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Abstract 

Truss design is a highly constrained problem due to mechanical requirements 
and practical limitations related to fabrication and assembly. This study formulates truss 
design synthesis as a discrete Markov decision process, in which grammar-constrained 
actions generate feasible intermediate layouts and Monte Carlo Tree Search (MCTS) 
learns an optimal design policy. Previous work has shown that MCTS outperforms 
both metaheuristic methods, such as genetic algorithms, and alternative reinforcement 
learning approaches, including Q-learning and deep Q-learning. However, its compu-
tational scalability is limited by the rapid growth of admissible configurations in dense 
grid design domains. To address these limitations, we propose a Hierarchical MCTS 
(H-MCTS) framework in which staged grid refinements focus computational resources 
on promising regions of the domain, thereby alleviating the curse of dimensional-
ity. Benchmark evaluations show that H-MCTS consistently improves design quality 
and reduces computational cost compared to single-stage MCTS. To accommodate 
variable design conditions, H-MCTS is further applied to on-the-fly structural adaptivity 
through an offline–online strategy that precomputes optimal solutions and interpo-
lates them in real time. The effectiveness of the computational procedure is dem-
onstrated on a bridge-like truss structure that is progressively constructed and then 
morphed to accommodate moving loads and localized damage.

Keywords:  Truss optimization, Hierarchical Monte Carlo tree search, Reinforcement 
learning, Structural adaptivity

Introduction
Computational design synthesis is a framework for automating structural design, sup-
ported by physics-based simulation and algorithmic decision-making [1]. Within this 
context, truss optimization has been extensively investigated owing to its relevance to 
a wide range of engineering applications, including lightweight structures and deploy-
able systems. However, while continuum approaches such as the solid isotropic material 
with penalization method [2–9] and level-set formulations [10–15] have demonstrated 
effective for topology optimization, these methods can not directly operate on discrete 
members. The generated layouts often require substantial post-processing to obtain 
manufacturable truss configurations [2, 16].
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Bio-inspired and metaheuristic algorithms such as genetic algorithms, particle swarm 
optimization, simulated annealing, and ant colony optimization have been widely used 
to address size, shape, and topology optimization [17–20]. However, their reliance on 
population-based evolution and stochastic sampling often results in slow convergence, 
sensitivity to parameter tuning, premature stagnation, and a heavy dependence on pen-
alty functions to ensure stability and stress admissibility [21–23]. In addition, their high 
computational cost limits their practical applicability to real-world problems [18, 23]. 
These constraints have motivated a shift toward learning-based strategies for sequential 
design in the presence of delayed rewards.

Reinforcement Learning (RL) has emerged as a promising approach for modeling 
sequential design actions. Early contributions have employed image-based and graph-
based RL formulations to generate or prune truss layouts [24–26]. More recently, Oror-
bia and Warn have formalized truss optimization as a Markov Decision Process (MDP), 
adopting generative grammar rules to ensure admissible intermediate designs prior to 
reaching the final structure [27]. Their Q-learning implementation enables reproducing 
globally optimal topologies on small benchmarks. However, such tabular RL methods 
scale poorly as the state–action space grows, which has motivated Ororbia and Warn 
to develop a Deep Reinforcement Learning (DRL) framework [28], where tabular value 
storage is replaced with neural function approximators. While DRL improves scal-
ability and solution quality, these methods suffer from poor reward backpropagation 
in delayed-reward settings typical of structural optimization [29], instability in neural 
approximators, extensive training demands, and a lack of interpretability in the learned 
policies [30].

Among RL techniques, tree-search methods have gained traction in truss optimization 
due to their balanced exploration–exploitation behavior and their sample-efficient use of 
simulated experience [31, 32]. Specifically, Monte Carlo Tree Search (MCTS) has been 
applied to discrete design in frameworks such as AlphaTruss [33] and KR-UCT—the lat-
ter being an Upper Confidence Bounds for Trees (UCT) method combined with Kernel 
Regression (KR) [34]—demonstrating superior performance compared to metaheuris-
tics and other RL approaches. Moreover, the MCTS formulation of Garayalde et al. [29] 
has demonstrated that grammar-guided tree search can reduce the number of Finite Ele-
ment (FE) evaluations by more than half compared to DRL, while consistently achiev-
ing globally optimal or near-optimal trusses. Their results have further revealed that the 
backpropagation mechanism of MCTS is naturally suited to the delayed-reward struc-
ture of truss design, allowing information to be propagated from terminal to early deci-
sion nodes.

Despite these advances, three major challenges remain unaddressed in the existing 
literature.

First, scalability deteriorates as the number of nodes in the design domain increases. 
Dense environments expand the action branching factor exponentially, causing rapid 
degradation of computational performance for both DRL and tree-search methods [31, 
33, 34]. Second, on-the-fly adaptivity to changing external conditions has not yet been 
fully integrated into topology synthesis. For instance, existing RL and MCTS formula-
tions typically operate under fixed loading conditions. Although progressive construc-
tion has been explored in [29], no available approaches enable continuous morphing 
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of the layout in response to evolving load configurations. Such a capability would be 
highly beneficial in engineering applications like bridge decks, crane booms, or adaptive 
mechanical systems. Third, damage awareness remains absent from current optimiza-
tion frameworks. Structural degradation affects stiffness, stability, and admissible stress 
ranges, thereby influencing the optimal topology. Existing studies assume pristine condi-
tions, leaving unanswered how optimal truss configurations should respond to localized 
damage and how damage regions should be reinforced to maintain adequate stiffness.

To address these gaps, we propose a Hierarchical Monte Carlo Tree Search (H-MCTS) 
framework. The method retains the grammar-based MCTS structure introduced in [29] 
but extends it through staged grid refinements. At each stage, a coarse MCTS identifies 
active, structurally relevant nodes, after which refinement zones are subsequently estab-
lished around them. Higher-resolution grids are then restricted to these regions, allow-
ing the algorithm to progressively reduce the dimensionality of the search space while 
preserving its structurally meaningful components. Building upon this hierarchical for-
mulation, we further introduce an offline–online morphing strategy to manage moving 
loads and local damage. In the offline phase, H-MCTS is executed for several discrete 
load positions and potential damage scenarios, producing a database of optimized con-
figurations that satisfy yield and buckling constraints. Online, new load positions and 
damage scenarios are handled by interpolating between stored topologies, while pre-
venting member intersections and ensuring mechanical admissibility. Additional gram-
mar-guided reinforcement is then applied in localized regions, enabling rapid reshaping 
without running full optimizations.

We present benchmark studies showing that H-MCTS consistently reduces both 
structural compliance and computational cost relative to standard MCTS, particularly 
in large domains where uniform-grid MCTS becomes computationally prohibitive. The 
hierarchical mechanism alleviates the curse of dimensionality and concentrates com-
putational effort to structurally relevant regions. Moreover, we show that our offline–
online strategy enables rapid morphing, allowing the structure to adapt in response to 
moving loads and the presence of degraded elements.

