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COMPARISON OF MPC BASED MOTION CONTROL ALGORITHMS ON
MUJOCO HYBRID PLATFORM

SUMMARY

Quadruped robots(QRs) have attracted significant attention in recent years compared
to wheeled or tracked robots due to their ability to move on rough and sloping terrain.
With the advancement of technology, these robots have become extremely prominent
in areas such as search and rescue, agricultural activities, exploration in remote areas
and logistics operations. With the increasing demand for QRs, the need for high
performance motion control strategies has become increasingly evident. Among the
existing control techniques, Model Predictive Control (MPC) is a model based
approach that predicts the future behavior of the system and continuously optimizes
control inputs to maximize robot performance. For this reason, it is considered one of
the powerful and preferred methods.

This study presents a comparative analysis of three different MPC based motion
control methods: Iterative Linear Quadratic Gaussian (iLQG), Gradient Descent and
Predictive Sampling. These algorithms were tested on the Unitree A1 model in a
simulation environment using the MJPC platform developed by the Google DeepMind
team. The integration of MJPC with the MuJoCo physics engine provides a robust
infrastructure and computational environment for conducting predictive control
experiments.

The simulation environment was developed using Python and Jupyter Notebook,
allowing user interaction, data collection, visualization, and performance evaluations.
The scenarios included various locomotion tasks such as walking, trotting, galloping,
hill climbing, progressing on unstable ground, and recovery after falling. Time series
data and cost function outputs were recorded to evaluate the consistency, efficiency,
and responsiveness of each control method.

The results revealed that the iLQG algorithm provided the highest tracking accuracy,
fastest convergence, and highest stability under various conditions. This method stood
out as a more effective method in terms of maintaining balance and adapting to step
transitions. Gradient Descent showed moderate performance but required careful
tuning of parameters such as step size and was not robust enough to sudden ground
changes. Although Predictive Sampling is an algorithm that does not rely on
derivatives, it was considered a suitable alternative that provides stability in simple
scenarios due to its lower computational complexity.

In addition, this study has addressed some of the shortcomings of the MJPC platform,
such as benchmarking tools and visualization capabilities. A special evaluation
interface has been developed that allows for more detailed performance analysis and
different simulation scenarios. This advanced structure is thought to be a helpful
approach for future research to improve the locomotion of QRs with predictive control
methods.
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MUJOCO HIBRIT PLATFORMUNDA MPC TABANLI HAREKET
KONTROL ALGORITMALARININ KARSILASTIRILMASI

OZET

Dort ayakli robotlar, son yillarda o6zellikle zorlu ve diizensiz arazilerdeki yiiksek
hareket kabiliyetleri sayesinde robotik alaninda giderek artan bir ilgiyle karsilasmakta
ve Oncli aragtirma konularindan biri haline gelmektedir. Bu tiir sistemler, yapilari
geregi yalnizca diiz ylizeylerde degil, ayn1 zamanda kaygan, egimli, engebeli veya
cukur gibi karmasik arazi kosullarinda da dengeyi koruyarak ilerleyebilme
kapasitesine sahiptir. Geleneksel tekerlekli ya da paletli hareket sistemleriyle
karsilastirildiginda, dort ayakli robotlar ¢ok daha yiiksek ¢eviklik, esneklik ve
adaptasyon yetenekleri sunmakta; bu da onlar1 arama-kurtarma operasyonlari, kesif
gorevleri, askeri uygulamalar, tarimsal otomasyon sistemleri ve afet sonrasi
incelemeler gibi c¢evresel belirsizligin yiiksek oldugu gorevler icin ideal hale
getirmektedir. Ayrica bu sistemler, biyolojik canlilarin yiiriiylis ve denge
stratejilerinden esinlenerek tasarlandiklari i¢in, karmasik ¢oklu temas senaryolarini
yuksek verimlilikle yonetebilme potansiyeline sahiptir. Ancak bu sistemlerin gergek
diinya uygulamalarinda giivenilir ve verimli bigimde ¢alisabilmesi, yalnizca gelismis
mekanik yapi, dayanikli govde tasarimi ve hassas sensorlerle degil; ayn1 zamanda
cevresel degisimlere hizli adapte olabilen, hesaplama agisindan etkin ve yliksek
kararliliga sahip kontrol algoritmalariyla miimkiindiir. Dort ayakli robotlarin yiiriiytiis
planlamasi, dengesizlik durumunda toparlanmasi veya farkli zemin tiirlerine anlik
tepki verebilmesi gibi islevleri, klasik kontrol yontemlerinin sinirlarini zorlamakta; bu
nedenle ileri diizey hareket kontrol stratejilerine ihtiya¢ duyulmaktadir. Bu baglamda
Model Ongorilii Kontrol (Model Predictive Control - MPC), sistemin mevcut
durumunu ve dinamik modelini kullanarak gelecekteki olast davranislar1 belirli bir
zaman ufku icinde tahmin edebilmesi ve kontrol girislerini bu dogrultuda optimize
etmesi sayesinde, dort ayakli robot kontroliinde dikkat ¢eken bir yontem olarak 6ne
cikmaktadir. MPC, her kontrol adiminda bir optimizasyon problemi ¢6ziip, sistemin
gelecek durumlari lizerinde etkili olacak kontrol girislerini belirli kisitlar altinda secer
ve yalnizca ilk kontrol adimini uygular. Bu islem her adimda tekrarlanarak sistemin
gercek zamanli olarak ¢evre kosullarina duyarli, planli ve giivenli sekilde hareket
etmesi saglanir. MPC'nin bu ileri goriislii yapisi, 6zellikle ¢ok eklemli, temasa duyarl,
dogrusal olmayan ve yiiksek derecede dinamik davranig sergileyen dort ayakli robot
sistemlerinde; denge koruma, adim gecisi, yon degistirme ve diismeden toparlanma
gibi gorevlerin giivenilir bicimde gerc¢eklestirilmesine olanak tanir.

Bu tez ¢alismasinda, MPC temelli ii¢ farkli kontrol algoritmas: iteratif Lineer
Kuadratik Gauss (iLQG), Gradyan Inisi (Gradient Descent) ve Ongoriilii Ornekleme
(Predictive Sampling) karsilagtirmali olarak incelenmistir. S6z konusu algoritmalar,
Google DeepMind tarafindan gelistirilen acik kaynaklt MJPC (Model Predictive
Control for MuJoCo) platformu iizerinden, MuJoCo fizik motoru ile entegre bir sekilde
Unitree A1 dort ayakli robot modeli {izerinde uygulanmigtir. MuJoCo (Multi-Joint
dynamics with Contact), surekli temas iceren ¢ok eklemli sistemlerin yiksek
hassasiyetle fiziksel simiilasyonunu miimkiin kilan bir simiilasyon altyapisidir. MJPC
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ise bu fizik motorunu kullanarak ger¢cek zamanli MPC planlayicilarinin
uygulanmasina olanak tanir. Tez kapsaminda olusturulan simiilasyon ortami Python
diliyle kodlanmis ve Jupyter Notebook platformunda yapilandirilmistir. Python’un
sundugu esneklik, giiclii veri isleme kiitliphaneleri (NumPy, Pandas) ve gorsellestirme
olanaklar1 (Matplotlib) sayesinde algoritmalar arasi karsilagtirmalar sistematik ve
tekrarlanabilir bigimde gerceklestirilmistir.

Simiilasyonlarda kullanilan robot modeli olan Unitree Al, 12 serbestlik derecesine
(3’er DOF’lu 4 bacak), yiiksek torklu firgasiz motorlara ve IMU gibi temel sensor
donanimlarina sahiptir. Robotun MJCF (MuJoCo XML) formatinda fiziksel 6zellikleri
tanimlanmis ve MIJPC c¢ergevesine entegre edilmistir. Her algoritma igin aym
kosullarda yiiriitiilen simiilasyonlarda, farkli yiirliylis senaryolar1 (ylirlime, dortnala
kosma), egimli yiizeylerde hareket, bozulmus zeminde ilerleme ve diisme sonrasi
toparlanma gibi gorevler gerceklestirilmistir. Her kontrol dongiisiinde 2 ms kontrol
zaman adimi ve 30 adimlik 6ngdrii utku kullanilmis; bdylece toplam 60 ms ileriye
doniik planlama gergeklestirilmistir. Simiilasyonlar sirasinda sistem durumu
(pozisyon, hiz, eklem torklari, zemin tepkisi vb.) siirekli izlenmis ve maliyet
fonksiyonlart her zaman adiminda hesaplanarak performans olgiitleri elde edilmistir.

Iteratif Lineer Kuadratik Gauss (iLQG) algoritmasi, sistemin dogrusal ve kuadratik
yaklagimlarina dayanan bir ikinci mertebe optimizasyon yontemidir. Her iterasyonda
sistem dinamigi ve maliyet fonksiyonu lokal olarak dogrusal ve kuadratik hale getirilir;
boylece hem ileri besleme (feedforward) hem de geri besleme (feedback) kontrol
sinyalleri elde edilir. Bu ¢ift yonlii yaklagim sayesinde iLQG, yliksek izleme
dogrulugu, hizli yakinsama ve sistemsel kararlilik saglar. Simiilasyon sonug¢larinda,
1ILQG algoritmasinin hem yiiriime hem de dortnala senaryolarinda en diisiikk maliyet
fonksiyon degerlerine ulastigi, sistemin diismeden Once toparlanma kabiliyetinin
yiiksek oldugu ve temas degisimlerine karsi istikrarli tepkiler verdigi goriilmiistiir.
Bununla birlikte, ikinci tlrev bilgisine olan bagimlilig1 ve yiiksek hesaplama yiikii,
ozellikle donanim sinirlamalariin oldugu uygulamalarda dezavantaj olusturabilir.

Gradyan Inisi ydntemi ise birinci mertebe optimizasyon teknigidir ve yalnizca maliyet
fonksiyonunun gradyan bilgisine ihtiya¢ duyar. Bu nedenle iLQG’ye kiyasla daha
diisiik hesaplama yiikiine sahiptir ve uygulamasi daha kolaydir. Ancak algoritmanin
basarisi, adim biiyiikliigii gibi hiperparametrelerin hassas ayarlanmasia baglhdir.
Simiilasyonlarda, Gradyan Inisi yonteminin ortalama diizeyde bir performans
sergiledigi, baz1 senaryolarda dengeyi siirdiiremedigi ve ozellikle ani dis etkiler
karsisinda  hassas oldugu gozlemlenmistir. Geri besleme mekanizmasi
bulunmadigindan sistemsel bozulmalar telafi edilememekte, bu da kararlilig:
azaltmaktadir. Buna ragmen, smurli kaynakli sistemlerde veya prototip kontrol
algoritmalarinin gelistirilmesi asamasinda faydali bir yontemdir.

