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Why Bayes?
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• Incorporate prior knowledge (learn from less data + active learning)

• Handle missing data (or noisy data)

• Confidence intervals → prediction intervals



Why Graphs?
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1

Fig. 1.1 Depiction of the Abilene network in the Internet. Different nodes represent various forms
of network ‘entities’, while different colors of links indicate various levels of communication band-
width. Note that some node names appear more than once, corresponding to the phenomena of
‘multi-homing’, wherein a given network connects to another at more than one location. Figure
courtesy of Sucharita Gopal.

Copyright 2009 Springer Science+Business Media, LLC. These figures may be used for noncom-
mercial purposes as long as the source is cited: Kolaczyk, Eric D. Statistical Analysis of Network
Data: Methods and Models (2009) Springer Science+Business Media LLC.



Bayesian Graph Neural Networks

8

• Employ Bayesian framework to account for uncertainty in the graph

True graph Graph corruption Observed graph



Bayesian GCN
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p(G|�) : Assortative mixed membership stochastic blockmodel31

31Li, Ahn, and Welling 2016
32Y. Zhang, S. Pal, M. Coates and D. Üstebay, “Bayesian graph convolutional neural networks for

semi-supervised classification,” in Proc. AAAI Conf. Artificial Intell., Jan. 2019.

33

Bayesian Graph Neural Networks

9

Graph model 
parameters

Graph weights Posterior inference 
of target variables Z

𝑝 𝐺 𝜆 :  Assortative mixed membership stochastic block model

Zhang, Pal, Coates, Üstebay, AAAI 2019



Bayesian Graph Neural Networks

10Pal et al., UAI 2020

Another Extension: Non-Parametric BGCN
33

MAP estimation of adjacency using a non-parametric graph model

AGobs (Cora) AĜ (MAP estimate)

33S. Pal, S. Malekmohammadi, F. Regol, Y. Zhang, Y. Yu, and M. Coates, “Non-parametric graph learning for
Bayesian graph neural networks,” in Proc. UAI, Aug. 2020.

34

Maximum a posteriori estimate of adjacency matrix using non-parametric graph model



Graph-based Recommender Systems

11Sun et al. SIGIR 2020, KDD 2021



Graph-based Recommender Systems

12Sun et al. SIGIR 2020, KDD 2020

>500 million users, >200,000 apps

Online A/B Test in Ten Days in App store Rec. 
On average 10+% improvement over CTR/CVR



Bayesian Approach
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• Graph is extremely sparse
• Diversity is a problem

• Use Bayesian GCNs to promote 
information diffusion and diversity

Sun et al. SIGIR 2020, KDD 2020



What is Multiple Instance Learning?

Multiple Instance Learning (MIL) is a weakly supervised method.

In a MIL problem, the labels are assigned to bags, i.e., a set of
instances, rather than individual instances.

2 / 36

Multiple Instance Learning

• Instance-based approaches:

• Label instances then pool

• Bag-space approaches

• Learn mapping from bag 
descriptor to label

14

Assign labels to bags (sets of instances), rather than individual instances

Pal, Valkanas, Regol, Coates AAAI 2022



Proposed Architecture
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Architecture

Elegantly handles variable size inputs.

End-to-end trainable.

17 / 36

Goal: approximate posterior of unknown labels conditioned on training labels and bag features.

Key innovation: Use a graph to model relationships between the bags



MIL Experiments: Election result prediction

Given demographic data from US census per county and some voting results, can we 
predict how the rest of the country will vote?

Dataset source: 

Flaxman et al. “Understanding the 2016 US Presidential Election using ecological inference 
and distribution regression with census microdata”, arXiv 2016 

Instances: sampled voters for each county

Features: census data

Bags: counties

16



MIL Experiments: Election result prediction

17

Results

30 / 36



Electronic Design Automation (EDA) Workflow

• Register Transfer Level (RTL) design:  VDHL/ Verilog 

• models a synchronous digital circuit in terms of

• flow of signals between hardware registers 

• logical operations performed on signals

• Convert to physical layout through logic synthesis 
& physical design

18



Electronic Design Automation (EDA) Workflow

• Logic synthesis

• Convert to a netlist: contains interconnection 
information of all circuit elements

• Cells: groups of transistors & interconnects   
that provide a Boolean logic function

• Physical design

• All circuit elements placed on circuit boards     
& connected by wires

19



Routing Congestion

• Routing congestion: important metric that reflects the quality of the chip design

• Most EDA tools: congestion predicted AFTER cell placement

• Used as a feedback signal to optimize 
placement solution

20



Routing Congestion

• Routing congestion: important metric that reflects the quality of the chip design.

