
http://www.lamda.nju.edu.cn

黑箱优化赋能芯片设计自动化

钱超

南京大学
人工智能学院



http://www.lamda.nju.edu.cn/qianc/

http://www.lamda.nju.edu.cn

功能设计: 设计 RTL 并验证其功能 (文档 → RTL)

逻辑综合: 将 RTL 设计映射为网表信息 (RTL →网表)
物理设计: 基于网表设计 GDS 物理版图 (网表→ GDS)

芯片制造: 通过光刻技术从 GDS 版图制造芯片 (GDS →芯片产品)

RTL逻辑设计 网表 GDS物理版图 晶圆 芯片产品

逻辑综合 物理设计 制造 封装测试

芯片设计文档

开发

芯片自动化设计
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华为EDA领域的“揭榜挂帅”难题

芯片设计存在大量复杂黑箱优化问题
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网表 芯片版面 待放置元件 布局结果

芯片元件
数目庞大

规模庞大

涉及多个
性能指标

目标多样

模拟仿真
非常耗时

评估昂贵

芯片热仿真

性能评估
冗长复杂

目标黑箱

芯片布局
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min𝒔∈# (𝑓$ 𝒔 , 𝑓% 𝒔 ,… , 𝑓& 𝒔 )

s. t. 𝑔' 𝒔 = 0, 1 ≤ 𝑖 ≤ 𝑞;
𝑞 + 1 ≤ 𝑖 ≤ 𝑚ℎ' 𝒔 ≤ 0,

目标函数解

优化问题

一般形式：
约束条件

黑箱优化： 𝒔 𝑓 𝒔

但目标函数形式未知

可获取目标评估结果

希望通过少量的目标评估，获得较好的解

求解
非常困难

目标评估昂贵

优化目标多样

变量规模庞大
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演化算法：人工智能重要研究分支，适于求解黑箱优化

受自然演化过程启发产生达尔文

1809-1882

交叉变异 交叉变异 交叉变异 交叉变异

自然选择 自然选择 自然选择
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演化算法：人工智能重要研究分支，适于求解黑箱优化

图灵

1912-1954

[A. M. Turing. Computing machinery and intelligence. Mind 49: 433-460, 1950.]

“Structure of the child machine = Hereditary material
    Changes of the child machine = Mutations
    Judgment of the experimenter = Natural selection”

building intelligent machine

1950年，图灵描述了如何基于演化过程
求解复杂问题：

被《Nature》2015年机器智能
专刊列为六大代表领域之一
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选择1 0 1 1 0 11 0 1 1 1 0

0 1 1 1 1 0

1 0 1 1 0 1 变异

种群

1 0 1 1 1 0

0 0 1 0 0 1

新种群
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...... ...
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...
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...

23

21

18

24

200 0 1 0 0 1 0 0 1 0 0 1

演化算法：人工智能重要研究分支，适于求解黑箱优化

典型演化算法求解 arg max𝐬 𝑓(𝐬)

对问题性质不做要求

仅需能评估解的优劣
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Series 700 Series N700

演化

美国宇航局天线设计日本高铁头部形状设计

能耗节省 19%

演化

38% 功效 93% 功效

演化算法应用案例
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“Evolution—the adaption of species to different environments
—has created an enormous diversity of life. Frances Arnold has 
used the same principles – genetic change and selection – to 
develop proteins that solve humankind’s chemical problems. In 
1993, Arnold conducted the first directed evolution of enzymes, 
which are proteins that catalyze chemical reactions. The uses of 
her results include more environmentally friendly manufacturing 
of chemical substances, such as pharmaceuticals, and the 
production of renewable fuels.”

[Arnold, 1998]

演化算法应用案例

蛋白质设计
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中国的地层剖面数据

3122个剖面

11268个物种

演化算法

全球第一条高精度
海洋生物多样性变化曲线

南京大学地球科学与工程学院
研究成果

Science：“新的数据集和方法，推动整个演化生
物学的变革”

Nature：“古生物学家以惊人的细节绘制地球3亿
年历史”

2020 年中国科学十大进展

地层剖面

海量化石

记录数据

地质时期

物
种
数

利用化石记录自然科学四大
基础科学问题

之一：
生命起源与演化

三叶虫、笔石、珊瑚、腕足…

生物多样性变化曲线

重现生命演化历史

演化算法应用案例
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[Google, Nature’21]

“... it is very slow and difficult to parallelize, 
thereby failing to scale to the increasingly 
large and complex circuits of the 1990s and 
beyond.”

