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Abstract—Population-based metaheuristics rely heavily on the
quality of their solution initialization; however, traditional strate-
gies scatter solutions uniformly across the search space without
exploiting the problem structure, which may limit their search
ability. Therefore, in this paper, we propose Tensor-Based Ini-
tialization (TBI). This technique approximates high-dimensional
fitness landscapes through a low-rank approximation tensor,
which divides the input tensor into three components: C (sampled
columns/slices), U (a small interlinking core), and R (sampled
rows) (CUR). Unlike traditional decomposition methods, such as
the Singular Value Decomposition (SVD), CUR preserves inter-
pretability by using actual data elements as basis vectors rather
than abstract/eigenvector factors. Therefore, TBI breaks down
problems into smaller, easier-to-handle groups of dimensions.
It then samples the search space at different levels of detail
and combines these samples to build a rough picture of where
good solutions are likely to be, without evaluating every possible
point. By embedding this approach in optimization algorithms,
the proposed framework works in three steps: first, a quick
exploration finds diverse candidate regions using the optimizer,
second, TBI refines those regions, and third, the optimizer
starts from those informed regions instead of random points.
Experiments on 29 standard test problems show that TBI helps
find better solutions, winning on 16 problems while losing on
only 1 when comparing the best results found. TBI adds only a
small cost (about 3.4% of the total computation) and works best
on problems that have underlying patterns it can exploit.

Index Terms—Metaheuristic initialization, tensor decomposi-
tion, CUR decomposition, population-based optimization, land-
scape approximation

I. INTRODUCTION

Many engineering and scientific challenges require finding
the best possible solution within a vast continuous, bound
constrained search space [1]–[4]. Consider designing the shape
of an aircraft wing to minimize drag while maintaining lift [5],
tuning hyperparameters in a deep neural network to minimize
prediction error [6], [7], or adjusting process parameters in
physical experiments to maximize yield [8]. These problems
share a common mathematical structure: they seek to min-
imize (or maximize) an objective function f(x) where the
decision variables x ∈ RD lie within bounded intervals
[xmin, xmax]

D. Such problems are called continuous bound-
constrained single-objective optimization problems.

When the objective function is smooth (differentiable) and
convex, classical gradient-based methods can locate the opti-
mum efficiently by following the steepest descent direction [9].

However, many practical problems have an objective function
that is neither convex nor smooth [1]. Their fitness landscapes
are rugged, filled with multiple peaks and valleys (multi-
modal), and the gradient either does not exist because the
function lacks differentiability or points toward misleading
local minima [10], [11]. This fundamental limitation has driven
researchers toward a different class of techniques: metaheuris-
tic algorithms.

Metaheuristic algorithms, such as Particle Swarm opti-
mization (PSO) [12] and Differential Evolution (DE) [13],
take a fundamentally different approach. Instead of following
gradients, they maintain a population of candidate solutions
that explore the search space collectively. These candidates
share information, compete, and evolve over many iterations,
gradually converging toward high-quality regions. Because
they require no gradient information, metaheuristics can tackle
black-box problems where the objective function’s internal
structure is unknown [14]. Their flexibility and robustness have
made them indispensable tools for complex optimization tasks
across science and industry. Yet, metaheuristics have a well-
documented weakness: their performance depends critically on
where the search begins, known as initialization [3], [15].

Traditional initialization strategies like Latin Hypercube
Sampling (LHS) [16] and Opposition-Based Learning (OBL)
[17] treat the search space uniformly and attempt to spread
the initial population as evenly as possible across the search
space [15], [18]. These methods are simple, fast, and require
no prior knowledge about the problem structure. However, this
very generality is also their weakness. By treating every region
of the search space as equally promising, uniform strategies
ignore any structure or existing knowledge the problem might
have.

Recognizing this limitation, researchers have turned to data-
driven initialization methods that attempt to learn where good
solutions might lie. Clustering-based approaches [19], [20]
first scatter an exploratory sample across the space, then group
the results to identify promising regions.

Deep learning methods [21], [22] train neural networks
on historical optimization trajectories to predict good starting
points for new problems. Another direction is using generative
models like Generative Adversarial Networks (GANs), which
have been mainly integrated with metaheuristics to generate



new data [23]–[25] either for initialization or to introduce new
solutions.

These learning-based methods represent genuine progress,
yet they share a fundamental limitation: they learn from solu-
tion data rather than from the objective landscape itself, and if
the quality of the collected data is bad, they tend to perform
badly [21]. Additionally, clustering still relies on an initial ran-
dom exploration phase whose quality is unpredictable. Deep
learning requires large training datasets from similar problems,
which may not exist for novel applications. GANs suffer from
instability and mode collapse [26]. Crucially, none of these
methods constructs an explicit, lightweight approximation of
the fitness landscape that could guide initialization directly and
efficiently.

