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Abstract

The Trans-Caspian International Transport Route (TITR) is
a strategically vital corridor linking Asia and Europe, yet
its performance remains constrained by fragmented tariff
regimes, logistical bottlenecks, and pronounced commodity
price volatility. These pressures are further exacerbated by
geopolitical shocks, including the ongoing crisis in the Mid-
dle East that has culminated in the sudden closure of the Strait
of Hormuz, thereby amplifying uncertainty across global
trade networks. This paper characterizes the operational dy-
namics of the TITR corridor as a multi-agent stochastic
differential game, capturing the strategic interplay between
sovereign governments seeking to maximize fiscal revenues
and private carriers striving to optimize profit and throughput.
To compute the Nash equilibrium in this high-dimensional,
non-convex setting, we implement a Multi-Agent Deep De-
terministic Policy Gradient (MADDPG) framework. Com-
modity prices are modeled using a geometric mean-reversion
process to reflect realistic market fluctuations. Solving the
associated Hamilton-Jacobi-Isaacs (HJI) equations reveals
optimal “bang-bang” tax policies governed by endogenous
price thresholds. Numerical simulations over 5,000 training
episodes show that the centralized critic accurately approx-
imates the agents’ Hamiltonians, delivering stable conver-
gence and robust policy learning. The results demonstrate that
agents internalize volatility through shadow pricing mecha-
nisms and that dynamic, threshold-based tax strategies sub-
stantially improve corridor throughput while preserving fis-
cal stability. Overall, the study advances the literature on au-
tonomous logistics and strategic infrastructure management
by showing that MADDPG can reliably uncover discontinu-
ous optimal policies in mixed competitive-cooperative envi-
ronments.

Code — https://github.com/kabruge916/kamdem-
cherche.github.io/blob/main/ga-theo_marl_trans_corri.py

Introduction

As this manuscript reaches completion, the Middle East is
experiencing its most severe escalation in over four decades,
marked in particular by the closure of the Strait of Hormuz.
In this environment, the Trans-Caspian International Trans-
port Route (TITR), widely known as the “Middle Corridor”
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has emerged as a critical logistical artery linking the con-
tainerized rail freight networks of the People’s Republic of
China and the European Union via Central Asia, the Cau-
casus, Tirkiye, and Eastern Europe (Loganathan and Chin-
naraju 2026) (Frederic, Huang, and Mao 2021). Historically
operating on a north-south axis, the geopolitical imperatives
following the intensification of the Russo-Ukrainian war in
2022 forced a rapid strategic pivot toward east-west tran-
sit, bypassing traditional routes through Russia (Loganathan
and Chinnaraju 2026). However, the corridor’s potential is
severely constrained by systemic fragmentation and volatil-
ity. As noted by World Bank analyses, up to 40% of trans-
port time is lost to administrative barriers, fragmented tar-
iff policies, and a lack of digitalization at border crossings
(Loganathan and Chinnaraju 2026). Furthermore, the route
faces logistical bottlenecks in the Caspian Sea, largely due
to inefficient gateway infrastructure and limited vessel ca-
pacity.

In this paper, we characterize the logistical dynamics of
the TITR as a stochastic differential game, where sovereign
government agents seek to maximize tax revenue and corri-
dor efficiency while private carrier agents aim to maximize
throughput and profit under stochastic commodity price fluc-
tuations (Lowe et al. 2017) . Traditional optimization tech-
niques, such as linear programming, struggle to handle the
high-dimensional state spaces and dynamic interaction be-
haviors inherent in complex logistics networks. To address
this, Multi-Agent Deep Reinforcement Learning (MARL)
has emerged as a robust paradigm (Liang et al. 2025).
MARL allows agents to learn adaptive coordination policies
through decentralized execution of policies developed dur-
ing centralized training (Lowe et al. 2017). Specifically, the
Multi-Agent Deep Deterministic Policy Gradient (MAD-
DPG) algorithm has shown efficacy in mixed cooperative-
competitive environments by allowing decentralized actors
to learn from centralized critics that possess global informa-
tion .

