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Xplace: An Extremely Fast and Extensible
Global Placement Framework

Lixin Liu, Bangqi Fu, Martin D.F. Wong, Evangeline F.Y. Young
CSE Department
The Chinese University of Hong Kong




Global Placement Problem

A fundamental step in VLSI physical design
. Highly affect the circuit's PPA

Modern circuits contain millions of standard cells
. Highly increase the computational complexity of GP

. Bring huge challenges to the leading-edge global placers

a
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Global Placement Problem

Obijective:
 Minimize the total HPWL of all the nets

 Satisfy the cell density constraint

Analytical Global Placement:
* A smooth approximation of HPWL

« A density penalty

min HPWL(p) = min > HPWLe(p)

p ecE

s.t. Db < Dt,Vb € B

min > WLe(p) +AD(p)

ecE

a

[1] J. Lu, H. Zhuang, P. Chen, H. Chang, C.-C. Chang, Y.-C. Wong, L. Sha, D. Huang, Y. Luo, C.-C. Teng, et al., “ePlace-MS: Electrostatics- AUTOMATION
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GPU-accelerated Global Placers

» Rapid development of GPU’s computational power :

 GPU acceleration becomes an important direction .

Recently, DREAMPlace[1]

P100 V100 V100 V100 A100
2014 2017 2018 207 2020
Throu ghput - Relative Performance

o Implemented the approaCh Of ePIace[Z] On GPU https://www.nvidia.com/en-in/data-center/a100/

* Produced the SOTA solution quality and performance

It is a big challenge to further improve on DREAMPIlace’s

performance. i

https://assets.nvidia.partners/images/png/nvidia-geforce-rtx-3090.png

[1] Y. Lin, Z. Jiang, J. Gu, W. Li, S. Dhar, H. Ren, B. Khailany, and D. Z. Pan, “DREAMPIlace: Deep learning toolkit-enabled GPU acceleration for <q

modern VLSI placement,” IEEE TCAD 2020 »
[2] J. Lu, H. Zhuang, P. Chen, H. Chang, C.-C. Chang, Y.-C. Wong, L. Sha, D. Huang, Y. Luo, C.-C. Teng, et al., “ePlace-MS: Electrostatics- ; AUTOMATION
based placement for mixed-size circuits,” IEEE TCAD 2015 /


https://assets.nvidia.partners/images/png/nvidia-geforce-rtx-3090.png
https://www.nvidia.com/en-in/data-center/a100/

Proposed Framework: Xplace

/Placement Core Engine N: #Cells P: #Params M: '_Uenm
Cell Pos p, € RNV*? Params 0, € R? Next Step Params 6,,, € RP

| I
4 _l Grad Engine l A T
; Calc WL/ Density Grad E [ Params ?Cheduler ]
ViLp; € RNX2 Vpp, € RN*2 Metrics € RM*(t+1)
L Cale Total Grad | Recorder
N )
; ! !
Cell Grad Vp, € RNV*2 HPWTL ER OVF% € R
[ Optimizer ] [ Evaluator
\cht Step Cell Pos p,,,; € RVN*2
[ O PyTorch  Deep Learning Library ]
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Operator-Level Optimization

1. Wirelength Operator Combination (OC)

. Both the HPWL function and
the stable WA wirelength function need the
min and max cell positions in a net.

. combining the three operators with
heavy wirelength-related workload, WA
wirelength, WA gradient and HPWL, into
one operator

. avoid redundant computation of the

min and max function

HPWL.(p) = |max x; {+ minx;) + (maxy; -{ miny;)

i€e i€e i€e ice
HPWL function
Xj{maxjee X; min jee XjXi
WL (x) = Qice Xi€ T _ XiceXi€ 7
€ - XihaXjee Xj min jee X j 1X;
Dice€ ’ Dlice € y
Yi{maXjee Yj mmj(:‘e yj-vi
WL ( ) _ Ziee yle ! | Ziee y!e 4
€ y o Yi—NaXjee Yj minjee Yyjvi
ZiEE € r ZieE ¥
Stable WA wirelength

