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ABSTRACT
Applications of deep learning to electronic design automation (EDA)
have recently begun to emerge, although they have mainly been
limited to processing of regular structured data such as images.
However, many EDA problems require processing irregular struc-
tures, and it can be non-trivial to manually extract important fea-
tures in such cases. In this paper, a high performance graph con-
volutional network (GCN) model is proposed for the purpose of
processing irregular graph representations of logic circuits. A GCN
classifier is firstly trained to predict observation point candidates
in a netlist. The GCN classifier is then used as part of an iterative
process to propose observation point insertion based on the clas-
sification results. Experimental results show the proposed GCN
model has superior accuracy to classical machine learning models
on difficult-to-observation nodes prediction. Compared with com-
mercial testability analysis tools, the proposed observation point
insertion flow achieves similar fault coverage with an 11% reduction
in observation points and a 6% reduction in test pattern count.

1 INTRODUCTION
Machine learning (ML) and deep learning (DL) has emerged as a
powerful technique in many fields. It can derive knowledge from
large amounts of data and provide predictions, estimations, or even
contents generation. In the field of electronic design automation
(EDA), learning approaches have mainly been used to accelerate
the design process [1–5]. Among various learning models, convo-
lutional neural network (CNN) approaches are widely used. For
example, RouteNet [4] leveraged a CNN to predict the routability of
a placed design efficiently. Whereas CNNs are discriminative mod-
els, generative adversarial networks (GANs) are generative models
and have attracted significant attention in recent years. For exam-
ple, in [5], a GAN model is developed to perform optical proximity
correction (OPC) on lithography masks for better manufacturability.
In both example applications, the inputs (layout and mask), can be
treated as images in order to build upon prior work using DL for
image processing. However, CNN-based approaches often include
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Figure 1: Network for node embedding and classification.
Layer 1 and Layer 2 generate node embeddings. Nodes are
classified through fully-connected (FC) layers.

convolution and pooling layers and require data defined on regular
grids. There are many EDA applications without grid-based data
representations, where alternative approaches are needed.

Graphs play a vital role in EDA since they are natural represen-
tations for fundamental objects such as netlists and layout. Many
problems have previously been solved using graph processing, such
as partitioning [6], layer assignment [7], multiple patterning layout
decomposition [8, 9] and testability analysis [10]. However, there
are few DL-based solutions proposed for graph-based problems in
EDA [3]. One reason is that it is not straightforward to generalize
CNNs from processing regular grid-based data input to processing
graphs. Recently, a number of studies from the DL community have
shown how to adopt learning models on graphs, most notably the
graph convolutional network (GCN) approach [11–13]. As shown
in the example in Figure 1, the essential idea is to obtain an em-
bedding for each node by aggregating information from a node’s
local neighborhood iteratively such that the node attributes and
structural information are encoded. The embeddings can then be
leveraged as features in the machine learning tasks.

One critical consideration of applying learning-based techniques
to EDA is scalability. A typical modern design from a commercial
SoC could contain millions of gates, so any model proposed for use
in EDA must achieve high throughput on these large graphs. How-
ever, previous GCNs [11, 12] did not demonstrate strong scaling
capability. In [13], a scalable GCN inference pipeline is proposed
for recommendation system in web scale. It relies on a distributed
computing framework and is computationally expensive, which
makes it difficult to deploy in an EDA toolflow environment.

In this paper, a high-performance GCN model is proposed for
tackling EDA problems with inputs structured as graphs. With a
netlist represented as a graph, the GCN model can generate the
embedding for each node automatically using the aggregators and
encoders, considering both node attributes and graph structural
information. By selecting the aggregators properly and leveraging
efficient GPU computation, the GCN model is scalable to process
a graph containing millions of nodes and edges efficiently. As a
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demonstration, the proposed GCN model is applied to testability
analysis for improving circuits testability, which is cast as an im-
balanced classification problem and an observation point insertion
problem. The proposed GCN model provides fast and accurate
prediction, and iteratively inserts observation points to improve
testability effectively. The main contributions are summarized as
follows:

• A methodology using GCNs for netlist representation and
modeling is proposed.
• A parallel training scheme with multiple GPUs and a fast
inference scheme are presented for efficient GCN training
and inference, which can scale to millions of standard cells.
• A GCN classifier is trained to predict observation point can-
didates in a netlist, and the proposed GCN classifier is inte-
grated in an iterative observation point insertion process.
• Experimental results indicate the GCN outperforms con-
ventional machine learning models in terms of classifica-
tion accuracy, and the proposed flow can achieve superior
testability results to conventional testability analysis tool on
industrial designs.

The rest of this paper is organized as follows. In Section 2, pre-
liminary material about GCN and testability analysis is introduced.
The proposed GCN model is presented in Section 3. Section 4 de-
scribes how to integrate the GCN classifier to observation points
insertion flow. The experimental results are reported in Section 5,
and Section 6 concludes the paper.

2 PRELIMINARIES
2.1 Node Embedding and GCN
Graph-based learning is a new approach to machine learning with
a wide range of applications [14]. One advantage is the graph struc-
ture itself can reveal relevant information. Node embedding and
classification is one of the most important problems in graph-based
learning. Before a machine learning model can be trained, a rep-
resentation of the node must be obtained first, which is known as
embedding. The embedding is a vector with a specific dimension,
and can be fed to conventional machine learning models for pre-
diction. Previous approaches exploring node embedding problems
can be classified into two categories. The first class of approaches
are based on heuristics to encode the structural information [15].
A more recent approach is data-driven, which learns node embed-
dings automatically [12, 13, 16].

Graph convolution networks are one of these data-driven ap-
proaches. Within these data-driven approaches, they can be further
classified into transductive and inductive. Transductive approaches
directly optimize the embedding for each node, thus they require
all nodes to be present during training, and hence cannot generalize
to unseen graphs [16]. Inductive approaches generate node embed-
dings through learning a set of functions to aggregate the structural
information and node attributes, which make the learned model
independent from training graphs. Therefore, inductive models can
be applied to unseen data [12, 13].

