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Abstract
Objective: To leverage the Teaching Learning-Based Optimization (TLBO)
algorithm for efficient circuit design and optimization of CMOS-based analog
circuits by addressing complex and time-consuming design challenges.
Method: The TLBO method is used to optimize a number of CMOS analog
circuit parameters. Its performance on several CMOS circuit parameters is
thoroughly examined. Findings: Strong optimization capabilities for CMOS-
based analog circuit design are demonstrated by TLBO. The width of transistor
and value of resistor achieved 1.45006𝜇mand1.737417KΩ respectively for the
targeted specification for the CS amplifier. For Triple cascoded current mirror
(TCCM), this work achievedwidth of transistor as 70.89𝜇mand value of resistor
as 72.52 KΩ and the I𝑟𝑒𝑓 value equal to 10 𝜇A using TLBO approach. Novelty:
To the best of our knowledge, this is the first time the TLBO algorithm has been
used to automatically construct CMOS-based analog circuits. The technique
efficiently explores the design space while cutting down on calculation time
compared to manual design of analog circuits.

Keywords: Optimizing parameter; TLBO; TCCM; CSVCO; NgSpice

1 Introduction
In many everyday electronic devices, interfacing between digital and analog circuits is
essential.However, optimizing analog-digital circuits is a complex task.Whendesigning
an analog circuit, it is beneficial to use an evolutionary optimization algorithm (1). But
with so many available algorithms, it can be difficult to determine which one will yield
the expected results and meet the desired specifications (2), (3).

Evolutionary computation paradigms comprising genetic algorithms, particle swarm
optimization (4), differential evolution, and their hybridized derivatives are having long
underpinned metaheuristic strategies in the analog CMOS circuit optimization
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domain (5) (6). These population-based mechanisms leverage multi-agent collaboration and adaptive operator selection to
perform global search across a complex design space, thereby achieving a judicious trade-off between convergence efficacy
and solution diversity. These foundational approaches have seeded numerous contemporary hybrid frameworks optimized for
advanced analog topologies.

In contrast, Teaching Learning-Based Optimization (TLBO), models the analog of an educational process via “teaching”
and “learning” phases (7). TLBO distinguishes itself by eliminating user-dependent algorithmic parameters, simplifying
implementation while maintaining robust global search characteristics. Despite its conceptual elegance and domain-agnostic
applicability, TLBO often incurs heavy computational overhead, predominantly because each candidate solution evaluation
mandates expensive circuit simulation—rendering TLBO comparatively slower, especially in high-dimensional analog sizing
problems where specification constraints are stringent.

Differential Evolution (DE) has been systematically leveraged for transistor dimension optimization in Miller-compensated
OTAs, enabling finely tuned trade-offs among key metrics such as open loop gain, unity gain bandwidth, phase margin, and the
integrated power area figure-of-merit specially inmature 0.18 𝜇mand 0.35 𝜇mCMOS nodes. Concurrently, Genetic Algorithm
(GA) frameworks, often augmented with adaptive crossover/mutation schemes or supplemented by expert-guided heuristics,
have been successfully applied to two-stage op-amp architectures, producing demonstrable improvements in operating-point
stability, input-referred noise floor, and linearity performance under stringent design constraints (8). Hybrid optimization
strategies such as the combination of Particle Swarm Optimization (PSO) with Nelder–Mead simplex methods have been
demonstrated to drastically accelerate convergence velocity and effectively reduce dimensionality in low-voltage CMOSop-amp
sizing while preserving high performance through SPICE-level evaluations (9). Similarly, multi-objective variants like SADE—a
specialized DE variant emphasizing performance-speed trade-offs have enabled the simultaneous evolution of both parameter
values and circuit topologies (inclusive of passive, active, and BiCMOS classes), offering enhanced flexibility in design space
exploration (10).

Despite their efficacy, such heuristic and hybrid approach commonly incur high computational costs due to repeated SPICE
evaluations. And their applicability often hinges on manual tuning or domain-specific insights when transferred across distinct
circuit families or technology nodes thus constraining scalability and generality. Recent methodologies as elaborated in (11) that
integrate Bayesian surrogate models with evolutionary search such as Gaussian-process–assisted DE (GDE3+GP) offer greater
efficiency by directly exploring Pareto fronts in high-dimensional design spaces, significantly reducing simulation count while
preserving diversity of feasible trade-offs.

