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Abstract

The multi-path commodity flow problem (MPCFP) is cru-
cial for ensuring reliable and high-speed data transmis-
sion in communication networks. However, existing stud-
ies that employ pre-generated routing paths neglect real-time
load state and the coupling among decisions, thus hinder-
ing the achievement of high-quality solutions. To overcome
this, we propose Hierarchical Reinforcement Learning with
Topology-Aware Exploration (HRL-TAE), which is the first
fully end-to-end framework that dynamically produces high-
quality solutions based on real-time network states. HRL-
TAE integrates an exploration mechanism and utilizes the
State Transition Guiding List (STGL) to guide state tran-
sitions, thereby transforming topology exploration into a
Markov decision process. Guided by STGL, two closely cou-
pled layers in HRL-TAE, that is, the path construct layer and
the ratio allocate layer, construct multiple subpaths for each
flow and allocate traffic ratios among them. Subsequently,
adaptive constraint-driven masks exclude infeasible actions
during decision making, thereby guaranteeing that all con-
straints are satisfied. We also adopt a tailored training ap-
proach to obtain accurate gradient estimates and improve
training efficiency. Simulations and real-world experiments
demonstrate that HRL-TAE achieves superior performance.

Introduction
In recent years, communication networks are advancing
driven by the explosive growth of network services. With
devices and user demands increasing dramatically, there
is an urgent need for efficient network resource allocation
and traffic management strategies (Galliera 2024; Berger
et al. 2025). In this context, the Multi-Path Commodity
Flow Problem (MPCFP), a powerful tool for addressing net-
work scheduling, has gained increasing attention. It involves
transporting multiple commodities through a network while
respecting resource limitations, such as capacity (Fukugami
2023; Sui et al. 2024). Moreover, high-quality solutions
to MPCFP ensure efficient and reliable data transmission
within the network, and are suitable for addressing the di-
verse demands of communication networks.
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Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Currently, many researchers address MPCFP in commu-
nication scenarios using heuristic algorithms, evolutionary
computation, or linear programming for solutions. Gomes
et al. (2024) propose an artificial algae algorithm to solve
MPCFP in the embedding problem of 5G network, and find
the real physical paths between network nodes. Zhang et
al. (2021) use game theory to transform the problem into
a Nash equilibrium problem, and improve the communica-
tion efficiency of the network. Farrugia et al. (2023) design
an ERA algorithm that considers all traffic and link capac-
ity on the network, and improves the throughput and latency
of the network. Sui et al. (Sui et al. 2024) apply the CSO
algorithm with a problem characteristic-based crossover op-
erator to optimize bandwidth allocation, thereby enhancing
network load balancing. However, these algorithms face dif-
ficulties in balancing the quality and efficiency of the solu-
tion (Tessler et al. 2022). Learning-based algorithms, on the
other hand, have the potential to achieve a better balance by
maintaining quality while reducing computational time (Zuo
et al. 2018; Jiang et al. 2024).

With the advancement of neural network research, many
scholars have also applied learning-based algorithms to
solve similar problems in communication network scenar-
ios. Xu et al. (2023b) propose the TEAL algorithm, which
uses RL to allocate flows across multiple subpaths to achieve
a better distribution and solve MPCFP. Casas et al. (2022)
introduce the DRSIR algorithm to make routing decisions,
considering path metrics to adapt dynamic traffic changes
without prior knowledge of the underlying network. Liu et
al. (2024) employ a distributed training deep learning algo-
rithm, which implements routing path selection for network
aggregation. Lu et al. (2023) apply the SAMP algorithm to
handle dynamic traffic changes and redundant links in data
center networks, thus improving the efficiency of data trans-
mission. However, existing algorithms pre-generate flow
paths rely on algorithms such as K-Shortest Path (KSP), and
use learning-based modules only for traffic allocation. Such
strategies ignore the real-time network load state and the
coupling among decisions for different flows, thereby pro-
ducing suboptimal solutions.

