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The Crucial Role of Benchmarks in BBO
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Widespread Applications of BBO:

Inherently hard problems encountered across diverse real-world scenarios.
Algorithm Evaluation: Fair comparison and performance coherence.

Training Learnable Optimizers: The need of a large number of similar instances.
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Limitations & Prior Explorations in Benchmark Design

3.12 Bent Cigar Function

D
f12(x) = Z% +10° Z 312 + fopt (12)

i=2

e z=RT%(R(x — x°P"))

asy

Properties A ridge defined as Zi2 22 = 0 needs to be followed. The ridge is smooth but very

narrow. Due to T;S/f the overall shape deviates remarkably from being quadratic.

e conditioning is about 10%, rotated, unimodal

Bottlenecks of Traditional Benchmarks (e.g., CoCo-BBOB):
*Costly Labor: Deep expertise and massive labor input required.
*Expert Bias: Human-crafted functions introduce bias and constrain diversity.

*Limited Instances: Cannot keep pace with the swift emergence of novel BBO tasks.



Limitations & Prior Explorations in Benchmark Design

METAEVO

Operands : [ X, X, X,,C"]

11 12 Operators :[sum,mean,add,sub,mul,div,neg,pow, sin,cos,abs, Tanh,exp,log,sqrt]
X

Full vector slice x|0 : n], representing all elements of the input vector (dimension n).

Forward slice [0 : n — 1|, excluding the last element, used to model predecessor relationships in sequences.
Backward slice z[1 : n|, excluding the first element, used to model successor relationships in sequences.
Constant Vector, and each dimension’s value is generated via scientific notation rmantissa x 108spenent |
where the mantissa (base number) is selected from the integer range 1, 11]

(with 10 representing 7 and 11 representing the natural constant ),

and the exponent is selected from the integer range [—1, 3.

Aggregation mode : Returns the summation of all vector elements (scalar)
Inter-vector mode : Returns element-wise addition (vector).

Aggregation mode : Returns the mean of all vector elements (scalar).
Inter-vector mode : Returns element-wise average (vector).

Function ID 1 2 3 4 5 6 7 8 9 10
Scale Factor 11.0 17.5 123 126 115 153 121 153 152 174 134 204 f{:
Function ID 13 14 15 16 17 18 19 20 21 22 23 24
Scale Factor 129 104 123 103 9.8 106 10.0 147 107 10.8 9.0 121 C
Table 1: Final scale factors used to generate MA-BBOB problems. s
24 mean
- = - —1 s d add
MA—BBOB(W, I Xopt)(x) =R Z VVI » R,‘ (Fi,I,- (x — Xopt + Oi,I,-) = Fi,[,. (OLL_)) . Sﬂb@
i=1 o
max(log,,(x), —8) + 8 "
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Prior Automation Attempts:
eHand-crafted extensions
* Affine Recombination

*Genetic Programming

Computes element-wise addition between two child nodes’ outputs : X + Y

Computes element-wise subtraction of child nodes’ values: X — Y

Computes element-wise multiplication of child nodes’” computations: X @ Y

Computes element-wise division of child nodes’ values: If |Y| < ¢, outputs 1 to avoid division by zero; otherwise returns X /Y
Negates the child node’s value or all vector elements: —X

Computes power function using left child as base and right child as exponent{element-wise for vectors).
If |X| < €AY = —1, outputs 1 for that dimension; otherwise returns X

Applies sine function to the child node’s value: sin(X)

Applies cosine function to the child node’s value: cos(X)

Computes the element-wise absolute value: | X|

Hyperbolic tangent activation: Tanh(X)

Natural exponential function: eX

If | X | < €, outputs 0; otherwise log, ,(|.X|) (implicit absolute value ensures X € &™)

Computes the square root of the absolute value \/m to prevent invalid inputs (negative values).

Table 2: Symbol Set

Previous methods are either resource-consuming or heavily dependent on deep domain expertise.



Paradigm Shift: LLM-Driven Automation
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4 Benchmark Design by Human (Costly X ) N

.

target task analyse formulate implement benchrnark
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Figure 1. Paradigm shift from human-crafted benchmark design
toward LLM-based automation.

