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Abstract—Network-on-Chips (NoCs) have been viewed as a
promising alternative to traditional on-chip communication archi-
tecture for the increasing number of IPs in modern chips. To sup-
port the vast design space exploration of application-specific NoC
characteristics with arbitrary topologies, in this paper, we propose
a fast estimation framework to predict power, performance, and
area (PPA) of NoCs based on graph neural networks (GNNs). We
present a general way of modeling the application and the NoC
with user-defined parameters as an attributed graph, which can
be learned by the GNN model. Experimental results show that on
the unseen realistic applications, the proposed method achieves
the accuracy of 97.36% on power estimation, 97.83% on area
estimation, and improves the accuracy of the network-level and
system-level performance predictor over the topology-constrained
baseline method by 6.52% and 4.73% respectively.

Index Terms—network-on-chip, PPA prediction, graph neural
network

I. INTRODUCTION

Network-on-Chip (NoC) has been widely adopted as the
high-performance interconnect fabric to satisfy the increasing
communication bandwidth demand of multiprocessor system-
on-chips (MPSoCs) due to its better modularity and scalability
than traditional buses.

To achieve better PPA for application-specific NoCs, a vast
design space needs to be explored to obtain the optimized
micro-architectural and circuit-level parameters such as topol-
ogy and buffer depth, which is known as an NP-hard combina-
torial problem [1]. Most of the existing NoC design automation
frameworks, e.g. genetic algorithm-based method [2], need to
iteratively evaluate the PPA of the generated intermediate NoC
instances. As a result, fast and precise PPA prediction is critical.
Though we can have precise PPA by evaluating the NoC system
with synthesis and detailed simulation, the computation cost is
unaffordable when it comes to thousands of optimization loops.
Compared with synthesis and simulation, the model-based PPA
estimation methods consisting of analytical model-based and
machine learning-based solutions can save orders of magnitude
simulation time with a reasonable amount of prediction losses.

To derive a mathematically extractable PPA model, the
analytical model-based methods usually make a lot of as-
sumptions, which limits their usage scenarios [3]. Besides,
the established analytical models are often highly coupled
with the specific NoC architectures. The poor generalizability
requires designers to build new models for different NoC

Fig. 1. (a) Example of the task graph of an MPSoC. The darker ones are
master cores and the lighter ones are slave cores. (b) Example of an NoC
topology graph. Squares are NIs which master cores and slave cores in (a) are
connected to (with same number and color) and circles are routers. The dotted
lines show the routing paths using (a) as task and the different colors indicate
traffic flows coming from different masters.

architectures and increases the overhead of chip design. In
contrast, the popularity of machine learning-based methods
solves these problems to a larger extent with model-less end-
to-end prediction by fitting the target function with pre-labeled
data samples, which helps decouple the predictor from the
specific NoC implementation for removal of the model building
phase. However, the applicability of prior predictors [3] [4] are
seriously limited by conventional ML algorithms designed to
analyze Euclidean data, which cannot accurately describe and
capture features of irregular NoCs. Thus, they are restricted to
specific regular network topologies such as mesh.

To address these challenges, in this paper, we develop a
GNN-based PPA prediction framework. Unlike traditional ma-
chine learning frameworks, GNNs are known powerful in deal-
ing with non-Euclidean data structures, i.e. graphs. Therefore,
with GNNs, we can model detailed NoC instances as attributed
graphs that can be generalized to other NoC implementations
easily. In general, this paper makes following contributions:

• We propose NoCeption, a flexible GNN-based framework
to estimate power, performance, and area overhead for
NoCs with arbitrary irregular topologies and variable
design parameters. We design the network architecture and
dataset generation flow to train the predictor.

• For the first time, we employ a general representation
method to convert task graphs and NoCs to attributed
graphs, which can extract vital information, especially
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Fig. 2. Framework of NoCeption. Step 1 maps the NoC and its application to an attributed graph, where details of dotted portions are omitted; step 2 performs
message passing to aggregate information from neighbors; step 3 generates a graph-level representation of the NoC system; step 4 predicts the PPA of the
application-specific NoC.

router architectures and link congestions.
• To evaluate the framework proposed, we test NoCep-

tion on silicon-proof commercial NoC IP [5] using both
synthetic and real-world workloads. Experimental results
show that the proposed method can estimate the PPA
of NoCs accurately and achieves significant improvement
over the topology-constrained baseline.