芯片布局

中国的地层剖面数据

3122个剖面

11268个物种

演化算法

全球第一条高精度
海洋生物多样性变化曲线

生命起源与演化

“天河2号”
700万核时

[Fan et al., Science’20]

演化算法局限

演化算法虽能够解决复杂黑箱优化问题，但求解效率偏低

如何提效？
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演化学习

 通过结合演化算法和机器学习以更好的解决黑箱优化问题 

演化学习

演化算法主要基于启发式，严重缺乏理论基础，为何有效、何时有效不清楚

L. Valiant

哈佛大学教授

2010年图灵奖得主

“there has existed no theory that would explain quantitatively which 
mechanisms can so evolve in realistic population sizes within realistic time …”
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“Springer计算机学科年度最受欢迎作品”

我们在演化学习理论与算法方面取得进展



http://www.lamda.nju.edu.cn/qianc/

http://www.lamda.nju.edu.cn

Figures are from http://www.or.uni-bonn.de/~vygen/files/buda.pdf

应用案例：芯片元件布局

网表 芯片版面 待放置元件

布局

布线
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网表 芯片版面 待放置元件 布局结果

芯片元件
数目庞大

规模庞大

涉及多个
性能指标

目标多样

模拟仿真
非常耗时

评估昂贵

芯片热仿真

性能评估
冗长复杂

目标黑箱

芯片布局

应用案例：芯片元件布局
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Sum of the half perimeter of nets’ bounding boxes，

which is non-differentiable 

Minimization objective: Half Perimeter Wire Length

HPWL = 𝑤$ + ℎ$ +𝑤% + ℎ%

High-dimensional: 
Thousands of macros

Constraint: 
No-overlapping

Some figures are from [Jens Vygen, Combinatorial Optimization and Applications in VLSI Design]
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• Packing-based solution representation

• Optimize by Evolutionary Algorithms (EAs)

[Google, Nature’21]

• Final performance heavily relies on the initial placement

• Low-efficiency and low-scalability

“... it is very slow and difficult to parallelize, thereby failing to 
scale to the increasingly large and complex circuits of the 
1990s and beyond.”

Classical EAs

1980s-2000s
Placement solution Packing tree data structure

Mapping

[Chen et al., DAC’07]
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Analytical Placers

2000s-Now

• Smooth the HPWL formulation

• Optimize by gradient descent

• Overlapping

• Get stuck in local optimaClassical EAs

1980s-2000s

Some figures are from [Yibo Lin, DREAMPlace]
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Analytical Placers

2000s-Now

Reinforcement Learning Methods

2021-Now

[Google, Nature’21]

• Markov Decision Process

• Long training time

• Poor exploration

Classical EAs

1980s-2000s
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Reinforcement Learning Methods

2021-Now

[Google, Nature’21]

• Markov Decision Process

• Long training time

• Poor exploration

• Graph Placement [Google, Nature’21]
The first RL method for macro placement, sparse reward

• DeepPR [Cheng et al., NeurIPS’21]
Involve both vision and graph features, macro overlap

• MaskPlace [Lai et al., NeurIPS’22]
Involve dense reward by Wiremask, converge too fast

• ChiPFormer [Lai et al., ICML’23]
Involve transformer to enhance transferability, converge too fast
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[Shi, Xue, Song, and Qian, NeurIPS 2023]



http://www.lamda.nju.edu.cn/qianc/

http://www.lamda.nju.edu.cnProposed genotype-phenotype mapping

Partition the chip canvas into discrete grids

[Shi, Xue, Song, and Qian, NeurIPS 2023]
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The first macro to place

[Shi, Xue, Song, and Qian, NeurIPS 2023]



http://www.lamda.nju.edu.cn/qianc/

http://www.lamda.nju.edu.cnProposed genotype-phenotype mapping

Invalid location resulting in overlap or exceeding the boundary

Wirelength increment if placing at this grid  

Underlined number means the minimum increment

6

6

Calculate the wirelength increment after placing the macro:

[Shi, Xue, Song, and Qian, NeurIPS 2023]
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Refer to its original location