2.2 Test Points Insertion
Test point insertion (TPI) is a broadly used approach in design-
for-testability (DFT) to modify a circuit and improve its testability,
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Figure 2: (a) Original circuit. Module 1 is unobservable. Mod-
ule 2 is uncontrollable; (b) Insert test points to the circuit.
Set (CP1, CP2) to (0, 1) and (1, 1) will set line I to 0 and 1,
respectively; Set CP2 to 0 is the normal operation mode.

which involves adding extra control points (CPs) or observation
points (OPs) to the circuit. An example of TPI is given in Figure 2.
CPs can be used for setting signal lines to desired logic values,
while OPs are added as scan cells to make a node observable. There
are several issues that needed to be considered when performing
TPI. On one hand, the optimal test point placement problem is
NP-complete [17]. Numerous TPI methods have been proposed to
investigate the efficiency and performance of TPI. Based on the
runtime, these methods can be categorized into exact fault simu-
lation [18], approximate measurements [19] and simulation-based
methods [20]. On the other hand, inserting test points may degrade
the performance of a design in terms of area, power and timing.
The ultimate goal of TPI is to achieve high fault coverage with less
performance degradation. Previous works explored beneficial trade-
offs between testability improvement and performance degradation
[21–25], among which CPs insertion is considered in [24] and OPs
insertion is considered in [25]. Touba et al. [22] consider insert-
ing both CPs and OPs. The approach investigated in this paper is
generic and can be applied to both CPs insertion and OPs insertion.

2.3 Problem Formulation
In this work, we focus on applying observation points insertion
(OPI) to improve the testability of a design. From the perspective
of a machine learning model, finding the location where the obser-
vation points should be inserted in a circuit can be cast as a binary
classification problem. For each gate in a design, the problem is
whether to add an observation point on the output port or not. If
historical data on a sufficient number of designs can be obtained,
a classifier can be trained and applied to other designs. Consider-
ing that the netlist can be easily represented as graph, GCN is an
appropriate approach for this application.

Problem1 (ObservationPoints Insertion). Given a set of netlists
with all the nodes labeled as either difficult-to-observe or easy-to-
observe. The objective is to train a classifier and adopt it to find a set
of locations where the observation points should be inserted, which
can maximize fault coverage and minimize observation points num-
ber and test pattern number.

3 GCN FOR NODE CLASSIFICATION
3.1 Dataset Generation
A netlist is represented as a directed graph in which each node
corresponds to a cell and each edge is a wire. The source nodes
and sink nodes correspond to primary input and primary output,
respectively. Each node has an attribute which is a four dimensional
feature vector [LL,C0,C1,O]. LL denotes logic level of the corre-
sponding gate. [C0,C1,O] are SCOAP measurements [26], which
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<latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit><latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit><latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit><latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit>

3 [1 ⇥ 64]
<latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit><latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit><latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit><latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit>

4 [1 ⇥ 64]
<latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit><latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit><latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit><latexit sha1_base64="f9szBjwYn0ydUMqNSBJnJA0gKjI=">AAAB+HicbZDLSgNBEEVr4ivGR0ZdumlMBFdhJoi6DLhxGcE8IBlCT6cnadLzoLtGiEO+xI0LRdz6Ke78GzvJLDTxQsPhVhVVff1ECo2O820VNja3tneKu6W9/YPDsn103NZxqhhvsVjGqutTzaWIeAsFSt5NFKehL3nHn9zO651HrrSIowecJtwL6SgSgWAUjTWwy9WeS/ooQq7J1aVXHdgVp+YsRNbBzaECuZoD+6s/jFka8giZpFr3XCdBL6MKBZN8VuqnmieUTeiI9wxG1GzyssXhM3JunCEJYmVehGTh/p7IaKj1NPRNZ0hxrFdrc/O/Wi/F4MbLRJSkyCO2XBSkkmBM5imQoVCcoZwaoEwJcythY6ooQ5NVyYTgrn55Hdr1mmv4vl5p1PM4inAKZ3ABLlxDA+6gCS1gkMIzvMKb9WS9WO/Wx7K1YOUzJ/BH1ucPXe+RiA==</latexit>

1 [1 ⇥ 4]
<latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit>

2 [1 ⇥ 4]
<latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit>

3 [1 ⇥ 4]
<latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit>

4 [1 ⇥ 4]
<latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit><latexit sha1_base64="Esc1wQglJvTU8pmXrR3WrZTvTbE=">AAAB9XicbZBNS8NAEIYnftb6VfXoZbEVPJWkCHosePFYwX5AGstmu22XbjZhd6KU0P/hxYMiXv0v3vw3btsctPWFhYd3ZpjZN0ykMOi6387a+sbm1nZhp7i7t39wWDo6bpk41Yw3WSxj3Qmp4VIo3kSBkncSzWkUSt4OxzezevuRayNidY+ThAcRHSoxEIyitR4qvke6KCJuyGVQ6ZXKbtWdi6yCl0MZcjV6pa9uP2ZpxBUySY3xPTfBIKMaBZN8WuymhieUjemQ+xYVtYuCbH71lJxbp08GsbZPIZm7vycyGhkziULbGVEcmeXazPyv5qc4uA4yoZIUuWKLRYNUEozJLALSF5ozlBMLlGlhbyVsRDVlaIMq2hC85S+vQqtW9Szf1cr1Wh5HAU7hDC7Agyuowy00oAkMNDzDK7w5T86L8+58LFrXnHzmBP7I+fwBa0WRFw==</latexit>

Encoding Encoding Encoding Encoding

1 2 3 4
[4 ⇥ 4]