Accurately modeling commodity price fluctuations is crit-
ical for logistical planning. While Geometric Brownian Mo-
tion (GBM) has traditionally been used for its tractabil-
ity, it assumes unbounded price growth, which is econom-
ically implausible (Hazrat 2025). Empirical evidence sug-
gests that commodity prices exhibit mean-reverting tenden-
cies, where prices tend to revert toward a long-term mean.



Therefore, a Geometric Mean-Reversion (GMR) process is
more suitable for modeling the stochastic environment of
the TITR, forcing agents to explore strategies across dif-
ferent regimes of price volatility. The interaction between
governments and carriers frequently results in a discontinu-
ous, or “Bang-Bang,” control policy, where optimal strate-
gies switch sharply based on price thresholds. Finding these
thresholds analytically is difficult; however, MARL enables
agents to autonomously discover these optimal thresholds
(Nash Equilibrium) through continuous training and inter-
action .

In this research, we implement a MADDPG framework
to simulate the logistical and fiscal dynamics of the TITR
corridor. The objective is to identify the optimal tax and
freight policies that maximize logistical efficiency while en-
suring fiscal balance for sovereign states in a volatile mar-
ket. We make three principal contributions. First, we model
the Trans-Caspian International Transport Route (TITR) as
a mixed competitive-cooperative differential game under
stochastic commodity price dynamics, capturing the strate-
gic interaction between public and private actors in an un-
certain environment. Second, we implements a Multi-Agent
Deep Deterministic Policy Gradient (MADDPG) architec-
ture to compute the Nash equilibrium policies governing the
behavior of government and carrier agents. Third, we show
that the framework endogenously uncovers optimal “bang-
bang” tax regimes, with fiscal adjustments triggered by crit-
ical commodity price thresholds.

The remainder of this paper is structured as follows. In
Section 2, we formally define the logistical optimization
problem. Section 3 outlines the MADDPG methodology
used to solve this complex game. In Section 4, we present
the numerical simulation results, followed by a discussion
of our findings and their associated policy implications in
Section 5. Finally, Section 6 concludes the paper, while Sec-
tion 7 discusses avenues for future work.

Problem Definition

In this section, we formalize the decision-making pro-
cess within the Trans-Caspian International Transport Route
(TITR) as a Multi-Agent Reinforcement Learning (MARL)
problem. By transitioning from a traditional differential
game to a computational framework, we leverage the Multi-
Agent Deep Deterministic Policy Gradient (MADDPG) al-
gorithm to resolve the strategic interdependencies between
sovereign governments and transportation carriers. For addi-
tional background, see our recent paper Kamdem and Jafari
(2026), where the dynamics governing our stochastic differ-
ential game are specified as follows:

ax(t) = X(1) (H(M . lnX(t))dt + adW(t))

dYy(t)
X(s)

= —U, dl
=, Yk(s) =Yk > 07
0<s<t<

k=1,...,M,

ey
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Agent Formulation

We  define a set of agents A =
{Py,. s Py, Py,...., Py, }.  Government  Agents
(Py,, 1 1,...,N) seek to optimize fiscal policy
through the tax rate w, € [u,,%,]. Carrier Agents
(P, k=1,..., M) seek to optimize operational net profit
through the freight rate u., € [u,, ,%Uc,].

We define the State Space (S) as the environment state
s¢ € S at time t. It provides the necessary information for
agents to approximate the Hamiltonians (see Kamdem and
Jafari 2026, Section, 1.6). The state vector is composed
of: (1)Global Exogenous State: The commodity price X (¢),
evolves according to the geometric mean-reverting process.
(2)Local Endogenous States: The cumulative distances trav-
eled Yy (t) € [0, K] for each carrier k, represent the phys-
ical progress and remaining capacity of the corridor seg-
ments. (3)Geopolitical Context: The risk parameters P, (t)
and Iy, (t), which influence the cost functions C,, (see
Kamdem and Jafari 2026, Section, 1.4).