II. BACKGROUND AND RELATED WORK

A. NoC Basics

A classic NoC consists of network interfaces (NIs) and
routers. NIs are connected to heterogeneous cores and are
responsible for converting standard protocols such as AXI [6]
to internal packets of the network. Routers are used to multiplex
multiple communication flows over the NoC interconnect. The
topology is defined as the connection pattern of NIs and
routers. The heterogeneous nature of MPSoCs requires irregular
topologies and customized microarchitectures of NoCs, which
have great impacts on PPA of NoCs [7] and can not be
ignored. Common customization includes synchronizers for
clock domain crossing support and variable buffer depth in
routers for specific bandwidth demand.

B. PPA Prediction for NoC Design

In pre-silicon chip design, accurate and reliable PPA can
be obtained through synthesis and detailed simulation taking
tens of wall-clock minutes, which are unacceptable for fast
design space exploration. To deal with it, many methods for
fast PPA estimation have been proposed. These methods can
be roughly divided into two categories: analytical model-based
and machine learning-based.

The analytical model-based methods need to establish so-
phisticated mathematical models. In ORION 2.0 [8], the power
and area are estimated by modeling NoCs at circuit level. To
estimate performance, researchers model the NoC as a large
queuing system and solve it with queuing theory. The model
in [9] views channels of the router as M/M/1 queues, denoting
exponentially distributed inter-arrival time, exponentially dis-
tributed service time, and one server respectively. Some work
extends traffic inter-arrival time and service time to following
General distribution [10].

Compared with all these methods based on analytical models,
machine learning-based algorithms do not need to consider the

low-level implementation, which disregards trivial mathemat-
ical modeling and has a better generalization capability. By
using multivariate adaptive regression splines (MARS), [11]
achieves significant estimation error reductions of 85% com-
pared with ORION 2.0. The framework in [4] using SVR can
predict the average packet latency accurately while achieving
about 120× speed-up over the simulation. In industry, the NoC
IP vendor Arteris also presents their machine learning-based
PPA predictor [12]. However, instead of graphs, in most of
former works, topologies are encoded as type and size vectors,
e.g. [0, 4] for a 4×4 mesh where 0 represents the type of mesh,
which limits their usages in irregular application-specific NoCs.

C. Graph Neural Networks for NoC Modeling

Graph neural network is a novel neural network architecture
for learning hidden patterns by mapping attributed graphs to
latent feature space, which is difficult for traditional methods
such as convolutional neural network to handle. Then we can
use the learned representations known as graph embeddings for
tasks such as clustering and classification [13]. For NoCs, the
important factors influencing PPA such as router radix, channel
contention, and link workload can be encoded in graphs,
inspiring us to apply the GNN to the new domain of estimating
PPA of NoCs. By leveraging little domain knowledge, we
customize a GNN-based model for our problem.

III. METHODOLOGY

Fig. 2 depicts the overall flow of our framework. In the stage
of NoC conversion, the NoC and the corresponding application
are mapped to an attributed graph using basic NoC knowledge.
In the message passing stage, the GNN aggregates the informa-
tion from neighbors within specific hops. In the readout phase,
the graph-level representation vector is generated, which can
be used to predict PPA lastly.

A. Basic Assumptions and Definitions

As mentioned before, we focus on application-specific NoCs
with arbitrary topologies and various architectural parameters.
Also, we consider the standard transaction-based interface
protocol [6] classifying NIs to master NIs and slave NIs.
We target buffered wormhole flow control under deterministic
routing algorithms. We also assume a constant packet length for
the specific NoC. To formulate the problem, we use definitions
similar to [14] and [13].
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Definition 1. An application can be represented as a task
graph, which is a directed graph AG(C,F ) with vertex ci ∈ C
representing a core and edge fi,j ∈ F representing directed
communication from ci to cj . Every fi,j has a weight denoted
as commi,j representing the communication volume from ci to
cj . An example of the task graph is shown in Fig. 1(a).