To overcome the aforementioned limitations, we propose
HRL-TAE, a fully end-to-end approach with two-layer net-
work for MPCFP. In HRL-TAE, the path construct layer
constructs subpaths for each flow, and the ratio allocate
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Figure 1: Schematic Diagram of MPCFP within Communication Networks Scenario

layer allocates traffic ratios among them. Driven by our
proposed Tree-Like Exploration Process (TLEP), the agent
can achieve topology awareness, exploration, and decision-
making. Throughout the process, STGL is dynamically up-
dated to guide state transitions and information observation.
Thus, HRL-TAE addresses the two critical sub-tasks in a
more adaptive way, which improves overall performance.
The contribution of this paper lies in the following aspects:

1. To the best of our knowledge, the proposed HRL-
TAE framework represents the first fully end-to-end solu-
tion that solves MPCFP by addressing its two coupled sub-
problems: path construction and ratio allocation. HRL-TAE
employs the two-layer network to make respective deci-
sions, which enhances the solution quality and demonstrates
a novel paradigm for similar problems.

2. A unique TLEP rule is designed to facilitate agents in
topology awareness, exploration and decision making. Dur-
ing exploration, the dynamically updated STGL is used to
guide state transitions and information observations, thereby
transforming MPCFP into Markov Decision Process (MDP).

3. The adaptive constraint-driven mask mechanism is de-
veloped to eliminate infeasible actions during exploration,
guaranteeing strict adherence to problem constraints with-
out performing heuristic repair for infeasible ones.

4. The Quadruple Collaboration Training (QCT) method
is proposed to train the two layers jointly. By recombining
the training and baseline networks, it obtains accurate gradi-
ents, thereby tackling the credit assignment and enhancing
training efficiency.

Problem Description
Fig. 1 illustrates a typical MPCFP scenario within commu-
nication networks. The switches correspond to the nodes in
graph, the links between switches represent the edges, and
the data flows are equivalent to different commodity flows.
In network systems, controllers forward data flows based
on routing schemes. Data flows, which originate from the

source nodes, split the bandwidth into several subflows ac-
cording to the allocated ratios. These subflows are transmit-
ted along corresponding paths and ultimately reach the des-
tination nodes. During transmission, data flows cannot reuse
the same link, and must avoid exceeding link capacity. The
algorithm needs to generate a routing scheme that includes
K subpaths for each flow and the corresponding allocation
ratios. MPCFP has proved to be NP-hard (Barnhart, Hane,
and Vance 2000; Masri, Krichen, and Guitouni 2019), and
to provide a clearer overview, we present a mathematical de-
scription of the problem.

The network is modeled as a graph G = {N,E,C},
where N indicates the nodes, E(i, j) is the edges and C(i, j)
is the edge capacity, where i, j,∈ N, i ̸= j. The q-th com-
modity flow fq = {Sq, Dq, Bq}, which indicates that a com-
modity with demand of Bq needs to be transported from the
source node Sq to the destination node Dq . In MPCFP, the
inputs are the network topology G and the commodity flows
F = {f1, ..., fQ}. The objective is to find subpaths for each
commodity, allocate ratios among subpaths (i.e. Pq,k and
uq,k), and minimize the cost. The path Pq,k is defined as
a sequence of edges, and pkq (i, j) serves as a Boolean vari-
able, indicating whether the k-th subflow of flow q traverses
edge E(i, j). The main constraints involved are as follows:
Edge Capacity Limitation∑

q∈Q,k∈K

(pkq (i, j)× uq,k) ≤ C(i, j), ∀i, j ∈ N (1)

Flow Split Conservation∑
i∈N

pkq (i, j) =
∑
z∈N

pkq (j, z), (2)

∀j ∈ N\{sq, dq}, ∀q ∈ Q, ∀k ∈ K

Commodity Demand Constraints∑
k∈K

uq,k = Bq, ∀q ∈ Q (3)
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Figure 2: Architecture of HRL-TAE

