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Abstract

Resource allocation exhibits systematic divergence across heterogeneous time horizons,
which aggregate measures fail to capture. This paper models allocation as a multi-
component dynamic system composed of three coupled mechanisms: long-term accu-
mulation, short-cycle response, and phase stabilization. A dual-horizon framework is
developed to integrate finite-horizon local adjustment with infinite-horizon path evolution.
The results show that system dynamics are governed by the coupling of these mechanisms
under a shared resource constraint, which endogenously generates a unified adjustment
signal and redistributes marginal resources across components. This process jointly deter-
mines short-term deviation correction, structural stabilization, and long-term equilibrium
formation. Equilibrium is therefore characterized as an emergent system state shaped by
intertemporal feedback and dynamic interactions. Numerical simulations further illustrate
the dynamic adjustment paths and confirm the theoretical mechanisms. The framework
provides a system-level explanation for divergent findings by showing how structural de-
composition reveals heterogeneous mechanisms obscured under aggregate representations.

Keywords: structural decomposition; coupled dynamics; resource allocation; multi-horizon
systems; emergent equilibrium

1. Introduction
Resource allocation in organizations is not a one-time decision but an evolving process

spanning multiple time horizons and heterogeneous instruments [1]. These allocation
choices are continuously influenced by external economic conditions, market environ-
ments, and internal adjustment pressures, leading organizations to revise their allocation
structures over time. Resource allocation systems often exhibit divergent outcomes when
heterogeneous components are represented through aggregate measures. Such aggrega-
tion conceals structural differences in how components contribute to system adjustment,
leading to inconsistent patterns that cannot be reconciled within a unified framework.
This limitation becomes particularly evident when allocation processes involve multiple
temporal dimensions, as interactions across different adjustment scales generate complex
system behavior. These considerations highlight the need to examine resource allocation as
a dynamic, multi-dimensional decision system rather than a static outcome, and to analyze
allocation behavior from the perspective of structural heterogeneity and feedback-driven
adjustment mechanisms.

The proposed framework integrates structural decomposition with a multi-horizon
representation to capture how the resource allocation system operates across both compo-
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nent and temporal dimensions. The decomposition distinguishes the functional roles of
different components in system adjustment, while the multi-horizon structure captures
how these roles unfold over time. Rather than being defined by a single dimension, the
decomposition is grounded in differences in response timing, persistence, and transmission
across states. These dimensions are not linearly additive, and their interactions may gener-
ate amplification, crowding-out, or corrective effects under non-equilibrium conditions [2],
thereby jointly determining system adjustment paths and eventual stability. These dimen-
sions simultaneously define the classification of components and their evolution across
time horizons. By integrating structural differentiation with temporal organization, the
framework provides a unified representation in which heterogeneous mechanisms can be
traced along adjustment paths, enabling the identification of distinct dynamic processes
and their interactions in shaping system outcomes.

Research on resource allocation has increasingly adopted system-oriented perspec-
tives, particularly emphasizing interaction, feedback, and dynamic adjustment [3]. These
approaches often model allocation processes as interconnected structures, capturing deci-
sion evolution through state transitions and feedback-driven system behavior over time.
These contributions provide important insights into the dynamic nature of allocation and
highlight the interdependence among decision components. However, even within system-
based approaches, resource allocation is often represented at an aggregate level or through
simplified structural distinctions that fail to capture differences in adjustment roles. As
a result, heterogeneous mechanisms are often only partially captured or implicitly em-
bedded, limiting the ability to trace how distinct processes propagate and interact within
the system [4]. This limitation becomes more pronounced when allocation unfolds across
multiple time horizons, where short-term responses, stabilization processes, and cumu-
lative effects operate simultaneously without being explicitly differentiated. In parallel,
most studies rely on static or single-period optimization frameworks or focus on partial
decision processes under given constraints. While these studies offer valuable insights into
allocation efficiency and behavioral responses, they often yield divergent conclusions in
complex settings, reflecting the underlying heterogeneity that remains unmodeled. Taken
together, existing approaches provide important but fragmented insights, lacking a unified
representation that integrates structural differentiation with intertemporal dynamics. This
gap motivates the development of a system-level framework capable of capturing how
heterogeneous mechanisms interact and evolve across multiple time horizons to shape
system outcomes.

This study develops a unified analytical framework that integrates structural decom-
position, multi-horizon modeling, and equilibrium formation within a single system archi-
tecture. The framework decomposes resource allocation into heterogeneous components
defined by their adjustment roles, and embeds these components within a dual-horizon
structure that distinguishes bounded local coordination from intertemporal path formation.
This model connects component-level heterogeneity with system-level dynamics.

Within this framework, system evolution emerges from the interaction of multiple
mechanisms rather than any single driver. These mechanisms are coupled across temporal
dimensions, jointly shaping system dynamics. Under resource constraints and return
structures, the system endogenously generates a unified constraint signal that governs
marginal allocation and regulates adjustment direction and intensity across components.
This coordination mechanism induces a sequential adjustment process in which short-term
deviations are corrected, medium-term stability is maintained, and long-term trajectories
gradually emerge. As a result, equilibrium is no longer a static allocation outcome at a
given point in time, but an emergent system state arising from dynamic interactions and
intertemporal feedback.
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2. Literature Review
2.1. System-Oriented Resource Allocation

Research on resource allocation has increasingly shifted toward system-oriented anal-
ysis, in which allocation is viewed not as an isolated decision problem but as a dynamic
process embedded in a structured environment [5]. This process is not a simple aggrega-
tion of isolated choices, rather, it constitutes a resource allocation system characterized by
internal structure, decision rules, and temporal evolution [6], such as financial constraints,
governance mechanisms, and market environments [7]. Its outcomes are jointly shaped
by internal organizational mechanisms and external information conditions [8]. Within
this perspective, resource allocation is shaped by state transitions, interdependence among
decision components, and feedback mechanisms that connect current decisions to future
system evolution.

Operations research and management science provide a rigorous methodological
foundation for this approach. In this literature, resource allocation is typically modeled
as a sequential decision problem under constraints [9], using tools such as dynamic pro-
gramming, stochastic control, and online learning algorithms [10]. A central finding is
that allocation decisions are inherently interdependent: the marginal value of allocating
resources to a given component depends not only on its own payoff, but also on its interac-
tion with other components within the system [11]. For example, studies on multi-category
platform allocation show that optimal policies cannot be decomposed into independent
decisions across categories, but must account for cross-category and cross-side effects [9].
This implies that resource allocation outcomes are determined by the joint configuration of
the system rather than by isolated marginal evaluations.

Building on this foundation, another stream of research emphasizes information
processing, learning, and behavioral adaptation in dynamic resource allocation [8]. These
studies show that allocation performance depends on how decision-makers update beliefs,
decompose complex problems, and adjust strategies over time. Experimental evidence
suggests that effective allocation requires structuring decisions across stages rather than
optimizing each stage independently. This perspective highlights that resource allocation
is not only an optimization problem, but also a coordination problem across time.

