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Transformer Layer: {___)
Embedding Layer: [_J
Prediction Layer: {7
Layer Number: N > M

Teacher (BERT) Hidden Size: d > d’

% Student (TinyBERT)

Transformer
Distillation

Text Input
(@)
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X: Dataset
m: index of a student layer
Sm: the m' student layer

tg(m): the teacher layer corresponding to the mt" student
layers

f(*): the knowledge function
L(x): the loss function
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CKD:

Combination of Layers

TinyBERT: Distilling BERT for Natural Language Understanding

Xiaoqi Jiao'"] Yichun Yin?*} Lifeng Shang?, Xin Jiang’
Xiao Chen?, Linlin Li*, Fang Wang'* and Qun Liu?®
Key Laboratory of Information Storage System, Huazhong University of
Science and Technology, Wuhan National Laboratory for Optoelectronics
*Huawei Noah's Ark Lab
*Huawei Technologies Co., Ltd.

Published in EMNLP 2020 Findings (Long paper)
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(1) %ﬁ—‘t?i?’i% GD(General Distillation)
> JFpre-trained teacher BERTZ1IRiT# Z|general TinyBERT
(2) &= 18 TD(Task-specific Distillation)
> J%fine-tuned teacher BERT#1iRiE#% Zlfine-tuned TinyBERT
(3) #IEIESE DA(Data Augmentation)

Task-specific
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System #Params #FLOPS Speedup | MNLI-{(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE | Avg
BERTp s (Teacher) 109M 22.5B 1.0x 83.9/83.4 71.1 909 934 52.8 852 87.5 67.0 | 79.5
BERT vy 14.5M 1.2B 9.4x 75.4/74.9 66.5 848 876 19.5 77.1 832 626 | 702
BERTsumaALL 29.2M 34B 5.7x 77.6/77.0 68.1 864 897 278 77.0 834 61.8 | 72.1
BERT4-PKD 52.2M 7.6B 3.0x 79.9/79.3 702 85.1 894 24.8 79.8 82.6 62.3 | 72.6
DistilBERT 4 52.2M 7.6B 3.0x 78.9/78.0 68.5 852 914 32.8 76.1 824 54.1 | 71.9
MobileBERT 1y T 15.1IM 3.1B - 81.5/81.6 689 895 917 467 80.1 879 651 | 77.0
TinyBERT} (ours) 14.5M 1.2B 9.4x 82.5/81.8 71.3 877 92.6 44.1 80.4 86.4 66.6 | 77.0
BERT-PKD 67.0M 11.3B 2.0x 81.5/81.0 707 89.0  92.0 - - 85.0 655 -
DistilBERT 67.0M 11.3B 2.0x 82.6/81.3 70.1 889 925 490 81.3 86.9 584 | 768
TinyBERTj; (ours) 67.0M 11.3B 2.0x 84.6/83.2 71.6 904 931 511 83.7 87.3  70.0 | 794
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Tinybert: No.1 of the Most Influential EMNLP 2021 Papers

TABLE 1: Most Influential EMNLP Papers (2021-02)

YEAR RANK PAPER AUTHOR(S)

TinyBERT: Distilling BERT For Natural Language Understanding

IF:4 Related Papers Related Patents Related Grants Related Orgs Related Experts Details

2020 1 Highlight: To accelerate inference and reduce model size while maintaining accuracy, we first XIAOQI JIAO et. al.
propose a novel Transformer distillation method that is specially designed for knowledge

distillation (KD) of the Transformer-based models.

"Paper Digest Team analyze all papers published on EMNLP in the past years,
and presents the 10 most influential papers for each year."

https://www.paperdigest.org/2021/02/most-influential-emnlp-papers/
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Layer Mapping Search for KD

Improving Task-Agnostic BERT Distillation
with Layer Mapping Search

Xiaoqi Jiao'; Huating Chang?, Yichun Yin?, Lifeng Shang®
Xin Jiang®, Xiao Chen?, Linlin Li*, Fang Wang' and Qun Liu®
'Huazhong University of Science and Technology
2Zhejiang University
*Huawei Noah’s Ark Lab
YHuawei Technologies Co., Ltd.

Accepted by Neurocomputing
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Layer Mapping Search for KD

Last-Layer

ELM(Ours)

Teacher
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Figure 1: The diagram of different layer mapping

strategies.
Evolutionary The optimal Teneeygite Compact

o e optima BERT - Fine-Tuning
Search Engine [Layer Mapping Distillation Student

Proxy Corpus Proxy Tasks Full Corpus

RN s
v ~

@ Perform an evolutionary search @ Perform distillation with ELM 3 Fine-tune compact student on
to obtain the optimal layer mapping to obtain compact student different downstream tasks

Figure 2: Overview of the layer mapping search for task-agnostic BERT distillation. We focus on the first stage to
explore better layer mappings by the proposed approach under a proxy setting. S NOAH'S
13.2/36 @@HUAWEI S ARKLAB



Layer Mapping Search for KD
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Figure 3: The overview of ELM (or the evolutionary search engine). The process includes four stages: 1) Start with
a randomly initialized generation, the first generation, which consists of a set of genes. 2) Run the task-agnostic
BERT distillation in parallel with different genes (layer mappings) on the proxy corpus to obtain corresponding
students. 3) Pair each gene with a fitness value by fine-tuning the corresponding student on some representative
proxy tasks. 4) Perform the genetic algorithm (GA) to select the genes and produce a new generation by the
genetic operations crossover and mutation. By repeating stage 2 to 4, ELM would evolve better layer mappings
automatically and find the optimal gene.
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Layer Mapping Search for KD

Table 2: Comparison between student models with different layer mappings on the dev set. The fine-tuning results
are averaged over 3 runs. The 4-layer student has an architecture of (M=4, d=312, d;=1200, h=12), and the 6-layer
student has an architecture of (M=6, d=384, d;=1536, h=12).

