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Talk Overview

1. 推理系统介绍
• 推理系统与推理引擎区别

• 推理工作流程

• 推理系统介绍

• 推理引擎介绍

2. 模型小型化
• 基础参数概念

• CNN小型化结构

• Transform小型化结构

3. 离线优化压缩
• 低比特量化

• 模型剪枝

• 模型蒸馏

• 二值化网络

4. 部署和运行优化
• 图转换优化（算子融合/重排/替换）

• 并发执行与内存分配

• 动态batch与bin Packing
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Talk Overview

1. 模型剪枝
• Difference between pruning and quantification - 剪枝与量化的区别

• Classification of pruning methods - 剪枝算法分类

• Pruning process - 剪枝流程

• L1-norm based Channel Pruning - L1-norm剪枝算法

http://www.hiascend.com/
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推理引擎架构

对模型进行压缩

• 减少模型大小

• 加快训练速度

• 保持相同精度

http://www.hiascend.com/
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剪枝与量化区别
模型压缩提出了三部分优化：

1）是减少内存密集的访问量；2）提高获取模型参数的时间；3）加速模型推理时间。

http://www.hiascend.com/
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量化压缩

• 模型量化是指通过减少权重表示或激活所需的比特数来压缩模型。

• 模型剪枝研究模型权重中的冗余， 并尝试删除/修剪冗余和非关键的权重。

http://www.hiascend.com/
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To prune, or not to prune: exploring the efficacy of pruning for 
model compression

1. 在内存占用相同情况下，大稀疏模型

比小密集模型实现了更高的精度。

2. 经过剪枝之后稀疏模型要优于，同体

积非稀疏模型。

3. 资源有限的情况下，剪枝是比较有效

的模型压缩策略。

4. 优化点还可以往硬件稀疏矩阵储存方

向发展。

http://www.hiascend.com/
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剪枝算法分类
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剪枝算法
Name Brief Introduction of Algorithm

Level Pruner Pruning the specified ratio on each weight element based on absolute value of weight element

L1 Norm Pruner Pruning output channels with the smallest L1 norm of weights (Pruning Filters for Efficient Convnets) Reference Paper

L2 Norm Pruner Pruning output channels with the smallest L2 norm of weights
FPGM Pruner Filter Pruning via Geometric Median for Deep Convolutional Neural Networks Acceleration Reference Paper

Slim Pruner Pruning output channels by pruning scaling factors in BN layers(Learning Efficient Convolutional Networks through Network 
Slimming) Reference Paper

Activation APoZ Rank Pruner Pruning output channels based on the metric APoZ (average percentage of zeros) which measures the percentage of zeros in activations of 
(convolutional) layers. Reference Paper

Activation Mean Rank Pruner Pruning output channels based on the metric that calculates the smallest mean value of output activations

Taylor FO Weight Pruner Pruning filters based on the first order taylor expansion on weights(Importance Estimation for Neural Network Pruning) Reference Paper

ADMM Pruner Pruning based on ADMM optimization technique Reference Paper
Linear Pruner Sparsity ratio increases linearly during each pruning rounds, in each round, using a basic pruner to prune the model.

AGP Pruner Automated gradual pruning (To prune, or not to prune: exploring the efficacy of pruning for model compression) Reference Paper

Lottery Ticket Pruner The pruning process used by "The Lottery Ticket Hypothesis: Finding Sparse, Trainable Neural Networks". It prunes a model 
iteratively. Reference Paper

Simulated Annealing Pruner Automatic pruning with a guided heuristic search method, Simulated Annealing algorithm Reference Paper

Auto Compress Pruner Automatic pruning by iteratively call SimulatedAnnealing Pruner and ADMM Pruner Reference Paper

AMC Pruner AMC: AutoML for Model Compression and Acceleration on Mobile Devices Reference Paper

Movement Pruner Movement Pruning: Adaptive Sparsity by Fine-Tuning Reference Paper

http://www.hiascend.com/
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1608.08710
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1811.00250
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1708.06519
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1607.03250
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
http://jankautz.com/publications/Importance4NNPruning_CVPR19.pdf
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1804.03294
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1710.01878
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1803.03635
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1907.03141
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1907.03141
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1802.03494
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/2005.07683
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模型剪枝分类

• Unstructured Pruning（非结构化剪枝）

随机对独立的权重或者神经元链接进行剪枝

• Structured Pruning（结构化剪枝）

对 filter / channel / layer进行剪枝
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模型剪枝分类

• Unstructured Pruning（非结构化剪枝）

Pros：剪枝算法简单，模型压缩比高

Cons：精度不可控，剪枝后权重矩阵稀疏，没有专用硬件难以实现压缩和加速的效果

• Structured Pruning（结构化剪枝）

Pros：大部分算法在 channel或者 layer上进行剪枝，保留原始卷积结构，不需要专用硬件来实现

Cons：剪枝算法相对复杂

http://www.hiascend.com/
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Weight distribution of CNN layers for different pruning methods
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剪枝流程
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模型剪枝流程

对模型进行剪枝三种常见做法：

1. 训练一个模型 -> 对模型进行剪枝 -> 对剪枝后模型进行微调

2. 在模型训练过程中进行剪枝 -> 对剪枝后模型进行微调

3. 进行剪枝 -> 从头训练剪枝后模型

http://www.hiascend.com/
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模型剪枝主要单元

• 训练 Training：训练过参数化模型，得到最佳网络性能，以此为基准；

• 剪枝 Pruning：根据算法对模型剪枝，调整网络结构中通道或层数，得到剪枝后的网络结构；

• 微调 Finetune：在原数据集上进行微调，用于重新弥补因为剪枝后的稀疏模型丢失的精度性能。

稀疏化 精度恢复

http://www.hiascend.com/
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训练一个模型 -> 对模型进行剪枝 -> 对剪枝后模型进行微调

http://www.hiascend.com/
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L1-norm
剪枝算法
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L1-norm based Channel Pruning

• 使用 L1-norm 标准来衡量卷积核的重要性，L1-norm 是一个很好的选择卷积核的方法，认为如

果一个filter的绝对值和比较小，说明该filter并不重要。论文指出对剪枝后的网络结构从头训练

要比对重新训练剪枝后的网络。

http://www.hiascend.com/
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L1-norm based Channel Pruning

1. 对每个卷积核 𝐹!"，计算它的权重绝对值（L1-norm）之和 𝑆" = ∑#$%
"! ∑ 𝐾𝑙 ；

2. 根据卷积核的L1-norm 值 𝑆" 进行排序；

3. 将 m 个权重绝对值之和最小的卷积核以及对应 feature maps进行剪枝；

4. 下一个卷积层中与剪掉 feature maps 相关的卷积核 𝐹!&%," 也要剪枝；

5. 对于第 I 层和第 i+1 层的新权重矩阵被创建，剩下权重参数被复制到新模型中。

算法步骤

http://www.hiascend.com/
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L1-norm based Channel Pruning
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