Another notable advance is the batch-constrained Bayesian optimization ensemble (MACE) discussed by S. Zhang et
al. (12), which accelerates multi-objective analog circuit synthesis by up to 74× compared to conventional DE in unconstrained
scenarios and up to 15× in constrained cases, while maintaining Pareto diversity. Additionally, surrogate-assisted constrained
multi-objective optimization strategies, such as those proposed by S. Yin et al. (13), have demonstrated fast convergence
and constraint handling for analog sizing problems through self-adaptive incremental learning techniques. An ML-assisted
evolutionary approach is presented for analogue circuit sizing, in order to combine the benefits of machine learning with
conventional evolutionary algorithms (14) (15).

Recent IEEE research underscores complementary approaches that address TLBO’s limitations while maintaining global
search benefits. A TLAGO: A Transfer Learning-Assisted Global Optimization is proposed that incorporates neural transfer
learning within surrogate-assisted evolutionary algorithms. TLAGO reduces simulation cost and accelerates convergence by
reusing learned models across related circuit configurations, yielding performance gains of over eight percent against state-of-
the-art methods while substantially lowering runtime (16).

The TLBO algorithm, developed by Dr. R. V. Rao (17), is an evolutionary algorithm that simulates the teaching-learning
process. In this approach, students learn from their teacher through communication, and students also benefit from interacting
with one another. The key components of the TLBO algorithm involve both educators and learners.

Analog circuit design techniques pointed out heremostly focus on hybrid and evolutionary optimization techniques. Despite
their encouraging outcomes, these methods frequently have limited scalability, a heavy reliance on manual heuristics, and poor
generalization between circuit types. Automated techniques that can reduce manual intervention and produce effective, high-
quality designs are still needed. In line with this ongoing research direction, the present work explores the automatic design of
CMOS analog circuits using the Teaching–Learning Based Optimization (TLBO) algorithm. The objective is to establish TLBO
as a more reliable, scalable, and efficient alternative for CMOS circuit design. To validate this, three benchmark circuits like the
common-source amplifier, triple cascaded current mirror, and three-stage current-starved VCO are implemented and analyzed
in a 0.18 𝜇m CMOS process.

Section I provides an introduction, while Section II explains the TLBO algorithm. The content and flowchart of the TLBO
algorithm are presented in Section III. Section IV discusses the optimization algorithm for analog circuits and the flowchart
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for automatic analog circuit design. Section V details the experiments conducted on several analog circuits and their results.
Finally, Section VI presents the conclusion.

2 Methodology

2.1 Teaching Learning Based Optimization (TLBO) Algorithm

Thismutative algorithm is encouraged by the teaching learning (TL) process andwas established byDr. R. V. Rao (17).The TLBO
algorithm is a population-based method that draws from the idea of students learning from both a teacher and their peers. The
core components of the TLBO algorithm include the teacher and learners, with a single cycle of the algorithm consisting of two
distinct phases:

• Teacher’s Phase – In this phase, the personal best value is found among all learners, which is then set as the teacher’s
value. Following this, the students interact with the teacher and learn from this interaction.

• Learner’s Phase – Here, learners interact with one another to find the globally best solution out of all learners.

The performance of teaching-based optimization algorithms is influenced by the students’ outcomes, which are dependent
on the efficiency of the instructor. In this context, the learners improve their grades through the guidance of the teacher.
Additionally, interactions among students help further enhance their performance.

The first step in the optimization process involves defining the initialization criteria, which include:

1. Population size – This refers to the number of learners. In the present experiment, three different population sizes were
tested: 10, 30, and 50.

2. Number of design variables – This represents the subjects or areas of knowledge that each learner specializes in. In
TLBO, each student is expected to learn across different variables, with interactions occurring during the learner phase.

3. Range of variables – To estimate the algorithm’s performance, various benchmark functions are tested. In this
experiment, thirteen benchmark functions were used for evaluation.

4. Objective function – The performance of the algorithm was evaluated using these thirteen benchmark functions.
5. Termination criteria – This criterion checks if the algorithm has achieved the expected result. In this experiment, the

termination criterion was set to D = 1.00e-07, indicating the stopping condition for the algorithm.

Through these initialization criteria, the TLBO algorithm is set up to test its effectiveness and optimize the design of analog
circuits.