. |SST-2 MNLI SQuADvI.I| MRPC CoLA QNLI QQP  SQuAD v2.0
Student | Strategy ‘Layer Map"l"g‘ (acc) (acc) (EM/FI) | (acc/F1) (mee) (ace) (accfF1)  (EMJED) | V8
Uniform (3.6912) | 874 710 667774 |765/84.6 213 849 86.0/81.7 589625 |72.1
i Laver | LastLayer 0.00,12) | 88.1 776 69.2/794 |838/88.6 214 857 87.2/82.9 594/633 |734
W Contribution | (1,10,11,12) | 868 761  64.4/764 |79.4/863 155 858 86.1/81.4 61.6/65.1 |71.7
ELM (ours) | (0,05,10) | 89.9 786 715812 |85.0/89.5 239 860 87.9/83.6 62.9/662 |74.9
Uniform (24,68.10,12) | 907 812  76.0/84.6 |85.0/89.6 272 892 882/84.1 63.0/713 |772
6 Laver | LSELaYEr | (00.000.12) | 898 813 76.0/847 |855/897 343 890 887846 687719 |82
Yl Contribution | (1,6,7,10,11,12) | 90.0 809  75.0/84.1 |84.6/89.3 285 88.8 88.0/842 66.570.0 |77.0
ELM (ours) | (050,00,10) | 91.5 824  77.2/857 |86.0/90.1 361 893 89.2/854 70.3/732 |792
2 HuAWEI

13_4/36

RUNOAH'S
ARK LAB



Content

Knowledge Distillation

CKD: Combination of Layers



CKD:

14_1/36

Combination of Layers

Why Skip If You Can Combine: A Simple Knowledge Distillation
Technique for Intermediate Layers

Yimeng Wu* Peyman Passban®*  Mehdi Rezagholizadeh Qun Liu
Huawei Noah’s Ark Lab

firstname.lastname@huawei.com

Published in EMNLP 2020 Proceedings (Short paper)
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CKD: Combination of Layers

s [—

0 e
cc 909 (G

soelalcoollece] [ece)

®0e ®00

0 (E0)

e scelece ece

s soo 860,

S soollece  [00®

SOSENS 00 ®00

Figure 2: Different variations of CKD. T has 5 and S
has 2 hidden layers. For the CC case M (1) = {1, 3,5}.
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ALP-KD: Attention-Based Layer Projection for Knowledge Distillation

Peyman Passban* Yimeng Wu Mehdi Rezagholizadeh Qun Liu

Huawei Noah’s Ark Lab
passban.peyman@gmail.com
{yimeng.wu, mehdi.rezagholizadeh, qun.liu}@huawei.com

Published in AAAI 2021
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ALP-KD
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Figure 2: Three pairs of S and 7 networks with different
forms of layer connections. In Figure 2a, teacher layers are
divided into 3 buckets and only one layer from each bucket
is connected to the student side, e.g. h?r is the source of
distillation for h% (h3- <+ hZ%). In Figure 2b, a weighted
average of teacher layers from each bucket is considered for
distillation, e.g. A(2) = {h%-, b5} and C* = v, hd-+ i, b5
(C? ++ h%). In Figure 2c, there 1s no bucketing and all teacher
layers are considered for projection. Links with higher color
intensities have higher attention weights.
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Problem Model CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B Average
N/A T e 5731 8339 8676 9125 9096 6823 92.67 8882 8242
N/A S 31.05 76.83 7770 8513 8897 61.73 83.19 8729 746l
skip, search S, 2922 7931 7941  86.77 9025 6534 9037 8745 76.02
skip, search S, 3213 79.26  80.15 86.64 90.23 6570 90.14 87.26 76.44
search Seono 3123 7942 80.64  86.93 8870 66.06 90.37 87.62 76.37
search Sepro 3195 7953 8039  86.75 89.89 67.51 90.25 8755 76.73
search Suenvo 3421 7926 79.66 87.11 90.72 6570 90.37 8752 76.82
search Suero 3386 7974 7990 8695 9025 6643 9048 8752 76.89
none Sar 33.07 79.62 80.72 87.02 9054 67.15 9037 87.62 77.01

Table 1: Except the teacher (7,,,,) which is a 12-layer model, all other models have 4 layers. Apart from the number of layers, all
students have the same architecture as the teacher. The first column shows what sort of problems each model suffers from. NKD
stands for No KD which means there is no KD technique involved during training this student model. NO and PO are different
configurations for mapping internal layers. Boldfaced numbers show the best student score for each column over the validation
set. Scores in the first column are Matthew’s Correlations. SST-B scores are Pearson correlations and the rest are accuracy scores.

