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1. Motivation: Macro Placement has a Big Impact on Congestion and Timing

Figure 1: 4 macro placement candidates from 1 training design. The 
colored lines are connections among macros and IO ports. 
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How much do we know the EDA tools’ 
behavior?

• Many different tool options for a variety of 
reasons.

• Many different type of designs, 
technologies

• Customers’ specific requirements

• P&R is an NP-hard problem

The steps after macro placement, such as 
place_opt, makes it even harder to predict the 
final QoR.

1. Macro Placement in Commercial EDA Tool Can be Complicated
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Category 1. Enhance the operations of traditional placement engines
• data path prediction, etc. [15,16]
• GNN-based embedding and clustering for cell clusters. [18]

Category 2. Look-ahead ML prediction for the traditional placers
• Routing-aware placement

• Design rule checking (DRC) hot spot [20-28]
• Congestion

• global routing congestion map [27] 
• local routing congestion

• Timing, Cross talk [25]
• Scalar QoR metrics: wirelength, congestion, timing, power, etc. 

[8,9,27]

Category 3. ML, DL & RL Placers that can replace traditional placers
• RL + GCN [12,13,14]
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2. Our Congestion and Timing Aware ML Macro Placements Approach
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Randomly-chosen 80% 

gcells for training

Wirelength, Congestion 

& TNS

Training the 

ML model
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……

Extracted features

Randomly-chosen 80% 
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(numerous macro 

placement)

Extract 65 Features

1. Design statistics:

# of cells, # of hard macros, # of nets, # of 

layers, #of ports, # of hard macro pins, # of 

blocks, technology node, etc.

2. Macro placement topology

macro placement area, proportion of macro 

area/macro placement area, macro pin 

connectivity, features related to location of 

macros, features related to connections, etc. 

3. Macro grouping, etc.

3.1Features of Macro Placement for Wirelength, Congestion & TNS  Predictions



3.2 Feature Engineering Methodology

Selected Features Set = { }

Evaluate for all cross-
design scenarios using 
ALL data sets.

For each local feature 

Add the best candidate to 
selected set.

Cross-design (test design is 
excluded from training designs) 
prediction scenarios: 

“1-on-1”:          A => B 

“all-on-1”:   {not A} => A



Important feature ranking are similar for 3 different targets: 
F36, F26, F37, F25, F1, F39, F28 appear in top 7 or 8. 

3.2 Feature Importance Ranking for all-on-1 Cross-Design Prediction

Top 8 Top 7 Top 7



3.2 Feature Importance Ranking for 1-on-1 Cross-Design Prediction

Important feature ranking are similar for 3 different targets: 
F26, F37, F39, F28, F30, F25, F1 appear in top 7. 

Top 7 Top 7 Top 7



3.3 Feature Data Visualization via t-SNE

25 designs from group 1, 2 
and 3 {G1: D0-D7; G2: D8-18; 
G3: D19-D24} are shown here 
using tSNE.  Data points were 
grouped by design. The 
marker size is proportional to 
the target “congestion” value. 
(Larger size corresponds to 
larger “congestion” value.



3.4 Cross-Design Baseline, 1-on-1 and all-on-1 Scenarios

All-on-1 cross-design prediction; MSE of “congestion”.

3 groups of total 25 designs used as 1-on-1 cross-design prediction; MSE of “congestion”.



4.1 Discerning Ensemble Theory

Underpinning Process: Feature X y

ML Abstraction:

(X, y)
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“Label Factory”
router, etc.

Reduce Training Loss

Reduce Reconstruction Loss

Assumption: 

“labels are primarily 
determined by feature X”