What is needed, therefore, is a method that can (1) learn
the structure of the objective landscape from a small number
of function evaluations, (2) identify promising regions before
the main optimization begins, and (3) adapt to arbitrary
problem transformations without requiring historical data or
prior knowledge of where the optimum lies. If such a method
existed, it could provide metaheuristics with an informed start-
ing population-one that is already concentrated in high-quality
regions- thereby accelerating convergence and improving final
solution quality.

This paper proposes exactly such a method, a TBI frame-
work that approximates high-dimensional fitness landscapes
through CUR tensor decomposition. We treat the discretized
search space as a tensor (a multi-dimensional grid) whose
entries represent objective function values at grid points. TBI
partitions the decision space into dimension groups, for exam-
ple, a 30-dimensional problem might be split into three groups
of 10 dimensions each or five groups of 6 dimensions, since
handling all 30 dimensions together would be computationally
infeasible. TBI applies CUR independently to each group and
fuses the results to identify promising regions for initialization.

We integrate TBI with RDEx [14], a state-of-the-art Differ-
ential Evolution variant. The combined system, TBI-RDEx,
operates in three phases: (1) a scouting phase (a quick
exploration to find diverse candidate regions) using RDEx
with minimal budget to identify candidate regions, (2) tensor
approximation to refine candidates through low-rank recon-
struction, and (3) full RDEx optimization from the informed
starting population. The tensor phase consumes approximately
3% of the total evaluation budget.

We validate TBI-RDEx on the CEC2025 benchmark suite
comprising 29 functions in 30 dimensions across 25 inde-
pendent runs. TBI-RDEx achieves the best Friedman ranking
(2.25) among five algorithms, with statistical significance at
α = 0.01 (p = 0.0023). Against baseline RDEx, TBI-RDEx
yields a 14:1 win-loss ratio; against iEACOP, it wins on 25 of
29 functions (86.2%). These results confirm that tensor-based
landscape approximation meaningfully enhances metaheuristic
initialization.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work on initialization strategies and
tensor decomposition methods in evolutionary computation.

Section III presents the proposed TBI framework in detail,
beginning with mathematical preliminaries and progressing
through a step-by-step construction of the algorithm. Sec-
tion IV describes the experimental setup and presents com-
prehensive results, including statistical significance tests and
performance analysis across function types. Finally, Section V
concludes the paper with a summary of findings and directions
for future research.

II. RELATED WORK

This section gives a brief review of existing related work.

A. Learning-Based initialization

Data-driven initialization methods improve upon uniform
sampling by attempting to identify promising regions before
optimization begins. Clustering approaches [19], [20] partition
an initial exploratory sample to detect high-quality or diverse
regions. Premkumar et al. [22] combine K-means preprocess-
ing with Grey Wolf Optimiser, while Guo et al. [27] apply
dimensionality reduction via truncated Single Value Decom-
position T-SVD followed by clustering for neural architecture
search.

Deep learning methods offer more sophisticated pattern
recognition. Oyelade et al. [21] train LSTMs on historical op-
timization trajectories to generate initial populations, achiev-
ing faster convergence on CEC benchmarks. Reinforcement
learning variants [28], [29] learn initialization policies through
interaction with the search process.

While effective, these approaches share common limitations.
Clustering relies on an initial random exploration phase, deep
learning requires large training data from similar problems,
and RL consumes computational overhead during search.
None constructs an explicit approximation of the fitness land-
scape to guide initialization

B. Matrix and Tensor Decomposition

Mathematical decomposition for initialization remains
largely unexplored. Mu et al. [30] applied PCA for dimen-
sionality reduction before PSO, but this transforms the search
space rather than initializing within it. Huang et al. [31] used
SVD for NMF-specific optimization, not general benchmarks.

Tensor methods have emerged for evolutionary computation,
though not for initialization. Wang et al. [32] decompose deci-
sion spaces to coordinate sub-populations during search, while
their later work [33] uses tensor prediction for dynamic multi-
objective problems. These operate on evolving populations, not
on approximating the objective landscape itself.

Li et al.’s EVOLER [9] is the closest work, using low-
rank representation to identify attention subspaces. However,
EVOLER constructs sampling grids centred on predefined
regions, failing when optima are shifted from the search space
centre. Our TBI framework addresses this by first scouting
the landscape via brief metaheuristic exploration, then apply-
ing tensor reconstruction around multiple data-driven centres
where initial promising solutions were actually found.



III. METHODOLOGY

This section presents the TBI framework, a novel popula-
tion initialization strategy that exploits the structure of high-
dimensional search spaces through tensor representations. We
first illustrate the core concepts through a 2D numerical exam-
ple, then present the complete high-dimensional framework.

A. Mathematical Preliminaries

We adopt standard tensor notation from Kolda et al. [34] for
definitions of mode-n matricization and TTM products. CUR
decomposition approximates the matrix F ∈ RM×N where M
is the number of rows and N is the number of columns, as
F̂ = CU†R, minimizing Frobenius norm reconstruction error.