• Most EDA tools: congestion predicted AFTER cell placement

• Used as a feedback signal to optimize 
placement solution

Problems: 

• Large scale circuits - placement iteration is 
computationally expensive

• Some congestion caused by poor logic 
structures cannot be fixed by placement

21



Routing Congestion

• Goal: Estimate logic-induced congestion at logic synthesis stage 

• Provide quick feedback and shorten design cycles.

• Map to node regression task

• Train on one set of netlists (graphs)

• Predict on another set of netlists

22



Challenge: embedding consistency

• Goal is to learn a structural embedding for each node  

• Embeddings learned on one graph cannot be directly used in another distinct graph

• Need to perform alignment – inconsistent performance

• Our approach: factorization of Pointwise Mutual Information matrices 𝑋𝑋!

• PMT is rotation invariant              no alignment necessary

• Obtain PMT via an “infinite” version of DeepWalk

23Ghose et al., ICCAD 2021



Method – Training and inference
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Results – Prediction

Ground truth congestion map.                       Predicted congestion map
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Results – Prediction Accuracy
TABLE III

RESULTS OBTAINED ON ALL SUPERBLUE CIRCUITS (DAC 2012)

Congestion prediction study correlation metrics
Lower level congestion Overall congestion

Methods Pearson Spearman Kendall Pearson Spearman Kendall
Node Grid Node Grid Node Grid Node Grid Node Grid Node Grid

Adhesion metric 0.09 0.16 0.06 0.20 0.06 0.14 0.08 0.16 0.07 0.20 0.05 0.15
Neighbourhood metric 0.02 0.04 0.18 0.27 0.13 0.18 0.03 0.08 0.18 0.27 0.13 0.18
GTL metric 0.02 0.01 0.14 0.23 0.10 0.16 0.01 0.05 0.14 0.24 0.10 0.16
CongestionNet 0.26 0.35 0.27 0.33 0.19 0.24 0.19 0.27 0.24 0.26 0.17 0.22
Embedding-enhanced GNN (ours) 0.31 0.43 0.34 0.44 0.25 0.31 0.24 0.33 0.26 0.38 0.20 0.27

Embedding ablation findings - train set reduced to one graph
GNN (no embedding) 0.27 0.36 0.30 0.40 0.19 0.27 0.21 0.28 0.22 0.32 0.15 0.23
Embedding-enhanced GNN (ours) 0.30 0.41 0.32 0.42 0.24 0.30 0.22 0.30 0.24 0.35 0.18 0.26

Comparing embeddings only
LINE (aligned) 0.10 0.14 0.15 0.21 0.09 0.15 0.06 0.09 0.12 0.22 0.09 0.16
LINE (unaligned) 0.02 0.06 0.03 0.06 0.02 0.04 0.03 0.06 0.04 0.05 0.01 0.03
Node2Vec(aligned) 0.10 0.15 0.10 0.14 0.07 0.10 0.09 0.13 0.10 0.12 0.08 0.10
Node2Vec(unaligned) 0.03 0.07 0.02 0.06 0.01 0.04 0.05 0.07 0.04 0.05 0.03 0.04
DeepWalk(aligned) 0.09 0.15 0.12 0.19 0.06 0.11 0.08 0.12 0.10 0.13 0.09 0.12
DeepWalk(unaligned) 0.00 0.04 0.02 0.04 0.02 0.03 0.02 0.02 0.03 0.02 0.02 0.01
GNN(embedding only) 0.16 0.25 0.17 0.26 0.15 0.20 0.14 0.17 0.16 0.25 0.13 0.17

