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BACKGROUND

 Problem: Existing LLM architectures remain inefficient in pretraining due to redundant modeling

COMPARISONS WITH SOTA METHODS

e Effect of LoKiFormer on pretraining performance. We reaches the same validation loss in 7.5K
steps, compared to 10K steps for the baseline, achieving 1.33 x faster pretraining convergence.

OVERVIEW OF LOKIFORMER ARCHITECTURE

LoKiFormer enhances the standard decoder block with two complementary modules for efficient
pretraining: 1) Local Fusion Attention introduces locality-aware representations before attention,
enabling the model to capture short-range dependencies more efficiently and allowing attention

of sequence-internal local patterns and inflexible access to sequence-external global knowledge.
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Our Goal: 1) explicitly capture local patterns for efficient attention; 2) enable direct access to global
knowledge for flexible knowledge integration.

LOCAL FUSION ATTENTION

e Field—-domain associations of KMM. Removing a specific field mainly degrades its corresponding
MMLU domain, indicating explicit and interpretable knowledge retrieval.

CONTRIBUTIONS Insight: Natural language exhibits strong local syntactic and semantic dependencies. \%6«0@ I 60
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* Decoupled Parametric Memory for Global Knowledge. We argue that implicit knowledge

KNOWLEDGE MEMORY MODULE

representation in MoE couples knowledge storage with computation, limiting transparent access

Insight: Global knowledge should be explicitly stored and directly retrieved.
KV

and tlexible manipulation. To address this, we introduce a Knowledge Memory Module, which
Solution: KMM projects the latent KV representation c
from learnable key—value fields K € R¥ >4« ) ¢ R Xdv.

explicitly stores reusable knowledge abstractions in addressable slots, enabling direct knowledge into queries H and retrieves knowledge

retrieval and interpretable inference.

e Improved Pretraining Efficiency. Our architecture achieves 1.33x faster convergence faster
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