The remainder of the paper is structured as follows. Sect. “Optimal Truss Design via 
Constrained Tree Search” presents the methodological foundation, including the formu-
lation of the optimal truss design problem, its MDP abstraction, and the grammar rules 
employed to guide the synthesis process. Sect.  “Computational Framework” describes 
the proposed computational framework, beginning with the standard MCTS approach 
and then focusing on alternative selection policies, the hierarchical extension, and the 
offline–online morphing procedure. Sect. “Results” presents benchmark results, evalu-
ates the performance of H-MCTS relative to standard MCTS, and examines a progres-
sive construction setup that illustrates structural adaptation under moving loads and a 
representative damage scenario.

Optimal truss design via constrained tree search
Optimal design problem for truss structures

We formulate the design problem as finding a truss geometry that optimizes an objec-
tive function under static loading. In this study, the chosen objective is the minimiza-
tion of the maximum absolute displacement, a formulation analogous to compliance 
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minimization in topology optimization [35]. We employ a FE discretization and consider 
a planar truss structure composed of I truss elements. The optimization problem can 
thus be formulated as finding the set of truss elements 

{

�s
1, . . . ,�

s
I

}

 that minimizes the 
structure’s maximum displacement, as follows:

subject to:

where U is the vector of nodal displacements and ‖U(�)‖
∞

 denotes its infinity norm, 
defined as the maximum absolute value among its entries. This norm directly controls 
the worst-case nodal displacement and therefore the maximum deformation experi-
enced anywhere in the structure, as commonly associated with serviceability require-
ments. Equations  (2)–(4) represent the constraints over Problem (1), respectively: 
ensuring the linear elastic equilibrium under the nodal load vector F through the stiff-
ness matrix K ; enforcing the prescribed displacement vector U0 on the Dirichlet bound-
ary ∂�g ; and limiting the total structural volume V -based on the cross-sectional areas 
Ai and lengths Li of truss elements �s

i , i = 1, . . . , I-to a maximum allowed volume Vmax . 
Notably, this framework can be expanded to incorporate nonlinear constitutive behav-
ior; for further details on the FE formulation, please refer to Ref. [36].

Markov decision process for sequential decision‑making

Markov decision processes provide a mathematical framework for sequential decision 
making. In MDPs, an agent sequentially interacts with an environment by taking actions 
that induce changes in the environment. The environment then returns the next state 
and assigns a reward associated with the executed action and the resulting configura-
tion. The agent has the goal to learn a control policy—i.e. a mapping that selects actions 
based on the current state—that maximizes the expected cumulative reward over time. 
This framework is well suited to design synthesis problems, where each design modifica-
tion affects not only the immediate structural response (immediate reward) but also the 
performance of all future configurations (delayed reward) [37].

Formally, an MDP is defined as a four-tuple 〈S ,A,P ,R〉. Here, S is the state space, 
representing all possible configurations the system can assume; A is the action space 
available to the agent; P is the Markov transition model, describing a probabilistic map-
ping that encodes the likelihood of moving from one state to another given a specific 
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action; and R encodes a reward function, which assigns a numerical score to each state-
action pair.

The planning horizon (0,T ) is discretized into nondimensional time steps t = 0, . . . ,T  . 
At each time t , the system occupies a state st ∈ S , and the agent selects an action at ∈ A . 
The transition model P : S ×A× S → [0,1] determines the probability of reaching 
any state st+1 at time t+ 1, given st and at . The reward rt ∈ R quantifies the utility of 
the state-action transition. The total performance over the planning horizon is typically 
expressed as the expected discounted cumulative reward.

The control policy π : S → A maps each state to an action. The objective is to identify 
the optimal control policy π∗ , which yields the optimal action a∗t  at every state st . This 
policy maximizes the total expected return, as quantified by the action-value function 
Qπ : S ×A → R . Such function Qπ (st , at) represents the expected cumulative reward 
obtained by taking action at in state st , and subsequently following policy π.

For our truss design purposes, we employ a grid-world environment defined over a 
prescribed set of nodes. This discrete design domain determines the set of feasible topol-
ogies that can be generated from the admissible locations of truss nodes. While a dif-
ferent grid discretization may lead to variations in the resulting layouts, this behavior is 
typical of ground-structure approaches; as the grid resolution increases, the design space 
becomes progressively richer and the feasible solutions approach those of a continuous 
domain. The state space S includes any admissible truss layout that can be formed on 
this grid.

The action space A comprises any possible modification of a given layout. The reward 
function R may encode either local objectives, such as the displacement of a specified 
node, or global performance indicators, such as the maximum absolute displacement, 
stress levels, or strain energy. In this study, we use the maximum nodal displacement 
experienced by the structure, as:

where �U�∞ ​ is the current maximum nodal displacement and �Uinit�∞ ​ is that of the ini-
tial (seed) structure. This reward form ensures that rt ∈ [0,1].

Modeling the design process as an MDP enables the use of RL techniques to address 
the complexity and dynamic nature of structural synthesis. However, the cardinality of 
both S and A grows rapidly even for small design domains. As a result, explicitly mode-
ling the transition model P is impractical, if not impossible. Instead, optimal planning is 
achieved through simulated experience generated by the FE model in Eq. (2), which can 
be queried to produce a sample transition for any state–action pair. This setup is com-
mon in episodic RL, where environment trajectories are explored by repeatedly querying 
a simulator with control actions. Examples include Q-learning [27, 28] and MCTS [29], 
in which the action-value function is approximated and subsequently used as a proxy for 
the optimal control policy.

Generative grammar rules for truss design synthesis

Grammar rules guide the generation of new truss configurations. The process begins 
from a seed configuration s0 , defined by deploying a few bars to create an admissible 

(5)rt =

{

0, if V > Vmax or �U�∞ > �Uinit�∞,
�Uinit�∞−�U�∞

�Uinit�∞
, otherwise.
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truss structure. This initial layout is then modified through a sequence of actions 
selected by the agent in compliance with the grammar. At each step, applying an allowed 
action to the current state st produces a new configuration st+1 , as illustrated in Fig. 1. 
The process continues until a terminal state sT is reached, typically defined by a termina-
tion criterion such as attaining Vmax.

The grammar rules are employed to ensure that layout modifications respect mechani-
cal principles, thereby keeping intermediate truss patterns mechanically admissible. 
Specifically, we enforce the formation of intermediate hinged triangular subassem-
blies through the same grammar adopted in Refs. [27–29, 38]. Accordingly, an allowed 
action consists of three steps: (i) selecting a node not yet connected by existing truss 
elements—such nodes are referred to as inactive to distinguish them from previously 
selected active nodes; (ii) selecting a truss element that is already part of the current lay-
out; and (iii) applying the appropriate legal operator depending on the relative position 
of the selected node with respect to the chosen element. Two operators (grammar rules) 
are considered. As illustrated in Fig. 1, the D operator introduces the new node and con-
nects it to the current structure without removing any existing elements, while the T  
operator removes the selected element before linking the new node. In both cases, new 
connections avoid intersections with existing elements.