2 HuAWEI
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Mate-KD: Adversarial Data Augmentation for KD

MATE-KD: Masked Adversarial TExt, a Companion to Knowledge
Distillation

Ahmad Rashid'*, Vasileios Lioutas?**f, Mehdi Rezagholizadeh’
'Huawei Noah’s Ark Lab, 2University of British Columbia
ahmad.rashid@huawei.com, contact@vlioutas.com,
mehdi.rezagholizadeh@huaweil.com

Accepted by ACL 2021 Proceedings (Long paper)
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Mate-KD: Adversarial Data Augmentation for KD
x o [

Lo (T(X),5(X) | ( Gy ]
e LX) 500 X ) (o
f I { Mask(.) }
x
9 3 Oé &8 Figure 2: This figure illustrates how a training sample
i 09;5 will be randomly masked and then fed to the text gen-

erator G to get the pseudo training sample.

ss <5 ogits (T(x))

e 1 y ¢ y=T)

ve ve [Teacher Network]

O] ]

31 i n )R :

ﬁi{ 5 3,/3 ¢ & lying

2
A y =50
[Student Network]

Maximization Step Minimization Step
(a) Training the Generator (b) Training the Student using the "X

original and the generated masked

adversarial text samples with KD X1 Xz X3
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Mate-KD: Adversarial Data Augmentation for KD

Method CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE Score
ROBERTaarge (teacher) 68.1 96.4 919 923 91.5 90.2 946 863 8528
DistilRoBERTa (student) 56.6 92.7 89.5 87.2 90.8 84.1 913 657 78.78
Student + FreeL.B 58.1 93.1 90.1 88.8 90.9 84.0 91.0  67.8 80.01
Student + FreeLB + KD 58.1 932 90.5 88.6 91.2 83.7 908 682 80.06
Student + KD 60.9 925 90.2 89.0 91.6 84.1 91.3 711 80.77
Student + TinyBERT Aug+ KD  61.3 933 90.4 88.6 91.7 84.4 91.6 725 8112
Student + MATE-KD (Ours) 65.9 94.1 91.9 90.4 91.9 85.8 925 750 82.64

Table 1: Dev Set results for the GLUE benchmark. The score for the WNLI task is 56.3 for all models.

Original

Generated

the new insomnia is a surprisingly faithful
remake of its chilly predecessor, and

sinister new insomnia shows a surprisingly terrible

remake of its hilarious predecessor, and

beautifully shot, delicately scored and
powered by a sct of heartfelt performances

beautifully sublime, delicately scored.

powered by great dozens of heartfelt performances

a perfectly pleasant if slightly pokey comedy

a 10 pleasant if slightly pokey comedy

that appeals to me

Federal appeals punished me

good news to anyone who’s fallen under
the sweet, melancholy spell of this
unique director’s previous films

good news for anyone who’s fallen under
the sweet, melancholy spell of this
unique director’s previous mistakes

Table 6: Examples of original and adversarially generated samples during training for the SST-2 dataset

16_3/36
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Minimax-kNN-DA: Sample Efficient Retrieval for Data Aug.

Not Far Away, Not So Close: Sample Efficient Nearest Neighbour Data
Augmentation via MiniMax

Ehsan Kamalloo*™® Mehdi Rezagholizadeh*® Peyman Passban™®  Ali Ghodsi''
ODepartment of Computing Science, University of Alberta
iHuawei Noah’s Ark Lab
David R. Cheriton School of Computer Science, Univeristy of Waterloo
IDepartment of Statistics and Actuarial Science, Univeristy of Waterloo

Accepted by ACL 2021 Findings (Long paper)
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Minimax-kNN-DA: Sample Efficient Retrieval for Data Aug.

A === f(z) © Aug. data (accept)
— fi(z) O Aug. data (reject)
— — (I) D Training data
8
<
O —
™ Sentence Repository !
ij: : : H 2': (1) Train a teacher
: z : H g
-_| I-O" O O=O-0=0-C D ’X Sentence Enco\ier‘”’j Sgant
x Ty T3 (e.g., SASE) g
P
Figure 1: Data sparsity problem in KD; f, f;. and :
fs are representing the underlying function, teacher, : @) Distill a model from teacher
q (2) Retrievp nearest neighbours
and student outputs respectively. We show 10 aug- H using augmerfed data
mented samples around 25 with small circles on the :

X-axis. The green circles show the augmented samples {3) Filter augmented datal™
which are selected by our MiniMax-kNN because these ) <
points correspond to maximum divergence regions of Y !
Figure 2: A schematic view of MiniMax-kNN

the teacher and student networks. The red circles are
rejected augmented samples.
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Minimax-kNN-DA: Sample Efficient Retrieval for Data Aug.

17_3/36

Model SST-5 SST-2 TREC CR IMP
RoBERTay 4ge (Teacher) 57.6 96.2 98.0 94.1 90.0
DistilRoBERTa 529 93.5 96.0 92.1 868
DistilRoBERTa + KD 53.2 93.6 96.6 92.1 877
DistilRoBERTa + vanilla-8NN 55.2 94.7 97.0 91.3 884

AUG. SIZE (#forward / #backward pass)  8x/8x  8x/8x 8x/8x  8x/8x 8x/8
DistilRoBERTa + MiniMax-§NN* 55.4 95.2 97.6 91.6  88.6

AUG. SIZE (#forward / #backward pass)  Sx/4x  Tx/4x 8x/4x  8x/2x 8x/lx

Table 2: Test accuracy (1) on the downstream tasks (*denotes our approach and bold numbers indicate the best

result—excluding the teacher—for each task).

