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ns.py and Days



ns.py is written in Python, single-
threaded, and uses generators — which 
uses coroutines



Days uses async Rust and stackless 
coroutines — for the best possible 
performance



Let’s look at some results first
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Comparing ns.py and Days with ns-3, 
OMNET++, and DONS (SIGCOMM 2023, 
co-authors from Tsinghua University)



slightly worse than both ns-3 and OmNeT++. Surprisingly,
despite the performance penalty imposed by Python, ns.py
outperformed both ns-3 and OmNeT++ in the FatTree-4 topol-
ogy, and outperformed DONS with a 12⇥ speedup.

over an hour

1

100

10000

ns−3 P−ns−3 OmNeT++ DONS ns.py Days (ST) Days (MT)

DES Frameworks

R
un
ni
ng

Ti
m
e
(s
ec
on
ds
)

k = 4, 8 flows k = 8, 64 flows k = 16, 512 flows k = 32, 4096 flows

0.03
0.09

5.24

0.33

170m30.1s

5m55s

25.6s27.0 22.7 20.5

0.30

2.94
1.64

6.5s

296.4

32.5

1.79

5.77

1.91 2.88

0.24

2.08

1.55

Fig. 3. ns.py outperformed all existing DES frameworks in baseline bench-
marks, including DONS. Packing even more performance, Days outperformed
ns.py by up to 55⇥, and outperformed DONS by 32⇥, 17⇥, 14⇥, and
1574⇥ in these baseline benchmarks, respectively.

When we moved to the FatTree-8 topology, ns-3 with a
single process — as well as OmNeT++ — started to slow
down quite substantially, but its parallelized counterpart, with
9 logical processes running on 9 different CPU cores and
communicating with one another using the Message Passing
Interface (MPI), performed admirably well, almost offering a
linear speedup. Our results again diverged from experimental
results reported in the literature [14]. DONS, while having
the opportunity to use all our 16 CPU cores, outperformed
parallelized ns-3 slightly, but its performance was a far cry
from a speedup of 3⇥ over parallelized ns-3 as it originally
claimed [14]. ns.py, while running with only one thread on a
single CPU core, was 15⇥ faster than OmNeT++ and 3.4⇥
faster than DONS. In the FatTree-16 benchmark, ns.py was
marginally faster than DONS; and interestingly, neither vanilla
nor parallel ns-3 were scalable at all: they both took over an
hour before we terminated the jobs.

We now turn to Days, and show its performance with both
single-threaded (ST) and multi-threaded (MT) executors. In
the case of FatTree-4, while the previously fastest framework,
ns.py, took 0.32 seconds, Days (ST) took only 0.03 seconds,
representing a speedup of 96⇥ over DONS. In the case of
FatTree-8 and FatTree-16, Days (ST) outperformed ns.py by
5⇥ and 7⇥, respectively; it also achieved a speedup of 17⇥
and 8⇥ over DONS, respectively, and a speedup of 100⇥
over OmNeT++ with FatTree-16. But with FatTree-16, the true
winner is Days (MT), achieving a 1.8⇥ speedup over Days
(ST), and a 14⇥ speedup over DONS.

Finally, with the FatTree-32 topology and 4096 flows, we
only evaluated DONS and ns.py against Days, as it was
not feasible to wait for the other contestants. This was a
benchmark where Days (MT) excelled: a 55⇥ speedup over
ns.py, and a 1574⇥ speedup over DONS — we double-
checked our configurations and they were indeed this fast! Our
performance optimizations on Days’ multi-threaded executor
have also catapulted it to a significant 4⇥ speedup over the

Benchmark MimicNet ns.py
Days
ST

Days MT

FatTree-4,
8 flows

9.46s (±
0.11s)

0.24s (±
0.005s)

0.03s (±
0.0006s)

0.09s (±
0.0024s)

FatTree-8,
64 flows

23.32s (±
0.27s)

1.55s (±
0.02s)

0.30s (±
0.011s)

0.33s (±
0.002s)

FatTree-16,
512 flows

567.5s (±
2.50s)

20.3s (±
0.10s)

2.94s (±
0.119s)

1.64s (±
0.026s)

TABLE III
NOT INCLUDING THE TRAINING TIME, MIMICNET IS STILL NOT

COMPETITIVE AGAINST ns.py AND Days.

single-threaded executor. Suffice it to say, Days was fast.
Network performance estimation. We then turned our

attention to recent tools for network performance estimation
— MimicNet [15] and DeepQueueNet [17] — by running
their vanilla source code without modifications. It turns out
that the source code for DeepQueueNet only supports the
FatTree-4 topology; and with 5 test runs, the mean running
time we measured was 174.63 seconds, with an SEM of
2.66 seconds. This was substantially slower than all DES
frameworks. Granted, the single NVIDIA GPU on our server
did not satisfy its 4-GPU hardware requirement, and inference
was performed on the CPUs. Still, even with the benefit of 4
GPUs, the performance of our frameworks, at 0.24, 0.03, and
0.09 seconds, may still be quite competitive.