Computational framework
Optimal truss design via standard Monte Carlo tree search

Monte Carlo tree search is a decision-time planning RL algorithm [31], leveraging two 
main principles: (i) approximating action-values through random sampling of simu-
lated environment trajectories, and (ii) using these estimates to guide exploration of the 
search space, progressively steering the search toward highly rewarding trajectories. In 
the context of optimal truss design, MCTS incrementally grows a search tree, where 
nodes represent design configurations and edges encode layout modifications produced 
by admissible actions. Through repeated traversal and expansion of this tree, the algo-
rithm learns a control policy, referred to as the tree policy, which is continuously refined 
using value estimates accumulated from previous training runs (or episodes).

As outlined in Fig. 2, each MCTS episode consists of four phases [31]. (i) Selection: 
starting from the root node (initial state), the algorithm descends the tree by selecting 

Fig. 1  Representative actions under the D and T  operators. From configuration st , action a11 ( D ) or a12 ( T  ) 
updates the structure by pairing the selected element e1 with the inactive node n1
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child nodes according to the tree policy, typically based on a UCT rule [39]. At each 
branching point, the child with the highest UCT score is selected, guiding the pro-
cess toward a leaf node. (ii) Expansion: if the selected leaf is neither terminal nor fully 
expanded, one of its unexplored actions is used to create a new child node, thereby 
enlarging the tree and exploring new states. (iii) Simulation: a sequence of actions is exe-
cuted from the newly added or selected leaf, until a terminal state sT is reached; these 
actions are sampled from a rollout policy that relies on randomized shuffling of gener-
ated children and on-demand feasibility checks. The resulting terminal reward provides 
a Monte Carlo trial that reflects the value of the simulated trajectory traversing the tree. 
(iv) Backpropagation: the reward obtained at the terminal node sT is propagated back 
through all visited nodes, updating their action-value Qπ (s, a) for the corresponding 
state–action pairs.

Monte Carlo tree search offers several advantages owing to its incremental, real-time, 
sample-based value estimation. First, it excels in environments with delayed rewards, 
efficiently exploring large design spaces despite limited feedback. This makes it particu-
larly suitable for progressive construction scenarios, where intermediate layouts often 
differ significantly from the final design. Second, MCTS builds a partial lookup table of 
action-value estimates only for state-action pairs encountered along promising trajecto-
ries, thereby eliminating the need to approximate a global value function. Accordingly, 
MCTS produces an asymmetric search tree that reflects valuable decision patterns and 
offers insights into the underlying design space.

Design space exploration: upper confidence bounds for trees

The UCT formula is a widely used selection strategy within the MCTS framework. It 
effectively guides the exploration of large and complex decision spaces by balancing two 
competing criteria: exploiting actions that have previously yielded high rewards and 
exploring less-visited actions that may lead to improved outcomes. By managing this 
trade-off, UCT enables MCTS to focus computational resources on promising regions of 
the search space while maintaining sufficient exploration to avoid missing optimal solu-
tions under a constrained computational budget.

Fig. 2  Schematic representation of the optimal truss design problem formalized as an MDP and solved 
through MCTS, with grammar rules guiding the process
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In this work, we employ a modified MixMax UCT formulation [40], which computes 
the UCT score of the j th child node of st as follows:

where v�j  denotes the Monte Carlo estimate of the total accumulated reward obtained 
by traversing the tree through the j th child node ( j = 1, . . . , J  , with J  being the total 
number of children). This quantity corresponds to the sum of all terminal rewards rT 
collected when the node is visited. The term vbestj  denotes the highest reward obtained by 
passing through the j th child node. The quantity nj represents the number of episodes in 
which the path passes through the j th child, whereas 

∑

l nl denotes the total visit count 
of the parent node st , obtained by summing the visit counts of all its children. The hyper-
parameter α ∈ [0,1] controls the exploitation–exploration balance, with the first and sec-
ond terms representing the exploitation and exploration components, respectively. The 
hyperparameter β ∈ [0,1] regulates how exploitation is distributed between regions of 
the tree that consistently yield high average rewards and those that contain the single 
best observed reward. The quantities v�j  , nj , and, when applicable, vbestj  are updated at 
the end of every training episode.

By setting β = 0 in Eq. (6), we retrieve the α-only formulation used in [29]:

It is worth noting that, for α = 0.5 , the α-only formulation coincides with the classi-
cal UCT expression with a unit exploration constant, which is the configuration that 
theoretically optimizes the exploitation–exploration trade-off in the multi-armed bandit 
problem when rewards are normalized between 0 and 1 [41, 42].

The rationale underlying the α-only formulation is that branches of the search tree that 
yield better solutions on average are more likely to contain the optimal configuration. 
However, as noted by Garayalde et  al. [29], this assumption may cause the algorithm 
to overlook branches that actually contain the global optimum. This limitation becomes 
particularly evident when the tree exhibits a high branching factor near the root, since 
the optimal solution may be hidden among many suboptimal alternatives. To address 
this issue, the MixMax selection strategy not only balances exploitation and exploration, 
but also explicitly regulates how exploitation itself is prioritized within the algorithm. 
This formulation, together with an appropriate choice of α and β , plays a crucial role in 
steering the search preventing premature convergence to local optima.

Hierarchical‑MCTS: a scalable search strategy

The MCTS framework for truss design [29] entails significantly lower computational 
costs compared to Q-learning, deep Q-learning, and Genetic Algorithms [27, 28]. How-
ever, like other truss design approaches, such as AlphaTruss [33], KR-based UCT [34], 
and Machine-Specified Ground Structures [26], its computational scalability is con-
strained by the curse of dimensionality. For MCTS, this limitation originates from the 
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.
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increasing number of admissible nodes in the design domain. Each additional node 
expands the set of valid truss topologies, leading to an exponential growth in the branch-
ing of the search tree and, accordingly, to substantial computational costs.

To address this limitation, we introduce the H-MCTS method. Although the term 
Hierarchical MCTS also appears in [42], its purpose there differs fundamentally from 
our formulation. Here, the hierarchy refers to a sequence of grid refinements, with 
Gk denoting the grid at stage k = 1, . . . ,K  . The optimization Problem (1) and the ini-
tial seed configuration are preserved across all stages, but they are embedded within 
progressively denser grid-world environments. In this study, we set K = 4 , empiri-
cally identified as a suitable compromise between solution quality and computational 
cost. Preliminary experiments have shown that fewer levels may not sufficiently refine 
the promising regions of the design space, whereas additional levels provide only mar-
ginal improvements while increasing computational time. Nevertheless, the number of 
refinement levels can be adjusted depending on the problem complexity and the avail-
able computational budget. However, the number of refinement levels can be adjusted 
according to problem complexity and computational budget. As illustrated in Fig. 3a–d, 
we consider four levels, from the coarse grid G1 to the finest grid G4.

