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Abstract—Today’s network is notorious for its complexity and
uncertainty. Network operators often rely on network models to
achieve efficient network planning, operation, and optimization.
The network model is responsible for understanding the complex
relationships between the network performance metrics (e.g.,
latency) and the network characteristics (e.g., traffic). However,
we still lack a systematic approach to developing accurate and
lightweight network models that are aware of the impact of
network configurations (i.e., expressiveness) and provide fine-
grained flow-level temporal predictions (i.e., granularity).

In this paper, we propose xNet, a data-driven network model-
ing framework based on graph neural networks (GNN). Unlike
the previous proposals, xNet is not a dedicated network model
designed for specific network scenarios with constraint consid-
erations. On the contrary, xNet provides a general approach to
modeling the network characteristics of concern with relation
graph representations and configurable GNN blocks. xNet learns
the state transition function between time steps and rolls it out to
obtain the full fine-grained prediction trajectory. We implement
and instantiate xNet with three use cases. The experiment results
show that xNet can accurately predict different performance
metrics while achieving over two orders of magnitude of speedup
compared with the conventional packet-level simulator.

I. INTRODUCTION

With the rapid growth of network traffic, operators continu-
ally strive to improve network performance to meet the service
level agreements for various network services. To achieve this,
practitioners often rely on network models to achieve efficient
network planning, operation, and optimization. The network
model is tasked to predict how the network performance met-
rics (e.g., throughput, latency) change for various hypothetical
“what-if” scenarios [1], such as changes to traffic conditions
and re-configurations of network devices.

Typically, network models can apply to the following two
kinds of scenarios (§II-A). (i) For online performance monitor-
ing, a fast network model can reduce the monitoring overhead
by inferring quality of service (QoS) metrics directly from
traffic statistics in real-time without the help of high-cost QoS
measurements (e.g., probe delay for each path [2]). (ii) For
offline network planning, an accurate network model can
facilitate the design and optimization process by providing
the operators with predicted performance metrics under dif-
ferent network configurations, even if the network has not
yet been physically built. From the optimization perspective,
benefiting from the deep learning advances, recent proposals

‡Yong Cui (cuiyong@tsinghua.edu.cn) is the corresponding author.

start to leverage the Deep Reinforcement Learning (DRL)
techniques to efficiently optimize the network performance [3],
[4]. However, DRL may perform unreliable explorations in
real networks, which will disrupt existing services and cause
intolerable performance degradation. To avoid possibly wrong
solutions in production networks, the accurate and real-time
network model can be utilized as a fast and safe environment
for DRL training and exploration, enabling new applications
for performance-oriented network optimization.

In this context, much effort has been devoted to building
network models able to accurately predict performance metrics
at an acceptable cost and at high speed. Traditional network
modeling methods either use analytic models with simplified
assumptions (e.g., queuing theory, network calculus [5]) or
use a network simulator to produce all the packet-level events
(e.g., NS3 [6]). The assumptions used in the former may not
be valid in the actual network and will lead to inaccurate
network models, while the latter leads to high computational
cost, which makes it infeasible to use in real-time.

With recent advances, deep neural networks show superior
performance on complex data modeling directly from raw
data [7]–[10], which is promising for building lightweight
network models with good accuracy. Existing learning-based
attempts [11]–[14] have great successes in their focuses. For
example, Deep-Q [11] can produce accurate inferences on
path-level delay distributions, while RouteNet [12] success-
fully makes accurate path-level performance estimations and
generalizes to unseen topologies and routing schemes.

However, state-of-the-art learning-based proposals [11]–
[14] have yet to fulfill their high expectations and still fall
short of satisfying the requirements of expressiveness and
granularity (§II-B). In most scenarios, the network perfor-
mance is influenced by not only the traffic conditions but also
many network characteristics of how real networks operate,
in particular the configurations at different levels, such as
local configurations of network devices (e.g., buffer size of
switches) and network-wide (thus global) configurations (e.g.,
routing schemes). To make accurate predictions, the network
model must be expressive enough to account for all of these
factors and provide the “knob” to adjust the corresponding
feature to allow evaluation in “what-if” scenarios.

Furthermore, the prediction granularity of the network
model should be as fine-grained as possible. From the spa-
tial view, the network model is much desired to provide
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TABLE I
COMPARISON OF EXISTING SCHEMES ON THE ACHIEVED REQUIREMENTS.

Expressiveness Granularity

Schemes Global Config.
(e.g. topology, routing)

Local Config.
(e.g. buffer, ECN)

Spatial
(e.g. flow level)

Temporal
(e.g. time series)

Deep-Q [11] × × × X

RouteNet [12] X × × ×

xNet X X X X

flow-level modeling ability, rather than coarse-grained path-
level prediction, so that concerned services can be managed
delicately, particularly in data center networks (DCN). [15].
From the temporal perspective, network operators are usually
more interested in transient network performance anomalies
(e.g., throughput decline and latency spikes) [16], which can
only be recognized with continuous performance monitoring
over time. Therefore, it calls for a general network modeling
framework that is expressive enough to model a wide range of
network configurations and can provide fine-grained (i.e., flow-
level and time-series) predictions. A comparison of existing
proposals to the achieved requirements is listed in Table. I.