The Rise of LLM Program Evolution:
[terative in-context learning empowers open discovery (e.g., FunSearch, EoH, LLaMEA)

Evolution of Benchmark (EoB):
A compact, self-contained, and fully automated BBO benchmark designer.
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The Core Philosophy of EoB

Rethinking Benchmark Generation:
We formulate benchmark design as a rigorous Multi-Objective Optimization Problem.

min(O1(f), ..., Om(f)), 1)

fEF

The Two Conceptual Goals:
The generated benchmark must "look and feel" like the target real-world problems.
The benchmark must be capable of exposing the performance gaps between different search algorithms.

The Engine:
LLM serves as the evolutionary agent, searching through the vast space of mathematical programs to find the
optimal trade-off (Pareto front) between these two goals.



Objective 1 - Landscape Similarity Indicator (LSI)

The Goal: Measure the topological similarity between a generated progran f, and target tasks F; target: -

Feature Extraction via NeurELA:
*Replaces computationally heavy traditional methods.
*Uses a Dual-Attention Transformer to extract a compact 16-dimensional < f .

1
O1(f|Fiarget) = : , (3)
arge 1+ ;15 minycp,,, .., |25 — 2p]|2
1 H
— = S il — 2 [l 4

A higher LSI score means the generated function successfully falls into the "gravitational pull" of the target

problem family.




Objective 2 - Algorithm Distinguishing Capability (ADC)

The Goal: Fulfill the fundamental role of a benchmark by effectively evaluating and distinguishing the

performance variations across different BBO algorithms.

Evaluation Portfolio: o
10 representative BBO algorithms covering diverse search logics
Metric Formulation: SHADE
L o -
Oa(fIA) = std( Z_; Obj;..), (5) sowseso
Scalarization: We use Penalty-based Boundary vaooe
Intersection (PBI) to aggregate LSI and ADC, providing

a scalar feedback score to the LLM.
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The Evolutionary Pipeline
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Algorithm 1 Evolution of Benchmark (EoB)

Input: Large Language Model £LLM, Target BBO tasks
Fiarget, BBO algorithm pool A, #Reference vectors N,
#Evolution generations 7", Pareto set PF' = ().

Output: Finally obtained benchmark

Let t = 0| initialize population f{ ff}&¥ | (Sec. 3.2.1);
Evaluate each f} (Sec. 3.2.2), update PF' (Sec. 3.2.5);
while t < 7" do

Reproduce offspring] { f{ ™'}, (Sec. 3.2.3);
Evaluate each f; (Sec 3.2.2);

Select elites from { f2}N, U {fIT1}¥, (Sec. 3.2.4);
Update PF' (Sec. 3.2. 5) with elites, t < ¢ + 1;

end while

return PF

the 5-step loop (Initialization -> Evaluation ->
Evolution -> Selection -> Pareto Front).

R HE R R




Initialization

The Initialization Challenge:
Without guidance, LLMs tend to generate highly homogeneous functions (poor diversity).
Injecting Landscape Knowledge:
We inject one of 7 specific landscape construction templates into the initial prompt.

__________________________________________________________

User Prompt

You are an expert in *benchmark function synthesis

for continuous optimization research*.

You need to generate functions that align with the

goal in multi-objective framework guided by lambda

vectors: [1, 0] , where:

1: Emphasize topological alignment with the target

problem distribution manifold (LSI).
0 : Emphasize discriminative hardness across the
10-algorithm portfolio (ADC).

The values in each dimension of the lambda vector
indicate the importance of the corresponding
objective, higher values mean greater emphasis on
that objective.

Design the function to strongly exhibit the
characteristics emphasized by the lambda vector,
allowing ignoring less important aspects.

(Here is one randomly selected style template from

the seven available styles of knowledge. )

Only output the PYTHON code defined. No
explanation and comment.

Asymmetric Masking
Pattern spirit: Define **idx = x < k** or
more nonlinear mask conditions (k is a
random float or vector in [self.lb,
self.ub] **set fixed seed = 42** if randomly
generated), and then use **idx** to
construct the function structure for partial
decision variables.

Example:

y = x.copy()

pos_mask = (x > k) # boolean mask

if np.any(pos_mask):

y[pos_mask] = ...

if np.any(~pos_mask):

y[~pos_mask] = ...