Definition 2. The topology of NoC is described by the NoC
topology graph, which is a directed graph TG(N,L). Note that
we focus on NoC itself and exclude cores but their connected
NIs. Vertex ni ∈ N represents an NI or a router, and edge
li,j ∈ L represents a directed link from ni to nj . An example
of the NoC topology graph is shown in Fig. 1(b).

We can use the given deterministic routing algorithm to get
the ideal total traffic of links according to

wi,j =
∑

fp,q∈F
commp,q × ψ(p, q, li,j) (1)

where wi,j is the accumulated traffic of link li,j and
ψ(p, q, li,j) is a Boolean indicating whether the li,j is part of
the routing path from source core p to destination core q. As
shown in Fig. 1(b), the blue dotted lines show routing paths
from core 0 to core 2, 4, 5. Then w7,6 = 10+ 60 + 40 = 110.
In this paper, we name the NoC topology graph with wi,j as
weight as workload graph (WG), which indicates the load and
congestion of network under the given task.

Definition 3. The input of the GNN is an attributed graph
G(V,E,X,Xe), where V and E represent nodes and edges.
X ∈ R|V |×d is a node feature matrix with xi ∈ Rd representing
the feature vector of node vi. And Xe ∈ R|V |×|V |×de

is an edge
feature matrix with xe

i,j ∈ Rde

representing the feature vector
of edge ei,j .

B. Converting NoC Descriptions into Attributed Graphs

In this stage, we need to construct target attributed graphs
with task graphs and NoC configurations. In part III-B1 to
III-B3, we consider the simplest situation with homogeneous
NoC parameters, i.e. NIs and routers have the same configu-
ration respectively. In III-B4, we consider NoC with heteroge-
neous architectural parameters.

1) Power: According to [8], the major router building blocks
including input buffers, crossbar switches, and arbiters, take a
large proportion of dissipated power of NoCs. The important
characteristics of above components are included in the NoC
topology directly. For example, router 8 in Fig. 1(b) having two
incoming links and two outgoing links is composed of two input
buffers, one 2×2 crossbar and two 2−1 arbiters at output ports.
The dynamic power consumed by the buffers, crossbars, and
arbiters is also dependent on data transmitting frequency, which
can be described by the workload of corresponding links. For
instance, w6,8, w9,8, w8,4, and w8,5 depict writing and reading
activities of input buffers of router 8 in Fig. 1(b).

NIs in the commercial IP [5] are composed of packetizers,
depacketizers, and control logics. However, implementations of
NIs might have huge differences among NoC designs. Here we
simply treat NIs of masters and slaves as two different kinds
of routers and use the learning ability of the GNN to fit their
implementation-dependent properties.

In summary, the attributed graph G for power prediction
derives from workload graph, i.e. V = N , E = L and
xe
i,j = [wi,j ]

T. To distinguish different types of nodes, i.e.
routers, NIs of masters, and NIs of slaves, we use one-hot
encoding as node features X , e.g. x0 = [1, 0, 0]T if v0 is a
router.

2) Area: Compared with power, area prediction does not
need to consider the traffic workload, i.e. task graph, because
the area of NoC is decided by itself only. For the simplest
situation, the attributed graph of area is as same as power,
except that the edge feature matrix Xe is empty.

3) Performance: NoC performance is generally measured
in terms of network latency [7]. Here we focus on average
latency, which is a metric of average-case performance. For the
transaction-based NoC systems, the latency of one transaction
can be defined as the time between when the first request is
presented at master and when the final response is accepted
at master. By averaging transaction latencies between master
p and slave q over a period of time, we have their network-
level end-to-end latency LATp,q . Moreover, we can use (2)
to measure the system-level global latency LAT , where λp,q

denotes the actual traffic rate. Note that λp,q might be smaller
than the ideal value commp,q and the deviation can be learned
by the GNN.

