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APPLICATION OF SPECIALIZED POPULATIONS IN A GENETIC
ALGORITHM FOR OPTIMIZING THE PLACEMENT OF INTEGRATED
CIRCUIT COMPONENTS

This paper proposes a modified genetic algorithm (GA) for the problem of placing
integrated circuit (IC) components based on the idea of preliminary specialization of
individual populations for the optimization of 1-2 parameters. Unlike classical approaches,
where each individual's genotype encodes the entire solution, the proposed approach
involves launching several independent populations, each initially evolving with a focus on
1-2 selected parameters (e.g., total connection length, thermal characteristics, occupied area).
Once local optima are reached, inter-population crossover occurs: the best genetic solutions
from different groups are combined for further global optimization, taking into account the
full multi-criteria objective function. Experimental results demonstrate that this approach
reduces the risk of getting trapped in local minima, accelerates algorithm convergence, and
improves the final placement quality by 15-20% compared to classical GAs.

Keyword: genetic algorithms, specialized populations, IC placement, multiparametric
optimization.

Introduction. The problem of optimal placement of components in integrated
circuits (ICs) is one of the most critical challenges in electronic design
(VLSI/ASIC/FPGA). The quality of the solution directly affects:

» Performance (critical delays, signal processing speed).

* Thermal characteristics (heat distribution, dissipation capability).

* Area (final chip size and production cost).

* Power consumption.

Traditional deterministic methods (including analytical and heuristic approaches)
often become too complex as the number of objects N and the number of constraints
increase. Genetic algorithms (GAs), which have proven effective in global
optimization problems [1], are widely used for IC component placement. However,
with the continuous increase in the complexity of designed objects, classical GAs
faces the following challenges:

1. High dimensionality. As the number of objects and parameters increases
(e.g., coordinates, mutual constraints, thermal and electrical requirements), the
solution space expands dramatically.
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2. Tendency to local minima. When all parameters are encoded within a
single genotype, there is a high risk of getting "stuck" in local optima.

3. High computational cost. The evolutionary process requires significant
resources to evaluate the multi-criteria objective function.

To overcome these challenges, the original multi-parameter problem is divided
into subproblems, each containing 1-2 key parameters (e.g., total connection length
and/or area; or thermal characteristics and/or delays). A specialized population is
created for each subproblem, evolving based on a simplified objective function.
Once stable local optima are reached, inter-population crossover occurs, where the
best solutions from different groups are combined into a unified genotype that
considers all parameters. Finally, a global optimization is performed using the
original multi-criteria objective function.

LITERATURE REVIEW

Classical Genetic Algorithms in IC Placement

= Holland, 1975: A foundational work that laid the groundwork for evolutionary
modeling.

» The application of GAs to VLSI problems has traditionally focused on
global search using a single genotype that encodes the placement of all blocks [2].
However, as dimensionality increases, issues of scalability and convergence arise.

= There are hybrid methods that combine GAs with other heuristics (e.g.,
local search, simulated annealing, particle swarm optimization), but they do not
fully solve the problem of high-dimensional solution spaces [3.4].

Cooperative Coevolutionary Algorithms (CCEA)

The idea of cooperative coevolution is to divide the problem into
independent subproblems followed by the integration of the obtained solutions.
Several studies have shown that this approach improves convergence and reduces
the risk of getting trapped in local optima [5,6].

= In VLSI problems, "node-based" or "region-based" optimization is often used,
where each section of the chip is considered separately. However, this approach
does not always account for different parameters (e.g., power consumption vs.
delays) but primarily focuses on physical localization.

The difference of the proposed approach

In the proposed method, specialization is not tied to the geographical division
of the placement area, as in cooperative coevolutionary algorithms, but rather to the
selection of a subset of parameters. This approach allows for the early-stage refinement
of the best solutions based on individual criteria (e.g., minimizing connection length)
and later integrates the best features from different subpopulations into a unified
solution.
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PROBLEM STATEMENT

Initial problem

Given a set of N objects (blocks, components, elements) that need to be
placed within a designated IC substrate area while considering:

1. Geometric constraints (object sizes, minimum spacing).

2. Timing constraints (signal delays, critical paths).

3. Area constraints (total occupied area).

4. Thermal constraints (heat distribution, permissible temperature).

The goal of this study is to determine an optimal placement of elements,
represented as a set of coordinates {(xi, yi)} for i = 1,..., N, that minimizes a given
multi-criteria placement quality function.

