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预训练模型已经成为各种NLP任务的基石

▶ 各种预训练模型被各大公司竞相提出

▶ 先做大阶段:“大算力+大模型+大数据+创意任务”探索能力边界
▶ 再做小阶段: 在各种下游任务上形成生产力（对话/阅读理解/搜索等）
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预训练模型压缩

▶ 蒸馏(Knowledge Distillation)
▶ 用一个小模型来模拟大模型
▶ DistilBERT/BERT-PKD/TinyBERT
▶ MobileBERT/MiniLM (Task agnostic)

▶ 量化(Quantization)
▶ 用低bit来表示权重和激活函数
▶ Q-BERT/Q8BERT
▶ TernaryBERT

▶ 剪枝/可伸缩 (Pruning/Slimmable)
▶ 将一些不重要的head/层/神经元去掉
▶ LayerDrop/DynaBERT

▶ 其他：参数共享/矩阵分解/特征自动生成等
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Knowledge Distillation
预训练语言模型蒸馏
TinyBERT: Two-Stage KD for BERT
Layer Mapping Search for KD
CKD: Combination of Layers
ALP-KD: Attention-based Layer Mapping
Mate-KD: Adversarial Data Augmentation for KD
Minimax-kNN-DA: Sample Efficient Retrieval for Data Augmentation
Annealing KD
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预训练模型蒸馏–知识迁移视角
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预训练模型蒸馏–面临的问题

▶ 好的老师模型：包含的知识应该更容易迁移到小模型，（比如：MobileBERT专门学习了瘦高的
老师）

▶ 好的学生模型：应该稀疏、低比特、参数少，同时可以包含更多的知识；（比如：AdaBERT通
过AutoML搜索学生结构）

▶ 好的学习方法：

1. 定义更好的知识表示函数和损失函数；
2. 通过各种策略学习怎么教给小模型，比如：逐步地将知识迁移到学生不同的层，找一个助
教解决超大老师的知识不易于迁移的难题；

3. 通过更加自动化的方法扩充语料，将更多的知识教给小模型。
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预训练模型蒸馏–损失函数

∑
x∈X

M+1∑
m=1

L(f (sm(x)), f (tg(m)(x)))

▶ X : Dataset
▶ m: index of a student layer
▶ sm: the mth student layer
▶ tg(m): the teacher layer corresponding to the mth student

layers
▶ f (∗): the knowledge function
▶ L(∗): the loss function
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CKD: Combination of Layers

Published in EMNLP 2020 Findings (Long paper)
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https://aclanthology.org/2020.findings-emnlp.372.pdf


TinyBERT知识蒸馏的基本流程

(1) 第一步蒸馏 GD(General Distillation)
▶ 将pre-trained teacher BERT知识迁移到general TinyBERT

(2) 第二步蒸馏 TD(Task-specific Distillation)
▶ 将fine-tuned teacher BERT知识迁移到fine-tuned TinyBERT

(3) 数据增强 DA(Data Augmentation)
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TinyBERT知识蒸馏：损失函数

训练目标函数：

Lmodel =
M+1∑
m=0

λmLlayer (Sm,Tg(m))

▶ 同时计算词嵌入层、
Transformer层和预测层的损失

▶ 在Transformer层，同时计算隐状
态的损失和注意力矩阵的损失

Llayer (Sm,Tg(m)) =


Lembd(S0,T0), m = 0
Lhidn(Sm,Tg(m)) + Lattn(Sm,Tg(m)), M ≥ m > 0
Lpred(SM+1,TN+1), m = M + 1
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TinyBERT知识蒸馏：数据增强

下游任务通常训练数据不足，我们采用数据增强方法生成更多的伪数据用于TD（面
向任务的蒸馏）

▶ 对于下游任务的每一个训练样本，随机选择一些词语进行替换

▶ 替换时我们采用BERT和Glove，替换相近的词语
▶ 通过一个阈值控制被替换词语的比例

▶ 我们发现伪数据数量为原始下游任务训练数据20倍时蒸馏效果最好
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TinyBERT实验结果：GLUE
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TinyBERT实际性能和应用情况