Observable State

Hidden State

self-supervised Learning

supervised Learning



4.1 Training Loss, Reconstruction Loss & Projected Loss

𝐵𝑖𝑎𝑠 𝑦𝑡 , ƴ𝑦𝑡

𝐵𝑖𝑎𝑠 𝑿𝑡 , ሖ𝑿𝑡

≈
𝐵𝑖𝑎𝑠 𝑦𝑠, ƴ𝑦𝑠

𝐵𝑖𝑎𝑠 𝑿𝑠, ሖ𝑿𝑠

𝐿 𝑦𝑡 , ƴ𝑦𝑡

𝐿 𝑿𝑡, ሖ𝑿𝑡

≈
𝐿 𝑦𝑠, ƴ𝑦𝑠

𝐿 𝑿𝑠, ሖ𝑿𝑠

𝐿 𝑦𝑡 , ƴ𝑦𝑡 ≈ 𝑚𝑎𝑥
𝐿 𝑿𝑡, ሖ𝑿𝑡

𝐿 𝑿𝑠, ሖ𝑿𝑠

, 1 𝐿 𝑦𝑠, ƴ𝑦𝑠

𝐿 𝑦𝑡, ƴ𝑦𝑡

≈ max
𝐿 𝑿𝑡, ሖ𝑿𝑡 − 𝜎𝑋

𝐿 𝑿𝑠, ሖ𝑿𝑠 − 𝜎𝑋
, 1 𝐿 𝑦𝑠, ƴ𝑦𝑠 − ሶ𝜎𝑦max

𝐿 𝑿𝑡, ሖ𝑿𝑡 − 𝐿 𝑿𝑠, ሖ𝑿𝑠

𝐿 𝑿𝑠, ሖ𝑿𝑠 − 𝜎𝑋
, 0

Training Loss

Training Reconstruction Loss

Training Loss

Projected Prediction Loss

Test Loss

Test Reconstruction Loss



4.1 Discerning Ensemble is Different From Stacking

ƴ𝑦 =
1

σ𝑖𝑤𝑖
෍

𝑖

𝑤𝑖 ƴ𝑦𝑖 𝑿

𝑤𝑖 > 0

𝑤𝑖 =
1

𝐿𝑖 𝑦
𝑡, ƴ𝑦𝑡

𝑤𝑖 =
1

𝐵𝑖𝑎𝑠2 𝑦𝑡
≅

1

max 𝐿𝑖 𝑦
𝑡, ƴ𝑦𝑡 − 𝐿𝑖 𝑦

𝑠, ƴ𝑦𝑠 , 0 + 𝜖

Minimize Cross validation error [30, 36]𝑤𝑖

Stacking:

Discerning:

ƴ𝑦𝑖 𝜃

[30] M. P. Perrone, L. N. Cooper, 1992. When networks disagree: Ensemble methods for hybrid neural networks: BROWN UNIV PROVIDENCE RI INST FOR BRAIN AND NEURAL SYSTEMS.
[36] M. Shahhosseini, G. Hu, H. Pham, “Optimizing Ensemble Weights and Hyperparameters of Machine Learning Models for Regression Problems” 

Weighting is based on “projected loss” or “bias”, which 
dynamically changes with input data set.

Comment: 
Interestingly, weighting is used as “attention” in GNN, and “gating” in RNN, the purpose of the weighting scalars 
is different.



training 
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4.2 Discerning Ensemble Applied to ML Training Data From Different Designs
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5. ML Experiments

Group G1 G2 G3 G4 G5 G6 G7 G8
# of designs 8 11 6 2 5 12 12 16

Avg # of macros 29 125 526 200 230 25 52 23

Avg (macro area /

core area)

0.30 0.46 0.56 0.50 0.34 0.28 0.17 0.40

Technology nodes 16nm 12nm 16nm 7nm 16nm 7nm 7nm 7nm

# of standard cell

ranges

3M

6M

1.5M

2M

0.8M

1.3M

0.7M

1.3M

1.5M

2.2M

1.2M

2.1M

0.8M

1.5M

0.3M

1.0M

Table 1:  Breakdown and description of 72 training and testing designs

Study 1, we pick group #3 (G3) from the 8 design groups (see Table 1) as the test set

Study 2, Randomly pick several groups to form the “design universe”, then inspect averaged leave-one-design-out 
prediction MSE. 

Study 3: Apply discerning-ensemble-based ML solutions for 8 unseen leading-edge designs (7nm-16nm) and 
compare with user manual results.



MSE* Loss wirelength congestion TNS Mean MSE

Baseline 0.1637 0.1187 0.1131 0.1318

Discerning

ensemble**

0.0617 0.0655 0.0495 0.0589

5.1 Study 1: Use Other Groups to Predict G3 designs

MSE loss of design group G3 predictions from other design groups.

* MSE is computed on normalized ([0, 1]) target values.  ** Weighting uses Eq. 13 and 

Eq.18, with 𝐿(𝑦𝑡), 𝜎𝑋 = 0.02 and 𝜎𝑦 = 0.03.



5.2 Study2: Comparison of Discerning Ensemble Against Vanilla ML Model
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5.3 Study 3: ML-Assisted (Discerning Ensemble) Compared with Manual Macro Placement 
with Post Place-Opt QoR for 8 Leading Edge Designs (7nm-16nm)

WNS (ns) TNS (ns) Congestion GRC
ML User ML User ML User

Design 

1

-0.10 -0.07 -0.62 -4.23 49

(0.01%)

2136

(0.28%)
Design 

2

-0.02 -0.05 -1.98 -1.61 37035

(1.22%)

NA*

Design 

3

-0.02 -0.08 -0.25 -4.41 446

(0.01%)

2883

(0.09%)

Design 

4

-0.02 -2.15 -0.13 -109.12 18

(0.00%)

96586

(2.91%)
Design 

5

-0.22 -0.39 -5.20 -290.14 503

(0.18%)

595

(0.20%)

Design 

6

-0.18 -0.18 -2.11 -20.13 3644

(0.29%)

4952

(0.31%)
Design 

7

-0.36 -0.54 -434.78 -396.77 2949

(0.03%)

8611

(0.07%)
Design 

8

-0.20 -0.12 -390.96 -3189.67 4208

(0.09%)

9853

(0.20%)

Table 3: Comparison of ML-assisted vs user manual placement results.
* Value is not provided from user due to failure in early stages.



6. Conclusion

Other Possible Usages for Discerning Ensemble:

1. Special Purpose Learning Systems
1. Each base learner can be separately trained without affecting others.
2. Base learners independently developed and combined to form a dynamic learning system.

2. Debuggability for performance issues
1. Warning for mismatch training data set.
2. Trusted machine learning applications.

Factors Contributed An ML-Prediction M.P. Solution:

1. Large number of features that can capture placement states that affect downstream outcome,

2. Feature engineering tailored for cross-design performance,

3. ML data management, such as the discerning ensemble framework


