
Data Transformations:
• Series-to-Series — data preparation and feature generation.

• StandardScaler, DifferenceNormalizer..
• Series-to-Features — build a “wide” series matrix with lagged versions of generated features.

• Seasonality features.
• Features-to-Features — perform window-based processing.

• LastKnownNormalizer (normalizing values by the most recent observed one in available history).
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Tsururu:
A Python-based Time Series 

Forecasting Strategies Library

Abstract
While current time series research focuses on developing new models, crucial questions of
selecting an optimal approach for training such models are underexplored. Tsururu, a Python
library introduced in this paper, bridges SoTA research and industry by enabling flexible
combinations of global and multivariate approaches and multi-step-ahead forecasting
strategies. It also enables seamless integration with various forecasting models. Available at
https://github.com/sb-ai-lab/tsururu.

Framework Design
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Multi-series prediction strategies [1, 2]:
• Global — fits a single model to all time series, treating 

them as independent.
• Multivariate — fits a single model to all time series and 

allows the model to capture dependencies between 
them. 

• Besides, each DL model supports Channel Independence 
(CI) and Channel Dependence (CD) modes [3].

Direct

Recursive MIMO

FlatWideMIMO
Direct-MIMODirect-Rec

Rec-MIMO

Multi-step-ahead prediction strategies:
h — model horizon (MH); H — full horizon.
• Recursive — trains a single model to predict the next 

point (MH = 1), iteratively extending predictions across 
the forecast horizon and using previous predictions to 
update the features in the test data [4]. 

• Direct — uses separate models for each point (MH = 1) 
in the forecasting vector [4].

• MIMO (multi-input-multi-output) — trains a single 
model to simultaneously predict the entire forecast 
horizon (MH = H) [5].

• FWM (flat-wide-mimo) — uses a single model to 
predict a specific point in the forecasting vector, with 
the horizon index explicitly provided as an input 
feature. 

• Hybrid strategies: Recursive-MIMO, Direct-MIMO, in 
which MH > 1.

Single model

Single model

𝟏 < ℎ < 𝑯

Models:
• ML: CatBoost [6], SketchBoost [7].
• DL: Linear (DLinear [8], CycleNet [9]), CNN-based (TimesNet [10]), Transformer-based (PatchTST [11], 

GPT2 [12]).

In Tsururu, data moves through a structured pipeline.

Experimental setup
Models:
• SketchBoost, DLinear, PatchTST, GPT2, CycleNet.

Strategies:
• Global, Multivariate (both CI & CD).
• Recursive (MH=1), Recusrive-MIMO (MH=6), MIMO, FWM.

Dataset:
• ILI [https://gis.cdc.gov/grasp/fluview/fluportaldashboard.html]

• There are results for other datasets in our github repository.

Study 2: Features & Strategies

Comparison of hyperparameters of data manipulation pipeline. For boosting, there is no Multivariate CI 
mode by construction; only Multivariate CM mode is available. 

Other:
• 50 epochs. Batch size=32.
• LR=0.0001. Cosine-based scheduler.
• History=96. Horizon=24.
• Model hyperparameters were 

unchanged from initial works.

Study 1: Preprocessing

A critical difference diagram visualizes the ranking of preprocessing methods across other fixed 
hyperparameters of the pipeline. Methods not connected by a horizontal line are significantly different. 
Here, we consider StandardScaler (SS) with LastKnownNormalizer (LKN) or DifferenceNormalizer (DN) 

• Used delta-mode (based on subtraction; delta- and ratio-modes are available)

Study 3: Models & Strategies

Best 10 combinations model-strategy based on MAE on validation and test subsets. 

• The diversity of top-ranked models and strategies underscores the importance of exploring 
rarely used model-strategy combinations. 

Conclusion & Future Work
• Tsururu supports ablating all-with-all combinations of preprocessing, models, multi-series and multi-

step-ahead prediction strategies.
• Our experiments show the advantages of using rarely employed preprocessing (like

LastKnownNormalizer) and strategies (like Recursive for PatchTST).
• Future work includes incorporating Rectify, DirRec; building a universal neural network constructor,

testing patching techniques, and supporting mixed discretization within multivariate datasets.

https://github.com/sb-ai-lab/tsururu
https://gis.cdc.gov/grasp/fluview/fluportaldashboard.html
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