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Motivation

* Transformer FFN layers (e.g., SwiGLU, GEGLU) require two full matrix

multiplications per token.

* This doubles weight-memory bandwidth at inference which is a key latency

bottleneck.

* Compute is cheap; memory access dominates on modern GPU:s



GLU Family

» GLU introduces element-wise gating: GLU(x) = g(ng) ® (va)
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GLU Family

» GLU introduces element-wise gating: GLU(x) = g(ng) O, (va)

where x € R”, W W, €| Xd and g an arbitrary gating function.

* Improves expressivity and gradient flow compared to other FFN structure

* But requires two large projections (value + gate).



What is MGLU?

» Masked Gated Linear Unit (MGLU) replaces two projections (W,, W,) with one

shared matrix W, where each neuron is masked to act as value or gate:

y=x(1-MYOW)Oocux(Mo W))
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Mask Learning

* Binary mask M € {0,1 VinXdou js learned via STE (straight-through estimator)

S e
ST

* The mask determines sub-spaces for gating and value within the same weight.




Mask Learning

» Optional multi-mask extension (MoEG) improves expressivity using multiple M..
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Key Intuition

* Share weights, separate roles: gate/value come from disjoint masked regions.

* Achieves GLU behavior without doubling memory access.

* Compatible with any Transformer FFN (drop-in replacement).



FlashMGLU: Kernel Design Goal

* Fuse weight loading + mask decoding into one kernel.

» Compute gate & value directly on-chip (register/shared memory).
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FlashMGLU: Packed Mask Encoding

» Each weight element stores multiple binary masks (e.g., 8) packed into 1 byte.

* Reduces memory load by up to 47% vs SwiGLU.
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Results

* Accuracy improves with more masks; saturates near n, = 4.

* SwiMGLU (n, = 4) = SwiGLU performance with fewer weights.

nm | #weights | PPL] | ArcEt ArcCt HStT PiQAT SciQf
GELU - 113M 25.8 47.47 1945 28.09 60.61 64.80
SwiGLU - 141M 23.7 48.15 20.05 2853 6143 67.90
SwiMGLU 1 113M 25.0 48.91 19.28 28.25 60.72  69.00
SwiMGLU 2 113M 24.5 49.12 19.97 2849 60.01 70.60
SwiMGLU 4 113M 23.9 4899 2056 2849 61.70 69.10
SwiMGLU 8 113M 23.5 48.65 2056 28.63 61.53 68.00
SwiGLU - 1.08B 12.3 64.94 2892 3720 69.15 84.50
SwiMGLU 1 808M 13.0 63.72 27773 3620 68.61  83.00
SwiMGLU 2 808M 12.7 62.08 26.71 36.52 68.44  84.20
SwiMGLU 4 808M 12.4 65.78 2892 37.69 69.26 84.20




Results

Training Loss Training Perplexity Training Loss Training Perplexity 7 \'éch
30 - , g
3.6 3.6 |
3.4 3.4
25
3.2 3.2
0 2 4 6 8 10 O 2 4 6 8 10 0 2 4 6 8 10 O 2 4 6 8 10
Processed Tokens (B) Processed Tokens (B) Processed Tokens (B) Processed Tokens (B)
— GELU —SwiGLU -— SwiMGLU (n,,=8) Nm=1 —nNp=2 —n,=4 —n,=8
16 16
3.0 3.0
2.8 2.8
14 14
2.6 2.6
12 12
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
Processed Tokens (B) Processed Tokens (B) Processed Tokens (B) Processed Tokens (B)
- SwiGLU — SwiMGLU (77,«,n=4) nMp=1 —np=2 -—n,=4




Is FlashMGLU fast?
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Summary

 MGLU: Shares one weight matrix for gate and value — ~50 % fewer memory

reads.

* FlashMGLU: Custom fused kernel achieving > 19X speed-up with no accuracy

loss.
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