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Introduction

Multi-Horizon Time Series Forecasting

Multi-horizon forecasting predicts multiple future time steps simultaneously.

● Unlike one-step prediction, it provides the entire future trajectory

● Enables better decision-making across time

○ Retail inventory planning

○ Healthcare treatment optimization

○ Economic forecasting

Real-World Challenge

Practical forecasting problems involve heterogeneous inputs:

● Static covariates (e.g., store location, patient ID)

● Past-observed time-varying inputs (e.g., historical demand, past glucose)

● Known future inputs (e.g., holidays, calendar effects)

These inputs:

● Interact in complex ways

● Are often poorly modeled by traditional methods



Limitations of Existing Deep Models

● RNN-based models assume all exogenous variables are known in the future

● Static covariates are often ignored or naively concatenated

● Transformer models focus on temporal attention but do not distinguish feature importance

● Most models are black-box, limiting interpretability



Problem definition
Static features per entity.

Examples:

● Patient ID

● Sex

● Age

● Store location

They do NOT change over time.

Observed Inputs

● Only known when measured

● Not available in the future

● Examples:

○ Past glucose

○ Past insulin

○ Past activity

Known Inputs

● Deterministic / pre-known

● Available in future

● Examples:

○ Hour-of-day

○ Day-of-week

○ Calendar featuresWe predict the entire future trajectory simultaneously.





Loss Function

Training loss =  Sum over:

● All samples

● All forecast horizons

● All quantiles





Temporal Fusion Transformer Core Components

1️⃣ Gating Mechanisms

● Skip unnecessary parts of the architecture

● Provide adaptive depth and network complexity

● Allow flexibility across different datasets

2️⃣ Variable Selection Networks

● Select relevant input variables at each time step

● Dynamically control feature importance

3️⃣ Static Covariate Encoders

● Encode static features into context vectors

Condition temporal dynamics on entity-specific information

4️⃣ Temporal Processing

● Capture both short-term and long-term dependencies

● Sequence-to-sequence layer (LSTM) → local processing

● Interpretable multi-head attention → long-range dependencies

5️⃣ Quantile Forecasting

● Produce prediction intervals

● Estimate the range of likely target values

Enable uncertainty-aware multi-horizon forecasts



Gating Mechanism



Variable Selection Networks



different parts of the model need static information in different forms.

Static Covariate Encoders





Thanks

Questions? 
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