The objective function

Let X = (x4, ¥4, ..., Xy, Yn) be the vector of placement parameters. Then, the
multi-objective additive quality function, consisting of three partial quality functions,
is defined as:

FX) =w; - Fi(X) + wy - F,(X) + w3 - F5(X),

where F(X) is the total connection length or the estimated routing length at the
placement stage; F»2(X) the occupied area or placement density; F3(X) a function
reflecting thermal impact and/or maximum temperature; wi, w2, ws the weights
defining the priorities of the corresponding criteria.

Limitations of the classical approach

In a standard GA, the genotype can represent either a permutation of objects
or a complete set of coordinates. However, when the number of objects is large and
multiple criteria are considered, the dimensionality of XX becomes excessively
high. This leads to:

» Slower convergence.

= High probability of getting trapped in a local minimum.

» Increased computational cost per generation.

THE PROPOSED METHODOLOGY

The general framework of the proposed approach

The proposed approach operates in two major stages:

= Population Specialization:

= There are several independent populations (e.g. Pi, P2, ..., Py), each of
which optimizes a subset of parameters (1-2 criteria).

= For the population Pg a simplified ~F;(X¢) function is formulated considering
only the corresponding criteria.
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» A classical evolutionary process is carried out: initialization, fitness
evaluation, selection, crossover, and mutation-but only within the parameter space
relevant to the given population.

= Inter-Population Crossover and Global Optimization:

» After reaching local optima (or upon termination), the best individuals
from each population are selected.

= These individuals are combined into a new set of genotypes, where the
optimal parameter values from different groups are gathered.

= A global phase of the genetic algorithm is initiated using the full objective
function F(X), where evolutionary operators are applied again, but now for
optimizing the complete set of parameters.

Algorithm details

The phase of specialized populations

1. Initialization

= Each subpopulation P is assigned its domain related to 1-2 parameters,
and individuals are randomly generated within this domain.

2. Fitness evaluation

» The function ~Fi(X;) considers only the criteria (or part of them) for which
the population P;. For example, if the population specializes in minimizing the total
connection length, we apply: ~Fi(Xi) = Fi(Xj)).

3. Selection, crossover, mutation

= Standard genetic algorithm operators [2, 3] are applied, adapted to a lower-
dimensional space.

» Higher mutation probabilities may be used in the early stages to accelerate
the exploration of the space.

4. Stopping

= The process continues until a stopping criterion is met (e.g., a specified
number of generations or no improvement over several iterations).

Inter-population crossover

1. Selection of the best individuals

» From each population, the top-m individuals are selected (based on ~Fj).

2. Formation of a unified genotype

= For each parameter set (specialized group), the optimal values are taken
from the corresponding subpopulation. Thus, a "hybrid" solution is formed, where,
for example, the positions of elements affecting connection length are taken from the
best solution in population P;, while parameters influencing thermal characteristics
are taken from population P, and so on.
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3. Creation of the combined population

= The new "hybrid" solutions form the initial (or additional) part of the
combined population P_global which then undergoes classical evolutionary processes
based on the full objective function F.

Final global optimization

1. Global evaluation.

= Now, for each individual, the objective function F(X) = w;Fi(X) +
+w2 F2(X) + w3 F3(X), where w1, wa, ws are the weights that determine the priorities,
and F1(X), F»(X) and F3(X) are the quality functions for the corresponding criteria.

2. Selection, crossover, mutation

= A multi-parameter evolution is performed, which "fine-tunes" the solution,
taking into account all the interrelationships between the parameters.

3. Output solutions

= The algorithm stops when the specified number of generations is reached
or when the results stabilize.

= The best individual, according to the F-metric, is accepted as the final
placement.

Advantages of the proposed approach and potential challenges

Advantages

= Reduced dimensionality in early stages: Each population operates on fewer
parameters, accelerating evolution and reducing the risk of early stagnation.

= Avoidance of deep local optima: The likelihood of getting "stuck" in one
area for all parameters at once is reduced, as specialization provides independent
search zones.

= Faster convergence: Due to more effective local optimization, solutions
become "good" in key criteria even before the global phase.

= Improved computational efficiency: The approach allows for parallel
processing of information.

Potential challenges

» Selection of parameter groups: Incorrect selection and distribution of
parameters across populations may lead to conflicts during the global integration.