In essence, MADDPG employs a dedicated actor network
for each agent ¢ € {4, k} to generate a deterministic policy
g, (s¢). This approach facilitates the high-precision rate ad-
justments necessary to converge toward a Nash Equilibrium.
To account for the continuous nature of the control variables,
we define the action space A as follows:

* llg(t) = (ugl(t)" . .,UgN(t))E HU i
* uC(t) = (UC1 (t)v' .- 7UCM(t))€ HUCk

Reward Mapping (R)

To ensure that the agents’ objectives remain aligned with the
stochastic differential game (Kamdem and Jafari 2026), we
decompose the payoff functionals J; and Jj, into the follow-
ing instantaneous reward signals 7;:

* For Governments %:

M
rou(®) = Y [0, (OPE) + 1Y ()| -
k=1
Cmaint(K), izl,...,N

* For Carriers k:

e (1) = (1= g, ()0 X (Dt ()

~(ChYa®) + Ch (X O]k =1,.... M

Transition Dynamics and Equilibrium

The transition probability P(s:y1|s¢,uq,u.) is governed
by the system of SDEs in (1). Within this context, the
MARL framework identifies the Feedback Nash Equilib-
rium (uy, u?) by utilizing the Centralized Training, Decen-
tralized Execution (CTDE) paradigm (Lowe et al. 2017).
This approach mitigates the ‘non-stationarity’ inherent in
multi-agent environments where agents learn simultane-
ously. Under CTDE, the centralized critic for each agent
v € {i,k} explicitly incorporates the actions of all other



agents (u_,), thereby directly addressing the strategic cou-
pling and the interdependencies defined in the HJI equations.
This allows the agents to learn the threshold & and the result-
ing “Bang-Bang” behavior! derived in Kamdem and Jafari
(2026, Theorem, 3.1) without requiring a closed-form solu-
tion for the value functions V; and V.

Stochastic
Driving Force

Price X ()
(Mean reversion)

Mean Reversion
to u = 100

Low Tax Regime
Optimize for High
Throughput (gg)

High Tax Regime
Maximize u,
to cover Craint

Carriers lower
freight rates
by ~ 12%

Increased Corri-
dor Throughput

Carriers opti-
mize u,, for
Post-Tax Profit

Geopolitical Shock

Episode 3,000: Spike o

Govt reverts to i,
(Secure Revenue)

Result: MAD-
DPG agents pri-
oritize survival

Figure 1: Logic Flow of the TITR Fiscal Strategy and Carrier
Response

MADDPG Methodology

To solve the multi-agent game defined in the previous sec-
tion, we implement a Centralized Training, Decentralized
Execution (CTDE) architecture (Lowe et al. 2017). This ap-
proach allows agents (Governments and Carriers) to lever-
age global information during the learning phase while
maintaining operational autonomy during execution, mirror-
ing the real-world constraints of the TITR corridor. See Ta-
ble 1 for information regarding the main variables.

Network Architecture

To implement the above capability effectively, we use a spe-
cific architectural approach within which each agent, includ-
ing government entities and carrier firms, uses a dual neu-

'The Bang-Bang behavior occurs if control variables u, or u,
appear linearly in the Hamiltonian. If the “strategic coupling” in the
game results in a linear control architecture, the agents will natu-
rally adopt a policy of switching between maximum and minimum
effort rather than finding a “middle ground” (Bellman 1963).
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Category Variable Description

System States X(t) Commodity price (Stochastic process)

Yi(t) Progress/Distance of carrier k

S(t) Joint state vector: {X (¢), Y1(t),...,Ya(t)}
Control Variables  ug, (t) Tax rate set by government agent %
(Actions) U, (£) Freight rate set by carrier agent k

a; Joint action vector: {ug, , ..., Uc,, }
Environment 0, 1,0 Mean reversion parameters for price X (t)
Parameters aw Wiener process (Stochastic noise)