Ongoriilii Ornekleme (Predictive Sampling) algoritmasi ise, belirli bir dagilimdan
rastgele kontrol dizileri 6rnekleyerek, bu diziler i¢in simiilasyonlar yiiriitiir ve en diisiik
maliyet tireten kontrol dizisini uygular. Bu yontemin avantaji, tiirev bilgisine ihtiyag
duymamas1 ve paralel islemeye uygun olmasidir. Ancak 6rnek sayisinin artirilmasi
performansi olumlu etkilerken, ayn1 zamanda hesaplama maliyetini de yiikseltir. Tez
kapsaminda yapilan deneylerde, Predictive Sampling algoritmasinin 6zellikle basit
yurime senaryolarinda kararli hareketler sergiledigi ancak karmasik ve hizli
adaptasyon gerektiren durumlarda yeterli tepki veremedigi gézlemlenmistir. Ayrica,
geri besleme mekanizmasinin olmamasi nedeniyle, beklenmedik bozucular karsisinda
denge kayb1 yasanmustir.
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Tiim kontrol algoritmalari, performans karsilastirmasiin adil ve tutarli bir bicimde
yapilabilmesi amaciyla ayni maliyet fonksiyonu tanimi altinda test edilmistir. Bu
maliyet fonksiyonu, robotun istenen (referans) yoriingeden sapmalarini ve bu
yoriingeyi takip ederken harcadigi kontrol eforunu birlikte degerlendiren bir yapidadir.
Ozellikle konum ve hiz gibi durum degiskenlerindeki sapmalar ile eklem torklarmin
buyiikligi, belirli agirlik katsayilariyla dengelemis ve ¢cok amagli bir optimizasyon
cergevesi olusturulmustur. Béylece hem sistemin izleme dogrulugu hem de enerji
verimliligi g6z oniinde bulundurulmus, algoritmalarin yalnizca performansi degil ayni
zamanda uygulama uygunlugu da dikkate alinmistir. Simiilasyonlarin sonunda elde
edilen ¢iktilar, zaman serisi verileri lizerinden detayl sekilde analiz edilmistir. Bu
analizler sirasinda robotun ii¢ boyutlu uzaydaki govde pozisyonu, bacak uglarinin
(end-effector) lineer ve agisal hizlari, yer ile temas anindaki kuvvet dagilimlari ve her
bir eklemde dretilen tork degerleri dikkatle incelenmistir. Bu veriler, Python
kullanilarak gelistirilen gorsellestirme araglar araciligiyla grafiksel olarak sunulmus;
algoritmalarin performanslari, hem sayisal hem de gorsel analizlerle desteklenmistir.
Ozellikle adim gegis siireleri, denge merkezinin (Center of Mass - CoM) salinim
biiylikliigii, ayak temas siiresi ve yoOnelme (orientation) acilarindaki degisimler,
algoritmalar aras1 farklar1 ortaya koymak acisindan kritik metrikler olarak
kullanilmigtir. Ayrica, gait gegislerinin performansi, simiilasyonlar sirasinda robotun
adim diizenini koruyabilme yetisi ve gegis sirasindaki salinimlarin kontrol
edilebilirligi acisindan degerlendirilmistir. Denge koruma analizi kapsaminda ise
robotun digsal bozuculara veya egimli ylizeylere verdigi tepkiler incelenmis, her bir
algoritmanin bozulmaya ne hizda yanit verdigi, dengenin ne kadar siirede yeniden
saglandig1 gibi metrikler karsilastirilmistir. Yonelme analizinde ise robotun sapma
yaptig1 eksen etrafindaki toparlanma davranisi, agisal hiz regiilasyonu ve gévde
stabilizasyonu gibi yonler ele alinmigtir. Bu kapsamli degerlendirmelere ek olarak,
MIJPC platformunun sinirli olan analiz ve senaryo cesitlendirme kapasitesi, Python
diliyle gelistirilen 6zel modiiller sayesinde genisletilmistir. Kullanicinin manuel olarak
tanimlamas1 gereken senaryolar, otomatiklestirilmis yapilandirma dosyalari ile betik
destekli hale getirilmis; farkli yiirliylis modlar1 ve zemin profilleri ic¢in seri
simiilasyonlar ¢alistirilabilir duruma getirilmistir. Ayrica her simiilasyon sonunda elde
edilen veriler diizenli bi¢gimde kaydedilmekte ve video formatinda disa
aktarilmaktadir. Bu siireglerin otomatize edilmesi sayesinde yalnizca algoritma
dogrulugu degil, ayn1 zamanda tekrarlanabilirlik, simiilasyon siiresi ve analiz
verimliligi gibi pratik uygulama 6lciitleri de degerlendirilebilir olmustur.

Sonug olarak, bu tez calismasi, farkli MPC algoritmalarinin dort ayakli robot hareket
kontroliinde sagladigi basariy1 sistematik bi¢imde karsilastirmis; algoritmalarin hem
teorik yapilart hem de uygulama ¢iktilar1 yoniinden giiclii ve zayif yonlerini ortaya
koymustur. iLQG algoritmasi genel performans bakimindan en bagsarili yontem olarak
one ¢ikarken, Gradyan Inisi ve Ornekleme tabanli algoritmalar belirli gérevler ve
kaynak kisitlart altinda uygulanabilir alternatifler sunmustur. Calismada gelistirilen
simulasyon ve degerlendirme altyapisi, gelecekte pekistirmeli 6grenme (reinforcement
learning) tabanli yontemlerin de dahil edilecegi genisletilmis arastirmalar i¢in saglam
bir temel teskil etmektedir. Bu sayede hem akademik literatlire hem de ger¢ek diinya
uygulamalarina katki saglanmasi hedeflenmektedir.
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1. INTRODUCTION

Quadruped robots are systems developed inspired by animal locomotion and have
recently grown as a major research topic in the field of robotics. Because the early
systems for QRs primarily had static balance based walking algorithms, their mobility
was very much limited. But with the development of hardware and software, dynamic
movements such as trotting, galloping, jumping, and falling recovery have been made
possible for these robots. At the center of this development lie real time control

systems, high torque actuators, and advanced sensor technologies.

Enhancing the locomotion capabilities of QRs requires not only improvements in
mechanical design but also the development of effective control strategies. In
response, a variety of motion control algorithms have been proposed, making it
possible for these robots to move with greater stability, agility, and precision. While
earlier approaches relied on simple, statically stable gaits, current systems are capable
of executing more complex behaviors, including dynamic walking and balance

recovery.

In addition to hardware technologies, real time control systems and physics based
simulation environments have a large share behind these developments. Simulation
platforms such as MuJoCo in particular allow different control algorithms to be tested
and analyzed. Thus, algorithms can be evaluated safely and efficiently in a virtual

environment before being implemented on hardware.

1.1 Problem Statement

Quadruped robots have shown strong potential for navigating complex terrains where
wheeled and tracked systems often struggle. Their natural ability to adapt to uneven
surfaces makes them ideal for tasks such as search and rescue, exploration, and
autonomous mobility in unstructured environments. However, despite significant

progress in mechanical design and sensor integration, achieving stable and efficient



locomotion control remains a challenging issue particularly when it comes to dynamic

gaits and real time adaptation to terrain changes.

In recent years, Model Predictive Control (MPC) has gained increasing attention as a
promising method for controlling legged robots due to its predictive structure and
optimization-based approach. Nonetheless, applying MPC in practice especially in real
time systems, presents several difficulties, including high computational cost,
sensitivity to parameter tuning, and lack of consensus on the most effective variant of

MPC for quadrupedal locomotion.

Although different MPC based strategies such as iLQG, Gradient Descent, and
Predictive Sampling have been proposed and tested independently, there is limited
comparative analysis that evaluates these methods under consistent simulation
conditions. As a result, it is still unclear how each approach performs in various
locomotion scenarios in terms of stability, responsiveness, and computational

efficiency.

This study addresses this gap by implementing and comparing three MPC based
motion control algorithms on the Unitree Al quadruped robot using the MuJoCo based
MJPC platform. By analyzing time series data, cost function outputs, and performance
under different gaits, the goal is to better understand the strengths and limitations of
each method, and to support future development of more reliable and efficient control

systems for QRs.

1.2 Purpose and Importance of the Thesis

In recent years, the use of quadruped robots in realworld environments has gained
increasing importance due to their superior ability to navigate rough and unstructured
terrain. Unlike wheeled or tracked robots, quadrupeds can adapt their movements to
irregular surfaces, making them especially useful in areas such as disaster response,
exploration, and agricultural automation. However, achieving reliable, stable, and
efficient locomotion in these conditions remains a challenging problem, particularly

when dealing with dynamic environments that require quick adaptation.

The primary goal of this thesis is to explore and compare the performance of three
different control strategies based on Model Predictive Control (MPC); Iterative Linear

Quadratic Gaussian (iLQG), Gradient Descent, and Predictive Sampling. These



algorithms are implemented in a simulation environment using the MJPC framework
developed by Google DeepMind, which integrates with the MuJoCo physics engine to
simulate realistic quadruped motion. The Unitree Al quadruped robot model is used
as the test platform in various locomotion tasks, including walking, trotting, galloping,

slope climbing, and recovery after a fall.

Although MPC is widely regarded as a powerful control method due to its ability to
predict future states and optimize control actions accordingly, the practical application
of different MPC variants under identical conditions has not been fully explored.
Especially in open source research and robotics development, there is a noticeable lack
of comparative studies that clearly demonstrate the trade offs between these
approaches. For example, while iLQG offers precise convergence and smooth
trajectories, it requires complex derivative information. On the other hand, Predictive
Sampling though computationally lighter may be limited in accuracy. Gradient
Descent lies somewhere in between, often requiring fine tuning of parameters such as

step size to perform well.

This thesis addresses this gap by evaluating all three algorithms under consistent test
scenarios and collecting quantitative data such as cost function values, state
trajectories, and system responses over time. In doing so, the study aims to provide a
clearer understanding of which control method is more suitable depending on task

complexity, terrain variation, and computational constraints.

