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Abstract
Network simulation plays a critical role in improving the efficiency
of AI supercomputers for new design validation, parameter tuning,
and network protocol development. However, high-fidelity network
simulation is very slow at scale. We observe that the significantly
inefficient initialization of the network control plane is one of the
key reasons for the slow simulation speed. The existing network
simulation searches for the available routing at simulation initializa-
tion, which takes hours or even days. Moreover, the large routing
table involves redundant information which occupy a high mem-
ory volume and makes routing lookup very slow. In this paper, we
present Nüwa1, an efficient generative control plane for AI network
simulation. Nüwa leverages the layered network architecture of
the AI network to express routing information in a formula for
each layer. The formulas are generated directly from the topology
description with an extremely simple transformation. Evaluations
show that Nüwa can reduce routing table generation from hours to
only 20 seconds for 64K nodes. For data plane execution, Nüwa can
reduce the overall simulation time over 100x by almost eliminating
the forwarding calculation.

CCS Concepts
• Networks→ Network simulations; Data center networks;
• Computing methodologies→ Discrete-event simulation;
Simulation tools.
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1In Chinese mythology, Nüwa (pronounced [nỳ.wá]) created humanity from clay
according to her shadow. We use the name Nüwa to signify that our work directly
generates control plane information.
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1 Introduction
To support the rapid evolution of Artificial Intelligence (AI), leading
companies are building AI supercomputers at extremely large scale
[16]. xAI is training the successor of Grok3 using 200,000 GPU
cluster [23]. To optimize the performance of AI training, operators
need to tune training framework parameters, optimize software
stack, and even develop network protocols. However, running a
10,000 GPU for a day costs more than 1 million dollars [5]. Even
top companies cannot afford such extremely expensive tests on
real clusters. As a result, simulation has become a crucial tool in
evaluating the design of training clusters [20, 22].

Network simulation plays a key role in achieving high-fidelity
large scale AI training simulation [20]. Discrete-event simulation
(DES) is the type of simulator desired for high-accuracy AI simula-
tion due to the exact processing of packet-level behaviors. Typical
DESs include ns-3 [15], OMNeT++ [14] and ns.py [12]. However,
DES is slow due to the need for executing all packet-level events, in
which the number of events can be trillions per simulated second
in a 100,000 GPU cluster. Network simulation dominates the total
simulation time, and the efficiency of network simulation is the key
to optimizing AI simulation speed.

Many approaches have been proposed to speed up DES, and
the approaches can be categorized into two types. Increasing par-
allelism and improving computation efficiency. Parallelism was
introduced to DES in 1990 [7]. Recent work DONS [9] and Unison
[2] further improve the parallelism of DES by fine-grained auto-
matic partition and scheduling. SimAI further improves Unison by
eliminating the global locks [20]. For computation efficiency, DONS
[9] introduces data-oriented concept to network simulation which
improves the cache hit rate to speed up the computation.

Despite these efforts that have improved the simulation speed by
up to two orders of magnitude, hyperscale AI supercomputer net-
work simulation is still very slow. Running an 8,192-GPU simulation
with 0.002 seconds simulated time requires 100,000 seconds in ns-3.
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This is 50,000,000 times slower than that in real time. Through de-
tailed profiling, we find a very interesting thing that the inefficient
control plane is one of the major bottlenecks in DES.

DES processing can be divided into two phases, initialization
and execution. It exceeded our expectations that control plane
inefficiency is shown not only in the initialization phase but also in
the execution phase. During initialization, DES establishes topology
and computes routing tables by simulating routing protocols such
as OSPF and BGP. Generating routing table can take about 5 hours
for an 8192-GPU Fat-tree topology in ns-3. In the execution phase,
DES processes every packet-level event. Specifically, simulators
lookup routing tables for each packet to generate all candidate next
hops. The switch then uses routing policies like ECMP or packet
spraying to choose one output port from the possible next hops. We
find that 90% time is cost by generating the next hops in a 1024-GPU
fat-tree running 1MB-Allreduce workload, and this is due to the
inefficient control plane.

After detailed analysis, we get the following conclusions of the
inefficient control plane: In the initialization phase, network simula-
tors often simulate routing protocols such as OSPF, BGP to generate
routing tables that are used for packet forwarding. The simulation
is costly since it needs to model detailed routing protocol behaviors.
Advanced control plane verifiers like Batfish [4, 6], which can only
scale to 2,000 routers [13]. Ns-3-datacenter [19] optimizes the rout-
ing computation with BFS and speeds up the lookup by optimizing
routing entry storage data structure. However, we observe that for
AI training cluster simulation, detailed routing protocol behaviors
are unnecessary, but only the routing results are required. Here,
routing results mean the calculated next hops for each node. For
example, in a clos topology, the group of up and down ports are
enough for switches to calculate the next hop.