As shown in Fig. 4, the first-level MCTS begins on the uniform coarse grid G1 and is 
executed for Nk=1 ​ episodes over the planning horizon (0,T ) , using a specific tree policy 
UCT(k=1) with parameters αk=1 and βk=1 . This produces an optimal policy πk=1 ​, which 
traverses the search tree from the root state s(k=1)

0  ​ to the terminal state s(k=1)
T  ​, yielding a 

truss configuration that minimizes the design objective fk=1: = �U(�k=1)�∞ on G1 ​. The 
H active nodes present in s(k=1)

T  , denoted by n(k=1)
h  ​ for h = 1, . . . ,H , ​are collected in the 

set Ak=1 . For each active node in Ak=1 ​ (excluding those serving as structural supports), 
a circular refinement region C is defined in G2 , centered at each n(k=1)

h  ​ with radius R1→2 , 
determined from the node spacing​. Only inactive nodes located within or on the bound-
ary of these regions are retained; all other inactive nodes are removed.

The second stage applies the same procedure to the grid G2 , which now contains only 
the regions identified as promising. A new MCTS run is performed with stage-specific 
parameters, generating a truss configuration s(k=2)

T  along with its corresponding set of 
active nodes Ak=2 . These nodes then serve to define smaller refinement zones in the 
next grid G3 ​, further narrowing the design space. This process continues in subsequent 
stages, each time reducing the refinement radius. The final candidate solution is selected 
from all stages, based on the lowest achieved design objective.

Structural adaptation under moving loads and damage scenarios

Rapid structural adaptation to accommodate evolving conditions, caused by moving 
loads and compromised truss elements, is enabled in H-MCTS through an offline–
online strategy.

Fig. 3  The input grids: a coarse grid G1 ; b fine grid G2 ; c finer grid G3 ; d the finest grid G4
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Preliminary offline phase

In the case of a moving load scenario, we assume P offline load positions, each identi-
fied by an active node n(p)h  , where a static load fy ​ is applied sequentially for p = 1, . . . ,P . 
As illustrated in Fig. 5 for an exemplary case with P = 4 , a circular load region L(p) is 
defined for each load position. The figure shows L(p = 2) , centered at n(p=2)

h  ​ with a pre-
defined radius RL​.

Fig. 4  Hierarchical grid-refinement strategy. The process begins on the coarse grid G1 , where MCTS identifies 
active nodes to define circular refinement regions for the finer grid G2 . The procedure is repeated across grids 
G3 ​ and G4 , progressively narrowing the design space
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Similarly, if any element em , m = 1, . . . ,M ,​ with M denoting the total number of ele-
ments, becomes damaged—meaning that any of its Young’s modulus Em , yield strength 
σy,m , or cross-sectional area decreases—a circular damaged region D(d) is defined. This 
region is centered at the midpoint coordinate of the damaged element ed ​, with a cho-
sen radius RD ​. A damaged region is also termed critical region, denoted Dcrit(d) , if the 
stress in element ed exceeds the yield strength σy,d ​ or the buckling threshold σcr,d ​ (in 
compression) for the current load configuration. The set of activated damaged elements 
is denoted with D.

In the presence of both moving loads and damage, the search region E(p) is defined as 
the union of load region L(p) and all critical regions Dcrit(d) . Although this union may 
consist of multiple disconnected areas, it is treated as a single search region. As shown in 
Fig. 5a, all nodes lying outside E(p = 2) are considered passive and are excluded from the 
optimization. Subsequently, as illustrated in Fig. 5b, H-MCTS is applied only to the inac-
tive nodes located within or on the boundary of E(p) , reinforcing both L(p) and Dcrit(d) . 
This produces an optimized structural layout adapted to the current load position and 
any potential damage scenario. At the end of each stage k , a safety check is performed 
for every element em , m = 1, . . . ,M ,​ within s(k)T  , verifying that stresses remain below the 
yield strength σy,m or the buckling threshold σcr,m (in compression).

The construction of the offline database requires performing an H-MCTS optimiza-
tion for each considered load position and potential damage scenario. Although this 
precomputation stage may involve a non-negligible computational effort, this does not 
affect the online deployment phase. Moreover, optimizations associated with different 
load positions are mutually independent and can therefore be executed in parallel, ena-
bling scalability to structures characterized by a higher number of loading or damage 
scenarios. Once the database is populated, the stored policies can be exploited online to 
rapidly synthesize near-optimal configurations with low computational cost.

Algorithm  1 outlines the offline pre-computation phase. Whenever an improved 
objective is found 

(

fk < f ∗(p)
)

 and all checks are satisfied, π∗(p) is updated and stored in 
database DB with f ∗(p).

Fig. 5  Exemplary offline data generation: a definition of the search region from load and critical regions; b 
optimized truss configuration obtained by H-MCTS at stage k = 2 and terminal state T = 7



Page 12 of 30Sedighzadeh et al. Adv. Model. and Simul. in Eng. Sci.            (2026) 13:4 

Online adaptation phase

The online adaptation phase aims to synthesize a near-optimal structural layout for pre-
viously unseen load locations. This is achieved without executing a full H-MCTS optimi-
zation; instead, the method relies solely on offline H-MCTS runs. First, the two 
neighboring load positions are identified to determine the loading bracket, i.e., the pair 

of active nodes 
(

n
(p−)
h , n

(p+)
h

)

 between which the actual load location lies, and for which 

precomputed policies are already available. The load is decomposed into equivalent 
nodal forces, denoted by f (−)

y  and f (+)
y  , applied to the active nodes forming the loading 

bracket. The magnitudes of these forces are obtained by reducing the original load pro-
portionally to the distance from the actual application point.

Algorithm 1: Offline pre‑computation phase

Figure 6a, b illustrate an exemplary retrieval of stored offline results associated with 
load positions p = 1 and p = 2 , respectively. A rule-based procedure is then used 
to construct the combined structure, as shown in Fig. 6c. In this step, the elements 
belonging to the initial configuration (see Fig. 5a) are preserved, while intersections 
between truss members from the two binary configurations are avoided. Whenever 
intersections occur, priority is given to the configuration closest to the applied load 
fy . The retained members are selected so that the resulting configuration remains kin-
ematically admissible, avoiding the loss of triangular substructures. Once obtaining 
the combined structure, its grid Gk is mapped onto a higher-resolution grid Gk+1 , and 
an online load region Lon(p) is defined (see Fig. 6d). In the example shown, the stress 
σ on
d  does not exceed either threshold; therefore, no online critical region Don

crit(d) is 
activated or included in the following steps.

Let us call approximation region the union of the online load region and all online 
critical regions:
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As shown in Fig. 6e, all inactive nodes located outside A(p) are marked as passive 
and removed from the optimization process. Only the nodes lying within or on the 
boundary of A(p) are retained. Similarly, all truss members outside A(p) are dis-
carded, except for those belonging to the initial configuration (see Fig. 5a). Members 
that lie within A(p) or intersect its boundary are preserved. If necessary, additional 
connections are created between active nodes to form triangular patterns that ensure 
structural stability. Within A(p) , generative grammar rules are applied subject to the 
maximum volume constraint Vmax and, potentially, additional local restrictions, such 
as a maximum allowed element length Lmax . The resulting layout, as exemplified in 
Fig. 6f, represents a near-optimal truss configuration generated efficiently from pre-
viously stored computations for unseen load positions (and potentially damage sce-
narios) while satisfying all stress checks.