Complementary to these approaches, system dynamics research focuses on feedback
structures, delays, and nonlinear interactions. Instead of deriving closed-form optimal
solutions, these studies analyze how allocation decisions propagate through feedback loops
and accumulate into long-term system outcomes. A key insight is that allocation results are
often emergent properties of the system, shaped by internal structures such as feedback
and path dependence rather than by single-period decision rules.

Taken together, existing system-oriented studies provide three key insights. First,
resource allocation should be understood as a dynamic and evolving process rather than
a static outcome. Second, allocation decisions are shaped by interdependence across
components, rather than by isolated marginal contributions. Third, feedback and state
transitions play a central role in determining how allocation outcomes evolve over time.

However, despite these advances, an important limitation remains. Most existing
studies focus on decision rules, optimization performance, or simulation outcomes, while
paying relatively limited attention to how heterogeneous components should be structurally
decomposed according to their adjustment roles. Moreover, although dynamic allocation
studies recognize the importance of time, they typically treat temporal dynamics as a single
continuous dimension without distinguishing between bounded local adjustment and long-
run path formation. This leaves a gap for a framework that explicitly integrates structural
decomposition with multi-horizon dynamics within a unified system representation.
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2.2. Structural Heterogeneity in Corporate Investment Decision Systems

A growing body of research suggests that resource allocation systems are inherently
heterogeneous, consisting of multiple components that differ in their functional roles,
response characteristics, and dynamic contributions [12]. Rather than operating as a
homogeneous aggregate, allocation systems are structured compositions in which differ-
ent components perform distinct functions within the overall adjustment process [13].
These differences imply that allocation outcomes depend not only on the total volume of
resources but also on how resources are distributed among structurally heterogeneous
components [14]. For example, short-term assets typically feature higher liquidity and
faster return realization [15], whereas long-term assets involve delayed returns and greater
persistence, with returns released gradually through intertemporal accumulation. These
differences generate distinct allocation incentives and adjustment patterns [16,17].

In system-oriented studies, heterogeneity is often reflected in differences in how
components respond to external inputs, how their effects persist over time, and how they
interact with other components [18,19]. For example, dynamic resource allocation research
in operations and management science shows that allocation decisions across multiple
components are interdependent and cannot be optimized independently. The effectiveness
of allocating resources to one component depends on how that decision influences the state
and behavior of other components [20], implying that system outcomes are determined by
the configuration of interactions rather than isolated contributions [21]. At the same time,
existing research indicates that mismatches within internal structures may lead to resource
misallocation or inefficient allocation [17], suggesting that structural configuration itself
plays a decisive role in shaping system outcomes [22].

Similarly, system dynamics research emphasizes that components within a system may
exhibit fundamentally different adjustment patterns. Some components respond rapidly to
changes in system conditions but generate only short-lived effects [15], while others adjust
more slowly but produce persistent impacts through accumulation and feedback processes.
These differences imply that system behavior is shaped not only by the magnitude of
allocation but also by the structural roles that different components play in transmitting
and transforming adjustment signals.

Despite recognizing the importance of heterogeneity, most existing studies treat it as a
descriptive feature rather than a structural mechanism. Components are often categorized
or compared, but their interactions are not explicitly modeled within a unified system
framework [23]. In particular, limited attention is paid to how heterogeneous components
jointly determine system dynamics through coupled adjustment processes. This limitation
suggests that structural heterogeneity should be understood as a core system property,
reflecting differences in adjustment roles, interaction patterns, and dynamic effects across
components. A system-level perspective therefore requires not only distinguishing compo-
nents but also modeling how their structural differences shape the evolution of the system
as a whole.

2.3. Multi-Horizon Dynamics as a System Property

Another important strand of literature emphasizes that resource allocation unfolds
across multiple temporal dimensions and should be understood as a time-structured system
rather than a single-period decision process [9]. In this perspective, time is not merely an
index of decision stages, but a fundamental dimension that shapes how allocation mecha-
nisms operate and interact [24]. Traditional intertemporal investment models primarily
focus on determining the optimal allocation of resources within a given time horizon
under specified constraints, emphasizing equilibrium outcomes rather than the underlying
adjustment process [25].
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In operations research and dynamic allocation studies, time is typically incorporated
through sequential decision models, where allocation decisions are made under evolving
system states and future consequences are explicitly considered [26]. These studies show
that optimal allocation policies depend on the trajectory of the system rather than on current
conditions alone [27]. In particular, dynamic resource allocation models demonstrate that
decisions must balance immediate returns with future opportunities [28] and that early-
stage allocation choices may constrain or enable subsequent adjustments. This highlights
the path-dependent nature of allocation processes, in which system evolution is shaped by
cumulative decisions over time. Resource allocation is not completed instantaneously but
unfolds through a series of adjustments toward a stable state [29].

Beyond sequential decision models, research on dynamic systems further distinguishes
between different temporal patterns of adjustment. Some processes are characterized
by rapid responses to short-term fluctuations, while others evolve gradually through
accumulation and feedback. System dynamics studies show that these temporal differences
are associated with fundamentally different mechanisms [30]: short-term dynamics are
often driven by local feedback and adjustment loops, whereas long-term dynamics emerge
from delayed effects, nonlinear interactions, and accumulation processes. As a result,
system behavior cannot be fully understood without considering how these temporal
mechanisms coexist and interact.

A key implication of this literature is that temporal structure is not homogeneous.
Instead, resource allocation systems involve multiple time horizons with distinct functional
roles. However, most existing studies treat time as a continuous and unified dimension,
focusing either on short-term optimization or long-term outcomes in isolation. Limited
attention is paid to how different temporal processes—such as bounded local adjustment
and long-run path formation—are jointly organized within the same system. Investment
decisions are frequently characterized by nonlinear feedback and time-lag effects, implying
that different allocation strategies may lead to significantly divergent evolutionary paths
and long-term outcomes [31].

This limitation suggests that multi-horizon dynamics should be explicitly incorporated
as a structural feature of resource allocation systems. A system-level framework therefore
requires not only modeling decisions over time, but also distinguishing how different
temporal processes interact, and how short-term adjustments are connected to long-term
system evolution [32].