<latexit sha1_base64="t0vBBJQHG1pyts/Wwe3QLMuVU1w=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmQkCXATcuI5gHTMbQ0+lJmvQ86K5RwpD/cONCEbf+izv/xk4yC0280HC4VUVVXz+RQqNtf1uFjc2t7Z3ibmlv/+DwqHx80tFxqhhvs1jGqudTzaWIeBsFSt5LFKehL3nXn9zM691HrrSIo3ucJtwL6SgSgWAUjfVQdRukjyLkmjS86qBcsWv2QmQdnBwqkKs1KH/1hzFLQx4hk1Rr17ET9DKqUDDJZ6V+qnlC2YSOuGswomaRly2unpEL4wxJECvzIiQL9/dERkOtp6FvOkOKY71am5v/1dwUg2svE1GSIo/YclGQSoIxmUdAhkJxhnJqgDIlzK2EjamiDE1QJROCs/rldejUa47hu3qlWc/jKMIZnMMlOHAFTbiFFrSBgYJneIU368l6sd6tj2VrwcpnTuGPrM8fb/KRGg==</latexit><latexit sha1_base64="t0vBBJQHG1pyts/Wwe3QLMuVU1w=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmQkCXATcuI5gHTMbQ0+lJmvQ86K5RwpD/cONCEbf+izv/xk4yC0280HC4VUVVXz+RQqNtf1uFjc2t7Z3ibmlv/+DwqHx80tFxqhhvs1jGqudTzaWIeBsFSt5LFKehL3nXn9zM691HrrSIo3ucJtwL6SgSgWAUjfVQdRukjyLkmjS86qBcsWv2QmQdnBwqkKs1KH/1hzFLQx4hk1Rr17ET9DKqUDDJZ6V+qnlC2YSOuGswomaRly2unpEL4wxJECvzIiQL9/dERkOtp6FvOkOKY71am5v/1dwUg2svE1GSIo/YclGQSoIxmUdAhkJxhnJqgDIlzK2EjamiDE1QJROCs/rldejUa47hu3qlWc/jKMIZnMMlOHAFTbiFFrSBgYJneIU368l6sd6tj2VrwcpnTuGPrM8fb/KRGg==</latexit><latexit sha1_base64="t0vBBJQHG1pyts/Wwe3QLMuVU1w=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmQkCXATcuI5gHTMbQ0+lJmvQ86K5RwpD/cONCEbf+izv/xk4yC0280HC4VUVVXz+RQqNtf1uFjc2t7Z3ibmlv/+DwqHx80tFxqhhvs1jGqudTzaWIeBsFSt5LFKehL3nXn9zM691HrrSIo3ucJtwL6SgSgWAUjfVQdRukjyLkmjS86qBcsWv2QmQdnBwqkKs1KH/1hzFLQx4hk1Rr17ET9DKqUDDJZ6V+qnlC2YSOuGswomaRly2unpEL4wxJECvzIiQL9/dERkOtp6FvOkOKY71am5v/1dwUg2svE1GSIo/YclGQSoIxmUdAhkJxhnJqgDIlzK2EjamiDE1QJROCs/rldejUa47hu3qlWc/jKMIZnMMlOHAFTbiFFrSBgYJneIU368l6sd6tj2VrwcpnTuGPrM8fb/KRGg==</latexit><latexit sha1_base64="t0vBBJQHG1pyts/Wwe3QLMuVU1w=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmQkCXATcuI5gHTMbQ0+lJmvQ86K5RwpD/cONCEbf+izv/xk4yC0280HC4VUVVXz+RQqNtf1uFjc2t7Z3ibmlv/+DwqHx80tFxqhhvs1jGqudTzaWIeBsFSt5LFKehL3nXn9zM691HrrSIo3ucJtwL6SgSgWAUjfVQdRukjyLkmjS86qBcsWv2QmQdnBwqkKs1KH/1hzFLQx4hk1Rr17ET9DKqUDDJZ6V+qnlC2YSOuGswomaRly2unpEL4wxJECvzIiQL9/dERkOtp6FvOkOKY71am5v/1dwUg2svE1GSIo/YclGQSoIxmUdAhkJxhnJqgDIlzK2EjamiDE1QJROCs/rldejUa47hu3qlWc/jKMIZnMMlOHAFTbiFFrSBgYJneIU368l6sd6tj2VrwcpnTuGPrM8fb/KRGg==</latexit>

1 2 5
[3 ⇥ 4]

<latexit sha1_base64="ZRWAUcQqUl4U4xlVrk2nk3hc1Vc=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmoqDLgBuXEcwDJmPo6fQkTXoedNcoYch/uHGhiFv/xZ1/YyeZhSZeaDjcqqKqr59IodG2v63C2vrG5lZxu7Szu7d/UD48aus4VYy3WCxj1fWp5lJEvIUCJe8mitPQl7zjj29m9c4jV1rE0T1OEu6FdBiJQDCKxnqouhekhyLkmlx61X65YtfsucgqODlUIFezX/7qDWKWhjxCJqnWrmMn6GVUoWCST0u9VPOEsjEdctdgRM0iL5tfPSVnxhmQIFbmRUjm7u+JjIZaT0LfdIYUR3q5NjP/q7kpBtdeJqIkRR6xxaIglQRjMouADITiDOXEAGVKmFsJG1FFGZqgSiYEZ/nLq9Cu1xzDd/VKo57HUYQTOIVzcOAKGnALTWgBAwXP8Apv1pP1Yr1bH4vWgpXPHMMfWZ8/bmORGQ==</latexit><latexit sha1_base64="ZRWAUcQqUl4U4xlVrk2nk3hc1Vc=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmoqDLgBuXEcwDJmPo6fQkTXoedNcoYch/uHGhiFv/xZ1/YyeZhSZeaDjcqqKqr59IodG2v63C2vrG5lZxu7Szu7d/UD48aus4VYy3WCxj1fWp5lJEvIUCJe8mitPQl7zjj29m9c4jV1rE0T1OEu6FdBiJQDCKxnqouhekhyLkmlx61X65YtfsucgqODlUIFezX/7qDWKWhjxCJqnWrmMn6GVUoWCST0u9VPOEsjEdctdgRM0iL5tfPSVnxhmQIFbmRUjm7u+JjIZaT0LfdIYUR3q5NjP/q7kpBtdeJqIkRR6xxaIglQRjMouADITiDOXEAGVKmFsJG1FFGZqgSiYEZ/nLq9Cu1xzDd/VKo57HUYQTOIVzcOAKGnALTWgBAwXP8Apv1pP1Yr1bH4vWgpXPHMMfWZ8/bmORGQ==</latexit><latexit sha1_base64="ZRWAUcQqUl4U4xlVrk2nk3hc1Vc=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmoqDLgBuXEcwDJmPo6fQkTXoedNcoYch/uHGhiFv/xZ1/YyeZhSZeaDjcqqKqr59IodG2v63C2vrG5lZxu7Szu7d/UD48aus4VYy3WCxj1fWp5lJEvIUCJe8mitPQl7zjj29m9c4jV1rE0T1OEu6FdBiJQDCKxnqouhekhyLkmlx61X65YtfsucgqODlUIFezX/7qDWKWhjxCJqnWrmMn6GVUoWCST0u9VPOEsjEdctdgRM0iL5tfPSVnxhmQIFbmRUjm7u+JjIZaT0LfdIYUR3q5NjP/q7kpBtdeJqIkRR6xxaIglQRjMouADITiDOXEAGVKmFsJG1FFGZqgSiYEZ/nLq9Cu1xzDd/VKo57HUYQTOIVzcOAKGnALTWgBAwXP8Apv1pP1Yr1bH4vWgpXPHMMfWZ8/bmORGQ==</latexit><latexit sha1_base64="ZRWAUcQqUl4U4xlVrk2nk3hc1Vc=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmoqDLgBuXEcwDJmPo6fQkTXoedNcoYch/uHGhiFv/xZ1/YyeZhSZeaDjcqqKqr59IodG2v63C2vrG5lZxu7Szu7d/UD48aus4VYy3WCxj1fWp5lJEvIUCJe8mitPQl7zjj29m9c4jV1rE0T1OEu6FdBiJQDCKxnqouhekhyLkmlx61X65YtfsucgqODlUIFezX/7qDWKWhjxCJqnWrmMn6GVUoWCST0u9VPOEsjEdctdgRM0iL5tfPSVnxhmQIFbmRUjm7u+JjIZaT0LfdIYUR3q5NjP/q7kpBtdeJqIkRR6xxaIglQRjMouADITiDOXEAGVKmFsJG1FFGZqgSiYEZ/nLq9Cu1xzDd/VKo57HUYQTOIVzcOAKGnALTWgBAwXP8Apv1pP1Yr1bH4vWgpXPHMMfWZ8/bmORGQ==</latexit>

