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Built-in OS search suffers from poor
accuracy, aggressive re-indexing, and no
support for scoped or ad-hoc queries.

Grep and Lexical retrieval models offer a
practical baseline, but fall short of
contextual embeddings.

Can we have contextual embeddings while
staying within the constraints of common
CPU hardware?

Reduce the expensive layers in
Transformers, operate with less
parameters.

How to reduce reliance on GPU?
Pre-train on GPU, released model can
fine-tune and index on CPU overnight.

How to adapt a pre-trained cavalry
encoder to your local corpus?

Build a retrieval dataset from local files
by sampling n-grams, train
contrastively.

CPU-native Adaptive Vectors for Local Retrieval.
CAVaLRy Embeddings
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Unlike small transformers that
maintain token-level representations
through every layer, Cavalry
collapses the sequence into a single
vector early, making inference cost
nearly independent of document
length.
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