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Background & Motivation

General Time-
Ser ies Model

• Scalar, temporally indexed sequences 
provide limited informational.

Limited expressiveness of TS data

Heterogeneity of Downstream Tasks

• Current TSFMs require task-specific 
modifications at various levels.

Key Challenges in buliding TSFMs GTM Objectives

Unified Pre-training Framework

• Establish the first generative-task-agnostic 
model for TS analysis.

Enhanced Representation Learning

• Improve TS representation by exploring 
new dimensions.
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Key Observations

 Joint distributions of amplitude-frequency and phase-frequency differ 
significantly across time granularities.

• A non-parametric estimation method: 2-D Kernel 
Density Estimation.

•  2-D Gaussian kernel function 

•  2-D Scott’s rule as bandwidth function.

• Implication: Time granularity is a critical but 
unexplored dimension in TS representation learning.

Empirical Analysis
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GTM Architecture Overview

 General Time Series Model

• Instance norm + Channel Independence (CI)
• Patching + Masking
• Linear embedding

Input Embedding

Backbone

Output Projection

• N-stack Decoder-only Transformer backbone. 
• Attention Modules: Jointly models temporal and frequency 

patterns.

• A unified linear projection layer
• Followed by instance denormalization
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Fourier Attention Module

Granularity-aware Fourier Attention Mechanism

• Key Embeddings: Five learnable vectors, each strictly corresponding to a 
typical temporal granularity (Day, Hour, Min, Sec, MS).

• Granularity Encoding: 
Encode time granularity as a 
quintuple (e.g., [0, 0, 15, 0, 0] 
for 15-min).

• Query Generation: Map the 
quintuple into a query vector 
via linear embedding.

• Value Vector: Frequency-
domain features directly 
transformed from temporal 
representation via FFT.

• Granularity Experts: Five low-rank modules to capture granularity-specific frequency patterns.
• Global Module: A parallel fully-connected module capturing universal frequency patterns.
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Unified Pre-training Framework

Hybrid Masking Strategy

• Span shuffling
• Random and controlled consecutive tail masking
• 2D positional encoding

Hybrid Temporal Attention Masks

• Full attention for reconstruction
• Causal attention mask for autoregressive forecasting

 GOAL: Unify mask reconstruction and autoregressive forecasting under a single objective. 
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Main Results: Generative Tasks

Long-term Forecasting Imputation Anomaly Detection

• Pre-trained on UTSD-12G datasets[1]

[1] Yong Liu, Haoran Zhang, Chenyu Li, Xiangdong Huang, Jianmin Wang, Mingsheng Long: Timer: Generative Pre-trained Transformers Are Large Time Series Models. ICML 2024

• Consistently outperforms 
SOTA models.

• Directly utilizes the pre-trained 
model for fine-tuning.

• GTM gets the largest 
performance gains over SOTA 
models on ETTh1 and ETTm1, 
with up to 25.0% MSE and 
12.1% MAE reductions.

• GTM achieves the highest F1 
score across all baselines.
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Main Results: More experiments

Classification Zero-Shot Few-Shot

• GTM achieves the most best-
and second-best results 
compared to SOTA multi-task 
TSFMs.

• GTM ranks first on average 
MSE across 5 datasets with a 
forecasting length of 96 in 
zero-shot.

• GTM outperforms
• TimesFM across 4 forecasting 

lengths on ETTm1 data.
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Main Results: Ablation & Efficiency

Ablation Study

Baseline GTM Advanced GTM Complete GTM

Efficiency Analysis

B
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Conclusion & Key Contributions

1. Model design 2. Pre-training 3. Experimental Results

• Pioneered the first generative-
task-agnostic foundation 
model for time-series analysis.

• Introduced a novel 
Granularity-Aware Fourier 
Attention mechanism to 
capture frequency-domain 
distributional differences.

• Developed a unified pre-
training framework that 
jointly optimizes reconstruction 
and autoregressive objectives.

• Leverages a hybrid masking 
strategy alongside 2D 
positional encoding to enhance 
model robustness and 
generalizability.

• Consistently outperforms 
SOTA baselines across diverse 
benchmarks with minimal or 
zero task-specific adaptation.

• Exhibits clear scaling 
behavior and highly cost-
effective efficiency, making it 
highly suitable for real-time 
industrial applications.
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