In this paper, we propose xNet, a data-driven network
modeling framework that simultaneously supports network
configuration modeling and flow-level time-series prediction.
Our high-level design goal is to provide a general approach
to building the network models so that different network
characteristics can be properly modeled and generalized in a
unified way. xNet leverages the advantages of deep learning
and neural networks to obtain the potential benefits of accuracy
and speed by directly learning from data. Unlike the previous
proposals, xNet is not a dedicated network model designed
for specific network scenarios with constraint considerations.
On the contrary, xNet offers a basic network model (§III) that
can be configured and instantiated to model various network
scenarios with different interests (§IV). xNet proposes the
following innovative designs to meet the requirements of
expressiveness and granularity.
Relation graph abstraction with configurable GNN: To
achieve expressiveness, xNet leverages graph neural net-
works [17] to model the intricate relationships between various
network entities and different configurations. GNNs carry
strong relational inductive bias so that inherently support
relational reasoning and combinatorial generalization [18].
Note that the reason for utilizing GNN does not stem from
the fact that computer networks are inherently represented as
graphs, but rather from its capability to model relationships.

Specifically, we represent the networking system as a re-
lation graph. The graph’s nodes represent network entities
with their own configurations, and the graph’s edges reflect
the relations between nodes. The domain knowledge of the
relationship between configurations can be embedded by
configuring the edge connections (§III-A). The interactions
are approximated by learned message-passing among nodes.
During learning, the knowledge about interaction is encoded
in the GNN’s update function. Learned knowledge is shared
across the same types of entities in the system, which supports
generalization to different network systems composed of the

same types of entities and configurations (§III-B).
State transition learning: To enable flow-level time-series
prediction, xNet leverages the recurrent structure of the GNN
model to learn the state transition function between discrete
time steps. The model maintains the state of each flow and
updates it with the transition function. The model can be
trained with one-step supervision of the difference between
states in adjacent time steps. After training, xNet can roll it
out step by step to obtain the full prediction trajectory (§III-C).

To showcase the efficiency of our framework, we imple-
ment xNet and instantiate it for three use cases (§IV) with
customization. Each case focuses on different properties of its
target scenario, and the main results are listed below.
• For temporal QoS inference, xNet can make accurate

time-series predictions of path-level latency under unseen
queue-level configurations in a DCN scenario with an
average accuracy of 93%.

• For flow completion time (FCT) prediction, xNet can
accurately predict the FCT in DCN scenarios with a
Pearson correlation of ∼0.9.

• For steady-state QoS inference, xNet slightly outperforms
the existing approach in modeling the steady-state path-
level latency in a wide area network (WAN) scenario.

• Compared with the conventional packet-level simulator,
xNet achieves over two orders of magnitude of speedup
in an FCT prediction scenario with thousands of flows.

To the best of our knowledge, xNet is the first data-driven
network modeling framework that simultaneously supports
network configuration modeling and flow-level time-series pre-
diction. In summary, we make the following key contributions:
1) A system abstraction approach and a configurable GNN
block enabling expressive network modeling (§III-A-III-B);
2) A state transition model enabling fine-grained performance
prediction (§III-C); 3) The implementation and instantiation
of xNet with three use cases. (§IV).

II. BACKGROUND AND MOTIVATION

In this section, we first introduce the background of network
modeling and the related work (§II-A). Then we motivate
the design of xNet by analyzing the requirements of network
models and the challenges behind them (§II-B).

A. Background and related work

Network Modeling. Network modeling is a critical building
block to achieve efficient network management spanning the
entire network life cycle, including planning, operation, and
optimization, especially in the context of the future self-driving
network [19], [20] or Digital Twin Network paradigm [21].
The role of the network model is to understand the complex
relationships between the network performance metrics (e.g.,
delay, utilization, FCT) and the network characteristics (e.g.,
topology, traffic, configurations). Once constructed, it can
facilitate offline network planning with performance predic-
tions of “what-if” scenarios or mitigate the cost of online
performance monitoring with real-time inference.
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Network modeling with deep learning. Recently, network
modeling with deep learning has been discussed in the lit-
erature [19], [22] but with few attempts. Two representative
works have the closest focus to ours. First, Deep-Q [11] uses
the deep generative models to infer the network QoS with the
traffic matrix as input. However, the authors only consider the
influence of traffic while ignoring other factors that may affect
the network QoS. To deal with this problem, RouteNet [12]
leverages graph neural networks to understand the complex
relationship between topology, routing, and input traffic to
produce accurate estimates of the per-source/destination pair
mean delay and jitter. In this way, RouteNet can generalize to
topologies and routing schemes not seen during training.

Although these solutions have great success in their focus,
they still fall short of meeting the operators’ requirements for
expressiveness and granularity (Tab. I). In the following, we
will analyze these requirements and the challenges they pose.