B. CUR-Based Landscape Approximation: A 2D Example

To build intuition, we illustrate CUR decomposition on the
shifted sphere function f(x1, x2) = (x1 − 30)2 + (x2 − 50)2

over the domain [−100, 100]2, discretized into an L = 8 uni-
form grid. This creates landscape matrix F ∈ R8×8 as shown
in Fig. 1, requiring 64 function evaluations for exhaustive
sampling. Values are min-max normalized to [0, 10] via:

fnorm =
f − fmin

fmax − fmin
× 10 (1)

where fmin = 218 at (43, 43) and fmax = 39400 at
(−100,−100). The global minimum is marked with ⋆.
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Fig. 1. A 2D objective function landscape discretized on an 8×8 grid (L=8).
The colour gradient represents function values, with the global minimum
marked by a star. Exhaustive evaluation requires 64 function evaluations.

To avoid exhaustive evaluation, we apply CUR decompo-
sition in four steps, illustrated in Fig. 1 (Input) and Fig. 2
(Reconstruction):

1) Index Selection: We select s = 3 representative indices
Is via stratified sampling, which divides the grid into s
equal regions and selects one representative from each
Is = {⌊(i+ 0.5) · L/s⌋ | i = 0, . . . , s− 1}. This yields

Icol
s , Irows

s = {1, 4, 6}, ensuring coverage of boundaries
and center, unlike random sampling, which may leave
gaps.

2) Decomposition: We construct three matrices by evalu-
ating f(x) only at specific intersections:

• Column matrix C = F [:, Icol
s ] ∈ R8×3

• Row matrix R = F [Irow
s , :] ∈ R3×8

• Core matrix U = F [Irow
s , Icol

s ] ∈ R3×3

This requires only M · s+N · s− s2 = 39 evaluations,
a 39% reduction from the full grid.

3) Weight Learning: We compute the Moore-Penrose
pseudoinverse [35] U† using Singular Value Decompo-
sition (SVD): if U = VΣW⊤, then U† = WΣ−1V⊤,
where Σ−1 inverts the non-zero singular values and V
and W are the orthogonal matrices of left and right sin-
gular vectors. Intuitively, U† learns the optimal weights
to fill in missing entries by minimizing reconstruction
error.

4) Reconstruction: The full landscape is approximated as
F̂ ≈ C × U† × R as seen in Fig.2. The minimum is
identified from F̂ rather than an exhaustive search.

C. Scaling CUR to High-Dimensional Problems

1) The Dimensionality Challenge: In Section III-B, we
represented a 2D landscape as a matrix F ∈ RL×L, where
each axis corresponded to one dimension of the search space.
CUR decomposition exploited the matrix structure to reduce
evaluations from L2 to approximately 2 · L · s− s2.

For a D-dimensional problem, the natural representation is
no longer a matrix but a tensor. With D = 30 dimensions
and L grid points per dimension, the landscape becomes a
30-way tensor F ∈ RL×L×···×L containing L30 entries. For
L = 3, this requires 330 ≈ 2 × 1014 function evaluations
clearly intractable to calculate.

The fundamental challenge is that this CUR decomposi-
tion operates on matrices (2D structures), not tensors (N-
dimensional structures). We cannot directly apply the elegant
2D approach from Section III-B to a 30-dimensional tensor.
This raises a critical question: how can we leverage the
efficiency of CUR decomposition in high-dimensional spaces?

2) Dimensional Grouping: Our solution is to partition the
D=30 dimensions into smaller five groups k = 5, construct
a manageable tensor we call (auxiliary tensor A(k)) for each
group, and apply a tensor extension of CUR to each. Rather
than building one intractable to calculate L30 tensor, we
build five tractable L6 tensors/groups, each focusing on 6
dimensions while keeping others at reduced resolution, which
is s in our numerical example. This is elaborated in the
following section.

Pk = {(k − 1) · 6 + 1, . . . , k · 6}, k = 1, . . . , 5 (2)

Group P1 contains dimensions 1–6, group P2 contains dimen-
sions 7–12, and so on. The number 6 is chosen because it pro-
duces tensors of size L6 (for the high-resolution dimensions),
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Fig. 2. Complete CUR decomposition formula: F̂ = C × U† × R. The column matrix C (8×3), learned weights U† (3×3), and row matrix R (3×8)
combine to approximate the full 8×8 landscape.

which for L = 3 gives 36 = 729 entries (computationally
tractable).

3) Auxiliary Tensor Structure: Recall from Section III-B
that sampling indices Is enabled us to capture the essential
structure with fewer evaluations. The same principle applies
here; dimensions outside group k are sampled at s represen-
tative points rather than full resolution L.

