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1. The Challenge: Naive Finetuning 3. MSFT: Multi-Scale Finetuning Framework 4. Long Sequence Forecasting

Time Series Foundation Models (TSFMs) show impres- We propose MSFT, a plug-and-play framework that explicitly models multiple scales to eliminate the confounding effect of scale. Comparison on ETT, Electricity, Weather datasets. MSFT con-
sive zero-shot performance. However, adapting them to down- sistently improves over other finetuning methods.
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adjustment. 0. Takeaway
Three Key Components:

1. Scale-Specific Knowledge Activation: ScaI.e Matters: Explicitly Model Scale for Robust Fore-
. - » Instead of a shared projection, we use Scale-Specific Adapters (Linear layers) for input projection. casting.
Key CO“trlbUtlﬂnS » Independent LORA modules for each scale to adapt attention weights without forgetting pretrained knowledge.

: . . . By treating scale as a causal confounder and explicitly modeling
» Novel Insight: First work to introduce multi-scale

_ _ _ _ _ pa Decoup'ed Dependency Mode'ing (The Core): It via MSFT, we unlock the true potential of Time Series Foun-
modeling into TSFM finetuning from a causal view. | A AN | | | | :
_ _ » Challenge: Tokens at different scales have misaligned time indices. Direct attention causes spurious correlations. dation Models.
» Method (MSFT): A general framework compatible with > Solution:
encoder-based TSFMs (MO|RA|, MOMENT, UN|TS) » In-Scale Attention: Masking M;, ensures tokens only attend to their own scale. Get the Code:
» Cross-Scale Aggregator: Explicitly fuses corss-scale information via Coarse-to-Fine (Repeat) and Fine-to-Coarse (AvgPool) branches. _

» SOTA Results: Surpasses naive finetuning and deep
learning baselines on Long Sequence & Probabilistic 3. Multi-Scale Mixing:
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oL,
github.com/zqiaoll/MSFT

Forecasting. » Learnable weights w; combine predictions from all scales (Ensembling effect).


https://github.com/zqiao11/MSFT