¢

AUTOMATION



Operator-Level Optimization

2. Density Operator Extraction (OE)

Overflow ratio and density computation:

Ypepmax(Dy —Di,0)Ap  fy 2iev Ai N Ap
22ieV,e, Al Ay,

D,: target density, D,: bin b’s cell density, A, and A; denote the area for bin b and cell i,

OVFL = , YbeB

a
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Operator-Level Optimization

2. Density Operator Extraction (OE)

Overflow ratio and density computation:

Ypepmax(Dy —Di,0)Ap  fy 2iev Ai N Ap
22ieV,e, Al Ay,

D,: target density, D,: bin b’s cell density, A, and A; denote the area for bin b and cell i,

OVFL = , YbeB

Need to insert filler cells inside the electrostatic system [1]

Ds p: Bin b’s filler density

~ ZiEVUVfg Ai N Ab ZiEVﬂ Ai N Ab
h = = Db + - . Yb € B
Ap Ap

V: the set of cells, V¢;: the set of fillers, D,: bin b’s total density (incl. filler density)

a

[1] J. Lu, H. Zhuang, P. Chen, H. Chang, C.-C. Chang, Y.-C. Wong, L. Sha, D. Huang, Y. Luo, C.-C. Teng, et al., “ePlace-MS: Electrostatics- AUTOMATION
based placement for mixed-size circuits,” IEEE TCAD 2015



Operator-Level Optimization

2. Density Operator Extraction (OE)

Overflow ratio and density computation:

Ypepmax(Dy —Di,0)Ap  fy 2iev Ai N Ap
22ieV,e, Al Ay,

D,: target density, D,: bin b’s cell density, A, and A; denote the area for bin b and cell i,

OVFL = , YbeB

Need to insert filler cells inside the electrostatic system [1]

5=D+Df[

Matrix form of the total density map. D, D, Dy, € RM*M M is the grid size

a

[1] J. Lu, H. Zhuang, P. Chen, H. Chang, C.-C. Chang, Y.-C. Wong, L. Sha, D. Huang, Y. Luo, C.-C. Teng, et al., “ePlace-MS: Electrostatics- AUTOMATION
based placement for mixed-size circuits,” IEEE TCAD 2015



Operator-Level Optimization

2. Density Operator Extraction (OE)

ovFL = 2Dy =D OA By — 4 Dy V_"®_" D _"@_" OVFL
Vu Vfl _.'@_'ﬁ

. Both the calculation of OVFL
_ _ _ Operator Extraction
and total density map D need the cell density

map D. v—(D)— p —(0)— oVFL

. common sub-operator D extraction, Vﬂ—*@ > Dy, ,t) . 5

compute the cell density map D and the filler
@ Density OP @ Overflow OP @ Element-wise Add

¢

density map D¢, separately
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Operator-Level Optimization

2. Density Operator Extraction (OE)

ovFL = 2besmX(Dp = D04y 1y — 4 Dy V_"®_" D _"@_" OVFL
Vu Vfl _.'@_'ﬁ

. Both the calculation of OVFL
_ _ _ Operator Extraction
and total density map D need the cell density

map D. v—(D)— p —(0)— oVFL

. reduce the total computation time Vﬂ—r@—* D%— D

of the cell density map D.
@ Density OP @ Overflow OP @ Element-wise Add

¢
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Operator-Level Optimization

3. Operator Reduction (OR)

« The number of forward operators are almost the same as that in the backward

* Invoking the heavy autograd engine will almost double the number of operators

Cell Pos p

and bring large kernel launching overhead on CPU / \ |
User-Defined Loss
Vwip  Vop [Autograd]
 Avoid invoking the heavy autograd engine \ / 0
« Directly derive the numerical solutions of the WL / density grad ®
« Assign a weighted accumulated gradient to each cell ceuelradvp
. Reduce the total kernel launching time 6
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Operator-Level Optimization