TABLE IV
RESULTS OBTAINED ON ALL OPENROAD CIRCUITS

Congestion prediction study correlation metrics
Lower level congestion Overall congestion

Methods Pearson Spearman Kendall Pearson Spearman Kendall
Node Grid Node Grid Node Grid Node Grid Node Grid Node Grid

Adhesion metric 0.12 0.13 0.09 0.14 0.07 0.10 0.10 0.12 0.06 0.12 0.05 0.09
Neighbourhood metric 0.13 0.12 0.08 0.13 0.10 0.06 0.12 0.10 0.06 0.13 0.05 0.10
GTL metric 0.10 0.12 0.08 0.14 0.06 0.10 0.09 0.10 0.06 0.13 0.05 0.10
CongestionNet 0.20 0.23 0.16 0.16 0.13 0.11 0.17 0.19 0.15 0.14 0.12 0.10
Embedding-enhanced GNN (ours) 0.23 0.26 0.20 0.19 0.18 0.17 0.19 0.22 0.16 0.16 0.13 0.12

Embedding ablation findings - train set reduced to one graph
GNN (no embedding) 0.18 0.20 0.15 0.14 0.12 0.10 0.13 0.15 0.11 0.09 0.08 0.10
Embedding-enhanced GNN (ours) 0.20 0.23 0.17 0.17 0.13 0.11 0.14 0.18 0.12 0.14 0.09 0.10

Comparing embeddings only
LINE (aligned) 0.10 0.11 0.09 0.07 0.07 0.05 0.10 0.11 0.09 0.08 0.07 0.06
LINE (unaligned) 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.01
Node2Vec(aligned) 0.11 0.12 0.09 0.07 0.07 0.05 0.12 0.12 0.10 0.07 0.08 0.05
Node2Vec(unaligned) 0.01 0.01 0.02 0.00 0.01 0.00 0.02 0.03 0.03 0.01 0.02 0.01
DeepWalk(aligned) 0.10 0.11 0.08 0.06 0.06 0.04 0.12 0.13 0.10 0.07 0.08 0.05
DeepWalk(unaligned) 0.02 0.01 0.01 0.02 0.01 0.02 0.01 0.01 0.01 0.02 0.01 0.02
GNN(embedding only) 0.13 0.15 0.11 0.15 0.09 0.11 0.12 0.13 0.10 0.14 0.08 0.10

D. Learning-free structure-based benchmarks

We use as benchmarks three methods which are also
found in [7]. In each, a value is computed per cell and the
corresponding correlation metrics computed using this value
as a congestion prediction. In case of cross-validation of
parameters, lower-level grid Kendall correlation coefficient is
used to order settings of computation.

• Neighborhood size: The k-th neighborhood size of a
node v is the number of nodes, reachable from v, within
geodesic distance k. k is varied from 1 to 5 and the best
performing value is taken.

• GTL (Graph Tangled Logic) : This refers to a measure
that examines the structure of the graph cut around node
v. Parametrized by a term called the rent exponent, it
seeks to adjust for the effect of cluster size. We cross-
validate and report only the result with the best rent

exponent.
• Adhesion : We grow a local neighbourhood around a

node v and compute all min-cuts between the node
and other nodes in the neighbourhood, and take the
maximum min-cut as indicative of connectivity around
v. The neighbourhood size is varied between up to 1 and
5 nodes away and the best value is reported.

E. Key results on Superblue and OPENROAD

The aim of our results is to compare with the un-augmented
graph convolutional network of the same structure, as well as
to compare with the previously proposed CongestionNet [7].
In comparison with these benchmarks, our augmented network
has the best performance. Results on Superblue and OPEN-
ROAD are respectively provided in tables III and IV. All
results are reported using a Tesla V100 GPU and run on a
pytorch [37] + Deep Graph Library (DGL) [38] codebase.
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Open questions and areas of exploration

� Scalability – particularly for Bayesian or quasi-Bayesian approaches

� Continual, multi-task and streaming learning 
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Open questions and areas of exploration

� Large language models – which graph tasks can be reformulated? Cost/benefit trade-off?

� SAT problems – graph representations of the problem and software

� Categorical sequence and graph generative models and evaluation
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