Results
This section presents the computational results for a series of truss optimization prob-
lems. Section “Comparing alternative tree search selection strategies” compares the per-
formance of alternative UCT-based selection strategies. Section “Efficiency and solution 
quality of H-MCTS” evaluates the proposed H-MCTS framework and compares it with 
its standard, non-hierarchical counterpart. Sections “Progressive construction and load-
induced morphing” and 0 examine a bridge-like truss configuration for load-induced 
morphing and for structural adaptation in the presence of damage, respectively. Across 
the numerical experiments, performance is assessed in terms of design quality, learning 
dynamics, and computational cost. All experiments have been implemented in Python 
on a personal computer equipped with an Intel® Core™ i7-1165G7 CPU @ 

2.80 GHz and 16 GB RAM.

Comparing alternative tree search selection strategies

The UCT formulations introduced in Sect.  “Design space exploration: upper con-
fidence bounds for trees” are assessed on Case Study A, which has been previously 
examined in Refs. [26–28] and is summarized in Table 1. The domain size is expressed 
as (y× x) , where y denotes the number of rows and x the number of columns in the 
nodal grid. The planning horizon is denoted by T  , representing the maximum num-
ber of states explored by the algorithm. Two selection strategies are considered: the α
-only and MixMax formulations, given respectively by Eqs. (7) and (6). Each truss ele-
ment is assigned dimensionless Young’s modulus E = 104 , and a cross-sectional area 
A = 1 . The structure is subjected to a dimensionless concentrated load of magnitude 
10 , while self-weight is neglected.

Figure 7 illustrates the sequence of feasible designs generated from the learned opti-
mal policy using the MixMax selection strategy with parameters N = 800 , α = 0.1 , 
and β = 0.75 . For each configuration along the trajectory from the initial state s0 to 
the terminal state sT  , we report the corresponding maximum absolute displacement 

(8)A(p) = Lon(p) ∪





�

ed∈D

Don
crit(d)



.



Page 14 of 30Sedighzadeh et al. Adv. Model. and Simul. in Eng. Sci.            (2026) 13:4 

�U(�)�∞ and structural volume V  . For this benchmark case, the cardinality of the 
state space, defined as the number of valid terminal states obtained through an 
exhaustive search, is 1,433,800 . The associated optimal objective �U(�)�∞ ​ is adopted 
as the ground truth for evaluating the MCTS performance.

Table 2 summarizes the MCTS results in terms of structural displacement trends, 
design performance, and computational cost for the two UCT formulations, based on 
five independent training runs. The displacement trend charts illustrate the evolution 
of the design objective �U(�)�∞ ​ as the number of training episodes increases. The 
mean displacement for the best-performing α value is shown as a solid line, while the 
shaded area denotes the one-standard-deviation interval. The value of β for UCTαβ

j  is 
kept fixed based on a prior parameter investigation. The dashed line marks the global 
optimum from exhaustive search. The MixMax strategy converges to the global opti-
mum within 400 episodes, whereas the α-only strategy does not reach it even after 
10,000 episodes. The required number of episodes depends on the complexity of the 
case study and has been determined through an initial extended training run to asses 
convergence.

Design performance is further assessed in terms of objective ratio, defined as the per-
centage ratio between the global optimum �U(�)�∞ ​ and the displacement �U(�)�∞ 

Fig. 6  Exemplary online adaptation: a, b retrieval of stored configurations for load positions p = 1 and p = 2 ; 
c construction of the combined structure under rule-based merging; d mapping to grid Gk+1 and definition 
of the online load region​, with no activation of the critical region; e definition of the approximation region by 
removing passive nodes and external members; f generated near-optimal truss
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achieved by the learned policy. This metric quantifies the proximity of the maximum 
absolute displacement at each episode to the optimal objective. The curves correspond-
ing to different values of α represent the averaged objective ratio over independent train-
ing runs, thereby providing insights into its impact.

The computational cost is quantified in terms of average number of FE evaluations. In 
this study, the strategy used to count FE evaluations differs from that adopted by Garay-
alde et  al. [29]. In their work, FE analyses were performed only at the terminal node 
sT , after its selection. In contrast, we perform FE evaluations for every newly populated 
node that passes the feasibility checks. Consequently, each intermediate state undergoes 
FE analyses, enabling us to monitor the progressive objective improvement from the ini-
tial configuration s0 ​ to the terminal state sT . In this way, MCTS receives richer informa-
tion during backpropagation, strengthening the learning signals. Although this increases 
the total number of FE evaluations, the overall computational cost is alleviated by the 
proposed hierarchical approach, as demonstrated in the following section.

Table 3 reports the values of objective ratio; percentile score, which measures the abil-
ity of the algorithm to navigate the search tree (for example, a percentile score of 95% 
indicates that the final design sT ​ performs better than 95% of all configurations identified 
through exhaustive search); and average elapsed time, which provides additional insight 
into computational effort.

The MixMax policy outperforms the α-only formulation in terms of both design per-
formance and search efficiency, while also requiring substantially lower computational 
effort. MCTS with UCTαβ

j  achieves an objective ratio of 100% , i.e., the global optimum, 
whereas UCTα

j  attains a lower performance. Nevertheless, UCTαβ
j  requires an average 

of 780 FE evaluations and about 23 seconds, while UCTα
j  requires 19,570 FE evaluations 

and about 320 seconds. Compared with Garayalde et al. [29], the difficulty in their study 
in recovering the optimal layout, resulting instead in a close suboptimal solution, can 
therefore be attributed to the exclusive use of UCTα

j ​.
The superior performance of the MixMax policy can be attributed to its ability to​ 

enhance tree navigation by balancing the trade-off between the average reward and the 
best-seen reward. This capability becomes especially relevant in problems with large 
branching factors, where the global optimum may lie within regions with low average 

Table 1  Case study A—problem setup

Domain size (y × x) Planning horizon (T) Max volume constraint (Vmax)

5× 5 4 480

Fig. 7  Case study A—learned sequence of structural configurations under MixMax selection strategy
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reward and thus be overlooked by an α-only policy​. It is also worth highlighting that 
UCT

αβ
j  ​ tends to achieve its best performance for values close to β = 1 , as the exploita-

tion term is fully concentrated on the best-seen reward.

Efficiency and solution quality of H‑MCTS

In this section, we focus on several case studies, all addressed using H-MCTS with the 
MixMax tree policy. The parameters employed at each H-MCTS stage are reported in 
Table 4. For all case studies, we adopt the same material properties and load magnitude 
used in Sect. “Comparing alternative tree search selection strategies”. The effectiveness 
of H-MCTS is then assessed through comparison with the baseline MCTS.

Figure  8 illustrates how the seed configuration and the corresponding objective 
improve from stage 1 to stage 4 for Case Study B. At each stage, once the terminal state 
s
(k)
T  is reached for k = 1, . . . , 4 , the resulting structural layout exhibits symmetric geom-

etry, reflecting the symmetric boundary conditions and thereby indicating the quality of 
the synthesis process.

