?
The Core Algebraic Idea

A continuous time series mixes multiple temporal components:

The slow-moving, persistent directional movement representing long-
term structural changes.

Repeated, cyclical fluctuations tied to fixed calendar intervals or 
frequency rates.

The remaining transient variations, high-frequency noise, anomalies, 
or unmodeled physical shocks.

Why Decompose? It helps neural models avoid mixing scales, 
frequencies, and transient shocks, providing an interpretable 
representation interface.

y_t = trend_t + seasonality_t + residual_t

Trend Component

Seasonality Component

Residual / Remainder

Component Stack Visualization

Visual Guide: Structural components describe different physical frequencies of the 
system, enabling the neural network to analyze slowly varying properties and high-
frequency residuals independently.

1. Raw Sequence (y_t)

2. Slow Trend (T_t)

3. Periodic Seasonality (S_t)

Cleveland et al. "STL: A Seasonal-Trend Decomposi%on Procedure Based on Loess." 1990.



Motivation: Models See Numbers, Not Patterns

71

Current Models See: What We Need:

A Stream of Numbers This is trending upward

Strong weekly seasonality

Unusual spike detected
The Core Question: What if we could build a 
model that learns the universal grammar of 

time?



STL: Seasonal-Trend Decomposition Using LOESS

The LOESS Smoothing Loop Pipeline

Raw Sequence Input Iterative Seasonal Extraction Trend Smoothing (LOESS) Remainder Calcula]on

Flexible Seasonality

Lets the seasonal component 
evolve over time, with a user-
controlled rate of change.

Dynamic Period Fitting

Feature 01

Robust to Outliers

Robust fitting options damp 
extreme anomalies, keeping trend 
and seasonal waves undistorted.

Outlier-Shielded Smoothing

Feature 02

MulF-Frequency Capacity

Handles any seasonal frequency (daily, 
weekly, monthly) and scales to long 
contexts.

Scale-independent Interface

Feature 03

Cleveland, Robert B., William S. Cleveland, Jean E. McRae, and Irma Terpenning. "STL: A Seasonal-Trend Decomposition Procedure Based on Loess." 1990.



Decomposition in Neural Forecasting

N-BEATS

Learns basis expansions with 
interpretable trend and 
seasonality blocks.

Shows deep networks can 
preserve structural components 
without losing accuracy.

Learned Basis Expansions

ICLR 2020

Autoformer

Embeds decomposition blocks 
directly inside a Transformer 
architecture.

Uses self-correlation over 
components to guide attention in 
long-horizon forecasting.

Inner-Layer Decomposition

NeurIPS 2021

DLinear

Combines a simple moving average filter 
with single-layer linear mapping heads.

Out-performed un-decomposed 
attention networks — structural 
interface design can rival back-end 
complexity.
Linear Component Mapping

AAAI 2023

Oreshkin et al. "N-BEATS." 2020. | Wu et al. "Autoformer." 2021. | Zeng et al. "Are Transformers Effective for Time Series Forecasting?" 2023.



When Decomposition Fails

DriPing Seasonality

Periodic amplitude and 
wavelength shiT over 
Ume, confusing staUc 
seasonal filters.

Dynamic Phase Shifts

Failure Case 01

Regime Shifts

A structural break alters 
the baseline, making 
historic trends obsolete.

Trend Breakdown

Failure Case 02

Residual Shocks

Residuals are not white 
noise; they carry abrupt 
physical shocks and 
policy events.

Critical Noise Errors

Failure Case 03

Wrong Period Bias

Wrong cyclic lengths (daily vs. 
weekly) heavily distort the 
decomposition.

Model Distortion

Failure Case 04

Core Premise: Classical decomposi]on is a useful structured proxy — not an oracle. Founda]on models must learn to reweight 
and calibrate its components.

Hyndman, Rob J., and George Athanasopoulos. "Forecas%ng: Principles and Prac%ce." 2021.



TEMPO Aligns Temporal Dynamics with Semantic Structure.

75

Semantic Decomposition
Reveal latent temporal structure.

Prompt Alignment
Embed structure into a shared representaLon space.

Pretrained Priors
Leverage transferable pattern knowledge.



TEMPO exposes structure before using a pretrained backbone.
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Time Series [Trend | Seasonal | Residual] Prompts GPT Output

Output

Status: [Cao, Defu, et al. "Tempo: Prompt-based generative pre-trained transformer for time series forecasting."ICLR 2024]



Why Attention Cannot Do Decomposition Automatically
The fundamental conflict between linear projections and non-orthogonal components. 

The Consequence
InformaAon Loss
Trying to isolate one component inevitably 
corrupts the other within the shared intersec+on 

Theorem 3.1: Orthogonality 
Constraint

Linear(X_T + X_S) ≠ 
 Linear(X_T) ⊕ Linear(X_S) 

Standard attention mechanisms apply a single global 
linear projection to the input embedding.

When Trend and Seasonal components overlap in 
the feature space, a single projection cannot 
separate them into disjoint subspaces.

Visual Proof
Overlapping Subspaces

Entanglement Zone

Trend
Subspace (X_T)

Seasonal
Subspace (X_S)

Ambiguity
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➢ Dataset:
Long term forecasting  (Use 336 history time steps to predict the future 
96/192/336/720 time steps)

Experiments Setting

78

Electricity                        Traffic                            Weather  Electricity Transformer 
            Temperature



Experiments Results - ZS 

79
Mo+va+on Problem Setting Algorithm Results

➢ TEMPO consistently outperforms 
state-of-the-art (SOTA) methods 
in zero-shot settings across 
various datasets;

➢ TEMPO's performance on unseen 
datasets showcases its potential 
as a foundational model for time 
series forecasting.



Structured representation enables zero-shot transfer across domains

TEMPO generalizes across domains and horizons without seeing target data.
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Top-1 Wins Across 21 Settings
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The bottleneck is not scale alone — but inductive structure.



Experiments Results - TEMPO vs full-shot SOTAs:
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TEMPO beats specialized models trained on target data 
while seeing ZERO examples!

Zero-Shot Full-Shot



Experiments Results – Visual 
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Published as a conference paper at ICLR 2024

(a) prediction length O = 96 (b) prediction length O = 192

Figure 8: Visualization of long-term forecasting results on ETTm1 dataset. Compared between our
model TEMPO and TimeGPT on weather dataset

(a) prediction length O = 96 (b) prediction length O = 192

Figure 9: Visualization of long-term forecasting results on ETTm2 dataset. Compared between our
model TEMPO and TimeGPT on weather dataset

is important to note that TimeGPT may not perform as well in long-term forecasting scenarios. In
contrast, our proposed model excels in zero-shot settings, including long-term forecasting, illustrating
the need for foundation models that can adapt to both the breadth of time series applications and the
depth of forecasting horizons.

B EXPERIMENT SETTING

B.1 TOWARDS FOUNDATION MODEL EXPERIMENTS DETAILS

Table 4: Dataset details of benchmark dataset.