B. Requirements and challenges of network models

Expressiveness: To produce accurate predictions, the network
model must be expressive enough to encompass as many
related influence factors relevant to the network performance
metrics as possible. Otherwise, it will inevitably fail to gen-
eralize to a wide range of network configurations. Among
these factors, the network configurations can span a wide
range of different operating levels from the end-host to in-
network devices, e.g. congestion control at the host level,
scheduling policies and ECN marking thresholds [23] at the
queue level, bandwidth and propagation delay at the link level,
buffer management policy in shared memory switches [24]
at the device level, and finally the topology and routing
scheme at the global level. Furthermore, these factors also have
complex interactions with each other. As for existing solutions,
RouteNet only considers global configurations while Deep-Q
totally ignores these influence factors.
Challenge: The key challenge behind the requirement is the
large state space, i.e., the number of potential scenarios the
network model faces. This is because networking systems
often consist of tens to hundreds of network nodes, and each
node may contain several configurations, which results in a
combinatorial explosion of potential states. A naive solution
to building the network model is to construct a large neural
network that takes a flat feature vector containing all the con-
figuration information as input. However, this approach cannot
scale to process information from an arbitrary number of nodes
and configurations since the input size of the neural network
is fixed. The resultant complexity of the neural network will
increase with the number of configurations, making the neural
network difficult to train and generalize.
Granularity: In different network scenarios, the granularity
of the operators’ focus can be quite different. In the wide-area
network (WAN) scenario, operators mainly focus on the long-
term average performance of aggregated traffic, where path-
level steady-state modeling is often sufficient to guide the plan-
ning process (e.g., traffic engineering). However, fine-grained
network performance observation is the constant pursuit of

Graph Abstraction
(§ III.A)

NGN Configuration
(§ III.B)

State TransitionModel
Construction (§ III.C)

Model Training
(§ III.D)

Network Model

Network Model
DescriptionData

Domain
knowledge

Intent

Target Network
Envs (§ IV)

Fig. 1. xNet overview.

network operators and cloud providers to provide precise
information about when and which flow gets disturbed [16].
This requires the network model to support flow-level time-
series performance predictions. In this context, RouteNet fails
since it can only estimate steady-state performance metrics at
the path-level, while Deep-Q only supports time-series QoS
inference but falls short in flow-level prediction.
Challenge: The flow transmission behavior, unlike the ag-
gregated traffic, may experience a cascade effect since it is
typically governed by some control loops (e.g., congestion
control). Once the control-related configurations (e.g., ECN
threshold, queue buffer size) change during the flow transfers,
the resulting traffic measurements of flows will dramatically
vary, and thus the afore-measured traffic status cannot reflect
the changing results. Therefore, flow-level prediction could be
more difficult than QoS inference from traffic measurements.
The network model need to take the flow demands rather than
the traffic measurements as input to predict flow-level perfor-
mance (e.g., flow completion time) in “what-if” scenarios.

III. DESIGN

xNet meets the two requirements with a single framework
and can be instantiated to model different network scenarios.
Fig. 1 shows the overview of our xNet framework. A typical
workflow of xNet is summarized as follows.
• Before the modeling, the operator needs to determine the

concerned network configurations and modeling granu-
larity based on the target network problem.

• According to the domain knowledge provided by the
network expert, xNet abstracts the network system as
a relation graph to represent the complex relationship
between different network entities (§III-A).

• xNet uses a configurable GNN block to construct the
network model and determines the form of the aggrega-
tion functions based on the properties of the relationships
(§III-B). The above two steps relate to the expressiveness
perspective (i.e., configuration modeling).

• xNet uses a recurrent form of the GNN to model network
state transitions by learning the difference between states
in adjacent time steps (§III-C). This step relates to the
granularity aspect (i.e., time-series modeling).

• Finally, the model can be established by training with
collected training data (§III-D).

A. Networking system as a relation graph

In xNet, we represent the networking system as a heteroge-
neous relation graph to provide a unified interface to model
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H2 H3 H4 H5

S0

H0 H1 H6 H7

S1 S2 S3

S4 S5

F2 F3F1F0

Flow with priority 0 Flow with priority 1

(a) Target DCN environment in physical view: F0 and F1 have
priority 0 while F2 and F3 have priority 1.
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Q0 Q1
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Q0 Q1
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Q0 Q1 Q0 Q1
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Q0 Q1

H1

P1

FF2

P2

FF3

Pri0: H0-S0-S4-S2-H5 Pri1: H0-S0-S4-S2-H4 Pri1: H1-S0-S4-S2-H5

S/H Switch/Host

L Link (port)

Q Queue

P Path

F Flow

Local relation

Global relation

(b) Abstracted graph representation: The node of each color corresponds to a type of
network entity; each shaded block represents a collection of nodes with local relationships;
the colored edges between shaded blocks model the global relationships.

Fig. 2. A DCN example for graph abstraction: the target network environments (Fig. 2(a)) can be abstracted with a heterogeneous relation graph (Fig. 2(b)).

P 𝜌! P*

𝜌"F F*

Q 𝜌# Q*

L 𝜌$ L*

S 𝜌% S*

Global updateLocal update

Fig. 3. Networking Graph Network block.

various network configurations and the intricate relationships
between them. We map the network entities relevant to per-
formance as graph nodes with the associated features. Graph
edges connect nodes regarded to be directly related. Note
that one could build the graph with a single type of node
and use categorical features (e.g., one-hot vector) to represent
distinct entities. However, in this way, the update function
(§III-B) of the single node must learn to model various kinds
of interactions between entities, which limits the combinatorial
generalization ability of GNN.

