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1 Introduction: BERT Binarization

« Large Pre-trained BERT
- BERT has achieved remarkable performance on NLP tasks

- it still suffers expensive FP32 parameters and operations

* Network Binarization Qx(X) = a By

-1, if x>0

- compression by binarizing parameters B, = sign(x) ={ L et

- accelerating by applying bitwise operations z=0Q,W) 0@ = a.(By @ B,)
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1 Introduction: Overview
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« Main Contribution
- the first full binarization approaches to large pretrained BERTSs;

- identify the challenges that make existing binarization methods difficult
to transfer to binarize BERTSs, expecially their activation;

- achieve impressive 56.3x and 31.2x saving on FLOPs and size.
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2 The Rise of BIBERT: Bottlenecks of Binarized BERT

* Binarized BERT Architecture
- Architecture perspective. Binarizing MHA Fpselfattennon——eeog——mz

brings the most significant drop of accuracy ngjj';"e‘;‘j;ﬂ 70 ﬂ o
among all parts of the BERT. While binarizin = e o s ss12  ——
FFN and pooler layers brings less harm to th 77 pooter s 75.42 E— 7253
accura Cy. 70 77.60 80 90 60 707230 80
* Distillation for Binarized BERT
SST-2 QQP
- Optimization perspective. For most o I 7541 I 7340
distillation terms, solely removing them inthe ... 724 | I 7085
distillation will harm the performance, however, -. m——'r7sc  E—— ) 05
the performance increases when the . I 758 I 7007

distillation loss of attention score is removed. 70 75 7760 80 65 0 7230 75




2 The Rise of BIBERT: Bi-Attention

 Information Degradation in Attention Structure
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- Theorem 1: Given A € R¥ with Gaussian distribution and the variable
B: generated by BZ = sign(softmax(A — 1)), the threshold 7, which
maximizes the information entropy ' (B3), is negatively correlated to
the number of elements k.
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2 The Rise of BIBERT: Bi-Attention

« Bi-Attention for Maximum Information Entropy
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- The Bi-Attention binarize the attention weight into the Boolean value,
while our design is driven by information entropy maximization:

[CLS]
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B, = bool(A) = bool(—= (B ® By
A (A) (5 (Bo ® Bk"))
Bi — Attention(Bq, Bk, By) = By X By e
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- where [X is a Bitwise-Affine Matrix Multiplication (BAMM) operator
composed by XNOR-Bitcount and bit-shift to align training and
inference representations and perform efficient bitwise calculation.
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2 The Rise of BIBERT: Direction-Matching Distillation

* Direction Mismatch

- Theorem 3: Given the variables X and X follow N (0, a7), N (0, g,)
respectively, the proportion of optimization direction error is defined as
Perrorg-bit = P(sign(X — Xr) # sign(quantizeq(X) — X)), where
quantizeq denotes the Q — bit symmetric quantization. As  reduces

from 8 to 1, Perroro—bit PECOMES larger.

Bits (Q) 1 2 3 4 5 6 7 8
Proportion (%) 14.36% 642% 4.35% 330% 276% 2.56% 251% 2.49%

- Besides, the activation scales in binarized and FP32 BERTs are
significantly different since application the discrete binarization function.
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2 The Rise of BIBERT: Direction-Matching Distillation

« DMD for Accurate Optimization

- DMD is designed to solve the optimization direction
mismatch in the distillation of the BERT full binarization. -

- We first reselect the distilled activations for DMD, and
then =construct similarity pattern matrices for distilling
activation, which can be expressed as
QxQT L T L Vi T

“1axQT’ TXTRxKT TV VXV

Laisin = €omD + fhid + Cpred, fomp = Z Z IPri — Prrill,
le[1,L] FeFpwmp

- By applying the DMD in BIBERT, we mitigate the
direction mismatch of output caused by binarization.
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Experiments: Precision Performance

Table 2: Comparison of BERT UdntlZdthn methods without data augmentation.

: . - <L m/mm < O LS AVE.
Tull Precision 323237418 773 BIO/855 914 921 932 397 901 83 722 839
QBRI - AL R — GRS LB £ LI T S i L .
Q2BERT 2-8-8 43.0 6.5 4721473 610 613 806 0 44 684 527 417
TernaryBERT 2-2-8 28.0 6.4 83.3/833  90.1 - - 507 - 875 682 -
BinaryBERT 1-1-4 16.5 1.5 83.9/842 912 909 923 444 872 833 653 799
TernaryBERT 222 28.0 1.5 40.3/400 631 500 807 0 124 683 545 455
BinaryBERT 1-1-2 16.5 0.8 62.7/63.9 799 526 825 146 65 683 527 537
TernaryBERT 2-2-1 28.0 0.8 327330 741 593 531 0 71 683 534 423
TBaseline” T [ B 134 047 TAFATO I3 T664T 76T 5 7 T 1027775417504
Baselines o 1-1-1 13.4 0.4 47.7/49.1 741 679 800 140 115 698 545 521
BinaryBERT I-1-1 16.5 0.4 35.6/353 662 SLS 532 0 6.1 683 527 410
BinaryBERT 0, 1-1-1 13.4 0.4 39.2/400 667 595 541 43 68 683 534 435
BiBERT (ours) 1-1-1 13.4 0.4 66.1/675 848 726 887 254 336 725 574 632
Full Precision o 323232 257 113 RI6/832 716 904 931 _SI1 837 873 700 794
R (o g e I 17— GaRThor RN LT 1 B -1 SRR X SR A— 75"2‘“""'5‘5'*)’""'62‘.‘1“'
Full Precision . 323232 336 12 8ISBI8 713 817 026 441 804 864 770
R (o g F - J— . T— S LALLM TR S SN . S A+ . 1 I
Table 3: Comparison of BERT quntlZdtl()n methods with data augmentation.

Quani #Bits  Sizequsy  FLOPs,  QNLI _ SST2 ColLA SIS MRPC __ RTE  Ave.
Full Precision 323232 a8 773 071 932 397 901 %63 722 823
G BERT A - L R  — oS- /1 - o - - T /= .
Binary BERT 1-1-4 16.5 1.5 91.4 93.7 533 88.6 860 715 808
Ternary BERT 222 28.0 1.5 50.0 87.5 20.6 72.5 720 472 583
Binary BERT 1-1-2 16.5 0.8 51.0 89.6 33.0 1.4 710 559 520
Ternary BERT 2-2-1 28.0 0.8 50.9 80.3 6.5 10.3 715 534 455
B L e S o o S e - o S R A T .
BinaryBERT 1-1-1 16.5 0.4 66.1 783 1.3 22.1 69.3 577 50.1
BiBERT (ours) -1- 134 0.4 76.0 90.9 378 56.7 788 610 67.0
Full Precision g 32-32-32 257 3 90.4 031 511 837 873 700 792
T BIBERTg. (ours) T -1 5 PR 0.2 760 90.7 s T 627 T ¢ I Ly . 66.7
Full Precision o 323232 556 12 877 926 EEN] 804 864 666 762




Conclusion

* Novel Technique: the first full binarization approaches for large pretrained
BERT models.

« Theoretical Analysis: present theoretical formulations of the
phenomenons (Information Degradation in Attention Structure & Dirsction
Mismatch) applying full binarization for BERTSs.

* Good Precision: show improvements of full BERT binarization than
existing methods across several mainstream NLP tasks.

« High efficiency: achieves impressive 56.7x computational FLOPs and
31.2x storage saving.
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