Taken together, the above literature highlights that resource allocation has been widely
examined from system-oriented perspectives, with increasing attention to interaction,
feedback, and dynamic adjustment. However, existing studies either abstract allocation
processes at an aggregate level or treat structural and temporal dimensions separately,
making it difficult to capture how heterogeneous components interact across time to jointly
shape system evolution. To address this limitation, this study develops a unified analytical
framework that integrates structural decomposition with multi-horizon dynamics within a
single system architecture. In this framework, resource allocation is organized into heteroge-
neous components according to their functional roles, and these components are embedded
into a dual-horizon structure to characterize the interaction between bounded local ad-
justment and long-term path formation. To provide a clear and formal representation of
this framework, Figure 1 presents the system architecture, illustrating how heterogeneous
components are coordinated under unified constraints and how their interactions generate
dynamic adjustment processes across time horizons. This structural representation serves
as the foundation for the formal model developed in Section 3 and the subsequent analysis
of system dynamics.
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Figure 1. System Architecture of Multi-Horizon Resource Allocation.

3. System Formulation and Dynamic Architecture
3.1. System Architecture and Structural Decomposition

From a structural perspective, the system is specified as a unified generative frame-
work. It includes three allocation components with distinct dynamic properties: long-term
accumulative, short-cycle responsive, and phase-stable components. These components
jointly form three internal transmission channels, rather than independent decision units.
Their differences arise from how state effects are generated over time, transmitted across
components, and retained along system trajectories.

Specifically, the long-term accumulative component is characterized by pronounced
lag and intertemporal persistence. Its current allocation continuously propagates forward
through accumulation and feedback, generating path dependence in the system’s state
evolution. Such dynamics are commonly observed in strategic resource allocation activities,
including R&D expenditure, fixed-asset investment, capability building and long-term eq-
uity holdings, where the effects of current decisions unfold gradually and accumulate across
multiple periods. By contrast, the short-cycle component operates on a high-frequency
timescale. It responds directly to external disturbances, with state adjustments driven by
continuous fluctuations and occasional discrete shocks, thereby providing rapid feedback
and local corrective capacity. This type of behavior is typically reflected in liquidity man-
agement, short-term financial investment, inventory adjustment, and other highly flexible
allocation decisions that can be rapidly reconfigured in response to changing market con-
ditions. The phase-stable component occupies an intermediate role. Its return process
evolves more smoothly over time, supplying a stabilizing effect that buffers short-term
volatility and maintains continuity across adjacent states. In practice, this characteristic
is often associated with relatively stable-yield allocation arrangements, such as bond in-
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vestments, bond funds, dividend-oriented portfolios, and other income-generating assets
whose primary function is to preserve continuity and reduce fluctuations in overall system
performance. Taken together, these examples illustrate how the three abstract component
types can be interpreted as different forms of resource allocation behavior operating over
distinct temporal horizons. These components do not act independently; rather, their
interaction defines the system’s evolutionary trajectory. Their differences are not reducible
to parameter variation, but are embedded in the temporal structure of their dynamics,
including timing of action, persistence of effects, and adjustment responsiveness. Taken
together, these structural asymmetries constitute the internal heterogeneity of the resource
allocation system. Aggregating them into a single composite measure would eliminate
the temporal structure underlying system dynamics, making it impossible to capture the
heterogeneous evolution patterns observed across different time horizons.

At the target-structure level, the resource allocation system is governed by two con-
straint regimes defined over distinct time horizons, forming a dual-driven control structure.
One regime operates within a finite horizon and regulates state performance, emphasizing
immediate adjustment capacity and local stability. The other regime operates over an
extended horizon and regulates path performance, with its effect arising from cumulative
dynamics and the preservation of long-term structural continuity. These two regimes
are not separable. By jointly shaping allocation rules, they endogenously determine the
system’s state evolution, giving rise to a temporally layered dynamic structure. Based on
this distinction, the system can be decomposed into two interdependent subsystems: a
finite-horizon subsystem and an infinite-horizon subsystem. The finite-horizon subsystem
is characterized by high sensitivity to current states, rapid feedback, and localized adjust-
ments. Its dynamics favor fast responses within bounded intervals and tend to produce
phased equilibrium configurations. In contrast, the infinite-horizon subsystem is governed
by intertemporal accumulation and persistent feedback, supporting path extension and the
emergence of long-term equilibria. Despite these differences, the two subsystems remain
intrinsically coupled. Their interaction is mediated through state transmission, accumula-
tion of feedback effects, and continuous reallocation across time, which together determine
the global evolutionary direction of the system.

Let the system’s state at time t be the allocation vector of the three component types:

It = (Ik(t), Is(t), Il(t))

where each component denotes the allocation level of long-term accumulative, short-cycle
responsive, and phase-stable structures, respectively. At any point in time, the system is
subject to a resource constraint:

Ik(t) + Is(t) + Il(t) ≤ B0(t)

This constraint not only limits the scale of the configuration but also determines the
coexistence structure of the three types of components within the same state, thereby
influencing the feasible paths for system state transitions.

Given this structure, each component follows a distinct dynamic evolution process
consistent with its temporal characteristics. The evolution of the long-term accumulative
component is described by:

dRk = [A(Ik)·G(Ik, t)·(1 + εk,t)− C(Ik)]dt
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This captures the joint effects of accumulated input, delayed release, stochastic pertur-
bations, and cost adjustment.

dRs,t = µsRs,tdt + σsRs,tdWs,t

dRl,t = µl Rl,tdt + σl Rl,tdWl,t

The above equations characterize the joint stochastic evolution of short-cycle respon-
sive and phase-stable components within a unified dynamic framework. Although both
components share a common stochastic representation, they differ fundamentally in their
temporal organization and response patterns, leading to structural differentiation in the
system. The phase-stable component evolves along a relatively smooth trajectory, preserv-
ing state continuity over time. Its dynamics exhibit strong persistence and low-frequency
variation, enabling it to maintain stability across adjacent system states. In contrast, the
short-cycle component is driven by high-frequency fluctuations and external disturbances,
resulting in rapid but less persistent adjustments. Within this coupled structure, the phase-
stable component functions as an intermediate stabilizing channel. It does not primarily
drive immediate adjustments but regulates the transmission of fluctuations across time. By
buffering short-term disturbances, it constrains excessive state deviations and preserves the
coherence of system evolution. As a result, system stability does not arise from the suppres-
sion of fluctuations alone, but from the coordinated interaction between high-frequency
responsiveness and low-frequency stabilization, which jointly sustain local configuration
integrity and support continuous path evolution.

dRs,t = µsRs,tdt + σsRs,tdWs,t + Rs,t

(
eθi − 1

)
dJt

ln Rs,t = ln Rs,0 +
∫ t

0

(
µs −

1
2

σ2
s

)
ds +

∫ t

0
σsdWs,t+∑Jt

i=1 θi

In contrast, short-cycle responsive components capture external disturbances through
a combination of continuous fluctuations and discrete jump processes, where Jt is a Poisson
process with intensity ξ, capturing the frequency of discrete external disturbances, while θ

characterizes the magnitude of the resulting state adjustment. Their evolution is governed
by a hybrid stochastic structure in which diffusion dynamics are coupled with jump mech-
anisms, leading to high responsiveness, rapid feedback, and strong sensitivity to shocks.
These components primarily regulate the system’s instantaneous adjustments. Continuous
perturbations generate high-frequency fluctuations, while jump processes introduce abrupt
state shifts. As a result, the system can deviate rapidly from its current trajectory and
transition into a new adjustment regime within a short time horizon. Rather than defin-
ing a fixed baseline path, these mechanisms establish a flexible local adjustment process
that underlies the system’s dynamic reconfiguration. Subsequent subsystem analyses are
therefore conducted with respect to this endogenous adjustment structure.