Clnaint Fixed maintenance cost for government

Cyeo Geopolitical risk cost for carrier
Rewards T, Instantaneous payoff for government i

Teg Instantaneous payoff for carrier k

II,,, 1.,  Total accumulated payoff functionals
MADDPG Tgr Actor network (Policy)
Networks Qo Centralized Critic network (Value function)

B Experience Replay Buffer

S Minibatch size

y Discount factor

T Target network soft update rate
Game Theory T Emergent switching threshold (Nash Eq.)

Ug, U, Upper and lower bounds of tax control

Table 1: Variables and Parameters in MADDPG TITR Im-
plementation

ral network architecture to facilitate both localized decision-
making and centralized learning. The Actor Network (7;)
operates as a deterministic policy network, mapping an
agent’s local observations (0;), such as the current commod-
ity price or local risk levels, directly to a continuous action
(a;). The latter represents specific control variables, namely
the tax rate (ugy,) for governments or the freight rate (u.,)
for carriers. To ensure these actions remain physically and
economically realistic, the Actor Network is structured as a
3-layer Multi-Layer Perceptron (MLP) featuring hidden lay-
ers of 128 and 64 neurons activated by ReLL.U functions. At
the same time, the output layer employs a Sigmoid activation
function to strictly bound the actions within their admissible
set [0, @]. Conversely, the Critic Network (Q;) functions as
a centralized value-function approximator designed to eval-
uate agent ¢’s performance by considering not just local in-
formation, but the global context. Unlike the actor, the critic
is trained using the joint state of the environment (x) and
the combined actions of all players (a = (a;,a—;)). This
structure allows the critic to account for the competitive or
cooperative coupling between agents, effectively addressing
the non-stationarity of the environment from the perspective
of an individual agent. To handle this high-dimensional joint
action space effectively, the Critic Network is implemented
as a 4-layer MLP that takes the concatenation of all agents’
observations and actions as input to produce a robust value
estimation.

Learning and Optimization

The agents learn to converge toward a Nash equilibrium by
minimizing two distinct loss functions derived from the un-
derlying Hamilton-Jacobi-Isaacs (HJI) equations governing
this differential game Kamdem and Jafari (see 2026). First,
the Critic Update involves training the centralized value-



function approximator, Q¥ 2, to accurately evaluate the ex-
pected return for agent ¢ given the joint state x and the ac-
tions of all players. This is achieved by minimizing the Mean
Squared Error (MSE) between the current critic evaluation
and the target value, y, which is defined by the immediate
reward r; plus the discounted value of the next state, x/,
as estimated by target critic networks. This loss formulation
directly replicates the recursive structure of the value func-
tions, V; and V}, essential for solving the differential game.
Second, the Actor Update is performed using the sampled
policy gradient, which directs each agent’s policy, ;(0;), to
choose actions a; such as tax or freight rates, that maximize
the centralized critic’s evaluation, Q;. By taking the gradient
of the actor with respect to its parameters and multiplying it
by the gradient of the critic with respect to the action, the ac-
tor is pushed to choose rates that constitute the best response
to the actions of the other players, u_,, thereby seeking and
achieving a Nash equilibrium policy.

Simulation & Exploration Strategy

To ensure the multi-agent system converges toward the ana-
Iytical bang-bang threshold 2, we adopt some specific train-
ing hyperparameters. The latter are summarized in Table 2.

Category Variable/Param  Description
System States X(t) Commodity price (Stochastic process)
Yi(t) Progress/Distance of carrier k
S(t) Joint state vector: {X (¢),Y1(t),....Ya(t)}
Control Variables u,, (t) Tax rate set by government agent ¢
(Actions) U, (1) Freight rate set by carrier agent k
a; Joint action vector: {ug, , ..., Uc,, }
MADDPG Adam Optimizer for network weights

Learning rate (1 x 10~%)

¥ Discount factor (¢~ "A%)

B Experience Replay Buffer size (106)
-

z

Hyperparameters «

Target network soft update rate (0.01)

Game Theory Emergent switching threshold (Nash Eq.)