Nested Activation
Pattern spirit: activation — abs — inverse/log
Example:

R = np.tanh(np.abs(x * c1)): A =1/ (np.abs(R) + 1)

Polynomially Warped Periodicity

Pattern spirit: frequency/amplitude controlled

by x nonlinearly
Example: P = np.sin(x**2 + 0.3 * x**3)

Chained Multi-Stage Perturbation
Pattern spirit: A — B — C — back to A or X,
with no dominant single stage

Example: A = np.exp(-np.abs(x + b))

B = np.log(np.abs(A) + 1)

C=np.cos(B)* B

____________________________________________

Nonlinear Operator Switching

Pattern spirit: symbolic triggers (sign or magnitude);
1

modify operator flow
Example: T = np.sign(np.sin(x) + 0.1 * x)

Recursive Symbolic Feedback

Pattern spirit: intermediate stage re-enters
later symbolic stage

Example: Z = np.sin(A) + A * np.cos(A)

W = np.exp(-np.abs(Z)) + np.log(np.abs(Z)+1)

Cross-Dimensional Operator Interaction

Pattern spirit: NOT simple additive
separability — geometry arises from mixing
coordinates.

Examples:

X1=y[:, 3] * yl:, -3:]

X2 =y[:, 0:3] * y[:, 1:4] # sliding-window coupling

I = np.sum(X2, axis=1) # — reduces to (n,)

METAEVO
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The Evolution Engine - Phase 1: Reflection

The Causal Analysis:
The LLM acts as an optimization expert comparing pairs of generated functions (Winner vs. Loser).

Deep Analysis Rules :

*Successful Patterns:

Identify the exact mathematical structure in the Winner that minimized the PBI score.

*Valuable Genes:

If the Loser scored highly on a single objective (e.g., high ADC but poor LSI), extract that specific code
snippet for preservation.

*Trade-off Insights:

Explicitly identify structures that boost one objective but ruin another (e.g., extreme oscillation boosts
hardness but destroys convergence).



The Evolution Engine - Phase 1: Reflection
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Parent A Parent B

=

- \ /
[ def func(self,x): N [ def func(self,x): \

phase = np.exp(np.sin(x * np.pi /(3+1e-08))) stage_a = np.exp(-np.abs(x + np.tanh(x)))
stage_b = np.log(np.abs(stage_a)+1)

cross_dim = np.tanh(phasel[:,:-1]=* stage_c = np.cos(stage_b)* stage_b

phasel[:,1:1) L
stage_d = np.sqrt(np.abs(stage_c +

operator_trigger = np.sign(np.sin(x +@.1% np.sin(x))+1e-088)

phase) )

modulated = np.cos(x[:,:-1])% [ stage_e = np.tanh(stage_d)* np.exp(-stage_c)
operator_trigger(:,:-1]+ cross_dim final_pattern = stage_e +

cascade = np.power(stage_b,2)-
np.sqrt(np.abs(np.log(np.abs(modulated)+1))) np.log(np.abs(stage_a)+8.5)

coupling = np.power(np.abs(cascade[:,:-1]%
cascade(:,1:])+1e-08,0.5) res = np.sum{final_pattern,axis=1)

combined = cascade * return res

np.mean(coupling,axis=1, keepdims=True)
res = np.suminp.sqrtinp.abs(combined)+le-

| 88),axis=1) \ !
\\yeturn res _J// \\ i
Reference Vector = [0.806,0.193] Reference Vector = [0.774,0.226]
Objective Values = [LSI: 0.488, ADC: 0.653] Objective Values = [LST: 0.601, ADC: 0.744]
PBI Score = 0.672 PBI Score = 0.399
v

Deepseek-v3.2

Reflection

A 4

I’ Early-Stage Controlled Coupling "
Insight:
High-frequency trigonometric modulation (np.sin/cos on raw x) from Parent A creates
deceptive oscillations that boost algorithmic discrimination but destroy global BBOB
alignment. Conversely, sequential cascading transformations built upon a smooth,
decaying exponential core (np.exp(-np.abs(x + np.tanh(x)))) from Parent B create a
stable “strategic plateau” crucial for convergence.

Strategy:

Anchor the function with Parent B's smooth exponential core to preserve topological

coherence. Then, inject Parent A's cross-dimension coupling pattern (cross_dim =

np.tanh(...)) in a controlled manner by applying it strictly to later-stage transformed

variables (like stage_b) instead of raw x, maintaining hierarchical hardness without
"\_ structure-disrupting noise.




The Evolution Engine - Phase 2: Reproduction

Code Synthesis:
The LLM acts as the "Crossover / Mutation" operator to generate the offspring.