To understand the tensor structure, consider auxiliary tensor
A(1) for the first group (dimensions 1–6). This tensor has 10
dimensions: 6 dimensions at full resolution L (for dimensions
1–6), plus 4 dimensions at sampling resolution s (one rep-
resentative dimension from each of the other 4 groups). The
shape is:

A(1) ∈ R
L× L× L× L× L× L︸ ︷︷ ︸

6 full-resolution dimensions

×s× s× s× s︸ ︷︷ ︸
4 sampled dimensions (3)

With L = 3 and s = 2, this tensor has 36 × 24 = 729× 16 =
11,664 entries. Each entry of A(1) corresponds to evaluating
f(x) which is 30D, at a specific configuration: dimensions
1–6 take values from the full grid, one dimension from each
other group takes a sampled value, and remaining dimensions
are held fixed at a random point.
x⃗ = [x1, . . . , x6︸ ︷︷ ︸

L6

, x7, x̄8:12, x13, x̄14:18, x19, x̄20:24, x25, x̄26:30︸ ︷︷ ︸
s4 sampled + fixed

]

4) Tensor-Based Reconstruction Procedure: Since CUR
operates on matrices, we employ mode-n matricization to
unfold tensor dimensions into matrix representations. The
reconstruction proceeds through four steps, detailed in Algo-
rithm 1.

The process begins by sampling all 10 dimensions at indices
Is to obtain a core tensor R ∈ Rs×s×···×s. This compact
representation captures the essential landscape structure at low
resolution across all dimensions.

Next, we expand the first 4 dimensions from sampled reso-
lution s to full resolution L. For each dimension n, the tensor
is flattened into a 2D matrix where dimension n becomes
rows, and all other dimensions are collapsed into columns.

From this, we extract column matrix C(n) ∈ RL×K and
core matrix U(n) ∈ Rs×K , then compute projection weights
Wn = C(n) ·U†

(n). These weights map from sampled to full
resolution and are applied via tensor-times-matrix products:
Apartial = R ×1 W1 ×2 W2 ×3 W3 ×4 W4. After this step,
the first 4 dimensions have resolution L while the remaining
6 dimensions stay at resolution s.

The partial tensor is then reshaped into column matrix
Ccol ∈ RL4×s6 , and we construct row matrix Rrow ∈
Rs×(L2·s4) by expanding dimensions 5–6 to full resolution.
The complete auxiliary tensor is reconstructed as Â(1) =
Ccol×U†

bridge×Rrow, where Ubridge captures the intersection
of column and row spaces. The result has shape L6 × s4: full
resolution for the current group’s 6 dimensions and sampled
resolution for the 4 external groups.

Finally, after reconstructing all five auxiliary tensors using
the same procedure, we identify each tensor’s minimum and
extract its 6 full-resolution coordinates. Concatenating these
coordinates from all groups yields the final 30D candidate
solution x∗ ∈ R30.

D. Integration with Metaheuristic optimization

The TBI framework provides high-quality seed points for
subsequent metaheuristic refinement. However, directly apply-
ing TBI to the full search space from the start presents a critical
challenge: aggressive early narrowing can trap the optimizer
in local optima. In our preliminary experiments, we observed
that when TBI immediately narrows the search bounds based
on tensor-identified minima, the subsequent optimizer often
converges to suboptimal solutions from which it cannot escape.
This occurs because the initial tensor reconstruction, while
efficient, may identify a promising local region that excludes
the global optimum. To address this limitation, we developed a
three-phase pipeline that balances informed initialization with
exploratory diversity.

1) Phase 1: Initial Scouting (Solution Diversity): Rather
than applying TBI directly to the vast 30-dimensional space,



Algorithm 1 Tensor-Based Initialization
1: Input: Full resolution L, sample resolution s, indices Is
2: Output: Solution x∗ ∈ R30

3: for each group k = 1 to 5 do
4: Sample all 10 dimensions at Is to get core tensor R
5: for n = 1 to 4 do
6: Extract C(n) ∈ RL×K and U(n) ∈ Rs×K

7: Compute weights: Wn = C(n) ·U†
(n)

8: end for
9: Expand: Apartial = R×1 W1 ×2 W2 ×3 W3 ×4 W4

10: Reshape to Ccol ∈ RL4×s6

11: Construct Rrow ∈ Rs×(L2·s4) by expanding dims 5–6
12: Reconstruct: Â(k) = Ccol ×U†

bridge ×Rrow

13: Find minimum index and extract 6 full-resolution coor-
dinates

14: end for
15: Concatenate coordinates from all 5 groups
16: Return x∗ ∈ R30

we first perform a brief scouting phase using a fast meta-
heuristic. The RDEx optimizer runs with a small budget
(Bscout = 3,000 evaluations, approximately 1% of total budget)
to broadly explore the search space. This phase serves two
purposes: (1) it identifies multiple promising regions rather
than committing to a single tensor-identified location, and (2) it
provides diverse starting points that reduce the risk of missing
the global optimum.

The scouting phase collects a set of candidate solutions S =
{(xi, fi)}Nscout

i=1 along with their fitness values. These solutions
are distributed across the search space, providing a coarse map
of the fitness landscape.