2 HuAWEI
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Annealing KD
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Annealing Knowledge Distillation
L2 Aref Jafari, 2Mehdi Rezagholizadeh, !Pranav Sharma, 13 Ali Ghodsi
! David R. Cheriton School of Computer Science, University of Waterloo

*Huawei Noah’s Ark Lab
*Department of Statistics and Actuarial Science, University of Waterloo

Published in EACL 2021
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Annealing KD

Pre-trained Teacher
Tiz) = olz(z))

Logits
L |
() x 9(7)
J: Student
8 “ f T = Tmaz — 1
//( ’ S NEPE
sistant R
[
A = ) ] (B el e £ -
t t
Ev' (@)= a(z.:z))} Es‘(z) =o(z (rn] 57 ()
Teacher Assistant KD Annealing KD

Image is taken from: https://arxiv.org/pdf/1902.03393.pdf
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Annealing KD

L=1-XNLceg+ Mkp
Lo = Ho(y, (o(z()))

zt () zs()
CKD:TQKL(U( tT ),0( ))

Loss for Regular KD

18_3/36

- Eﬁg‘mling(i), Stage I: 1 < 7; < Tmax
Log, StageIl: 7, =1

LRy (i) = ||z,(x) — z(x) x 2(T7)|[3

@(T):lfTil

Tmax

51STST1T13X7TEN

Loss for Annealing KD
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Annealing KD

Table 3: DistilRoBERTa results for Annealing KD on dev set. F1 scores are reported for MRPC, pearson correla-
tions for STB-B, and accuracy scores for all other tasks.

KD Method  CoLA RTE MRPC STS-B SST-2 QNLI QQP MNLI WNLI  Score

Teacher 68.1 86.3 91.9 92.3 964 946 91.5 90.22/89.87 56.33 85.29
From scratch 593 679 88.6 88.5 92.5 90.8  90.9 84/84 52.1 79.3
Vanilla KD 60.97 71.11  90.2 88.86 9254 9137 91.64 84.18/84.11 56.33  80.8
TAKD 61.15 7184 8991 8894 9254 91.32 91.7 83.89/84.18 56.33 80.85

Annealing KD 61.67 73.64 90.6 89.01 9311 91.64 0915 85.34/84.6 56.33 8142

Table 4: Performance of DistilRoBERTz trained by annealing KD on the GLUE leaderboard compared with Vanilla KD and
TAKD. We applied the standard tricks to all 3 methods and fine-tune RTE, MRPC and STS-B from trained MNLI student model.

KD Method CoLA MRPC  STS-B  SST-2 MNLI-m MNLI-mm QNLI QQP RTE WNLI Score
Vanilla KD  54.3 86/80.8 85.7/84.9 93.1 83.6 82.9 90.8 71.9/89.5 74.1 65.1 789
TAKD 53.2 86.7/82.7 85.6/844 932 83.8 83.2 91  72/894 742 65.1 79
Annealing KD 54  88.0/83.9 87.0/86.6 93.6 83.8 83.9 90.8 72.6/89.7 73.7 65.1 79.5
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o BN BB RRITT B RS, Floating point representation -> Fixed point

representation

* Step1: Linear scaling

sc(@) = —, QA = Wiaz — Wiin AN B = Wiy

* Step 2: quantize

Ly T

2

Zilnt! Float 8 bit Quantized
* Step 3: scaling back -10.0(min) 0
2 30.0(max) 255
Qz)=a-z+p. — =

o REMTAE
* Q8BERT [Zafrir elt al., 2019] :Z%UHHE [\ 7] [7] & \activation 3K F 8bit;
* QBERT [Shen et al., 2019] : 2% PRk 28 3bit; 17 [7] & \activation ¥ FH 8bit;
* TernaryBERT [Zhang et al., 2020]: 245 FE A i) [A] &R F 2bit, activation=K F8bit;

0
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TernaryBERT: Distillation-aware Ultra-low Bit BERT

Wei Zhang; Lu Hou; Yichun Yin; Lifeng Shang, Xiao Chen, Xin Jiang, Qun Liu

Huawei Noah’s Ark Lab

Published in EMNLP 2020 Proceedings (Long paper)
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TernaryBERT: Z{EEMXHTIIZIESRE
BRIBSMARELE: (1/2-bit) EXHARLESE

=ARA

Full-precision

Quantized
Student Student
Lprea
SN
Farward Transformer layer Lerm
quantize propagation

Vg 127 . . Ternarization

wi=wil - @) V(@) «— I

Backward
Embedding Embedding

update in full-p

oL
wi*! = UpdateParameter(w', 5o5.1)

Forward

Full-precision
Teacher

77777777

Transformer layer

Distillation loss

Figure 2: Depiction of the proposed distillation-aware ternatization of BERT model.
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> IRBUNEW: 2-bitEk, BP-1,0,1
> iA[EE5EFEE: 2-bitE{k, ED-1,0,1
> HUEEA: 8-bit2fk

Table 1: Development set results of quantized BERT and TinyBERT on the GLUE benchmark. We abbreviate the
quantization bits for weights of Transformer layers as “W-bit”, word embedding as “E-bit”, activations as “A-bit”.

W-E-A

Size

MNLI-

(#bits) (MB) m/mm QQP QNLI SST-2 CoLA MRPC STS-B RTE
BERT 323232 418(x1) | 84.5/84.9 8750909 920 93.1  58.1 90.6/8.5 89.8/89.4 7.1
Q-BERT 288 43(x9.7) | 76.6/77.0 - - 846 - - - -
Q2BERT 288 43(x0.7) | 472473 67.0/759 613 806 0  81.2/684 4447 527
TernaryBERT (TWN) 228 28(x14.9) | 833/83.3 86.7/90.1 91.1 928 557 91.2/87.5 87.9/87.7 729
TernaryBERT (LAT) 228 28(x14.9) | 83.5/83.4 86.6/90.1 9L5 925 543 91870 879876 722
TernaryTinyBERT (TWN) 228 18(x23.2) | 83.4/83.8 87.2/90.5 9.9 930 530 91.5/88.0 86.9/86.5 71.8
Q-BERT 8-8-8 106 (x3.9) | 83.9/838 - - 929 - B - -
QSBERT 8-8-8  106(x3.9) | - 88.0/- 906 922 585  89.6-  89.0/- 688
Ours (BERT) 8-8-8  106(x3.9) | 84.2/847 87.1/905 918 937  60.6 90.8/87.3 89.7/89.3 718
Ours (TinyBERT) 8-8-8  65(xG.4) | 84.4/84.6 87.9/91.0 91.0 933 547 90.0/89.4 91.2/87.5 72.2
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TernaryBERT: #5E S51RE K /AT
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—%*— DistilBERT @ ALBERT @ Quant-Noise GOBO
—4— TinyBERT ~¥- LayerDrop % Q-BERT - Ours
84
\
;\382 * */
g /
o
©80
=1
Iv]
< v
78
107 102 103
Size(MB)

Figure 1: Model Size vs. MNLI-m Accuracy. Our pro-
posed method outperforms other BERT compression
methods. Details are in Section 4.4.