Overall, the quality of the structural configuration tends to improve as the number 
of nodes available in the design domain increases. For example, applying single-stage 
MCTS to Case Study B on a finer 17× 21 grid (see Fig.  9c) reduces the maximum 
displacement from 0.2621 on the coarse 3× 9 grid (see Fig.  8) to 0.2426 . However, 
Fig.  9c also shows that the structural layout generated by standard MCTS does not 
preserve symmetry. This asymmetry results from the suboptimal exploration in high-
resolution design spaces. Moreover, attempts to apply standard MCTS on finer grids 
exhibit premature termination or failure to complete the optimization process [29]. 
The proposed H-MCTS framework overcomes these limitations through a stable and 
progressive exploration of increasingly finer grids, ultimately reaching a resolution of 
26× 21 . As shown in Fig. 9a, H-MCTS achieves a 19.1% reduction in the maximum 
absolute displacement compared to single-stage MCTS. In addition, Fig. 9b demon-
strates that the computational time required by H-MCTS is substantially lower, yield-
ing a reduction of nearly two hours despite the finer grid.

The generalizability of H-MCTS is further assessed on benchmark Case Studies 
(C–F), adapted from previous research on truss optimization using MCTS, Q-learn-
ing, and deep Q-learning [27, 28, 33]. The problem specifications for all case studies 
are shown in Fig.  10, in terms of discretized design grid, initial truss configuration, 
loading conditions, and maximum allowable volume. The hierarchical optimization 
results for these benchmarks are also reported in this figure, which displays the final 
truss configurations obtained at the end of each H-MCTS refinement stage together 
with the corresponding transition radii Rk→k+1.

Table 3  Case study A—objective ratio, percentile score, and average elapsed time for the two tree 
policies

UCT​ α β �U(�)�
∞

Objective ratio 
[%]

Percentile score 
[%]

Elapsed 
time [s]

MixMax policy 0.1 0.75 0.039 100 100 23

α-only policy 0.5 — 88.783 99.962 320
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Figure 11 presents the evolution of the design objective across successive H-MCTS 
stages for Case Studies (C–F). The results demonstrate a consistent improvement in 
the design objective as the search progresses through increasingly refined grids. Com-
pared to standard MCTS, Q-learning, and deep Q-learning [27, 28, 33], the H-MCTS 
framework proves more effective, matching the performance of these methods in the 
first stage and surpassing them in the subsequent ones. The computational cost at 
each H-MCTS stage, in terms of number of FE evaluations, is also reported.

Case Study C exhibits the largest improvement, with the best policy π∗ at the fourth 
H-MCTS stage yielding a 27.6% reduction in the design objective (see Fig.  11). For 
the other case studies, the best-performing configuration is generally achieved by the 
third stage. Moreover, for Case Study F, H-MCTS can not reproduce the first-stage 
optimal layout identified through exhaustive search [29], attaining an objective ratio 
of 92.72% . However, this still surpasses the 90.44% achieved in [29], an early advantage 
attributed to the use of the MixMax tree policy. This initial shortfall is then addressed 

Table 4  Case studies (B–F)—H-MCTS parameters at each stage; parameter β is set to 1 for all stages

Case study Stage k Grid Gk αk Episodes Nk

B 1–4 3× 9 ; 5× 17 ; 11× 21 ; 26× 21 0.2 ; 0.1 ; 0.05 ; 0.05 1000 each

C 1–4 4× 3 ; 7× 5 ; 11× 11 ; 16× 21 0.3 ; 0.1 ; 0.05 ; 0.05 150 ; 400 ; 600 ; 
800

D 1–3 5× 3 ; 9× 5 ; 17× 9 0.3 ; 0.1 ; 0.05 400 ; 1000 ; 1400

E 1–3 5× 5 ; 9× 9 ; 17× 9 0.5 ; 0.1 ; 0.05 1000 ; 1500 ; 2000

F 1–3 7× 7 ; 13× 13 ; 13× 25 0.1 ; 0.1 ; 0.05 1000 each

Fig. 8  Case study B—progressive refinement of truss configurations across four H-MCTS stages, from the 
seed layout to the stage-wise optimal designs, under a fixed maximum allowed volume

Fig. 9  Case study B—comparative performance of H-MCTS and standard MCTS: a maximum absolute 
displacement objective; b elapsed time and number of required FE evaluations; c final truss configuration 
obtained by standard MCTS on the 17× 21 grid, illustrating an asymmetric solution
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through subsequent refinements, ultimately resulting in a 12.6% reduction in the max-
imum absolute displacement by the final stage.

As shown in Fig.  11, the computational effort generally increases with each opti-
mization stage. This is expected, since refinements add inactive nodes within struc-
turally promising zones, thereby increasing the branching factor of the search tree. 
Consequently, more FE evaluations are required to adequately explore the enlarged 
design space. For instance, in Case Study D, the number of inactive nodes increases 
from 11 in the first stage to 22 in the second and 60 in the third. Similarly, the number 
of FE evaluations increases from 744 in the first stage to 2836 in the second and 3264 
in the third. These increases also reflect the presence of multiple competitive design 
alternatives, which makes it more challenging to discriminate between closely per-
forming configurations.

Here, H-MCTS addresses this increasing complexity by progressively enhancing 
exploitation through reduced values of the α parameter at higher levels of the hierar-
chy (see Table 4), thereby narrowing the search toward the most promising branches 
of the tree. At the same time, β is kept fixed at 1 to reinforce the preference for actions 
associated with the best-observed rewards. These simple adjustments ensure that 
computational effort is progressively concentrated toward search paths that yield sub-
stantial reductions in the design objective.

Interestingly, Case Study E exhibits a declining trend in the number of FE evalua-
tions across successive stages (see Fig. 11)—namely, 1609 , 415 , and 295 for the first, 
second, and third stages, respectively. This behavior is attributed to the low com-
plexity of the promising regions identified through grid refinements. Indeed, the 
number of inactive nodes remains relatively low throughout the three stages ( 22 , 
26 , and 22 in the first, second, and third stages, respectively), preventing an exces-
sive growth in the number of design alternatives. This enables more focused explo-
ration and accelerates convergence toward the optimal policy. As shown in Fig. 12, 
the learning process stabilizes after the first stage. Initially, the training features sig-
nificant oscillations in the accumulated reward; however, the second stage displays 
a rapid and steady performance increase, indicating that the algorithm leverages the 
refined knowledge gained earlier more efficiently. The third stage further consoli-
dates this improvement showing minimal variability.

Table 5 reports an exemplary phase-by-phase timing breakdown across the three 
hierarchical levels of Case Study D. The predominance of simulation time arises 
from the repeated validation of candidate actions. During rollouts, newly gener-
ated children are first subjected to geometric and constraint checks (such as action 
admissibility, domain conformity, and element-length requirements) [29]. If a child 
node satisfies these checks, it is then populated through FE assembly and solution 
to compute displacements and stresses. Because many candidates are evaluated and 
both feasibility checks and FE analyses are performed at each step of the rollout, the 
simulation phase emerges as the most time-consuming component of the optimiza-
tion process.
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Progressive construction and load‑induced morphing

Another potential of MCTS-based strategies for truss design lies in their progres-
sive nature [29], mimicking additive manufacturing processes [43]. This capability is 
demonstrated here through a bridge-like truss example. We consider truss members 
made of Eurocode IPE 80 profile (cross-sectional area A = 7.64 cm2 , second moment 
of area I = 8.49 cm4 , and radius of gyration rg = 1.05 cm ) in structural steel S235 , with 
mechanical properties: density ρ = 7850 kg

m3 ; yield strength σy = 235 MPa ; and Young’s 
modulus E = 210 GPa.