More generally, system evolution is not driven by any single component but emerges
from the interactions among heterogeneous components over time. The dynamic trajectory
is shaped by feedback, substitution, and coordination effects across components, which
jointly determine the direction and stability of state transitions. Resource allocation is thus a
continuous adaptive process rather than a one-time decision. Building on this structure, the
following analysis examines state adjustment within a finite horizon, as well as cumulative
evolution and structural stability over an extended time horizon.
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3.2. Finite-Horizon Dynamics and Local Equilibrium Formation

In a finite-horizon subsystem, resource allocation is inherently constrained by a
bounded time interval [0, T], within which only observable and realizable state adjustments
can occur. Under this condition, the system cannot rely on long-term accumulation or
path extension to absorb shocks or reorganize its structure. Instead, its dynamic behavior
is dominated by short-term corrections to state deviations and coordinated adjustments
across phases within the finite horizon. Consequently, the system manifests as a dynamic
adjustment process aimed at local stability. Three types of components do not operate inde-
pendently through their full mechanisms. Rather, their effective roles become differentiated
during the adjustment process, jointly shaping the system’s locally stable configuration.
To characterize this process, the phased objective of the finite-horizon subsystem can be
expressed as:

max
Ik,t ,Is,t ,Il,t

Rshort
t =

∫ T

0

[
Rshort

k,t + Rshort
s,t + Rshort

l,t

]
dt

The objective function characterizes the allocation outcome attainable within the finite
horizon. However, local equilibrium is not determined solely by the aggregate outcome
itself. Rather, it depends on whether the adjustment effects generated by heterogeneous
allocation components become coordinated under the common resource constraint. As
resource reallocations continuously modify the relative influence of different components,
a locally stable configuration emerges only when further directional adjustments are no
longer required. Therefore, identifying local equilibrium requires examining the coordina-
tion conditions implied by the constrained allocation problem. To identify the coordination
conditions governing local equilibrium formation, the constrained optimization problem is
reformulated using a Lagranaian framework. The first-order conditions with respect to the
three component allocations yield a set of marginal equilibrium relationships that jointly
determine the local equilibrium configuration. The resulting equilibrium conditions can
be represented through a common adjustment signal, denoted by λ1, which reflects the
marginal coordination benchmark under the shared resource constraint. These conditions
imply that the adjustment pressures generated by heterogeneous components become
mutually balanced under the common constraint, such that further reallocations no longer
alter the direction of system evolution. The system output represents the realizable con-
tributions of the three types of components within the finite horizon and corresponds to
the observable segment of the reference generation path over this interval. The resulting
optimality conditions can therefore be expressed as follows:

Rshort
f ,t = Rshort

s,t + Rshort
l,t ,minRshort

f ,t < maxRshort
k,t

λ1 = (1 + εk,t)(A′(Ik,t)G(Ik,t) + A(Ik,t)G′(Ik,t))ω(0)− C′(Ik,t)

= µs − γsσs
2 Is,t =

2µl T−σl
2T2

2Pl,0

This condition implies that the system reaches a locally stable state when marginal
returns, under current constraints, converge to a common adjustment benchmark. Within
this constraint structure, the system forms an asymmetric coupling mechanism among
the three components. The long-term accumulative component is characterized by a
weighted accumulation process with memory features, thereby mapping the long-term
release process to observable phased evolution states within a bounded interval, where the
state contribution depends on the lagged release of historical inputs:

Îk,t =
∫ t

t−τ
ω(t − s)Ik(s)ds

https://doi.org/10.3390/systems14070778
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However, within a finite horizon, the effective support of the accumulation kernel
is truncated. As a result, the long-term mechanism cannot fully release its intertemporal
value. It enters the system only through lagged and partial contributions, functioning
as a potential constraint rather than an active driver of adjustment. Its marginal effect is
therefore compressed and cannot dominate short-term allocation decisions.

In contrast, the short-cycle responsive component exhibits high adjustment elasticity
within the finite horizon. Its dynamics incorporate both continuous fluctuations and
discrete shocks: ∫ t

0
Rshort

s,t =
∫ t

0

(
µs Is,s −

1
2

γsσs
2 Is,s

2
)

ds

Here, Is,s denotes the allocation level of the short-cycle responsive component at time
s, whose frequent adjustments reflect its strong responsiveness to short-term fluctuations
and external disturbances. The parameter γs is a risk-penalty coefficient that measures
the sensitivity of the component’s effective return to volatility. Accordingly, the risk-
adjustment term 1

2 γsσ2
s I2

s,s represents the expected loss associated with risk exposure and
serves to balance return generation against stability considerations. Because its returns are
immediately realizable, this component responds first to external disturbances and drives
rapid deviations from the current state. Its marginal effects are highly sensitive to local
fluctuations, making it the primary source of short-term adjustment and instability. The
phase-stable component evolves through a smooth diffusion process:

Pl,t − Pl,0 = Pl,0e(µl− 1
2 σl

2)t+σlWl,t

∫ T

0
Rshort

l,t dt = Nl,0Pl,0e(µl− 1
2 σl

2)t+σlWl,t

Pl,t denotes the price of the phase-stable component at time t, Pl,0 represents its initial
price. Nl,0 denotes the initial holding quantity of the phase-stable asset. The evolution of
Pl,t follows the stochastic price process specified above, reflecting the gradual accumulation
of returns and market fluctuations over time. Since the holding quantity is assumed to
remain relatively stable over the adjustment horizon, the cumulative contribution of the
phase-stable component is measured through the appreciation of its asset value relative
to the initial state. Its contribution lies in providing continuity and buffering within the
adjustment process. By smoothing state trajectories, it suppresses excessive fluctuations
and maintains coherence in local configurations. It therefore functions as an intermediate
stabilizing mechanism between rapid response and delayed accumulation.

The interaction of these three components does not constitute a simple superposition.
Instead, it forms a directional coupling structure characterized by differentiated functional
roles. The short-period component drives deviations, the phase-stable component con-
strains volatility, and the long-term component remains latent due to horizon limitations.
Under this asymmetric coupling, the system exhibits a dynamic adjustment pattern char-
acterized by rapid deviation, constraint-induced correction, and temporary convergence.
The unified constraint signal λ1 does not affect all components symmetrically. Short-period
components retain high responsiveness under constraints, phase-stable components en-
force trajectory continuity, and long-term components remain partially suppressed. As a
result, the system gradually forms a configuration dominated by short-term responses and
buffered stability. When the marginal adjustment effects of the three components converge
under λ1, the system enters a locally stable state. In this state, allocation adjustments
diminish, and the system exhibits temporary stability.