Dataset Length Covariates Sampling Period

ETTh 17420 7 1 hour
ETTm 69680 7 15 min
Weather 52696 22 10 min
Electricity 26304 321 1 hour
Traffic 17544 862 1 hour

It has been well-established that
channel-independence works well for
time series datasets, so we treat each
multivariate time series as multiple in-
dependent univariate time series. We
use popular time series benchmark
datasets (Zhou et al., 2021): ETTm1,
ETTm2, ETTh1, ETTh2, Weather,
Electricity, Traffic, ILI and exchnge.
1) ETTm1, ETTm2, ETTh1, ETTh2
contain electricity load from two elec-
tricity stations at 15 minutes level and

hourly level. 2) Weather dataset contains 21 meteorological indicators of Germany within 1 year; 3)
Electricity dataset contains electricity consumption; 4) Traffic dataset contains the occupation rate
of the freeway system across the State of California. The lookback window L is following (Zhou
et al., 2023), and the prediction length O is set to {96, 192, 336, 720}. In this experiment part, our
experiments were conducted using single NVIDIA A100 GPU, with a batch size set to 256, and
focused on long-term forecasting by employing a Mean Squared Error (MSE) loss function. To

17

Published as a conference paper at ICLR 2024

(a) prediction length O = 96 (b) prediction length O = 192

Figure 8: Visualization of long-term forecasting results on ETTm1 dataset. Compared between our
model TEMPO and TimeGPT on weather dataset

(a) prediction length O = 96 (b) prediction length O = 192

Figure 9: Visualization of long-term forecasting results on ETTm2 dataset. Compared between our
model TEMPO and TimeGPT on weather dataset

is important to note that TimeGPT may not perform as well in long-term forecasting scenarios. In
contrast, our proposed model excels in zero-shot settings, including long-term forecasting, illustrating
the need for foundation models that can adapt to both the breadth of time series applications and the
depth of forecasting horizons.

B EXPERIMENT SETTING

B.1 TOWARDS FOUNDATION MODEL EXPERIMENTS DETAILS

Table 4: Dataset details of benchmark dataset.

Dataset Length Covariates Sampling Period

ETTh 17420 7 1 hour
ETTm 69680 7 15 min
Weather 52696 22 10 min
Electricity 26304 321 1 hour
Traffic 17544 862 1 hour

It has been well-established that
channel-independence works well for
time series datasets, so we treat each
multivariate time series as multiple in-
dependent univariate time series. We
use popular time series benchmark
datasets (Zhou et al., 2021): ETTm1,
ETTm2, ETTh1, ETTh2, Weather,
Electricity, Traffic, ILI and exchnge.
1) ETTm1, ETTm2, ETTh1, ETTh2
contain electricity load from two elec-
tricity stations at 15 minutes level and

hourly level. 2) Weather dataset contains 21 meteorological indicators of Germany within 1 year; 3)
Electricity dataset contains electricity consumption; 4) Traffic dataset contains the occupation rate
of the freeway system across the State of California. The lookback window L is following (Zhou
et al., 2023), and the prediction length O is set to {96, 192, 336, 720}. In this experiment part, our
experiments were conducted using single NVIDIA A100 GPU, with a batch size set to 256, and
focused on long-term forecasting by employing a Mean Squared Error (MSE) loss function. To

17

• Pattern Capture: 
TEMPO identifies 
trends/seasonality others 
miss 

• Uncertainty Handling: 
Graceful degradation in 
difficult regions 

• No Overfitting: Smooth, 
realistic predictions 
without training

ETTm1

ETTm2



Experiments Results – Visual 
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Demonstrations on New Multimodal TETS Dataset

➢ TEMPO's capabili/es are further 
showcased on the newly 
introduced TETS (Time Series 
Enriched with Text) dataset

➢ TETS combines /me series data 
with corresponding textual 
informa/on, providing a rich mul/-
modal forecas/ng challenge



Experiments Results - Multi-modal Input
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➢ TEMPO demonstrates remarkable performance on datasets that include textual inputs alongside time series.
➢ The model's ability to integrate and utilize textual inputs highlights its versatility and potential for multi-

modal time series forecasting



TEMPO Actually Uses the Injected Temporal Structure

Seasonal priors dominate the prediction across all 
horizons.

Trend anchors long-term global dynamics, giving a 
reliable backbone for far horizons.
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SHAP value of ETTm1 

Decomposi.on creates a structured inducEve bias.



Practice
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TEMPO solves Representation Alignment, but Not Full Temporal Reliability.
Proving the Power of Semantic Priors

Scientific Contributions

LLMs understand time series 
representation

DecomposiEon provides semanEc 
structure

Zero-shot forecasting is practical

Representation is necessary — but not sufficient.

Generalization Frontier

Task Versatility: Forecasting only

Robustness: Fails on missing data

Uncertainty: No probabilistic outputs
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Genera<on: One Model, Many Tasks

T U T O R I A L  ·  P A R T  I I I  ·  M O D U L E  2

How to unify forecasting, imputation, and anomaly detection — case study: TimeDiT

01
Diffusion, Made Simple
A nine-step primer on denoising 
diffusion for continuous signals.

02
Tasks as Masking
Every temporal task is a choice of 
what is observed and what is 
hidden.

03
Uncertainty & Robustness
Sample-based uncertainty: 
knowing when the model does not 
know.



PILLAR II  — TimeDiT

Pillar II: Scaling to Observational Chaos.
How do we model missingness, uncertainty, and mulEple tasks together?

DIFFUSION 
PROCESS

"How do we maintain the  stability under 
40% missingness?"

INPUT
Fragmented & Noisy Signal

OUTPUT

Reconstructed Temporal System
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   Benchmark: 
○ Single-task forecasUng

   Reality: 
○ Multi-objective

The gap is not about the architecture capacity— 
it is about assumptions about reality.

 Benchmark: 
○ Clean, 
○ Regular sampling,
○ Fixed resolution

    Reality: 
○ Irregular, missing,
○ Multi-resolution,
○ Non-stationary

Data Gap

Task Gap
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The Reality Gap: Benchmarks Underes:mate Complexity



The real question is not one future, but a distribution of futures.

Deterministic Forecasting Assumes:

A single predicted future trajectory

Clean and complete observations

A fixed downstream objective

But Real-World Systems Exhibit:

Multiple plausible futures

ObservaEonal uncertainty & missing data

Task diversity (forecasting, imputation, 
generation)

Old Question

"What will the temperature 
be?"

New Question

"What is the range of 
outcomes?"
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Diffusion Tutorial

Why Genera<ve Modeling for Time Series?



Di f f u s i o n  T u to r i a l

What Is a Diffusion Model?
The Generative Paradigm
A diffusion model learns to generate data by reversing a gradual noising process — refining samples through iterative loops 
rather than a single step.

Corrupt Data into Noise

Gradually adds small Gaussian noise to the clean sequence 
x_0 step-by-step:

x_0 → x_1 → x_2 → ... → x_T ≈ noise

Systema]c Destruc]on Chain

STEP 01: FORWARD PROCESS

Learn to Denoise

A neural network learns to estimate and remove the 
noise, reconstructing the clean sequence step-by-step:

noise → x_{T-1} → ... → x_1 → x_0

Iterative Reconstruction

STEP 02: REVERSE PROCESS

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising Diffusion Probabilistic Models." 2020.



Di ffu s i o n  T u to r i a l

Forward Diffusion: Corrupt Data into Noise

Progressive Noising Sequence

t = 0 (Clean Signal)

t = 100 (Slightly Noisy)

t = T (Pure Noise)

The Noising Goal: The forward process is fixed and 
deterministic, generating input/noise pairs across 
timesteps for the reverse net to learn from.

Mathematical Formulation

The forward process maps any step $t$ directly from the 
clean state $x_0$ via closed-form Gaussian mulLpliers:

α¯_t (Alpha Bar): The scheduled retention of the clean signal; 
decreases monotonically as $t \to T$.