2.2 Teacher Phase

In the current phase of the algorithm, the goal is to identify the personal best solution for each learner and select the student
with the best solution to act as the teacher. Once the teacher is selected, all learners interact with the teacher to gain knowledge
and improve their solutions based on the teacher’s expertise. The interaction with the teacher helps the learners to refine their
own solutions and progress towards a more optimal outcome. Let, k is the objective function, and there are A and B numbers
of learners and subjects respectively. In the first cycle, we are using C code to construct a random matrix

[𝐾𝑥 ×𝐾𝑦] (1)

Where 𝑥 = 1,2,…,𝐴 and where 𝑦 = 1,2,…,𝐵 (2)

Following the creation of random matrices, each learner’s performance is assessed by computing their objective function. The
objective function measures the degree to which each learner’s solution satisfies the required standards or requirements. We
choose each learner’s personal best solution, which is the best solution they have come across during the optimisation process,
after the objective function has been determined for each learner. We needed two distinct random factors, Ri and TF, in order
to find the best answer as a teacher using the difference means formula.

𝑇 𝐹 = 𝑟𝑜𝑢𝑛𝑑[1+𝑟𝑎𝑛𝑑(0,1)(2−1)] (3)

https://www.indjst.org/ 2786

https://www.indjst.org/


Prajapti et al. / Indian Journal of Science and Technology 2025;18(34):2784–2793

Here, TF falls between 1 and 2. By choosing TF, the anticipated outcome or solution finding for this research project is 2.
Although we can use C code to choose random integers, we are choosing TF = 2 for simplicity, best results, and estimation.
In the context of Ri, selecting interval [0,1], values are chosen randomly each time using C code. Equation (4) is being used
to calculate the differential formula after TF and Ri have been chosen. It is crucial to remember that TLBO’s constraint is the
teaching component in this case. We are creating an additional matrix for the differential mean formula in this stage.

𝐷𝑖𝑓𝑓𝑚𝑒𝑎𝑛𝑥,𝑦,𝑖 = 𝑅𝑖 (𝐾𝑥,𝑦𝑏𝑒𝑠𝑡,𝑖 −𝑇 𝑓𝑀𝑗,𝑖) (4)

In the following phase, we will use equations (3), (4), and (5) to update the primary matrices. But as previously stated, the
teaching factor is choosing number two.

𝐾′
𝑥,𝑦,𝑖 = 𝐾𝑥,𝑦,𝑖 +𝐷𝑖𝑓𝑓_𝑀𝑒𝑎𝑛𝑥,𝑖 (5)

Where is the most recent value? If K is inside the accepted range or criterion, then the objective function value is acceptable.

2.3 Phase of Learners

This phase, which is referred to as the learners’ phase, is the following one that involves two learners interacting with one
another and learning from each other. Here, we need to know whether we are going to use a minimisation or maximisation
procedure. For instance, it’s crucial to remember that equations (6a) and (6b) must be used if we are going to minimise the
CMOS parameters.Here, any of the two students, A and B, will be selected automatically.The modified function values for
student A and student B are specified at the conclusion of the learning process, in brief.

This is the most recent value of the interaction between two randomly chosen students. It’s crucial to remember that
equations (6a) and (6b) must be used if we are to carry out the minimisation process. Equation (7a) and (7b) are utilized
for the process of maximization.

𝐾”
𝑥,𝑎,𝑖 = 𝐾′

𝑥,𝑎,𝑖 +𝑅𝑖 (𝐾′
𝑥,𝑎,𝑖 −𝐾′

𝑥,𝑏,𝑖), 𝑖𝑓𝐾′
𝑡𝑜𝑡𝑎𝑙−𝑎,𝑖 < 𝐾′

𝑡𝑜𝑡𝑎𝑙−𝑏,𝑖 (6a)

𝐾”
𝑥,𝑎,𝑖 = 𝐾′

𝑥,𝑎,𝑖 +𝑅𝑖 (𝐾′
𝑥,𝑏,𝑖 −𝐾′

𝑥,𝑎,𝑖), 𝑖𝑓𝐾′
𝑡𝑜𝑡𝑎𝑙−𝑏,𝑖 < 𝐾′

𝑡𝑜𝑡𝑎𝑙−𝑎,𝑖 (6b)

𝐾”
𝑥,𝑎,𝑖 = 𝐾′

𝑥,𝑎,𝑖 +𝑅𝑖 (𝐾′
𝑥,𝑎,𝑖 −𝐾′

𝑥,𝑏,𝑖), 𝑖𝑓𝐾′
𝑡𝑜𝑡𝑎𝑙−𝑎,𝑖 > 𝐾′

𝑡𝑜𝑡𝑎𝑙−𝑏,𝑖 (7a)