The source code of MimicNet [15] can indeed support
all three benchmarks, and we again carried out 5 test runs
each, using CPU cores to perform both training and inference,
as the CUDA version supported by MimicNet no longer
supports current-generation NVIDIA GPUs. As we show in
Table III, it was not competitive in performance, which is
the primary motivation for designing network performance
estimators. Even ns.py outperformed MimicNet by 20⇥, not
to mention Days. In addition, our MimicNet results did not
include the time needed for training, which took an average
of 211 minutes and 24.3 seconds for the FatTree-16 topology.

Scaling up the number of flows. Now that ns.py and
Days have both outperformed existing DES frameworks and
performance estimators, we continue with a more in-depth
analysis on their scalability with respect to the number of flows
in a FatTree-32 topology. Flows in each simulation ran for 10
seconds, produced traffic at 10 Mbps, and used TCP CUBIC
as their congestion control protocol. The link capacities were
set as 100 Mbps. The running time on the y-axis, again,
uses a logarithmic scale. As Fig. 4(a) shows, ns.py’s running
times increased exponentially with the exponential increase
in the number of flows simulated; the line graph is almost
linear when plotted using the logarithmic scale. This shows
that the runtime overhead was relatively fixed, in that no
extra workload was performed per flow as more flows were
simulated. In contrast, Days ST and Days MT were much
more performant — both overall and on a per-flow basis —
as the number of flows scales up. In particular, exactly as we
expected due to its multi-threaded executor, Days MT craved
more workload, and was able to catch up with its single-
threaded sibling as the number of flows reached beyond 64. At
these larger scales, the speedup offered by parallelism caught
up with the synchronization overhead. It is also worth noting
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Why are ns.py and Days so much faster 
than, say, ns-3?
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Simplicity
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OMNET++ — 257K LOC 
ns-3 — 551K LOC

Popular discrete-event 
simulation frameworks



ns.py has around 3K LOC, and is 
designed to be easy to use



Days has around 8K LOC (excluding the 
custom executor), and is trying to be as 
fast as possible



“Software’s girth has surpassed its 
functionality.”

— Niklaus Wirth, “A Plea for Lean Software,” 1995



“Ideally, only a basic system with essential 
facilities would be offered, a system that 
would lend itself to various extensions.”

— Niklaus Wirth, “A Plea for Lean Software,” 1995



Similar to recent simulators such as 
DONS, both ns-3 and Days are purpose-
built simulators for datacenter networking



And optional features are feature-gated 

#[cfg(feature = "l2_pfc")] 
pub mod pfc;



Process-Based Design
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Process-based design was proposed 
over six decades ago in 1963



But since ns-1 (1994), network 
simulators used event-based design



So what’s the difference between the 
two designs?
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Fig. 1. Deficit Round Robin scheduler: Event-based vs. process-based designs. To implement a process-based design, one can use cooperatively scheduled
coroutines (b) or generator functions supported by Python (c).

implemented as a loop. In each iteration, it receives inbound
packets, moves on to the next queue, and selects and sends
one or several outbound packets in a round-robin fashion. All
packets are sent by passing messages between coroutines.

Data-oriented design. A recently proposed DES frame-
work, called DONS [14], proposed a different way of increas-
ing the degree of parallelism by using a data-oriented design
using the Unity game engine, traditionally used for developing
games [25]. To improve cache consistency, DONS proposed
to store data of the same type (e.g., timestamps in all the
packets) together; and to improve data parallelism, it advocated
processing a batch of data (e.g., packets) concurrently using
multiple threads. Unfortunately, in more complex cases such
as with Weighted Fair Queueing (WFQ) schedulers [26],
packets will need to be individually processed consecutively
for correctness, as the choice of the next packet to be for-
warded depends on previous decisions. As such, the degree of
data parallelism may be limited in most simulation scenarios
if discrete events are to be strictly processed in the order
of their timestamps. If such strict order can be moderately
relaxed, Days incorporates several optimizations — such as
time quantization — that exploit data parallelism as well, albeit
at a slight cost in accuracy.

