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Abstract: In this work, an improved algorithm has been developed for data flow optimization on the normalized bipolar 

planar network graph (NBPG) with free-oriented edges, that is taken as an enhanced model of a software 

defined network with flexibly reconfigured channels. The NBPG-model differs from known analogues by a 

special normalization of an arbitrary V-vertex graph structure as successive transforms of a primitive 3-vertex 

graph. Hereby, the searching for optimal paths in Maxflow problem yields a combinatorial task of constructing 

the full set of potentially optimal paths (POPs), for which a recursive heuristically solution can be found. Due 

to the NBPG-model generality, a complete set of potentially optimal paths on the uniform NBPG graph with 

Vmax vertices can be applied for any given NBGP(V) graph with V≤Vmax. The combinatorial task of POP 

searching on the normalized NBPG graph has quadratic complexity, and designing a program code for its 

computation is not a trivial case. To overcome this issue, AI have been involved for the explicit recursive 

constructing the full set of POPs on arbitrary normalized NBGP(V) graph via a public GPT-model training 

by the clustered combinatorial sequences. So, the optimal data flow distribution by criterion of maximum 

throughput on individual graphs is reduced to a simple cycle of processing a compact universal pre-defined 

set of potentially optimal paths that is similar for all the normalized graphs with parametrically limited vertex 

quantity. These features allow to simplify and speed up dynamic resource allocation in modern 

telecommunication networks with reconfigurable channels, expand their functionality and increase the quality 

of service when bidirectional multiproduct data transfer. 

1 INTRODUCTION 

One way to increase the telecommunication network's 

resilience to negative factors is optimization the data 

flows for the best use of available resources in 

changing situations (failure of its elements, external 

interference, etc.). An important criterion for the use 

of available resources is the total data flow of the 

network, and the task of increasing it, is also known 

as the “MaxFlow problem” (MFP) [1], [2]. 

Historically, the MFP problem arose in logistics 

networks for delivery of some homogeneous product 

(gas, oil, etc.) from the producer location (source S) 

to the accumulation terminal (T), where no 

intermediate flow sources and accumulators exist in 

the logistics network, as well as product flow 

channels do not intersect [3]. 

A typical math model of a logistic network is  directed 

weighted planar graph (DWPG) with two special 

vertices − the product source S and the end terminal 

for product delivery T (aka graph-poles). The mono-

directed arcs of the graph define the product-channel 

capacities. The visual form of DWPG is a plane 

network without any arc intersections [4].  

Logistical approach to MFP-problem is based on 

the Ford-Fulkerson theorem: the maximal network 

flow F identically equals the minimal cut between 

poles S and T of the network graph. The algorithm to 

find F: take a chain (ST-path) crossing any cut only 

once, impose as large a chain-flow f, delete saturated 

chain-arks. Repeat these steps until S and T have no 

connections. Eventually, F is the sum of all the chain-

flows {f} [5].  
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The Ford-Fulkerson algorithm (FFA) in [5] contains 

an inaccuracy: when computing partial flow f, it is 

wrong to take an arbitrary ST-path. Instead, only the 

shortest path in hop-metrics must be selected each 

time. In fact, the Edmonds-Karp algorithm (EKA) of 

O(VE2) complexity is considered a de facto FFA 

implementation, where the shortest path on the graph 

is selected at each iteration using the breadth-first 

search (BFS) [6], [7]. It is preferable for sparse graphs 

with minimal number of edges.  

Based on FFA, alternative approaches to MFP 

problem have been developed. One of the most 

common is Dinitz blocking flow algorithm (DBA) 

with O(V2E) complexity, that is similar to EKA, but 

can run faster on dense graphs with maximal number 

of edges [8]. For ST graphs with binary arc-weights 

the Goldberg-Taryan push-relabelling algorithm 

(GTA) of O[min(V2/3, E1/2)] complexity may be more 

effective. It is based on Dinitz DBA method, and 

simulates the water flow distribution in a pipeline 

network assuming the "excess pre-flow" at the input 

of the graph vertices except the source node [9], [10]. 