LAT =
1∑

fp,q∈F λp,q

∑
fp,q∈F

(LATp,q × λp,q) (2)

For realistic NoCs, the latency is decided by not only hops
but also congestion. When a packet traverses the router, channel
contention happens if it fails for arbitration and waiting occurs
if no available downstream buffers due to blockage, both of
which cause additional delay. We can still use the workload
graph to describe the congestion of network, however, this
is insufficient to model channel contention inside routers. An
exmaple is in Fig. 1(a), by changing comm0,4, comm0,5,
comm1,4, comm1,5 to 50, we find the recomputed workload
graph identical to the original, e.g. w7,6 keeps 110. To solve
this, we represent routers in a finer-grained way by separating
them into output ports to have output port graph (OPG). By
applying this method, the components connected to router 8
in Fig. 1(b) can be represented differently under the changed
task, as shown in Fig. 3, where P j

i is the output port of router
i connected to node j. The GNN can learn the probability of
contention at P 4

8 is 0.6×0.4 and 0.5×0.5 in (a) and (b) of Fig. 3
after gathering the information from neighbors P 8

6 and P 8
9 and

the weighted edges connecting them. We will show the huge
improvement by adopting output port graph in experiment.

For end-end-latency which is a local property, we need
to extract subgraph from the whole topology before NoC
conversion. Firstly, end-to-end latency LATp,q is influenced
by the nodes in the routing path, which decides the number
of hops directly, e.g. {n0, n7, n6, n2} in Fig. 1(b) for LAT0,2.
Secondly, the neighboring routers of nodes in the path also
impact the ultimate latency, e.g. {n9} of n7 and {n8} of n6 in
Fig. 1(b) if we consider one-hop neighbors. So the subgraph
for LAT0,2 consists of {n0, n7, n6, n2, n9, n8} and links among
them.
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Fig. 3. (a) OPG for router 8 in original Fig. 1(b). (b) OPG for router 8
in Fig. 1(b) after changing task. Different weights of links indicate different
channel contentions.

4) Dealing with NoC Heterogeneity: Heterogeneous NoC
parameters are quite common for the optimized application-
specific MPSoCs. The key to handling heterogeneity is inserting
new parameters to node features or edge features appropriately.

The first example is the synchronizer used to transmit data
crossing multiple clock domains. The clock domain NIs and
routers belonging to can be seen as part of the node attribute
and be inserted into node feature vectors directly. The GNN
can perceive PPA overhead by gathering clock domain fields in
feature vectors of neighboring nodes. The second example is the
input buffer for storing flits coming from upstream temporarily.
Though the buffer is one of the components of the router, it
will be difficult to encode it as a node feature as there is no
order for input buffers of general topologies. Since every input
channel owns its buffer, we can treat the depth of buffer as part
of the edge feature.

C. The GNN Architecture Design in NoCeption

The architecture of GNN model transforming attributed
graphs into effective graph embeddings is essential to prediction
results. To satisfy the need for directed graphs and edge features
learning, we use message passing neural network (MPNN)
architecture [15] in NoCeption, which consists of message
passing phase and readout phase.

In the message passing phase, node v representing the
NI/router and having node feature xv ∈ Rd is projected to
hidden state hv ∈ Rd′

where d′ > d normally. The aggregation
of the information from neighboring nodes in iteration t is
perfomed according to

ht+1
v = α(ht

v +mt+1
v ) (3)

where h0
v is obtained from xv through MLP and α is ELU

activation function. ht
v accumulates the message mt+1

v ∈ Rd′

produced by neighboring routers/NIs and links indicating radix
of v, workload of connected links and congestion of connected
channels, etc. We construct messages of two directions, i.e. miv
for incoming and mov for outgoing, to distinguish their impacts
from upstream/downstream such as contention/backpressure
according to

mit+1
v =

∑

w∈Ni(v)

Mit
(
ht
w, x

e
w,v

)
(4)

mot+1
v =

∑

w∈No(v)