The heterogeneous nodes represent different network enti-
ties with their own properties or configurations as the features.
There are two kinds of nodes in our graph. The physical
nodes represent the concrete network entities that have local
configurations (e.g., switch with buffer size). The virtual
nodes represent performance related entities (e.g., flow, path),
so that the final performance (e.g., FCT, path latency) can
be attached to this graph. The edges reflect the relationship
between entities and may be utilized to embed the relational
inductive bias from domain knowledge. For example, when the
queue scheduling policy is active, the queue node can connect
to its port but does not need to connect to other ports because
they are not directly correlated. Similarly, the edges can be
used to model the global configurations (e.g., topology, routing
scheme). The path node, for instance, can connect to all of the
queue nodes it passes through.

In the following, we take FCT prediction in DCN as an
example problem to provide a concrete case to show how xNet
builds the graph. To fully demonstrate the expressiveness of
xNet, we take many configurations into account, which are
usually not required though. Once the graph is built, xNet
uses it to create the network model with GNN (§III-B).

A DCN example. As shown in Fig. 2(a), we’d like to consider
a data center network with a leaf-spine topology. In each
switch, the buffer is dynamically shared among all ports [24].
In each port, the queues are managed by some scheduling poli-
cies (e.g. strict priority, weighted round robin). Four flows are
ready to be transmitted. The flows are congestion controlled
with DCTCP [23] at the end-host server, and thus the ECN is
enabled at each switch queue. The goal of the network model
is to predict the flow completion time and path delay given
the different configurations. We assume the path of each flow
is known to the network model.

The graph abstraction of this DCN is shown in Fig. 2(b). To
fully model the network characteristics at different levels, we
use five types of nodes, including switch S = {si}, port(link)
L = {li}, queue Q = {qi}, path P = {pi}, and flow
F = {fi}. To model the local relationships incurred by local
configurations, we connect each node to other nodes that may
have a direct impact on it (black edges). Specifically, the queue
node Q, which has the features ECN threshold and priority
weight, is linked to its port node L, which has the feature
scheduling policy, because the scheduling policy controls the
available bandwidth of queues. The port node P is connected
to its switch node S whose feature contains the control factor
α of dynamic buffer management policies since the buffer
management policy operates at the port level. The flow node
F is connected to the path node P it travels through.

As a result, the local relationships can be expressed as sev-
eral independent tree-like structures (shaded blocks) without
cross edges. To model the global relationships (i.e., routing),
the path nodes P are connected with the queue nodes Q they
traverse (colored edges). These edges connect different local
trees, so that ensures the connectivity of the graph. Note that it
is not required to instantiate all of the physical nodes because
some of them may have no effect on the desired performance,
i.e., not all devices are traversed by flows.

B. Message-passing on the heterogeneous graph

In xNet, we use Networking Graph Networks (NGN) as
the basic building block for our network model, which is a
customization of graph networks [18]. As shown in Fig.3, the
NGN block is defined as “graph-to-graph” modules with het-
erogeneous nodes. The NGN block takes an attributed graph
as input and, after a series of message-passing procedures,
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Algorithm 1: Networking graph network, NGN
Input: Graph, G = (S,L,Q, P, F )
// Global relationship update
for each path pi in P do

Aggregate flows f̂ = Σfj∈N(pi)fj
Aggregate queues q̂ = RNNqj∈N(pi)(qj)

Update p∗i = φP (pi, ψ
F→P (f̂), ψQ→P (q̂))

// Local relationship update
for each flow fi in F do

Update f∗i = φF (fi, ψ
P→F (p∗j )), p∗j ∈ N(fi)

for each queue qi in Q do
Aggregate paths p̂ = Σp∗

j∈N(qi)p
∗
j

Update
q∗i = φQ(qi, ψ

L→Q(lj), ψ
P→Q(p̂)), lj ∈ N(qi)

for each link li in L do
Aggregate queues q̂ = Σq∗j∈N(li)q

∗
j

Update
l∗i = φL(Li, ψ

S→L(sj), ψ
Q→L(q̂)), sj ∈ N(li)

for each switch si in S do
Update s∗i = φS(si, ψ

L→S(l∗j )), l∗j ∈ N(si)
Output: Graph, G∗ = (S∗, L∗, Q∗, P ∗, F ∗)

outputs another graph with changed attributes. These attributes
are the features of nodes, expressed in fixed-length tensors.
This block can also be used in recurrent forms (§III-C).

A single feedforward NGN pass can be viewed as one step
of message-passing on the graph [7]. Typically, NGN first
performs global updates, and then nodes in each tree structure
(see Fig. 2(b)) conduct the local updates independently. The
circular dependencies among different update operations can
be resolved with multiple rounds of message passing [17].

In each round of message passing, each node x of type X
aggregates the messages from its neighbors N(x) and updates
its internal states according to a configurable function ρX .
An NGN block contains several configurable functions, each
of which has three kinds of sub-functions: the aggregation
function, the conversion function, and the update function.
These functions can be implemented using standard neural
networks and shared with nodes of the same type.