This locally stable configuration has three defining properties. First, it is temporally
bounded. Stability exists only within the finite horizon and depends on the realizable
contributions of each component. Once the time horizon expands, the influence of long-
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term accumulation changes, and the stability condition may no longer hold. Second, it is
constraint-dependent. Local equilibrium is jointly determined by resource constraints and
the constraint multiplier. Changes in either will alter the relative adjustment intensities
across components. Third, it lacks long-term persistence. Because the long-term accumu-
lation mechanism is not fully activated, the local equilibrium cannot be extended into a
stable long-run structure.

In summary, within a finite-horizon subsystem, the system does not converge to a global
optimum or a long-term stable configuration. Instead, it forms a phased equilibrium under
resource constraints and incomplete accumulation. This equilibrium reflects the joint effects
of short-term responsiveness, intermediate buffering, and suppressed long-term dynamics. It
also indicates that finite-horizon analysis alone is insufficient to explain the system’s long-term
evolution, which necessitates the introduction of the infinite-horizon subsystem.

3.3. Infinite-Horizon Evolution and Path Equilibrium Dynamics

A finite-horizon subsystem reveals the phased stable structures that emerge within a
bounded time window. However, such structures are conditional on limited observability
and cannot determine whether the system maintains structural consistency as time extends.
When the time horizon approaches infinity, the evaluation criterion shifts from realizable
short-term performance to the sustainability of the system’s dynamic structure over time.
Under the infinite-horizon setting, the system no longer focuses on whether the current
state achieves phased stability. Instead, it evaluates whether the interactions among het-
erogeneous components can generate a trajectory that is self-sustaining, repeatable, and
structurally stable in the long run. The system objective can therefore be expressed as the
discounted aggregation of intertemporal state contributions:

max
Ik,t ,Is,t ,Il,t

Rt = E
[∫ ∞

0
e−ρt(Rk,t + Rs,t + Rl,t)dt

]
The introduction of the discount factor fundamentally alters the system’s evaluation

logic. It not only reweights the contributions of different components over time but also
determines which mechanisms can effectively participate in long-term evolution. Mecha-
nisms characterized by sustained accumulation and intertemporal transmission become
progressively dominant, while those relying on short-term fluctuations are constrained
by both risk accumulation and discounting effects. As the finite-horizon truncation disap-
pears, the output-generating mechanisms of the three allocation components can be fully
expressed over time. Consequently, the aggregate system output in the infinite-horizon
subsystem is directly constructed from the component-specific output functions defined in
the basic setting, without requiring additional reformulation.

Within this framework, the system undergoes a structural transition from state correc-
tion to path formation. The long-term accumulative component is no longer restricted by
finite-horizon truncation and becomes the primary channel through which the current state
influences future trajectories. Through continuous accumulation, it expands the set of reach-
able future states, gradually shifting the system away from local equilibrium configurations
toward path-dependent evolution. In contrast, the short-cycle responsive component loses
its dominant role in determining system dynamics. While it continues to respond to local
disturbances, its contribution to long-term evolution is limited by the accumulation of
risk and the discounting of short-term gains. As a result, it functions primarily as a local
adjustment mechanism rather than a driver of long-term equilibrium. The phase-stable
component maintains its role as a structural stabilizer, but its function evolves. Instead of
merely buffering short-term fluctuations, it provides continuity between adjacent states
along the evolving path. Its smooth release characteristics ensure that transitions between
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short-term adjustments and long-term accumulation remain coherent, preventing structural
discontinuities during path extension.

As the evaluation horizon extends indefinitely, the contributions of the three allocation
components become fully reflected in the system’s discounted objective function through
their respective state-generation processes. Consequently, long-run equilibrium is not
determined by the performance of any single component but by the coordinated balance
of their intertemporal marginal contributions under the common resource constraint. To
identify this balance condition, the infinite-horizon allocation problem is formulated as a
constrained intertemporal optimization problem. By incorporating the resource constraint
into the discounted objective function and solving the corresponding Lagrangian optimiza-
tion problem, the following first-order optimality condition characterizing the long-run
equilibrium can be obtained:

λ2 = (1 + εk,t)[A′(Ik,t)G(Ik,t) + A(Ik,t)G′(Ik,t)]− C′(Ik,t)

=
µsRs,0

(ρ−g1)Rs,t
− γsσ2

s R2
s,0 Is,t

(ρ−g2)R2
s,t

= δl
ρ−µl

To characterize the long-run equilibrium, the short-cycle component must first be
evaluated within an infinite-horizon framework. Specifically, its instantaneous return
process is transformed into a discounted expected value over an infinite time horizon,
allowing its cumulative contribution to system evolution to be assessed under intertemporal
evaluation. For analytical tractability, we assume that the holding quantity of the short-
cycle asset remains proportional to its asset value, i.e., Is,t = cRs,t. Under this assumption,
the first- and second-order moments of the asset price process can be derived as E[Rs,t]

and E
[
R2

s,t
]

from the stochastic dynamics specified in the basic setting. M1 = E
[
eθ
]

and
M2 = E

[
e2θ

]
denote the first and second moments of the jump-size distribution, which

capture the average effect of stochastic price jumps on long-run price dynamics.

E[Rs,t] = Rs,0e(µst+ξt(M1−1))

E
[

R2
s,t

]
= R2

s,0e(2µs+σ2
s +ξ(M2−1))t

E
[∫ ∞

0
e−ρtRs,tdt

]
=

cµsRs,0

ρ − g1
−

γsσ2
s c2R2

s,0

2(ρ − g2)

Based on these moments, the effective growth rates associated with the first- and
second-order moment dynamics are summarized by g1 = µs + ξ(M1 − 1) and g2 =

2µs + σ2
s + ξ(M2 − 1), respectively. The phase-stable component is evaluated under the

assumption that its holding quantity remains fixed over the adjustment horizon, i.e., Nl,0 is
constant. Consequently, the cumulative contribution of this component is determined by
the appreciation of its asset value and the continuous output generated during the holding
period. Here, δl denotes the periodic distribution rate associated with the phase-stable
component, representing the proportion of system output continuously released from the
accumulated asset value. This mechanism reflects the role of the phase-stable component as
a stabilizing channel that provides persistent and smooth contributions to system evolution.