2) Phase 2: Multi-Center TBI Refinement: From the scout-
ing results, we select K diverse promising centers for TBI
refinement. The parameter K controls the trade-off between
exploration (more centers) and exploitation (more budget per
center). In our experiments, we use K = 5 centers, which
balances computational cost with robustness to local optima.
Center Selection: Centers are selected using a combined
quality-diversity criterion. We do not simply choose the K
best solutions, as they may cluster in a single region. Instead,
we compute:

1) Sort all scouting solutions by fitness (best first).
2) Select the best solution as the first center c1.
3) For each remaining solution (in fitness order), check

if it is far enough from all already-selected centers.
Specifically, if

min
j

∥∥∥∥ x− cj
xmax − xmin

∥∥∥∥ > τ (4)

add it as the next center, where τ = 0.1 is a distance
threshold, x is a candidate solution, and xmin, xmax are
the global search space bounds.

4) Repeat until K centers are selected.
This ensures that selected centers are both high-quality and

spatially separated.

Local TBI Application: for each selected center ck, we
define a local search region:

Ωk = [ck − ρ, ck + ρ] ∩ [xmin,xmax] (5)

where ρ defines the region radius (typically 30% of the
original search range) and the intersection ensures bounds are
respected. Within this local region, TBI constructs auxiliary
tensors, applies Tensor-CUR reconstruction, and identifies a
refined solution x∗

k.
3) Phase 3: RDEx Global optimization: The refined solu-

tions from Phase 2 form the handoff population:

H = {x∗
1, . . . ,x

∗
K}︸ ︷︷ ︸

TBI-refined centres

∪{xelite
1 , . . . ,xelite

Ne−K}︸ ︷︷ ︸
remaining elite solutions

(6)

where the TBI-refined centres are the K solutions that under-
went tensor reconstruction, and the remaining elite solutions
are high-quality candidates from Phase 1 that were not selected
as refinement centres. Specifically, if Nelite top-performing
solutions are retained from scouting and K are selected for
TBI refinement, then Nelite − K solutions supplement the
refined centres to preserve diversity in the initial population.
For instance, with Nelite = 8 and K = 5, three additional high-
quality solutions from scouting are included in the handoff
population.

Once the handoff population H is constructed, RDEx re-
ceives it as the initial population but operates within the orig-
inal full bounds [xmin,xmax], not the narrowed TBI regions.
This design choice is deliberate: if TBI incorrectly identifies a
local optimum, RDEx retains the freedom to explore the entire
search space and escape. While the algorithm supports iterative
bound contraction to narrow the search space toward a single
potential global optimum, this aggressive strategy does not
succeed uniformly across all function types, an observation
that presents a path for future investigation. By decoupling
initialization quality from search space constraints, the TBI-
refined solutions provide a warm start that accelerates con-
vergence when the tensor approximation is accurate, without
catastrophically constraining the search when it is not.

RDEx consumes the remaining budget (∼96% of total
evaluations) for global optimization, benefiting from the high-
quality initial population while maintaining full exploratory
capability.

IV. EXPERIMENTAL RESULTS

The proposed TBI-RDEx framework was evaluated on
the CEC2025 benchmark suite (F1–F29) in 30 dimensions.
Each experiment was repeated 25 times independently with
a total budget of 300,000 function evaluations. Results are
reported as error values f(x)−f(x∗). We compare TBI-RDEx
against four state-of-the-art algorithms: RDEx (baseline) [14],
mLSHADE-RL [36], iEACOP [37], and jSOa [38].

A. Experimental Setup

The TBI framework was configured with the following
parameters: grid resolution L = 5, sampling size s = 2, hierar-
chical iterations i1 = i2 = 1, and number of refinement centers



K = 5. These values were determined through preliminary
experimentation on a subset of benchmark functions.

The iteration parameters i1 and i2 control the depth of
hierarchical bound contraction. Higher values (i1, i2 > 1)
implement an aggressive narrowing strategy that repeatedly
halves the search bounds around the tensor-identified mini-
mum, effectively zooming into a single attention region. While
this approach can accelerate convergence when the initial
approximation is accurate, it risks premature commitment to
local optima. We set i1 = i2 = 1 to complement RDEx’s
search behavior. Rather than deep exploitation of a single
region, TBI performs breadth-first refinement across K diverse
centroids, allowing the subsequent optimizer to select among
multiple promising candidates. For the grid resolution L,
we observed that values below 5 degraded reconstruction
accuracy, while values above 5 provided diminishing returns
at increased computational cost. Specifically, the number of
tensor evaluations scales with L > 6 per dimension group,
making L = 5 a practical compromise between landscape
fidelity and evaluation budget. The number of refinement cen-
tres K was evaluated at K ∈ 2, 5, 7. Performance differences
across these values were modest; however, computational
overhead increases linearly with K since each centre requires
independent tensor construction. We selected K = 5 as it
provided robust coverage of diverse promising regions without
excessive evaluation expenditure.

All experiments were conducted on an Intel Core Ultra
9 275HX processor (2.70 GHz, 24 cores) with 32 GB of
RAM, using parallel execution, with all algorithms imple-
mented in Python 3.11.3. Following the CEC2025 competition
guidelines, Table I reports the complexity metrics T1 (average
benchmark execution time), T2 (average algorithm execution
time), and (T2−T1)/T1 = 0.48, indicating that the algorithmic
overhead is less than half the function evaluation time.