Beyond performance comparison, this research also contributes by extending the
MJPC environment with custom evaluation and visualization tools, improving the
transparency and repeatability of MPC experiments. The outcomes of this work are
expected to be valuable not only for academic research but also for future real world
implementations, where the need for adaptive and efficient control strategies in legged
robotics continues to grow. Future research should extend this comparative study to
include reinforcement learning-based controllers because recent benchmarks
demonstrate their potential to improve energy efficiency and adaptability (Akki &
Chen, 2025).






2. RELATED STUDIES

The literature review section provides a detailed overview of existing knowledge and
technological progress in this field through an analysis of quadruped robot historical
development and their locomotion gaits and control systems from previous research.
The section evaluates previous research about quadruped robot locomotion together
with MPC based control strategies. The review establishes theoretical foundations for

the comparative analysis performed in this thesis.

2.1 The Historical Development of Quadruped Robots

The development of quadruped robots has been heavily influenced by attempts to
duplicate the efficient and adaptable movement patterns found in animals. During the
1960s and 1970s researchers primarily worked on statically stable walking machines
that used basic mechanical systems and minimal control mechanisms (McGhee &
Frank, 1968). The first generation of prototypes faced restrictions from both weak
computational power and mechanical constraints which led to slow pre programmed

motion capabilities.

The 1990s through 2000s brought substantial progress through sensor and actuator
advancements and onboard processing capabilities. The new technology allowed
scientists to create advanced gait controllers that operated through feedback systems.
The Boston Dynamics BigDog model from the mid 2000s proved that quadruped
robots could perform real time balance maintenance while navigating challenging
terrain (Raibert et al., 2008). The Cheetah robot developed at MIT achieved fast and
flexible movement through its combination of advanced torque control and

optimization based planning methods (Kim et al., 2015).

The combination of machine learning approaches with model based control methods
and MuJoCo simulation tools has driven significant progress in quadruped robot
capabilities during recent years (Todorov et al., 2012). The systems now possess the

ability to adjust their performance in unpredictable situations while making



autonomous gait changes and fall recoveries thus becoming appropriate for search and

rescue missions and exploration and military operations.

The field of quadruped robotics keeps advancing because of increasing research and
commercial interest which has led to the adoption of Spot by Boston Dynamics and

Unitree Al platforms in academic and industrial environments.

The background of walking machines indicates that the 18th century investigators built
many legged robots. Examples are shown in Figure 2.1 and Figure 2.2. The first robot
legged mechanism was built around 1870, by Chebyshev; see Figure 2.1. In a similar
vein, in 1893, a mechanical horse was built; see Figure 2.2. Due to their specific
advantages over wheeled robots at present, people are conducting much research on
the legged robot (Mishra., 2014).
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Figure 2.1: Design of legged machine obtained from the 2D drawing in
(Artobolevsky, 1964).
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Figure 2.2: Mechanical horse patented by Rygg U.S. Patent No. 491927A dated Feb.
14, 1893.



2.2 Motion Gaits of a Quadruped Robot

Quadruped robots perform their motion through different gait patterns which depend
on how the legs move together with contact timing and body mechanics. Different gait
patterns in quadruped robots including walk, trot, pace, bound, and gallop have distinct
characteristics regarding their stability levels together with speed capacity, energy
usage, and ground reaction force patterns (McGhee & Frank, 1968). The walking gait
requires three legs to stay in continuous contact with the ground which delivers
excellent static stability for navigating uneven surfaces. The trot and gallop gait
patterns have aerial phases which cause the robot to lose contact with the ground thus
requiring immediate balance management and precise trajectory maintenance (Raibert,
1986). For control purposes, gait generation requires designing both leg trajectory
paths and body movement patterns which result in efficient and stable movement. The
development of gait generation methods includes three primary approaches: Central
Pattern Generators (CPGs) (ljspeert, 2008), finite state machines (Kolter & Ng, 2010),
and optimization-based methods that utilize trajectory optimization (Neunert et al.,
2018) and reinforcement learning (Hwangbo et al., 2019). Model Predictive Control
(MPC) represents a recent advancement in gait generation for dynamic stability
because it enables prediction of control inputs over time while managing real-time
constraints and disturbances (Kim et al., 2019). Multiple gait control modes are
implemented in real-world robots such as Boston Dynamics' Spot, the ANYmal
platform from ETH Zurich, and Unitree Al, which adjust their movement based on
terrain conditions and task requirements. Spot performs adaptive locomotion by
integrating kinematic planning with model-based dynamic control methods (Boston
Dynamics, 2020), yet ANYmal achieves complex terrain navigation through whole-
body MPC control during dynamic gait operations (Jenelten et al., 2020). Research-
grade platform Unitree Al serves as a widely adopted benchmark for gait control
algorithm evaluation because of its open software interface and compatibility with
simulation tools MuJoCo and MJPC framework (Tassa et al., 2022). The process of
gait transition between different states creates new control difficulties. The transition
process needs to preserve balance stability while preventing sudden leg coordination
changes which could lead to instability. The development of hybrid control systems

now focuses on combining discrete gait state changes with continuous control of joint



torques or trajectories (Di Carlo et al., 2018). The development of gait adaptation
methods for environmental feedback, including uneven terrain and external
perturbations, represents a crucial research area for enhancing robustness and
autonomy. Legged locomotion research depends heavily on the scientific investigation
of gait patterns in quadruped robots. The development of agile and autonomous
quadruped systems requires knowledge about gait biomechanics alongside

coordination strategies and control frameworks to achieve real world operation.

2.3 Unitree A1 Quadruped Robot

Unitree Al is a compact and agile quadruped robot that is becoming increasingly
popular among researchers studying legged locomotion, and a real model is shown in
Figure 2.3 and Figure 2.4. Designed by Unitree Robotics, it offers a practical balance
between performance and affordability, making it a suitable choice for both
experimental research and real-world applications. Its relatively low weight is around
12 kilograms (kg), and modular design allows for easy integration into various robotic

control frameworks, especially in academic environments (Unitree Robotics, 2022).

Each leg of the Al is powered by three high torque brushless motors, giving it 12
degrees of freedom (DOF) in total. This configuration enables the robot to perform a
wide range of movements, including walking, trotting, and even short bursts of
running. It can reach speeds up to 3.3 meters per second. The robot is equipped with
essential onboard sensors such as an IMU and joint encoders, and it can be extended
with external sensors like cameras or LIDAR. These features make it possible to
develop both basic locomotion strategies and more advanced control systems that rely
on environmental feedback (Bledt & Kim, 2019).

On the software side, the Al supports communication over ROS, allowing for flexible
software development and easy integration with existing robotic tools. Researchers
can access both high level behavior modules and low-level motor commands, making
it an adaptable platform for a variety of control approaches ranging from simple

trajectory tracking to model based or learning based controllers.
The technical specifications of the Al are as follows (Unitree Official Shop, 2024):
* Dimensions: 500 x 300 x 400 mm

* Weight: 12 kg



* Speed: 3.3 m/s (11.88 km/h)
* Motor Torque: 33.5 N.m
* Motor Rotation Speed: 21 rad/s

e Runtime: 1 — 2.5 hours

Figure 2.3: Unitree Al robot used in simulation for this study.

Figure 2.4: Top view for Unitree Al robot.






3. MPC FOR QUADRUPEDS

The design of control systems for quadruped robots becomes challenging because
these robots exhibit dynamic behavior and multiple degrees of freedom while
experiencing variable terrain contact conditions and requiring high agility. The
complex requirements of these systems exceed the capabilities of traditional PID and
rule based controllers especially when it comes to adaptability and prediction (Raibert
et al., 2008; Hwangbo et al., 2019). The predictive capabilities of Model Predictive
Control (MPC) make it an attractive solution because it enables real time optimization
of control actions based on future system state predictions. MPC uses system models
to predict future behavior within a defined time span before solving optimization
problems to find optimal control inputs at each step. The predictive functionality of
MPC proves beneficial for complex systems including quadrupeds because they need
to maintain balance and handle gait transitions and unstructured terrain (Kim et al.,
2019). Recent studies have also integrated hybrid force—position strategies with MPC
to enhance terrain adaptability and contact stability in quadruped robots (Xue et al.,
2025).This research explores three different MPC control methods which include:
Iterative Linear Quadratic Gaussian (iLQG), Gradient Descent and Predictive
Sampling. The three algorithms use different optimization approaches which were
tested on the Unitree Al quadruped robot through MuJoCo simulation. The following
subsections explain both theoretical aspects and practical implementations of these
methods to establish a foundation for simulation results and comparative analysis in

later chapters.

3.1 Model Predictive Control

Model Predictive Control (MPC) is a forward-looking control strategy that solves a
finite horizon optimal control problem at each control step. It uses the current system
state and a model of the system to predict future states and optimize control actions
accordingly (Rawlings & Mayne, 2009). The standard MPC procedure consists of
three main steps:
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1. Prediction: Future states are simulated using the system model.

2. Optimization: An objective (cost) function is minimized to determine the optimal

control inputs.

3. Execution: Only the first input in the sequence is applied; the process repeats at

the next step.

The general mathematical formulation of MPC is given by:

N
min l(xp,ur)  subject to: xqq = f(xpuy) (3.1)
Ug,--»UN-1
k=0
where x;, is the system state, u; is the control input, [(x;, u;) is the cost function and
f (x uy) represents the system dynamics. Safety and feasibility requirements can be

added as extra constraints to both states and inputs.

The benefits of MPC in quadruped locomotion can be summarized as follows:
e Dynamic stability: Enables continuous balance maintenance (Neunert et al., 2018).
e Predictive step planning: Anticipates terrain variations and instabilities.

e Multivariable control: Can handle complex, high dimensional systems with

multiple actuators and constraints.

MPC provides exact control of contact forces and timing which makes it suitable for
terrain adaptive locomotion. MPC algorithms can be tested in realistic virtual
environments using MuJoCo simulation tools to enable safe prototyping and parameter
tuning (Tassa et al., 2022). The main drawback of MPC is its high computational
requirements. Real time optimization problem solving at each time step requires
significant computational resources. Different solution techniques have been proposed
including derivative based solvers (e.g., iLQG), first order methods (e.g., Gradient
Descent), or sampling based methods. Each of these methods provides a different
balance between accuracy and computational expense. The following sections will
explain the structure and implementation specifics of these algorithms for quadruped

locomotion.
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3.1.1 Iterative linear quadratic gaussian method

The lIterative Linear Quadratic Gaussian (iLQG) method is an optimal control
algorithm designed to handle nonlinear systems with dynamic constraints. It is
particularly well suited for legged locomotion applications, where dynamics are highly
nonlinear, time varying, and often underactuated. In quadruped robots, where the
interaction between multiple limbs, body momentum, and ground contact forces create
complex motion behaviors, iLQG provides a robust framework for trajectory

optimization and feedback control.