In contrast to the previous case studies, where the seed configuration covered the 
design domain in compliance with the assigned boundary conditions, the present 
setting allows the seed configuration to grow progressively. As shown in Fig. 13, the 

Fig. 10  Case studies (C–F)—initial layouts and synthesized solutions at the end of each H-MCTS stage
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seed layout is not pre-connected to the target support node; rather, the structure 
must develop toward it through sequential assembly. This setup introduces additional 
complexity: the loading condition is not fixed, and the agent must evaluate the per-
formance of intermediate construction stages by balancing the stiffness gained from 
newly added members against the corresponding increase in weight. Despite these 

Fig. 11  Case studies (C–F)—stage-wise reduction in the maximum absolute displacement objective and 
corresponding number of FE evaluations throughout the H-MCTS optimization process

Fig. 12  Case study E—evolution of the reward accumulated over training for the three consecutive stages. 
Results are averaged over batches of 25 episodes
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changes, the objective remains to minimize the maximum absolute displacement for 
the final configuration.

Practical constraints reflecting fabrication, transportation, and on-site assembly 
limitations are incorporated by restricting the maximum volume of the structure and 
the maximum length of individual elements, as reported in Table 6. Moreover, a cen-
tral passive area is introduced in the domain to represent the void below the deck.

Following the setup of Garayalde et al. [29], the algorithm is implemented using the 
UCTα

j  selection scheme with α = 0.3 , and the training is carried out over 1000 epi-
sodes. The sequence of intermediate configurations from the initial state to the final 
design is shown in Fig. 13. The resulting terminal state s12 corresponds to the global 
optimum obtained via exhaustive search. This configuration serves as the starting 
point for the subsequent morphing process.

Load-induced morphing is performed with reference to a point mass of 5000kg , 
mimicking a moving vehicle. The objective is to improve the objective ratio by locally 
modifying the topology in the region close to the traveling load. To ensure these 
adjustments remain confined to the already developed structure, the central pas-
sive area is preserved, and the top-left and top-right corners of the domain are also 
enforced as passive, as illustrated for the terminal state s12 in Fig. 13.

Morphing is achieved through the offline–online decoupling. Offline, the algorithm 
exploits the remaining mass available after progressive construction (see Table  6). 
Since the final configuration s12 has a mass of 313.36kg and the maximum allowable 
mass is Mmax = 361.1kg , a residual budget of 47.74kg is available for local reinforce-
ment. These resources are exploited to respond to the point mass statically applied 
at four hinge positions along the deck (see Fig. 14), indexed as p = 1, . . . , 4 . For each 
loading case, H-MCTS is executed up to the second refinement level using a fine 7× 9 
grid, with α = 0.1 , β = 1 , and 1000 episodes per level. The resulting optimal truss con-
figurations form a database of binary solutions associated with the prescribed load 
locations.

In the online phase, an additional extra mass allowance of 47.1kg is introduced to 
enable further potential modifications, as clarified below. New layouts for previously 
unseen, intermediate load positions are generated by interpolating the two nearest 
offline solutions and subsequently projecting the result onto a refined 7× 17 grid.

The set of optimized and interpolated configurations is shown in Fig. 14, illustrating 
the morphing of the truss topology as the load travels along the deck. The layouts adapt 

Table 5  Case study D—timing breakdown for each H-MCTS phase across three hierarchical stages; 
the predominance of simulation time is highlighted in bold

MCTS phase Elapsed time [s]

First stage Second stage Third stage

Selection 0.025 0.222 0.866

Expansion 0.517 1.549 8.229

Simulation 11.223 57.857 196.414
Backpropagation 0.009 0.235 0.598

Total 11.774 59.862 206.106
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by locally reinforcing the regions near the applied load while preserving the global struc-
tural form. Symmetric loading conditions lead to symmetric layouts, as well as to the 
same depth of the explored search tree in the offline phase (i.e., the number of decision 
steps required to reach the final designs).

Table 7 reports comparison results obtained through full H-MCTS optimizations per-
formed on the same grid using α = 0.05 , β = 1 , and N = 1000 . For each intermediate 
load location, we report the structural mass, the maximum absolute displacement, the 
elapsed time for the H-MCTS run, and the design accuracy of the interpolated layout 
relative to the corresponding H-MCTS solution. While each H-MCTS optimization 
requires approximately one to three minutes of computation, the interpolated designs 
are generated instantaneously, as they rely solely on combining and projecting the stored 
offline solutions. Across all cases, interpolation achieves an average accuracy of 88.83% , 
with the highest value of 90.87% obtained at the symmetric load coordinates (2.5, 3.75 m) 
and (7.5, 3.75 m) . The interpolated configuration corresponding to the central hinge 
(5, 3.75 m) is the only one that requires additional structural mass beyond the initial 
maximum allowable mass of Mmax = 361.1kg . This is due to the need for supplemen-
tary members to redistribute internal forces and reduce the resulting displacement. It is 
important to note that without exceeding Mmax , the additional elements would simply 
increase the structural weight without reducing the maximum absolute displacement. 

Fig. 13  Bridge-like case study—sequence of truss configurations under self-weight, passive nodes in red

Table 6  Bridge-like case study—design constraints, applied moving load, and extra mass allowance

Max. volume (Vmax) 
[

m3
]

Max. element length (Lmax) [m] Applied load (f y) 
[

kN
]

Extra mass 
[

kg
]

0.046 2.5 49.05 47.1
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For all the other cases, the interpolated configurations remain below the initial mass 
threshold Mmax.

Damage‑aware structural adaptation

With reference to the same bridge-like truss considered in the previous section, we now 
introduce the possibility of further structural adaptation under a representative damage 
scenario. In this study, the damage mechanism is assumed to reflect thermal degrada-
tion due to high-temperature exposure. Even in the absence of visible failure, elevated 
temperatures can compromise the internal microstructure of steel, resulting in reduced 
stiffness and strength. To capture this effect, the Young’s modulus and yield strength of 
the damaged members are reduced to E = 84GPa and σy = 141MPa , respectively. We 
acknowledge that this representation of temperature-induced damage is simplified, as 
real effects may also involve additional phenomena such as residual stresses, creep, and 
geometric distortions.

To detect and address this degradation, the algorithm first identifies the damaged ele-
ment and evaluates whether it is critical. If either the reduced yield strength is exceeded 
or, for members in compression, the critical buckling stress is exceeded, the damaged 
element is classified as critical. In the offline phase, if the damaged element is not criti-
cal, optimization proceeds as before, with a mass limit of Mmax = 361.1kg . Conversely, 
if the element is classified as critical, this limit is relaxed by introducing the additional 
mass allowance of 47.1kg for localized reinforcement. The selection parameters, grid 
resolutions, and number of training episodes remain unchanged from the previous sec-
tion. During the online approximation phase, in which two neighboring layouts are com-
bined and further strengthening may be required in critical zones, the available mass 
budget is further increased to Mmax = 471kg to accommodate on-demand reshaping.

