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To address the practical challenges including noise interference in oil well production time series data,
nonlinear dynamic evolution characteristics, and inadequate feature mining capability of traditional deep
learning models, this paper constructs a hybrid time series prediction model VAE-CLP by combining
Variational Autoencoder (VAE), supervised contrastive learning and Gated Recurrent Unit (GRU).
Specifically, a variational feature reconstruction network is firstly built to integrate multi-dimensional time
series information such as bottom-hole pressure, water injection rate and historical liquid production, and
realize the mapping of high—dimensional data to a low-dimensional continuous latent space. The model
adopts the reparameterization sampling method and introduces KL divergence for constraint control, which
enables latent variables to fit the standard normal distribution and strengthens the model’ s generalization
ability.Secondly, a supervised contrastive learning mechanism is innovatively embedded into the latent
space to aggregate samples with similar working conditions and separate heterogeneous samples in
the feature space, so as to improve the model’ s ability to distinguish complex oilfield production states.
Finally, the reconstructed time series generated by the decoder is imported into a two-layer GRU structure
to deeply mine long—term and short—term temporal correlations in multivariate co—evolution, achieving
high—precision prediction of future oil well liquid production.Cross—validation is performed with field
measured data of multiple oil wells. The model maintains stable operation on test samples and presents
outstanding practical value and adaptability.
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