TABLE I
ALGORITHM COMPLEXITY OF TBI-RDEX

Metric Value
T1 (seconds) 0.755322
T2 (seconds) 1.119152
Complexity (T2 − T1)/T1 0.481687

B. Performance Comparison

Table II presents the comprehensive comparison of TBI-
RDEx with state-of-the-art algorithms across all 29 benchmark
functions, with bold values indicating best performance. Ta-
ble III summarizes the pairwise Win/Tie/Loss (W/T/L) results.

On best-found solutions, TBI-RDEx demonstrates strong
competitive performance. Against baseline RDEx, TBI-RDEx
wins on 14 functions while losing on only 1 (F29), achieving a
14:1 win-loss ratio. Against mLSHADE-RL, TBI-RDEx wins
16 and loses 9 (64% win rate). The most substantial margin is
against iEACOP, with 25 wins out of 29 functions (86.2% win
rate). Against jSOa, TBI-RDEx achieves 15 wins versus 11
losses. For mean performance, TBI-RDEx wins 25 functions
against iEACOP with only 4 losses, and achieves win rates of

57% and 52% against jSOa and mLSHADE-RL, respectively.
The tie with RDEx on mean values (12 wins, 12 losses)
indicates that while TBI initialization significantly improves
best-found solutions, the average performance benefits are
problem-dependent.

Beyond win counts, TBI-RDEx achieves substantial im-
provements on winning functions: 38.75% average improve-
ment over RDEx, and approximately 76% over mLSHADE-
RL, iEACOP, and jSOa. The most notable gains occur on
F9 (99.6% improvement over RDEx, mean 0.618 vs 163),
F15 (95.7% improvement, mean 0.044 vs 1.01), and F21,
where TBI-RDEx escapes the 100-offset trap with 99.99%
improvement (mean 0.0138 vs 112). On composition func-
tions, TBI-RDEx achieves near-optimal results on F23 (mean
200) compared to competitors (357–442), and outperforms all
algorithms on F26 with over 50% improvement.

C. Statistical Significance Analysis

To validate the statistical significance of our results, we con-
ducted the Friedman test across all five algorithms. Table IV
presents the average rankings and test statistics.

The Friedman test reveals statistically significant differences
among the algorithms at the α = 0.01 significance level. For
best-found solutions, TBI-RDEx achieves the lowest (best)
average ranking of 2.25, outperforming all competitors, in-
cluding the baseline RDEx (rank 2.91), jSOa (rank 2.93),
mLSHADE-RL (rank 3.00), and iEACOP (rank 3.91). The p-
value of 0.0023 confirms that these differences are statistically
significant.

For mean performance, TBI-RDEx ranks second (2.50) be-
hind RDEx (2.39), while substantially outperforming the other
algorithms. The p-value of 0.0010 indicates highly significant
differences among the algorithms.

The difference between TBI-RDEx’s ranking on best values
(first) versus mean values (second) can be explained by how
TBI works. TBI is good at finding regions that contain very
good solutions, which is why it often finds the best result in a
given run. However, the tensor approximation does not always
capture the landscape accurately. When it works well, TBI
leads the search to excellent solutions. When it does not, the
search may start in a less useful region (sub optima). This in-
consistency shows up as higher variation across runs on some
functions (e.g., F16, F19), which increases the mean error
even when the best values are competitive. RDEx, which uses
standard random initialization, performs more consistently but
rarely finds the exceptional solutions that TBI can reach. In
short, TBI is better suited for problems where finding the
best possible solution matters most, while random initialization
may be preferred when consistent average performance is the
goal.

D. Discussion

The experimental results demonstrate that TBI provides
meaningful advantages for population-based optimization.
TBI-RDEx excels at finding superior best solutions, ranking



TABLE II
COMPREHENSIVE COMPARISON OF TBI-RDEX WITH STATE-OF-THE-ART ALGORITHMS ON CEC2025 BENCHMARK (D=30, 25 RUNS)

Func TBI-RDEx RDEx mLSHADE-RL iEACOP jSOa
Best Mean Std Best Mean Std Best Mean Std Best Mean Std Best Mean Std