The core operation of iLQG requires several iterations to evolve a time based control
policy over a fixed prediction horizon. It starts by computing an initial 'nominal’
trajectory and then calculates the local linear system dynamics and quadratic cost
function approximations around that trajectory. Having computed these, it further
refines the optimal feedforward and feedback control signals by setting up a string of
small local optimization problems based on dynamic programming methods. The
process forms a new trajectory based on the signals computed from the above process
and so on for the next iteration as a building foundation for the next. This process is
repeated until the total cost based on the performance of the resulting closed-loop
trajectory falls to convergence below a certain prescribed threshold.
The main characteristic of iLQG emerges from its dual approach which combines
feedforward terms for future cost reduction with feedback gains for state deviation
correction. The resulting control policy demonstrates both predictive state of
theartness for future states and adaptive responses to real time disturbances or

modeling inaccuracies (Tassa et al., 2012).

Quadruped robots motion is based on complex multibody dynamics with coupled
limbs and changing contact between them and the ground. For effective operation, the
Unitree Al robot needs all its twelve joints to be actuated because it has to control the
exact torque in the joints, manage the orientation of its body, and the ground reaction
force to find balance and move forward. The iLQG algorithm produces the trajectories
of the center of mass and footstep placements that enable stability to be maintained for
all of the described motion tasks, which includes trotting and climbing up a slope as
well as  recovery from  perturbations  (Neunert et al., 2018).
The major strength of iLQG in this setting is its ability to generate plans through
contact rich hybrid dynamics that deal with fast transitions between foot—ground
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interaction phases. The algorithm can produce smooth and feasible trajectories through
repeated optimization of predicted motion which, in this case, includes contact
sequences hence it becomes robust on uneven terrain and quick changes in surface

friction.

3.1.2 Gradient descent method

The first order optimization technique known as gradient descent serves control
systems because it uses simple algorithms while requiring minimal computational
resources. The MPC framework uses gradient descent to update control inputs through
repeated adjustments that minimize the cost function across a specified prediction
period. The method enables simple predictive control implementation for systems that

require efficient computation (Rawlings & Mayne, 2009).

The core operation of gradient descent depends on using the cost function's gradient
to determine control input adjustments. The system uses each iteration to adjust control
parameters toward directions which minimize the cost function until it reaches an
optimal trajectory. The learning rate or step size determines the size of each update.
The selection of this parameter requires special attention because it controls both

optimization speed and stability during the process (Boyd & Vandenberghe, 2004).

The control of quadruped robots uses gradient descent to produce executable control
sequences for locomotion and stabilization tasks. The method requires only first order
derivative information which makes it workable with automatic differentiation tools
and avoids the need for complex modeling assumptions. The method works well for
testing control strategies in simulation environments or systems where full model

knowledge is unavailable.

The main disadvantage of this method is its inability to correct feedback. The
algorithm functions as a feedforward system which modifies control inputs through
predictions without implementing any disturbance or modeling error compensation
during execution. The algorithm shows sensitivity to external factors and reduced

robustness in dynamic or uncertain environments (Todorov & Li, 2005).

The convergence speed of gradient descent is slower than iLQG and it loses stability
when dealing with complex terrain or rapid gait transitions. The real time performance
and stability of iLQG surpasses that of gradient descent because it combines predictive

and corrective mechanisms (Neunert et al., 2018). The tool provides value for
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algorithm prototyping and parameter tuning and preliminary analysis within MPC
applications despite its limitations.

3.1.3 Predictive sampling method

The predictive sampling method acts as a model predictive control (MPC) strategy that
generates control inputs by evaluating many randomly chosen trajectories rather than
using gradient or second order derivative information. For the reason that traditional
optimization methods become difficult when there is model uncertainty and also
discontinuities and hybrid dynamics, this predictive sampling method has attained

significance in the strong tracking of complex nonlinear systems.

The predictive sampling method operates independently of gradient based or
linearized MPC algorithms because it does not need explicit model linearization or
analytical gradients. The limitations of model uncertainty have been addressed through
recent research which combines physics-informed neural networks with MPC
frameworks to enhance prediction accuracy under unknown loads and external forces
(Li et al., 2025). Numerous control sequences are generated from a specified
distribution prior to utilizing the system dynamics model to compute resulting state
trajectories for each sequence. The control sequence that results in the minimum cost
value according to the predefined cost function will eventually be executed. In such
capabilities tested, the method proves very efficient in systems with nonlinear features

and complex contact dynamics like quadruped locomotion (Howell et al., 2022).

The main benefit of this method consists of its basic nature and adaptability. The
method works without gradient or Hessian computations which makes it suitable for
systems that lack derivative accessibility or have optimization landscapes that
conventional solvers cannot handle. The method benefits from modern high
performance computing environments because sampling operations can be performed
in parallel which makes it suitable for real time applications under specific constraints.
Predictive sampling presents major drawbacks in its operation. The method's
performance strongly relies on both the quantity of samples and the quality of the
sampling distribution. Insufficient exploration of the control space through limited
sampling numbers can produce unstable or suboptimal system behavior. The quality

of solutions improves with more samples but the computational expense rises
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proportionally. Real time implementations face a crucial challenge because of latency
constraints (Tassa et al., 2022).

The predictive sampling methods experience slow convergence rates and low control
accuracy because they do not incorporate feedback correction and local refinement.
The predictive sampling method uses open-loop evaluation of sampled trajectories
instead of iLQG structured feedback gains. The algorithm performs feedforward
operations through gradient descent without calculating gradients to achieve better
performance in complex nonlinear systems and systems with low model accuracy. The
method functions as an essential tool when model fidelity is low or robustness to model
uncertainty takes precedence over accuracy. Predictive sampling presents an appealing
solution for MPC applications in quadruped robots particularly during early algorithm
development and when computational simplicity and adaptability matter more than

optimal performance.

3.2 Cost Function

A cost function serves as a mathematical formulation which assigns a scalar value to
system states and control inputs to measure their "quality" or "fitness". Optimal control
theory aims to minimize this cost function across a defined time period to achieve
desired system behaviors while preventing unwanted ones (Bryson & Ho, 1975).

The cost function stands as the core component in Model Predictive Control (MPC)
because it establishes the optimization target. The controller uses this function to
achieve desired behaviors while simultaneously penalizing both deviations and
excessive control efforts. The cost function for quadruped robots needs precise design
because stability and smooth motion and energy efficiency must be balanced against
each other. The research implements a unified quadratic cost function which spans all
three MPC based control strategies including iLQG, Gradient Descent and Predictive
Sampling to enable performance comparison. The general structure of the cost function
is defined as:

N
] = E(Xk - xref)TQ (xk - xref) + ukTRuk (32)
k=0
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Here x; is the system state at time step k, x,..; is the reference state, u is the control
input, Q and R are positive semi definite weighting matrices corresponding to the state
error and control effort, respectively. This formulation aligns with classical MPC
theory and is known to promote both accurate tracking and control efficiency
(Rawlings & Mayne, 2009).

In quadruped locomotion tasks, the cost function incorporates the following

components:

o Position and orientation tracking of the robot’s center of mass (CoM),

e Minimization of control input effort (joint torques),

« Motion smoothness through penalizing joint velocities and jerks,

« Posture and gait stability, particularly under terrain variation or disturbance.
The cost function receives different treatment from each control algorithm:

The quadratic structure of iLQG enables efficient and stable feedback gains because it
performs second order local approximations of system dynamics and cost functions
(Todorov & Li, 2005; Tassa et al., 2012). The Gradient Descent method uses first order
updates to optimize the cost through parameterized control trajectories that include
splines. The convergence of this method relies on both the learning rate and the proper
tuning of cost weights (Boyd & Vandenberghe, 2004). Predictive Sampling method
from MJPC uses zero order optimization through noisy trajectory sampling to evaluate
cost values before selecting the lowest cost candidate. The method lacks gradient usage

yet shows remarkable effectiveness in complex environments (Howell et al., 2022).

The time indexed spline representations used by all methods in this study reduce
optimization dimensionality while promoting smoother output results. The gradient
based methods require MuJoCo's efficient finite difference utilities to compute cost

function derivatives (Todorov et al., 2012).
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4. MUJOCO MPC

The MuJoCo (Contact Multi-Joint Dynamics) engine functions as a physics simulation
tool which specializes in complex robotic systems control intensive tasks. MuJoCo
operates differently from standard simulators because it focuses on real time
differentiable simulation of multi body systems with continuous and discontinuous
contacts (Todorov et al., 2012). The system provides optimal performance for
applications that include trajectory optimization and model based control and
reinforcement learning. The constrained dynamics of jointed systems are solved by
MuJoCo through its smooth contact model and sparse matrix factorization techniques

which result in stable numerical simulations of complex systems.

4.1 MuJoCo MPC Implementation

The MuJoCo framework implements MPC through the Model Predictive Control
(MJPC) library developed by Google DeepMind. The real time control platform MJPC
functions directly on MuJoCo's physics engine to enable structured evaluation and
deployment of various MPC strategies in simulated environments. The MuJoCo
simulation engine optimizes control oriented research of articulated contact rich
dynamic systems through its design. The MuJoCo simulator uses continuous time
physics simulation with optimization based methods to model smooth soft contact
dynamics instead of traditional rigid body simulators that use hard contact models with
discrete time solvers (Todorov, Erez, & Tassa, 2012). The system uses generalized
coordinates with sparse matrix factorizations to simulate constrained multibody
dynamics at real time speeds for accurate legged robot simulation. The system
provides derivatives of dynamics and contact forces through analytical methods or

finite differences which makes it optimal for optimization based control algorithms.

The MJPC framework integrates MuJoCo's basic simulation capabilities into a system
level control framework. The approach was extended in recent studies to implement
real-time whole body MPC using MuJoCo and dynamic control was achieved on

legged robots in contact intensive scenarios (Zhang et al., 2025). The control loop of
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the framework runs at each control timestep through five essential stages which
include MuJoCo simulator state estimation, generation of multiple control input
sequences for a finite prediction period, state trajectory simulation, cost function
assessment for each trajectory, and selection of the first action from the sequence with
the lowest cost. The system performs this procedure in real time to adapt dynamically
to disturbances and terrain variations (Tassa, Xiang, & Levine, 2022).

