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Making FFN Efficient

Revisiting LSH for approximating FFN: Potential Solution
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Making FFN Efficient

LookupFFN: Breaking dependency on True F
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LookupFFN: Efficient Approximation
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LookupFFN: Efficient Approximation

’ ' 7, = xR, arg max(z, [S];) = decimal(sign(z,))

Approximate Z exp({zp, [SIDIT,];
f»zeN(ka)

i 1eXP(<Zk [SIDIT,]
Z?zl eXp(<Zk9 [S]]>)

EquivalentL> ‘
H (exp(lz]) + exp( — [z]))
i=1

g
v




0

WISCONSIN

IIIIIIIIIIIIIIIIIIIII -MADISON

Making FFN Efficient

LookupFFN: Put it together
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LookupFFN: Connection to Vanilla FFN
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Remaining Challenge: Efficient Projection
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Remaining Challenge: Efficient Projection
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Remaining Challenge: Efficient Projection
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Making FFN Efficient

Efficient Projection: BH4
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Baseline Comparison

RoBERTa pretraining (small size and base size)

Log Perplexity
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0 1. 2.5 3.75 3
Method h 7™ MFLOP Log Perplexity
VanillaFFN - - 9.44 1.37
LookupFFN 170 9 1.39 1.41

Table 2. Log perplexity when scaling to a RoBERTa-base model.
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Comparing Different Configurations
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CPU Latency Comparison @
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Takeaway

LookupFFN recasts FFNs using efficient LSH strategies.

When married with LSH based approximations of self-attention, GEMM
operations within Transformer models can be nearly eliminated.

The resultant compute-lite model can allow deployment on CPU-based
platforms.

Many other software/hardware opportunities exist: we have only
scratched the surface.

O mipen/LookupFEN ' zzeng38@wisc.edu
GitHub
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