ε (Epsilon): Standard Gaussian noise injected into the 
sequence.

Step Scaling: Near $t = T$ the original signal is almost fully 
obliterated into random noise.

Training Context: Exposure to noisy variants at varying $t$ 
teaches a generalized score-matching prior over the data 
manifold.

x_t = √(α¯_t) x_0 + √(1 - α¯_t) ε

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising Diffusion Probabilistic Models." 2020. | Song et al. "Score-Based Generative Modeling through Stochastic Differential Equations." 2021.



Di f f u s i o n  T u to r i a l

Reverse Diffusion: Learn to Denoise

The Denoising Engine

Noisy Latent (x_t) Isotropic Noise Input

Neural Denoiser Predict ε or x_0

Clean Output (x_0) Plausible Trajectory

Genera]on Method: Genera]on is a progressive 
denoising chain from random Gaussians, guided by the 
learned prior.

Uncertainty Denoising Mechanics

The network learns a reverse Markov transition to estimate and 
remove signal pollution.

Models predict the injected noise ε, the clean trajectory $x_0$, 
or velocity vectors.

The reconstructed manifold is a continuous multi-step physical 
trajectory, not static pixels.

Structural Takeaway: Resolving tiny fractional denoising steps 
lets the model capture complex probabilistic boundaries.

Learning the Transition p_θ(x_{t-1} | x_t)

Prediction Target Choices

Trajectory Reconstruc]on

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising Diffusion Probabilistic Models." 2020.



Di f f u s i o n  T u to r i a l

Conditioning: Generating Data Consistent with Evidence

The Conditional Formulation

Rather than sampling blindly, we guide trajectory 
generation with explicit observed evidence:

Evidence Scope: Observed histories, future indicators, 
channel covariates, spatial metadata, or physical 
constraints.
For Time Series: The conditioning signal is a partially 
observed temporal mask selecting target steps.

Main Takeaway: Condi]oning turns generic 
genera]on into precise posterior inference under 
par]al evidence.

sample x ~ p(x | evidence)

Multi-Task Conditioning Scenarios

Condition on past values to predict forward 
trajectories (Forecasting).

Condition on scattered observations to fill missing 
holes (Imputation).

Condition on text alerts or metadata to sample 
matching paths (Synthesis).

Sensing Context: Conditioning expresses any task as targeted 
inference, not just autoregressive extrapolation.

1. Past Window → Future Horizon

2. Observed Marks → Missing Gaps

3. Semantic Text → Synthetic Series

Song et al. "Score-Based Generative Modeling through Stochastic Differential Equations." 2021. | Tashiro et al. "CSDI: Conditional Score-Based Diffusion Models for Probabilistic Time Series Imputation." 2021.



Di f f u s i o n  T u to r i a l

Masks as Temporal Conditions

The Masking Matrix

m_t = 1

Known conditional evidence — left 
untouched during reverse denoising.

m_t = 0

Unobserved points the reverse diffusion 
model must generate.

Structural Unified View: Changing the conditional 
mask changes the task itself — no model-head 
changes needed.

Observed Element

Target Element (Unknown)

Unifying Tasks via Masks

Observed Past [1 1 1 1 1] Target Future [0 0 0 0]

Sca_ered Observed [1 X 1 1 X 1] Missing Gaps [X 0 X X 0 X]

No Context [None] Full Trajectory [0 0 0 0 0 0 0]

System Relevance: Pretrained generative models adapt to 
any mask on the fly, enabling multi-task zero-shot capability.

Forecasting Mask

Imputation Mask

Pure Synthesis Mask

Tashiro et al. "CSDI: Condi%onal Score-Based Diffusion Models for Probabilis%c Time Series Imputa%on." 2021.



Di f f u s i o n  T u to r i a l

Forecasting as Conditional Generation
The Forecasting Probabilistic Condition Mapping

Observed Condition: x_{1:t} Generated Target: x_{t+1:t+H} ∼ p(x_{t+1:t+H} | x_{1:t})

Plural Futures

Samples multiple plausible futures, 
preserving statistical variance over 
long horizons.

Uncertainty Preserved

Benefit 01

No Mode Collapse

Avoids regression's point-
averaging trap, where multi-modal 
predictions collapse into flat 
averages.

Multi-modal Densities

Benefit 02

Scenario Simulation

Enables risk-sensitive decisions and 
stress-testing via multi-path scenarios.

Ac]onable Risk Analy]cs

Benefit 03

Rasul et al. "Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting." 2021.



Di f f u s i o n  T u to r i a l

Imputation and Anomaly Detection as Reconstruction

Probabilistic Imputation
Given scattered observations, sample the missing 
entries conditioned on available evidence: From 
scattered observations, sample the missing entries 
given available evidence:

Conditional diffusion rebuilds coherent values that 
preserve cross-series structure, not flat averages.

Non-causal Contextual Restora]on

Temporal Task A

p(x_missing | x_observed)

Anomaly Detection

Compare observed curves against what the generative 
model reconstructs as plausible:

Reconstruction Loss:
Probability Likelihood:

Generative Paradigm: points far from the model's 
posterior reconstruction are flagged as anomalies.

Temporal Task B

||x_obs - x_recon||^2
log p(x_obs | context)

Tashiro et al. "CSDI." 2021. | Xu et al. "Anomaly Transformer: Time Series Anomaly Detection with Association Discrepancy." 2021.



TimeDiT Unifies Dependency, Distribution, and Task Modeling
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captures stochasticitylearns temporal structure defines conditional structure

Dependencies Distributions Tasks

Generalization emerges when dependencies, distributions, and tasks are modeled in a unified framework.
 



TimeDiT Architecture
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Fig.: M
odel Architecture of  Tim

eDiT

Modeling Distribution Capturing the inherent 
stochasticity.

Modeling 
Dependencies Learning temporal structure

Modeling Task Defining the conditional 
structure

Input Time Series One model processes ALL 
domains without modification

Status: [Cao, Defu, et al. "Timedit: General-purpose diffusion transformers for time series foundation model." NeurIPS 2025 Foundation Model Workshop]



Model Architecture
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Fig.: M
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Task Output

TimeDiT Blocks

Mask Unit

Input Time Series



Model Architecture - Mask
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Fig.: M
odel A

rchitecture of  Tim
eD

iT

Task Output

TimeDiT Blocks

Mask Unit

Input Time Series

Fig.: Mask Unit: Task-to-mask mapping



Model Architecture - Mask
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Fig.: M
odel A

rchitecture of  Tim
eD

iT

Motivation Problem Setting Algorithm Results

Task Output

TimeDiT Blocks

Mask Unit

Input Time Series

Forecasting mask=[1,0] Future 

Imputation mask=[1,0,1] Fill gaps

Generation mask=[0,0] New samples

Custom mask=[?] Your task



Model Architecture – TimeDiT Block
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Fig.: M
odel A

rchitecture of  Tim
eD

iT

Task Output

TimeDiT Blocks

Mask Unit

Input Time Series
Fig.: Detailed look on TimeDiT block



Experiments

Datasets from different domain:
● Energy
● Nature
● Finance
● Cloud
● Climate
● Space

Datasets with different resolution:
● Second
● Minute
● Hour
● Day
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Scaling Across Domains and Resolutions

Domain Diversity:  Energy · Climate · Finance · Cloud · Space · Nature
Temporal Resolution Diversity:  Second → Minute → Hour → Day

107A single generative model across heterogeneous domains and time scales.