We use the above DCN scenario as an example shown in
Algorithm 1. First, the node x gathers the messages from its
neighbors and aggregates those of the same type with the
corresponding aggregation function. Aggregation can take the
form of summation or RNN, which models the neighbors’
permutation-invariant property (e.g., ports as to a switch) or
sequential dependency (e.g., queues traversed by the path).

Then, to deal with heterogeneous nodes, the aggregated
messages of type Y are transformed with a type-to-type
conversion function ψY→X before being put into the update
function. By doing this, information from heterogeneous nodes
can be mapped into the same hidden space that corresponds
to the target type of node, so that they can be operated in
a unified way in the update function without limiting the
modeling capability of GNN.

		𝑁𝐺𝑁!"#

Update

State transition
modelG$ 𝐺$%&

	𝑁𝐺𝑁#'(!
Message passing ×𝑀

Processor𝐺)"$ 		𝑁𝐺𝑁*!#

𝐺+)**!"$,& 𝐺+)**!"$

𝐺'-$$

Fig. 4. State transition model of xNet.

Algorithm 2: NGN forward prediction algorithm.
Input: trained NGNcore, NGNenc and NGNdec.
Input: dynamic graph Gt

d at the current time step.
Input: static graph Gs and hidden state Gt−1

h .
Input: maximum message-passing number M .
Build input graph Gin = concat(Gs, G

t
d)

Obtain encoded input graph Genc = NGNenc(Gin)
Obtain graph hidden state Gt−1

h if not exist then
Obtain EMPTY graph hidden state

Obtain graph G0 = concat(Gt−1
h , Genc)

for i = 1 : M do
Obtain updated graph Gi = NGNcore(G

i−1)
Obtain graph after message-passing GM

Update graph hidden state Gt
h = GM

Obtain decoded output graph Gout = NGNdec(G
M )

Obtain predicted delta of dynamic nodes
∆Nd = Gout.nodes

Obtain next graph Gt+1
d by updating N t

d with ∆Nd

Output: next dynamic graph Gt+1
d .

Finally, the node takes the transformed messages and its
own state in the last round as input to update the state with
the update function φX . After the given rounds of message
passing, we can use a readout function to predict the final
performance metric using as input the hidden state of related
nodes (e.g., path node as to end-to-end delay).

C. State transition learning

The network models are required to support fine-grained
prediction at a short time scale and transient state prediction
(e.g., flow state). To achieve this, xNet uses the recurrent form
of the NGN block to learn to predict future states from the
present ones. It operates on one time-step and has the “encode-
process-decode” structure. These three components are NGN
blocks with the same graph but different neural network
parameters. They process the input feature sequentially, where
the output of the first block becomes the input of the second.
Fig. 4 depicts the structure of xNet’s state transition model.
Encoder. The “encoder” NGN block embeds the input state
Gtin into a latent graph by encoding different nodes indepen-
dently. It ignores the relationship between nodes and does not
perform message passing. After encoding, the input state of
each node is transformed into a fixed-dimension vector.
Processor. The “processor” NGN block performs M rounds
of message-passing steps. The input to the processor is the
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concatenation of the encoder’s output and the previous output
of the processor (i.e., the hidden state Gt−1

hidden).
Decoder. The “decoder” NGN block, i.e., the readout function,
extracts the dynamic information of the final hidden graph by
independently decoding different nodes. It also ignores the
relationship between nodes as the encoder. After decoding,
the output state Gt

out contains both the current performance
metric and the state delta ∆ used to update the next-step state.

xNet in this form can be treated as a learnable network
simulator Θ, which computes the dynamics information with
a parameterized function approximator. At each step, it takes
the current (potentially historical) state Gt of the networking
system and tries to predict the current performance and the
delta ∆ between the current and next state. Then the next state
can be obtained using this state difference. To summarize, it
behaves as Gt+1 = Θ(Gt). The forward procedure of this
state transition model is shown in Algorithm 2.

To support state transition modeling, we distinguish the
static and dynamic characteristics of the network system, and
express them as different graphs. The static graph Gs contains
the static configurations of the system, including physical node
configurations (e.g., priority of queue, buffer size of switch),
and virtual node configurations (e.g., flow size, start time). The
dynamic graph Gd contains the temporary state of the system.
This is mainly related to the virtual nodes, which include
the remaining size and lifetime of the flow or the end-to-end
delay of the path. Additionally, when considering the dynamic
configurations (e.g., time-varying ECN threshold), the actions
taken (i.e., new configuration) should be put into the dynamic
graph and inputted at each time step.

D. Training

We train our model by supervising the per-node output
features produced by the decoder using an L2 loss between
the predicted value and the corresponding ground truth values.
To generate a long-range rollout trajectory, we iteratively feed
updated absolute state predictions back into the model as input.
As data pre and post-processing steps, we normalized the
inputs and outputs to the NGN model.

IV. EVALUATION WITH USE CASES

xNet can be instantiated to model different network sce-
narios with different concerns. In this section, we apply xNet
to three concrete use cases to show its modeling capability
and wide application scope. Note that the network models
used for each case are different, and are trained and evaluated
separately. The key properties and requirements of the three
use cases are summarized in Table II.