Unlike λ1 in the finite-horizon subsystem, which reflects instantaneous resource con-
straints, λ2 captures the system’s intertemporal scarcity condition. It incorporates discount-
ing, risk accumulation, and future return expectations, thereby serving as a benchmark
for long-term marginal return equalization across components. Under λ2, the system no
longer aligns marginal effects based on short-term realizability but on their contribution
to the entire discounted trajectory. Consequently, long-term accumulative components
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gain structural dominance, short-cycle components are progressively constrained, and
phase-stable components act as mediators that sustain continuity along the evolving path.

As the system evolves, it approaches a long-term equilibrium structure characterized by
the convergence of marginal contributions under λ2. This equilibrium is not defined by a fixed
allocation ratio but by a stable configuration of dynamic interactions among components.

This long-term equilibrium exhibits three defining properties. First, it is path-
dependent. The system’s steady-state configuration depends on the entire evolution history
rather than on any single-period allocation. Accumulation mechanisms embed historical
information into current states, making the equilibrium inherently dependent on prior
trajectories. Second, it exhibits structural persistence. Unlike finite-horizon local equilibria,
which are contingent on temporary constraints, the long-term equilibrium is sustained by
the continuous interaction of accumulation, discounting, and feedback mechanisms. It
remains stable under small perturbations and maintains its structure over extended time
horizons. Third, it is governed by intertemporal consistency. The equilibrium reflects a
balance between current returns and future potential, as determined by the discount factor
and risk-adjusted accumulation processes. This ensures that resource allocation remains
aligned with long-term system sustainability rather than short-term performance.

Importantly, the long-term equilibrium does not emerge as a simple extension of finite-
horizon local stability. Instead, it represents a structural reorganization of the system under
infinite-horizon evaluation. The transition from local equilibrium to long-term equilibrium
is driven by the gradual activation of accumulation mechanisms, the attenuation of short-
term responsiveness, and the stabilizing role of phase-continuity components.

This process highlights that long-term equilibrium is an emergent property of com-
ponent coupling, rather than the outcome of independent optimization by individual
components. It provides the structural foundation for understanding how the system
evolves from short-term adjustment toward sustained long-term stability.

3.4. Coupling Mechanisms Among Subsystems and System Evolutionary Trajectories

Finite-horizon and infinite-horizon subsystems are intrinsically coupled through
shared resource constraints and intertemporal state transmission. Their interaction does
not take the form of a simple aggregation of effects. It jointly determines the system’s
evolutionary trajectory through constraint propagation and feedback across time. The
finite-horizon subsystem characterizes how the system achieves local stability within a
bounded interval, whereas the infinite-horizon subsystem explains how such locally stable
configurations are reorganized and extended into long-term equilibrium structures. The
overall evolution of the system is therefore not governed by any single component or
subsystem, but by the coupling relationships that operate across different time horizons.
The coupling structure underlying these cross-horizon interactions is illustrated in Figure 2.

At the component level, coupling manifests as a structured division of functional roles
among the three dynamic mechanisms. Short-cycle responsive components process pertur-
bations and generate rapid adjustments in response to external shocks or local deviations.
Phase-stable components act as buffering mechanisms, constraining the propagation of
high-frequency fluctuations and maintaining continuity across adjacent states. Long-term
accumulative components provide directional constraints through cumulative transmis-
sion, gradually shaping the set of feasible future trajectories. The interaction among these
components is not additive. Instead, it forms a progressive structural mechanism that can
be summarized as disturbance absorption to fluctuation buffering, and finally to path an-
choring. Through this mechanism, short-term deviations are first amplified and corrected,
then moderated, and ultimately integrated into a stable long-term trajectory.
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Figure 2. System Coupling Structure and Evolutionary Pathways.

At the subsystem level, this coupling exhibits clear temporal asymmetry. Within
the finite-horizon subsystem, local coordination dominates. Short-cycle and phase-stable
mechanisms jointly determine the system’s short-term equilibrium, while the long-term
accumulative mechanism remains only partially activated and functions as a latent path
constraint. The system relies primarily on short-term responsiveness to absorb shocks and
on phase-stable buffering to maintain bounded stability. As the time horizon extends, the
coupling structure is gradually reorganized. The influence of accumulation mechanisms
increases, the dominance of short-cycle responses weakens, and phase-stable components
transition from local stabilizers to intertemporal continuity carriers. This reallocation of
functional roles enables the system to move from a locally stable configuration toward a
long-term equilibrium structure governed by cumulative dynamics.

The transition between the two subsystems is not instantaneous but unfolds as a
dynamic reweighting process. During this process, the constraint signals evolve from λ1,
which reflects short-term marginal coordination, to λ2, which captures intertemporal value
consistency. This shift alters the basis of resource allocation from immediate marginal
returns to long-term discounted contributions. As a result, system evolution follows a
structured trajectory. In the initial stage, short-cycle mechanisms dominate and drive
rapid adjustments. In the intermediate stage, phase-stable mechanisms suppress excessive
volatility and maintain continuity. In the long-term stage, accumulative mechanisms
progressively anchor the system’s trajectory and determine the direction of convergence.

Consequently, system evolution is not a static transition between two equilibrium
states, but a continuous transformation shaped by intertemporal coupling. Local stability
provides the foundation for short-term operability, while long-term equilibrium reflects
the system’s ability to sustain coherent dynamics over time. The coupling of subsystems
ensures that these two forms of stability are not independent but are linked through a
unified adjustment process.

In summary, the evolution of the resource allocation system can be understood as
the outcome of dynamic coupling among heterogeneous components across finite and
infinite horizons. This coupling governs how local adjustments are transformed into long-
term structural stability, thereby providing an integrated framework for analyzing system
dynamics under multi-scale temporal constraints.
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4. Numerical Simulation and Dynamic Analysis
4.1. Differentiation of Evolution Paths

This subsection characterizes the multi-scale evolutionary dynamics resulting from the
structural coupling of diverse return mechanisms in Section 3, focusing on the structural
differentiation of asset classes across multiple dimensions of system dynamics. Figure 3
presents the baseline evolution trajectories of the three asset classes under a unified dynamic
setting. These trajectories reflect distinct evolution logics that unfold over time.

Figure 3. Structural differentiation of model-based return paths.

The trajectory of long-term accumulative assets reflects endogenous self-reinforcement,
where current output is filtered through a time-lagged weight function, ensuring systemic
inertia. Returns emerge gradually as past investments are progressively released, lead-
ing to a sustained upward path that becomes increasingly smooth over time. Although
marginal effects weaken, the accumulated stock continues to support total return growth,
demonstrating a low-pass filtering characteristic that isolates the strategic growth core from
high-frequency stochastic noise. In contrast, short-cycle assets represent the high-entropy
components of the system, characterized by instantaneous state transitions in response
to environmental shocks. Their trajectory fluctuates around a stable level, with frequent
adjustments and occasional jumps driven by stochastic disturbances. This results in a
highly responsive but unstable path, where returns are realized quickly but lack persistence
over time. Phased stable-return assets follow a continuity-driven evolution path character-
ized by steady and low-volatility progression. Their trajectory evolves smoothly without
pronounced fluctuations or abrupt changes, reflecting a stable return generation process
that neither amplifies past accumulation nor reacts strongly to short-term shocks.