For special cases of the ST-graph structure, the 

alternative Goldberg-Rao algorithm (GRA) with 

O(VE) complexity can exceed the GTA speed [11]. 

In 2006, D. Papp presented an improved Goldberg-

Rao algorithm (PGRA) for MFP problem that works 

not only for graphs with unitary arc capacities, but 

also for integer or non-negative real values [12]. An 

algorithm for Maxflow estimation (MFE) on the 

undirected weighted ST-graph was proposed by P. 

Christiano et al, that uses Laplace matrix to solve a 

system of linear equations for electric flow. The 

authors claim the algorithm is the fastest among those 

known at that time [13]. 

The MFP logistical approaches based on FFA- 

method are also widely used for data-flows 

optimization in telecom networks, yet, they do not 

fully consider potentials of modern digital channels 

with flexibly reconfigurable capacities, and therefore, 

are less effective [14], [15].  

A combinatorial method for MFP-like problems 

solution was presented by M. Rajouh on the base of 

Pontryagin maximum principle with a set of 

necessary extremum-conditions that must be satisfied 

at each iteration. This allows to pre-screen out 

unacceptable combinatorial options for finding the 

optimal solution to the problem, and thereby reduce 

the number of required iterations and speed up the 

algorithm by selecting a compact set of promising 

candidates at each step of the algorithm [16]. The 

theoretical foundations of MFP problem solving on 

different types of network graph models are presented 

in [17]. 

A comprehensive review of methods and 

algorithms for computing the maximum flow on a 

directed weighted ST-graph is given by D. 

Williamson, that extends the scope of network flow 

research to multi-product problems and provides a 

detailed analysis of 2-product case. Also, the concept 

of ST-flow in an undirected graph is clearly defined, 

where any edge has an arbitrary positive orientation 

and consists of two oppositely directed arcs of equal 

capacity [18]. 

An extended approach to MFP study is 

presented in [19]. Unlike logistical bipolar DWPG 

graph model, the network performance (Maxflow) is 

defined on an 3-pole free-oriented graph (FOG). 

Related algorithm for a 6-vertex graph is presented in 

[20]. 

The telecom networks have some common 

properties with electrical circuits. An electricity flows 

optimization method (EMFP) is exhibited in [21] that 

seeks to achieve the most equal flow on all edges in a 

subset of the edges of a graph. The task is also 

extended to the Almost Equal Maximum Flow 

Problem (AEMFP), where the values of the electricity 

flow in individual network links differ from the 

average “almost equal maximum flow” according to 

a certain deviation function.  

A near-optimal routing algorithm for SDN 

networks is proposed in [22] based on the 

MaxFlow/MinCut theorem. It is shown that 

distributing flow along minimum transit routes 

improves network performance compared to 

traditional shortest path algorithms.  To optimize the 

multimodal flows in logistics systems, genetic 

algorithm can be applied, which is commonly used in 

vehicle routing problems (VRP). It imitates Darwin's 

natural evolution in a transport network model and 

includes five processing steps: task encoding, 

population initialization, determination of selective 

operations, mutation, selection process [23]. 

A survey on algorithms of MaxFlow/MinCost 

problems is given in [24] where  deterministic tasks 

on directed weighted ST-graphs considered with 

exactly known inputs, constraints and objectives, 

with an emphasis on the worst case in terms of the 

duration of the problem solution time. The work 

focuses algorithms faster then known before. Noted, 

that GRA-algorithm is weakly polynomial, while 

existence of a strongly polynomial O(VE) algorithm 

was shown by [25] and by [26]. Also, interior point 

methods (IPM) for MFP solutions discussed. 