Point Mask

Block Mask

Random Mask

Reconstruction
Result

Finance

Transport

Weather

Time Series

Time Series
Diffusion

Model

Uniformed 
Mask

Structure

Multiple
Scenario

Applica0ons



Experiments
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A comparable analysis of representative general purposes time series models



Forecasting on Zero-shot Setting: Deterministic Forecasting
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One Generative Model can Outperform Specialized Systems

6.10%

0.00% 1.00% 2.00% 3.00% 4.00% 5.00% 6.00% 7.00%

Point Forecast

Improve with the best specialized model

Cross-task knowledge transfer emerges from unified pretraining



Forecas:ng on Zero-shot SeNng: Probabilis:c Forecas:ng

● Zero-shot TimeDiT (ZS) achieves superior performance compared to other 
pretrained models 

● Fine-tuned TimeDiT (FS) surpasses specialized probabilistic forecasting models 
across multiple datasets.
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6.10%

32.50%

0.00% 5.00% 10.00% 15.00% 20.00% 25.00% 30.00% 35.00%

Point Forecast

Probabilistic Forecast

Improve with the best specialized model

Cross-task knowledge transfer emerges from unified pretraining

One Generative Model can Outperform Specialized Systems



Experiments: Imputation Task
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One Generative Model can Outperform Specialized Systems

ONE model beats FOUR specialized state-of-the-art models (over 35 baselines) at their own tasks

6.10%

32.50%

22.90%

0.00% 5.00% 10.00% 15.00% 20.00% 25.00% 30.00% 35.00%

Point Forecast

Probabilistic Forecast

Imputat ion

Improve with the best specialized model

Cross-task knowledge transfer emerges from unified pretraining



Experiments: Synthetic Generation Task
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Experiments: Synthetic Generation Task
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One Generative Model can Outperform Specialized Systems

ONE model beats FOUR specialized state-of-the-art models (over 35 baselines) at their own tasks

6.10%

32.50%

22.90%

6.10%

0.00% 5.00% 10.00% 15.00% 20.00% 25.00% 30.00% 35.00%

Point Forecast

Probabilistic Forecast

Imputat ion

Generation

Improve with the best specialized model

Cross-task knowledge transfer emerges from unified pretraining
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Robustness under Real-world Imperfections

● Missing Values（Climate）
○ Incomplete conditioning handled 

natively

● Irregular Sampling (Healthcare)
○ Masking decouples modeling from 

sampling artifacts.

● Multi-Resolution (Finance)
○ Shared backbone captures cross-scale 

dynamics.
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● Missing Values（Climate）
○ Incomplete conditioning handled 

natively

● Irregular Sampling (Healthcare)
○ Masking decouples modeling from 

sampling artifacts.

● Multi-Resolution (Finance)
○ Shared backbone captures cross-scale 

dynamics.
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Miss Value Irregular Sample Multi Resolution

Robustness emerges from modeling 
distributions,

not from task-specific tuning.

CRPS: Continuous Ranked Probability Score (Lower is better, measures distribution quality).
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TimeDiT Knows when It Does Not Know

120

Visualization of imputation task on ETT datasets. This figure illustrates TimeDiT’s performance, with red ×’s marking observed values, 
blue dots showing ground truth points for interpolation, a green line representing TimeDiT’s mean of interpolation, and green 
shading indicating its estimated uncertainty intervals.



Uncertainty Quantification - Knowing When We Don't Know

121

VisualizaUon of imputaUon task on ETT datasets. This figure illustrates TimeDiT’s performance, with red ×’s marking observed values, 
blue dots showing ground truth points for interpolaUon, a green line represenUng TimeDiT’s mean of interpolaUon, and green 
shading indicaUng its esUmated uncertainty intervals.

TimeDiT provides calibrated uncertainty for FREE across 
all tasks



Recap: TimeDiT Architecture
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Left: TimeDiT model 
framework with diverse 
multivariate time series 
from different domains 
with multi-resolution or 
missing values; 

Middle: TimeDiT block;

Right:
- Top: Illustration of 

Time Series Mask 
Unit; 

- Bottom: Mask 
examples for 
downstream tasks 



Experiments: Multimodal TimeDiT

Utilizing both types of information significantly boosts zero-shot performance
123

TimeDiT + Fre: TimeDiT with frequency constraint
TimeDiT + Cat: TimeDiT with category constraint
TimeDiT + Fre + Cat: TimeDiT with previous two 
constraints



Ablation Study

● Mask Strategy
○ Three masks (TimeDiT)
○ w/o Random Mask
○ w/o Stride Mask
○ w/o Block Mask

124

● Attention mechanism
○ Temporal Attention (TimeDiT)
○ Dual attention
○ Channel-wise attention

● Input Token
○ Direct Token (TimeDiT)
○ Patch Token

● Conditional Way
○ Adaptive Normalization (TimeDiT)
○ Additive Condition



From Generalization to Physical AI
Bridging Representation and  Generalization

Generative Modeling

Task-AgnosEc VersaElity

Distributional Resilience

Probabilistic Calibration

Generalization ≠ Physical Validity

Scientific Blindness

Mechanistic Disconnect

Constraint Violation

Interpretability Bottleneck
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Physical Grounding: From Generalization to Physical Validity

T U T O R I A L  ·  P A R T  I I I  ·  M O D U L E  3

How to make generated trajectories obey physics — case study: PINFDiT

01
Physics, Intuitively
A six-step primer on the 
constraints scientific data imposes.

02
Energy-Guided Sampling
Inject physics as an energy term at 
inference time — no retraining 
needed.

03
Long-Horizon Stability
Grounding improves accuracy and 
physical consistency at climate 
scale.



PINFDi T  — Ph ys i cs ,  In tu i t i ve l y

Physics does not mean memorizing every equa<on.

Physics enters as a constraint that nudges samples toward what's physically possible.

Not this

• Memorize every PDE
• Re-derive the math live

But this

• A residual = how much a law 
is broken

• Lower residual = more valid

The intuition

• Steer generation toward 
valid states

• Like lane-assist for the 
model



PATTERN MATCHING

PHYSICAL REASONING

PILLAR III  — PINFDiT

Pillar III: From Pattern Matching to Physical Grounding
Can foundation models obey physical laws without retraining? Yes — with guided correction during sampling.

CORE CHALLENGE

"Can we move beyond correla@on to causality 
by embedding fundamental physical laws?"

S I M :  N A V I E R - S T O K E S  F L O W  F I E L D
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P h y s i c s  T u t o r i a l  

What Does Physical Consistency Mean?

The Grounding Concept

Physical consistency: outputs obey the known 
mathematical laws of the physical world.

Mass, energy, and momentum balances described 
by PDEs (e.g., fluid dynamics).

Inviolable physical bounds, grid capacity maximums, 
and mechanical ramping limits.

Key Takeaway: a statistically plausible trajectory can still break physical invariants.

Conservation Laws & PDEs

Boundary & Operational Limits

Physical Validity vs Point Plausibility

Deep Grounding: pretrained nets learn trends but miss 
differential physics—explicit constraints are needed.

A. Statistically Plausible but Physically Invalid

The curve fits history yet breaks mass conservation at a 
closed node.

B. Constraint-Consistent & Valid
Satisfies statistical patterns and physical conservation 
simultaneously.

Karniadakis et al. "Physics-Informed Machine Learning." 2021.