To guide the forwarding of packets, network simulators need
to maintain a routing table for each node. When there are a large
number of nodes, the memory cost will be quite high. For example,
as our estimation on a fat tree of 27,468 nodes, the total memory
consumption of route entries can take up over 150GB memory.

In this paper, we provide Nüwa , an efficient generative control
plane for AI network simulation. Our key insight is that routing
tables can be replaced with routing rules in datacenter simulation.

We make the following contributions:

• We used detailed profiling to show that one bottleneck of simula-
tion of large-scale training clusters is the efficiency of the control
plane.
• We proposed Nüwa, a new control plane abstraction for net-
work simulation, which captures essential behaviors with less
computation and memory cost.
• We implemented Nüwa based on ns-3, and used experiments to
show that it achieves a 100× speedup over vanilla ns-3.

2 Background and Motivation
In this section, we first introduce the architecture and workflow of
DES network simulators. We then introduce optimizations for the
efficiency of the DES and our observations for inefficient control
plane computation. Finally, we introduce our motivation to redesign
the control plane for AI network simulation.

2.1 DES Network Simulation
Discrete-event simulation (DES) tools including ns-3 [15], OMNet++
[14], etc., are the most prevalent due to their high fidelity. These
tools can simulate traffic at the packet level to obtain an accurate
estimate of network performance. As shown in Figure 2a, a DES
simulator typically contains two stages, initialization stage and
execution stage. The initialization stage mainly does the work of
control plane functionalities, such as building topology and comput-
ing routing tables. The execution stage mainly corresponds to the
data plane functionalities and is the core of DES. In this stage, the
simulator maintains a timeline, schedules network events, and exe-
cutes events in strict chronological order. Common events including
packet sending, queuing, forwarding, and receiving.

Improving DES execution speed has a long history in the litera-
ture, which falls in two directions.

(1) Making simulation parallel. Parallel DES (PDES) [7] introduces
parallel processing to the DES field. Mainstream DES ns-3 [15] and
OMNeT++ [14] both support the PDES mode. Unison [2] breaks net-
work into finer granularity and performs thread-level parallelism,
avoiding the high overhead for process synchronization in existing
PDES. DONS [9] re-architects the DES using data-oriented design
and breaks DES processing into fine-grained network functions for
efficient parallel scheduling.

(2) Improving computation efficiency. Nix-vector routing [21]
introduces source routing to speed up packet forwarding in ns-
3. However, source routing cannot fit for switch-decided packet-
level or flowlet load-balancing, which limits usage scenarios. Ns-3-
datacenter [19] find that computing routing entries to every inter-
face of every device leads to an unimaginable number of routing en-
tries. Instead, concentrating on the destination node rather than the
destination interface is enough. Htsim [10] is a fast DES optimiza-
tion that targets the simulation of the behavior of the congestion
control algorithm. It optimizes for specific datacenter topologies.
However, datacenter topologies have many variants, such as drag-
onfly [11] to dragonfly+ [18], and writing a specific optimization
for every topology is so tedious.

2.2 DES in the Era of AI Training
Although there have already been several optimizations for DES
in networks, their performance is still lag behind when simulating
AI training clusters. A modern training cluster can consist of more
than 100K GPUs, which generate a large volume of traffic. For
example, a 100,000 GPU cluster with 400 Gbps generates trillions
of events per simulated second. To process such a large number of
packet-level events, DES can take days to complete.

To mitigate such a huge mismatch between simulation speed and
real traffic rate, SimAI [20] further enhances Unison by eliminating
the global locks and achieves a lock-free design which improves
parallelism. However, network simulation still dominates the end-
to-end AI task simulation and it struggles to perform simulation in
today’s cluster scale.