In this work, combinatorial task of data flow 

optimisation in telecom networks is considered with 

particular emphasis on the modern digital channels 

that provide flexibly reconfigurable capacity.  
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2 MOTIVATION AND 

OBJECTIVES OF THE WORK 

The current state analysis of the maximum flow 

problem (MFP) shows that methods and algorithms 

for optimizing flows in telecommunication networks 

mainly explore the legacy logistical approach to 

product delivery systems with the use of directed 

weighted planar graph (DWPG) as a network model, 

that has two particular vertices (poles): S - the 

manufacturer product source; T - the final terminal 

for accumulating and further distribution the product. 

The main goal herewith is estimation of the 

potentially feasible network flow F. Despite the 

diversity of known methods and approaches to 

solving the MFP problem, one of the most popular 

today MFP solutions for telecoms is Dinitz blocking 

flow algorithm (DBA) with O(V2E) complexity, that 

could be taken as a relevant pattern for comparison. 

The core drawbacks of the popular today 

approaches to the Maxflow problem solution in the 

context of telecoms applications are the following. 

▪ The Maxflow value F itself as MFP solution

result indicates network potential capacity, but

it remains unknown “how” to schedule the flows

around the network paths;

▪ the directed weighted planar graph DWPG with

unidirectional channels is inadequate model for

telecom networks transmitting data in opposite

directions;

▪ the DWPG-graph with fixed arc-capacities is

not a relevant model to modern digital channels

with flexibly reconfigurable capacities, and

therefore, is less effective;

▪ searching-based MFP algorithms on DWPG

graph model principally limit computational

performance compare to combinatorial

approach, that may be critical in special

software defined ad hoc networks.

Consider above, an extended Maxflow problem 

(MFP+) arise: Find the network maximal flow F, 

along with its optimal distribution over ST-paths {Pi) 

and network minimal cut structure {CE}.  

According to this, the work aims MFP+ problem 

solution in order to increase the overall network 

performance and resilience.  

To achieve this, the following objectives are set: 

▪ normalization of ST-planar network graph;

▪ combinatorial construction of the shortest path-

searching tree (SPST);

▪ development an AI-driven algorithm of data

flow optimization and scheduling.

3 NORMALIZATION OF THE 

FREE-ORIENTED ST-PLANAR 

NETWORK GRAPH 

The AI-driven algorithm of data flow optimization for 

the extended MFP+ problem declared above is based 

on an enhanced bipolar model of a modern software-

defined network with flexibly reconfigurable edge-

capacities, i.e., a specially normalized free-oriented 

ST-planar graph G(V) with V3 vertices, that is 

defined as followed:  

▪ graph G(V) has a full set of edges that are

possible for a planar graph with V vertices; if

actual network has a smaller number of links,

then a correspondent missed edge in G(V) is

marked by zero-capacity;

▪ any graph G(V>3) is constructed successively

by adding a new vertex V and three new edges

to the G(V-1) graph, starting from the primitive

graph V(3); the first of any three new edges has

“vertical” view, second − the “left”, third − the

“right”;

▪ vertices “1” and “2” always mean two open

poles in any graph G(V), and there is no matter

what pole is the source S or terminal T, because

graph G(V) is invariant to data-flows directions.

Figure 1 for G(5) graph illustrates the intuitively 

clear way how to transform the initial 3-vertex 

primitive graph G(3)  into arbitrary V-vertex 

normalized ST-planar graph by successive adding 

new vertices. The graph edges are indexed by 19, 

and their (unitary) capacities shown in parentheses. It 

is clear that normalized graph G(V) has 3(V-2) 

edges. The graph G(V) openness means that more 

complex network frameworks can be hierarchically 

constructed through integration diverse G(V) graphs. 

Figure 1. Normalized free-oriented ST-planar graph G(5). 
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4 COMBINATORIAL DESIGN OF 

THE SHORTEST PATH-

SEARCHING TREE 

The normalized bipolar planar graph G(V) introduced 

above as an enhanced SDN-model allows  to solve the 

extended Maxflow problem (MFP+) even for less 

computation time compare to the popular algorithms 

for classic MFP due to combinatorial construction 

and fast processing of the shortest paths searching 

tree (SPST), that is a bottleneck in MFP/MFP+ tasks 

resolution. 