The Recipe:

Inherit: Retain the successful topology from the Winner.

*Transfer: Assimilate the beneficial "genes" from the Loser.

*Innovate: Apply strategic mathematical perturbations based on the target Reference Vector.

Strict Refactoring:
Enforces functional composition and limits intermediate variables to prevent "spaghetti code."




The Evolution Engine - Phase 2: Reproduction

Parent A

‘,/def func(self,x): °

phase = np.exp(np.sin(x # np.pi /EJ~15458H)1

cross_dim = np.tanh(phase[:,:-1]*
phasel:,1:])
operator_trigger = np.sign(np.sin(x +8.1x
phase))

modulated = np.cos(x[:,:-1])*
operator_trigger(:,:-1]+ cross_dim
cascade =

np.sqrt(np.abs(np.leg(np.abs(modulated)+1)))
coupling = np.power{np.abs{cascade|:,:-1]x*
cascade[:,1:1)+1e-08,0.5)
combined = cascade *
np.mean(coupling, axis=1, keepdims=True)
res = np.sum{np.sqrt(np.abs(combined)+le~

\ 08),axis=1)
return res /

Parent B

ef func(self,x):

P

stage_a = np.exp(-np.abs(x + np.tanh(x)))
stage_b = np. log(np.abs(stage_a)+1)
stage_c = np.cos(stage_b)+* stage_b

stage_d = np.sqrt(np.abs(stage_c +
np.sin(x))+1e-08)

stage_e = np.tanh(stage_d)+ np.exp(-stage_c)
final_pattern = stage_e +
np.power(stage_b,2)-

np. log(np.abs(stage_a)+@.5)

res = np.sum(final pattern,axis=1)
return res

Reference Vector = [0.806,0.193]

Objective Values = [LSI: 0.488, ADC: 0.653]

PBI Score = 0.672

Deepseek-v3.2

Reference Vector = [0.774,0.226]
Objective Values = [LSI: 0.601, ADC: 0.744]
PBI Score = 0.399

4 Early-Stage Controlled Coupling A

Insight:

High-frequency trigonometric modulation (np.sin/ces on raw x) from Parent A creates
deceptive oscillations that boost algorithmic discrimination but destroy global BBOB
alignment. Conversely, sequential cascading transformations built upon a smooth,
decaying exponential core (np.exp(-np.abs(x + np.tanh(x)))) from Parent B create a
stable "strategic plateau” crucial for convergence.

Strategy:

Anchor the function with Parent B's smooth exponential core to preserve topological
coherence. Then, inject Parent A's cross-dimension coupling pattern (cross_dim =
np.tanh(...)) in a controlled manner by applying it strictly to later-stage transformed
variables (like stage_b) instead of raw x, maintaining hierarchical hardness without

\_structure-disrupting noise.

(/d;f func(self,x):

Reflection

Reproduction

anchored = np.exp(-np.abs(x + np.tanh(x)))
transformed = np.log(np.abs(anchored)+1)
cascaded = np.cos(transformed)* transformed

modulated = np.tanh(transformed(:,:-1]%

transformed[:,1:1)

coupled = np.sqrt(np.abs(cascaded +

modulated) )

final = np.tanh{coupled)* np.exp(-
)

cascaded(:,:-1]

res = np.sum(final +
np.power(transformed|:
\ | np.log(np.abs(anchored(:

\\rgtur’n res

+-1],2)-
:-1])+0.5) ,axis=1)