The framework enables planners to work together without interruptions. The three
planners selected for this thesis operate as independent modules. The iLQG planner
generates optimal control policies through local linearization of dynamics and second
order cost function approximation (Tassa, Erez, & Todorov, 2012). The Gradient
Descent planner performs first order gradient based updates to optimize parameterized
control sequences and the Predictive Sampling planner chooses the trajectory with
minimum predicted cost from a batch of randomly sampled options (Howell et al.,
2022).

The MJPC system exists mainly as a C++ implementation with Python interfaces that
support quick development along with task setup and data recording. The authors of
(Alvarez-Padilla et al., 2024) used MuJoCo's parallel simulation features to develop
real-time whole body control through Model Predictive Path Integral (MPPI)
optimization which allows efficient trajectory optimization under dynamic
conditions.The simulation models exist in MuJoCo’s MJCF format and tasks receive
their parameters from structured JSON files. The framework includes visualization
tools which enable researchers to observe simulation states and contact forces and gait
transitions in real time thus establishing a strong platform for controller development

and performance assessment (MuJoCo Documentation, n.d.-a).

The research employs MJPC both as a control system and as an experimental testing
environment. The development of custom extensions enabled automatic batch
simulation execution as well as time series data logging and performance metric
visualization. The Python API of MuJoCo served to develop interactive simulation
environments which enabled users to perform manual perturbations and parameter

adjustments and planner comparisons under equivalent conditions.

The combination of MuJoCo with MJPC enables researchers to develop an adaptable

system for evaluating control algorithms in legged locomotion. The real time
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functionality together with precise contact modeling and modular planner architecture
makes MJPC an ideal platform for sophisticated control research in quadruped
robotics. There are many different robot types offered by the Google DeepMind team
in MJPC. The user can open the xml file of the product they want to work with in
MuJoCo and run it and perform simulations. Figure 4.1 shows various and different
types of robots used.

Figure 4.1: Humanoid and cube model simulation in MuJoCo.
4.2 Integration of MuJoCo MPC on the Unitree Al

This study conducts an integration of the Unitree Al quadruped robot with Model
Predictive Control (MPC) algorithms using the MJPC framework, an open-source
project that Google DeepMind developed. MuJoCo physics engine forms the base for
MJPC which allows for the simulation of articulated multibody systems having
continuous contact dynamics at a very high fidelity. (Todorov et al., 2012; Tassa,
Xiang, & Levine, 2022). Structured real time control architecture is offered by the
MJPC platform for different predictive planners that include iLQG, Gradient Descent,
and Predictive Sampling (Howell et al., 2022; Tassa et al., 2022).

The integration process depends on the task oriented architecture of MJPC. The MJPC
defines tasks through three modular files which include an MJCF file for robot
dynamics and a JSON configuration for task specifications and controller parameter
definitions. The researchers modified the MJPC default locomotion template to match
the physical attributes of the Unitree Al quadruped robot. The defined parameters
included an initial center of mass (CoM) height of 0.25 m together with a desired
forward velocity of 0.8 m/s and a control timestep of 2 ms. The prediction horizon was
set to 30 steps which allowed a 60 ms look ahead window per control cycle. The
simulation ends when the CoM pitch reaches 45° or when the robot drops below 0.15

m height as previously used in quadruped locomotion control studies (Neunert et al.,
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2018; Kim et al., 2019). For this thesis, the Unitree A1 robot was modeled using MJCF
(MuJoCo XML) format, incorporating manufacturer specifications including a mass
of 12 kg, 12 actuated joints, joint torque limits of 33.5 N-m, and joint speed limits of
21 rad/s (Unitree Robotics, 2022).

The core control logic originates from DeepMind yet users need to build the simulation
environment and robot model and task configuration. The Unitree Al robot received
its MJCF model representation for this research while its physical characteristics
matched the manufacturer data provided by Unitree Robotics (2022). The
specifications served as a foundation to guarantee precise contact modeling and joint
actuation and control response in the simulation environment. The MJPC system
builds through CMake which controls the construction of C++ source code and
optional Python bindings. Through the MJPC user interface users can choose tasks and
planners while watching the robot's simulated actions in real time. The task definitions
in MJPC function similarly to control modeling languages by enabling users to define
observations and actions and constraints and optimization settings through modular

and reproducible methods.

4.3 MuJoCo MPC Simulation GUI

The graphical user interface (GUI) of the MJPC framework serves as a crucial tool for
real time visualization and configuration and interaction with predictive control
simulations. The MJPC toolkit includes a GUI which allows users to perform task
loading and control planner selection and robot behavior monitoring and perturbation
injection in an interactive research environment for robotic motion control (Tassa,
Xiang, & Levine, 2022). The GUI interface shows users a panel which contains task
selection menus together with planner configurations and visualization settings and
runtime statistics. Users can start the 3D simulation environment by selecting a
locomotion task for a quadruped robot which loads the corresponding MuJoCo model.
The user can select from available planners including iLQG, Gradient Descent and
Predictive Sampling before starting real time control execution. The planners execute
their operations through task definitions which contain objectives and constraints and

cost functions that are specified in structured JSON files.

The GUI provides essential visual feedback which helps users evaluate the

performance of different planners. The system displays the robot's body pose together
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with joint actuation and contact forces and the estimated trajectory throughout time.
The MPC solver internal states become visible through the GUI which shows horizon
rollouts and cost convergence to help researchers understand optimization behavior in
each control cycle (Howell et al., 2022). The time plot view enables users to view
numerical data for joint torques and velocities and other state variables which supports
both real time and post simulation quantitative analysis. The MJPC GUI enables users
to apply interactive perturbations which represent its main benefit. Users have the
ability to interact with the robot through manual pushing and can modify terrain
parameters and introduce random simulation environment disturbances. The
controller's robustness and responsiveness can be tested under different dynamic
conditions through this feature without requiring code modifications or simulation
restarts. The experimental workflow receives substantial enhancement through these
capabilities particularly when real world deployment presents risks or impracticalities
(Todorov et al., 2012).

The GUI functions as both a visualization interface and a debugging and diagnostic
instrument for research purposes. The simulation process fails to converge or produces
unstable behaviors because of inadequate tuning or incompatible tasks. The GUI
provides real time solver behavior updates and error messages and simulation health
indicators to help identify such issues. The modular design of the GUI enables future
development of custom visualization widgets and planner specific diagnostics which

makes it appropriate for ongoing experimental work.

4.3.1 Task parameters and gait types

The MJPC framework developed by Google DeepMind enables users to configure and
interact with control tasks through its advanced graphical user interface (GUI) in real
time. The system provides a major benefit because it removes the requirement for
manual code editing when users need to change task parameters. Users can adjust
control variables through user friendly on screen interface elements which include
buttons together with sliders and dropdown menus. The researchers used the Unitree
Al quadruped robot in their study by importing its model through an XML file into
the MJPC environment. When the system starts the robot receives an automatic
vertical drop into the simulation space where it assumes a resting position on a flat

ground plane. A green sphere functions as a dynamic goal marker within the GUI
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interface. Users can establish target trajectories by manually moving the green sphere
throughout the environment. The manual goal setting method enables flexible testing,
and visualization yet creates unpredictable starting and ending conditions. The
planners including iLQG, Gradient Descent and Predictive Sampling become difficult
to compare because of the non-deterministic starting and ending conditions. The
interface enables users to witness planner responses when dealing with different
unpredictable system inputs. The tool enables valuable qualitative assessments before

running controlled simulation experiments.

The MuJoCo MPC interface provides the interactive task parameters which are
displayed in Table 4.1. The panel enables real time modification of movement and
posture characteristics through basic sliders and drop-down menus. The basic

parameters that can be seen below are:

Table 4.1: MuJoCo MPC interface task parameters.

Parameters Description
Gait Selection of gait mode (Stand, Walk, Trot, Gallop).
Gait switch Whether gait transitions occur automatically.
Cadence Step frequency or tempo of leg movement.
Amplitude Step length or leg movement amplitude.
Duty ratio Ratio of stance phase to swing phase within the gait cycle.

Walk speed Desired forward walking velocity.
Angular turning speed, allowing curved motion

Walk turn ; .
trajectories.
Flip Flip direction selection: Back flip or front flip.
Biped type Tog_gle for bipedal style locomotion and related posture
settings.
Heading Orientation or direction of the robot's forward movement.
A continuous value adjusting arm configuration during
Arm posture motion

The parameters can be modified at runtime which creates a strong platform to study
how planners react to changing dynamics and constraints. The interactive GUI serves
as a tool for researchers to create and modify locomotion tasks through an easy-to-use
interface that does not need recompilation or manual script modifications. As an
example, study, when the gait type stand mode is removed from the parameters section
in the GUI and trot or walk is selected, and the hand-stand or foot-stand is selected in
the biped type, the user sees the reflexes given by the robot instantly. Figure 4.2 is the

hand-stand image of this study, and the foot stand is shown in Figure 4.3.
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Figure 4.2: Manually controlling the biped module to simulate hand-stand motion
MuJoCo GUIL.

Figure 4.3: Manually controlling the biped module to simulate foot-stand motion
MuJoCo GUIL.
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4.3.2 Agent, modes and planners

The MuJoCo MPC (MJPC) framework consists of a modular and asynchronous
architecture that includes two main functional components: the Agent and the Planner.
The parallel operation of these components enables real time control and simulation
responsiveness and flexible experimentation. The system integrates a graphical user
interface (GUI) which enables users to set control parameters and choose motion

modes and observe planner behavior through interactive monitoring.

The Agent performs the execution of the current control plan throughout the simulation
environment. During each control cycle the Agent uses the first action from the plan
to modify the robot model before advancing simulation time and starting the next
iteration. The Agent functions as an execution component while connecting the GUI

to the planner system to handle user inputs and support runtime configuration.

The MJPC GUI allows users to select between three pre-installed control algorithms
through its menu interface. The planners work independently in the background to
generate control policies through updates of the robot's current state. The Agent
maintains consistent real-time control action application regardless of the selected

algorithm.

The “Plan” button serves as a crucial control for users to start simulation runs using
their chosen planner and current task parameters. The Agent starts running the control
sequence after the plan activation. Users can instantly restore the simulation to its
starting point through the “Reset” button located in the same control panel. The feature
enables users to test different parameters multiple times without needing to reload the
simulation or reconfigure settings thus enhancing their experimental workflow. Figure
4.4 shows the MuJoCo MPC interface and the framework where users can change

parameters using buttons.