F1 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 3.57E-07 2.85E-06 8.17E-07 0.00E+00 5.68E-15 7.11E-15
F2 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 8.75E-09 1.20E-06 1.68E-06 0.00E+00 0.00E+00 0.00E+00
F3 0.00E+00 2.80E+01 1.03E+01 3.18E+01 3.18E+01 0.00E+00 0.00E+00 0.00E+00 0.00E+00 4.17E-08 1.91E+00 1.99E+00 0.00E+00 4.32E-14 2.48E-14
F4 0.00E+00 2.27E+00 1.88E+00 0.00E+00 2.98E+00 2.20E+00 0.00E+00 6.93E+00 1.52E+01 1.59E+01 2.99E+01 7.31E+00 5.86E+01 5.86E+01 0.00E+00
F5 0.00E+00 1.51E-08 2.79E-08 0.00E+00 7.53E-09 2.02E-08 2.98E+00 8.08E+00 3.14E+00 2.73E-03 1.32E-01 2.05E-01 5.97E+00 1.08E+01 1.80E+00
F6 3.17E+01 3.56E+01 2.45E+00 3.17E+01 3.60E+01 2.84E+00 0.00E+00 2.95E-03 1.05E-02 4.17E+01 5.39E+01 5.75E+00 1.14E-13 2.74E-09 9.47E-09
F7 2.20E+01 3.45E+01 8.12E+00 2.20E+01 3.26E+01 7.00E+00 3.59E+01 3.98E+01 3.17E+00 1.49E+01 2.75E+01 6.33E+00 3.57E+01 4.17E+01 3.00E+00
F8 0.00E+00 8.00E-01 6.83E-01 0.00E+00 0.00E+00 0.00E+00 3.72E+00 7.95E+00 2.66E+00 3.12E-10 2.38E+00 9.73E+00 7.96E+00 1.12E+01 1.99E+00
F9 3.69E-02 6.18E-01 6.17E-01 5.90E+00 1.63E+02 3.41E+02 0.00E+00 0.00E+00 0.00E+00 1.28E+03 2.64E+03 4.67E+02 0.00E+00 9.09E-15 3.15E-14
F10 1.71E-12 6.76E-01 1.22E+00 5.77E-07 1.21E-01 3.40E-01 1.02E+03 1.47E+03 2.92E+02 1.39E+01 3.16E+01 1.34E+01 9.53E+02 1.44E+03 2.61E+02
F11 1.36E-12 8.13E+00 3.86E+01 0.00E+00 3.47E-02 3.66E-02 9.95E-01 8.12E+00 1.10E+01 6.94E+02 1.50E+03 4.76E+02 2.12E-05 1.51E+01 2.37E+01
F12 1.31E+01 1.48E+01 3.59E+00 1.42E+01 1.57E+01 1.24E+00 4.70E+02 1.18E+03 4.34E+02 3.09E+01 1.58E+02 1.91E+02 3.93E+00 2.22E+02 1.80E+02
F13 2.00E+01 2.03E+01 4.76E-01 2.00E+01 2.01E+01 4.23E-02 2.21E+00 1.97E+01 8.52E+00 5.29E+01 1.02E+02 2.75E+01 7.58E+00 1.90E+01 3.42E+00
F14 2.42E-01 7.10E-01 1.00E+00 4.26E-01 5.89E-01 2.19E-01 7.51E+00 2.28E+01 3.42E+00 9.01E+00 7.86E+01 8.31E+01 6.54E-02 1.64E+01 9.05E+00
F15 4.30E-03 4.38E-02 3.60E-02 6.34E-01 1.01E+00 4.41E-01 1.33E+00 1.25E+01 1.32E+01 1.26E+02 3.75E+02 1.49E+02 5.32E-01 3.16E+00 2.16E+00
F16 5.26E-05 5.68E+01 1.07E+02 2.06E+01 2.22E+01 6.66E-01 3.26E+00 5.57E+01 5.83E+01 4.00E+01 1.08E+02 6.70E+01 8.34E+00 4.40E+01 4.59E+01
F17 3.23E-01 3.67E+00 7.35E+00 3.54E-01 8.51E+00 1.04E+01 1.40E+01 3.60E+01 9.18E+00 8.38E+01 2.28E+02 5.69E+01 2.26E+01 3.42E+01 6.32E+00
F18 1.44E+00 4.00E+00 1.39E+00 2.58E+00 4.33E+00 1.56E+00 2.12E+01 3.05E+01 7.56E+00 1.73E+01 7.72E+01 7.24E+01 6.20E-01 1.92E+01 5.36E+00
F19 1.80E-05 2.40E+01 9.00E+01 2.04E+01 4.29E+01 6.86E+01 5.11E+00 1.09E+01 4.88E+00 1.02E+02 1.84E+02 3.12E+01 2.39E+00 5.01E+00 1.17E+00
F20 1.00E+02 1.37E+02 4.88E+01 1.00E+02 1.11E+02 3.35E+01 1.71E+01 4.15E+01 1.04E+01 2.13E+02 2.24E+02 6.85E+00 8.99E+00 2.82E+01 7.78E+00
F21 1.38E-04 1.38E-02 1.50E-02 1.00E+02 1.12E+02 2.43E+01 2.04E+02 2.08E+02 2.02E+00 1.00E+02 1.00E+02 1.56E-08 2.08E+02 2.11E+02 1.70E+00
F22 2.00E+02 2.08E+02 2.76E+01 2.00E+02 2.00E+02 0.00E+00 1.00E+02 1.00E+02 0.00E+00 3.61E+02 3.77E+02 1.16E+01 1.00E+02 1.00E+02 0.00E+00
F23 2.00E+02 2.00E+02 1.24E-13 2.00E+02 2.00E+02 2.20E-13 3.40E+02 3.57E+02 7.50E+00 4.35E+02 4.42E+02 3.89E+00 3.47E+02 3.54E+02 4.46E+00
F24 4.20E+02 4.20E+02 1.50E-02 4.20E+02 4.20E+02 1.44E-02 4.15E+02 4.25E+02 4.44E+00 3.83E+02 3.86E+02 1.65E+00 4.24E+02 4.29E+02 2.25E+00
F25 6.21E+02 7.10E+02 3.05E+01 8.28E+02 8.28E+02 1.26E-02 3.79E+02 3.81E+02 2.67E+00 2.00E+02 1.06E+03 4.73E+02 3.87E+02 3.87E+02 7.78E-03
F26 4.56E+02 4.70E+02 8.94E+00 4.81E+02 4.91E+02 5.35E+00 8.54E+02 9.91E+02 7.57E+01 4.97E+02 5.12E+02 6.77E+00 8.68E+02 9.47E+02 3.92E+01
F27 4.55E-13 4.55E-13 0.00E+00 0.00E+00 0.00E+00 0.00E+00 4.88E+02 5.04E+02 9.06E+00 3.00E+02 3.19E+02 4.34E+01 4.85E+02 4.99E+02 7.06E+00
F28 1.18E+03 1.84E+03 4.11E+02 1.30E+03 1.64E+03 3.02E+02 3.00E+02 3.00E+02 4.33E-13 3.58E+02 5.19E+02 4.86E+01 3.00E+02 3.05E+02 2.28E+01
F29 1.87E+03 1.93E+03 1.32E+02 8.53E+02 8.55E+02 6.79E-01 3.65E+02 4.27E+02 2.06E+01 2.41E+03 3.22E+03 5.44E+02 3.65E+02 4.28E+02 1.56E+01