2.3 Observations
After conducting an in-depth analysis of the time distribution across
different parts of the simulation, we observe that beyond the execu-
tion stage, computation of routing tables in the initialization stage
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Figure 1: Performance of ns-3

Table 1: The table lookup time and total execution time for
fat-tree in ns-3

Fat-tree (𝑘) 8 16 24

Lookup time (s) 21.06 1930.95 23256
Execution time (s) 42.90 2100.16 23808

Ratio (%) 49.09 91.94 97.68

has become a critical bottleneck. In our experiment, initialization
of routing tables for an 8,192 GPU fat-tree topology takes 5 hours
to complete in ns-3. Optimization of the ns-3-datacenter [19] is
helpful but still insufficient. Without routing tables, switches have
no idea how to forward packets to the next hop. That is, data plane
execution can only begin after initialization is complete. Therefore,
before further improving the efficiency of execution, we must first
address the challenges in initialization.

We summarize the reasons why control plane simulation be-
comes a bottleneck as follows:
Long computation time. Real datacenter clusters run routing
protocols such as OSPF, BGP in the control plane. Popular DES sim-
ulators also implement traditional routing protocols to be consistent
with the real environment. On the other hand, routing protocols
consider a wide variety of network conditions, which introduces
a significant computational overhead in software. When network
scale continuously grows, this overhead increases drastically, even
requiring days to compute.
Large routing table. Another key challenge is scalability. Real
datacenter networks carefully assign the IP address [1] so that they
can aggregate routes to hosts that are in the same subnet into a
single network route, reducing the number of routing entries in the
routing table. However, the current simulation pays little attention
to IP address assignment and routing aggregation, and thus their
routing tables are considerably large. As we estimate in Figure 1b,
the routing tables will cause a large amount of memory resource.
Inefficient Lookup. Additionally, we notice that initialization can
also slow down the data plane execution stage. This is counterin-
tuitive, because initialization only provides the routing tables for
execution. The secret lies in the efficiency of the cache. It is well
known that packet forwarding is one of the most frequent opera-
tions in the data plane. First, switch looks up the routing table for
all matched routes with minimal cost, then it chooses a route from
them according to ECMP or packet spray policy. Lookup efficiency
is affected by cache efficiency. We now understand that large rout-
ing tables trigger more frequent data exchanges between the cache

DES Network Simulator

Initialization

Execution

Topology description file

Routing 
Protocol

TopologyCompute

Lookup

Build

IP address

Routing Tables

(a) DES network simulator

Nvwa

Initialization

Generation Rule

Topology

Generate

Routing Rule

Use

Hierarchy address

Execution

(b) Nüwa

Figure 2: Architecture of DES network simulator and Nüwa

and main memory, which in turn slows down lookup operations
and ultimately impedes data plane execution, Table 1 shows that
lookup accounts for over 90% of time in execution.

In fact, some studies on network verification have proposed
methods for fast control plane simulation. For example, Batfish [4, 6]
supports many routing protocols (OSPF, BGP, IS-IS etc.), computes
routing tables at a convergent steady state. FastPlane [13] targets
the datacenter network, develops a generalized dijkstra’s algorithm,
replacing the number path weight with route advertisements, and
achieving scalability. Although routing protocol simulation has
been accelerated and simplified, it is difficult to scale to a network
of hundreds of thousands of devices. Other works targeting fast
routing in the networks. Primus [24] notes that routing tables can
be generated in DCNs that have regular topologies, and maintain a
path table and a link table at each switch for routing. Even these
tools can generate routing tables faster, the routing table can still
consume a large amount of memory during simulation, and the
lookup is still inefficient.

3 Nüwa Design
3.1 Basic Idea
Our key insight is that the training clusters have regular topologies
and simple policies, such that faithfully simulating the control plane
to generate a large routing table becomes an over-kill.
Topology. The topologies used for training clusters are highly
structured. Switches are organized hierarchically and symmetrically.
This provides opportunities for more efficient route computation,
storage, and lookup.
Policy. The policies configured in the training clusters are quite
simple. Even BGP has been widely used for routing in datacenters
[1], the policies are mainly focused on valley-free or shortest-path
routing, and equal-cost multi-path. Taking the classic fat-tree topol-
ogy as an example, packets are supposed to be forwarded upward
first and then downward to the destinations to avoid valley on
forwarding paths, which may cause problems like PFC-deadlock in
datacenter. Such routing policies can be obtained without complex
routing protocol computation in simulation. Specifically, a fat-tree
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Figure 3: An example of generating topology with generation
rule. The generated topology forms a hierarchy address tree.

switch just needs to judge whether the current switch and desti-
nation are in the same subnet, and it can determine whether to
forward the packet upward or downward.

We propose a unified topology generation and forwarding frame-
work for the datacenter topology, enabling more efficient and scal-
able hyperscale network simulation.

