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Time series exhibits inherent non-stationarity,  
which degrades the performance of deployed forecasting models.

To address non-stationarity,  
Test-Time Adaptation (TTA) has been proposed,  

which corrects prediction results during model inference  
using only data observed at test time. 

TAFAS (Kim et al., 2025) has been introduced TAFAS, 
which performs distribution correction at the input and output 
of a frozen source forecaster.

However, the dual-adapter scheme of TAFAS involves design complexity and  
create uncertainty about the impact of input transformations on internal model representations. 

 
To this end, we propose Context-aware Output-Space Adapter (COSA),  

which offers a direct output-space correction approach that operates with minimal computational overhead. 

Non-stationarity of Time Series

Overview of Test-Time Adaptation

Overview of TAFAS
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COSA consists of … 
• Context Vector: Summarizes observed ground truth. 
• Linear Residual Layer: Computes a correction residual via linear transformation 

of the concatenated base model prediction and context vector. 
• Gating: Controls correction strength within [-1, 1] via tanh(g) to prevent overcorrection. 
• CALR: Combines cosine annealing with loss-trend-based dynamic adjustment 

 for fast and stable convergence within few adaptation steps

Overview of COSA Detailed Architecture of COSA
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COSA-F (Fixed): Uses a fixed batch size of B=48 
COSA-P (Periodic): Sets batch size B dynamically using PAAS, 
adjusting adaptation frequency based on the data's frequency patterns 

Key Findings: 
• COSA achieves the best performance across all 6 datasets, 4 horizons, and 6 base models. 
• 10.48%–13.05% improvement over SOTA TTA methods (TAFAS, PETSA). 
• 13.91%–17.03% improvement over baselines without TTA. 
• Gains are architecture-agnostic. 
• Largest improvements at horizon 720, up to 32.24% over baseline. 
• Inference time of only 1.25ms/batch, achieving 88.59%–90.10% faster inference  

than prior SOTA TTA methods
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Conclusion 
• COSA: minimal, plug-and-play output adapter that directly corrects frozen model predictions 
• Consistent gains across all architectures and datasets with negligible overhead  

Future Work: 
• Extending to partial ground truth for real-time deployment 
• Adaptive context length and hybrid adapters for complex distribution shifts