𝐾”
𝑥,𝑎,𝑖 = 𝐾′

𝑥,𝑎,𝑖 +𝑅𝑖 (𝐾′
𝑥,𝑏,𝑖 −𝐾′

𝑥,𝑎,𝑖), 𝑖𝑓𝐾′
𝑡𝑜𝑡𝑎𝑙−𝑏,𝑖 > 𝐾′

𝑡𝑜𝑡𝑎𝑙−𝑎,𝑖 (7b)

2.4 Flow of Automatic Circuit Design

There are primarily three components in this automatic circuit design process. a) the primary scripting file; b) the error file;
and c) the output representation graph file. Flow chart of the automatic circuit design optimization is shown in figure 1.

Step 1: First, initialise circuit.cir, pso.c, parameter.dat, and input.dat.
Step 2: Run the pso.c C program, which takes input from input.dat and optimises the input value, as part of the initial

scripting/optimization step. The specs data in Obtainedspec1.dat are provided by this file, which runs in Ng-spice. After that
optimised value has been added to the parameter.dat and the data from the parameter.dat has been added to the circuit.

Step 3:Check the obtainedspec1.dat file with the expected specifications data file, desispec.dat, and obtain the perror.dat file
by compiling it in the error.c.

Step 4: The error file perror.dat is produced during the initial optimisation of the error phase when the criteria of
Obtainedspec1.dat match the Desiredspec.dat loop.

Step 5: Creating an error.m file in MATLAB’s second phase. Code for reading perror.dat data and producing simulation
results is included in this file.

Step-6: The plot.m file displays a simulation of the data and graph from the optimisation process at the end.
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3 Result and Discussion

3.1 Experiments of Optimization of Analog Circuit Using TLBO Algorithm and Result

The TLBO method is used to automatically design the following five basic circuits.

1. Triple cascoded current mirror (TCCM) (18).
2. Common source amplifier. (CSA)
3. Three stage current starved VCO (CSVCO) (19), (20).
4. CMOS voltage divider (VD) (21), (22).

All the circuits are constructed using MOSFET models in 180 nm technology. Ng-spice is used to simulate the circuit by
interacting with an algorithm for optimisation.

Fig 1. Flowchart of Automatic Circuit Design Optimization

3.2 Triple Cascoded Current Mirror (TCCM)

Triple cascoded currentmirror (TCCM), shown in figure 2, is an exceptionally important building block for twin CMOS design.
The main components of this circuit are M1 to M6 NMOS transistors and R1 resistor. the identical length (L) chosen for every
transistor is as L = 180 nm and the width (W) for each transistor asW1. So, for this circuit we have to find two design parameters
namely W1 and R1. The range and obtained values of the components by the TLBO algorithm for this circuit are shown in
Table 1. The desired specifications are reference current (Iref) and output current (Iout), and the obtained values are shown in
Table 1. Figure 3 shows the plot of specified error accomplished after using the Ngspice simulator to create the circuit file.

3.3 Common Source Amplifier

The common-source amplifier as depicted in figure 4 is used as a voltage or transimpedance amplifier. The range and obtained
values of the components by the TLBO algorithm for this circuit are shown in Table 2. Figure 5 shows the plot of specified error
achieved when the compilation of the circuit file is done using the Ngspice simulator.
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Fig 2. Circuit Diagram of TCCM CIRCUIT (15)

Table 1. Circuit Components, Required Parameters, and Obtained Values Using TLBO for TCCM
Sr. No. Components Range of Components value Obtained Values
1 W1 1 to 1000 (𝜇m) 70.893778 (𝜇m)
2 R1 1 to 1000 (KΩ) 72.522823 (KΩ)

Parameters Required Value (𝜇A) Obtained Values
(𝜇A)

1 I𝑟𝑒𝑓 10 10.000000
2 I𝑜𝑢𝑡 10 10.000010

Fig 3. Plot of Generations vs. error in Triple Cascoded Current Mirror Circuit
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Fig 4. Common source amplifier (21)

Table 2. Circuit Components, Required Parameters, and Obtained Values Using TLBO for Common Source Amplifier
Sr. No. Components Range of Components value Obtained Values
1 W1 (𝜇m) 1.0 - 1000 1.45006
2 R1 (KΩ) 1.0 - 1000 1.737417