1 3 6
[3 ⇥ 4]

<latexit sha1_base64="ZRWAUcQqUl4U4xlVrk2nk3hc1Vc=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmoqDLgBuXEcwDJmPo6fQkTXoedNcoYch/uHGhiFv/xZ1/YyeZhSZeaDjcqqKqr59IodG2v63C2vrG5lZxu7Szu7d/UD48aus4VYy3WCxj1fWp5lJEvIUCJe8mitPQl7zjj29m9c4jV1rE0T1OEu6FdBiJQDCKxnqouhekhyLkmlx61X65YtfsucgqODlUIFezX/7qDWKWhjxCJqnWrmMn6GVUoWCST0u9VPOEsjEdctdgRM0iL5tfPSVnxhmQIFbmRUjm7u+JjIZaT0LfdIYUR3q5NjP/q7kpBtdeJqIkRR6xxaIglQRjMouADITiDOXEAGVKmFsJG1FFGZqgSiYEZ/nLq9Cu1xzDd/VKo57HUYQTOIVzcOAKGnALTWgBAwXP8Apv1pP1Yr1bH4vWgpXPHMMfWZ8/bmORGQ==</latexit><latexit sha1_base64="ZRWAUcQqUl4U4xlVrk2nk3hc1Vc=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmoqDLgBuXEcwDJmPo6fQkTXoedNcoYch/uHGhiFv/xZ1/YyeZhSZeaDjcqqKqr59IodG2v63C2vrG5lZxu7Szu7d/UD48aus4VYy3WCxj1fWp5lJEvIUCJe8mitPQl7zjj29m9c4jV1rE0T1OEu6FdBiJQDCKxnqouhekhyLkmlx61X65YtfsucgqODlUIFezX/7qDWKWhjxCJqnWrmMn6GVUoWCST0u9VPOEsjEdctdgRM0iL5tfPSVnxhmQIFbmRUjm7u+JjIZaT0LfdIYUR3q5NjP/q7kpBtdeJqIkRR6xxaIglQRjMouADITiDOXEAGVKmFsJG1FFGZqgSiYEZ/nLq9Cu1xzDd/VKo57HUYQTOIVzcOAKGnALTWgBAwXP8Apv1pP1Yr1bH4vWgpXPHMMfWZ8/bmORGQ==</latexit><latexit sha1_base64="ZRWAUcQqUl4U4xlVrk2nk3hc1Vc=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmoqDLgBuXEcwDJmPo6fQkTXoedNcoYch/uHGhiFv/xZ1/YyeZhSZeaDjcqqKqr59IodG2v63C2vrG5lZxu7Szu7d/UD48aus4VYy3WCxj1fWp5lJEvIUCJe8mitPQl7zjj29m9c4jV1rE0T1OEu6FdBiJQDCKxnqouhekhyLkmlx61X65YtfsucgqODlUIFezX/7qDWKWhjxCJqnWrmMn6GVUoWCST0u9VPOEsjEdctdgRM0iL5tfPSVnxhmQIFbmRUjm7u+JjIZaT0LfdIYUR3q5NjP/q7kpBtdeJqIkRR6xxaIglQRjMouADITiDOXEAGVKmFsJG1FFGZqgSiYEZ/nLq9Cu1xzDd/VKo57HUYQTOIVzcOAKGnALTWgBAwXP8Apv1pP1Yr1bH4vWgpXPHMMfWZ8/bmORGQ==</latexit><latexit sha1_base64="ZRWAUcQqUl4U4xlVrk2nk3hc1Vc=">AAAB9XicbZDLSgNBEEVr4ivGV9Slm8ZEcBVmoqDLgBuXEcwDJmPo6fQkTXoedNcoYch/uHGhiFv/xZ1/YyeZhSZeaDjcqqKqr59IodG2v63C2vrG5lZxu7Szu7d/UD48aus4VYy3WCxj1fWp5lJEvIUCJe8mitPQl7zjj29m9c4jV1rE0T1OEu6FdBiJQDCKxnqouhekhyLkmlx61X65YtfsucgqODlUIFezX/7qDWKWhjxCJqnWrmMn6GVUoWCST0u9VPOEsjEdctdgRM0iL5tfPSVnxhmQIFbmRUjm7u+JjIZaT0LfdIYUR3q5NjP/q7kpBtdeJqIkRR6xxaIglQRjMouADITiDOXEAGVKmFsJG1FFGZqgSiYEZ/nLq9Cu1xzDd/VKo57HUYQTOIVzcOAKGnALTWgBAwXP8Apv1pP1Yr1bH4vWgpXPHMMfWZ8/bmORGQ==</latexit>

1 4
[2 ⇥ 4]

