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Method Fully Size (Gb) Compr BLEU
State-of-the-art machine translation methods employ massive amounts of parame- Quantized  [EN-DE, EN-FR| ~EN-DE (2014) EN-FR EN-DE (2017)
ters. Compressing such models is essential for efficient inference on edge-devices. Vaswani et al. (2017) [2.02, 1.94] Ix 27.3 38.1 -
Cheong & Daniel (2019) 0.69 2.92x - - 27.38
o Bhandare et al. (2019) > 0.96 < 2.1x 27.33 - -
Proposition Fan (2019) > 0.51 < 3.99x 26.94 - -
We propose a quantization strategy for the Transformer. Our goal is to: FullyQT N [0.52, 0.501 3.91x 27.60 3991 27.60
» Quantize all operations which can provide a computational speed gain. Table 1: Original Transformer vs quantized variants.
» Exploit hardware resources as efficiently as possible.
» Maintain accuracy with respect to full-precision.
. EN-DE EN-FR
Model  Method Precision | pp; BLEU Size (Gb) Compr. | PPL  BLEU Size (Gb) Compr.
Base  Baseline 32-bit | 495 2646  2.02 Ix | 321 3834 1.94 1x
Ful IyQT Default Approach 8-bit 74.04  0.21 0.52 3.91x nan 0 0.50 3.91x
Post-Quantization ~ 8-bit | 497 2644  0.52 391x | 326 3830  0.50 3.91x
FullyQT 8-bit | 494 2638  0.52 391x | 323 3841 0.50 3.91x
Output Post-Quantization ~ 6-bit | 6.00 24.84  0.39 518x | 398 35.02 037 5.17x
Probabilities _ FullyQT 6-bit 509  26.98 0.39 5.18x | 3.38  37.07 0.37 5.17x
FullyQT 4-bit | 11.96 1832 0.6 7.66x | 4821  1.59 0.25 7.64x
Big  Baseline 32-bit | 403 2685 685 Ix | 272 4017  6.69 1x
Post-Quantization 8-bit 427  26.55 1.74 3.95x 2778  39.78 1.69 3.95x
FullyQT 8-bit | 424  27.95 1.74 3.95x | 2.80  40.17 1.69 3.95x
Post-Quantization 6-bit 512  24.86 1.31 5.24x 3.08 37.92 1.28 5.24x
FullyQT 6-bit | 478  26.76 1.31 524x | 2.87  39.59 1.28 5.24x
FullyQT 4-bit | 33.11 1022  0.88 7.79x | 4242 2.81 0.86 7.79x
Table 2: Evaluation of different bitwidth for quantization.
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Figure 2: Feed-forward EN-FR
———— Method PP BLEU
Feed Attention
Forward ] N x No Bucketing 3.49 37.14
Q (ex) No Gradient Clipping 2549.30 0
N x No LayerNorm Denominator Quantization 3.22 38.29
o) (z o ) 8-bit Quantized Weights, Full-precision Activations ~ 3.20  38.36
Multi-Head Multi-Head
Attention Attention - Table 3: Quantization scheme variations
L 1 U Figure 3: Softmax ' '
Positional Positional
Encoding e ¥ N e Encoding Precision Size (Mb) Compression WikiText-2 WikiText-103
Input Output P LLoss PPL LLoss PPL
Embedding Embedding :
Q(x—un 32-bit 243.04 1 565 284.15 591 369.20
Q kY + ,B 8-bit 61.93 3.92x 5.64 282.67 594 377.79
Inputs Outputs Q (\/ o2 + e) 6-bit 46.75 5.20x 5.64 28148 593 37644
(shifted right) 4-bit 31.57 7.70x 5.65 28426 594 378.67

Figure 1: Fully Quantized Transformer

Vv

MatMul

T
Scaled Dot-Product ll Mask (opt.)
Attention 4 h
| T T

Figure 4: LayerNorm
Table 4: Language Modeling task.
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Figure 7: x,,.. Of a ReLU layer, one z,,,, per output node. (Encoder left, Decoder right)

EN-DE EN-FR
Model Method PPL. BLEU Nodes Pruned Total PPL.  BLEU Nodes Pruned Total
in Encoder FF Compr. in Encoder FF Compr.
K Q Q K \ Base No pruning 439 27.60 0% 3.95x | 290 3991 0% 3.95x
L1-norm fixed | 5.57 23.99 13.57% 4.02x | 4.38 29.01 9.47% 3.99x
Fioure 5° Multi-Head Attention Figure 6: Scale Dot-Product Attention Tmare fixed 457 27.33 13.57% 4.02x | 3.18 39.40 9.47% 3.99x
J Tmaz adaptive | 4.40  27.60 13.57% 4.02x | 290 39.91 9.47% 3.99x
Big No pruning 424  27.95 0% 397x | 2.80 40.17 0% 3.97x
: : L1-norm fixed | 5.80 22.65 26.39% 421x | 4.16 28.85 28.41% 4.24x
Quantization [4] v, fixed | 447 27.43 26.39% 421x | 291  39.40 28.41% 4.24x
Tmaz adaptive | 4.25  27.95 26.39% 421x | 2.80 40.17 28.41% 4.24x

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

Clamp(ZE, Lmins ajmaa:) — Lmin

Q) =

S

Lmar — Lmin

2k — 1

S =

For weights:

Tmin = min(X)
Tmar = Max(X)

For activations:

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

*S+xmin (1)
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