Proposed genotype-phenotype mapping

[Shi, Xue, Song, and Qian, NeurIPS 2023]
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Refer to its original location

[Shi, Xue, Song, and Qian, NeurIPS 2023]
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Choose the nearest best grid

Place the macro

Proposed genotype-phenotype mapping

[Shi, Xue, Song, and Qian, NeurIPS 2023]
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Choose the nearest best grid

Place the macro

[Shi, Xue, Song, and Qian, NeurIPS 2023]
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Obtain the valid phenotype 
placement result

Place macros B and C similarly

Proposed genotype-phenotype mapping

A greedy mapping based on 
the increment of wirelength

Any 
placement

Good valid 
placement

Improve the efficiency

[Shi, Xue, Song, and Qian, NeurIPS 2023]
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Genotype

Evolutionary 
Learning

Phenotype

• Initialization: Randomly generate 100 
genotype solutions and pick the best 

• Mutation: Randomly exchange two 
macros’ locations

Already performs well!

(1+1)-EA 

[Shi, Xue, Song, and Qian, NeurIPS 2023]
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Classical EA 
method

Analytical

RL

Our 
methods

WireMask-EA (our proposed framework equipped with EA) achieves the best average rank, 
and reduces wirelength by 80% compared to [Google, Nature’21]

Table 1: Wirelength (×10!) obtained by ten compared methods on seven popular ISPD contest chips. 

[Google, 
Nature’21]

• Graph [Nature’21]: RL method proposed by Google

• DREAMPlace [DAC’19, TCAD’21 Best Paper] : One of the most popular analytical methods 

• DeepPR [NeurIPS’21] and MaskPlace [NeurIPS’22] : Two recent advanced RL methods

Some 
important 
baselines

[Shi, Xue, Song, and Qian, NeurIPS 2023]
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Table 2: Wirelength (×10!) Compared with ChiPFormer on ten popular ISPD and ICCAD contest chips. 

Comparison with the latest method ChiPFormer

WireMask-EA outperforms ChiPFormer [Lai et al., ICML’23] on 9 out of 10 chips, 
using the same number of evaluations

[Lai et al., ICML’23]

[Shi, Xue, Song, and Qian, NeurIPS 2023]
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[Shi, Xue, Song, and Qian, NeurIPS 2023]

Macro Placement by Wire-Mask-Guided Black-Box Optimization
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Expert knowledge: macros should be placed to the chip periphery

• Save continuous space for standard cells

• Reduce routing congestion

• Simplify power planning

Representative works:
• IncreMacro [Pu et al., ISPD’24]

Use analytical method to push macros to the periphery and legalize macros by linear programming

• Macro Placement based on Simulated Evolution Algorithm (SEA) [Lin et al., ICCAD’19]

Use corner stitching to ensure the peripheral placement and adopt SEA to further improve it

PreferredUnpreferred

Refine

Reinforcement Learning Policy as Macro Regulator
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The first RL method for macro refinement and pushing periphery

WireMask

Proposed RegularMask

[Xue, Chen, Lin, Shi, Kai, Xu, and Qian, NeurIPS 2024]

Reinforcement Learning Policy as Macro Regulator
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Experiments

[Xue, Chen, Lin, Shi, Kai, Xu, and Qian, NeurIPS 2024]

Reinforcement Learning Policy as Macro Regulator

Rank first in all PPA metrics across 8 designs compared to recent macro placers 

12% reduction in rWL

98% reduction in rO-H

67% reduction in rO-V
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Experiments Reduction in routing congestion

[Xue, Chen, Lin, Shi, Kai, Xu, and Qian, NeurIPS 2024]
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Macro refinement by reinforcement learning has certain drawbacks:

• Lacks awareness of standard cells while placing macros

• The original placement prototype may be inaccurate when several macros have been moved

• Overfitting for certain cases when training cases are limited

• Long training time 

[Shi, Lin, Xu, Kai, Xue, Yuan, Qian, and Zhou, DAC 2025]
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Refine macros to the periphery by an ellipse formulation & recursively relocating

[Shi, Lin, Xu, Kai, Xue, Yuan, Qian, and Zhou, DAC 2025]
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Experiments

[Shi, Lin, Xu, Kai, Xue, Yuan, Qian, and Zhou, DAC 2025]