Parameters Required Values Obtained Values
1 A𝑉 > 25 dB 26.93 (dB)
2 UGB > 50 MHz 93.04 (MHz)
3 PM > 45∘ 98.89∘

Fig 5. Plot of Generations vs. error in Common Source Amplifier
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3.4 Three stage Current Starved VCO

The three-stage current – starving VCO is shown in Figure 6. Its operating process is close to that of a ring oscillator. The
purpose of this work is to develop and optimize the three-stage starved Voltage-Controlled Oscillator (VCO) circuit. In this
research, theVCO is designed and optimized using the TLBO algorithm.TheTLBO algorithm is applied to optimize the various
components of the VCO circuit to meet the desired specifications. The range and obtained values of the components for the
three-stage starved VCO circuit, as optimized by the TLBO algorithm, are presented in Table 3. These optimized component
values ensure that the circuit performs efficiently within the desired operational parameters.

Fig 6. Schematic of three-stage starved Voltage-Controlled Oscillator (VCO) circuit

Table 3. Circuit Components, Required Parameters, and Obtained Values Using TLBO for Three-stage starved Voltage-Controlled
Oscillator (VCO)

Components Range of Components value (𝜇m) Obtained Values Achieved Parameters (Oscillation Frequency) MHz
1 W1

1 to 1000

646.4364 400.0301
2 W2 655.3027 400.0301
3 W3 624.1227 400.0301
4 W4 572.8479 400.0301
5 W5 648.5861 400.0301
6 W6 655.1839 400.0301
7 W7 668.6649 400.0301
8 K 1 to 5 5.0000 400.0301

3.5 CMOS Voltage Divider

In analog CMOS circuit design, biasing requirements generally fall into two main categories: voltage references and current
references. Voltage references are crucial for applications such as cascade stages and comparators, while current references are
used for biasing amplifiers through multiple current mirror schemes D-A convertor and more. For certain applications, simple
biasing arrangements are sufficient. One such example is the CMOS voltage divider, which is commonly used as a reference
voltage in CMOS IC design (21), (22). The schematic of the CMOS voltage divider is depicted in Figure 7. The key components
of this circuit include four MOS transistors: M1, M2, M3, and M4. These components work together to provide the necessary
voltage reference for the design. There are four design parameters in the circuit namelyW1,W2,W3, andW4 as detected from
table 4. This table lists the range and obtained values of the components by the TLBO algorithm. Achieved specified error is
plotted and shown in Figure 7 when the circuit file is connected with the Ngspice simulator.
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Fig 7. Schematic of CMOS Voltage Divider

Table 4. Circuit Components, Required Parameters, and Obtained Values Using TLBO for CMOS Voltage Divider
Sr. No. Components Range of Components value (𝜇m) Obtained Values
1 W1 0.1 to 1000 0.5366
2 W2 0.1 to 1000 906.0000
3 W3 0.1 to 1000 222.2993
4 W4 0.1 to 1000 368.0000

Parameters Values Obtained Values
1 𝑉𝑏𝑖𝑎𝑠1 0.8 V 7.7174e-01V
2 𝑉𝑏𝑖𝑎𝑠2 1.2 V 1.2374e+00V
3 𝑉𝑏𝑖𝑎𝑠3 1.7 V 1.6714e+00V

4 Conclusion
Assessing the TLBO algorithm’s performance in CMOS circuit optimization was the aim of this work. In this research, four
fundamental analog circuits have been designed using the TLBO algorithm, showcasing its potential as a novel approach in
analog circuit design. TLBO’s appropriateness for automated analog circuit design was confirmed by its overall high accuracy
in satisfying the required parameters while optimizing within the specified component ranges. Although upper bound values
were attained in the CMOS Voltage Divider—likely to accomplish exact voltage division—experimental results indicated that
the resultant component values were often well within the lower bound of the permitted ranges.

Thiswork concentrated on simple circuits as a precursor tomore intricate systems.Thiswork concentrated onbasic circuits as
a starting point for developingmore intricate systems. Future research could focus on creating an intuitive platform that enables
circuit designers—even individuals with little experience in electronics—to use evolutionary algorithms to create circuits that
are customized to meet particular needs. The design process would be more accessible and efficient with such a tool, and the
method might be expanded to optimize more intricate CMOS circuits.
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