Suppose that routing in the clos topology, which is the most
widely adopted topology [8, 17], always follows the shortest paths.
The key insight of Nüwa is that the routing paths follow a fixed
pattern, called the up-and-down routing, as they always go upward
first and then downward to the destinations. This pattern helps
prevent PFC deadlocks in the datacenter. We argue that simulation
for datacenter networks can use routing rule to replace routing
table for forwarding, and thus the computation of routing tables
can be avoided, saving the increasingly longer initialization time.

3.2 Architecture
The architecture of Nüwa is shown in Figure 2. It consists of three
main components: topology generator, hierarchy address system,
and routing rule. The topology generator reads the generation
rules as input, generates the topology and routing rule accordingly.
During the construction process, the generator will assign each
node a hierarchy address, which will be discussed in §3.4. Based on
the hierarchy address, the switches use the routing rule to determine
the forwarding direction.

3.3 Topology Generator
A topology structure describes the arrangement of nodes and the
connections between them. In existing network simulators, the
topology is described mainly as an undirected graph consisting of
a specific number of nodes and links. While this topology spec-
ification is general, it fails to take advantage of the hierarchical
structure and symmetry present in datacenter topologies.

We propose a concise topology specification for network simu-
lation to (1) generate topology directly and (2) capture hierarchy
and symmetry.

The AI training datacenter is usually constructed from the bot-
tom to the top. Typically, the lowest layer consists of GPUs, and
they are connected by ToR switches in the upper layer, which is
called the ToR subnet. The ToR switches are then connected by a
set of aggregation switches to form a larger network, known as a
pod. Finally, to satisfy distributed hyperscale training, the pods are
connected by core switches, forming the entire topology. Therefore,

a datacenter network can be viewed as being constructed bottom-
up, layer by layer, from smaller unit networks. Note that a single
GPU at the leaf of the topology is considered as a subnet of edge
layer, but only contains one node and has no subnets.

The way in which the upper layer switches connecting the units
together are simple, either full connection or single connection. For
example, in Figure 3, switches in the core layer connect only to
one switch in each unit, while switches in the aggregation layer
connect to all nodes of each unit. These connection patterns benefit
load-balancing. There may be several blocks within a layer, each
of which is a set of nodes that connect to the same nodes in lower
units. The core layer in Figure 3 contains two blocks of size 1.

As the basic construction units at the lower layer, such as pods,
are identical, the datacenter topologies exhibit a high degree of
symmetry. Therefore, it is sufficient to describe a single unit at each
layer, from which all other units can be generated accordingly.

Our topology specification is a set of structure rules and connec-
tion rules.

• A structure rule specifies the arrangement of the nodes in a
specific layer with a 3-tuple 𝑟𝑢𝑙𝑒 (𝑛,𝑏,𝑚), where 𝑛 is the number
of nodes in the layer, 𝑏 is the number of nodes in each block, and
𝑚 is the number of the subnets unit.
• A connection rule specifies how the nodes are connected. For the
clos topology, we define two connection rules: Full Connection or
Single Connection.

Figure 3 shows an example of four generation rules, based on
which Nüwa generates the four-layer topology.

3.4 Hierarchy addressing
In real networks, each device has a unique IP address to identify
itself in the network and facilitate routing between devices. Al-
though we use IP addresses in the simulation, they are not quite
necessary since the IP address will not affect the simulation results.
In Nüwa, we define a new hierarchy addressing method. Intuitively,
hierarchy addresses express the hierarchy and symmetry of the
topology and imply the relative position of the nodes.

Unlike an IP address, a hierarchy address is not defined for each
node, but rather for a set of nodes. All nodes in the top layer of a
subnet unit have the same hierarchy address.

We organize the hierarchy addresses of a topology as a hierarchy
address tree. As shown on the right of Figure 3, each node of the
tree (represented as a dashed box) consists of a set of network
devices with the same hierarchy address. Notice that the GPU is
considered as a single subnet, thus it has a unique hierarchy address.
The advantage of the hierarchy address tree is that we can easily
resolve a unique routing path at each network device by mapping
the device to a node in the tree.

3.5 Routing Rule
Packet forwarding is one of the most frequent operations in the
simulation. At each hop, forwarding of a packet has several steps,
(1) extracting the packet’s destIP address; (2) looking up in the
routing table for a set of ECMP routing entries; (3) selecting one of
the routes based on hash values; (4) send the packet out through
the corresponding ports.
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Figure 4: An example of forwarding packet in switch. The
switch’s hierarchy address is 1.2.1, the packet’s destination
is 1.2.1.1, whose prefix is 1.2.1, so forward downward.

