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Hello everyone. Thnk you for coming.
my name is Jiho lee
I’m from seoul national university in south korea.
Subject of my presentation is predictive global optimization of analog circuit design with response surface modeling
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This is outline of my presentation. 
I’ll start from motivation of using regression method in circuit optimization.
After that, I’ll explain about algorithm for global optimization with  
Some meathematical details
And finally I’ll show an example of optimizing LCVCO circuit with the proposed algorithm




Schematic Level Circuit Design
 It’s an optimization problem
 Many design variables to consider
 Also many performance constraints 
 Optimization needed for some performance(s)
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이 발표의 스코프는 schematic level circuit design이다. 
아날로그 회로에 대한 Design optimization 문제는 일반적으로
많은 수의 design variable과 performance constraints를 포함하며,
성능이 변수의 복잡한 함수들이기 때문에 종종 직관이나 휴리스틱에 의존, 체계적이지 않다.
우리가 하려는 것은 이런 디자인 최적화들에 대한 automation.

기존의 접근방법중에는 Equation based의 것들과, simulation based 것들이 있다.  Equation based ones는 회로에 대한 analytic expression을 이용하고 convex optimization등을 활용하는 것이다. Simulation based ones는 회로를 black box로 보고 interpolation을 통한 response surface modeling이나 genetic algorithm등을 통해 문제를 푸는 것이다. 본 발표에서 제안하는 방법은 response surface modeling에 속한다. 



Previous Approaches
 Equation-based ones
 convex optimization techniques
 Fast execution
 Accuracy and labor issues

 Simulation-based ones
 Response surface modeling(RSM)
 Genetic algorithms
 SPICE level accuracy
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Motivation for RSM Method
 Circuit performance function is smooth
 Design parameter variation averages out surface roughness
 Correlation models the amount of smoothness 

Interpolation with discrete 
design points is enough

Design space

Parameter 
variation

Averaged out
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Response surface modeling 을 회로 최적화에 사용하는 것의 motivation is
Circuit performance surface가 smooth 하다는 것이다.
 this is because the variabilities in design parameters averages out surface roughness which can exist nominal corner conditions.

이러한 smoothness는 바꿔말하면 correlation이며, 충분한 correlation이 있는 한 design space를 discretize하고 그 grids점들에서의 data들로부터 나머지 design point들의 성능은 interpolation을 통해 얻어낸다. 








Overall Algorithm

SPICE M.C. simulation
Data added to model

Determining next 
design point to try

Termination

Simulation Prediction

Initial probing

Grid sizing 
 Initial modeling Establishing initial 

response surface model

Monitoring guidance metrics
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이것이 제안하는 overall algorithm이다.
우선 design space에서 initially random probing을 통해 proper discretization을 하고 initial response surface model을 만든다.
그 뒤로는 이렇게 형성된 model로부터 constraint를 고려하여 optimum을 예측하여 simulation하고, 다시 model을 refine하는 iteration이다.
And the searching iteration is terminated by comparing expected amount of improvement for optimization metric and the performance distribution at current optimum design

다음 슬라이드들에서 알고리즘의 부분별 디테일을 설명할 것이다.



Introducing Discrete Grid
 Using correlation of target performance function
 Gaussian function  for modeling correlation
 e.g) Two points should have at least 0.5 correlation 

 Also related to interpolation uncertainty
 The amount of uncertainty is determined by correlation 
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Design space의 이산화는 performance function of circuit 가 가지고 있는 correlation의 정도를 통해서 할 수 있다. 가정은 두 design point가 멀어질수록 correlation이 감소한다는 것이며 gaussian 함수를 이용하여 모델링한다.
예를 들어 두 design point의 correlation이 적어도 0.5가 이상이 되게 하려면, 두 점이 최대한 떨어질 수 있는 거리는 이와 같다. 






Radial Basis Function Interpolation
 Linear combination of basis functions
 Multiquadric bases can do extrapolation

Data point

Interpolation result
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배경이 되는 interpolation 방법 중 하나는 radial basis interpolation이다. 이는 data point들에 중심이 놓인 basis 함수들의 linear combination으로 목표 함수를 interpolation 하는건데, 특히 multi-quadric을 쓰면 extrapolation이 되므로 유용하다. 
여기서 gaussian 함수를 basis로 쓰면 kriging이 된다. 



Stochastic Kriging
 Estimate intermediate values using correlation
 Also gives regularization for noisy data

 Measure for interpolation uncertainty
 Intrinsic uncertainty and extrinsic uncertainty

Design Space

Data point
Interpolation 
uncertainty

Interpolated function

Intrinsic 
uncertainty
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다음으로 Stochastic Kriging이 있는데, Kriging에 regularization까지 고려한 것이다.
앞의 RBF와 비교하여 이 interpolation의 방법은 It’s in the context of random variable estimation
크리깅의 관점은 deterministic function을 random process의 한 realization으로 모델링하는데, stochastic kriging은 noise를 나타내는 하나의 random process를 더 추가하여 모델링한다.
이것은 data point의 noise와 interpolation자체에 의해 생기는 uncertainty를 제공한다.
 



Desirable Regression Method
 Combining RBF interpolation and stochastic Kriging
 Model-order reduction applied on RBF term

Design space

sample mean

Intrinsic 
uncertainty

Total uncertainty

Trend of target 
function

Interpolated function
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원하는건
MQ RBF를 통해서 general trend 를 얻고
Kriging 을 통해 regularization for noise and have more accurate interpolation.