Table 2: Hyperparameters and Variables in MADDPG TITR
Implementation

Because the optimal tax policy is defined by discontin-
uous “Bang-Bang” behavior, robust exploration is critical
for the agents to learn effective strategies. To facilitate this,
Ornstein-Uhlenbeck (OU) Noise is added to the actor’s out-
put. This specific noise process is chosen for its mean-
reverting property, which mimics the underlying dynamics
of the commodity price X (¢), thereby forcing agents to ex-
plore actions across different regimes defined by the price
threshold.

Numerical Results

In this section, we present the results of our MADDPG sim-
ulation for the Trans-Caspian International Transport Route
(TITR). The results demonstrate how the autonomous agents

2While we use Q! and Qo interchangeably to describe the
centralized critic, note that they represent distinct aspects of the
same network: Q' denotes the mathematical function evaluating
agent 4’s value under the joint policy u, whereas QQyq refers to the
actual neural network approximation parameterized by weights <.
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Algorithm 1: MADDPG Training for TITR Corridor Opti-
mization

Inputs: Initialize Critic networks Qg,, @, and Actor net-
works 7, , 7, with random weights 6%, ™. Initialize
target networks ', 7’ with weights 69" <« 69,67 +
6™ . Initialize replay buffer B.

1: for episode = 1 to MaxEpisodes do

2: Receive initial state S0 =
(X(O)v Y1<O)a A YJ\l(O))

3: for t = 1 to MaxTime do

4: For each government 14, select tax action ug, =
g, (0g,) + N (exploration noise)

5: For each carrier £, select freight action u., =
7TCk (Ock) + M

6: Execute joint actions a; = (ug,, . .., Uc,, ), Ob-

serve rewards ry = (7g,,...,7c,,) and new state s

7 Store transition (8¢, az, Iy, S¢+1) in B
8: St < Sta1
9: for agent: € {g1,...,cm} do
10: Sample random minibatch of S transitions
from B
11: Set  target Yo = r,  +
QU (5141, (0 ), (0L))
12: Update Critic by minimizing MSE Loss:
L(QQ[) = % Z(yb - QL(Sta ala e 7a1’1))2
13: Update Actor using sampled policy gradient:
14: V()m J ~
% Z V. TrL(OL)VaLQL(St) Ay, -, an) a,=m,(0,)
15: end for
16: Update target networks: 2" < 794(1—7)0<’
and 0™ «— 70" + (1 — 7)0™
17: end for
18: end for

(Governments and Carriers) converge toward the theoreti-
cal Nash Equilibrium and effectively discover the switching
threshold 2 under stochastic conditions.

Convergence of Value Functions and “Bang-Bang”
Tax Policy

The centralized critics for both the government and carrier
agents demonstrate steady convergence over 5,000 train-
ing episodes, with loss functions stabilizing as they accu-
rately approximate the Hamiltonians H; and Hj. This nu-
merical stability confirms that the agents have successfully
learned the shadow prices (A; and Ay,) relative to the mean-
reverting commodity price X (¢). One of our primary objec-
tives was to verify if the government agents would indepen-
dently adopt the optimal control law derived in Kamdem and
Jafari (2026, Theorem, 3.1). Our finding confirms this: As
the agents consistently maintain the maximum tax rate, g,
at low commodity prices (z < ) to offset fixed maintenance
costs, Chaini. However, upon crossing the calculated thresh-
old,  ~ 85.4 USD/unit, the agents exhibit a sharp transition
to the lower tax rate, u , illustrating an emergent Bang-Bang
control logic (see Table 3). As shown in Figure 2, the learned
tax policy, u4(t), exhibits a distinct vertical break at a crit-



ical threshold, £ ~ 85.0 USD/unit, illustrating an emergent
Bang-Bang control logic. When commodity prices are be-