Fig. 14  Load-induced morphing—results for each loading position, showing morphing of the truss 
topology under offline H-MCTS solutions (black arrows) and interpolated layouts (red arrows)
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As shown in Fig. 15a for a pilot case, the damaged member e1 exceeds its critical buck-
ling stress for the load applied at node n(p=2)

h  . A circular critical region is defined around 
it, and offline H-MCTS is executed within both the load region and the critical region. 
The optimized configuration obtained at the second refinement stage achieves a 9.44% 
reduction in maximum absolute displacement relative to the coarse-grid outcome and 
a 13.70% reduction compared with the seed layout, demonstrating the effectiveness of 
localized refinement. Figure 15b presents the axial stress distributions for the initial and 
optimized configurations under the same loading condition, with tension and compres-
sion indicated by blue and red members, respectively. H-MCTS reinforces not only the 
damaged members but also intact slender elements that would otherwise buckle. In 
particular, the slender member e2 violates its buckling limit in the seed configuration; 
H-MCTS subdivides it into shorter segments, increasing its capacity from 36.56 to 
146.24 MPa.

To evaluate the evolution of stresses in the damaged member as the load travels across 
the deck, Fig. 16 tracks the corresponding axial stress before and after optimization for 
each load position. The light-colored bars represent the stress magnitude in the dam-
aged element for the initial configuration, whereas the dark-colored bars correspond 
to the optimized layouts obtained by either offline H-MCTS or online approximation, 
depending on the load case. The damaged element is classified as critical for loads 
applied from p = 2 to p = 3 , which requires activation of the critical region in both the 
offline and online optimization phases. Accordingly, distinct offline solutions must be 
stored for scenarios without damaged elements and for those with an activated critical 
region. After optimization, the stress in the damaged element is substantially reduced 
for all critical cases. The stress is not reported for p = 4 since the damaged element is 
under tension.

An exemplary approximated layout for the intermediate loading position 
(5.625, 3.75m) is shown in Fig. 17. This configuration is obtained by combining the two 
binary solutions optimized for loads applied at nodes n(p=2)

h  and n(p=3)
h  . Since the dam-

aged element e1 is critical for this loading location, the online approximation region 
includes both the load and damaged regions. The available mass budget thus enables 

Table 7  Load-induced morphing—performance comparison between interpolated and H-MCTS-
derived truss configurations across all intermediate load positions

Intermediate 
load position

Mass [kg]
(Mmax = 361.1 kg)

Max. Abs. displacement 
[mm]

Elapsed time [min] Design 
accuracy 
[%]

Approx H-MCTS Approx H-MCTS H-MCTS

(1.875, 3.75) 357.91 360.16 0.92 0.81 1.37 88.62

(2.5, 3.75) 352.61 360.16 1.37 1.24 2.52 90.87

(3.225, 3.75) 358.13 357.57 1.83 1.64 3 90.01

(4.375, 3.75) 354.38 361.05 1.92 1.66 1.42 86.41

(5, 3.75) 404.24 357.44 1.71 1.50 1.58 87.64

(5.625, 3.75) 354.38 361.05 1.92 1.66 1.22 86.41

(6.875, 3.75) 358.13 357.57 1.83 1.64 3.43 90.01

(7.5, 3.75) 352.61 360.16 1.37 1.24 2.08 90.87

(8.125, 3.75) 357.91 360.16 0.92 0.81 1.32 88.62
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grammar-compliant structural modifications within these regions. The resulting design 
reduces the axial stress in the damaged element by 68.80% and decreases the maximum 
absolute displacement from 2.19 to 1.82mm.

The complete set of optimized configurations for all loading positions is shown in 
Fig. 18. Yellow-highlighted members denote damaged but non-critical elements, while 
red-highlighted members identify critical elements. When the critical region is not trig-
gered, both H-MCTS and the interpolation procedure yield symmetric layouts; however, 
symmetry is no longer observed once the critical region is triggered. The largest dis-
placement occurs for load position p = 2 , where it decreases from 2.59mm in the seed 
configuration to 2.24mm after optimization. The best-performing approximation corre-
sponds to the load at (5.625, 3.75m) , shown in Fig. 17.

Fig. 15  Damage-aware adaptation: a seed layout and second-stage optimized configuration under loading 
at node n(p=2)

h  , with details of the load and critical regions; b corresponding axial stress distributions, showing 
stress reduction achieved via reinforcement of damaged and slender elements

Fig. 16  Damage-aware adaptation—stress magnitude in the damaged element before (light-colored bars) 
and after (dark-colored bars) adaptation for each load position
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Conclusions
This paper has introduced a Hierarchical Monte Carlo Tree Search (H-MCTS) frame-
work for truss topology optimization that integrates grammar-guided actions, staged 
grid refinements, and an offline–online morphing strategy. The proposed approach ena-
bles efficient navigation of large design spaces while ensuring structural feasibility at 
every intermediate configuration.

The framework has been validated on benchmark problems drawn from previous 
research studies using classical MCTS [29], Q-learning [27], and deep Q-learning [28]. 
Across all examined case studies, the MixMax tree policy has consistently outperformed 
the α-only formulation, demonstrating that emphasizing exploitation with α values 
around 0.1 and β equal to 1 allows the discovery of high-quality designs with substan-
tially fewer finite element evaluations. Moreover, the proposed hierarchical refinement 
strategy efficiently mitigates the curse of dimensionality that limits standard MCTS on 
dense grids and, in the refined stages, consistently surpasses its performance while sig-
nificantly reducing the computational burden relative to baseline MCTS.

The framework has been further assessed on a bridge-like truss undergoing progres-
sive construction, moving loads, and localized damage. The proposed offline–online 
morphing strategy has enabled rapid adaptation to shifting load positions based on 
offline precomputations. The resulting online-interpolated layouts have achieved an 
average accuracy of 88.8% relative to full H-MCTS solutions. Additionally, in the pres-
ence of material degradation, the damage-aware extension has successfully identified 
and reinforced critical regions, reducing stresses in compromised members by up to 
72.8%.

Future developments may extend the framework to variable member profiles, poten-
tially exploiting reusable component inventories to support circular and resource-effi-
cient design strategies [44]. In a similar spirit, the approach could be generalized to 
three-dimensional domains, where deep learning–assisted policy networks may guide 
the search in significantly larger action spaces. Additional research directions include 
the integration of continuous-domain representations, for instance via kernel regression 
[34], as well as the incorporation of dynamic loading scenarios to enable adaptive struc-
tures capable of maintaining high performance under realistic, time-varying environ-
ments. A further promising direction involves extending the framework to account for 
uncertainties in material properties and external loads, allowing the synthesis of truss 
configurations that remain robust under varying operational conditions.

Fig. 17  Damage-aware adaptation—approximated layout for an exemplary intermediate load case, with 
details of critical region reinforcement and the resulting performance improvement
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