In this paper, we define the minimization of Maximum
Link Utilization (MLU) as the optimization objective, which
is a classical indicator in network optimization to measure
load balancing (Chen et al. 2024; Zhang et al. 2020; Jiang
et al. 2025). MLU can be calculated as Eq. (4):

MLU = max(

∑
q∈Q,k∈K pkq (i, j) ∗ uq,k

C(i, j)
), ∀i, j ∈ N (4)

Hierarchical Reinforcement Learning with
Topology-Aware Exploration

The dynamic nature of communication network poses sig-
nificant challenges in obtaining optimal routing schemes.
Most existing algorithms pre-generate paths by using KSP,
which may neglect real-time load states and the coupling
among decisions for different flows, thus leading to subop-
timal solutions. Moreover, existing studies lack effective in-
ference and training schemes, thus leaving the development
of an end-to-end framework in urgent need.

Thereby, we propose the fully end-to-end HRL-TAE
framework to solve MPCFP, as shown in Fig. 2. However,

using RL to make decisions on creating routing schemes re-
quires the problem to exhibit the Markov property. In re-
sponse to the requirement, we introduce TLEP to facilitate
the topology awareness and exploration by agent. During the
process, STGL is dynamically updated to guide state transi-
tions and information observation. These mechanisms trans-
form the problem into an MDP that meets the requirement.

To reduce decision complexity, the problem is decom-
posed into two coupled parts: path construction and ratio al-
location, which are addressed by two layers in HRL-TAE. At
each step, the path construct layer selects one or more nodes
for future visits, and the ratio allocate layer allocates traf-
fic ratios among them. Once exploration is complete, the se-
lected nodes are sorted in sequence to form subpaths, and the
allocated ratios become the ratios between subpaths. Mean-
while, to filter infeasible actions during decision-making
and ensure all solutions meet the constraints, an adaptive
constraint-driven mask mechanism is designed.

In addition, we adopt QCT method to jointly train the two-
layer network. It recombines the training and baseline net-
work to obtain accurate gradient estimates, thereby reducing
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learning fluctuations and accelerating convergence.

Tree-Like Exploration Process
To transfer the problem into an MDP and enable RL agents
to comprehensively explore and be aware of the network
topology, we introduce TLEP. During multiple subpaths are
explored, an auxiliary list, STGL, is employed to guide state
transitions and information observation. The general process
of TLEP is shown in Fig. 3.

Figure 3: Tree-like Exploration Process

For each flow at step tτ , STGL includes two-dimensional
information Lτ = (Nτ ,Bτ ), where Nτ = {nτ

1 , ..., n
τ
k} is

the IDs of nodes that will visit in the future, and Bτ =
{bτ1 , ..., bτk} is the quantities that are allocated to those nodes.
The upper limit of Lτ length is K, indicating that a maxi-
mum of K subflows are allowed to exist simultaneously.

Initially, STGL contains only source nodes Sq and quan-
tity Bq . For tτ , agent moves to the node at the first posi-
tion in STGL, i.e., the agent’s current position corresponds
to Xτ = nτ

1 , and the commodity quantity to be processed
is Qτ = bτ1 . The state information is fed to the two-layer
network in HRL-TAE, whose outputs determine the next
nodes to visit Vτ = {vτ1 , ...vτk′}, and the allocated ratios be-
tween these nodes Rτ = {rτ1 , ...rτk′}, where k′ ≤ K − k
to ensure that STGL will not overflow. Thus, the quantities
Q′

τ = {qτ1 , ..., qτk′} from Xτ to selected nodes Vτ can be
calculated by Eq. (5).

qτσ =
rτσ ×Qτ∑i=k′

1 rτi
, σ ∈ [1, k′] (5)

After HRL-TAE outputs the decisions on node selection and
ratio allocation, STGL guides the state transition in the fol-
lowing ways. First, STGL clears the data at the first position

and shifts the subsequent data forward. Second, the current
node Xτ is marked as reached, ensuring it won’t be rese-
lected, thereby avoiding the formation of path loops. Third,
the remaining capacity of the edges passed through minus
the corresponding Q′

τ , as Eq. (6).