_ Oblective Values = LST: 0689, ADC 0793] _ _ _

1 I
| Parent A Parent B I
" I
A =Y
1 f fi Lf,x): \ \
1 Ae TISERERY | def func(self,x): :
q = np.tanh(np. sum(x
I #42,axis=1, keepdins=True)+0.1)*3.0 # Since the function code contains 1
1 u = np.cos(np.exp(np.sin(x * q + x syntax or semantic errors, or the 1
1 *‘3fe-7”) 2 : o S output includes invalid values (Inf, 1
1 n;):,nrarctan IR R A R NaN) or is constant, and repairs
have been unsuccessful, it has been I
| w = np.log(np.abs(1.0+ np.abs(v))+1e-08)* set to a placeholder template style !
1 np.tani(x *@.4) for invalid functions. 1
1 y = np.sin(w * np.pi)# np.exp(- ]
\ np.abs(v)+0.3) return np.ones(x.shape[@])* np.nan |
1 res = np.sum((y + v %%2)* np.mean(w * 1
u,axis=1,keepdims=True),
1 axis=1) I
1 | return res I
1 _d 1
1 |
1 I
1 I
1 Reference Vector = [0.968 0.032] Reference Vector = [0.871, 0.129] 1
| Objective Values = [LSI: 0.428, ADC: 0.426] Objective Values = [LSI: 0, ADC: 0] 1
1 PBI Score = 2,501 PBI Score = 100 (a penlty value) |
1 4 E I
: Deepseek-v3.2 I
I
| I
! Reflection |
1 1
1 4 Gravitational Bowl Embedding \ |
! Insight: 1
1 Since Parent B is an invalid placeholder (np.nan), Parent A's complex nenlinear |
1 architecture (u = np.cos(np.exp(...))) serves as the sole foundation. While Parent A's |
1 intricate nesting creates deceptive local optima (benefiting Algorithmic Discrimination), |
its lack of a clear, scalable macro-structure limits its cluster densification, capping its
! NeurELA performance. I
1 |
1 Strategy: 1
1 Preserve Parent A's high-frequency transformations (g, u, v, w, y) to maintain its 1
| deceptive landscape. To boest NeurELA similarity, inject a "gravitational pull" by
defining a shifted, dimensionally-scaled quadratic core (bowl = np.sum((x - 0.7) ** 2 * |
1 np.linspace(1.0, 2.0, self dim), axis=1, keepdims=True)). Integrate this bowl as a lightly 1
1 | weighted additive component in the final aggregation (+ 0.3 * bowl), effectively 1
1 \‘\or\choring the high-frequency noise to a stable global topology. ; /’ 1
1 . |
1 Reproduction I
1 I
1 ol ™ 1
1 ( def func(self,x): A |
1 q = np.tanh(np.sum(x |
1 #%2,axis=1, keepdims=True)*0.1)*3.0 |
1 u = np.cos(np.exp(np.sin(x * q + x **3%0.2)))
\ v = np.arctan(np.sqrt(np.abs(x +0.5)+1e-08))* u !
- |
f bowl = np.sum((x -8.7)%k2x ‘ |
1 r\p.linspace(llﬁ,I.B,selfAdim),axls:l,keepdims:True)‘ |
1 w = np.log(np.abs(1.0+ np.abs(v))+1e-88) np.tan(x| 1
1 *0.4) 1
| y = np.sin(w % np.pi)#* np.exp(-np.abs(v)*0.3) |
] res = np.sum({y + v **2+0.3* bowl)* np.mean(w * 1
1 u,axis=1, keepdims=True),axis=1) 1
\return res
: % 7 |
Bz |
1 Objective Values = [LSI: 0.679, ADC: 0.473] L

METAEVO



Experimental Setup

LLM Engine:
DeepSeek-v3.2 (no thinking) serves as the core evolutionary agent.

EoB Hyperparameters:
*Population Size (N): 32
*Evolution Generations (T): 10
*Default Search Dimension (D): 10

Algorithm Portfolio:
10 representative BBO algorithms evaluated over 10 independent runs

Involved Benchmarks / Target Tasks:
*Classic Evaluation: CoCo-BBOB (24 functions).
*Realistic Tasks: UAV path planning, Hyperparameter Optimization




Scenario 1 - Enhancing Traditional Benchmarking
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Figure 3. Benchmark diversity of CoCo-BBOB and EoB-BBOB.
The Objective:

Construct a new benchmark (EoB-BBOB) to evaluate classic BBO algorithms more comprehensively.

Key Observations:

*Hand-crafted functions in CoCo-BBOB show low difficulty diversity and concentrated algorithm distinguishing capabilities.

EoB-BBOB Advantage:

*Automatically designs a more uniform, diversified, and challenging benchmark space through program evolution.