Best timing across all 8 cases, with an average 
improvement of 34% in WNS and 65% in TNS
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在 6 个样例上对⽐SOTA⽅案平均提升 PPA 性能约 18.9%，平均
提升拥塞指标约 46.3%，预测相关性（99%）

⽅案对⽐布局时序图

a) RTL-MP

b) Hier-RTLMP

c) DREAMPlace

d) ChiPFormer

e) LamPlace

f) ReMaP（钱超）
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None of the above works directly target timing optimization, which 
determines the performance of the chip. Thus, we turn to timing 
optimization in global placement. 
Representative works:
• Net-based methods [Liao et al., TCAD’24] are easy to implement, but 

they are coarse since optimization is performed at the net level.
• Path-based methods [Guo et al., DAC’22] suffer from scalability 

issues due to the poor scalability of GPU-accelerated STA.
Our contribution:

• Propose pin-to-pin attraction for fine-grained weighting

• Propose efficient endpoint-based critical path extraction

• Propose quadratic loss matching the timing model

[Shi, Xu, Kai, Lin, Xue, Yuan, and Qian, DATE 2025 Best Paper Award]
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Best timing on ICCAD15 contest benchmark, compared to SOTA methods, with an average improvement of 
40.5% in TNS and 8.3% in WNS.

Experiments

[Shi, Xu, Kai, Lin, Xue, Yuan, and Qian, DATE 2025 Best Paper Award]
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[Shi, Xu, Kai, Lin, Xue, Yuan, and Qian, DATE 2025 Best Paper Award]

获 EDA 领域顶级国际会议 DATE’25 

最佳论文奖
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From 2D to 3D: Powering advanced integration

• 3D integration promises higher density as conventional fabrication nears its physical limits.

• 3D placement methodologies have attracted great attention these years, highlighted by the 

ICCAD’22 and ICCAD’23 3D placement contests. 

• Yet none of these contests offers a complete PDK for rigorous PPA evaluation.

• Open-source platforms for 3D IC research are still lacking.

AMD 3D V-cache, ISSCC’22

[Shi, Gao, Ren, Xu, Xue, Yuan, Qian, and Zhou, arXiv:2503.12946]

正与华为合作探索更为前沿的3D堆叠布局
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Open-Source Benchmark for 3D-IC PPA evaluation

• We propose an open-source 3D flow built on OpenROAD that 

features:

• It converts any design supported by OpenROAD-flow-scripts 

into a 3D version.

• It supports memory-on-logic 3D placement powered by the 

2D DREAMPlace engine.

• It supports 3D tier partition, placement, routing, bonding 

terminal assignment, timing, and thermal simulation.

• It offers a convenient framework for evaluating any existing 

3D IC methodology.

[Shi, Gao, Ren, Xu, Xue, Yuan, Qian, and Zhou, arXiv:2503.12946]
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Experiments

We test our framework on eight designs from OpenROAD

Compared to OpenROAD default 2D flow, our 3D methods show significant improvements of 50% in area, 
100% in routing overflow, 30% in overall timing and 5% in power
However, 3D packing also brings about thermal issues

[Shi, Gao, Ren, Xu, Xue, Yuan, Qian, and Zhou, arXiv:2503.12946]
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Chip register optimization is to maximize the performance of the 
application system by optimizing 

• hardware parameters (various function control of registers) 

• software parameters (resource scheduling of operating system) 

Challenges

• Black-box: the performance is evaluated by running the system

• Expensive: one evaluation costs 20s-140s 

• High-dimensional: 274 parameters
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任务 HeBO
收敛值

HeBO
运行轮数

提出方法
运行轮数 效率提升

mysql 393522 293 11 26.64倍
nginx 21768 198 4 49.50倍
redis 560446 175 49 3.57倍

unixbench 107 256 29 8.83倍

对比算法为华为自研贝叶斯优化方法HeBO，曾获NeurIPS 2020黑箱优化比赛冠军

达到HeBO收敛目标值工业实际数据集

在芯片寄存器寻优的工业实际数据集上，寻优效率平均提升22.14倍

华为最高价值“火花奖”



http://www.lamda.nju.edu.cn/qianc/

http://www.lamda.nju.edu.cn黑箱优化赋能芯片设计自动化

谢谢大家！