C(Xτ , v
τ
σ)

′ = C(Xτ , v
τ
σ)− qτσ, σ ∈ [1, k′] (6)

Fourth, the decisions are incorporated into STGL. For each
node vτi ∈ Vτ , check if there exists a matching nτ

j ∈ Nτ . If
found, set bτj = bτj + qτi ; otherwise, append vτi and qτi to the
end of STGL. Finally, STGL is sorted based on the distance
from each nτ

j to Dq , resulting in the new STGL Lτ+1. In
the new list, the first element nτ+1

1 is farthest from Dq , and
it also indicates the agent’s position Xτ+1 for the next step
τ + 1. As per the TLEP, the agent repeatedly explores and
makes decisions until only Dq remains in STGL, indicating
the exploration is accomplished.

Elements and Network Structure
When applying RL to make decisions, the problem must ex-
hibit the Markov property (Sutton, Barto et al. 1998). By
utilizing TLEP and STGL outlined above, MPCFP can be
transformed into an MDP that meets the requirement. The
key elements for HRL-TAE are as follows:

• State: The state information includes the network topol-
ogy, remaining capacity of edges, current position of flow,
destination node, and STGL list.

• Action: At each step, the action of the path construct
layer is to select the next nodes to visit, while the ratio allo-
cate layer allocates the traffic ratios among these nodes.

• Transitions: State transitions are deterministic. Once the
next nodes and allocated ratios are determined, the state is
updated according to TLEP rules.

• Reward: Reward is provided until current flow is fully
routed, both two layers will receive an identical and undis-
counted reward. The reward is defined as the negative of
MLU, incentivizing HRL-TAE to generate paths and allo-
cate ratios that promote a balanced load distribution.

Both layers in HRL-TAE adopt the similar structure as
shown in Fig. 4. When making a decision, the state infor-
mation is fed into the path construct layer, which selects the
next nodes to visit. Subsequently, the selected nodes and the
state information passed to the ratio allocate layer, which
then allocates ratios among the nodes. Together, the deci-
sions made by the two layers form the output of HRL-TAE.

Adaptive Constraint-Driven Mask Mechanism
To ensure that all solutions satisfy the problem constraints,
infeasible actions are filtered out at decision time. Mean-
while, maintaining specific infeasible actions in the en-
coder enhances the understanding of the underlying associ-
ations between states. This leads to a better comprehension
of the relative value of actions in different states, thereby
improving decision-making quality. Therefore, an adaptive
constraint-driven mask mechanism is proposed.

Specifically, in the path construct layer, the encoder mask
blocks all nodes that have already been visited, while the de-
coder is allowed to select only the unvisited neighbors of the
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Figure 4: Structure of single layer network

current node. In the ratio allocate layer, the encoder mask
remains identical to that of the path construct layer; the de-
coder, however, is restricted to the nodes selected by path
construct layer. The adaptive constraint-driven mask mech-
anism is shown in Fig. 5, in which encoder and decoder I for
path construct layer, while II for ratio allocate layer.

Training Method

In HRL-TAE, the two-layer network is trained using syn-
thetic datasets that are randomly generated based on the con-
nectivity patterns of each topology. At each step, the path
construct layer outputs selection probabilities for each node,
while the ratio allocate layer outputs the weight ratio of the
normal distribution. The training of both layers employs the
REINFORCE algorithm with a rollout baseline, where the
baseline is greedily updated after each batch. The training
process entails 1000 epochs, each comprising 10 batches of
size 128. We utilize the Adam optimizer with a dynamically
decaying learning rate that begins at lr = 0.0001.