<latexit sha1_base64="gz9sTuEnDC8pCyixZBfR1XQG1ko=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYCJ4CruLoMeAF48RzAM2a5idzCZDZh/M9CphyX948aCIV//Fm3/jJNmDJhY0FFXddHcFqRQabfvbWlvf2NzaLu2Ud/f2Dw4rR8dtnWSK8RZLZKK6AdVcipi3UKDk3VRxGgWSd4LxzczvPHKlRRLf4yTlfkSHsQgFo2ikh5rnkh6KiGty6df6lapdt+cgq8QpSBUKNPuVr94gYVnEY2SSau05dop+ThUKJvm03Ms0Tykb0yH3DI2pWeTn86un5NwoAxImylSMZK7+nshppPUkCkxnRHGkl72Z+J/nZRhe+7mI0wx5zBaLwkwSTMgsAjIQijOUE0MoU8LcStiIKsrQBFU2ITjLL6+Stlt37Lpz51YbbhFHCU7hDC7AgStowC00oQUMFDzDK7xZT9aL9W59LFrXrGLmBP7A+vwBbNKRGA==</latexit><latexit sha1_base64="gz9sTuEnDC8pCyixZBfR1XQG1ko=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYCJ4CruLoMeAF48RzAM2a5idzCZDZh/M9CphyX948aCIV//Fm3/jJNmDJhY0FFXddHcFqRQabfvbWlvf2NzaLu2Ud/f2Dw4rR8dtnWSK8RZLZKK6AdVcipi3UKDk3VRxGgWSd4LxzczvPHKlRRLf4yTlfkSHsQgFo2ikh5rnkh6KiGty6df6lapdt+cgq8QpSBUKNPuVr94gYVnEY2SSau05dop+ThUKJvm03Ms0Tykb0yH3DI2pWeTn86un5NwoAxImylSMZK7+nshppPUkCkxnRHGkl72Z+J/nZRhe+7mI0wx5zBaLwkwSTMgsAjIQijOUE0MoU8LcStiIKsrQBFU2ITjLL6+Stlt37Lpz51YbbhFHCU7hDC7AgStowC00oQUMFDzDK7xZT9aL9W59LFrXrGLmBP7A+vwBbNKRGA==</latexit><latexit sha1_base64="gz9sTuEnDC8pCyixZBfR1XQG1ko=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYCJ4CruLoMeAF48RzAM2a5idzCZDZh/M9CphyX948aCIV//Fm3/jJNmDJhY0FFXddHcFqRQabfvbWlvf2NzaLu2Ud/f2Dw4rR8dtnWSK8RZLZKK6AdVcipi3UKDk3VRxGgWSd4LxzczvPHKlRRLf4yTlfkSHsQgFo2ikh5rnkh6KiGty6df6lapdt+cgq8QpSBUKNPuVr94gYVnEY2SSau05dop+ThUKJvm03Ms0Tykb0yH3DI2pWeTn86un5NwoAxImylSMZK7+nshppPUkCkxnRHGkl72Z+J/nZRhe+7mI0wx5zBaLwkwSTMgsAjIQijOUE0MoU8LcStiIKsrQBFU2ITjLL6+Stlt37Lpz51YbbhFHCU7hDC7AgStowC00oQUMFDzDK7xZT9aL9W59LFrXrGLmBP7A+vwBbNKRGA==</latexit><latexit sha1_base64="gz9sTuEnDC8pCyixZBfR1XQG1ko=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYCJ4CruLoMeAF48RzAM2a5idzCZDZh/M9CphyX948aCIV//Fm3/jJNmDJhY0FFXddHcFqRQabfvbWlvf2NzaLu2Ud/f2Dw4rR8dtnWSK8RZLZKK6AdVcipi3UKDk3VRxGgWSd4LxzczvPHKlRRLf4yTlfkSHsQgFo2ikh5rnkh6KiGty6df6lapdt+cgq8QpSBUKNPuVr94gYVnEY2SSau05dop+ThUKJvm03Ms0Tykb0yH3DI2pWeTn86un5NwoAxImylSMZK7+nshppPUkCkxnRHGkl72Z+J/nZRhe+7mI0wx5zBaLwkwSTMgsAjIQijOUE0MoU8LcStiIKsrQBFU2ITjLL6+Stlt37Lpz51YbbhFHCU7hDC7AgStowC00oQUMFDzDK7xZT9aL9W59LFrXrGLmBP7A+vwBbNKRGA==</latexit>

Aggregation Aggregation Aggregation Aggregation

d = 2<latexit sha1_base64="jpxVY4aTErt9hJMB0trgCd4dSrA=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4ut4KkkvehFKHjxWMG2QhvKZrNpl242YXcilNAf4cWDIl79Pd78N27bHLT1hYWHd2bYmTdIpTDout9OaWNza3unvFvZ2z84PKoen3RNkmnGOyyRiX4MqOFSKN5BgZI/pprTOJC8F0xu5/XeE9dGJOoBpyn3YzpSIhKMorV69ZDckGZ9WK25DXchsg5eATUo1B5WvwZhwrKYK2SSGtP33BT9nGoUTPJZZZAZnlI2oSPet6hozI2fL9adkQvrhCRKtH0KycL9PZHT2JhpHNjOmOLYrNbm5n+1fobRtZ8LlWbIFVt+FGWSYELmt5NQaM5QTi1QpoXdlbAx1ZShTahiQ/BWT16HbrPhWb5v1lrNIo4ynME5XIIHV9CCO2hDBxhM4Ble4c1JnRfn3flYtpacYuYU/sj5/AEa744J</latexit><latexit sha1_base64="jpxVY4aTErt9hJMB0trgCd4dSrA=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4ut4KkkvehFKHjxWMG2QhvKZrNpl242YXcilNAf4cWDIl79Pd78N27bHLT1hYWHd2bYmTdIpTDout9OaWNza3unvFvZ2z84PKoen3RNkmnGOyyRiX4MqOFSKN5BgZI/pprTOJC8F0xu5/XeE9dGJOoBpyn3YzpSIhKMorV69ZDckGZ9WK25DXchsg5eATUo1B5WvwZhwrKYK2SSGtP33BT9nGoUTPJZZZAZnlI2oSPet6hozI2fL9adkQvrhCRKtH0KycL9PZHT2JhpHNjOmOLYrNbm5n+1fobRtZ8LlWbIFVt+FGWSYELmt5NQaM5QTi1QpoXdlbAx1ZShTahiQ/BWT16HbrPhWb5v1lrNIo4ynME5XIIHV9CCO2hDBxhM4Ble4c1JnRfn3flYtpacYuYU/sj5/AEa744J</latexit><latexit sha1_base64="jpxVY4aTErt9hJMB0trgCd4dSrA=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4ut4KkkvehFKHjxWMG2QhvKZrNpl242YXcilNAf4cWDIl79Pd78N27bHLT1hYWHd2bYmTdIpTDout9OaWNza3unvFvZ2z84PKoen3RNkmnGOyyRiX4MqOFSKN5BgZI/pprTOJC8F0xu5/XeE9dGJOoBpyn3YzpSIhKMorV69ZDckGZ9WK25DXchsg5eATUo1B5WvwZhwrKYK2SSGtP33BT9nGoUTPJZZZAZnlI2oSPet6hozI2fL9adkQvrhCRKtH0KycL9PZHT2JhpHNjOmOLYrNbm5n+1fobRtZ8LlWbIFVt+FGWSYELmt5NQaM5QTi1QpoXdlbAx1ZShTahiQ/BWT16HbrPhWb5v1lrNIo4ynME5XIIHV9CCO2hDBxhM4Ble4c1JnRfn3flYtpacYuYU/sj5/AEa744J</latexit><latexit sha1_base64="jpxVY4aTErt9hJMB0trgCd4dSrA=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4ut4KkkvehFKHjxWMG2QhvKZrNpl242YXcilNAf4cWDIl79Pd78N27bHLT1hYWHd2bYmTdIpTDout9OaWNza3unvFvZ2z84PKoen3RNkmnGOyyRiX4MqOFSKN5BgZI/pprTOJC8F0xu5/XeE9dGJOoBpyn3YzpSIhKMorV69ZDckGZ9WK25DXchsg5eATUo1B5WvwZhwrKYK2SSGtP33BT9nGoUTPJZZZAZnlI2oSPet6hozI2fL9adkQvrhCRKtH0KycL9PZHT2JhpHNjOmOLYrNbm5n+1fobRtZ8LlWbIFVt+FGWSYELmt5NQaM5QTi1QpoXdlbAx1ZShTahiQ/BWT16HbrPhWb5v1lrNIo4ynME5XIIHV9CCO2hDBxhM4Ble4c1JnRfn3flYtpacYuYU/sj5/AEa744J</latexit>
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(b)