▶ 相比于BERT-base模型，4层TinyBERT模型加速9.4倍，参数量降为1/7，精度
平均下降2.5%，优于现有的所有同量级的模型

▶ 6层TinyBERT模型精度接近BERT-base模型
▶ TinyBERT成为终端语音助手NLU算法核心，相对传统模型提高6-10%
▶ TinyBERT目前已成为预训练模型压缩的主流方案，被微软、谷歌、IBM等公司
引用，多家媒体报道，被引用292次（up to 2021-07-30）

▶ 4层TinyBERT基于诺亚AI系统工程实验室开发的Bolt框架，对于常见的短文本
（长度小于9个词）在2.5GHz的ARM A76单核float16推理时间仅有2ms, int8推
理时间1.3ms，模型存储只有10MB左右。
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Tinybert: No.1 of the Most Influential EMNLP 2021 Papers

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

Accepted by Neurocomputing
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https://www.sciencedirect.com/science/article/pii/S0925231221010948


Layer Mapping Search for KD
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Layer Mapping Search for KD
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CKD: Combination of Layers

Published in EMNLP 2020 Proceedings (Short paper)
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https://aclanthology.org/2020.emnlp-main.74.pdf


CKD: Combination of Layers
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ALP-KD

Published in AAAI 2021
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https://ojs-aaai-ex4-oa-ex0-www-webvpn.webvpn2.hrbcu.edu.cn/index.php/AAAI/article/view/17610/17417


ALP-KD
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Mate-KD: Adversarial Data Augmentation for KD

Accepted by ACL 2021 Proceedings（Long paper)
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https://aclanthology.org/2021.acl-long.86.pdf


Mate-KD: Adversarial Data Augmentation for KD
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Mate-KD: Adversarial Data Augmentation for KD
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Minimax-kNN-DA: Sample Efficient Retrieval for Data Aug.

Accepted by ACL 2021 Findings（Long paper)
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https://aclanthology.org/2021.findings-acl.309.pdf


Minimax-kNN-DA: Sample Efficient Retrieval for Data Aug.
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Minimax-kNN-DA: Sample Efficient Retrieval for Data Aug.
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Annealing KD

Published in EACL 2021
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https://aclanthology.org/2021.eacl-main.212.pdf


Annealing KD

Teacher Assistant KD

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

Annealing KD

18_2 / 36



Annealing KD

Loss for Regular KD Loss for Annealing KD
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Annealing KD
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预训练语言模型压缩：基于量化的技术
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TernaryBERT

Published in EMNLP 2020 Proceedings (Long paper)
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https://aclanthology.org/2020.emnlp-main.37.pdf


TernaryBERT：三值量化的预训练语言模型

将蒸馏与极低比特（1/2-bit）量化技术结合
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TernaryBERT：实验结果

▶ 模型权重W：2-bit量化，即-1,0,1
▶ 词向量矩阵E：2-bit量化，即-1,0,1
▶ 激活值A：8-bit量化
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TernaryBERT：精度与模型大小的平衡
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BinaryBERT

Accepted by ACL 2021 Proceedings（Long paper)
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https://aclanthology.org/2021.acl-long.334.pdf


BinaryBERT
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BinaryBERT
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BinaryBERT
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BinaryBERT

BWN:
vanilla
binary
training

TWS:
ternary
weight
splitting
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BinaryBERT
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预训练语言模型压缩：基于剪枝的技术
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DynaBERT

Published in NeurIPS 2020（Spotlight paper)
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https://proceedings.neurips.cc/paper/2020/file/6f5216f8d89b086c18298e043bfe48ed-Paper.pdf


DynaBERT：动态可伸缩的预训练语言模型

▶ 一次训练、多设备/多场景部署
▶ 部署时可以灵活选择不同的子网络进行推理

▶ 针对Transformer模型，定义网络的深度和宽度，根据
神经元/头的重要性进行排序，使得重要的神经元/头被
更多子网络共享
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DynaBERT训练