P h y s i c s  T u t o r i a l  )

A Simple Conservation-Law Example

Flow Conservation at a Node

At a junction with inflow f_in(t), outflow f_out(t), and 
storage Δs(t):

The Multi-channel Leak: low per-channel MSE can still 
break the conservation balance at runtime.

Main Takeaway: physical validity lives in cross-
channel rela]onships, not point errors.

f_in(t) - f_out(t) = Δs(t)

Physical Flow Conservation Node

Structural Coupling: coupling channels as equations keeps 
generation on valid physical manifolds.

f_in(t) Storage
Δs(t)

f_out(t)

Karniadakis et al. "Physics-Informed Machine Learning." 2021.



Ph ys i cs  T u to r i a l  

Physics-Informed Neural Networks: A Deep Learning Framework for 
Solving Forward and Inverse Problems Involving Nonlinear PDEs
Maziar Raissi, Paris Perdikaris, and George Em Karniadakis — Journal of Computational Physics, 2019

Core Problem

Can neural networks solve forward and inverse PDE 
systems data-driven and mesh-free?

Key Idea / Methodology

PINNs embed governing PDEs into the loss via automatic 
differentiation.

Data-Driven Loss + PDE Residual penalty

The Temporal Interface
A loss-regularized physics-residual interface combining 
statistical fits with mathematical constraints: A physics-
residual loss combining data fit with math constraints:

Why It Matters for TSFMs

The primary reference for differentiable constraints—
equations act as training labels.

Loss-Regularized Physics Integration

L_total = L_data + λ ||F(u_θ)||^2

Remaining Gap

Per-system training-time constraints make PINNs rigid, costly, and non-zero-shot.

Raissi, M., Perdikaris, P., & Karniadakis, G. E. (2019). Physics-Informed Neural Networks. Journal of ComputaLonal Physics.



P h y s i c s  T u t o r i a l  

Neural Operators

Infinite-Dimensional Mapping

Unlike vector nets, Neural Operators map between 
function spaces.

The Solution Operator
They learn the solution operator mapping initial 
coefficients to whole continuous fields: They learn the 
operator mapping initial conditions to full fields:

Key Benefit: mesh-independent—evaluate at any 
resolution without retraining.

a(x) → G_θ → u(x, t)

Operator Architecture Advantages

Generalizes across different grid sizes and 
discretizations.

Fourier Neural Operators (FNO) parameterize layers in 
Fourier frequency space.

Fast, robust neural approximations of fluid and weather 
systems.

Thesis Limitation: operators need massive simulation labels 
and no generative interface.

Resolution Independence

Spectral Convolutions

PDE Surrogates

Li, Zongyi et al. "Fourier Neural Operator for Parametric Partial Differential Equations." 2021. | Lu et al. "Learning Nonlinear Operators via DeepONet." 2021.



P h y s i c s  T u t o r i a l  

Training-Time Constraints vs. Inference-Time Guidance

Training-Time Constraints

Enforces physical equations inside the objective 
function during training.

Requires system-specific equations from day one

Restricts the model's cross-domain flexibility

Requires complete model retraining if rules change

Inductive Bias: Locks parameters to one 
predefined set of equations.

Methodology A
Inference-Time Guidance

Starts from a pretrained prior and evaluates constraint 
violations during sampling.

Retains full zero-shot, cross-domain prior power

Guides noisy estimates toward physical limits

Adapts to new physical laws without retraining

Posterior Refinement: aligns samples with physics 
without hur]ng representa]on.

Methodology B

Raissi et al. "Physics-Informed Neural Networks." 2019. | Chung et al. "Diffusion Posterior Sampling for General Noisy Inverse Problems." 2023.



P h y s i c s  T u t o r i a l

Posterior Refinement Intuition

Guided Probability Flow

Plausible Prior Sample From Temporal Prior

Constraint Evaluator Energy Score E(x)

Ground-Truth Valid Output Refined Trajectory

The Bayesian Bridge: refinement is posterior 
optimization (prior × constraint likelihood), keeping 
plausibility.

Refinement Process Steps

Each reverse step adds a physics-violation energy gradient.

Slide the noisy representation toward lower-energy 
regions, minimizing violations.

The generaLve prior stops collapse into non-physical 
states.

Inference Advantage: guidance turns blind generation into 
bounded physical inference.

Evaluate Constraint Energy E(x)

Gradient-Guided Step Adjustments

Preserve Plausibility Boundaries

Chung et al. "Diffusion Posterior Sampling for General Noisy Inverse Problems." 2023. | Song et al. "Score-Based Generative Modeling through Stochastic Differential Equations." 2021.



Scientific Data adds hard constraints and extreme scarcity.

RESOLVED "STANDARD" CHALLENGES

Sta.s.cal Robustness
Handling missingness and irregular
 intervals via diffusion.

High-dimensional Scaling
Modeling complex correlations in massive 
multivariate streams.

THE "DEEP SCIENCE" BARRIER

Hard Constraints
Conservation laws and symmetries must be 
strictly obeyed.

Extreme Data Scarcity
High-cost experiments mean learning from few 
examples.

THE REALITY GAP of

Scientific Data 
=

Structure+Scarcity

135Grounding enforces validity. 



The Core Idea: Incorporate Physics Knowledge into FMs

136

"Model’s potential output:" "Physics constraint:"

Ideal way to go



Physics Guided Foundation Models
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Founda.on Models

𝑥#$% , 𝑥&#'

Physics-Informed 
Knowledge

Guide sampling with 
physics

"Model’s potential output:" "Physics constraint:"

Ideal way to go



Physics as an Energy Term during Inference
Proving that inference-<me correc<on is the op<mal solu<on for physical consistency.

No Retraining: Physics is injected at inference 
time, allowing a single model to adapt to various 
physical systems. 

Physics as Energy 

ℱ represents physical operators (e.g., Navier-
Stokes, Heat Eq). 

𝒦 measures physical violation. 

Low Energy = High Physical Adherence

Physics Residual (Energy)

𝒦 𝑥; 	ℱ = ℱ(𝑥, ∇𝑥, ∇(𝑥,… ) (

Op@mal Distribu@on

The Optimal Goal (Theorem 3.1)  

The ”Ideal way to go” (the optimal distribution 𝑞)  is a 
Boltzmann Energy Distribution:

𝑞 𝑥 	∝ exp(−𝒦 𝑥 + 𝛼 log 𝑝)(𝑥))

Term 1: 𝒦 𝑥; 	ℱ
The ”Lane Constraint” (Physics Residual): Minimizing this keeps 
the car on the road. 

Term 2: 𝑙𝑜𝑔 𝑝$(𝑥)
The ”Engine” (Data Prior): Ensures the car still looks and move 
like a correct car.

138

Physics Data Prior



Pre-trained TimeDiT

𝑥#$% , 𝑥&#'

𝑥*+,

PDE Solver (𝐹)

PDE Residual:
𝐾(𝑥*+,; 𝐹)

PDE-guided 
Refinement

𝑝"(𝑥#) = *𝑝(𝑥$)+
%&'

$
𝑝"(𝑥%('|𝑥%)𝑑)!:#

Learned data 
prior

Physics 
constraint

Energy-based 
Minimization 

Solution

139

PINFDiT steers diffusion samples toward the physical manifold.
Trea<ng physical laws as a differen<able energy func*onal rather than hard-coded constraints. 