Figure 3: An illustration to compute the embedding for a
node with D = 2. (a) Graph; (b) Procedure to compute the
embedding for node 1.

correspond to controllability-0, controllability-1 and observability,
respectively. Every node also has a binary label. ‘0’ (negative) means
easy-to-observe and ‘1’ (positive) means difficult-to-observe. Labels
can be obtained from commercial DFT tools. Given the graphs with
node attributes and node labels, a GCNmodel can be trained, which
will be introduced later.

3.2 Node Embedding Structures
To classify a node in the graph, the neural network first generates
its node embedding which is not only based on its own attributes
but also the structural information of the local neighborhood. Then,
a classification model takes the node embedding as input and pre-
dicts a label. To achieve this, three kinds of modules are included in
our GCN model, which are aggregator, encoder and classifier. Ag-
gregators and encoders are used to generate the node embeddings
by exploiting node attributes and the neighborhood information.
The classifier predicts the label for each node in the graph based
on its embedding.

Next, we introduce how the node embedding is generated using
aggregators and encoders. Essentially, an aggregator or an encoder
can be interpreted as a layer of the GCN. Each of them performs
a specific operation on the node. An aggregator gathers the fea-
ture information from the node’s neighbors using an aggregation
function Aдд(·). An encoder is applied to propagate information
between different layers using a weight matrix. The embedding
computation process, i.e., aggregation and encoding, is performed
iteratively. Fully-connected layers are used as classifier which takes
the node embedding as input, and predicts the label for the node.

Suppose that the network is trained and all the weights are ob-
tained. Given a graph G(V,E) and node attributes {x (v) : ∀v ∈ V},
the node embeddings {e(v) : ∀v ∈ V} are generated as in Algo-
rithm 1. Since the node embedding is expected to aggregate the
information in local neighborhood, a depth D is specified to indi-
cate the “radius” of the neighborhood region of a node. The initial
representation [LL,C0,C1,O] is set as the node attributes (line 1).
There are two loops involved. In each step of the outer loop, the
representation of each node is updated through aggregation and
encoding. More specifically, in the d-th iteration of the outer loop,
every node first aggregates information from its neighbors using ag-
gregation function Aдд(·) which takes the representations of node

Algorithm 1 Node Embedding Computation

Input: Graph G(V,E); node attributes {x (v) : ∀v ∈ V}; Search
depth D; non-linear activation function σ (·); Weight matrices
Wd of encoders Ed ,d = 1, ...,D;

Output: Embedding of for each node e(v)D ,∀v ∈ V.
1: e(v)0 ← x (v),∀v ∈ V;
2: for d = 1, ...,D do
3: for all v ∈ V do
4: Compute д(v)d based on Equation (1); ▷ Aggregation

5: e(v)d ← σ (Wd · д
(v)
d ); ▷ Encoding

6: end for
7: end for

Stage-1 Stage-2 Stage-3

Positive point
Negative point

Decision boundary

+
-

+- +-

Figure 4: An example of three-stage GCN classification.

v and its neighbors generated at (d − 1)-th iteration as input, and
generates a new representation for node v , denoted by д(v)d (line 4).
We use a weighted sum function as the aggregation function. As-
sume predecessors (PR) and successors (SU) have different weights.
The aggregation Aдд(·) can be formulated explicitly as:

д(v)d = e(v)d−1 +wpr ×
∑

u ∈PR(v)
e(u)d−1 +wsu ×

∑
u ∈SU(v)

e(u)d−1, (1)

where wpr and wsu are weights for predecessors and successors,
respectively, and they are the same in each step of outer loop. Next,
a non-linear transformation is performed to encode the aggregated
representation using a weight matrixWd ∈ R

Kd−1×Kd and an acti-
vation function σ (·) (line 5). Kd is the dimension of the embedding
after d-th step and K0 is 4 which is the initial attribute dimension.
A concrete example is shown in Figure 3 which illustrates the pro-
cedure of computing node embedding with D = 2. Essentially, after
d iterations, the embedding of a node combines the information of
its d-hop neighborhood.

When maximum depth D is reached, the final embeddings are
obtained and fed to the fully-connected layers for classification.
Parameters that need to be trained includewpr ,wsu ,W1, . . . ,WD
and parameters in FC layers. All the parameters in the network can
be trained end-to-end.

Different from other transductive approaches which cannot gen-
eralize to unseen graphs [11, 16], the entire classification procedure
for each node is only based on its neighborhood information and
the learned parameters and can be shared across different graphs.

3.3 Multi-stage Classification
For a typical design, it is common to have many more negative
nodes than positive nodes, which is not desireable for training
machine learning models. Training a single classification model
can lead to poor overall performance since significant bias would
be introduced towards the majority class. To tackle this imbalance
issue, we developed a multi-stage GCN for this problem. In each
stage, a GCN is trained and only filters out negative cases with high
confidence, and passes the remaining nodes to the next stage, which



is illustrated in Figure 4. This is achieved by imposing a large weight
on the positive nodes such that the penalty of misclassifying them
would be large. In this way, most positive points remain on the right
side of the decision boundary until negative points are substantially
reduced. After a few stages, the remaining nodes should become
relatively balanced and a network can make the final predictions.