3. Operator Reduction (OR)

« Use in-place operators as much as possible
« Avoid redundant copying
« Reorder the operators that need sync to the end of the execution queue

« Reduce the frequency of interrupting the GPU pipeline

a
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Operator-Level Optimization

4. Operator Skipping (OS)

e Theratior =
VW Ly, y|

IS ultra-small in the early placement stage

« When (r < 0.01) A (iter < 100), the density grad operator will only be executed

once per 20 iterations

« Skip some density grad calculation in early placement stage

a
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Placement-Stage-Aware Parameters Scheduling

Precondition matrix of H™! = (Hw + AHp) ! is applied to accelerate convergence [1]
Hw = diag(|S1],|Sz2], ..., ISN|) Hp = diag(Aq, Ag, ..., AN)

|S;|: the number of nets connecting cell i, A; the area of cell i

A|Hp |
|Hw [+A|Hp |

We introduce the precondition weighted ratio w = € [0,1] to measure the

placement stage

a

[1] J. Lu, H. Zhuang, P. Chen, H. Chang, C.-C. Chang, Y.-C. Wong, L. Sha, D. Huang, Y. Luo, C.-C. Teng, et al., “ePlace-MS: Electrostatics- AUTOMATION
based placement for mixed-size circuits,” IEEE TCAD 2015



Placement-Stage-Aware Parameters Scheduling

.. . . __ A|Hp|
Precondition weighted ratio w = Ty A0y € [0,1]

1.0 1 ! ! i
D e

0.8 1
0.6 1
e e e

0.4

0.2

O R R B e
0.0 A L =

T T . T . T . T
0 200 400 600 800

ISPD 2005 / adaptecl .
.
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Placement-Stage-Aware Parameters Scheduling

A|Hp |

Precondition weighted ratio w = Ty A0y € [0,1]
: . 1.0 - o |
To fully exploit the optimization space e e Sl
Algorithm 1 Placement-Stage-Aware Parameters Scheduling 0.8 ~
LY < Yo > wirelength coefficient
20 A A > density weight 06 |
3: while iteration < ITER and NOT Convergence do ' : : :
4 if 0.5 < w < 0.95 and iteration%3 # 0 then 0.5 |[remmeemoememreenoese oo coee oo S = oo
5 SKIP_UPDATE | ’
0.4
6: else
7: Y <« y X coef(overflow)
8 A — AX u(Ahpwl) > Both y and A are derived from [10]
9 w — bl 27
[Hy [+A[Hp |
] S——— A — A—
0.0 - A =
(I] E[I]'D 4[;[]' 6[;[]' B[I]'D

ISPD 2005 / adaptecl .
.
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Extending the Framework via Neural Enhancement

How to solve a 2D PDE problem by deep learning?
X

2D Fourier-Neural-Operator (FNO) [1] -> Solve PDE in frequency domain conv
®—> Fourier layer 1 Fourier layer 2> @ ® @ —»{Fourier layer T —>
— —t . Fourier lay_f;l-"‘ -

The architecture of the fourier neural operators [1]

a

[1] Z. Li, N. B. Kovachki, K. Azizzadenesheli, B. Liu, K. Bhattacharya, A. M. Stuart, and A. Anandkumar, “Fourier neural operator for parametric ) AUTOMAT'ON
partial differential equations,” in Proc. ICLR, 2021.



Extending the Framework via Neural Enhancement

How to solve a 2D PDE problem by deep learning?
X

2D Fourier-Neural-Operator (FNO) [1] -> Solve PDE in frequency domain conv

Poisson's Equation

[ V- VY(xy) = —p(xy),
n-vy(x,y) =0,(x,y) € dR,

[ re(xy) = [[ rY(x,y) =0,

Electron Distribution p -> 2D Density map D of placement

AN

Electric Field Vi,, Vi),, -> moving force on x and y-axis Density Map Electric Field

O L NDESIGN
) AUTOMATION

[1] Z. Li, N. B. Kovachki, K. Azizzadenesheli, B. Liu, K. Bhattacharya, A. M. Stuart, and A. Anandkumar, “Fourier neural operator for parametric
partial differential equations,” in Proc. ICLR, 2021.