TABLE III
WIN/TIE/LOSS SUMMARY: TBI-RDEX VS OTHER ALGORITHMS

Algorithm Best Mean
W T L W T L

RDEx [14] 14 14 1 12 5 12
mLSHADE-RL [36] 16 4 9 15 2 12
iEACOP [37] 25 0 4 25 0 4
jSOa [38] 15 2 11 16 1 11

TABLE IV
FRIEDMAN TEST RESULTS AND AVERAGE RANKINGS

Algorithm Rank (Best) Rank (Mean)
TBI-RDEx (our model) 2.25 2.50
RDEx [14] 2.91 2.39
jSOa [38] 2.93 3.09
mLSHADE-RL [36] 3.00 3.02
iEACOP [37] 3.91 4.00
Friedman χ2 (Best): 16.66, p-value: 0.0023
Friedman χ2 (Mean): 18.45, p-value: 0.0010

first among all algorithms (Friedman rank: 2.25), which vali-
dates the core premise that CUR decomposition can effectively
identify promising regions in the search landscape. In terms
of function-type performance, TBI-RDEx shows particular
strength on composition functions (F21–F29), where the tensor
reconstruction successfully guides the search toward global
optima; on unimodal functions (F1–F2), all algorithms achieve
optimal solutions, while on simple multimodal functions,
performance is competitive with mLSHADE-RL and jSOa. On
hybrid functions (F11–F20), TBI-RDEx demonstrates consis-
tent improvement over iEACOP (86.2% win rate) and compet-
itive performance against other algorithms, with notable wins

on F12, F15, F17, and F18.
The framework has limitations. On F28–F29, mLSHADE-

RL and jSOa achieve substantially better results; these com-
position functions may not exhibit the low-rank structure that
TBI exploits, suggesting that the tensor approximation quality
is problem-dependent. Regarding computational overhead, the
TBI phase consumes only 3.4% of the total evaluation budget
while providing significant improvements on 16–25 functions
(depending on the competing algorithm), demonstrating an
excellent trade-off between overhead and performance gain.

V. CONCLUSION

This paper introduced TBI, a TBI framework that ex-
ploits low-rank structure in optimization landscapes to guide
population-based metaheuristics toward promising regions. By
partitioning high-dimensional spaces into dimension groups
and applying CUR decomposition to auxiliary tensors, TBI ap-
proximates the fitness landscape from sparse samples without
exhaustive evaluation. The experimental results on CEC2025
benchmarks confirm that informed initialization translates to
better optimization outcomes. TBI-RDEx found superior best
solutions on 16 functions while losing on only one, a sta-
tistically significant improvement over baseline RDEx. The
framework proved its particular effectiveness. The approach
has limitations. Mean performance showed mixed results,
indicating that tensor reconstruction can occasionally mislead
the search toward local optima on highly irregular landscapes.
Composition functions F28–F29 proved challenging, suggest-
ing that not all problem classes exhibit the low-rank properties
TBI exploits. Future work will explore adaptive mechanisms to



detect when tensor guidance is beneficial, direct tensor decom-
positions such as Tensor Cross Interpolation (TCI) that operate
on tensor fibers without requiring matricization, integration
with other metaheuristics, and extension to dynamic and multi-
objective optimization.
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