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Modern sparse models dynamically select a subset parameters to "activate" based on the current
input token, allowing compute and memory to scale separately. For this to be efficient, the sparsity

L°: Large Lookup Layers

The main tuning knob in L’ is the number of embeddings Algorithm 1 LZW Embedding Allocation
we allocate to each token ID. Allocating one per token
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We present a structured sparse architecture using embedding tables that enables fast offloaded inference and strong quality scaling
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L's quality scales with sparsity and model size
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