For instance, the Dinitz algorithm (DBA) with 

O(V2E) complexity, if applied to the normalized 

planar graph G(6), yields the run-time V2 E=V2[3(V-

2)] = 3V3− 6V2 = 363− 662 = 432. Next will be 

shown, if SPST-software applied, the run-time is 

reduced to [(V−2)2+1] = [(6−2)2+1] = 17 (i.e., 25.4 

times faster). This gap in computation speed grows 

rapidly with increase of the network scale, i.e. with 

large numbers V of graph G(V) vertices. The SPST-

hardware application with the use of FPGA LSI may 

drop down the run-time to several clock generator 

strobes.  

Such performance speed up is  achieved due to 

generic combinatorial properties of the normalized 

graph G(V) and the regular structure of its shortest 

paths tree SPST, that are logically transparent, 

predictable, universal, and therefore, could be 

designed and saved in advance on processor memory 

to eliminate a lot of routine operations in real time 

mode. In fact, the SPST of a normalized graph 

G(V3) can be effectively used for any graph G'(V') 

with a smaller number of vertices 3≤V'≤V. 

Consider in detail construction of SPST on a 

normalized bipolar planar graph G(V) for given 

number of vertices V. 

Note the following aspects. 

▪ SPST must be a full set of potential candidates

on ST-path-searching for flow-conductivity;

▪ SPST-paths must be (partially) ordered by

length increase in hop-metrics (according to

"shortest path-maximal flow at each step" in

popular MFP-algorithms EKA, DBA etc.);

▪ the number of really possible paths is less then

SPST power, as not all the SPST-options are

mutually independent.

Let see the SPST design for the graph G(5) in

Fig.1. The sub-graph G(3) has two ST-paths (in edge 

IDs): (1), (2, 3). Vertex “4” adds 3 options more: (5, 

6), (5, 4, 3), (2, 4, 6), where the last two ones are 

excusive alternatives (i.e., only one of them might be 

possible). 

The latter fact can be proven by reversal. Suppose, 

unitary flows exist for  two 3-hop paths: f1(5, 4, 3) 

and f2(2, 4, 6). Then the following edge-capacities 

must be: 2(1), 3(1), 4(2), 5(1), 6(1). Note, that path-

searching always tries to check the shortest-path 

options at each step. So, edges 2, 3, 5, 6 will be chosen 

for flows and saturated (set to zero) earlier then paths 

(5, 4, 3) and (2, 4, 6) will be examined. Therefore, no 

more 3-hop flows f1(5, 4, 3) or f2(2, 4, 6) are possible. 

When look at the graph G(5) in Fig. 1 it is clear, 

that five additional options of path searching appear: 

(8, 9), (8, 7, 6), (5, 7, 9), (8, 7, 4, 3) and (2, 4, 7, 9). 

So, the following features of SPST can be fixed: 

▪ The “vertical” graph-edges 4, 7, 10, 13, etc. may

get flow only in one of two exclusive directions

(up XOR down);

▪ each new graph vertex adds a “vertical” edge

and two more potential paths;

▪ each new “vertical” edge triggers (2V−5) more

path-searching options of the SPST set.

Based on of a normalized planar graph G(V)

properties, it is easy to recursively construct the 

shortest path searching tree SPST for arbitrary graph 

G(V) with the use of additive tuples P(V3): 

P(V) = {P(V−1), P(V)}; 

P(3) = {(1), (2, 3)}; 

SPST(V) = {P(3), P(4), P(5), ..., P(V)}. 

The SPST power estimation for V3 is: 

V =    3   4  5    6   7    8   ... 

||SPST|| = (V−2)2+1 = 2,  5, 10, 17, 26, 37 and so on. 

For a large number of graph vertices V, the 

manual building of tuples P(V) becomes a tedious 

routine deal, while the programming of a relevant 

computerized algorithm is not a trivial task, that 

might be set as a next step of MFP+ research.  