Price Regime Theoretical Optimal | MADDPG Learned
(ug.) Policy

Below Threshold (z < | 7, (Max) 0.248 ~ 0.25

)

Above Threshold (z > U, (Min) 0.052 =~ 0.05

@)

Table 3: Comparison of theoretical optimal tax policy and
MADDPG learned policy across different price regimes.

low the threshold (x < ), the agent applies a high tax rate,
g4, to secure necessary fiscal revenue to cover fixed mainte-
nance costs, Ciyaine, despite low transit volumes. Conversely,
when prices exceed the threshold (x > ), the policy drops
sharply to a low tax rate, u . This behavior is economically
rational in that the agent recognizes that at higher prices,
maximizing corridor throughput maximizes the overall pay-
off functional, J;. Therefore, by reducing taxes to incen-
tivize freight flow, the MADDPG agents have discovered the
optimal strategy for maintaining corridor equilibrium under
uncertainty.

Carrier Response and Freight Rate Sensitivity

The carriers’ learned strategy for wu., aligns with an in-
verse relationship to the tax rate, as they increased freight
rates during periods of high geopolitical risk (Cgc,) to main-
tain profit margins by passing risk costs to cargo own-
ers. A key finding is that when the government switched
to the lower tax rate Ug, the carriers responded by lower-
ing freight rates by roughly 12%, which triggered an in-
crease in the corridor throughput. Furthermore, to test the
resilience of the Nash Equilibrium, geopolitical shocks were
introduced by spiking the volatility o at episode 3,000. In
this scenario, government agents temporarily reverted to the
high-tax regime (%) even at higher prices, to secure rev-
enue against potential volume drops, while carriers opti-
mized their u., to maximize the “Post-Tax Profit” func-
tional. This demonstrates that the MADDPG agents prior-
itize survival over aggressive profit-taking during high-risk
intervals. Figure 3 illustrates the realization of the commod-
ity price X (t) over time, acting as the driving stochastic
force in the Trans-Caspian International Transport Route
(TITR). The price path clearly demonstrates the character-
istics of a mean-reverting process, specifically following a
Geometric Ornstein-Uhlenbeck model. The price fluctuates
around the long-term mean g = 100, demonstrating “mem-
ory” where the price tends to pull back toward this average
after significant deviations. The graph also visualizes the in-
teraction between these price dynamics and the derived Nash
Equilibrium threshold Z, marked by the red dashed line at
85.4 USD/unit. When the simulated price X (¢) drops be-
low this line, the environment enters the “High Tax Regime”
(z < ), indicating a period where government agents must
maximize tax rates to cover fixed maintenance costs Chaint
despite lower market value. See Figure 1 for the complete
framework.
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Conversely, when the price rises above the threshold, the
system shifts to a “Low Tax Regime”, optimizing for higher
throughput by allowing carriers to keep more profit. The
graph further shows that the corridor’s fiscal strategy is not
static, but rather a dynamic response to the volatility of the
underlying commodity price. The full code implementation
is available in our GitHub page, and the corresponding algo-
rithmic workflow is presented in Algorithm 1.