The simulation timestep serves as a configurable Agent related parameter which
determines how often the simulation updates. Users can better observe robot stability
and gait transitions and motion accuracy through decreasing the simulation timestep.
The analysis of behaviors including foot placement and balance recovery and contact
interaction becomes more effective with this feature. Users can pre-tune motion
configurations through iterative adjustments of task parameters followed by simulation

reruns using the Agent interface before starting the main evaluation phase. The
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interactive animation based trials enable users to perform preliminary optimization
which helps establish effective planner settings in advance. The MJPC graphical user
interface provided significant benefits for interactive testing such as live parameter
adjustment, gait switching, and immediate behavioral feedback without requiring code
compilation. This allowed rapid evaluation of different planners and locomotion
modes. However, the interface lacked built in tools for exporting structured data or
generating performance plots, which are essential for comparing control algorithms
quantitatively. To overcome this, the Python API and Jupyter Notebook integration

were used to log simulation data and generate graphs.

Figure 4.4: MuJoCo MPC GUI and task, agent, planner frame.
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5. SIMULATION STUDIES

This chapter provides a systematic evaluation of three MPC based motion control
algorithms (iLQG, Gradient Descent, and Predictive Sampling) when applied to the
Unitree A1 quadruped robot in a high-fidelity simulation environment. The MuJoCo
physics engine operated within the MJPC framework to enable real-time control
testing and planner switching through its modular architecture. The entire simulation
environment was built with Python and executed in Jupyter Notebook which provided
interactive experimentation and parameter tuning and data collection and scenario
configuration through a flexible and reproducible workflow. The simulation evaluated
multiple locomotion tasks including walking, trotting, galloping, unstable terrain
progression and recovery from falls to assess each control method's adaptability and
performance. The MJPC interface allowed users to apply manual perturbations and
switch control modes during runtime operations which enhanced the evaluation of
algorithm robustness and responsiveness. The system recorded time series data
together with cost function outputs to evaluate stability performance and control
efficiency and convergence speed under standardized testing conditions. The
simulation environment provides a complete framework for evaluating MPC strategies

in research about quadruped robot locomotion.

5.1 Simulation Environment Python Integration

The research selects Python as its main programming language to develop and control
the simulation framework because it offers flexibility and readability alongside its
popularity in scientific computing and robotics research. The MuJoCo engine delivers
precise and efficient physics simulation yet it does not support extracting time series
data or outputting graphics which are necessary for systematic evaluation in model
predictive control (MPC) research. The Python libraries NumPy and Pandas enable
efficient numerical data processing and time series result analysis which supports
thorough assessments of robot trajectories and joint torques and control signals. The

visualization tool Matplotlib enables better interpretation of performance
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measurements through comparative plots and cost function plots which enhances both
experimental result transparency and reproducibility. The interactive documentation
environment of Jupyter Notebook enables Python to structure simulation tasks and run
batch tests and tune controller parameters in real time while storing results in a
consistent and well-structured format. Figure 5.1 shows the basis of the simulation
environment. The import section prepares the infrastructure needed to start the

simulation, load the control algorithms, collect and visualize data, and file the outputs.

IMPORTS

'brew install ffmpeg
!'pip install mediapy cmake mujoco numpy pandas matplotlib opencv-python-headless

import os

import mujoco

from mujoco import mjtObj

from mujoco_mpc import agent as agent_lib
import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import mediapy as media

from etils import epath

import xml.etree.ElementTree as ET

Figure 5.1: Import section for Python integration.

o ffmpeg: Installed to enable the recording and export of simulation outputs in video
format. This functionality is particularly useful for the visual analysis of gait
patterns and locomotion behaviors exhibited by the quadruped robot during

simulation.

e mujoco: Provides access to the MuJoCo physics engine, which is responsible for
high-fidelity dynamic simulation.

e mediapy: Used to generate and display visual outputs, such as simulation

recordings of robot movement.

e numpy, pandas: Enable the processing, organization, and analysis of numerical

data generated during simulations.

o matplotlib: Facilitates data visualization, including the creation of plots for

algorithm comparison (e.g., cost functions, tracking errors).
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e opencv-python-headless: Supports image and video processing tasks without
requiring a graphical user interface, allowing headless operation within Jupyter

environments.

5.2 Structure of Simulation and Scenarios

The following section describes the simulation environment structure and the
implementation of different motion scenarios through MuJoCo and MJPC
frameworks. The simulation setup was built through a sequence of Python functions
which established the model configuration and sensor structure and joint dynamics and
controller interactions. The simulation components were structured to support both
experimental repeatability and control strategy comparison through comparative

evaluations.

The experimental setup required explicit Python definitions of simulation parameters
and environmental configurations before execution to achieve controlled
reproducibility. The parameters established the base for task initialization and control
strategy selection and output data organization. The definitions operated as
independent modules which enabled flexible modifications for various test scenarios.

The Python script during simulation setup established all control parameters needed
for MJPC framework operation. The simulation environment supported three motion
planners which included Iterative Linear Quadratic Gaussian (iLQG) and Gradient
Descent and Predictive Sampling. The planners were accessible through a dictionary
structure which used numeric values to represent planner names (0 for Sampling, 1 for
Gradient and 2 for iLQG) for selection during execution. The robot dynamics were
imported from an MJCF (MuJoCo XML) file (task_flat.xml) which defines physical
parameters, joint configurations, and terrain settings. Several locomotion modes
(Quadruped, Biped, Walk, Scramble, Flip) and gait types (Gallop, Walk) were made

available to simulate different scenarios.

The simulation used a control timestep of 10 ms (TIMESTEP = 0.01) with 30 FPS and
1000 simulation steps to achieve sufficient temporal resolution for gait analysis. A
walk speed of 2 m/s was defined as a default parameter. A structured cost function
dictionary was defined to assign weights to control objectives such as upright posture,

joint effort minimization, balance control, and gait stability. These weights influenced
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the optimization behavior of the controller during trajectory planning. For example,
higher weights on “’Upright”” and “’Gait’> emphasized stability and locomotion
quality, while lower weights on <’Effort’” and “’Orientation’” allowed for flexibility in
actuator usage. To ensure proper data management, output directories were
automatically generated for each locomotion mode and gait type. This allowed
simulation results (such as videos and log files) to be stored in an organized hierarchy,
facilitating batch evaluations and comparative analysis. The code version of the

mentioned structure in Jupyter Notebook is shown in Figure 5.2.

CONFIGURATION

PLANNERS = ["ILC "Gi
PLANNER_VALUE ‘i @ Ela 1T QG 2
MODEL_PATH = j druped/task_flat.xml"

AVAILABLE_MODES = ["Quadruped", "Biped", "Walk", “Scramble","Flip"]
MODE = "\

TIMESTEP = 0.01
N_STEPS = 1000
FPS = 30
WALK_SPEED=2

COST_WEIGHTS = {'Upright': 1
0.00, 'Position': 0.3, 'Orie

OUTPUT_DIRECTORY_PATH = f"Quadruped Output/Mode-{MODE}/"
f not os.path.exists(OUTPUT_DIRECTORY_PATH):
os.makedirs(OUTPUT_DIRECTORY_PATH)

VIDEO_OUTPUT_DIRECTORY_PATH = f"Quadruped Output/Videos/"
if not os.path.exists(VIDEO_OUTPUT_DIRECTORY_PATH):
os.makedirs(VIDEO_OUTPUT_DIRECTORY_PATH)

GAIT_DIRECTORIES = {}
for gait in GAITS:
gait_directory_path = f"{OUTPUT_DIRECTORY_ PATH}Gait-{gait}/"
f not os.path.exists(gait_directory_path):
os.makedirs(gait_directory_path)
GAIT_DIRECTORIES[gait]=gait_directory_path

print(OUTPUT_DIRECTORY_PATH)
print(VIDEO_OUTPUT_DIRECTORY_PATH)
print(GAIT_DIRECTORIES)

Figure 5.2: Configuration section in Jupyter Notebook.

The successful implementation of model-based control algorithms requires
understanding and validating the degree-of-freedom (DOF) structure of physical
models. The study analyzed the robot's internal joint configuration by using the
mjModel structure from the MuJoCo physics engine. The model extracted joint
identifiers (joint_id) and joint names (joint_name) and joint types (joint_type) for each
defined DOF.

This research depends on the quadruped robot model, so it needs to investigate the

simulation-defined actuator structure and degrees of freedom. The MuJoCo mjModel
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data structure enabled us to determine all robotic joints together with their types and
their corresponding degrees of freedom movement. The model contains 18 degrees of
freedom. The robot has six floating base degrees of freedom that enable it to freely
move in any spatial direction. The model allows position movements along X, y, and z
axes along with rotational movements through the same axes. The remaining 12 DOFs
are distributed equally among the four legs of the robot. The robotic legs each contain
three hinge joints that control their hip sections along with their thigh sections and calf
sections. The Python function print_dof _info(model) allows the examination of
degrees of freedom. The function determines which joint a DOF belongs to and its
joint type while identifying its movement direction. The free body movements receive
their labels from axis names like lin_x and ang_z and leg joints get names that describe
their location such as FR_hip_joint_ang. The physical movements in the simulation
gain clarity through this labeling system that establishes connections with the vector
structures in control algorithms. The model contained 12 actuators that were directly
connected to each of its 12 articulated joints. Each leg contained three actuators that
controlled the hip and thigh and calf joints. When the actuators are grouped by leg,
there are three for each leg: one for the hip, thigh, and calf. This structure can be

summarized as follows:

Front Right (FR): FR_hip, FR_thigh, FR_calf
Front Left (FL): FL_hip, FL_thigh, FL_calf
Rear Right (RR): RR_hip, RR_thigh, RR_calf
Rear Left (RL): RL_hip, RL_thigh, RL_calf

The defined actuator structure enables control algorithms to function properly because
it provides individual control of each robot joint. The joint configuration allows
independent actuation and regulation of each joint which is essential for implementing
complex motion strategies in legged robotics. The high degree of joint-level autonomy
enables precise trajectory tracking and robust responses to external disturbances and
supports the dynamic coordination of multiple limbs during locomotion. The
established structure allows straightforward implementation of both single leg
interventions and various walking scenarios in application environments which
include basic gait patterns and more adaptive and terrain-responsive locomotion

strategies. The modular and scalable design makes algorithm development and
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debugging easier while providing flexibility to expand the platform with new control
frameworks in upcoming studies. The above mentioned structure is shown in detail in
Figure 5.3.

print(“Total DOFs (nv):", default_model.nv)

print(f"Tota : {default_model.nul}")
print("Joint I DOF:", default_model.dof_jntid)

def print_dof_info(model):

for 1 in range(model.nv):
joint_id = model.dof_jntid[i]
joint_name = model.joint(joint_1id).name
joint_type = model.jnt_typel[joint_id]

component = ""
if joint mujoco.mjtJoint.mjINT_FREE:
- model.jnt_ dofadrl]mm id]

jnt_ dofadr[ oint_id]]
] .mjINT_HINGE, mujoco.mjtJoint. m].]
component = "ang" if Jomt type == mujoco. m]tJomt mjINT_HINGE e

dof_name = f"{joint_name}_{component}" if component el
print(f"DOF ID: Joint ID: {joint_id}, Name: {
{mujoco.mjtJdoint(joint_type).name}")

print_dof_info(default_model)

Figure 5.3: Degrees of freedom and actuator structure in the Unitree Al.

