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Overview
• Hierarchically related time series

– Grouped by categorical features
• States/provinces
• Departments/colleges
• Race/gender/age

– Grouped by time period
• Daily/weekly/monthly/quarterly

• Data properties
– Skewed noise distribution
– Irregularly sampled
– Variable length
– Sparsity



Challenges

• Accurate and coherent forecasts provide valuable insights
• Forecast without considering hierarchy, reconcile afterwards
• Learn the data relationship in model training

• Further technical challenges for a high-quality forecasting pipeline
• Precise and consistent uncertainty characterization
• Interpretable results across multiple levels

Computationally expensive!
Learned bad graph representations!



Problem Formulation
• Move the reconciliation into model training

– Use information from adjacent levels
– Enforce learning pre-specified hierarchical structures

• Predicting quantile confidence intervals
– Robust to noisy data with outliers
– User specified uncertainty characterization

• Coherent uncertainty bounds across hierarchy
– Stable multi-level forecast without quantile crossing

Regularize higher-level forecasts using
lower-level predictions

Quantile regression with 5% and 95% quantiles



SHARQ
• Simultaneously reconcile multiple time series 

and their uncertainty bounds in a bottom-up
procedure

• Learn pre-specified graph structure in model 
training and generate multiple quantiles as 
forecasting intervals  

• Optimal solution of balancing accuracy and 
coherency

• Variance reduction at higher aggregation 
levels in model training



Results & Future Works
• Quantile forecast is robust to multiple 

types of noise (log normal, gamma) 
• SHARQ is model agnostic
• Performed better than other baseline 

methods, particularly at higher 
aggregation levels, and less 
parsimonious forecasting models

• Reduced inference time from post-
processing reconciliation methods
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