
Three steps to learn Meta Guidance: 
1. NSG assigns stronger weights to nearby timestamps following the proximity 

principle, where timestamps closer to the target moment are prioritized for 
weight enhancement:

2. PG assigns higher weights to timestamps at regular intervals that are identified 
through FFT analysis, leveraging frequency-domain characteristics to capture 
periodic patterns:

3. Learning to weight two guidances (i.e., NSG and PG), enabling dynamic 
adjustment of their contributions based on data characteristics.:
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Background

Ø Time series data suffer from missing valuesdue to sensor faults, 
communication interruptions, or irregular sampling, which destroy 
temporal dependencies and deteriorate downstream model.

Ø The non-stationarity and periodic of time series are critical 
characteristics that can substantially impact the performance of 
imputation models.

Ø Current approaches always adopt end-to-end learning to implicitly 
infer temporal patterns, largely overlooking the strategic integration of 
domain-specific inductive biases known to enhance imputation.

Ø Missing values in non-stationary time series should be inferred mainly 
from temporally local contexts.

Ø Periodic dependencies imply that observations at regular intervals are 
more likely to share similar patterns.

Motivation

Contributions

Ø We introduce two inductive biases for time series imputation — Non-
Stationary Guidance (NSG) and Periodic Guidance (PG) — which 
explicitly encode local continuity and periodic dependencies.

Ø We design Meta Guidance (MG), a lightweight, model-agnostic module 
that adaptively fuses NSG and PG according to input characteristics, 
enabling dynamic adaptation to diverse temporal dynamics.

Ø MG achieves up to 27.39% error reduction across nine real-world 
datasets.

Method Experiments

Showcase

Ø We evaluate our method on six widely used time series datasets — HD, 
Electricity, Traffic, Weather, ETT, and TCPC, covering diverse 
application domains such as healthcare, energy, and transportation.

Ø We integrate Meta Guidance (MG) into five strong deep imputation 
baselines: Transformer, CSDI, TimesNet, SAITS, and iTransformer.

Ø Across all datasets, these models show a consistent performance boost 
after incorporating MG, achieving an average error reduction of 
27.39%.

The example below shows that incorporating Meta Guidance significantly 
improves the imputation performance of TimesNet.

Three steps to incorporate MG into Transformer:
1. Add MG-based Normalization and De-

Normalization layers prior to the input layer 
of the model and subsequent to its output 
layer, respectively.

2. Multiply the MG sequence by the raw input 
data element-wise and subsequently feed the 
resulting product into an Embedding layer for 
feature mapping.

3. Concatenate the Embedded MG with the 
original input data along the feature 
dimension to form the new input data for 
subsequent network modules.
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Summary

Analysis

Ø Meta Guidance (MG) is a lightweight, plug-and-play module that can 
be integrated into most deep imputation networks, consistently 
enhancing performance across diverse architectures.

Ø MG introduces two inductive biases — Non-Stationary Guidance and 
Periodic Guidance — to explicitly encode non-stationarity and periodic 
dependencies in time series imputation.

The two guidance modules are both effective and complementary, jointly 
leading to optimal performance.