A. Implementation

We implement xNet using Tensorflow [25] and the Graph
Nets library [26], where the components of the xNet frame-
work are implemented with standard deep learning building
blocks. Unless otherwise specified, all three network models
are built with the following specifications. The RNN used in

aggregation is a 1-layer GRU [27] with 64 neurons. The con-
version function is a 1-layer multi-layer perceptrons (MLP).
The update functions in NGN are all 3-layer MLP with 64
neurons followed by layerNorm [28]. The activation function
is Leaky Relu [29]. We use the Adam [30] optimizer to
minimize the loss with a learning rate of 0.001. The maximum
message-passing number M is set to 3. The state transition
model of xNet works in a “dynamic” graph manner, where
the number of nodes (e.g., the number of flows) in the graph
can be different between time steps. We train our models with
an Nvidia RTX 3080 GPU.

B. Temporal QoS inference in DCN

Task: This case intends to validate whether xNet can accu-
rately perform time-series inference and generalize to unseen
configurations, reflecting the application of online performance
monitoring [11]. The network model is required to predict
the path-level latency evolution in time series given the real-
time measurements of traffic volumes on a path, where the
configurations of traffic loads, queue buffer size, and ECN
marking threshold can be varied.
Experiment setup: We leverage the data generated by the
packet-level simulator NS3 [6] as the ground truth. We con-
sider a data center environment with the topology of a PoD
of a 4-port Fat-Tree [31], where there are 20 paths in total.
The capacity of each link is 10 Gbps. All links have a 10
µs propagation delay, which gives a 40 µs maximum base
RTT. As for traffic workloads, we use widely accepted and
publicly available data center traffic traces Web Search [23]
to generate flows following the all-to-all pattern. We adjust
the flow generation rates to set the average link loads ranging
from 20% to 80%. The flows are congestion controlled by
the host using DCTCP [23]. For switch configurations, we
only consider the buffer size and ECN marking threshold at
the queue level. The values range from 0.05 to 0.5MB and
6 to 60KB, respectively. Note that the ECN threshold here
ranges from around 10% to 100% of the bandwidth-delay
production, which is consistent with the typical suggested
configurations [23], [32], [33].

For each simulation, we chose the three configurations at
random from a uniform distribution. We constrain the buffer
size to exceed the ECN threshold. To measure the path latency,
we calculate the average packet delay along the path during
a predefined sampling interval, thus determining the length of
a time step. To show the necessity of temporal performance
modeling, we run the simulations with four sampling intervals
{0.2, 0.5, 1, 5} ms and train a dedicated model for each
interval. For training/testing, we use a collection of samples
from 30/10 simulations with more than 30000/10000 flows
generated. With the different sampling intervals, the total num-
ber of samples varies, ranging from around 176000/83000 to
7000/3300. Note that the flows and configuration combinations
generated in the testing are unseen by the model during the
training process. We report the mean absolute percentage error
(MAPE) between the predicted latency and the ground truth
over all paths as the evaluation metric.
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TABLE II
PROPERTIES AND REQUIREMENTS OF THREE USE CASES.

Use case Target
environment

Metrics &
Granularity Configurations Temporal

prediction
Traffic

measurement
Application

scenario
Temporal QoS inference DCN Path-/flow-level delay Traffic, buffer size, ECN X w/ Online monitoring

FCT prediction DCN Path-/flow-level
delay/throughput, FCT Traffic, buffer size, ECN X w/o Simulation for

”What-if” scenarios

Steady-state QoS inference WAN Path-level delay Traffic, topology, routing,
queue scheduling policy × w/ Offline planning
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(b) An example: time-series of path latency with different sampling intervals under the
same traffic trace. The same time period (i.e., 0-50ms) is marked with the green dotted
line. For the sampling interval of 5ms, the trace is finished after around 500ms.

Fig. 5. Results of temporal QoS inference in the DCN scenario.

Model: To build the graph, only the nodes in the type of queue
and path are required. The features on queue nodes include the
buffer size, ECN threshold, bandwidth, and link propagation
delay1. The features on the path include the traffic volume
and a one-hot vector that indicates the number of hops on
this path. To enable time-series prediction, we leverage the
state transition model to predict the changes in path latency
between time steps. In particular, we use the state of the last
five steps to predict the next state, to improve accuracy. The
training process with a batch size of 64 takes about 2 hours.
Results: Fig. 5(a) shows the MAPE distribution of xNet’s
latency prediction in four experiments with different sampling
intervals. First, xNet achieves high accuracy and maintains
the mean/50th percentile MAPE below 7%/5%. Even for the
tail performance, the error is limited to 20%, which shows
the high generalization ability and worst-case performance of
xNet. Second, the prediction error gradually decreases when
the sampling interval becomes larger. This is because the
larger the sampling interval, the more stable the network
performance and thus the easier it is to predict. However,
large sampling intervals would lose detailed information about
transient network performance.