The Steering Mechanism (Algorithm 1)  

𝑥-./ = 𝑥- + 	𝜂∇ −𝒦 𝑥-; ℱ + 	𝛼 log 𝑝) 𝑥- + noise
Stochastic Gradient Langevin Dynamics 

Model-Agnostic: Work as a “plug-and-play” corrector.

Guaranteed Convergence: Theorem 3.2

Zero Retraining: No need to rebuild the foundation model

Physics Correction
Maximizes adherence to 
fundamental laws (PDEs)

Data Prior
Ensures samples remain on 
the realistic data manifold

Result:
Physically Consistent 

Generation

Status: [Cao, Defu, et al. "PINFDiT: Energy-Based Physics-Informed Diffusion Transformers for General-purpose Time Series Tasks." ICLR 2026]



Comprehensive Validation: From Theory to Turbulence

● Three PDEs: covering major physics types 
● Zero-shot testing: No training on target physics 
● Baseline comparison: 20+ state-of-the-art models
○ CFD case study: Real computational fluid dynamics 

140

Physics Type Governing PDE System Key Challenge Real-World 
Application

Wave Dynamics Advection Equation Shock formation Modeling weather 
fronts

Heat Transfer Burgers' Equation Turbulence Simulating engine 
cooling

Fluid Flow Navier-Stokes 
Equations Chaotic behavior Aerodynamics and 

design

Table 1: Overview of Physical Systems Under Study



Main Results - First Foundation Model with Physics Guarantees

141

Integrating physics-informed 
priors into the diffusion model 
sampling process further improves 
performance.

Table 2: Comparison of model performance across different physical systems 
using both deterministic metrics for accuracy and probabilistic metrics 

(CRPS) for uncertainty quantification evaluation.



Grounding Improves Both Accuracy and Physical Consistency
Demonstrating superior performance and physical consistency across diverse scientific domains.

Paradigm Comparison
Normalized Metrics (Higher = Better)

PINFDIT (Ours)

Constraint Violation

Purely data-driven models frequently 
generate physically implausible states

Solution Space Restriction

Physics-guided sampling restricts the 
generation manifold to valid physical states

Dual Improvement

Constrained generaUon improves both 
accuracy and calibra@on

Physics Systems

Advection 

Burgers 

Navier-Stokes 

142
PINFDIT covers largest area = Best overall 
performance

Metrics: RMSE (Error), MAE (Error), CRPS (Probabilistic Score)



CFD Case Study - Real-World Impact

143

η (eta), viscosity (smoothness)
↑ η = More diffusion, smoother 

solutions
↓ η = Less diffusion, sharper 

gradients

ζ (zeta): forcing frequency 
(complexity) 
↑ ζ = Higher frequency 

oscillations, smaller structures
↓ ζ = Lower frequency 

oscillations, larger structures



Physics FM Stabilizes Long-horizon Scientific Forecasting

Physical Regimes
• Viscosity (η) controls smoothness
• Forcing frequency (ζ) controls dynamical complexity

144

Low ζ High ζ

Low η Smooth Convective

High η Damped Turbulent

Grounding:

• Enforces physical validity

• Prevents drift in complex regimes

• Calibrates uncertainty
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6.40%
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PINFDiT Gains Across CFD Regimes



PINFDiT for Climate Intelligence

● Data-driven forecasting               First-principle atmospheric physics
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0.92
0.9

0.88 0.89

0.987 0.987 0.987 0.987

0.82
0.84
0.86
0.88
0.9

0.92
0.94
0.96
0.98

1

6h ACC 12h ACC 18h ACC 24h ACC

Climax (Foundation) PINFDiT (Full)

PINFDiT maintains a near-perfect 0.987 ACC consistently across all lead times, whereas baseline models degrade as 
the horizon expands.

ACC: 
Anomaly 

Correlation 
Coefficient



Consolidating the Temporal Foundation

146

PINFDiTTimeDiTTEMPO

Can we create universal 
representations for temporal 
patterns? Yes! — through 
representation alignment.

Can one model handle all tasks 
despite data imperfections? Yes! — 
via unified generative modeling.

Can we inject domain knowledge 
without retraining? Yes! — via 
unified generative modeling.

Can we build an agentic layer that evaluates, selects, and coordinates these foundation 
models to execute reliable actions?

TSOrchestra



RESEARCH ROADMAP

The Reasoning Paradigm: Orchestrating for Decisions
TSOrchestra — Reasoning & Orchestration

147

CORE CHALLENGE
Strong performance alone does not guarantee 
correct decisions



Orchestration: No Single Model Wins

T U T O R I A L  ·  P A R T  I I I  ·  M O D U L E  4

How to route, combine, and audit temporal experts — case study: agenEc orchestraEon

01
Agent Systems 101
A step-by-step primer on agentic 
pipelines for temporal decision-
making.

02
LLMs as Auditors
Don't ask LLMs to forecast 
numbers — ask them to audit 
evidence.

03
Routing That Works
SHAP-based expert selection, 
evaluated on the GIFT-Eval 
benchmark.



A g e n t  S y s t e m s  T u t o r i a l  

What Is an LLM Agent?
An LLM agent runs a closed loop: perceive, reason, 
act, and learn from feedback.

Reasoning Core: the LLM plans and emits structured tool 
commands.

State & Memory: tracks history, errors, and environment 
updates across steps.

Dynamic Policy Loop: Continuously repeats the cycle: 
Observe → Plan → Act → Feedback.

Main Takeaway

An agent is not just a static prompt; it is a feedback-driven decision system.

The Agent-Environment Interaction Cycle

Yao et al. "ReAct." 2023.
 Wang et al. "Voyager." 2023.

1. Observe State

2. Execute Action

3. Receive Feedback

4. Update Memory Cognitive
LLM Core



A g e n t  S y s t e m s  T u t o r i a l

Agent Harness: LLM + Tools + Memory + Environment
A practical agent needs a robust harness—the 
infrastructure that wraps the LLM.

1. Model Core: The language model that performs logical 
reasoning and generation.

2. Executable Tools: APIs, staUsUcal models, simulators, 
and computaUon engines.
3. Multi-Tier Memory: Session state, long-term logs, and 
past error patterns.
4. Dynamic Environment: External state that evolves with 
agent actions.
5. System Controller: Manages retries, tool routing, and 
failure recovery.

Main Takeaway
The harness determines the boundaries of what an agent 
can execute.

Agent Harness Layered Stack

User Goal / Global Objective

System Controller • Flow Rules & Policies

LLM Reasoning Core

Tools Memory Environment

Schick et al. "Toolformer." 2023.
 Yao et al. "ReAct." 2023.



A g e n t  S y s t e m s  T u t o r i a l

ReAct: Reasoning and Acting in One Loop
Problem: Reasoning alone cannot touch the world; 
acFng without reasoning is blind.

The ReAct Paradigm
Interleaves Thought and Action step-by-step for 
interpretability and resilience.

Supports multi-step tasks: Decomposes complex 
goals into iterative steps.

External feedback-driven: Real-time observations steer 
subsequent reasoning paths.

Explicit tool integration: Transforms API execution 
directly into logical premises.

Trace Simulation: Execution Loop

Check validation errors for the target horizon.

query_validaWon_metrics(horizon="96")

A: MAE 0.23 (short) · B: MAE 0.88 (long)

Expert A wins short-horizon → 80% weight to A.

update_ensemble_weights(A=0.80, B=0.20)

Yao, Shunyu et al. "ReAct." 2023.