W-E-A Size  Accuracy
Method @#bits)  (MB) (%)
DistilBERT 32-32-32 250 81.6
TinyBERT 32-32-32 55 82.8
ALBERT-E64 32-32-32 38 80.8
ALBERT-E128 32-32-32 45 81.6
ALBERT-E256 32-32-32 62 81.5
ALBERT-E768 32-32-32 120 82.0
LayerDrop-6L 32-32-32 328 82.9
LayerDrop-3L 32-32-32 224 78.6
Quant-Noise PQ 38 83.6
Q-BERT 2/4-8-8 53 83.5
Q-BERT 2/3-8-8 46 81.8
Q-BERT 2-8-8 28 76.6
GOBO 3-4-32 43 83.7
GOBO 2-2-32 28 71.0
3-bit BERT 3-3-8 41 84.2
3-bit TinyBERT 3-3-8 25 83.7
TernaryBERT 2-2-8 28 83.5
TernaryTinyBERT 2-2-8 18 83.4
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BinaryBERT

BinaryBERT: Pushing the Limit of BERT Quantization

Haoli Bai', Wei Zhang?, Lu Hou?, Lifeng Shang?,
Jing Jin®, Xin Jiang?, Qun Liu?, Michael Lyu', Irwin King'
! The Chinese University of Hong Kong
?Huawei Noah’s Ark Lab, *Huawei Technologies Co., Ltd.
{hlbai, lyu, king} @cse.cuhk.edu.hk

Accepted by ACL 2021 Proceedings (Long paper)
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BinaryBERT
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(a) MRPC. (b) MNLI-m.

Figure 1: Performance of quantized BERT with varying
weight bit-widths and 8-bit activation. We report the
mean results with standard deviations from 10 seeds on
MRPC and 3 seeds on MNLI-m, respectively.
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BinaryBERT
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“Training Losk

Training Loss

Training Loss

Training Loss

%

(a) Full-precision Model. (b) Ternary Model. (c) Binary Model. (d) All Together.
Figure 2: Loss landscapes visualization of the full-precision, ternary and binary models on MRPC. For (a), (b)
and (c), we perturb the (latent) full-precision weights of the value layer in the 1% and 2"¢ Transformer layers, and
compute their corresponding training loss. (d) shows the gap among the three surfaces by stacking them together.

25 B 8
e
e a »* 4 .
s3 3 ® 3
= a
E,z 2 10 2
.:.‘ 1 1 5 1 2
a
Lo o o o - o
FP  Ternary Binary FP  Ternary Binary FP  Ternary Binary FP Ternary Binary FP Ternary Binary
(a) MHA-QK. (b) MHA-V. (¢c) MHA-O. (d) FFN-Mid. (e) FEN-Out.

Figure 3: The top-1 eigenvalues of parameters at different Transformer parts of the full-precision (FP), ternary and
binary BERT. For easy comparison, we report the ratio of eigenvalue between the ternary/binary models and the
full-precision model. The error bar is estimated of all Transformer layers over different data mini-batches.
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BinaryBERT

TernaryBERT . . b - b BinaryBERT

Wt o—w Wy

T TWS Operator ~

R A

Lx ADD&LN b/\‘\
SO SO >
-precisi b b
w; Full premsmn> [W17W21
At T b wb
t W i W, W :
Embedding Quantized  [W1, W3] Embedding

Figure 4: The overall workflow of training BinaryBERT. We first train a half-sized ternary BERT model, and then
apply ternary weight splitting operator (Equations (6) and (7)) to obtain the latent full-precision and quantized
weights as the initialization of the full-sized BinaryBERT. We then fine-tune BinaryBERT for further refinement.
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BinaryBERT

# || Quant (vﬁ;ﬁx) (15\:111:) F?g)" | pA “l:;'n:‘:l QQP QNLI SST2 CoLA STS-B MRPC RTE | Avg.

1 - jullprec. 4176 225 | - |849/855 914 921 932 597 90 863 722 | 839

2 BWN  1-1-8 134 31 | X |842/840 911 907 923 467 868 826 686 | 80.8

3 TWS 1418 165 30 | X [84.2/847 912 915 926 534 886 855 722 | 827

4 BWN  1-1-4 134 15 | X |835/834 909 907 923 348 849 799 653 | 784

50 TWS 114 165 15 | X |83.9/842 912 909 923 444 872 833 653|799

6 BWN  1-1-8 134 31 | ~/ |842840 9L 912 927 542 882 868 700 | 825 BWN:

7] TWS  1-1.8 165 3.0 | v [84.2/847 912 916 932 555 892 860 740 | 833 .