To show this, we present the time series of xNet’s delay
prediction and the ground truth of a randomly selected path
in Fig. 5(b). We can see that a latency spike of near 100us (at
around 22ms) in the resolution of a 0.2ms interval can only
be found as 60us with a 5ms interval. Therefore, fine-grained

1Here, the queue and link are in a one-to-one correspondence, so we use
the single node with their configurations to represent them.

time-series performance prediction is quite necessary, which
confirms our motivation (§II-B). What’s more, our model can
successfully predict the evolution of path latency over time,
which includes both the fluctuation and the steady-state.

C. FCT prediction in DCN

Task: With this use case, we aim to answer the question of
whether xNet can provide the flow-level time-series modeling
ability along with different configurations. Unlike the previous
ones, in this case, the network model behaves like a simulator,
which needs to predict FCT by taking as input only the flow
descriptions without traffic measurements. Besides, it is also
required to predict the path-level latency and throughput.
Experiment setup: The experimental setup is the same as
that in §IV-B except that the sampling interval is set to 0.1
ms. We calculate throughput by dividing the received bytes
during the interval by the interval length. For training/testing,
we use the same 30/10 traffic traces as in the previous case,
and the total number of samples is around 352000/166000.
For the evaluation metric, we report the MAPE of predicted
per-step performance metrics (i.e., delay and throughput) at
both path and flow levels, as well as FCT.
Model: Nodes of the queue, path, and flow types are required
to construct the graph. The features on flow nodes include the
flow size, start time, remaining size, and lifetime, where the
latter two are dynamic states. The model predicts the FCT
by predicting the received data volume between time steps
and updating the state of the remaining size and lifetime on
each step. Once the remaining size is below zero, the model
considers that the flow is complete and uses the lifetime as
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(e) Path-level throughput trajectory predicted by step-by-step state transition.
Fig. 6. Results of the FCT prediction scenario in DCN. xNet behaves as a learned simulator that iteratively predicts states of path and flow.

the FCT prediction. A flow node exists in the graph only if
the flow is thought to be alive by the model. The model also
takes the per-step metrics at the path and flow level as dynamic
states to predict. This model is trained by the supervision of
the received bytes and the per-step performance metrics at both
path and flow levels. We use the state of the five steps to infer
the state of the next step. The training process with a batch
size of 256 takes about 48 hours.
Results: Firstly, we present the CDF of per-step performance
prediction with the corresponding ground truth. As shown in
Fig. 6(a) and Fig. 6(b), the distribution of predictions from
xNet can well match that of ground truth, especially for
the delayed predictions, which validates the xNet’s temporal
prediction ability. Note that there are no traffic volume mea-
surements provided, so the network model needs to infer the
traffic conditions with the rollouts from scratch. To investigate
the accuracy of long rollout, we present the CDF of FCT in
Fig. 6(c). We can find that the distribution of FCT predictions
well matches that of the ground truth with a Pearson corre-
lation of 0.9 (not shown), which confirms that xNet has the
ability to model flow dynamics.

Except for the distribution, to provide a faithful comparison,
we also report the MAPE of each metric shown in Fig. 6(d).
The errors of throughput and FCT are much higher than in
the last case, but still lie within an acceptable range such that
the 50th percentile error is all below 30%. This is because the
predictions are obtained from the step-by-step state transition,
where the errors will accumulate along with the rollout.
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Fig. 7. Speedup of xNet compared to the NS3 simulator with different flow
numbers. For clarity, we normalize the time consumption of each scheme
against that of xNet with GPU.

Finally, we present an example of rollout trajectories of five
randomly selected paths in Fig. 6(e). As expected, the model
can make near-perfect predictions for traffic that lasts for a
short time since the model does not need to deal with the long-
time dependencies and cumulative errors. When the traffic lasts
for a longer time, the prediction becomes more inaccurate.
Nevertheless, xNet successfully achieves flow-level temporal
state prediction and can generalize to different configurations,
at least from the perspective of the overall distribution.
Inference performance: To show the efficiency of xNet, we
compare the time consumption of the NS3 simulator and that
of xNet to simulate the same traffic traces. We vary the flow
number in the simulation, ranging from 10 to 10,000 while
maintaining the basic experiment setup unchanged. Note that
even with the same network topology, the number of flows
will influence not only the number of time steps but also the
number of nodes in the graph, thus impacting the per-step time
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Fig. 8. MPE of steady-state QoS inference in a WAN scenario.

consumption. xNet and NS3 are tested on an Intel i9-10980XE
3.00GHz CPU with a single core. xNet is also tested on the
GPU. For inference, we set the batch size to 1.

As shown in Fig. 7, the time consumption of each scheme
is normalized by that of xNet with GPU, so that it can directly
reflect the relative speedups. As expected, xNet is much faster
than NS3 and achieves up to two orders of magnitude of
acceleration. This is because NS3 needs to simulate all the
packet-level events whose number will tremendously increase
with more flows. On the contrary, the network model of xNet
operates on the flow segments with a fixed time length and
can process multiple flows/paths in a single forward pass, thus
being less influenced by an increased number of flows.