» Functional or correlated dependency of parameters: If parameters are
closely related, narrow specialization on 1-2 criteria may require a more complex
synchronization mechanism.

» Fine-tuning of parameters: It is necessary to control the number of generations
in each phase, the proportion of migrating individuals, mutation probability, etc.
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PRACTICAL IMPLEMENTATION

Initial Data and Assumptions for Implementation

To test the effectiveness of the method, the problem of placing N objects on
a rectangular IC substrate area was chosen, taking into account:

= Area constraints.

= Delays (critical paths).

» Thermal distribution.

Two approaches were compared:

1. Standard GA with a single population, where each individual encodes the
full set of coordinates X.

2. Modified GA with specialized populations (2—3 groups), each of which
initially optimized only a subset of criteria (e.g., routing length + density, or
thermal + timing parameters).

Experimental parameters

= Size of each specialized population: 50—100 individuals.

= Number of generations for local (specialized) optimization: 300.

= Simplified functions:

o ~Fa- considers only the total connection length,
o ~Fy - considers thermal criteria,
o ~F. considers delays (e.g., maximum critical path length).

= After stabilization of each population, inter-population crossover occurs,
and a combined population of 200 individuals is created.

= Final global optimization: 500 generations, mutation probability 0.03,
and the full objective function F(X) = wi-Fi(X) + w2 F2(X) + w3 F3(X).

Evaluation metrics

= The total value of the objective function F after the algorithm completes.

= Convergence time (number of generations or total processing time).

= Solution stability (variance of results across multiple runs).

Results

The Experiment showed:

1. The standard GA often got trapped in local minima and required more
generations to achieve an acceptable result.

2. The modified GA reduced the final value of the objective function F by
15-20% and shortened the convergence time by 20-30% (compared to the classical
algorithm).

3. The enhanced method demonstrated lower variance in solution quality
across multiple runs, indicating more stable identification of "globally" good
placements.
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Discussion

The results confirm that the preliminary specialization indeed helps in
solving multi-parameter placement problems:

» Each subpopulation quickly "hones" specific criteria without being
"burdened" by others.

» The solutions combined during inter-population crossover are more likely
to simultaneously contain strengths across all parameters.

= Subsequent global optimization only slightly adjusts the found solutions,
improving consistency among the criteria.

However, effectiveness largely depends on:

= Correct selection of criteria groups — it is important to combine
parameters in one population that do not conflict strongly with each other.

» The number of local optimization iterations — if there are too few
generations, subpopulations will not reach a quality local minimum,; if there are too
many, the risk of "overfitting" to individual criteria increases.

Promising directions for further research include:

» Adaptive distribution of parameters among subpopulations during
evolution (e.g., based on current results).

» Hybridization with other heuristics (simulated annealing, local search) to
fine-tune already "good" solutions.

= Integration with design rule checks and penalty system [7].

Conclusion

This paper presents a new approach to the optimization of placement of
integrated circuit components based on specialized populations in a genetic algorithm.
The key features include:

1. Decomposition of the original multi-parameter problem into 1-2 parameters
for each subpopulation.

2. Local optimization in a smaller parameter space at an early stage.

3. Inter-population crossover for integrating the best local solutions.

4. Final global optimization considering the full objective function.

Experiments show that this methodology provides a significant improvement
(15-20% in the objective function) and a reduction in convergence time (up to
30%) compared to the classical GA, which is particularly important when solving
large placement problems in VLSI. Specialization methods can be successfully
complemented by cooperative coevolution, adaptive mutation operators, and other
heuristics, expanding the capabilities of evolutionary IC design.
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4. 6YUL3UL

PUSEEqUO TN EeUSHh RUNUACPLENE SEBNUNMTUL ONSPUTLUSUUL
ZUUU ULULUSGRSUSYIUD TMNNNRLBUSPULE P OQSUSGNONRUL
GGLGShuuuuL ULGNPEUNRU