THOUGHT 1

ACTION 1

OBSERVATION 1

THOUGHT 2

ACTION 2



A g e n t  S y s t e m s  T u t o r i a l

Toolformer: Learning When to Use Tools
Problem: LLMs are fluent but weak at arithmetic, 
lookup, and specialized computation.

Self-Supervised Decision: models learn to emit API-call 
tokens within normal text.

Delegation Principle: offload heavy computation to external 
tools.

Main Takeaway

Agent skill hinges on knowing when to call specialized tools.

Inline API Decoupling Mechanics

Input Stream • Auto-triggered Execution

A validation error triggers an inline API call that returns 
a concrete value.

1. Inline Call Detection

Recognizes the 
specific API tag

2. Sandbox Compute

Executes code or 
queries models

3. Context InjecWon

Merges results back 
into output

Schick, Timo et al. "Toolformer." 2023.

[API: compute_mae(pred, true)] 0.142



A g e n t  S y s t e m s  T u t o r i a l

Reflexion: Self-Feedback Without Weight Updates
Problem: multi-step agents loop and fail, but constant 
fine-tuning is too costly.

1 Verbal Reinforcement Learning

Translates raw failures into linguistic autopsies of what 
went wrong.

2 Episodic Memory Accumulation

Stores reflections in a context buffer to avoid repeating 
past errors.

Main Takeaway

Agents become reliable by converting runtime failures into 
reusable self-feedback.

Verbal Feedback Loop Architecture

Shinn et al. "Reflexion." 2023.

1. Action Attempt Agent output rollout

2. Failure Signal Observed Constraint / 
Metric Violation

3. Self-Reflection "Why did I fail?"

4. Short-Term Memory Storage Conditioning future 
attempts



A g e n t  S y s t e m s  T u t o r i a l

Voyager: Lifelong Skill Acquisition
Voyager agents accumulate reusable long-horizon 
skills with no parameter updates.

Automatic Curriculum: proposes progressively harder goals 
from current mastery.

Skill Library: Stores synthesized code modules as 
persistent, reusable assets.

Iterative Prompting: refines scripts live from compiler and 
error feedback.

Main Takeaway
Long-horizon agents require memory, skill reuse, and 
continuous task adaptation.

Lifelong Skil l  Generation Loop

Wang, Guanzhi et al. "Voyager." 2023.

1. Automatic Curriculum
Sets progressive exploration goals

2. Action Script Generation
Compiles and tests execution code

3. Skill Library Integra]on

Saves proven scripts as executable APIs
Query / Store



A g e n t  S y s t e m s  T u t o r i a l

Scaling Agents Requires Scaling Environments

Static corpora can't teach interactive reasoning—
agents need live environments.

Interactive Experiential Data: rollouts expose agents to 
edge cases and unexpected failures.

Validation streams as simulators: forecast logs, grid state 
machines, and drift benchmarks become environments.

Main Takeaway

Agent intelligence is shaped by the environments and 
feedback loops it experiences.

Generation-Execution-Feedback (GEF) Paradigm

Huang et al. "Scaling Environments for LLM Agents." 2025.

1. TASK GENERATION
Synthesizes adaptive scenarios to test boundaries

2. AGENT EXECUTION
Agent executes multiround plans in the environment

3. ENVIRONMENT FEEDBACK
Real-time execution outputs, compilers, metrics

4. CONTINUAL LEARNING
Extracts experience to condition future reasoning logs



A g e n t  S y s t e m s  T u t o r i a l

Agent Evaluation: From Static Accuracy to Interactive Success

NLP benchmarks grade text; agents must be graded 
on state transformation and execution process.

Task Success Rate
Binary or conLnuous 
verificaLon of final 
objecLve compleLon.

Planning Efficiency
Measures shortest path 
execution and avoiding 
reasoning loops.

Error Recovery
Ability to adapt strategy 
dynamically when compiler 
or tool errors strike.

Audit Trail
Verifiability and 
mathematical alignment of 
reasoning steps.

Main Takeaway
Agents must be evaluated by process and outcome, not only 
final text quality.

Static NLP vs.  Interactive Agent Benchmark

Dimension Static Benchmark Agent Benchmark

Interaction Single-turn prompt Multi-round feedback loop

Environment None (Isolated execution) Dynamic state changes

Tool Use None APIs, compilers, optimizers

Failure Recovery One-shot success/
failure Dynamic self-correcWon

Liu et al. "AgentBench." 2023.
 Zhou et al. "WebArena." 2024.



A g e n t  S y s t e m s  T u t o r i a l  

From General Agents to Temporal Agents
TSOrchestra bridges general agent-interaction models 
and numerical time-series algorithms.

Isomorphism of Concepts: observation, action, tools, 
memory map onto forecasting-stack operators.

Action Boundary Shift: temporal agents tune weights and 
constraints from numerical evidence.

Main Takeaway

TSOrchestra is a temporal agent ac]ng over model evidence, 
not raw space.

Theoretical Analogy Mapping

General Agent System Temporal Orchestration System (TSOrchestra)

Observation Validation errors, rolling loss metrics, 
regime flags

Tools Decomposition modules, TSFMs, 
classic statistics APIs

Memory Historical validation matrices, past 
out-of-bounds error patterns

Actions Select expert models, adjust 
ensemble weights, call auditors

Feedback Target loss reduction, alignment 
accuracy, explanation faithfulness

Yao et al. "ReAct." 2023. • 
Bates & Granger. 1969. • 

Wolpert. 1992.



A g e n t  S y s t e m s  T u t o r i a l  •  S u m m a r y

Bridge to TSOrchestra: Agen<c Orchestra<on
Agent systems theory forms the final metacognitive 
control layer of the temporal stack.

Decision Loop: Moves from static prompting to multi-step 
execution over feedback.
Harness Power: Delegates intensive forecasting 
computations to specialized models.
Systemic Reflection: Stores diagnostic failure trails as 
persistent episodic memory.
Evaluated Success: Assesses forecasting metrics alongside 
execution safety and logic.

TSOrchestra Architecture Paradigm
The language agent never forecasts raw numbers; it 
orchestrates and audits numerical evidence.

O r c h e s t r a t e d  F o r e c a s ] n g  I n f r a s t r u c t u r e

Shinn et al. "Reflexion." 2023. 
• Wang et al. "Voyager." 2023. 
• Liu et al. "AgentBench." 2023.

1. Raw Temporal Data Stream
Continuous input metrics, missing values, anomalies

2. Specialized Numerical Experts
TimeDiT (Generative) • PINFDiT (Physics) • ARIMA (Stats)

3. TSOrchestra Agentic Controller
Active Selection • Constraint Verification • Logical 

Explanations



LLMs reason, but hard to forecast
• Language pretraining lacks temporal bias and numerical 

precision.

No single foundation model wins
• Moirai-2, Sundial, Toto each win some regimes—none 

dominates.

Real-world regimes keep shifting
• Non-stationarity moves the best model over time; static picks 

fail.

Goal: orchestrate models with interpretable, forward-
looking control.

Motivation: The Gap in Temporal AI



No Single Temporal Model Wins across All Regimes

Performance depends on domain, horizon, frequency, 
metric, missingness, regime shift, and constraints.

Short Horizon Success

A lightweight linear model 
can win on short horizon 
electricity demand...

Long Horizon Failure

...but fail on long-horizon 
traffic, irregular health logs, 
or rare financial shocks.

Main Takeaway

Temporal heterogeneity makes model 
complementarity inevitable.