These hierarchies confirm that the system exhibits emergent properties that cannot
be captured by linear aggregation in Section 3. These trajectories represent fundamentally
different evolution logics—cumulative growth, shock-responsive adjustment, and smooth
progression—which cannot be reduced to a single aggregated measure. The structural
differences embedded in their dynamic paths highlight that asset classification is necessary
to preserve intertemporal heterogeneity. As a result, asset classes cannot be treated as homo-
geneous components or aggregated into a single measure without obscuring their structural
differences. Any static aggregation would eliminate the intertemporal heterogeneity em-
bedded in their evolution paths, leading to a loss of essential system-level information.
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4.2. System Coupling and Interactive Dynamics

While Section 4.1 establishes the structural heterogeneity of individual evolution
paths, this subsection investigates how these heterogeneous components are synthesized
into a functional whole through inter-scale coupling. The focus is shifted from individual
trajectories to the regulatory feedback loops that maintain systemic coherence across differ-
ent temporal scales, rather than simple functional coexistence. Figure 4 decomposes the
system response into three fundamental components, corresponding to the contributions
of the three asset classes. In the early stage, the system response is primarily driven by
short-cycle assets, whose high-frequency adjustments enable rapid responses to external
shocks. As time progresses, the contribution of phased-stable assets increases, providing a
buffering effect that smooths fluctuations and stabilizes the adjustment process. In the long
run, the contribution of accumulative assets becomes dominant, reflecting the increasing
importance of persistent return generation and intertemporal accumulation.

Figure 4. Muti-scale contribution dynamics.

The evolution of the system is governed by the interaction of heterogeneous return-
generating mechanisms rather than by any single asset class. Specifically, the short-cycle,
phased-stable, and long-term accumulative assets jointly determine system behavior
through a set of interdependent feedback loops. These loops operate at different tem-
poral scales and collectively shape the dynamic adjustment process of resource allocation.
Figure 5 illustrates the emergent synergy under this coupled architecture. At the initial
stage, the system’s state is dominated by the volatility of Is. As the simulation progresses,
the cumulative feedback effect of Ik becomes more pronounced, moderating fluctuations
and facilitating smoother adjustments. Over time, accumulation effects become more
pronounced, leading to a gradual shift in the system’s dominant mechanism. The ob-
served dynamics indicate that system evolution is not driven by any single component,
but emerges from continuous interaction among heterogeneous mechanisms. Short-cycle
assets provide adaptability, stable assets ensure continuity, and long-term assets drive
structural transformation. These coupled dynamics define the system trajectory prior to
any equilibrium realization.

The coupled system is governed by the interaction of three feedback loops: a volatility-
amplifying loop driven by short-cycle dynamics, a stabilizing loop induced by phased
assets, and a persistence-based accumulation loop associated with long-term investment.
The system trajectory emerges from the dynamic balance among these loops, where no
single mechanism dominates in isolation, but each contributes to shaping the path of
state evolution. This interaction implies that system dynamics should be understood as
a state-dependent evolutionary process rather than a static adjustment. The evolution of
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allocation shares in Figure 2 reflects the continuous reconfiguration of feedback dominance,
which precedes any equilibrium outcome and defines the system’s dynamic structure.

Figure 5. Evolution of feedback dominance across muti-scale loops.

The underlying mechanism driving this structural evolution is further illustrated
in Figure 5, which depicts the evolution of feedback dominance over time. Initially, the
system is dominated by a volatility-driven feedback loop associated with short-cycle
assets. This loop amplifies short-term responsiveness but also introduces instability. As
the system evolves, the stabilization loop associated with phased-stable assets becomes
more prominent, mitigating excessive fluctuations. Eventually, the accumulation-driven
feedback loop dominates, anchoring the system dynamics through persistent growth effects
and intertemporal reinforcement.

The interaction among these feedback loops does not simply stabilize the system but
fundamentally reshapes its structural configuration. In particular, the relative dominance
among volatility-driven, stabilization, and accumulation mechanisms evolves endoge-
nously over time. This evolving dominance implies that the system does not remain in a
fixed configuration, but gradually transitions across different dynamic regimes.

4.3. Intertemporal Equilibrium Structure and Transition Dynamics

The coupled system described in Section 4.2 does not converge to a single static
configuration, but instead exhibits a multi-layered equilibrium structure as shown in
Figures 6 and 7. Specifically, two distinct equilibrium states emerge endogenously: a
short-run local equilibrium dominated by high-frequency adjustment mechanisms, and a
long-run structural equilibrium driven by accumulation dynamics. The transition between
these equilibria is not imposed externally, but arises from the internal evolution of state
variables and feedback interactions.

Figure 6. Evolutionary transition between local and long-run equilibria.
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Figure 7. Phase diagram of equilibrium transition.

In the early stage, the system operates near a local equilibrium characterized by the
dominance of short-cycle assets. This is reflected in Figure 6 by the small distance to
the local equilibrium. In this regime, system stability is maintained through continuous
short-term adjustments rather than through persistent structural forces. As the influence
of accumulation mechanisms increases, the system undergoes a structural transition. The
point t* represents the crossover at which the system becomes closer to the long-run
equilibrium than to the local equilibrium, reflecting the progressive increase in the influence
of accumulation mechanisms relative to short-cycle adjustment mechanisms. It indicates
a gradual shift in equilibrium dominance from short-cycle responsiveness toward long-
term accumulation rather than a fixed analytical threshold. Consistent with the coupling
mechanism development in Section 3.4, the relative influence of heterogeneous components
is continuously reweighted over time. Consequently, the system does not move abruptly
between two equilibrium states. Instead, the transition emerges gradually as long-term
accumulation gains prominence over short-cycle responsiveness. Figure 6 visualizes this
evolutionary crossover process.

An important feature of this transition is its partial irreversibility. Once the system
crosses the threshold t*, short-term disturbances are no longer sufficient to revert the system
to its initial state. This reflects the path-dependent nature of accumulation processes, which
anchor the system dynamics in the long-run equilibrium regime.

Overall, the system’s evolution is governed by the dynamic transition between equi-
librium regimes driven by interacting feedback mechanisms. This provides a structural
explanation for intertemporal allocation dynamics and highlights the importance of consid-
ering asset heterogeneity within a system-level framework.

4.4. Sensitivity Analysis of Control Parameters

To further uncover the structural drivers behind the transition dynamics identified in
Sections 4.2 and 4.3, this subsection investigates how key control parameters reshape both
the speed of system transition and the configuration of equilibrium regimes. The analysis
emphasizes how parameter variations alter the system’s dynamic trajectory and structural
positioning within the state space.

