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Research Motivation
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Multistage: Problems to tackle

« Error propagation * Which potential root causes affect the
Data-rich: quality measurements in the MMP?

* Mixed profiles  How those root causes lead to the

* Redundant information in u;'s variation of the quality measurements?



Process and Data Characteristics

Cascading effects Smoothness of quality measurements
» Potential causes may affect current and later stages » Profiles of smooth curves and images

Sparsity of actual root causes Few underlying quality issues
* Not all potential causes affect the quality simultaneously ¢« Actual root causes link to few latent quality issues and

thus cause limited variation patterns of profiles
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Common Existing Approaches

Stream-of-variation [1,2] Separate models [e.g., 5,6]
“State vectors” are not well defined. Risk missing key features.
Quality Flow Model [3,4] Two-step approach [e.g., 7]
Not suitable for data-rich MMPs. May not reach consensus on the actual root causes.
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Research Objective

Obijective:
To develop a holistic framework for the MMP in data rich environment

Which are the actual How these root causes | How to associate the

root causes that affect affect the quality quality measures with

the process quality? measurements”? several key variation
patterns?

Unique contributions:
* Analyze heterogeneous quality measures and potential root causes
simultaneously under a unified framework.

« Develop a solution procedure based on distributed optimization



Proposed Process Model

Multiple potential root causes (u;)

T [} B U- Ug
u; = (uil, ey Ui, ...,ui]i) & 3 L
‘ Stage 1 H Stage 2 |—>->‘ Stage K ‘
Quality measurements of multiple v v Il
functional signals or images (Yy,) Y; Y, Yk

Linearity assumption and cascading effect
k]

Yk = BkO +22uijBij,k + Ek,k = 1, ,K

i=1j=1

Bo ={Byo:k =1, ...,K} Offset matrices
B={Bjjr:i=1..kk=1.,K;j=1..];} Effect matrices between Y, and u;;’s



Problem Formulation and Expected Outcomes

Linearity assumption and cascading effect

g Offset mat's By ={Bj¢}
Y = Bro + z 2 uijBijx + Ex. k=1,..,K. Effect mat's B ={B;; }
i=1j=1
By solving B, B,, we can answer the three problems simultaneously
* Actual root causes:
{(,):Bijx=0k=1i..,K}
« Subspace of all variation patterns for stage k:
span {Bij,k:i =1,...,k,j=1, ...,ni}
* How root causes u;; affect the quality measurements Yy,

Individual effect matrix Bijx



Problem Formulation: Magnitude of Prediction Error

| Offset mat’'s By ={Byo}
%}213101 L(B,By) + M1p1(B, By) + A202(B, By) + A3p3(B) + A4p4(B) Effect mat's B ={B;; x}

Magnitude of the prediction error: For good prediction of the quality
measurements using potential causes




Problem Formulation: Smoothness

| Offset mat's By ={Byo}
%}%IOI L(B,By) + A1p4 (ZiBo) + 4202 (ZiBo) + A3p3(B) + 44p4(B) Effect mat's B ={B;; x}

Quality measure as Quality measure
functional curves as images

mg 5 k qi Mg 2
pBB) =Y Y IDBm I+ Y Y N [DgBym, )]
kes m=0 =1 j=1 m=1

k qi 2
p2(B,B) = ) [nn, vecBo)l3+) > [, vec(Bi,-,k)nz]
Dg, D;: discretized versions of 02/0x? and (0%/0x? + 20%/0xdy + 0% /dy?) [1].

[1] Buckley, M. J. (1994). Fast computation of a discretized thin-plate smoothing spline for image data. Biometrika, 81(2), 247-258.



Problem Formulation: Sparsity of Potential Root Causes
| Offset mat’'s By ={Byo}
%}213101 L(B,By) + A1p1(B,By) + A,p2(B, By) + /13193;3) + A4p4(B) Effect mat's B ={B;; x}

Select the potential root causes

K di
p3(B) = Eizl zj:1||Bij,- ”2

-VeC(Bij,i)-
Bij,- — :

vec(Bjjk).