8§ BWN  I-1-4 134 15 | / | 835834 909 012 925 519 877 85 704 | 819 vanilla

9| TWS 114 165 15 | v |83.9/842 912 914 937 533 886 860 7TL5 | 826 binary
Table 1: Results on the GLUE development set. “#Bits (W-E-A)” represents the bit number for weights of training
Transformer layers, word embedding, and activations. “DA” is short for data augmentation. “Avg.” denotes the
average results of all tasks including MNLI-m and MNLI-mm. The higher results in each block are bolded.

# H Quant 'Bits  Size FLOPs | ., ‘ MNLL - 0p QNLI SST2 CoLA STS-B MRPC RTE | Avg. TWS:

(W-E-A) (MB) _ (G) -m/mm ternary

1 - Jull-prec. 4176 225 | - | 845841 895 913 930 549 844 879 699 | 822 )

2 BWN  1-18 134 3.1 | X |83.3/834 889 90 923 381 8.2 861 63.1 | 785 weight

3 TWS 118 165 31 | X |84./83.6 890 900 931 505 834 860 658 | 80.6 splitting

4 BWN 114 134 15 | X |835/825 890 894 923 267 789 842 599 | 763

S| TWS  1-14 165 15 | X [83.6/829 890 803 931 374 825 859 627 | 785

6 BWN  1-1.8 134 3.1 | < |83.3/834 889 903 913 484 832 863  66.1 | 80.1

7] TWS 118 165 31 | v |841/83.5 890 898 919 516 823 859 673 | 806

8 BWN  1-1-4 134 15 | / |835/825 89.0 899 920 450 810 852 64l | 792

9 TWS  1-14 165 15 | v |83.6/829 8§90 897 931 479 829 866 658 | 80.2

24 5/36 Table 2: Results on the GLUE test set scored using the GLUE evaluation server. N2 HUAWE!
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#Bits Size Ratio SQuAD MNLI
Method (W-E-A) (MB) () v1.1 -m
BERT-base Jull-prec. 418 1.0 80.8/88.5 84.6
DistilBERT Jull-prec. 250 1.7 79.1/86.9  81.6
LayerDrop-6L | full-prec. 328 1.3 - 82.9
LayerDrop-3L | full-prec. 224 1.9 - 78.6
TinyBERT-6L | full-prec. 55 76  79.7/87.5 828
ALBERT-E128 | full-prec. 45 93 82.3/89.3  8l1.6
ALBERT-E768 | full-prec. 120 35 B81.5/88.6 820
Quant-Noise PQ 38 11.0 - 83.6
Q-BERT 2/4-8-8 53 7.9 79.9/87.5 83.5
Q-BERT 2/3-8-8 46 9.1 793/87.0 818
Q-BERT 2-8-8 28 150  69.7/79.6  76.6
GOBO 3-4-32 43 9.7 - 83.7
GOBO 2-2-32 28 15.0 - 71.0
TernaryBERT 2-2-8 28 150 79.9/87.4 835
BinaryBERT 1-1-8 17 24.6 80.8/88.3 84.2
BinaryBERT 1-1-4 17 246 79.3/87.2 839

Table 4: Comparison with other state-of-the-art methods

on development set of SQuAD v1.1 and MNLI-m.
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o X FETEIEN (L /BB KESHOEMERIURIE > A
SR ARSI AL BT AL

SE=S==
-

:IIHI N N N I

No Pruning Pruning Synapses Pruning Neurons
[Gupta and Agrawal, 2020]

< ARERNETAR

+ [H[AAttention Head 1 BT 1% 5C(z) active inactive
* [Michel et al., 2019] I = Eox |Atty (2)T =2

- EEH e T I e e
 LayerDrop [Fan et al., 2019] Head Importance Score Random Structured Dropout

[Michel et al., 2019]

* Poor Man’s BERT [Sajjad et al., 2020] in LayerDrop [Fan et al., 2019]

o HAth:
o AE4ER)L BT Compressing BERT [Gordon et al., 2020] .
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DynaBERT: Dynamic BERT with Adaptive Width
and Depth

Lu Hou', Zhiqi Huangz, Lifeng Shangl, Xin Jiangl, Xiao Chen', Qun Liu'
!Huawei Noah’s Ark Lab
{houlu3, shang.lifeng, Jiang.Xin,chen.xiao2,qun.liu}@huawei.com
?Peking University, China
zhigihuang@pku.edu.cn

Published in NeurlPS 2020 (Spotlight paper)
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DynaBERT: mzSAIMBAERIFINIZIE S RE

> =Rk, ZRF/SIHRNE

> EERA R B IEFRE N TMEHITHER

> ftxdTransformert®®!, EXMEHNREMBEE, RiE
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DynaBERT3)II%:

> SCTERE RIRAEMLE A ISR, PRI 58 R AR B (B R R (AR 4E o 2% B I 25 o
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Table 1: Development set results of the GLUE benchmark using DynaBERT and DynaRoBERTa
with different width and depth multipliers (1724, m4).

