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PROBLEM: FIXED TOP-P IS UNSTABLE M Pl CONTROLLER — LEARNABLE SPARSITY DTop-p converges to T=8 with low variance (o=1); fixed Top-p drifts with

o=4. It activates fewer experts in shallow layers, more in deep layers.
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I: Initialize integral error accumulation e,,,,, « 0
2: Initialize probability threshold p; = pg
3: forstept = 1,2, ... with batch B; € D do
Accumulator for number of activated experts .y, + (
Forward Pass:
for layer i = 1to L do
Compute raw logits for input representation x: z + Wx
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10: Select minimal set of experts S such that ) . o P > p;
] . ' . . 11 ri(x) Zﬁ fori € S, else 0 (Equation 4)
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