Figure 8 illustrates the sensitivity of the system’s transition path under variations
in three key parameters: volatility intensity σ, accumulation efficiency α, and constraint
strength λ. These parameters correspond to the core mechanisms established in Section 3,
governing respectively the short-cycle fluctuation amplitude, the persistence of intertempo-
ral accumulation, and the degree of resource allocation rigidity. For illustration purposes,
the benchmark parameter configuration is set as σ = 38, α = 0.12, and λ = 0.12. These values
are selected to generate a representative equilibrium-transition trajectory and are used as
baseline settings for qualitative sensitivity analysis, which is performed by varying one
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parameter around its benchmark value while holding the remaining parameters constant,
thereby isolating the individual influence of each mechanism on the system’s transition
dynamics. Since Figure 8 is intended to illustrate the qualitative influence of parameter
variations on equilibrium-transition dynamics rather than provide empirical estimation,
these benchmark values serve as reference settings that generate a stable and representative
transition trajectory, allowing the comparative effects of individual parameter changes to
be clearly observed.

Figure 8. Sensitivity of equilibrium transition to key parameters.

A clear structural pattern emerges. An increase in volatility amplifies high-frequency
fluctuations and prolongs the dominance of the short-cycle component. As a result, the sys-
tem exhibits delayed convergence toward the long-run equilibrium, reflecting a persistence
of local exploratory dynamics. In contrast, higher accumulation efficiency strengthens the
intertemporal propagation of returns, accelerating the shift toward accumulation-driven
dominance and compressing the transition window. The constraint parameter plays a
qualitatively different role. Rather than directly altering the direction of the transition,
it regulates the smoothness and stability of the adjustment process. Stronger constraints
dampen abrupt reallocations, producing a more gradual and continuous convergence path.
This indicates that constraints function as a dynamic stabilizer, ensuring that the system
evolves within a feasible trajectory without excessive oscillations.

Figure 8 examines how variations in key parameters reshape the transition dynamics.
Increased volatility prolongs the dominance of short-cycle mechanisms by amplifying high-
frequency fluctuations, thereby delaying the onset of structural transition. In contrast, higher
accumulation efficiency accelerates convergence toward the long-run equilibrium by strength-
ening the persistence of intertemporal gains. The constraint parameter primarily affects the
smoothness of the transition, with stronger constraints dampening abrupt adjustments.

Taken together, these results confirm that the transition from local to long-run equilib-
rium is not fixed, but endogenously modulated by the interplay of volatility, accumulation,
and constraints, consistent with the multi-mechanism framework derived in Section 3.

Figure 9 extends the analysis by mapping the parameter space into distinct structural
regimes. Instead of examining parameter effects along a single trajectory, this representa-
tion reveals how different combinations of parameters give rise to qualitatively different
system behaviors.
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Figure 9. Regime map with transition trajectory.

Three primary regimes can be identified. In regions characterized by high volatility
and low accumulation efficiency, the system remains trapped in a short-cycle-dominated
configuration, where fluctuations persist and long-run convergence is weak. Conversely,
regions with high accumulation efficiency and moderate constraints are associated with
stable convergence toward the long-run equilibrium, where accumulation becomes the
dominant driver of system dynamics.

Between these two extremes lies a transition regime, where neither short-cycle fluctua-
tions nor long-term accumulation fully dominate. In this region, the system exhibits hybrid
behavior, with alternating influence across mechanisms. Importantly, the baseline trajectory
illustrated in Figure 5 traverses this intermediate region before reaching the accumulation-
dominated regime, indicating that equilibrium is achieved through a structured path across
multiple regimes, rather than through a direct adjustment.

This regime-based perspective highlights a key implication: the system’s equilibrium
outcome is not solely determined by initial conditions or isolated parameter values, but
by its relative position within the parameter space. As a result, small parameter shifts
near regime boundaries can lead to disproportionately large changes in system behavior,
underscoring the importance of structural classification.

5. Conclusions
This paper investigates the dynamic behavior of a multi-component decision-making

system composed of multiple heterogeneous mechanisms. Rather than treating the system
as a single aggregate, this study characterizes it as a structural whole comprising multiple
subsystems with distinct dynamic properties and response characteristics.

The research indicates that this decision-making system exhibits significant multi-
timescale structural differentiation. Different subsystems dominate system behavior at
different stages. Short-period mechanisms provide high-frequency perturbations and ex-
pand the system’s state space; intermediate mechanisms play a stabilizing and regulating
role during transitional phases; while long-term mechanisms constrain the system’s trajec-
tory through their persistent effects. This division of labor is not exogenously imposed but
is endogenously formed through the interaction of internal system mechanisms.

The system’s evolution manifests as a gradual transition from short-period responses
to a state dominated by cumulative mechanisms. System trajectories are jointly determined
by the interactions of multiple feedback structures. As evidenced by the reciprocal feedback
between different subsystems, system evolution does not simply converge to a single
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equilibrium but manifests as a cross-equilibrium structural transition process characterized
by continuous structural reconfiguration. The transition from local equilibrium to long-
term equilibrium is, in essence, a process of structural reconfiguration driven by internal
feedback mechanisms. This transition exhibits path dependence and requires passing
through a transitional phase where multiple mechanisms act in concert.

Further analysis indicates that system behavior depends on its structural position
within the parameter space rather than on the value of a single parameter. The partitioning
of the parameter space reveals that different regions correspond to different types of system
dynamics, and movement across regions may lead to discontinuous changes in system
behavior. This suggests that system outcomes exhibit significant structural dependence.
From a system control perspective, this implies that system optimization cannot rely on
static optimization criteria but must instead involve a comprehensive assessment that
integrates the system’s dynamic evolution path with its structural configuration. Ignoring
the system’s multiscale characteristics or structural interval differences may lead to system
instability or control failure.

The contribution of this paper lies in integrating heterogeneous dynamic mechanisms,
feedback-dominated structures, and parameter interval partitioning into a unified analytical
framework, thereby providing a new analytical approach for the study of multi-mechanism
coupled systems. Future research could further incorporate adaptive mechanisms, stochas-
tic perturbations, and higher-dimensional state interaction structures to expand the appli-
cability of this framework in the analysis of complex systems. Simultaneously, the primary
objective of this study is to establish a theoretical framework for identifying structural
heterogeneity, moderate allocation intervals, and the dynamic transition mechanisms be-
tween local and long-run equilibria within a multi-horizon resource allocation system.
To achieve this objective, numerical simulations are employed as a complementary tool
to illustrate and verify the internal consistency, feasibility, and dynamic implications of
the proposed theoretical model. Future research may extend the proposed framework
to empirical settings and examine how the identified equilibrium structures, transition
dynamics, and moderate allocation intervals manifest in actual resource allocation practices.
Such efforts would further enrich the practical applicability and empirical relevance of the
framework.
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