Network performance estimation. In recent years, network
performance estimation tools [15], [16], [17] were proposed
to address the lack of scalability with DES frameworks by
accepting a moderate loss of accuracy as a tradeoff, as
compared to the ground truth produced by full-fidelity DES
frameworks. The general strategy, shared by all performance
estimation tools, is to use a deep neural network (DNN) model
to represent a portion of the network topology or a single
network device, and to train it using ground-truth datasets
from DES frameworks. After the DNN model has been trained
properly, it can be used for inference on GPUs using batches of
packets as inputs, and important performance metrics — such
as throughput, round-trip times, and flow completion times —
can be deducted. The loss of accuracy, compared to ground
truth from DES frameworks, is typically evaluated with the
Wasserstein distance [27]. However, it is not clear how often
the DNN models need to be retrained using new ground-truth
data; it would be inconvenient, or even feasible, to train these

models often, as such training may take hours to complete.

III. A TALE OF TWO SIMULATORS

A. Openings

Complexity. In his article [28] titled “A Plea for Lean
Software,” Niklaus Wirth made the claim that “software’s girth
has surpassed its functionality,” and that such complexity was
due to software’s monolithic design, in that all features are
available all the time. We are of the opinion that current
DES frameworks, such as ns-3 [9] and OmNeT++ [11], are
too complex to use, to extend, and more importantly, to
become performant at scale. If we use lines of code (LOC)
— not including examples and tests — as a crude measure
of complexity, while early frameworks such as REAL and ns-
1 both had 15K LOC, the latest release of OmNeT++ had
257K LOC, ns-2 had 286K LOC, and ns-3 had 551K LOC!
We advocate that one should get back to basics and, starting
from a process-based design, build each network element with
simplicity as a design principle. As Wirth proclaimed [28]:
“Ideally, only a basic system with essential facilities would be
offered, a system that would lend itself to various extensions.”

As a starting point, few programming languages are simpler
or more ubiquitous than Python. But does it offer suitable
language-level support for a process-based design? Coroutines,
which coexist in the same kernel thread and are cooperatively
scheduled, have been supported since Python 3.4, and the
async/await keywords have been supported since Python 3.5.
Alternatively, one can use generator iterators, as coroutines
and generator iterators are flip sides of the same coin: With a
generator iterator created by a generator function containing
yield calls, each yield temporarily suspends processing,
remembering the current execution state. When the generator
iterator resumes, it restarts execution where it left off [29],
just as a cooperatively scheduled coroutine would do.

The first DES framework we have designed for network
simulation, ns.py, uses the facility of generator functions in
Python to realize the process-based design. It is simple to
define generator functions, called run(), in network elements
in ns.py, as one needs to yield to other coroutines in two
cases only: waiting for an inbound packet, or for a timeout
before sending out the next outbound packet, as we illustrate



Threads  Stackless Coroutines→
Concurrency happens entirely within your code 

An executor manages async tasks 

Your code yields control from time to time, using the 
await keyword
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Rust is one of only two languages that 
support stackless coroutines 

with Future and the async / await syntax 

Go also supports coroutines, but the slower 
stack-based variant



The Actor Model  
with Mailboxes and Outputs
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programming language with the advent of async/await re-
cently [33]. The Rust compiler natively supports capturing
local fields and the program counter in the Future struc-
ture. Various runtime executors are supported by third-party
libraries, such as tokio [34], by “polling” lazy coroutines.
Dubbed zero-cost futures [33], there is zero runtime overhead:
a stackless coroutine in Rust is just a fancier way of creating
a finite state machine [35] — a hallmark of event-based
simulation!

Stackless coroutines aside, Rust enjoys many other advan-
tages as a modern programming language, such as zero-cost
abstraction, memory safety, as well as conservative ownership
rules enforced by the compiler. With Rust, it is guaranteed
that there will not be any data races across multiple threads,
each corresponding to a CPU core and accommodating a
large number of coroutines. Needless to say, as we set out
to design and build Days, our new, simple and performant
DES framework, Rust is our natural choice.

Unfortunately, though they have been planned for a future
release, Rust does not yet support generator functions as
Python does. This makes it unlikely to directly migrate our
design and implementation from ns.py to Days. To start from
the ground up, we selected tokio [34], a well-maintained multi-
threaded executor in Rust, as our executor of choice. As tokio

is primarily designed for networking I/O, it is not only multi-
threaded — each hosting a large number of coroutines —
by default, but also supports common thread synchronization
primitives such as a semaphore [36], which maintains a set
of permits that are used to synchronize access to a shared
resource. In addition, it provides excellent support for highly
performant channels [37]; messages can easily be passed be-
tween coroutines with tokio’s multi-producer, single-consumer
(MPSC) channels, which are able to buffer an unbounded
number of messages for future delivery.