The credit assignment problem is a vital challenge in
HRL. As rewards depend on decisions from multiple lay-
ers, it is difficult to judge whether a single layer’s decision is
beneficial or not. If not addressed, it will lead to fluctuations
and reduced efficiency (Pateria et al. 2021; Zhou et al. 2024;
Vezhnevets et al. 2017; Xu et al. 2023a; Gao et al. 2024).

To provide a universal training method to address this
challenge and enhance training efficiency, we propose the
QCT method. Inspired by the concept of control variates
method in scientific experiments, In QCT, the training net-
works and baseline networks of two layers are combined to
form four different combinations, as shown in Fig. 6. These
combinations are utilized to make decisions and calculate
rewards independently. Taking the training of path construct
layer’s neural parameters as an example, the loss value can

be calculated using Eq. (7).

loss =−
n∑

i=1

(R(πI
i)−R(πII

i ))logPθ(π
I
i)

−
n∑

i=1

(R(πIV
i )−R(πIII

i ))logPθ(π
IV
i ) (7)

where, πI
i indicates the solution output by using combina-

tion I in Fig. 6, while R(π) represents the obtained rewards
corresponding to the solution π.

Moreover, upon completing the training of each batch, it
is imperative to determine whether to update the baseline
network. Similarly, directly comparing rewards R(πI

i) and
R(πIII

i ) is inadequate to accurately assess a single-layer net-
work. In HRL-TAE, for path construct layer, if R(πIV

i ) out-
performs R(πIII

i ) and passes a one tailed T-test at the 5%
significance level, the baseline network will be updated to
synchronize with the training network.

Experiments
In this section, experiments are conducted to verify the ef-
fectiveness of HRL-TAE and its components. To ensure
experimental rigor, all experiments are conducted on a
computer equipped with a 9th Intel Core i9 processor, an
NVIDIA GeForce GTX1660Ti GPU, and 32GB of RAM,
using Python 3.10. In all experiments, the test data are ran-
domly generated according to the connectivity patterns of
each topology, with each case consisting of 20 instances for
decision-making.

Simulation Experiments
Simulation experiments are conducted in four real network
topologies (Abilene: 11 nodes, 14 links; ATT: 25 nodes, 56
links; Geant: 37 nodes,56 links; DFN: 58 nodes, 87 links),
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Figure 5: Adaptive Constraint-Driven Mask Mechanism

Case Topo. HRL-TAE TEAL ECMP DRSIR
Obj. Time(s.) Obj. Time(s.) Obj. Time(s.) Obj. Time(s.)

1 Abilene 0.346 0.12 0.368 0.16 0.411 0.04 0.400 0.13
2 Abilene 0.376 0.13 0.390 0.13 0.414 0.03 0.422 0.15
3 Abilene 0.385 0.13 0.405 0.14 0.434 0.03 0.425 0.15
4 Abilene 0.383 0.11 0.420 0.14 0.427 0.03 0.412 0.16
5 Abilene 0.343 0.11 0.367 0.13 0.400 0.03 0.396 0.15
6 ATT 0.356 0.23 0.388 0.32 0.432 0.04 0.416 0.13
7 ATT 0.342 0.21 0.372 0.32 0.410 0.04 0.396 0.16
8 ATT 0.355 0.17 0.395 0.29 0.385 0.04 0.401 0.15
9 ATT 0.315 0.18 0.363 0.28 0.376 0.04 0.377 0.15

10 ATT 0.344 0.20 0.391 0.31 0.415 0.04 0.410 0.15
11 Geant 0.416 0.17 0.438 0.55 0.503 0.04 0.438 0.13
12 Geant 0.425 0.26 0.449 0.54 0.511 0.04 0.443 0.16
13 Geant 0.405 0.22 0.445 0.53 0.483 0.04 0.442 0.14
14 Geant 0.408 0.26 0.435 0.50 0.487 0.03 0.445 0.15
15 Geant 0.417 0.17 0.420 0.57 0.484 0.03 0.450 0.15
16 DFN 0.406 0.12 0.435 1.13 0.500 0.03 0.438 0.13
17 DFN 0.409 0.20 0.470 1.07 0.507 0.04 0.445 0.16
18 DFN 0.383 0.20 0.398 1.13 0.463 0.03 0.424 0.15
19 DFN 0.412 0.17 0.441 1.19 0.472 0.03 0.420 0.14
20 DFN 0.406 0.18 0.425 1.12 0.504 0.04 0.455 0.14

Table 1: Results of Simulation Experiments

which are obtained from the Internet topology zoo data set
(Knight et al. 2011). The topologies are shown in Fig. 7.