Discussion and Policy Implications

We show that the strategic resilience of the Trans-Caspian
International Transport Route (TITR) is governed by the in-
teraction between sovereign fiscal instruments and private-
sector operational flexibility. By solving the stochastic dif-
ferential game with Multi-Agent Deep Deterministic Policy
Gradient (MADDPG), we move beyond static equilibrium
analysis to develop a dynamic and adaptive modeling frame-
work. This approach captures the real-time complexities of
global trade in 2026 and anticipates the forward-looking im-
plications of the current closure of the Strait of Hormuz
amid escalating geopolitical tensions in the Middle East.
The numerical simulation validates the analytical model: the
switching threshold Z is not just an abstraction but an emer-
gent property of optimal multi-agent interaction. The TITR
corridor reaches its highest total payoff when governments
act as price-sensitive stabilizers and carriers act as flexible
operators. Based on the emergent behaviors observed in our
numerical simulation, we propose the following for TITR
stakeholders. For governments in Kazakhstan, Azerbaijan,
and Georgia, shifting from fixed annual tariffs to a threshold-
based tax regime is crucial. Our model shows that reducing
taxes when commodity prices X (t) exceed the calculated
threshold z prevents “corridor desertion” and maximizes
long-term revenue through increased volume. Moreover, de-
ploying a Unified Digital Logistics Platform by late 2026
is essential to alleviating the bottlenecks our reinforcement
learning agents identify as primary constraints on corridor
throughput. For logistics firms and carriers, survival hinges
on adopting Al-driven, risk-based freight pricing. Freight
rates must be dynamically calibrated to geopolitical friction
signals, such as Caspian Sea level volatility or shifting se-
curity conditions, to preserve profitability and sustain oper-
ational flow.

Conclusion

As of Q1 2026, the Middle Corridor has matured from a
mere alternative transit route into a robust Network for Eco-
nomic Autonomy. The integration of substantial investments
for rail upgrades and the harmonization of regional stan-
dards suggest that the corridor is hitting its “Infrastructure
Ceiling”. Consequently, future growth will not come from
more tracks alone, but from the algorithmic coordination
of tax and operational policies modeled in this paper. The
“Bang-Bang” control strategy identified serves as a theoret-
ical lighthouse for policymakers, proving that in the face of
2026’s geopolitical entropy, the most resilient strategy is one
that is both predictable in its logic and flexible in its execu-
tion.
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Future Work

While the current MADDPG framework successfully opti-
mizes for profit and logistical speed, the future of the Trans-
Caspian International Transport Route (TITR) depends on
integrating sustainability metrics into the agent reward struc-
tures. To align with the European Union’s Global Gateway
initiative and the commitment to harmonize customs pro-
cedures and sustainable approaches in logistics (as of early
2026), future work will focus on expanding the differential
game to include environmental variables. The integration of
carbon pricing will necessitate augmenting the cost function
Ck_ to include a “Carbon Cost” term, which represents a
function of the freight rate, representing speed and fuel effi-
ciency, and the distance covered.

References

Bellman, R. E. 1963. A Bang-Bang Control Problem. Amer-
ican Mathematical Society, Quarterly of Applied Mathemat-
ics, 21(2): 159-161.

Frederic, D.; Huang, H.; and Mao, C. 2021. The Challenges
Faced on Transit Transport Corridors by Landlocked Coun-
tries in Central Africa: Literature Review. Open Journal of
Applied Sciences, 11(1).

Hazrat, A. 2025. Key Problems in the Development of
Transport Corridors in Central Asia and Ways to Solve
Them. American Journal of Interdisciplinary Research and
Development, 44.

Kamdem, B. G.; and Jafari, N. 2026. A Differential Game of
Profit-Sharing in Multinational Transport Corridors: Strate-
gic Interactions between Governments and Transportation
Firms. Working Paper.

Liang, J.; Miao, H.; Li, K.; Tan, J.; Wang, X.; Luo, R.; and
Jiang, Y. 2025. A Review of Multi-Agent Reinforcement
Learning Algorithms. Electronics, 14(4): 820.

Loganathan, K. A.; and Chinnaraju, A. 2026. Intelligent
Multi-Agent Reinforcement Learning Architectures for Co-
ordinated Autonomous Logistics and Real-Time Network
Optimization. International Journal of Research and Inno-
vation in Social Science, 10(1): 2666-2742.

Lowe, R.; Wu, Y.; Tamar, A.; Harb, J.; Abbeel, P.; and
Mordatch, I. 2017. Multi-Agent Actor-Critic for Mixed
Cooperative-Competitive Environments. Advances in Neu-
ral Information Processing Systems, 30: 6379-6390.

185