3.4 Efficient Training and Inference
3.4.1 Inference. Making the GCN model scalable to large

graphs is a critical problem, especially because fast inference is
desired. The computation shown in Algorithm 1 is an iterative pro-
cess. However, it would be inefficient since the neighborhoods of
different nodes may have overlap, thus there are many duplicated
computations [12, 13]. Here we introduce another approach to in-
ference computation that enables our GCN to process millions of
nodes efficiently. The key idea is to leverage the adjacency matrix
of the graph, denoted byA ∈ RN×N . N is the total number of nodes
in the graph. A matrix Ed ∈ RN×Kd can also be obtained, in which
the v-th row represents the embedding of node v after the d-th
iteration, i.e., Ed [v, :] = e(v)d . Take the graph in Figure 3(a) as an
example. The weighted sum aggregation in iteration d is equivalent
to Equation (2).

Gd = A · Ed−1 =

1 2 3 4 5 6



1 1 w1 w1 w1 0 0
2 w2 1 0 0 w1 0
3 w2 0 1 0 0 w2
4 w2 0 0 1 0 0
5 0 w2 0 0 1 0
6 0 0 w1 0 0 1

×





e(1)d−1

e(2)d−1

e(3)d−1

e(4)d−1

e(5)d−1

e(6)d−1

(2)

HereA ∈ R6×6,Gd ∈ R
6×Kd−1 , and the v-th row is the represen-

tation for node v after aggregation in the d-th iteration. The inner
loop in Algorithm 1 (line 3 – line 6) can be simply formulated as

Ed = σ (Gd ·Wd ) = σ ((A · Ed−1) ·Wd ). (3)

Then, all the computation can be formulated as a series of matrix
multiplications which can be efficiently computed, and duplicated
computation can be avoided. One potential issue is the dimension of
adjacency matrix A is N × N , which is extremely large and cannot
be stored in memory directly. However, we can exploit the fact
that the A is a sparse matrix. For every design in our benchmarks,
the sparsity is higher than 99.95%. Then A can be represented in
a compressed sparse format, e.g., coordinate (COO) format which
stores a list of (value, row_index, column_index) tuple. The
matrix can be stored in the memory to enable the matrix multipli-
cation. For instance, the COO representation of A in Equation (3)
is represented as

value: [1, w1, w1, w1, w2, 1, w1,w2,1, w2,w2,1, w2, 1, w1,1]
r_index: [1, 2, 3, 4, 1, 2, 5, 1, 3, 6, 1, 4, 2, 5, 3, 6]
c_index: [1, 1, 1, 1, 2, 2, 2, 3, 3, 3, 4, 4, 5, 5, 6, 6]

,

where each column is a tuple indicating the value and indices of
a non-zero element in the matrix. Moreover, the COO format is
very efficient for incremental matrix construction which facilitates
graph modifications in our flow.

Training data:

Output Evaluate

Gradient
GPU1 GPU2

Output
Figure 5: Parallel training with multiple GPUs.
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Figure 6: An illustration to compute the impact for anOP. (a)
Prediction on original graph with 5 positives in fan-in cone
of a; (b) Prediction on graph after inserting an observation
point with 1 positive. The impact of node a is 5 − 1 = 4.

3.4.2 Training. The strategy proposed for inference can also
accelerate the GCN training process. In practice, the training set
may contain many graphs. A straightforward method is to compose
multiple graphs into a single graph, but the memory of a single
GPU may not be sufficient to hold all intermediate results in this
case. To overcome this bottleneck, we leverage a parallel training
scheme with multiple GPUs shown in Figure 5. Our scheme can be
seen as a variant of a conventional data-parallel scheme. Conven-
tionally, a batch of input data is split into equal chunks and each
GPU processes a chunk. With our GCN approach, the input of one
graph includes an adjacency matrix and node representation matrix
which cannot be split. Therefore, we separate multiple graphs into
individual graph. Each GPU processes one graph, and all of the out-
put is gathered to calculate the loss and then do back-propagation
to update the model.

4 ITERATIVE OP INSERTION
After a multi-stage GCN model is trained, it can identify difficult-
to-observe nodes in a netlist, which can be used as guidance for
observation point insertion. However, not every difficult-to-observe
node has the same impact for improving the observability since it is
possible that adding an observe point may improve the observability
of other nodes in its fan-in cone. In order to minimize the number
of insertion points, we must select the observation point locations
with largest impact. Next we develop a flow to identify which
locations are more significant using the trained classifier. We define
the impact of each location as the positive prediction reduction in
a local neighborhood after inserting an observation point. Figure 6
gives an example of impact calculation. An iterative flow for points
insertion is developed, which is shown in Figure 7. In each iteration,
every positive prediction is evaluated to get its impact. Finally, a
list containing observation points location is obtained. Then they
are sorted based on their impact and select the top ranked locations.
Next, we modify the graph and perform inference for prediction.
The positive predictions will become the candidates in the next
iteration. The exit condition is there are no positive predictions left.



Table 1: Statistics of benchmarks

Design #Nodes #Edges #POS #NEG

B1 1384264 2102622 8894 1375370
B2 1456453 2182639 9755 1446698
B3 1416382 2137364 9043 1407338
B4 1397586 2124516 8978 1388608

Inserting observation points modifies the netlist, thus the graph
should be modified, including the graph structure and node at-
tributes. Inserting one observation point to a target node v corre-
sponds to adding a new node p to the graph and adding an edge
from the target nodev to new node p. Essentially, the adjacency ma-
trixA and initial embedding matrix E0 should be updated. A critical
problem in this iterative flow is how to update the graph efficiently.
In our flow Figure 7, the graph can be updated incrementally.A can
be incrementally updated by adding a column and a row, and setting
corresponding entries aswpr orwsu , which can be done efficiently
under COO format by appending 3 tuples (wpr ,p,v), (wsu ,v,p)
and (1,p,p). E0 is updated by appending attribute of new node p
which is set to [0,1,1,0]. Then only the attributes of the nodes in the
fan-in cone of the new node should be updated based on SCOAP
method [26]. Since this GCN model is inductive, the updatedA and
E0 are directly fed to the model for prediction.