Mot
(
ht
w, x

e
v,w

)
(5)

Fig. 4. Process of generating datasets for training.

mt+1
v = mit+1

v ‖ mot+1
v (6)

where Ni and No denote the predecessors and successors
of v with Mi and Mo as their message functions separately.
Mi has same form as Mo and Mit

(
ht
w, x

e
w,v

)
= θ

(
xe
w,v

)
ht
w,

where θ is an MLP that maps edge feature xe
w,v to a d′

2 × d′

matrix. This method can help us combine impacts from neigh-
boring nodes and neighboring edges. A simple example is
contention probability generation in III-B3. The contention
probability of P 4

8 can be obtained by aggregating hidden states
of P 8

6 /P 8
9 containing total output traffic of P 8

6 /P 8
9 and the

corresponding traffic from P 8
6 /P 8

9 to P 4
8 . We then concatenate

messages from two directions.
Impacts caused by neighbors located at more than one hop

can not be ignored. An instance is packets at router 7 might wait
due to contention at router 8 in Fig. 1(b). After the message
passing phase runs for T iterations, information from nodes
and edges within T hops are aggregated. In the readout phase,
we can use the readout function ρ to compress all the hidden
states of nodes to a single vector HG representing the whole
graph, that is

HG = ρ
({

hT
v |v ∈ G

})
(7)

In NoCeption, we simply sum all hT
v for power and area

estimation. However, the latency is more imbalanced due to
more congestions around hotspot nodes. We use set2set [16]
as ρ, which uses the attention mechanism to help us capture
hotspot regions in NoCs. With the graph-level representation
of NoC, we can predict PPA using fully-connected layers.

D. Model Training of NoCeption
For more effective training, in NoCeption, we share Mi and

Mo in iterations to reduce the number of their parameters to
1
T of the original. Our optimization goal is fitting the function
of predicting PPA, so we choose MSE as loss function and for
mini-batch gradient descent, that is

MSE =
1

k

k∑

i=1

(yi − ŷi)
2

(8)

where k, yi, and ŷi are batch size, the label of PPA, and the
output of GNN. Grid-search is applied to search for optimized
hyperparameters such as values of T and d′. Adam is selected
to optimize the parameters of the GNN.
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TABLE I
MAPE FOR POWER AND AREA PREDICTION (%)

Indicator
Configuration

Homogeneous1 Clock2 Buffer3

Power 2.60 2.41 2.55

Area 3.69 4.06 4.19

1 NIs and routers have the same configuration, respectively.
2 Cores connected to the NoC have random clock frequencies.
3 Routers have random buffer depth at each input channel.

IV. EXPERIMENTAL RESULTS

A. Datasets Generation and Experimental Setup

The process of generating training datasets is shown in Fig. 4.
With core numbers as input, synthetic task graphs are generated
by TGFF [17]. To prevent an interface from being master and
slave at the same time which is not allowed for AXI, those NIs
owning both incoming and outgoing traffic are split into two.
Random network topologies including regular/irregular ones
and architectural parameters such as clocking domain are also
generated. Then we map the task graph to the NoC randomly
to get routing paths under the selected routing algorithm. Note
that some of them might be illegal, e.g. existing cyclic link
dependency leads to the risk of deadlock. Here we discard them
directly and restart the generation. Lastly, we use a commercial
NoC IP [5] with the technology libraries to synthesize and
simulate the NoC to get PPA.

In our experiment, the maximum number of cores in gener-
ated task graphs is 20 and (20×2) NIs at most after splitting.
Regular topologies like torus and irregular topologies like
random tree are included. For homogeneous NoC configuration,
buffer depths of all routers are 4 and all clock frequencies are
100 MHz. For heterogeneous ones, depths of buffer range from
4 to 12, and clock frequencies of cores can be 100/150/200
Mhz. Shortest path routing is used. We set the packet size to 64
bytes and configure the packet injection to follow Poisson dis-
tribution. TSMC 65nm library is used. The generated datasets
contain 21,000 samples in total.