Three different comparison algorithms are adopted to ver-
ify the effectiveness of HRL-TAE:

1.TEAL: Xu et al. (2023b) introduce TEAL, this algo-
rithm pre-generates paths by KSP and allocates the flows to
subpaths by a deep reinforcement learning network.

2.ECMP: It is a simple, fast, and effective rule that con-
structs K subpaths for each flow, and evenly allocates flow

across these paths (Zhang et al. 2020; Li et al. 2022).
3.DRSIR: Casas et al. (2022) propose DRSIR, which use

DRL network to select paths and allocate flows among pre-
generated in software defined network.

Table 1 presents the results and running times for all algo-
rithms across different cases. As shown in the table, HRL-
TAE demonstrates superior performance with comparable
execution time across diverse cases. Specifically, compared
with the TEAL, ECMP, and DRSIR algorithms, the routing
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Figure 6: Combinations for QCT (For example, in Combina-
tion II, the path construct layer adopts the baseline network,
while the ratio allocate layer adopts the training network.)

Figure 7: Different Topologies for Experiment (Abilene,
ATT, Geant and DFN for simulation experiments; H9N and
H18N for real-world experiments)

schemes generated by HRL-TAE achieve average improve-
ments of 7.08%, 15.35%, and 9.74%, respectively. These re-
sults confirm that HRL-TAE has a performance advantage
across varying scenarios.

Ablation Experiments
To verify the effectiveness of the components proposed for
HRL-TAE, ablation experiments are conducted. In abla-
tion experiments, two comparison algorithms are adopted:
Abl.1: Adopting HRL-TAE framework, while QCT is not
employed. Instead, the basic REINFORCE algorithm is uti-
lized to update both two layers together as Eq. (8).

loss = −
n∑

i=1

(R(πi)−R(πBL
i ))logPθ(πi) (8)

Abl.2: The two layers are trained alternately, switching ev-
ery 10 epochs. When the path construct layer is training, the
ratio allocation layer remains static, and vice-versa.

The two ablation algorithms adopt the same parameters
as HRL-TAE. In the ablation experiments, the same test data

Case HRL-TAE Abl.1 Abl.2
Obj. Time Obj. Time Obj. Time

1 0.346 0.12 0.383 0.18 0.357 0.17
2 0.376 0.13 0.398 0.15 0.381 0.16
3 0.385 0.13 0.398 0.15 0.398 0.13
4 0.383 0.11 0.419 0.16 0.393 0.14
5 0.343 0.11 0.358 0.12 0.353 0.12
6 0.356 0.23 0.383 0.26 0.372 0.20
7 0.342 0.21 0.369 0.17 0.358 0.15
8 0.355 0.17 0.386 0.20 0.355 0.12
9 0.315 0.18 0.341 0.18 0.323 0.19
10 0.344 0.20 0.393 0.18 0.379 0.16
11 0.416 0.17 0.447 0.22 0.449 0.21
12 0.425 0.26 0.452 0.18 0.448 0.22
13 0.405 0.22 0.422 0.17 0.418 0.28
14 0.408 0.26 0.440 0.24 0.430 0.21
15 0.417 0.17 0.452 0.26 0.441 0.27
16 0.406 0.12 0.488 0.32 0.432 0.33
17 0.409 0.20 0.486 0.30 0.451 0.33
18 0.383 0.20 0.439 0.34 0.416 0.35
19 0.412 0.17 0.458 0.38 0.439 0.39
20 0.406 0.18 0.463 0.32 0.420 0.32

Table 2: Results of Ablation Experiments

as in the simulation experiment is used, and the results are
shown in Table 2.

