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Architecture

* Queries require additional context for disambiguation.
* Small models lack the parameters to store the world knowledge. MOGIC Task + @ ~Alignment T g Matching

* Larger models are slow and not deployable in real world scenarios. 9
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* MOGIC uses parametric memory to inject contextual metadata.
Chall * Oracle models with metadata access guide disciple models.
allenges * Trainable Components: Parametric memory bank, usion parameters,
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Sensitivity to noise:
noisy retrieval from
memory can degrade
task performance.

Latency: metadata
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Guess what ? MOGIC(OAK) Consistently Outperforms Baselines
It works !!

Fusion method
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MOGIC with multiple disciples Various LLMs as oracles (on WikiSeeAlso)

Model Performance vs Noise Level
MOGIC(OAK) Shows Superior Noise Robustness
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