Unwguplynud k thnthnjujud ghibinhljului wgnphpd (@U) hunbgpuy uubdwgh
(PU) pununphsibph nknugpuiwi jigph hudwp' hhdifws withunwljwb ynyngjughw-
tbph twhbwfwl vwubughnugdub quyuthwph ypa' 1...2 qupudbnpbph owuhdwgug-
dwb nhwypnud: b vnupplpnipnit pguuwlui dnnbgnudubph, pp jnupupwignip wthwnh
gkinunhuyp Ynnuynpnud £ wdpnng nisnudp, wnwwpljynn dkpnnp tbpunnud E uh pwtth wi-
Jwfu wnympyughwibph gnpswplnud, npnip twpbwlwl hnymy qupquimy ko Yhnpn-
twbuyny 1...2 pinplws wupudbnpbph Jpu (ophwyy’ pighwinp vhugdwb bpljupnpe-
niup, ebpduyhtt hwnlnipnititpp, qpuntgyws tnwpwspp): Sknuyhtt oyynhunidutphtt hwu-
utjnig htiinn hpwwiwgynud £ dhpwynuynijjughnt pwswubpnid. mwppkp fudpbphg juqu-
gnyu ghunpjulwi (nsnudutpp hwdwlgynid ki hbnwqu gnpw) oyunpudwjugdwt hw-
Uwp hwolh webbny puquuyupudbnpuljub optlunpy $niihghwt: Enpdupupuljui
wpnniupubpn gnyg L tmwhu, np wju Uninkgnidp tuqkgunid £ inknujut dhuthdniduk-
pod fupybp, wpugqugunid E wgnphpuh hwdwpadpnidp b pupbjugnud | ipptiuljut nk-
nunpuwi npulyp 15...20%-n hudbdunws puuwljui GA-ukph htn:

Unubigpuyhll punkp. qhubnhljwljut ungnphpdibp, vuubughnugjws wnunijjughu,
PU mbnupwppunid, puquuyupudbinpuljut oyyinhdwjugnid:
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A.B. PEBA3SIH

MPUMEHEHUE CIEIAAJIM3UPOBAHHBIX MOMYJIALIANA B
IF'EHETHYECKOM AJITOPUTME JJIs1 ONTUMHU3ALIMU PASMEIIEHUS
KOMITOHEHTOB UHTEI'PAJIBHBIX CXEM

[Mpennaraercss MoauduumpoBaHHblid reHeTnueckuid anroput™ (I'A) s pemeHus 3a-
Jlaud pa3MeIleHUs] KOMIIOHEHTOB MHTErPAIbHBIX CXEM, OCHOBAHHBIA Ha IpeIBapUTEIbHON
CTELHAIN3aliH OTACTBHBIX MOMYJSIININ U onTUMu3anuu 1...2 mapamerpoB. B oTmmune
OT KJIaCCUYECKUX IOIXOJOB, I'Zle TEHOTHIT KayKIO0TO MHAMWBUIA KOIUPYET BCE PEIIEHUE LIENH-
KOM, ITPEIJIOKEHHBII METO]] BKIIFOUAET 3aITyCK HECKOJIBKMX HE3aBUCHMBIX HOIYJISLUM, KaXK1as
13 KOTOPBIX HAa HAYaJIHHOM JTalle BOJTIOIHOHUPYET C POKycOoM Ha |...2 BBIOpaHHBIX Mapa-
MeTpa (Harmpumep, o0IIas JUIMHA COSANHEHHH, TETIIOBbIE XapaKTEePUCTHKHY, 3aHIMaeMast TII0-
maznp). Ilocne NOCTHXKEHUS JIOKAJIBHBIX ONTHMYMOB IPOHMCXOIUT MEXIOIMYJISIIMOHHBIA
KPOCCOBED: JIy4IlIe TeHETHIECKHE PEIICHUS U3 Pa3HBIX IPYIIT 00bEIUHSIOTCS IS JalbHEH-
1Ieit ro0aNbHOI ONTHMU3ALMK C YYETOM MOJHONH MHOTOKPHTEPHAILHOM LieNeBOM (DYHKIIMH.
OKcrepUMEeHTAIbHBIE PE3yNbTaThl MOKA3bIBAIOT, YTO JAHHBIN MTOJXOJ CHHXAET PUCK MoIa-
JaHWUA B JIOKAJIbHBIE MUHUMYMBI, YCKOPSET CXOAUMOCTh aJTOpPUTMa U YJIydIlIaeT KaueCTBO
HUTOTOBOTO pa3mereHus Ha 15...20% mo cpaBHEHHIO ¢ Kiaccuaeckumu ['A.

Knrouegvle cnoea: TeHETUUECKHE AITOPUTMBI, CIIECHHATN3UPOBAHHBIC IOIYIISALNH,
pa3MeIleHNe HHTETPaIbHbBIX CXEM, MHOTOMApaMEeTPUIECKast ONTHMH3ALHUS.
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