Algorithm 1: Up-down routing rule(𝑑𝑖𝑑, 𝑐𝑖𝑑, 𝑙 )
Input: 𝑑𝑖𝑑 : the unit id of destination end point.

𝑐𝑖𝑑 : the unit id of current node.
𝑙 : the layer of current node.

Output:𝑂𝑢𝑡𝑝 : the out ports to the next hop.
// Check if current id is prefix of destination id

1 𝑖𝑠𝑃𝑟𝑒 𝑓 𝑖𝑥 ← CheckPrefix(𝑑𝑖𝑑, 𝑐𝑖𝑑 ) ;
// Forward upward

2 if 𝑖𝑠𝑃𝑟𝑒 𝑓 𝑖𝑥 == true then
3 𝑂𝑢𝑡𝑝 ← PortsToUpwardNodes

// Forward downward

4 else
// Get the i-th level id of the destination id

5 𝑛𝑒𝑥𝑡𝑆𝑢𝑏𝑛𝑒𝑡 ← GetLevelId(𝑙, 𝑑𝑖𝑑 ) ;
6 𝑂𝑢𝑡𝑝 ← GetPortsToSubnet(𝑛𝑒𝑥𝑡𝑆𝑢𝑏𝑛𝑒𝑡 ) ;

Among these steps, routing table lookup dominates the execution
time, accounting for more than 90% of execution time for large-
scale networks, as shown in Table 1. Although ns-3-datacenter
optimizes lookup performance, it still maintains large routing tables,
which take up a lot of memory resources, and limits its scalability
to hyperscale cluster simulation. Luckily, we found that routing
rules can be abstracted in clos topology and propose a lookup-free
forwarding method.

As mentioned in §3.4, any pair of nodes has only one routing
path in the hierarchy address tree. Specifically, a packet is always
first forwarded upward and then downward to the destination in
the tree. The forward direction is determined by the positional
relationship between the device and the destination in the tree. If
the current device is an ancestor of the destination, then the packet
should be forwarded downward. Otherwise, the packet goes up
towards the root node of their sub-tree.

As Algorithm 1 shows, in the tree, if a node 𝑢 is an ancestor of
node 𝑣 , i.e., 𝑢’s address is a prefix of 𝑣 ’s address, the packet will
be forwarded upward, else downward. In the clos topology, all up-
ward ports are used for ECMP, and downward ports to a specific
subnet are fixed. Prefix checking is simply a trivial bit-wise opera-
tion. Figure 4 shows an example of forwarding a packet targeting
destination 1.2.1.1 at device whose address is 1.2.1. Because 1.2.1 is
prefix of 1.2.1.1, so the packet should be forwarded downward to
the 1.2.1.1 subnet.
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Figure 5: Initialization time of ns-3, ns-3-dc and Nüwa.

Table 2: Lookup time in all-reduce execution

Fat-tree (𝑘) 16 24 32 40 48 56 64

ns-3 1930.95 23256 1 day2 1 day 1 day 1 day 1 day
ns-3-dc 2.01 9.11 22.88 59.36 100.87 269.13 OOM3

Nüwa 0.012 0.02 0.12 0.19 0.43 0.93 1.12

4 Evaluation
We implemented a prototype of Nüwa based on ns-3 with ~3k LOC
of C++. In this section, we evaluate the efficiency and scalability
of Nüwa, in comparison with ns-3 [15] and ns-3-datacenter [19].
We show that Nüwa: (1) Achieves negligible initialization time. (2)
Reduces a lot of memory resources. (3) Improve the efficiency of
the execution stage.

4.1 Workload and setup
Topology.We choose two types of topologies: (1) fat-tree topolo-
gies of various sizes, and (2) the Meta AI training clos topology [8],
which contains 24, 576 GPUs. All links are 100Gbps and the link
latency is 2𝜇𝑠 .
Workload.We simulate with two types of workloads: (1) all-reduce
and (2) all-to-all, two common traffic patterns in distributed AI train-
ing tasks. For the all-reduce workload, each GPU sends 1MB of data.
For the all-to-all workload, each GPU sends 400KB of data. As the
simulation results indicate, these twoworkloads take approximately
2𝑚𝑠 to run in a fat-tree AI training cluster.
Setup. All evaluations run on a Linux server, with two 32-core
Intel(R) Xeon(R) Gold 6338 CPU @ 2.00GHz and 1T memory.