D. Steady-state QoS inference in WAN.

Task: In this last use case, we intend to show that xNet
can efficiently model and generalize to both global and local
configurations, which is designed to reflect the usage of offline
network planning [11]. The network model needs to infer the
end-to-end per-source/destination mean delay at a steady state
in a wide variety of network topologies, routing schemes, and
traffic intensities. In particular, the devices are configured with
different scheduling policies.
Experiment setup: We use the public network modeling
dataset [34], [35] generated by OMNET++ simulator [36]. The
training dataset contains samples simulated in the NSFNET
(14 nodes) and GEANT2 (24 nodes) network topologies,
while the test dataset is simulated in the RedIRIS (19 nodes)
topology. Each switch port is implemented with one of the
following scheduling policies, i.e., Strict Priority, Weighted
Fair Queueing, or Deficit Round Robin, with three priority
queues. Each sample of the dataset includes a traffic matrix
where flows may have 3 different Types of Services (ToS) as-
sociated with one of the three priority queues. All the packets
in a path have the same ToS. Packets are generated following
a Poisson distribution. We use a variant of RouteNet [37] as
the comparison baseline. We report the mean percentage error
(MPE) between the predicted delay and the ground truth as
the evaluation metric.
Model: To build the graph, the nodes need have the type
of queue, link (port), and path. We attach the features of
each network entity to the corresponding nodes. Although
this scenario does not require temporal inference, we still
leverage the encoder-processor-decoder architecture of our
state transition model for better performance.
Results: As shown in Fig. 8, xNet and RouteNet achieve
low prediction MPE of around 12%. Note that the topologies

used in the test set were never included in the training. The
high accuracy reveals the ability of xNet to generalize well to
both global configurations (i.e., unseen topologies) and local
configurations (i.e., complex scheduling policies).

V. DISCUSSION AND FUTURE WORK

Data collection. The accuracy and generalization ability of
the learning-based network models strongly depend on the
amount, quality, and diversity of the training data. Operators
can quickly collect enough data to accurately reflect real-
world distribution with production network systems.However,
operators do not frequently adjust configurations on different
network elements, leading to limited combinations of traffic
patterns and configurations in the collected dataset. It is also
unrealistic to build dedicated testbeds due to their high cost.

In this context, simulation data can be a good alterna-
tive. However, the obstacle of the well-known “simulation-
to-reality” gap stands in front of all the learning-based net-
work models that care for network configurations, including
RouteNet, xNet, and potential future ones. Recent advances in
transfer learning [38] and few-shot learning [39] can hold the
key to a cure. One can first train the network model with plenty
of diverse data (may not be of high quality) from simulation,
and then transfer the model with few but high-quality data
from the real-world collection. We leave this for future work.
Optimization. Learning-based network models can quickly
produce accurate evaluations of the network performance with
different configurations, so they can be used to explore better
schemes to optimize the traffic transmission. This optimization
procedure is often driven by some search-based methods
(e.g., grid/random search). They first generate some candidate
configurations and then evaluate them with the network model
until the predefined optimization objective is met. Indeed,
xNet can also be applied to this paradigm. What’s more, xNet
opens a new door for efficient sequential decision-making in
networking systems. The state transition model can serve to
predict the next state so that enables model-based control (e.g.,
model predictive control [40]) or model-based reinforcement
learning [41]. We leave this for our future work.

VI. CONCLUSION

In this paper, we propose xNet, a GNN-based data-driven
network modeling framework. Our high-level goal is to pro-
vide a general method for network modeling that allows varied
network properties to be properly described and generalized
consistently. xNet represents the networking entities and their
configurations as nodes in a relation graph and learns the
relationship between them via message passing. We implement
xNet and instantiate it with three use cases. The results indicate
that xNet can learn to efficiently model various networking
scenarios while achieving up to a 100x speedup over the
traditional packet-level simulator.
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M. Solé, V. Muntés-Mulero, D. Meyer, S. Barkai, M. J. Hibbett
et al., “Knowledge-defined networking,” ACM SIGCOMM Computer
Communication Review, vol. 47, no. 3, pp. 2–10, 2017.

[20] N. Feamster and J. Rexford, “Why (and how) networks should run
themselves,” arXiv preprint arXiv:1710.11583, 2017.

[21] “Concepts of digital twin network,” https://tools.ietf.org/html/draft-zho
u-nmrg-digitaltwin-network-concepts-06, accessed Jan 10, 2022.

[22] M. Wang, Y. Cui, X. Wang, S. Xiao, and J. Jiang, “Machine learning
for networking: Workflow, advances and opportunities,” IEEE Network,
2017.

[23] M. Alizadeh, A. Greenberg, D. A. Maltz, J. Padhye, P. Patel, B. Prab-
hakar, S. Sengupta, and M. Sridharan, “Data center tcp (dctcp),” in ACM
SIGCOMM, 2010.

[24] A. K. Choudhury and E. L. Hahne, “Dynamic queue length thresholds
for shared-memory packet switches,” IEEE/ACM Transactions On Net-
working (ToN), 1998.

[25] M. Abadi, P. Barham, J. Chen, Z. Chen, A. Davis, J. Dean, M. Devin,
S. Ghemawat, G. Irving, M. Isard et al., “Tensorflow: A system for
large-scale machine learning,” in USENIX OSDI, 2016.

[26] “Graph nets library, deepmind, 2018.” https://github.com/deepmind/gr
aph nets, accessed Jan 10, 2022.
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