In network simulation, there are only two cases in which
the simulation clock may need to be advanced: 1 when a
coroutine is waiting to receive a message from its MPSC
channel; and 2 when it needs to time out for a period of
simulation time by going to sleep. But when do we advance
the simulation clock? The key insight is that the simulation
clock should only be advanced when the simulation reaches
a state of quiescence and no coroutines are active; i.e., they
are all blocked waiting for a message or a timeout. This is
fundamentally a deadlock across coroutines, which is to be
avoided at all costs in a conventional multi-threaded executor
such as tokio.

With such a conundrum between the need to avoid or to
seek a deadlock, we argue that it is still feasible to simulate
discrete events using tokio, a conventional executor. Fig. 2(a)
illustrates how we use a globally shared trio, involving a binary
heap sorted by wake-up time, the current simulation time, and
a single semaphore, to advance the simulation clock correctly.
The binary heap keeps track of a collection of (sender, wake-up

time) tuples, sorted by wake-up times. The number of available
permits in the semaphore is used to keep track of the number
of live coroutines; only when it is reduced to zero should we
advance the simulation clock to the minimum wake-up time
popped from the binary heap. We check if the simulation clock

Binary heap

#1 (sender, time)

...

Semaphore

Fig. 2. (a) A failed first cut design. (b) Days with the mailbox model and
its custom multi-threaded executor.

should be advanced whenever a coroutine blocks itself, either
to receive a packet or to time out.

In our first-cut design, the simulation clock is only advanced
when the number of available permits is 0, which implies that
no coroutines are currently alive and running, and a state
of deadlock has been reached. When the simulation clock
is advanced, it is advanced to the next wake-up time of the
nearest coroutine in time, decided by popping an event from
the binary heap.

The binary heap includes a collection of (sender, wake-up

time) tuples, sorted by their wake-up times. Each entry in the
binary heap is pushed right before a coroutine attempts to
time out, and to sleep until a specific wake-up time is reached.
When this occurs, a coroutine would create a one-shot channel
using tokio (our runtime executor), and store the sender of the
channel as the first element of the tuple to be pushed onto the
binary heap.

There are two occasions when a coroutine goes to sleep:
1 when it needs to receive a packet, arriving from other

coroutines via an MPSC channel; and 2 when it times out
waiting for a specific wake-up time in the future. In both
occasions, the coroutine would need to acquire a permit from
the globally shared semaphore before going to sleep, and
release the permit back to the semaphore after waking up.
When a coroutine is initialized, it adds a new permit to the
semaphore; and when it is terminated, it permanently removes
one permit. This way, the number of available permits in the
semaphore will accurately reflect coroutines that are currently
alive.

Performance. Much to our dismay, despite the fact that
it has access to multiple CPU cores, our first-cut design
underperformed ns.py by 6⇥ in a FatTree-4 topology with
8 flows, achieving a mean running time of 1.898 seconds and
a Standard Error of Mean (SEM) of 0.004 over 5 runs, as
compared to 0.32 seconds (SEM 0.005) with ns.py, as well
as an abysmal CPU utilization of only 10.3%. This is due
to the fact that it spent the vast majority of its time waiting

for the globally shared context, to access the binary heap,
the semaphore, and the simulation clock. Since coroutines are
typically very simple in their logic in network simulations — a
FCFS scheduler only needs to dequeue a packet and send it out
— as the number of coroutines scales up, the time competing
for shared states would play an overwhelming role. Though the
first cut failed, our efforts were far from futile: we understood



A custom, heavily optimized multi-
threaded executor for discrete-event 

simulations only
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A heavily customized executor
Contention for globally shared states is minimized 
Per-worker local event buffers with deterministic 
flushing 
Time quantization 
Keeping threads warm across barriers (step 
boundaries)
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Let’s look at what the agents have to say



But wait! How do you verify that your 
results are faithful to protocol specs?



We have solved this problem in a rather 
unique way



And will submit a new paper about this 
approach



As a widely discussed field with a long 
history, we need a new, modern 
redesign for network simulation



And I hope ns.py and Days are the first, 
agent-friendly steps towards the right 
direction



https://days.sh

https://days.sh