B. Experimental Results

To compare the differences in prediction accuracy, the statis-
tical measurement of mean absolute percentage error (MAPE)
defined in (9) is adopted, where k, yi and ŷi are the number
of samples, the label of PPA, and the prediction. For a single
specific sample, where k = 1, is called APE here.

MAPE = 100%× 1

k

k∑

i=1

∣∣∣∣
yi − ŷi

yi

∣∣∣∣ (9)

1) NoCeption on Synthetic Applications: We first evaluate
our method on datasets where task graphs and topologies
are generated randomly. The results of power and area are
shown in Table I, which both achieve high accuracies. For
latency prediction, here we use SVR-NoC [4] as the baseline
which only uses information of one-hop neighboring routers for
prediction and is limited to work with the mesh topology and

TABLE II
MAPE FOR LATENCY PREDICTION (%)

Configuration
End-to-End Global

SVR-
NoC

GNN-
WG3

GNN-
OPG3

SVR-
NoC

GNN-
WG

GNN-
OPG

Homogeneous
(Mesh)1 14.31 14.35 8.12 6.98 7.02 4.42

Homogeneous2 — 14.73 9.82 — 7.44 4.63

Clock2 — 14.86 10.13 — 8.99 5.28

Buffer2 — 13.18 9.76 — 8.65 5.25
1 Same as Table I but topology of NoCs in datasets is mesh only to

campare NoCeption with topology-constrained SVR-NoC.
2 Same as Table I.
3 In NoCeption, use workload graph and output port graph for NoC

conversion respectively.

homogeneous NoC parameters. As seen in Table II, compared
with SVR-NoC, our method based on the output port graph
achieves 6.19% and 2.56% improvement in end-to-end and
global latency, respectively. Note that latency modeling using
workload graph performs much worse than using the output
port graph, which conforms to our analysis. NoCeption in
following sections uses output port graph only. When using
heterogeneous architectural parameters across the network, our
method can still keep high accuracy close to the homogeneous
ones. In Fig. 5, the APE distribution of NoCeption in larger
NoCs keeps as in small ones, whereas SVR-NoC does not.
This shows our model can generalize to NoCs with different
scales.

2) NoCeption on Synthetic Traffics: We test the models
trained by synthetic applications on unseen traffic patterns
including complement, reverse, shuffle, and neighbor [7], on
4×4 meshes. The results are shown in Fig. 6, where NoCep-
tion predicts more precisely than SVR-NoC, and at a higher
injection rate the advantages are more obvious. We found that
in Fig. 6 latency levels off at higher packet injection rate. This
is caused by the transaction mechanism that huge delay of
responses reaching masters slows down the sending of new
transactions in busy NoC which alleviates increment of global
latency.

3) NoCeption on Real Applications: We test the models
trained by synthetic applications on unseen real benchmarks
[18] [19] of MMS, MPEG4, VOPD, PIP, and MWD, by
mapping them randomly onto NoCs to demonstrate the practical
accuracy of NoCeption. Mesh topology and homogeneous
parameters are still used to make NoCeption comparable with
SVR-NoC. The results are shown in Fig. 7, where the power
and area prediction achieve the accuracy of 97.36% and 97.83%
on average, and of 93.44% and 95.92% in worst cases. We also
see that on real applications, NoCeption shows an improvement
of 6.52% and 4.73% on average for the end-to-end and global
latency prediction compared with SVR-NoC.

V. CONCLUSION

In this paper, we have proposed a GNN-based framework
for PPA prediction of application-specific NoCs with arbitrary
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Fig. 5. Boxplot for APE distribution of increasing NoC scale. The outliers are omitted here.

Fig. 6. Latency comparison with simulation, NoCeption, and SVR-NoC under
complement, reverse, shuffle, and neighbor traffic pattern.

Fig. 7. PPA prediction results comparison on real applications.

topologies and heterogeneous parameters. Given an NoC and
the corresponding task, the NoCeption transforms them into
an attributed graph and uses it to predict PPA. Validated by
datasets generated using a commercial NoC IP, our proposed
approach is approved to be effective on various applications.
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