For example in the figure, the black dots represents sample mean and we also know sample variance

Then the orange line extrapolates general trend and final result of interpolation are blue lines, which is nominal value for estimation – solid line and uncertainty represented by dashed line



Model Equation

NoiseMean  surface

Gaussian  ProcessMultiquadric RBF’s

Rough global trend

Y 𝐝𝐝 = 𝛟𝛟𝑻𝑻 𝐝𝐝 𝛃𝛃 + 𝑍𝑍 𝐝𝐝 + V 𝐝𝐝

Local deviation 

𝑍𝑍 𝐝𝐝 ~ 𝐺𝐺𝐺𝐺 0 ,𝚺𝚺𝐙𝐙

Noise in data 

𝑉𝑉 𝐝𝐝 ~ 𝐺𝐺𝐺𝐺 0 ,𝚺𝚺𝐕𝐕𝛟𝛟𝑻𝑻 𝐝𝐝 𝛃𝛃 = 𝚺𝚺𝐣𝐣 𝜙𝜙 𝒅𝒅,𝒅𝒅𝒋𝒋 𝜷𝜷𝒋𝒋
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.This is proposed regression method for stochastic circuit simulation result.

가운데 Z(d) 에 -

The model equation for simulation result for a design point consists of three terms,

The first term, phi of d multiplied by beta is Radial basis term for trend in true mean
we select some part of whole data points to effectively catch rough trend
Multi-quadric RBF function is used here for extrapolation purpose,

The second term Z of d is Gaussian process which models the deviation of true mean from rough trend
The covariance function,  Sigma z, consists of stationary correlation function with uniform variance 
Parameters for this covariance function controls the amount of deviation between true mean and rough trend

The third term V of d is also Gaussian process which models noise
With non-common random number simulations, the noise of data is uncorrelated between different design points
And so the shape of covariance matrix is diagonal form



Regression Equations
 Linear unbiased minimum mean-squared-error 

𝑀𝑀𝑀𝑀𝑀𝑀 𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛 = 𝜎𝜎𝑉𝑉2 𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛 + 𝜎𝜎𝑍𝑍2 1 − 𝛟𝛟𝑇𝑇 𝐫𝐫𝑇𝑇 0 𝚽𝚽𝑇𝑇

𝚽𝚽 𝐊𝐊

−1 𝛟𝛟
𝐫𝐫

Interpolated Value

Total uncertainty

Intrinsic variation Interpolation uncertainty

Extrapolative trend Compensation

Deviation from trend

12

Presenter
Presentation Notes
The linear, unbiased, minimum-mean-squared error for estimation is used here.

From sample means on data points we have, y of d one through y of d k
the true mean at unvisited point d-new is estimated by linear combination of them

And from the unbiased, MMSE criteria, the coefficients are calculated with correlation matrices and rbf kernel matrix

The interpolation result consists of nominal interpolation result and expected mean squared error of it, that is uncertainty of interpolation



Guidance Metrics for Optimization
 Determining next point to simulation
 Approximate performance distribution on unvisited design 

point 

 For constraints, probability for feasibility

 For objective, expected improvement
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LCVCO Optimization
 Frequency Range
 Min frequency < 6GHz
 Max frequency > 7GHz 

 Startup condition


 Phase noise
 Minimize @ 10MHz offset

* Fixed power consumption 

𝑔𝑔𝑚𝑚−1

𝑅𝑅𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
> 5
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Circuit consists of
LC tank which oscillates
Gm cells which compensates loss
And fixed current bias

General consideration for design to performance metrics are :



LCVCO Optimization
 Design variables
 Gm cells
 PMOS widths
 NMOs widths

 MOS  Varactor
 Number of MOS’s

 Spiral inductor 
 Radius
 Track width
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이 부분에서 VCO를 잘 모르는 사람이 알아들을 수 있게
Phase noise랑 startup condition 같은 정의를 모르는 사람들이 잘 알아들을 수 있도록 설명을 잘 할것.
GM cell이 뭔지, spiral inductor등에 대해 circuit diagram 표시해줄것


This is example of optimizing circuit with proposed algorithm.
For negative GM cells, the design variables are sizes of cross coupled NMOS/PMOS pairs,
And for LC tank, design variables are the radius and track width of spiral inductor , and size of varactor bank.

The other design variables are fixed. Especially the size of PMOS at the top is fixed, hence the power consumption is fixed
The optimization metric is phase noise @ 10MHz offset from tuned frequency,
Frequency range is given as constraint which should include 6 to 7 GHz interval
Startup condition is defined as impedance of tank loss divided by impedance of gm cells, which should be less than one fifth



Performance Space Visualization

After initial random probing
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Initial iteration



Performance Space Visualization

Model refinement for constraint metrics
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Phase noise enhancement



Performance Space Visualization

Detection of optimum

Started
from here
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Optimum 찾음



Performance Space Visualization

Visiting additional data points with 
low probability for feasibility   
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이 부분에서 grid 를 전부 다 찾아서 검색한 건지 등의 예상 질문이 있을 수 있음.

Startup condition 이 더 확실한 곳을 보지만, 이는 frequency constraints에 의해 가로막히고 탐색 종료


 



Summary & Future work
 Global optimization with discretized design space
 RBF and Stochastic Kriging are combined for modeling
 Design space discretization based on correlation

 LCVCO circuit is tested for optimization
 Early detection of optimum out of total iteration 

 Extend to verification problems
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서론부분과 호응하도록

알고리즘 자체가 빨리 끝나는게 아니라, optimum에 대한 report 를 빨리 해준다는 점이 좋은거

This is summarization
A global optimization algorithm based on response surface modeling is devised,
the design space is discretized form correlation, and mixed regression method is used.

The experimental result shows : 
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THANK YOU
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