Method CoLA STS-B MRPC RTE
BERTgAsE 58.1 89.8 87.7 71.1
(1T, T12,7) 1.0x 0.75x 0.5x 1.0x  0.75x  0.5x | 1.Ox 0.75x 05x | 1.0x  0.75x  0.5x
1.0x 59.7 59.1 54.6 90. 895 886|863 858 B850[722 718 66.1
DynaBERT 0.75x 60.8 59.6 53.2 900 89.4 885|865 855 841|718 733 657
0.5x 58.4 56.8 48.5 808 892 882 | 848 841 831|722 722 679
0.25x 50.9 51.6 43.7 802 883 870|838 838 814|686 686 632
MNLI- (m/mm) QP QNLT SS5T-2
BERTgAsE 84.8/84.9 90.9 92.0 92.9
(e, my) 1.0x 0.75x 0.5x 1.0x 0.75x 05x | 1L.Ox 0.95x 05x | 1.Ox 0.75x 0.5x
1.0x 84.9/85.5 84.4/851 837846914 914 OLT [ 921 91.7 906 | 932 933 927
DynaBERT 0.75x 84.7/85.5 R84.3/85.2 83.6/844 | 914 913 912 | 922 918 907 | 93.0 931 928
0.5x 84.7/85.2 R4.2/84.7 83.0/83.6 | 913 912 91.0 | 922 915 90.0 933 927 0916
0.25x 83.9/84.2 83.4/83.7 82.0/823 | 907 91.1 904 | 915 908 885|928 920 920
20/36 Sz Huawer GRS Re



DynaBERT: 158 50 M iR B /Y 1%

BERT ROBERTa == DistilBERT == TinyBERT =%= LayerDrop =+ LayerDrop+more data == DynaBERT == DynaRoBERTa
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DynaBERT: FE BT
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Figure 5: Attention maps in sub-networks with ditferent
widths and depths in DynaBERT trained on CoLA.

EREHMNELI, MEREIENRXNEATREME T AERN SN EENENX.
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FNZESEEEYE: HRoR

> FEESHTR
» ALBERT [Lan et al., 2020]
» Tensorized Transformer [Ma et al., 2019]

> %i‘&/\;

» ALBERT [Lan et al., 2020]

» Universal Transformer [Dehghani et al., 2018]
> BRI ERE

» MobileBERT [sun et al., 2021]

» Transformer Lite [Wu et al., 2020]

» AdaBERT [Chen et al., 2020]
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33/36

AutoTinyBERT: Automatic Hyper-parameter Optimization
for Efficient Pre-trained Language Models
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GhostBERT

GhostBERT: Generate More Features with Cheap Operations for BERT

Zhiqi Huang', Lu Hou?, Lifeng Shang?, Xin Jiang?, Xiao Chen?, Qun Liu?
Peking University, ZHuawei Noah’s Ark Lab
zhigihuang @pku.edu.cn, {houlu3, shang lifeng, jiang.xin, chen.xiao, qun.liu} @huawei.com

Accepted by ACL 2021 Proceedings (Long paper)
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GhostBERT

* Redundant features (feature maps, attention pattern) are similar

L
Bl e i

EEEEES

Figurel: Feature maps are similar

[1] Han et al., "GhostNet: More Features From Cheap Operations" CVPR 2021.
[2] Kovaleva et al., "Revealing the Dark Secrets of BERT." EMNLP 2019.
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Figure2: Attention patterns in BERT

(slides made by Zhigi Huang)
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GhostBERT

* Can we directly discarded the redundant features? x
* The theory behind why more features help can be related to how over-
parameterized neural networks benefit both training ['l and generalization [21,

* Can we use other operations to generate redundant features?

* For example, CNN. NN

9876543210

0 1 2
[3] Samet et al., "Overparameterized nonlinear learning: Gradient descent takes the shortest path?" ICML 2019.

[4] Yuan et al., "Generalization bounds of stochastic gradient descent for wide and deep neural networks." arXiv:1905.13210, 2019.

(slides made by Zhigi Huang)
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GhostBERT
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Figure3: Using ghost modules to generate more features in BERT. G-MHA/FFN stands
for Ghost-MHA/FFN.
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GhostBERT

* Convolution Type

O =DWConv(X. ., W,.,i,c)

k
= Z Wc,m ’ Xi—[%}—l—m,c'
m=1

¢ Normalization

~

(slides made by Zhigi Huang)
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0O;.=DWConv(X. ., Softmax(W,,.),1,c).
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[SEP]
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[SEP]
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GhostBERT

* 1. With only 55.3K more parameters (0.05% of BERT) and 14.2M more
FLOPs (0.06% of BERT), adding ghost modules to pre-trained model
increases the accuracy.

Model-Size FLOPs(G) #params(M) MNLI QNLI QQP RTE SST-2 MRPC CoL.A STS-B Avg.
BERT-base (Devlin et al., 2019) 225 110 845 92.0 909 71.1 929 87.8 58.1 89.8 |83.4
GhostBERT (m = 12/12) 22.5 110 847 923 91.171.8 93.0 88.0 63.6 89.7 (84.3 +0.9
GhostBERT (m = 9/12) 16.9 88 84.8 92.1 912726 92.6 875 61.1 89.8 84.0
GhostBERT (m = 6/12) 11.3 67 847 922 912722 929 873 581 89.2 835
GhostBERT (m = 3/12) 58 46 843 91.6 914729 946 86,5 539 892 83.1
GhostBERT (m = 1/12) 2.0 32 82.8 90.0 90.5 66.1 92.8 86.0 46.1 87.8 80.3
RoBERTa-base (Liu et al., 2019) 22.5 125 87.6 92.8 91.978.7 948 90.2 63.6 91.2 |86.4
GhostRoBERTa (m = 12/12) 225 125 88.0 93.1 91.980.5 953 90.7 650 91.3 |87.0 +0.6
GhostRoBERTa (m = 9/12) 16.9 103 87.6 929 919794 954 89.0 60.8 90.7 86.0
GhostRoBERTa (m = 6/12) 113 82 86.8 92.6 91.677.6 944 89.7 57.6 90.3 85.1
GhostRoBERTa (m = 3/12) 5.8 61 86.1 91.7 912736 945 88.0 524 89.2 833
GhostRoBERTa (m = 1/12) 2.0 47 82.1 89.2 90.566.1 93.7 833 39.8 874 79.0
ELECTRA-small (Clark et al., 2020) 1.7 14 78.9 879 883685 883 874 56.8 86.8|80.4
GhostELECTRA-small (m = 4/4) 1.7 14 82.5 89.3 90.7 71.5 92.0 88.7 59.6 88.4 |82.8 +2.4
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GhostBERT

* 2. GhostBERT (m= 6/12) and GhostRoBERTa (m=9/12) get similar results to backbones

* 3. When the compression rate increases (i.e., m = 3/12, 1/12), we still achieve 99.6%
performance (resp. 96.3%) with only 25% FLOPs (resp. 8%) of BERT-base.