Scenario 2 - Empowering Learnable Optimizers
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Table 2. The final test-performance of GLHF trained by different
LDE GLEET SYMBOL RLDEAFL baseline benchmarks.
08 0.8 103 0.8 - .
g . Scenario | CoCo-BBOB EoB-BBOB EoB-Scenario
EOJ 0.7 0.7 > — ‘ 8380E-01  7.508E-01  8.484E-011
£06 [ CoCo-BBOB g +5.193E-02  +1.149E-01  +3.854E-02
)= [JEoB-BBOB | (¢ 06 _— 5.144E-01  5214E01  6.580E-01*1
£0.5 B EoB-UAV : 07 : +2.113E01  +1.769E-01  +1.933E-01
B EoB-HPO . . .
04 Table 1. The wall-clock evaluation time using EoB or target realis-
- tic tasks for MetaBBO approaches, less is better.
50
9
g Scenari UAV HPO
803 o WI
£ - lgnitian | Real  EoB Real EoB
€02 = , :
ol LDE Normal | 30.38 min 3.124s 23.72min 2.923s
& Large ~7h  2832s ~4h  2743s
0.1 GLEET Normal | 2623s  0.256s  14.68s  0.231s
0 10 20 30 0 5 10 15 0 5 10 15 0 5 10 15 Large 2842s  0.287s 146.6 s 0.274 s
Step Step Step Step sympoL | Nomal | 43685 04235 1908s  0.412s
Large 7895s  0.528s 312.1s 0.547 s
Normal 98.24 s 0.921s 1598 s 0.852s
RLDEREL Large | 2291 min 1.442s  205.7s 1.352s

Setup:

Train MetaBBOs (LDE, GLEET, SYMBOL, RLDEAFL and GLHF) on different benchmarks (CoCo-BBOB vs. EoB-
UAV/EoB-HPO) Test on zero-shot realistic UAV/HPO tasks

The Result:

Optimizers trained on EoB-generated suites vastly outperform those trained on CoCo-BBOB.

EoB provides a high-quality, task-aligned training source.



Deep Dive - Why Does EoB Work?

METAEVO

Table 3. Test-performance consistency between baseline bench-
marks and realistic tasks.

Scenario | CoCo-BBOB EoB-BBOB EoB-Scenario

UAV 0.003 0.396 0.453 1
HPO 0.694 0.702 0.761 1

Performance Predictivity:
We measure the performance consistency using:

(C(Bsourcea Bta.rget) =1- W(gsouTCEa gtarget):

g : 1110
Ssou'rce ’ {?‘anki g=1

The Mechanism:

*BBO algorithms exhibit highly consistent performance rankings on EoB-generated benchmarks as they do on
the actual target tasks.

*This faithful topological alignment ensures valid knowledge transfer for MetaBBO policies.



Ablation Studies

Ne
METAEVO
b e il o o Table 4. Ablati land featu tations in LSI
o ©quenplus o 5 KonefTection able 4. ation on landscape feature representations in i
o e - oknciedoe Values are final MetaBBO test performances, and larger is better.
006 P 101103
- 03 Feature Representation | LDE GLEET SYMBOL RLDEAFL
=04 o (2 NeurELA 0.7621  0.8342 0.7428 0.8593
‘ ‘- DeepELA 0.7509  0.7923 0.7295 0.7967
02 o aloa ELA: Meta-Model 0.7528  0.7685 0.7324 0.7891
ELA: Distribution 0.7424  0.7858 0.7188 0.7812
Y I N S . ¥ AN | (' NS SN SN E— ! S S—— ELA: Convexity 0.7495  0.7612 0.7397 0.7954
02 04 06 08 I 02 o4 06 08 I 02 04 06 038 ELA: Local Search 0.7487  0.7705 0.7242 0.7761
ELA: Levelset 0.7398  0.7902 0.7315 0.7905
Figure 5. The ablation results shown as the pareto front set PF' ELA: Curvature 0.7462  0.7698 0.7332 0.7747

found by different baselines.

Reflection & Knowledge:

Removing the Reflection stage severs the feedback loop (degrading efficiency).

Removing Landscape Knowledge causes LSI stagnation.

Feature Extractor:

NeurELA strictly outperforms traditional ELA and DeepELA, accurately capturing target landscape topologies.



Parameter Sensitivity
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Figure 11. Pareto front evolution of EoB under the 100D setting.

Dimension:

Scaled the search space to 100D CoCo-BBOB problems.
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“igure 12. Pareto fronts obtained by EoB with different population sizes.
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EoB progressively discovers balanced solutions (high LSI & ADC) even in 100D spaces where manual design intuition

completely fails.
Population:

*N=8: Yields a narrow Pareto front due to insufficient search diversity.

*N=64: Diminishing returns with significantly higher computational API costs.
*The Sweet Spot: N=32 delivers the optimal trade-off between evolutionary exploration capability and computational

efficiency.
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