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Outline

* Miscorrelation between DRCs and global
routing

» Related works
 Learning-based DRC predictors
* Predictor-guided routability optimization




Emerging Routability Challenges

« More design rules to ensure manufacturability

* Increasing layout complexities with multi-height cells, SRAMs that
significantly complicate routability

« Slowing down of design closure flow and increasing design overheads
* E.g., lower achievable P&R utilization

[Source: SNPS Solvnet]
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Misleading Congestion Maps  [Source: Chan et al. ICCD16]

Many highly
congested regions
result in few DRC

violations

* aes_cipher_top implemented in 28nm FDSOI, 8T cells

 Designer may conclude that placement is unroutable,
but it is actually routable!!!




Misleading Congestion Maps

* In sub-14nm design, congestion map does not correlate
well with route-DRC violations

- Many false positive overflows (red crosses) in GR

congestion map

- Many of them do not lead to DRC
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GR Prediction may mislead routability optimization!!!
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Previous Work

 Early congestion estimation

At floorplan/placement
« Taghavi et al. propose MILOR
« Caldwell et al. estimate routed WL

At global routing

* Brenner et al., Jiang et al., Wang et al., Zhing et al. develop congestion
models and cure congestion

« Kahng and Xu propose a statistical model that comprehends routing
bends and blockage effects

* Qi et al. use MARS and achieve 13% reduction in #DRCs

« Zhou et al. use MARS and achieve accuracy of 80% in predicting
routability

* Metal layer estimation

Dong et al. study #metal layers versus instance counts
Andreev et al. patented a DP to assign net segments to layers
by utilizing min #vias

Chan et al. predict routability of designs for a given BEOL stack
using machine learning techniques



Contributions

* Quantification of miscorrelation between a GR-
based prediction and actual DRC map in sub-14nm
node

* Machine learning prediction for actual DRC
locations in layout and to guide routability
optimization

A cell spreading engine that employs our new
learning-based predictor of DRC hotspots to
ameliorate DRC hotspots without hurting timing,
area or wirelength
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» Miscorrelation between DRCs and global
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If We Know DRC Hotspots before Routing...

- Conventional way to close

Technology deSig ns
* [teratively fix design before
signoff
Design Rules « May go back to placement if QoR
IS incurable
l « Turnaround time is challenging
RTLDesign 2| Synthesis « Can we do better with
Plac:ment accurate prediction?
¥
S o Iteration with space
padding,
Analyze QoR (Area, wirelength, NDR modifications,
timing, #DRCs, yield) density screen.....
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Better Correlations with Learning-based Predictor

» Capture all the true-positive clusters
* Maintain low false-positive
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Why Miscorrelation? (Pin Access Issues)

[Example source: SNPS Solvnet]

ia-spacing violation triggered} M1 pin access blocked by M2}
by-connection-topin shapes inside cell

Pins too close to boundary ' High-density pins with-only
. when two cells abut two access points
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Unfriendly Cells and Pin Proximity

 #unfriendly cells: small cells with high pin counts
* Pin proximity: distance between pin bounding boxes

Unfriendly cell

4

[Example source:
SNPS Solvnet] 13



Layout Study

« |nitially predict with GR overflows and cell/pin density map
 Red DRC-hotspot likely be rejected due to low cell-pin density
« Larger windows and buried nets metrics to guide prediction

‘ ! Standard cells

Route-DRC

] . —o D False-negative

Extraction
windows

] | | IJ Non-buried net
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Modeling Parameters

Placement density
e pin density and cell density

GR resource
« demand, capacity, and overflow

Pin proximity

Unfriendly cells in route-DRC hotspots

Flip-flop placement: #(fanin/out to FFs), #FF in gcells
#Connected pin and #hops to timing end points

Net spreading = #(buried nets), #(non-buried nets), #(connected
pins outside the gcells)

« Buried net: a net completely falling in a gcell
Non-buried net: a net not completely falling in a gcell
Both 3x3 and 1x1 extraction windows are used
Max/min within {3x3, 5x5, 7x7, 9x9} observation windows are used

15



Predictor Design and Evaluation

* We use 20%-80% training and testing
* We use 12 random samples to avoid over-fitting
 Best predictor is used to guide routability optimization

Cell density, pin

Learnin
Model

density

GR resources
Random —>
20% gcells Pin proximity»‘

ini Cell connectivity

for training >

Net spreading
: -

Route-DRCs

for training

Parameters

Remaining
80% gcells
for testing

Prediction of
Route-DRCs
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Compensation for Unbalanced Labels

* Models are biased by unbalanced DRC and non-

DRC labels

» apply weights to compensate the bias {2, 3, 4, 5,.... 10, 20, 30, 40,
50}
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Parameter Lists

