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Overview

Problem
State-of-the-art machine translation methods employ massive amounts of parame-
ters. Compressing such models is essential for efficient inference on edge-devices.

Proposition
We propose a quantization strategy for the Transformer. Our goal is to:
I Quantize all operations which can provide a computational speed gain.
I Exploit hardware resources as efficiently as possible.
I Maintain accuracy with respect to full-precision.
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Figure 1: Fully Quantized Transformer
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Figure 2: Feed-forward
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Figure 5: Multi-Head Attention
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Figure 6: Scale Dot-Product Attention

Quantization [4]

Given an element x of a tensor X, we apply the quantization function Q:

Q(x) =
⌊
clamp(x;xmin, xmax)− xmin

s

⌉
∗ s + xmin (1)

s =
xmax − xmin

2k − 1
(2)

For weights:

xmin = min(X)

xmax = max(X)

For activations:
xmin, xmax = Running Estimates

Results

Table 1: Original Transformer vs quantized variants.

Table 2: Evaluation of different bitwidth for quantization.

Table 3: Quantization scheme variations.

Table 4: Language Modeling task.

Pruning

Figure 7: xmax of a ReLU layer, one xmax per output node. (Encoder left, Decoder right)

Table 5: Adaptive vs fixed rate pruning, equal proportions.
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