4.2 Results for Fat-trees
Efficiency As shown in Figure 5, Nüwa significantly reduces the
initialization time to a nearly negligible level. Figure 6 and Figure 7
show that Nüwa’s execution efficiency is higher than ns-3 and
ns-3-datacenter, achieving up to 20% speed-up compared to ns-3-
datacenter. Table 2 shows Nüwa’s lookup takes very little time.

The speed up is attributed to the reduction in the overhead
of routing tables and lookup operations. As shown in Figure 10,
Nüwa reduces up to 60% cache reference times during simulation
compared to the ns-3-datacenter.
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Figure 6: Execution time of all-reduce
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Figure 7: Execution time of all-to-all
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Figure 8: All-reduce memory usage
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Figure 9: All-to-all memory usage
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Figure 11: Total simulation time at scale

ScalabilityNüwa saves a lot of memory by replacing routing tables
with routing rule, achieving good scalability. As shown in Figure 8
and Figure 9, Nüwa’s memory usage increases much slower than
ns-3 and ns-3-datacenter, the memory usage is only about 20% of
that of the datacenter in large-scale simulation.

We evaluate Nüwa on a fat-tree network with up to 222,184
GPUs. Nüwa takes only 76 seconds for initialization. The total
simulation time results of 1MB-allreduce workload in ns-3, ns-3-dc
and Nüwa are presented in Figure 11, Nüwa completes the 222,184
GPU fat-tree simulation in less than 9 hours.

4.3 Results for Meta AI training cluster
We continue to evaluate Nüwa’s performance onMeta’s 3-layer clos
AI training cluster. Since ns-3 fails to simulate such a large-scale
cluster, we only compare Nüwa with ns-3-datacenter. As shown in
Table 3, Nüwa is more efficient in both time and memory. Nüwa
reduces the initialization time from 1 hour to just 8 seconds and up
to 20% faster for the execution stage. In terms of memory, Nüwa
only costs 20% memory of the ns-3-datacenter,

Table 3: Meta cluster simulation results

ns-3-dc Nüwa

Initialization time (s) 3377.98 8.06

AllReduce time (s) 3978.34 3169.49
AllToAll time (s) 2808.47 2559.61

AllReduce Memory (GB) 180.66 43.16
AllToAll Memory (GB) 175.51 38.01

2Denotes simulation time is more than 1 day.
3Denotes simulation out of memory.

5 Discussion
There are several open questions to be solved to extend the capa-
bility of Nüwa to a comprehensive solution.

5.1 Supporting Other Topologies
Low-diameter topologies such as Dragonfly [11], Dragonfly+ [18],
Slimfly [3] are also popular choices for supercomputer network
due to lower cost. The hierarchy of low-diameter topologies is
more complicated than the Clos topology. For example, Dragonfly
connect a group of ToR switches with a full mesh, and groups are
interconnected with global links. The intra-group mesh links and
global links both connect two nodes from the same hierarchy level.
Our solution is based on the strict hierarchical structure of the Clos
topology. How to extend the forwarding rules beyond the simple
up-down rule is one of the key open questions.

5.2 Simulating Failures in Network
Failures are common in the hyper-scale AI training cluster [8]. Sim-
ulating network behaviors under failure scenarios are one of the
key use cases of network simulation. Existing network simulators
like ns-3 can simulating failures but with a time-consuming recom-
putation of whole routing tables. It is desired to let Nüwa support
simulating failures with the efficient rule-based approach. However,
current Nüwa only supports strictly symmetrical topology which
the symmetry will be broken by the failure. Supporting simulation
with network failures efficiently is an important future direction of
Nüwa.

5.3 Supporting Other Simulators
The advantages of Nüwa also apply to other network simulators
like OMNeT++ [14] and DONS [9]. However, how to make the
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Nüwa adopt to multiple simulators without high porting effort is
also a problem we want to tackle in the future.

6 Conclusion
The initialization of the control plane has become a bottleneck for
scalable network simulation. This paper introduces a generative
control plane for AI network simulation, Nüwa, which is efficient
in both time and memory. Nüwa achieves efficiency and scalability
by replacing the routing table with high-level routing rule. Our
evaluation shows that Nüwa achieves negligible initialization time,
saves a lot of memory consumption, and speeds up execution.
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