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1 Introduction 2 Sparse Feedforward Layers

>60% of transformer parameters are Mixture of experts (MoE)

in the feedforward layers. The first MoE! replaces the feedforward network with a gating

step to sample-efficient transformers
is sample-efficient feedforward layers.

solution! Our research questions and scores.

findings are as follows:

a dense feedforward network of the
same size?

Product Key Memory (PKM)
It's possible in the right configurations. PKM3 consists of a query network, a key table, and a
value table. The input is mapped to a query. The
output is the linear combination of values weighed
by the query-key similarity.

Are sparse feedforward layers faster
than the feedforward network?

It's currently false for small models.

4 Results

Controller Feedforward Network (CNT)

Can sparse feedforward layers offer CNT? adds a learned controller to the standard
better language understanding than feedforward network. The controller dynamically
masks the activation vector, making it sparse.
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3 Method

All our models are pretrained on the

network followed by many expert subnetworks. The
gating network find the most compatible experts for
the input. The MoE output is the linear combination

Sparse feedforward |ayers are the of expert outputs weighed by their Compatlblllty
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Inference Time of Feedforward
Layers in Milliseconds

PKM (k =42) 117.48
PKM (k = 28)
PKM (k =14)
CNT (N =64)
CNT (N =32)
CNT (N =16)
MoE (k = 3)
MoE (k = 2)
MoE (k = 1)
FFN

TinyStories dataset.

To test grammatical and language
understanding we evaluate our models on
BLIMP and (Super)GLUE tasks.

Learnable Parameter Count In All Models
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5 Discussion
& Future Work

Sparse models are flexible learners
because they approximate larger
networks than a feedforward network of
the same size.

However small transformers on a single
GPU do not enjoy the theoretical speed-
ups sparsity and conditional computation
bring.

Our research is limited by computational
resources, which restricts our search
space. We encourage future works in
exploring sparse feedforward layers
under more configurations.