Model-Size FLOPs(G) #params(M) MNLI QNLI QQP RTE SST-2 MRPC CoL.A STS-B Avg.
BERT-base (Devlin et al., 2019) 225 110 845 92.0 909 71.1 929 87.8 58.1 89.8| 83.4
GhostBERT (m = 12/12) 22.5 110 847 923 91.171.8 93.0 88.0 63.6 89.7 84.3
GhostBERT (m = 9/12) 16.9 88 84.8 92.1 912726 92.6 875 61.1 89.8 84.0
GhostBERT (m = 6/12) 11.3 67 847 922 912722 929 873 58.1 89.2| 83.5
GhostBERT (m = 3/12) 58 46 843 91.6 914729 946 86,5 539 892 83.1
GhostBERT (m = 1/12) 2.0 32 82.8 90.0 90.5 66.1 92.8 86.0 46.1 87.8 80.3
RoBERTa-base (Liu et al., 2019) 22.5 125 87.6 92.8 91.978.7 948 90.2 63.6 91.2( 86.4
GhostRoBERTa (m = 12/12) 225 125 88.0 93.1 91.9 80.5 953 90.7 65.0 91.3( 87.0
GhostRoBERTa (m = 9/12) 16.9 103 87.6 929 919794 954 89.0 60.8 90.7 86.0
GhostRoBERTa (m = 6/12) 11.3 82 86.8 92.6 91.677.6 944 89.7 57.6 90.3 85.1
GhostRoBERTa (m = 3/12) 5.8 61 86.1 91.7 912736 945 88.0 524 89.2 833
GhostRoBERTa (m = 1/12) 2.0 47 82.1 89.2 90.566.1 93.7 833 39.8 874 79.0
ELECTRA-small (Clark et al., 2020) 1.7 14 78.9 879 883685 883 874 568 86.8 804
GhostELECTRA-small (m = 4/4) 1.7 14 82.5 89.3 90.7 71.5 92.0 88.7 59.6 884 82.8
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GhostBERT
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» Comparison with Other Compression Methods.

Model FLOPS(G) #params(M) MNLI QNLT QQP RTE SST-2 MRPC CoLA STS-B Avg.
BERT-base (Devlin et al., 2019) 25 110 846 905 892664 935 848 521 858 809
RoBERTa-base (Liu et al., 2019) 25 125 860 925 887730 946 865 505 88.1 825
ELECTRA-small (Clark et al., 2020) 17 14] 797 877 830 608 89.1 837 546 803[780
TinyBERTS (Jiao et al., 2020) 113 67 846 904 89.170.0 93.1 §73 SII 837 812
TinyBERT, (Jiao et al., 2020) 12 15 825 8§77 892666 926 864 441 804 787
ConvBERT-medium (Jiang et al., 2020) 4 821 887 884653 892 846 564 829 10
ConvBERT-small (Jiang et al., 2020) 815 88.5 880622 892 833 5438 83.4
MobileBERT w/o OPT (Sun etal., 2020) 5.7 25 843 916 883704 926 845 SLI 848 810
MobileBERT (Sun et al., 2020) 57 25 833 90.6 - 662 928 - 505 844 -
MobileBERT-tiny (Sun et al., 2020) 3.1 15 815 895 - 651917 - 467 801 -
GhostBERT (1 = 12/12) [225 110 846 91.1 893702 93.1 869 546 838 817 |
GhoStBERT (m = 9/12) 169 88 849 910 886692 929 861 537 840 813
GhostBERT (m = 6/12) 13 67 842 90.8 89.1 69.6 93.1 840 534 831 809
GhostBERT (m = 3/12) 58 46 838 907 89 686 932 825 513 825 802
GhostBERT (m = 1/12) 20 32 85 893 887650 929 810 413 800 716
GhostROBERT (m = 12/12) [225 125 879 93.0 89.6 746 95.1 880 524 883 836
GhostRoBERTa (m = 9/12) 169 103 877 926 895750 945 §7 519 §7.0 828
GhostRoBERTa (in = 6/12) 113 8 863 921 895715 945 868

GhostRoBERTa (m = 3/12) 58 61 855 912 891685 934 853

GhostRoBERTa (m = 1/12) 813 88.6 88.5 628 921 828
GhostELECTRA-small (m = 4/4) 17 14] 823 883 885647 919 884
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Future Work

» Huge LMs like GPT-3 brings new challenges:
» Model is too big to conduct full-model fine-tune
» Inference is slow
> |deas:
» Fix backbone fine-tuning
» Prompt (Prefix) tuning
> Adaptor
» KD with large gaps in model size
» Train small models with authentic data generated by huge models
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CFP of ENLSP 2021 Workshop (a NeurlPS Workshop)

Schedule for contributed workshop papers:

Suggested Submission Date for Workshop Contributions: Sep 17, 2021
Suggested Acceptance date: October 15, 2021

Mandatory Accept/Reject Notification Date: Oct 22, 2021

Website: https://neurips2021-nlp.github.io/
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