Consider the fact, that shortest path-searching 

tree can be fixed in advance as a single SPST(Vmax) 

set valid for all the normalized graphs G(V) with 

limited number of vertices V<Vmax. Besides, the 

SPST framework is shaped by regular forms of digital 

figures with intuitively clear logic and predictable 

structure. Due to this, an issue arises: how to make AI 

solve the routine work of SPST building instead of 

doing it manually or writing a code for computer?  

A modern AI model is pretrained on huge 

amount of data that allows it to quickly match a new, 

atypical client given task with patterns or structures 

known before, even if they are hidden. But AI has no 

real “human mind”, and therefore, the best strategy of 

AI utilization is a dialogue form of AI-Client 
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interaction, aka “Human in the Loop”. An important 

question is what kind of AI-Client interface can be 

applied herewith [27], [28]. 

5 AI-DRIVEN GENERATION OF 

THE SHORTEST PATH-

SEARCHING TREE  

The results of the previous section 4 indicate that the 

common idea of recursive design of the shortest path 

tree SPST(V) on the free-oriented normalized planar 

graph G(V) is intuitively clear, and theoretically 

allows AI-driven generator for any finite V3.  

The linear growing power of recursively added 

tuples P(V) with O(2V−5) complexity makes it 

possible to manually compose a comprehensive AI-

teaching sequence divided in training section (V≤5) 

and testing section (V= 6, 7). The set of AI-training 

tuples PV) for V≤5 is shown in Table 1. 

Table 1: The AI-training Shortest Path-Searching tuples. 

 

 

 

 

 

A brief protocol of human Client-AI interaction is 

presented below for Google Gemini GPT. 
Client: Given a training sequence with tuples P: 

V = 3; P= (2, 3).  
V = 4; P= (5, 6), (5, 4, 3), (2, 4, 6). 
V = 5; P= (8, 9), (8, 7, 6), (5, 7, 9), 

   (8, 7, 4, 3), (2, 4, 7, 9). 
Find a solution for V= 6: P = ? 
AI: Thinking for minutes, and wrong answer. 

Client: Unfortunately, the answer is wrong.  

AI: I'm ready to try again with new information! 

Client: This is a task of finding paths on a graph 

between vertex 1 and vertex 2. 
AI: Got it! This is an important detail that changes 

the whole approach. It means that P is not just a set of 

numbers, but a set of paths between node 1 and 
node 2 in some graph that depends on V.  

So, the proposed 7 tuples for V = 6:  
(11, 12), (11, 10, 9), (8, 10, 12), (11, 10, 7, 6),  
(5, 7, 10, 12), (11, 10, 9, 8, 7), (2, 4, 7, 10, 12).  
Final solution for V = 6: Based on a deep analysis 

of the number patterns and their dependencies on V 
and Max_value, my new guess for P(V) at V=6 is:  

V = 6; P = (11, 12), (11, 10, 9), (8, 10, 12), 
(11, 10, 7, 6), (5, 7, 10, 12), 
(11, 10, 9, 8, 7), (2, 4, 7, 10, 12). 

This solution preserves all the observed patterns: 
Number of tuples: 2V−5=2×6−5=7 (Correct). 
Maximum node value in tuples: 3(V−2) =3(6−2) =12 
(Correct). Distribution of tuple lengths: 2, 3, 3, 4, 4, 
5, 5 (Correct). Internal number patterns: Each 
position in a tuple (relative to initial value) follows 
the sequence observed in the training data. 

If this is still wrong, I will need another hint or 
even a part of the correct answer to understand what 
I am missing in the structure of these paths. 

Client: Nice!!! And now for V = 7. 
AI: Final Solution for V=7.  
Based on the patterns identified, here is the 

predicted tuple P(V) for V=7: 
    P(7) = (14, 15), (14, 13, 12), (11, 13, 15), 

   (14, 13, 10, 9), (8, 10, 13, 15),  
     (14, 13, 12, 11, 10), (2, 4, 10, 13, 15),  
     (14, 13, 12, 11, 10, 9), (2, 4, 7, 10, 13, 15). 