Along vector containing all elements in B associated with u;;.
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Problem Formulation: Few Latent Quality Issues

| Offset mat’'s By ={Byo}
%}213101 L(B,By) + Mip1(B, By) + A202(B, By) + A3p3(B) + A4p4‘(3) Effect mat's B ={B;; .}

Restrict the number of variation patterns of each stage’s quality measurement

*

K
piB) =) B

B.x = [VeC(Bll’k) Vec(quk,k)]
Each column is a variation pattern of stage k output caused by a wu;;.
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Problem Formulation: Summary

| Offset mat's By ={Byo}
%}%IOI L(B,By) + M1p1(B, By) + A202(B, By) + A3p3(B) + A4p4(B) Effect mat's B ={B;; x}

N K
2, 2, W =B ), ) B

n=1k=1 i=1 j=

My my ) 2
£y [2 IDsBio(m, I3 + Y > IleBif,kW)”z]
kES (=1 m=1
+y [||D,vec<Bko>||2+Z > IoyvecBiy )l
keg =14~j=1
K qi K
+zi=1 2],:1”31']',-”2 " Z:k=1”B"'k

Convex formulation, but lots of parameters!
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Solution Based on ADMM Consensus Algorithm (1)

Analyze the problem: v ok
>y

1k=1

Y™ - B, _ZZ B,

=1j=1

+zks[2 IDsByo(m )||2+Z Z Z IIDSBJk(m )II]

« Each term has disjoint groups of coefficients. +Zkej[un,veccsko>uz+Zi=lzj=1||n,vec(s,.k>||]

K qi K
3 Byl ) Bl
i=1 j=1 k=1

« Summation of five terms.

« Each term consists of simple convex functions.

Apply a parallel ADMM consensus algorithm [1]

Key step: update groups of B, B, in parallel. Need to calculate
1
pros;(y[x] = argmin{f(v) + 5 llx ~ vI[}
\"4
f — quadratic loss, [|-l2, II-ll., ps(-) = [IDs |15 and p;(-) = [ID; -[I3

[1] Parikh, N., & Boyd, S. (2014). Proximal algorithms. Foundations and Trends in optimization, 1(3), 127-239.
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Solution Based on ADMM Consensus Algorithm (2)

We give the efficient algorithms for the prox operator of curve and image smoother.

Calculate prox,, )[xI:
1. x" « DCT(x)

2. X < x;/ [1 + 4n (1 — CoS (i?Tln))zl
3. X « IDCT(x™)

Calculate prox,,,)[T]:
1. T* « DCT2(T)

2.5yt [t e (i) s

3. T « IDCT2(T*)

n

9)

Computational Complexity
0(m?) - 0(mlogm)

Computational Complexity

0(m?n?) - 0(mn(logm + logn))
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Overview of the ADMM Consensus Algorithm

Initiate B = BV = B@ = B®) = B® = W = @ = y® = y® = 0 of the same shape as

T — (1) (2) (1) (2) I n itial ize
B. Initiate By = By~ = By’ = Uy’ = Uy~ = O of the same shape as B,,. .
= 4 replicates for B
(1) Save @o,pm « B, and @Prev « B. 2 repllcates for BO

Local Computation
All For loops (2a) — (2d)
can be performed in parallel
using prox operators

Global Aggregation
All elements in assignments

can be performed in parallel

Until max [|B — B?), max||Bo — B . max |B — Byre|| and max||Bo — Boprev| = e.

Iterate Until Convergence
15



Simulation Study

A four-stage test-bed motivated by semiconductor manufacturing processes

u u

u; = (uil' ...,ui,zo) uf‘ 112 f f

20 potential root causes per stage ‘ Stage 1 H Stage 2 ‘-»‘ Stage 3 H Stage 4 ‘
| | 7 ! ] !

Mixed quality measures Y, Y, Y; Y,

™
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3 or 6 actual root causes

e 2 or 5 quality variation patterns
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lllustrating the Effect of Actual Root Causes (1)
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lllustrating the Effect of Actual Root Causes (2)
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lllustrating the Effect of Actual Root Causes (3)

u, u, @ Uy
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lllustrating the Effect of Actual Root Causes (4)
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Summary of the Findings

Correctly identified actual root causes | Correctly identified variation patterns

« Stage 1-3: « With 2 variation patterns:
All actual root causes are identified. The number of variation patterns is
always correctly identified.
« Stage 4.
No type | error (missing actual root ° VVith 5 variation patterns:
causes). The numbers can be identified correctly if

Small type Il error (average false root|  they are linearly independent.

causes < 1.4%).




Summary

* A holistic modeling and root cause diagnostic framework for data-rich MMPs.

Multiple u, u, Ug

potential root causes u;’s v y y
‘ Stage 1 H Stage 2 |->->‘ Stage K ‘

Quality measurements of T I 7

multi-signals or images Y;'s Y, Y, Yx

v" ldentify the actual root causes
v Understand the root cause’s effect on profile measurements

v" ldentify the subspace of underlying quality variation patterns

* First MMP analysis method based on distributed optimization.

« Extendable to more types of data by adjusting loss and penalization terms.
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