▶ 先进行宽度可伸缩网络的训练，再通过宽度和深度同时可伸缩网络的训练。

▶ 借鉴TinyBERT的Transformer蒸馏技术。
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DynaBERT实验结果
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DynaBERT：精度与响应速度的平衡
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DynaBERT：注意力矩阵可视化

通过观察我们发现，小模型的注意力模式有可能融合了大模型的多个注意力模式。
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预训练语言模型压缩：其他技术

▶ 矩阵参数分解
▶ ALBERT [Lan et al., 2020]
▶ Tensorized Transformer [Ma et al., 2019]

▶ 参数共享
▶ ALBERT [Lan et al., 2020]
▶ Universal Transformer [Dehghani et al., 2018]

▶ 模型结构设计与搜索
▶ MobileBERT [sun et al., 2021]
▶ Transformer Lite [Wu et al., 2020]
▶ AdaBERT [Chen et al., 2020]
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AutoTinyBERT

Accepted by ACL 2021 Proceedings（Long paper)
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https://aclanthology.org/2021.acl-long.400.pdf
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GhostBERT

Accepted by ACL 2021 Proceedings（Long paper)

(slides made by Zhiqi Huang)
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https://aclanthology.org/2021.acl-long.509.pdf


GhostBERT

Huawei Noah’s Ark Lab 3 / 17Zhiqi Huang

Background
• Redundant features (feature maps, attention pattern) 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.

Figure2: Attention patterns in BERTFigure1: Feature maps are similar

(slides made by Zhiqi Huang)
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GhostBERT

Huawei Noah’s Ark Lab 4 / 17Zhiqi Huang

Background

• Can we directly discarded the redundant features?
• The theory behind why more features help can be related to how over-

parameterized neural networks benefit both training [1] and generalization [2].

• Can we use other operations to generate redundant features?
• For example, CNN.

[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.

CNN

CNN

(slides made by Zhiqi Huang)
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GhostBERT

Huawei Noah’s Ark Lab 5 / 17Zhiqi Huang

GhostBERT: Generate More features with cheap operations

Figure3: Using ghost modules to generate more features in BERT. G-MHA/FFN stands
for Ghost-MHA/FFN.

(slides made by Zhiqi Huang)
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GhostBERT

Huawei Noah’s Ark Lab 9 / 17Zhiqi Huang

Ghost Module

• Convolution Type

• Normalization

(slides made by Zhiqi Huang)
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GhostBERT

Huawei Noah’s Ark Lab 11 / 17Zhiqi Huang

Results of Unpruned Models (m=1) on GLUE-dev set

• 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.

+0.9

+0.6

+2.4

(slides made by Zhiqi Huang)
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GhostBERT

Huawei Noah’s Ark Lab 12 / 17Zhiqi Huang

Results of Pruned Models (m<1) on GLUE-dev set

• 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.

(slides made by Zhiqi Huang)
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GhostBERT

Huawei Noah’s Ark Lab 13 / 17Zhiqi Huang

Results of GhostBERT on GLUE-test set
• Comparison with Other Compression Methods.

(slides made by Zhiqi Huang)
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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

▶ Ideas:
▶ 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 NeurIPS Workshop)

Date: between Mon Dec 6th - Tue the 14th (to be determined)

Website: https://neurips2021-nlp.github.io/
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CFP of ENLSP 2021 Workshop (a NeurIPS Workshop)
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Thank you!

把数字世界带入每个人、每个家庭、
每个组织，构建万物互联的智能世界。
Bring digital to every person, home and organization
for a fully connected, intelligent world.

Copyright©2018 Huawei Technologies Co., Ltd.
All Rights Reserved.

The information in this document may contain
predictive statements including, without limitation,
statements regarding the future financial and
operating results, future product portfolio, new
technology, etc. There are a number of factors that
could cause actual results and developments to
differ materially from those expressed or implied in
the predictive statements. Therefore, such
information is provided for reference purpose only
and constitutes neither an offer nor an acceptance.
Huawei may change the information at any time
without notice.
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