Model Reliabil ity  Matrix Across Regimes

Domain Short Horizon Long Horizon Regime Shifts

Electricity (Power)

Traffic Flows

Healthcare Logs
Makridakis et al. "The M4 

Competition." 2018.
 Aksu et al. "GIFT-Eval." 2024.

DLinear PatchTST Chronos

PatchTST Moirai ARIMA-g

TimesFM LAG-Llama Moirai



Core Concept: Intelligent Judge

Metacogni]ve Control

• Acts as a controller, not a predictor
• Reads forecasts, CV metrics, domain priors → strategic 

weight updates

Iterative Refinement

• Multi-turn reasoning tests hypotheses (“Is this shift 
spurious?”)

• Balances specialists & anticipates regime shifts — with 
causal explanations before final weights

𝑤1

𝑤2

𝑤3

𝑤𝑛
…

# Meta-info: metric; score, 
dataset information…;
# Cross-validation details
# Model rankings
# Optimized weights …

User Proxy Input

Reasoning Agent 

 Continue: …weights highlight 
the trend …, …seasonal …more 
weight

 Accepted: … weight 
highlights the seasonal …

Interpretability Reflection

# Your Task:
Briefly summarize the 
optimization history
{chat_history}
# Conclusion and Confidence
# Reason:
1. …

Foundation Model
Candidate Pool

Weight
Optimization

Real World
Time Series

Time Series Ensemble Inference & Reasoning Stage

Multi-turn Agentic Conversations



Numerical optimization finds a solution. Reasoning decides whether the solution is safe.

Objective

Learn decision protocols & boundary 
calibration from expert trajectories + 
synthetic edge cases.
Next-Token Loss

Objec]ve

Actor-only RL refines the reasoning policy; 
KL regularization keeps it stable.

Composite Reward

Objective

Multi-turn reasoning steers the SLSQP 
optimizer with interpretable outputs.

JSON Output

L = -Σ log p (y | y , x) r = clip(r + α·r + β·r , 0, 1) { "confidence": 0.85, "continue": false, "explanation": "..." }

Phase 1: Protocol SFT

SFT θ t <t

Phase 2: GRPO (RL)

base conf faith

Phase 3: Inference Loop

Post-Training: R1-Style Finetuning

SFT GRPO (RL) Inference



Ground the agent's reasoning in temporal physics — 
not linguistic plausibility — using causal interventions.

The Hallucination Trap

• LLMs invent plausible but false raUonales — e.g. 
“captures seasonality” when it tracks noise

• Reasoning becomes post-hoc rationalization, not a real 
driver — unreliable in regime shifts

Causal Faithfulness (SHAP)

• Measure Causal Effects (CE) of Trend / Seasonality / 
Residual via SHAP counterfactuals

• Reward r_faith = corr(Explanation, true CE) — forces the 
words to match the numbers

Innovation: SHAP-based

Faithfulness Rewards
ALIGNMENT MECHANISM

Agent ExplanaAon

"Trend is rising..."

SHAP Values
Physical Contribution

Pearson Correlation Reward

r faith = PCC(CE, EE)



Experimental Results: GIFT-Eval 
Benchmark

State-of-the-Art Ranking

Efficiency at Scale

Candidate Pool Diversity

Validated on 23 datasets / 97 settings — 
orchestrates Moirai-2, Sundial, Toto & TabPFN-TS 
via SLSQP.



Analysis: The Illusion of a “Best” Single Model

165

Why dynamic agentic orchestration outperforms static statistical metrics.



Analysis: The Illusion of a “Best” Single Model
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Why dynamic agentic orchestration outperforms static statistical metrics.

• Metric Contradiction — metrics disagree: 
winning on MSE ≠ winning on MAE in the same 
domain.



Analysis: The Illusion of a “Best” Single Model

167

Why dynamic agentic orchestration outperforms static statistical metrics.

• Metric Contradiction — metrics disagree: 
winning on MSE ≠ winning on MAE in the same 
domain (see Sales).

• Domain Fragmentation — no model wins 
everywhere; results split across Healthcare, 
Energy & Finance.



Analysis: The Illusion of a “Best” Single Model
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Why dynamic agentic orchestration outperforms static statistical metrics.

• Metric Contradiction — metrics disagree: 
winning on MSE ≠ winning on MAE in the same 
domain (see Sales).

• Domain Fragmentation — no model wins 
everywhere; results split across Healthcare, 
Energy & Finance.

• The LLM Judge — instead of a winner-takes-all 
pick on one flawed metric, the agent is a meta-
evaluator.

• Dynamic Orchestration — shifts ensemble 
weights per regime for robust decisions across 
all environments.

Conclusion:  Static metrics can't pick one model — we must dynamically orchestrate a portfolio of 
specialists.



Closing: From Temporal Foundation Models to Decision Intelligence

T U T O R I A L  ·  P A R T  I V

Stepping back: what the whole stack means for systems that evolve

01
The System View
One stack, four interfaces: 
representaEon, generaEon, 
grounding, orchestraEon.

02
Solved — and Open
The four gaps we closed, and the 
research challenges that remain.

03
The Takeaway
In real systems, the output is not a 
prediction — it is a decision under 
uncertainty.



One Stack, Four Interfaces

C L O S I N G  ·  F I N A L  S Y S T E M  V I E W

Everything we built today, in one picture — from data to decision

TEMPO
REPRESENTATION
Expose temporal 

structure

TimeDiT
GENERATION

Generate plausible 
trajectories

PINFDiT
CONSTRAINTS

Respect physical laws

TSOrchestra
ORCHESTRATION

Select, audit, and act

“Temporal intelligence emerges not from one model, but from the coordination of 
representation, generation, grounding, and orchestration.”



What We Solved

C L O S I N G  ·  C O N T R I B U T I O N S

Each layer closes a specific gap in the temporal stack

Structure Alignment
TEMPO: decomposition aligns continuous signals 
with pretrained backbones.

Unified Conditional Generation
TimeDiT: forecasting, imputation, and synthesis 
become one masked generation problem.

Physical Grounding
PINFDiT: domain constraints injected at 
inference Eme — no retraining.

Decision Orchestration
TSOrchestra: heterogeneous experts 
coordinated under deployment shift.

“We move from forecasting accuracy to reliable temporal inference.”



Open Research Problems

C L O S I N G  ·  O P E N  P R O B L E M S

This stack opens a research direction — it does not close one

Evaluation  —  measuring reliability beyond average error

Causality  —  separating correlation, intervention, and mechanism

Multimodal Context  —  combining series with text, images, logs, graphs, and events

Continual Adaptation  —  updating systems safely when regimes change

Human-in-the-Loop  —  letting experts inspect, override, and trust model outputs

“Reliability is not a solved metric; it is an ongoing system property.”



Why This Ma\ers for Real-World Decisions

C L O S I N G  ·  F R O M  M O D E L S  T O  D E C I S I O N S

Back to where we started: health, climate, energy, and science

Energy Grids
Forecast demand, respect capacity, dispatch 
robustly.

Healthcare
Impute missing vitals, quantify uncertainty, 
detect deterioration.

Climate & Science
Generate physically consistent long-horizon 
trajectories.

Finance & Operations
Adapt to regime shift and choose which expert 
to trust.

“In real systems, the final output is not a prediction. It is a decision under uncertainty.”



Thank You — Ques<ons?

T U T O R I A L  ·  C L O S I N G

Dynamic System Temporal FM Stack Decision Support


