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INGENIOUS is an effective method to select informative ; ;
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subsets for efficient training of language models, based on (@ ) (&

submodular optimization.

/ Submodularity \

A set function f: 2¥ - Ris called a submodular function if s2.0 o vnmmserr
the following property is satished:

fAuw}) = f(4) = f(BU {v}) — f(B)
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Example: If f denotes the consumer costs, submodularity
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) Q- Limitations & Future Directions
» Experiments pertaining to INGENIOUS framework are
Combuting s. o performed on relatively small language models compared to
/ PUting 5y \ _lama or GPT-3. Future work could extend the framework to
cLs) 2 S A A A A i nuge training corpora(~trillions of tokens) which are
e R e e - i - commonly used today.
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g—8 58 5 858 588958 * INGENIOUS can be extended to multi-modal settings where
3 S & § § 8 8 8§ §8 & § & & images and/or knowledge graphs can be brought in.
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* Submodular measures such as Mutual Information can be
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sentence 1 [ B . BB [ Meanofit layer used to efficiently train domain-specific language models.
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