- Parameters are evaluated incrementally

« We evaluate the parameter sets across 12 samples and
three mathematical models

Parameter set

P1
P2

P3

P4

P5
P6
P7
P8

PO

Parameter briefs
pin/cell density, GR demand, capacity and overflow, within 1x1 windows

pin/cell density, GR demand, capacity and overflow, within 3x3 windows

pin/cell density, GR demand, capacity and overflow, within 1x1 and 3x3
windows

pin/cell density, GR demand, capacity and overflow, within 1x1 and 3x3
windows

P4 + unfriendly cell, within 1x1 and 3x3 extraction windows

P5 + flip-flop parameters, within 1x1 and 3x3 extraction windows
P6 + connectivity parameters, within 1x1 and 3x3 extraction windows
P7 + structure parameters, within 1x1 and 3x3 extraction windows

Selected parameters from P8 in (max, min in 3x3, 5x5, 7x7, 9x9 observation
windows)
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Improvement Compared with GR map

« Initial modeling result: 24% true positive rate

* Non-linear SVM model:. /4% true positive rate and 0.2%
false positive rate

Initial linear model Non-linear SVM model
- wiobRe. | With oRe wiobRe. | With oRe
@o'
W/o DRC 98260 W/o DRC 98571 117
With DRC 481 111 With DRC 170 344
True positive rate: 24% True positive rate: 74%
False positive rate: 0.5% False positive rate: 0.2%

True positiverate =tp / t
False positive rate = tn/n 19



Prediction Improvement (Overview)
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Recap: Prediction Improvement

« Analyzed miscorrelation between congestion map
and route-DRCs

- Added several new parameters to overcome the
miscorrelation

 Improved the modeling by exploring different
mathematical models (linear, SVM, etc.), weighting
schemes, etc.

* The true positive rate improved from to
with low false-positive rate penalty (0.2%)

21
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* Learning-based DRC predictors
 Predictor-guided routability optimization
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Predictor-guided Cell Spreader

* Prototyped a predictor-guided cell spreader

* Integrated to a state-of-the-art physical
Implementation platform

» Achieves consistent and significant (up to 5x)
route-DRC reduction on a sub-14nm design

23



Cell Spreader Design

One-time training from R

DRC
hotspot
prediction

Inside the physical implementation platform

Original
converged
layout

Redistribute white
space among
overlapped local
windows

1

-

Construct hotspot
map from
prediction

Incrementally move
cells to redistribute
white space

l

Calculate white space

l

in local windows
around hotspots

Re-legalize
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Experiment Flow

Placed & optimized
netlist

v

L 4

Global route

|

Predictor-guided
cell spreader
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Track assignment

Global route
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Detailed route

Track assighment

Base flow

1

Detailed route

Test flow

Parameter collection
(from placement and GR)

!
v

Pre-stored DRC
predictor model
1
|
\ 4
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Experiment Results

» Testcases are generated by in-tool placement perturbation

* Up to 76.8% DRC reduction
* Minor WL and timing impacts

egl
eg2
eg3
eg4
egs
ego6

8478

1502

2017

2026

4252

3440

#DRCs

1964
927
1819
1780
4255
3891
avg
max

min

Wirelength

-76.83% 1742804
-38.28% 1750698
-9.82% 1772889
-12.14% 1735185
0.07% 1831492
13.11% 1790059
-20.6%

13.1%

-76.8%

1747685

1753047

1773701

1735227

1836060

1794184

avg

max

min

0.3%
0.1%
0.0%
0.0%
0.2%
0.2%
0.2%
0.3%

0.0%

TNS (ns)

-153.43

-168.23

-215.75

-151.36

-264.34

-195.65

-158.4

-163.5

-213.6

-149.6

-275.6

-203.5

avg

max

min

3.2%
-2.8%
-1.0%
-1.2%
4.3%
4.0%
1.1%
4.3%

-2.8%

7289

7406

7817

7195

7865

7587

HFEPs

7352
7374
7751
7143
7975
7562
avg
max

min

0.86%
-0.43%
-0.84%
-0.72%
1.40%
-0.33%
-0.01%
1.40%

-0.84%
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Takeaways

* DRC prediction is becoming harder in sub-14nm
node

* Predictor achieves 74% true-positive and 0.2%
false-positive

* Optimization engine achieves up to 76.8% DRC
reduction

* Ongoing / Future works

« Guiding coarse placement with the machine learning
model

« Generalizing our methodology to other advanced node
technologies

27



THANK YOU!
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Layout Study (False-Positive)

» Blue gcell likely be chosen due to dense metal and cells
« Larger windows and #(buried nets) to guide prediction

—

(L.

|
Sparse

pins/cells

Standard cells

|:| False-positive

Dense low
metal

Extraction
windows

Buried net
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