As last time, this is my best guess based on the 
continuation of the detected numerical patterns and 
tuple structure. Let me know how close I am now! 

Client: Right! Super! 
End of the dialog.  

Ultimately, collection of tuples P(3), P(4), 
P(5) for 3/4/5-vertex G(V) graphs turned to be 
sufficient for AI/GPT training. Correct AI-answers 
for V=6 and V=7 confirm the AI-insight of the 
problem. Here, we have successfully taught the 
AI/GPT to generate tuples P(V) for any given V. 

Using AI-generated tuples P(6) above, the full 
SPST(6) tree is recursively constructed in Table 2.  

Table 2: The Shortest Path-Searching Tree (6). 

 

 

 

 

V 3 4 5 

Initial paths 

quantity 

1 2 5 

Tuples 

quantity 

1 3 5 

Tuples P(V) P(3) P(4) P(5) 

2-hop paths (2, 3) (5, 6) (8, 9) 

3-hop paths − (5, 4, 3) 

(2, 4, 6) 

(8, 7, 6) 

(5, 7, 9) 

4-hop paths − − (8, 7, 4, 3) 

(2, 4, 7, 9) 

Total paths 

quantity 

2 5 10 

Hops 

Nmb. 

SPST(6) Paths Paths 

Nmb. 

1 (1) 1 

2 (2, 3)  (5, 6)  (8, 9)  (11, 12) 4 

3 (5, 4, 3)     (2, 4, 6)     (5, 4, 3)  

(5, 7, 9)   (11, 10, 9)  (8, 10, 12) 

6 

4 (8, 7, 4, 3)       (2, 4, 7, 9) 

(11, 10, 7, 6)   (5, 7, 10, 12) 

4 

5 (11, 10, 9, 8, 7)  (2, 4, 7, 10, 12) 2 

Total 17 
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The AI-driven searching paths-tree design 

SPST(6) is sufficient for extended Maxflow problem 

(MFP+) solution on the normalized planar graph 

G(V)  with V≤6 vertices presented below. 

6 EXTENDED MAXFLOW 

PROBLEM SOLUTION WITH 

AI-GENERATED PATHS-TREE 

Once a relevant path-searching tree SPST(V) for the 
normalized planar graph G(V) of V vertices is 
designed (e.g., due to AI-assistance), the formulated 
above extended Maxflow problem (MFP+) becomes 
a simple task with batch-algorithm of no more than 
N(V) = (V−2)2+1 steps. For instance, N(6) = 17 (that 
is the total number of all the path-searching options 
in Tab. 2). The SPST(V) table can be easilly stored in 
a sflash-memory of SDN- controller even for large V 
values. 

The SPST(V) framework (see Tab2)  always 
includes exactly V−1 sections, each having listed 
particular h-hop paths (1-hop path, 2-hop paths, 3-hop 
paths etc.). If a real network has a fewer number of 
nodes, e.g. 4 nodes, then only first 4−1=3 sections are 
actually needed and used (as any V-node network 
can’t have paths longer then V−1 in hop-metric). 

The input data for  MFP+ solution algorithm is an 
array non-negative digital numbers for the graph 
G(V) edge-values E(). The maximal possible number 
of edges in a normalized planar graph G(V) is 
NE=3(V−2); that is, graph G(6) has 12 edges. An 
edge Ek index k[1, 12] means a correspondent ID of 
the edge in the gtraph G(V), see Fig. 1. For inctance: 
E1 is edge 1 (the shortest 1-hop ST- path in the first 
section of table 2); E2, E3, E5, E6 are edges creating to 
2-hop paths; E4, E7  are the so called “vertical” edges
of the normalized graph G(V).

The MFP+ algorithm for graph G(6): 

Given: 

AI-generated SPST searching tree 

in Table 2; 

Vector E() of graph edges. 

Let Maxflow =0: 

    Path index i  [1, 17]; 
Path (i) tuple;  

Flow distribution vector f(i). 