Extending the Framework via Neural Enhancement

f

Density map D

Input I = {D; M,; My} < My(x,y) =

< XIR

- My(xry) = Y

X, Y are the map sizes

Input transform: I, = FC(I)

Freqayer (Im) = F1 (WT -L(T(Im)))

Vpp
Cell Pos p < >G§—> Cell Grad Vp
VwLD

User-Defined Loss Autograd ViossP

Output transform: FC™! (O(Im)) __________________________________________
Relative L2 Loss:

T . 1.

W linear transform, = FET, 57 IFFT Lo (xi, £ (xi;0)) = |If (xi, 6) = yillz/llyill:

FC: fully-connected layer, L: low-pass-filter (
@

O(Iy) = GELU(ConthD (I,) + Freqlayer(Im))) i
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Extending the Framework via Neural Enhancement

Model Training Data Collection

1
2
3.
4

ISPD 2005 contest benchmarks with their respective macros
Standard cells are randomly generated at a starting position
Pushed cells all over the map with only the density objective D(p)

The density map and electric fields are used as training data and labels

Why train the model in low-resolution data

1.
2.
3.

The resolution of the input maps will not affect the convolution results
Low frequency components describe the global information
Improve the adaptability of the model and speedup inference

a
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Extending the Framework via Neural Enhancement

How to apply the nn-predicted density gradient Vin Dy, y

Smooth function: g(w) =1 —1/(1 — 5360/0.05—0-5)

Total gradient: V’Dx,y = (1-=0)VDx y +0VunDyy

a
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DREAMPlace [14]

Xplace

. Benchmarks
Xper“ | Ienta esu tS | HPWL OVFL-5 GP/s DP/s | HPWL OVFL-5 GP/s DP/s
des_perf 1 1107.5 6528 371 131 | 1106.7 6435 1.14 1.23
fit_1 411.7 56.19  3.59 0.67 | 4113 5634 117 0.6l
- - fit_2 374.0 4772 428 069 | 3743 4749 118 0.64
Valldatlon on ConteSt BenChmarkS ffit_a 627.6 3512 360 061 | 625.6 347 129 0.70
fit_b 8457  51.82 3.57 0.74 | 846.2 5202 128 0.73
matrix_mult_1 | 2129.2  81.02 371 161 | 21164 8169 129 144
matrix mult 2 | 21633  77.61 3.97 163 | 21529 7795 123 148
matrix_ mult a | 3036.8  48.10 4.04 279 | 30317 4834 129 368
Benchmarks | DREAMPElace[1] | Bplace superblue12 | 25803.0 9245 891 16.37 |[25783.8 93.18 464 17.29
| HPWL GP/s DP/s | HPWL GP/s DP/s superblue1l4 | 23015.5 63.56 4.63 1149 | 23017.1 6434 160 13.74
superblue19 | 15633.1  61.82  4.56 8.26 | 15544.1 6239 146 6.60
adaptecl 7289 415 349 | 7293 135 358 des_perf at | 20205  53.27 3.66 2.04 | 1998.6 5232 1.18 1.67
adaptec2 81.84  3.73 462 | 81.04 158 454 des_perf bf | 1610.3 5465 3.66 170 | 16126  53.64 127 158
adaptec3 191.68  4.54 88.1 190.94 2.38 89.6 edit_dist_at 4217.9 8030  3.97 231 | 4198.7 80.10 145 2.13
adaptec4 17345  4.90 95.4 | 17241 2.85 96.1 matrix_mult_bf{ | 2786.7  44.86 3.82 198 | 2765.7 4498 129 1.89
bigblue1 89.39 4.03 42.3 89.12 1.47 42.1 matrix_mult_ct | 2672.9  42.13  4.07 207 | 26752 4220 129 1.89
blgbluez 136.57 4.68 129.3 136.56 2.41 127.9 pci_bridgeSZ_aT 361.8 30.55 3.54 0.82 356.0 30.36 1.08 0.69
bigblue3 30258 805 2079 | 30136 549  209.8 pci_bridge32_bt | 741.1 2289 677 104 | 7142 2275 112 104
b‘gbl 1 742'95 13; 38 459'7 741'18 11’ 65 463.1 superbluell_at | 33411.2 5451 559 1333 335283 5478 287 1273
Ee : ' : i : : superbluel6_at | 25600.9  65.85 4.38 10.60 | 25505.1 65.85 191 11.08
Sum 1791.36  47.46 1103.6 | 1785.6 29.18 1109.0 Sum 148571 1129.70 88.03 82.06 | 148364 1129.77 31.03 82.84
Ratio 1.003  1.626  0.995 1.000  1.000  1.000 Ratio 1.001 1.000 2.837 0.991 | 1.000 1.000  1.000 1.000
ISPD 2005 ISPD 2015
DESIGN
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Experimental Results