In this study, a Python based sensor management module was developed to enable
structured and efficient access to the sensor data provided by the MuJoCo physics
engine. The MuJoCo sensor types named mjtSensor received human-friendly textual
labels through the sensor_types dictionary and the physical quantities received Sl unit
annotations from sensor_units. The function get_all_sensors(model) performed an
iterative parse of all sensors present in the simulation model. The extraction of sensor
data included both unique IDs and names as well as sensor types and output
dimensions and global sensordata array data index range together with the physical
object type and associated physical object details. The get_sensor_mappings(model)
function created name-to-1D mappings for sensors so users could obtain sensor data
through name references. The simulation stores complete sensor output data from
every time step in the results["sensordata™] matrix. The get _sensor_data function
retrieves time-series data from any specific sensor by locating its data slice through
start and end indices which then returns the data as a NumPy array for analysis. The
processed data received treatment through pandas library functions followed by
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matplotlib visualization to generate time-dependent performance charts. The built
infrastructure provided quantitative assessment capabilities for the iLQG, Gradient
Descent and Predictive Sampling-based control methods regarding their gait stability
performance and balance responses and disturbance resistance capabilities. The
evaluation examined three essential physical parameters consisting of GYRO angular
velocity measurements together with FORCE ground reaction force measurements and
JOINT_POS joint position measurements under different walking conditions. The
sensor configurations remained unchanged in all simulations because this approach
provided a standard basis to evaluate control strategies. The centralized sensor data
management system improved evaluation process reliability through its ability to
guarantee reproducibility. The sensor infrastructure functioned as an essential
analytical tool for the control algorithm benchmarking framework that this thesis
established.

The researchers conducted simulation runs through multiple operational scenarios to
evaluate the various walking dynamics of the quadruped robot. The scenarios
contained multiple gait patterns and planner types to enable an assessment of control
algorithm performance. The simulation environment used the "Walk" locomotion
mode to study walking capabilities of the robot by implementing "Gallop™ and "Walk™
walking patterns. The robot's movement mechanics together with balance behaviors
showed distinct effects from these gait types which enabled control algorithms to
measure their performance capabilities and adaptability. Three model predictive
control (MPC) algorithms including Predictive Sampling, Gradient-based
Optimization and Iterative Linear Quadratic Gaussian (iLQG) were tested for each gait
pattern. The MuJoCo MPC (MJPC) framework used the <numeric
name="agent_planner" data="X" /> tag in the model file to define these algorithms
while numeric values were established at the code level through the
PLANNER_VALUES dictionary. The simulation environment and physical initial
conditions remained identical for all algorithms during their separate runs. The direct
comparison of gait planning solutions together with control strategies was enabled
through this approach. The movement was manually provided by buttons in MuJoCo
GUI but it was not possible to execute the movement plan repeatedly under identical
conditions. The Python integration helped solve this problem. The simulation results
were saved in folders which followed the "Quadruped Output/Mode-Walk/Gait-
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{GAIT}/" naming structure. The video recordings generated for each gait pattern were
placed in the "Quadruped Output/Videos/" directory and prepared for visual
inspection. The scenario design enabled both precise quantitative assessment and
evaluations of controller-gait type interactions. The "Gallop" scenario tested control
algorithms based on their ability to adapt to dynamic gait patterns while the "Walk"
scenario analyzed stability alongside directional control and step regularity. Each gait
pattern received each control algorithm in the setup while the researchers performed
six distinct simulation runs. These simulation runs enabled the evaluation of control
algorithm performance under different biomechanical conditions through multiple
assessment metrics. The predictive control algorithms performance evaluation for gait
planning received a more structured and scientifically valid framework through this

configuration.

5.3 Comparisons of Simulation Results

This section compares simulation results from predictive sampling, gradient descent
and iLQG MPC based motion control strategies applied to a quadruped robot Unitree
Al model running in MuJoCo. The evaluation of control methods in this chapter uses
the simulation infrastructure and scenario configurations from Section 5.2 to compare
their performance under identical initial states and task specifications and gait patterns
and locomotion modes. The controllers received evaluation across Walk and Gallop
gait types while collecting comprehensive time series sensor data that included joint
positions and angular velocities and ground reaction forces and body orientation
metrics. The collected data enabled the calculation of performance indicators which
included tracking accuracy and stability alongside energy efficiency and robustness
against dynamic disturbances. The results display controller performance differences
through visual comparisons to show their strengths and weaknesses during various
locomotion scenarios. The presented analyses confirm implementation correctness
while showing how different algorithms trade off computational requirements against
motion quality. The evaluation aims to determine which controller produces the best
results for dynamic quadruped locomotion while specifying the optimal usage

conditions for each approach.
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5.3.1 Infrastructure for simulation comparison

A standard simulation framework was developed to evaluate multiple motion control
methods under the same operational settings. The infrastructure consists of Python
helper functions that handle model preparation and planner selection, as well as data
recording and visual processing. Simulations were performed in the same MuJoCo
environment, using the same gait parameters and starting positions and task
configurations. The data recorded from each experiment followed a structured format
that allowed consistent analysis of results across different planners. The framework
created serves as a reliable basis for graphical and numerical evaluations. In this
section, the infrastructure details will be explained.

First, we defined the auxiliary functions for the simulation. With the help of the
function create_results, we created a dictionary called results where the data to be
collected during the simulation will be stored. For each simulation step (time period),
arrays containing the following sizes were predefined. In this way, we were able to
collect the multidimensional data generated during the simulation process in a

structured form for analysis and graphic production.
e time: Simulation time
e cost: Total cost value of the agent

e position, velocity, acceleration: Body positions, velocities and accelerations (gpos,

gvel, gacc)
e userdata, sensordata: User defined data and sensor outputs
e control: Applied control inputs

e activation, actuator_force, gfrc_actuator: Actuator activation, directly generated
force/torque and effective force on the joint

The store_results function serves to document all physical and algorithmic data needed

for controller performance evaluation throughout each simulation step.
e (data.time: Instantaneous simulation time
e agent.get_total cost(): Total cost calculated by the control algorithm for that step

e data.qpos, gvel, gacc: Robot position, speed and acceleration information
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e data.ctrl, act, actuator_force: Control input, actuator activation and generated

forces
e data.gfrc_actuator: Effective force applied to joint DOFs by actuators

The simulation environment requires high-quality visual feedback so the
get_renderer_settings(model) function was created to set rendering parameters and
camera tracking behavior. The mujoco.Renderer object starts the graphics pipeline and
a virtual camera is automatically connected to the robot's trunk segment through the
camera.trackbodyid and camera.lookat attributes. The robot stays in focus and remains
centered throughout the simulation because of this dynamic camera setup which allows
continuous observation of its locomotion behavior. The scene_option.flags parameters
control the visibility of visual elements including joint axes and contact points and
force vectors which improves the interpretability of generated visuals. The visual cues
serve as essential tools for evaluating gait stability and joint coordination and contact
dynamics during qualitative assessments. The rendering configuration enables video
documentation and allows frame-by-frame motion inspection of the robot which

makes it useful for debugging algorithms and comparative analysis.

The simulation experiments were carried out using a function named
run_gait_simulation(gait, planner), which runs a full motion cycle for a specified gait
type (e.g., Walk, Gallop) and control algorithm (e.g., iLQG, Gradient, Sampling). The
function begins by loading the correct version of the robot model for the selected
planner via get planner_model(), and the simulation timestep is initialized. A
mujoco.MjData object is then created to store the system's evolving state during the

simulation.

The rendering system is also configured at this stage using get_renderer_settings(),
including camera tracking of the robot’s trunk to ensure continuous visual focus. Based
on the total number of simulation steps (N_STEPS), the number of video frames is

precomputed, and memory is allocated.

The agent is initialized with the current model and is set to “Quadruped” mode. Initial
robot and goal positions are defined, and task parameters such as walking speed and
gait type are set manually for consistency. A loop then runs for the full duration of the

simulation. In each timestep:
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e The current state is passed to the agent.

e After an initial 1 second stand period, the agent switches to the specified

locomotion mode.

« The agent computes control actions using its internal planner (planner_step()), and

these actions are applied to the robot model.
e MuJoCo advances the physics simulation by one step.
o All relevant state and control data are recorded using store_results().

To produce synchronized video frames, the scene is rendered at a fixed frame rate
(FPS). The robot’s trunk position is used to update the camera view in real time. After
the simulation is completed, the collected frames and data are returned in a structured

results object.

This simulation routine is executed in a nested loop for all combinations of gait types
and planners. The resulting data from each scenario is stored in a dictionary
(full_results) for further analysis and visualization in the next sections.

After the simulation is complete, the export_unit_data() function is used to save the
collected data into separate .csv files. This function takes the results dictionary
containing all the time series data from the simulation and writes each type of data
(such as joint position, velocity, acceleration, actuator forces, sensor readings, and

control inputs) into its own file.

The exported files include a "time" column along with the measurement data that was
recorded throughout the simulation process. The simulation_position.csv file contains
joint position data and simulation_control.csv stores control data including joint
torques or desired trajectories. The standardized naming scheme along with the
organized structure enables users to find and obtain particular simulation variables
without difficulties. The custom Python function employs pandas library to convert
raw array simulation outputs into organized tabular formats which are then exported
as standard CSV files. These tables are then exported in standard CSV format, ensuring

compatibility across a wide range of analysis tools.

The post-processing phase becomes easier to handle because of the organized way data
is stored. The CSV data format provides universal compatibility which enables users

to import and manipulate simulation outputs using Matplotlib, NumPy and external
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statistical tools like MATLAB, Excel. The uniformity of column structures between
different simulations enhances the ability to perform batch processing as well as
overlay plotting and comparative evaluations of different control strategies. The export
function allows researchers to place results from various MPC algorithms into
identical file structures so they can directly assess their impact on robot motion
stability and energy efficiency.