The results indicate that HRL-TAE outperforms the abla-
tion algorithms in all cases and shows average improvements
of 8.86% and 4.75%, respectively. In addition, the training
curves of the three algorithms on Geant topology are pre-
sented in Fig. 8. The ablation experiments demonstrate that
QCT markedly reduces learning fluctuations and enhances
training efficiency.

Figure 8: Training Curves of Different Algorithms

Real-World Experiment
To verify the effectiveness of HRL-TAE in real-world sys-
tem, experiments are conducted on the software-defined net-
work system, which mainly includes the following devices:
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Case Topo. HRL-TAE TEAL ECMP DRSIR
Obj. Time(s.) Obj. Time(s.) Obj. Time(s.) Obj. Time(s.)

rw1 H9N 0.462 0.07 0.510 0.12 0.552 0.03 0.536 0.14
rw2 H9N 0.473 0.10 0.512 0.13 0.597 0.03 0.515 0.16
rw3 H9N 0.478 0.07 0.532 0.13 0.540 0.03 0.546 0.15
rw4 H9N 0.482 0.10 0.518 0.13 0.576 0.03 0.520 0.16
rw5 H9N 0.474 0.09 0.517 0.11 0.591 0.03 0.543 0.14
rw6 H18N 0.484 0.15 0.513 0.19 0.594 0.03 0.522 0.12
rw7 H18N 0.500 0.19 0.528 0.19 0.575 0.03 0.533 0.14
rw8 H18N 0.471 0.17 0.497 0.17 0.562 0.03 0.522 0.15
rw9 H18N 0.482 0.10 0.498 0.22 0.531 0.04 0.492 0.16

rw10 H18N 0.493 0.14 0.528 0.20 0.581 0.03 0.527 0.15

Table 3: Results of Real-world Experiments

BigTao Network Tester: It has 18 full-duplex ports for
data transfer. With test software, it allows programmable
definition of transmission rates and collection of real-time
network metrics such as packet loss rates and throughput.

Controller: Open Network Operating System (ONOS)
platform is utilized. It can obtain network information and
push flow tables to control routing paths.

Switches: The core switch is adopted to push control com-
mands, while other switches are used for data transmission.

Figure 9: Real-world Experiment System

As shown in Fig. 9, the system corresponds to the H9N
topology. Deployed in controller, the algorithm reads infor-
mation via ONOS platform. It generates a routing scheme,
converts it into flow tables, and sends them to switches
to control flow transmission. The real-world experiments
are conducted with the same settings as simulation experi-
ments, and are conducted on the H9N (9 nodes, 18 links)
and H18N (18 nodes, 37 links) topologies generated via the
well-known Waxman algorithm (Waxman 1988) and shown
in Fig. 7. The results of experiment are presented in Table 3.

According to the results, HRL-TAE outperforms the com-
parison algorithms in all cases, with average improvements
of 6.90%, 15.80%, and 8.72%, respectively. These confirm
the effectiveness of HRL-TAE in the real-world system.

Conclusion
This paper presents HRL-TAE, an end-to-end framework
to solve MPCFP. To avoid the disadvantages of using pre-
generated path, HRL-TAE employs a two-layer network to
construct paths and allocate ratios separately. Guided by
TLEP, the problem is transferred into MDP and enables

the agent to explore and make decisions. Additionally, a
constraint-driven mask mechanism filters out infeasible op-
tions, and QCT method boosts training efficiency. Finally,
experiments conducted on both simulation and real-world
systems demonstrate the effectiveness of HRL-TAE.

In the future, we will continue to conduct research on
MPCFP, apply it to more complex scenarios, such as joint
optimization in multiple sub-nets with hybrid protocols, and
adopt more advanced algorithms.
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