Ablation Studies of the Operator-Level Optimization Techniques

Methods ‘ OR 0oC OE 0S ‘ adaptecl adaptec2 adaptec3 adaptec4 bigbluel bigblue2 bigblue3 bigblue4 ‘ Avg
- - - - 234% 194% 136% 124% 198% 140% 123% 121% 159%
Rati v - - - 110% 109% 113% 115% 105% 115% 119% 118% 113%
atio
v v - - 107% 107% 107% 108% 104% 108% 113% 112% 108%
v v v - 104% 102% 104% 104% 102% 104% 106% 105% 104%
Xplace Ratio 100% 100% 100% 100% 100% 100% 100% 100% 100%
P GP / Iter Time (ms) 1.478 1.671 2.325 2.688 1.572 2.441 4.974 10.018 -
Ratio 462% 345% 288% 254% 376% 288% 199% 158% 296%
DREAMPI
ace GP / Iter Time (ms) 6.832 5.769 6.699 6.840 5.915 7.023 9.904 15.831 -

¢
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Experimental Results

Neural-Enhanced Performance

DREAMPIlace Xplace Xplace-NN
Benchmarks

HPWL GP/s DP/s |HPWL GP/s DP/s | HPWL GP/s DP/s

adaptecl 7289 415 349 | 7293 135 358 72.84 253 345

adaptec? 81.84 3.73 46.2 81.04 1.58 454 81.17 291 452
adaptec3 191.68 4.54 83.1 |190.94 238 89.6 191.04 3.47 88.4

adaptec4 173.45 4900 954 |172.41 2.85 96.1 | 17238 4.12 94.0
bigbluel 89.39 4.03 423 89.12 1.47 421 89.07 275 4138
bigblue2 136.57 4.68 1293 | 136.56 2.41 127.2 | 136.27 3.56 129.0
bigblue3 30258 8.05 2079 |301.36 5.49 209.8 | 301.26 7.66 210.6
bigblue4 74295 13.38 459.7 | 741.18 11.65 463.1 | 740.44 15.07 465.7
Sum 1791.36 47.46 1103.6 | 1785.6 29.18 1109.0 | 1784.47 42.07 1109.2
Ratio 1.003 1.626 0.995 | 1.000 1.000 1.000 0.999 1.442 1.000

L DESIGN
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Conclusions and Future Works

Conclusions
We develop Xplace, a new, fast and extensible GPU accelerated GP framework built
on top of PyTorch, to consider factors at operator-level optimization.
« Efficiency: Xplace achieves around 3x speedup per GP iter with better quality
compared to DREAMPIlace
« Extensiblity: we plug into Xplace a novel Fourier neural network and illustrate a

possibility of adopting neural guidance in analytical global placement

Future Works

« Handling additional constraints in placement like routability and fence regions

a
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