5 EXPERIMENTAL RESULTS
The experiments are performed on 4 industrial designs implemented
in 12nm technology. Statistics of designs are summarized in Table 1.
#POS and #NEG indicate the number of difficult-to-observe nodes
and easy-to-observe nodes, respectively. The labels are obtained
from commercial DFT tools. The GCN is implemented with PyTorch
and trained on a Linux machine with 32 cores and 4 NVIDIA Tesla
V100 GPUs. The total memory used in the training is 64GB.

Search depth is an important hyper-parameter that may affect
the performance of a GCN. On one hand, increasing search depth
can cover a larger neighborhood such that more information can
be involved. On the other hand, too large region may lead to over-
fitting. We select the search depth by monitoring and comparing
the training and testing accuracy among different settings on the
search depth. K1, K2 and K3 are set as 32, 64 and 128, respectively.
The Rectified linear unit (ReLU) function ReLU(x) = max(x , 0) [27]
is used as the activation function. Four FC layers are consistent,
whose dimensions are 64, 64, 128 and 2. Figure 8 shows the record
of training accuracy and testing accuracy during learning for 300
epochs with search depth 1, 2 and 3. It can be seen that the per-
formance of GCN improves as the search depth increases. Search
depth D = 3 is used for all the remaining experiments. The entire
network consists of 3 aggregators, 3 encoders (with ReLU layer)
and 4 FC layers. We use cross-entropy function as loss function and
stochastic gradient descent for optimization.
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Figure 7: Iterative flow for observation points insertion.
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Figure 8: Performance with different search depth D.
Table 2: Accuracy Comparison on Balanced Dataset

Design LR RF SVM MLP GCN
B1 0.778 0.790 0.813 0.860 0.928
B2 0.767 0.785 0.809 0.845 0.929
B3 0.779 0.793 0.814 0.856 0.930
B4 0.782 0.801 0.821 0.862 0.935

Average 0.777 0.792 0.814 0.856 0.931

We compare the classification performance between our pro-
posed GCN and various classical machine learning models, includ-
ing logistic regression (LR), random forest (RF), support vector
machine (SVM) and Multi-layer perceptron (MLP). Considering a
single classifier may not have good performance on the benchmark
that is highly imbalanced, we compare the performance on bal-
anced datasets by sampling a subset within the entire dataset. Since
other classical machine learning models require handcrafted fea-
tures with a fixed dimension, we integrate neighborhood features
by collecting the features of the nodes in the fan-in cone and fan-
out cone. 500 nodes in fan-in cone and 500 nodes in fan-out cone
are collected. Starting from the target node, breadth-first-search
is performed to collect the nodes in each cone. Every time a node
is visited, the feature of this node is concatenated to the current
feature vector. Therefore, the dimension of the feature vector for
traditional learning models is (500 + 500 + 1) × 4 = 4004.

For each design, we generate a balanced dataset by using all the
positive nodes and sampling the same number of negative nodes
randomly. Each time we use three designs for training and the
remaining one for testing. For the MLP approach, the configuration
of the network is the same as the classifier module in GCN. The
accuracy comparison is presented in Table 2. GCN achieves 93.1%
accuracy on average, outperforming other models on all designs.

We have shown that a GCN can obtain significantly better per-
formance in distinguishing positive nodes and negative nodes than
classical learning models. However, the performance a single GCN
is not satisfying if it is directly trained and tested on original imbal-
anced dataset. To validate the advantage of the multi-stage GCN,
we compare the performance between the multi-stage GCN and
single GCN. In highly imbalanced classification, F1-score is com-
monly used since accuracy would be misleading. The training and
testing schemes are the same as before. Each time we use three
designs for training and the remaining design for testing. 3 stages
are applied and the prediction results of each stage are combined
to obtain the F1-score on the entire dataset. The results comparison
is shown in Figure 9. The multi-stage GCN achieves much higher
F1-scores than single GCN on all these imbalanced datasets.

By taking the advantage of the sparse representation of the
adjacency matrix and matrix multiplication-based computation,
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Table 3: Testability results comparison

Design Industrial Tool GCN-Flow
#OPs #PAs Coverage #OPs #PAs Coverage

B1 6063 1991 99.31% 5801 1687 99.31%
B2 6513 2009 99.39% 5736 2215 99.38%
B3 6063 2026 99.29% 4585 1845 99.29%
B4 6063 2083 99.30% 5896 1854 99.31%

Average 6176 2027 99.32% 5505 1900 99.32%
Ratio 1.00 1.00 1.00 0.89 0.94 1.00

the proposed GCN can scale to process designs with millions of
cells. To demonstrate the scalability of our acceleration strategy,
we compare the inference runtime between two approaches on
graphs with different sizes, ranging from 103 nodes to 106 nodes.
We leverage the released implementation of [12] for comparison,
which uses recursion-based computation. The inference runtime
comparison between two approaches is shown in Figure 10. For a
design with 1 million cells, the recursive computation takes more
than one hour to complete the inference. With our acceleration
strategy, the inference runtime is only 1.5 seconds, which is three
orders of magnitude speedup compared to [12].

Finally we show the testability results of applying the multi-
stage GCN and the iterative test points insertion flow. We use the
testability analysis results from a commercial testability analysis
tool as a baseline. 3 metrics are used for evaluation, including the
total number of OPs inserted, the fault coverage and the number of
test patterns required. The output list of our proposed iterative GCN-
based flow is fed to the same commercial tool to get a test report
from which we can get the pattern number and fault coverage for
a fair comparison. The results are shown in Table 3. Column ‘#OPs’
represents the total number of OPs inserted. ‘#PAs’ represents the
number of test patterns. ‘Coverage’ represents fault coverage. It can
be seen that the OPs recommended by the proposed GCN model
and iterative flow outperform the industrial tool, achieving 11%
reduction on the number of inserted OPs and 6% reduction on test
patterns without any degradation on fault coverage.

6 CONCLUSION
In this paper, a GCN-based methodology is proposed for netlist
representation in EDA field. The methodology is applied to iden-
tification of difficult-to-observe points in a netlist, in which GCN
shows superior performance to classical learning models. A multi-
stage GCN is developed to handle the imbalanced classification
problem, which achieves significantly higher F1-score than single
GCN model. A parallel training scheme is developed to enable large
scale training and a fast inference scheme is proposed to enhance
the scalability of the GCN model. Based on the GCN model and an
iterative observation points insertion flow, we have achieved better

testability on industrial designs compared to a state-of-the-art com-
mercial tool. We believe the GCN-based methodology is generic
and can be applied to other EDA problems, and hope this paper
will inspire more future research in this area.
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