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Determine first training losses of two locally deployed embedding models

corresponding augmented sample set, where the original sample total set
includes a private sample set and a common sample set

\ 4
Use each sample in the original sample total set as a target sample, calculate

label, an embedding vector that is output by an embedding model with higher
stability for the target sample, and determine a second training loss of the other
embedding model for the target sample

v
Provide, for a label party, a first embedding vector that is output by a
predetermined first embedding model in the two embedding models for each

a first embedding vector provided by each of the multiple parties, a locally

deployed fusion model, and a held sample label, where the first training loss, the

second training loss, and the third training loss are used for training a model
locally deployed on each of the multiple parties
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Determine first training losses of two locally deployed embedding models through
contrastive learning based on an original sample total set and a corresponding
augmented sample set, where the original sample total set includes a private sample
set and a common sample set

\ 4
Use each sample in the original sample total set as a target sample, calculate stability
indicators of the two embedding models for the target sample, use, as a label, an
embedding vector that is output by an embedding model with higher stability for
the target sample, and determine a second training loss of the other embedding
model for the target sample

A 4
Determine a third training loss based on a first embedding vector that is output by a
predetermined first embedding model in the two embedding models for each
common sample, a first embedding vector provided by each of other parties in the
multiple parties, a locally deployed fusion model, and a held sample label, where the
first training loss, the second training loss, and the third training loss are used for
training a model locally deployed on each of the multiple parties
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common sample, so that the label party determines a third training loss based on f
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