Define function F(): 

Find minimal edge value Emin of 

the Path(i); 

Let f(i) = Emin;  

Accumulate Maxflow by f(i);  

Reduce all the edges E() by f(i); 

Apply function F(i) to each Path(i). 

Output: Maxflow, f(), E(). 

Results:  

Network Maxflow; 

Networ flow distribution f() along 

the paths; 

Network MinCut E() witn non-zero 

rest-values. 

So, the intricate extended Maxflow problem 

(MFP+) is reduced to a simple batch-algorithm of 

O[1+(V-2)2] complexity, that is faster and easier vs 

Edmond-Karp or Dinic algorithms. 

7 DISCUSSIONS 

The work results in an extended Maxflow problem 
(MFP+) solution for modern software-defined 
networks (SDN) with flexibly configurable 
telecommunication channels. In contrast to 
conventional approaches to MFP primarily searching 
for Maxflow value itself, two other outputs are 
proposed in the MFP+ statement, i.e., the Maxflow 
distribution along the network ST-paths between 
poles S and T, as well as the network minimal ST-cut 
structure to detect bottleneck segments. 

An improved combinatorial algorithm for 
MFP+ study is proposed on the base of a normalized 
bipolar planar free-oriented graph (NBPG) as an 
enhanced network-flow model. In contrast to legacy 
logistical models of telecom links simulated by 
unidirectional arcs, the NBPG edges conduct flows in 
both directions at any particularly needed proportion 
within the total capacity of each of them. This 
improves the overall network performance due to 
more effective utilization of channel resources. 

Normalization of the network graph model is the 
key factor of the proposed algorithm with respect to 
its computational complexity and real-time 
performance. It is based on a recursive representation 
of complex network structures as a sequential 
superposition of new elements (graph vertices and 
edges) over previous ones, starting with a simple 
primitive graph with three vertices. This makes the 
graph vertex/edge identifiers arranged into logically 
coherent mathematical forms, available for 
combinatorial analysis and formal description. 

This property of the normalized network-graph 

model allows formalizing a key part of the 

optimization problem – constructing the shortest 

paths-searching tree (SPST) – with the use of AI. 

Besides, its generic scalable architecture provides a 

uniform presentation of a large diversity of network 

frameworks with backward hierarchical 

compatibility, i.e., a large-scale model is valid for all 

the less complex cases. Therefore, an AI-aided 

parametric SPST(V) pre-design is possible for any 
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given number of V to be stored in SDN controller 

memory. So, the intricate Maxflow problem (MFP+) 

is reduced to a simple algorithm that is faster and 

easier compared to conventional approaches. 

8 CONCLUSIONS 

This study demonstrates several key achievements in 
solving the extended Maxflow problem for software-
defined networks. The MFP+ approach 
simultaneously addresses three critical tasks: 
maximum flow value determination, optimal flow 
distribution across ST-paths, and minimal ST-cut 
identification for bottleneck detection, whereas 
conventional methods address only the first. 

The proposed bidirectional flow model eliminates 
the inefficiency of traditional unidirectional arc 
representations through flexible capacity allocation in 
both directions, enabling improved channel resource 
utilization. Recursive graph normalization transforms 
complex network topologies into mathematically 
coherent structures, enabling AI-aided SPST 
construction and reducing computational complexity 
to O[1+(V-2)²]. 

The generic hierarchical compatibility ensures 
applicability across network scales, from simple 
three-vertex primitives to large-scale infrastructures. 
Pre-computed SPST(V) configurations can be stored 
in SDN controller memory, significantly reducing 
runtime overhead and enabling efficient dynamic 
resource allocation. 

The practical implications include faster decision-
making in SDN resource management, reduced 
computational load on network controllers, improved 
QoS for reconfigurable telecommunication channels, 
and enhanced network functionality through 
bidirectional capacity optimization. 

Future research directions include large-scale 
experimental validation, integration with machine 
learning for adaptive optimization, extension to 
multi-commodity flow scenarios, and investigation of 
fault-tolerance and resilience mechanisms within the 
NBPG framework. 
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