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Motivation Contribution

B We introduce InstructTime,which redefines time series classification
by treating 1t as a learning-to-generate task, utilizing a multimodal
language understanding approach to produce labels for each input
instance, and achieved the goal of cross-domain data simultaneous
training.

We employed vector quantization techniques to map time series to a
discrete vocabulary for each domain, while constructing an embedding
codebook rich in dense temporal information. This can makes 1t
possible to transfer model parameters among different domains.

We conducted extensive experiments on several commonly used
physiological signal datasets, and the results show that InstructTime
bring great improvements to the time series classification task,
indicating its potential impact for this area. At the same time, we also
demonstrated through experiments that this model has strong
capabilities 1n few-shot and zero-shot tasks as well.

B Limitations in Label Representation: Traditional time
series classification approaches typically use one-hot
encoding to represent target categories, which fails to
capture the comparability and similarity between different
labels.

Difficulty in Cross-Domain Model Transfer: Existing C
time series classifiers struggle with transfer ability and
generalization across different domains, which

significantly limits their practicality and universality.
Inconsistency in Modal Inputs: There 1s a fundamental C
difference between continuous time series data and the

discrete textual data processed by language models,

leading to 1nconsistencies in modal 1nputs that can

adversely affect model performance.

Methodology
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Figure2: An input-output example of the

Figure 1: The illustration of the network architecture of the InstructTime. InstructTime

B Time Series Discretization: Train the Vector Quantization network based on the TCN architecture for unsupervised reconstruction tasks, and use the codebook in VQ, which contains dense and
effective sequence information, as the vocabulary for time series.

B Representation Alignment Pre-training: Pretrain the PLM using Auto-Regressive approach to fully integrate time series tokens with text tokens, and learn cross-domain general representations.
B Supervised Fine-tuning: Employ domain-specific supervised generative fine-tuning to tailor the pre-trained base model to the target domain effectively.

Experiments
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The code 1s avaliable at htips://github.com/Mingyue-Cheng/InstructTime.
feel free to concact us (mycheng(@ustc.edu.cn) 1f you have any suggestions!
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