The export function operates to enable reproducibility while maintaining scalability.
The function can be applied multiple times when working with different gait types or
terrain conditions or control settings without requiring any manual modifications. The
design modularity allows better management of extensive simulation data along with
automated result creation for thorough experimental testing. The function proves
valuable for maintaining standardization and data traceability in reproducible research

through its result archiving capabilities.

The CSV export function functions as an essential interface which connects simulation
software to evaluation assessment tools. The function converts difficult to read high
dimensional raw data into an understandable format which supports both visualization
and quantitative assessment. The essential details for generating uniform CSV outputs
are shown in Figure 5.4 which demonstrates the structure and logic of this function.

SIMULATION EXPORT

de

h time as first column."""

data = , ¢l for t, ¢ in zip(r me"],
taFrame(cost _data, columns=[" 1).to_csv(f"{

columns i f'p }" for i in range(len L
ata = [[t] + pos. i pos in zip(resu time"],
d.DataFrame(pos_data, co NS=p columns).to_csv(f" filename}

e"] + [f"vel_{i}" for i1 in range(len(results
list() f zip(resu

index=F

i in range(len(res
in zip(results[

Figure 5.4: Exports simulation data (position, velocity, acceleration, sensors) to
CSVs for post-processing.
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And finally, a visualization section was created in Jupyter Notebook to be able to show
the graphics in 3D. The aim here is to ensure that the data received by csv is converted
into graphical visuals in an understandable way. Codes were created to define each X,
y, z, name labels and to create legends. A detailed example for the cost function is

shown in Figure 5.5.

VISUALIZATION
colors = ['tab:blue', 'tab:orange', 'tab:green']
def plot_cost_metrics(results, gait):
fig plt.figure(figsize=(12, 12))
axs fig.add_subplot(111, projection='3d")
offset = 10
for i,planner in enumerate(PLANNERS):

axs.plot(results[planner]["time"], (i+1) * offset, zs=results[planner]["cost"], color=colors[i]
label=planner)

.set_title(f"3D Cost Comparison for Gait: {gait}, Mode: {MODE}")
.set_zlabel("Total Cost")

.set_ylabel("Planner Offset")

.set_xlabel("Time (s)")

.set_zlim(0, 0.6)
axs.legend()
plt.show()

gait in GAITS:
plot_cost_metrics(full_results[gait], gait)

Figure 5.5: 3D visualization function for comparative time series analysis of MPC
controllers (cost function).

5.3.2 Graphical comparison of controller performances

In this section, the evaluation of three MPC control methods takes place for the ‘walk’
and ‘gallop’ gait types. Six simulation scenarios are developed by combining each
control method with both gait types. The analysis of these scenarios evaluates how
each controller performs under different motion conditions.valuation of three MPC
control methods occurs in this section for ‘walk’ and ‘gallop’ gait types. The
researchers developed six simulation scenarios through the combination of each
control method with both gait types. The analysis of these scenarios evaluates how
each controller performs under different locomotion conditions. In the simulation, the
quadruped robot is released from the air and then 1 s later it performs walking or
galloping motion on flat ground. Then it passes the obstacle and comes down again

and completes the motion on flat ground within 10 s.

1. Cost comparison for gait gallop shown in Figure 5.6.
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X-axis (Time, s): Simulation time between 0—10 seconds.

Y-axis (Planner Offset): Placed at 10 (iLQG), 20 (Sampling), 30 (Gradient) values for

the purpose of separating the algorithms.

Z-axis (Total Cost): Total cost value calculated at each moment of time.

3D Cost Comparison for Gait: Gallop, Mode: Walk
— ILQG
Sampling
—— Gradient

Total Cost

Figure 5.6: 3D cost comparison for gait gallop.

The iLQG controller exhibits the most efficient and stable performance. Starting at a
cost of ~0.40, it quickly reduces the cost below 0.03 within 4 seconds and maintains
this low value with minimal fluctuations throughout the simulation. The Gradient
Descent, despite a higher initial cost of ~0.43, shows a gradual and smooth reduction,
stabilizing around 0.06-0.08 by the end. Its trajectory remains more consistent than
the Predictive Sampling approach, which starts at ~0.41 and, although initially
decreasing rapidly, displays significant cost spikes between 4 and 6 seconds (up to
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0.20). Despite ending around 0.045-0.05, the Sampling planner's instability reduces

its overall effectiveness.
2. Cost comparison for gait walk shown in Figure 5.7.

iILQG starts with a cost of approximately 0.40 and quickly converges below 0.03
within the first 4 seconds. The curve remains stable in the 0.02—0.03 range with
negligible oscillations, reflecting efficient and robust convergence. The Predictive
Sampling controller begins at a slightly higher value of ~0.42 and drops rapidly during
the initial phase. However, it shows significant cost spikes between 3 and 5 seconds,
reaching up to 0.20, before stabilizing near 0.045-0.05. The Gradient Descent planner
starts at the highest cost, around 0.44, and exhibits the slowest and least stable

convergence. Its cost fluctuates within the 0.1-0.25 range for most of the simulation.

3D Cost Comparison for Gait: Walk, Mode: Walk

— ILQG
Sampling
—— Gradient

Total Cost

Figure 5.7: 3D cost comparison for gait walk.

43



3. Position comparison for gait gallop shown in Figure 5.8.

The iLQG controller produces the most stable trajectory with minimal oscillations in
the Z-axis (vertical direction) after the initial rise. It reaches a peak height of
approximately 0.65 m and then quickly stabilizes around 0.12-0.15 m, exhibiting
consistent periodic motion. The Gradient controller shows a similar trajectory pattern
but includes slightly larger fluctuations during descent and stabilization. The
Predictive Sampling controller, while generally following the same spatial path,
introduces higher-amplitude vertical deviations, especially after the body reaches its
peak. This indicates less controlled rebound behavior during the landing phase of the
motion. In terms of lateral movement, all controllers track the desired forward (X) and
lateral (YY) positions well. However, the smoother vertical convergence of iLQG
demonstrates better overall dynamic damping, suggesting more accurate control over
ground impact forces and balance. These observations reinforce the earlier cost-based

analysis and confirm iLQG’s superior control capability in dynamic gaits such as

gallop.

Quadruped Body Trajectory in 3D Space for Gait: Gallop, Mode: Walk

— ILQG
Sampling
—— Gradient
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Figure 5.8: 3D position comparison for gait gallop.
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4. Position comparison for gait walk shown in Figure 5.9.

The vertical trajectory of iLQG appears as the most stable among the three controllers.
The controller reaches its peak height of 0.65 meters before it starts to oscillate
between 0.12-0.15 meters with strong damping properties and minimal residual
vibration. The Predictive Sampling method demonstrates slightly larger post-impact
oscillations yet maintains a similar overall shape and height control to iLQG. The
Gradient Descent controller produces the most unstable vertical motion following the
peak because it drops steeply and dips below 0.1 meters which indicates poor stability

and weak impact absorption during contact phases.

All controllers reach the desired locomotion path but iLQG demonstrates the most
stable body motion in 3D space followed by Sampling. The Gradient-based control
method succeeds in its task yet produces unpredictable vertical movements which
indicate poor dynamic response tuning capabilities. The findings match the results

from the cost and convergence evaluation.

Quadruped Body Trajectory in 3D Space for Gait: Walk, Mode: Walk

— ILQG
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Figure 5.9: 3D position comparison for gait walk.
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5. Xaaxis linear velocities for gait gallop shown in Figure 5.10.

The iLQG planner demonstrates the most consistent velocity tracking. The controller
reaches its highest velocity of 3.2 m/s at 5 seconds before stabilizing at 2.0 m/s with
moderate oscillations after initial fluctuations. The Predictive Sampling controller
demonstrates the highest overshoot by exceeding 3.5 m/s while showing intense
oscillations during transition periods especially between 4 and 6 seconds. The Gradient
Descent controller matches iLQG in peak magnitude but responds more slowly and

displays more irregularities in its steady-state region.

All controllers reach the same final velocity of approximately 2.0 m/s but iLQG
demonstrates better acceleration control and reduced overshoot and improved damping
performance. The results demonstrate improved trajectory control and energy-efficient

operation which matches its previously documented cost and position performance.

Quadruped Body X Axis Linear Velocities for Gait: Gallop, Mode: Walk

— ILQG
Sampling
—— Gradient
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Figure 5.10: 2D linear velocities comparison for gait gallop(X axis).

46



6. X axis linear velocities for gait walk shown in Figure 5.11.

The iLQG controller demonstrates a gentle acceleration phase which peaks at 3.0 m/s
before achieving the target velocity with small velocity variations. The overall path
shows damped oscillations and quick recovery from disturbances which proves its
superior control authority and response regulation capabilities. The Predictive
Sampling controller shows similar peak velocity and settling time characteristics but
produces slightly more irregular motion during transitions particularly between 3.5 and
5 seconds where sharper fluctuations become visible. The controller shows a smooth
path toward the steady-state although it experiences some minor irregularities. The
Gradient Descent controller demonstrates significant instability throughout the first
half and middle section of the simulation. The controller demonstrates major speed
reductions that produce negative velocity values below 0.5 m/s during brief periods at
the beginning of the simulation. The controller achieves steady-state but its recovery
process takes longer while producing high-frequency noise which indicates poor

transient performance.

Quadruped Body X Axis Linear Velocities for Gait: Walk, Mode: Walk

— QG
—— Sampling
—— Gradient
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Figure 5.11: 2D linear velocities comparison for gait walk (X axis).
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7. Foot force comparison for gait gallop

The simulation framework enables the measurement of contact forces from each foot
of the quadruped robot through MuJoCo physics engine tactile sensors. The sensors
enable the detection and measurement of external forces which occur between the feet
and ground during locomotion. The system defines four distinct sensor entries to track
interaction forces that occur during different gait cycle phases across the robot's four
legs which include both front and rear limbs. The designed setup allows individual
foot contact information collection which becomes essential for studying ground
reaction forces and foot slippage and asymmetrical loading during walking and turning
movements. The control algorithm's effectiveness in maintaining balance and stability
across different terrain conditions can be evaluated through programmatic access to

these values.

Front Right (FR_touch)
Front Left (FL_touch)
Rear Right (RR_touch)
Rear Left (RL_touch)

These sensors are retrieved using the get_sensor() function and stored in a dictionary
(foot_sensors) for structured access. This modular design allows consistent retrieval
of foot-specific ground reaction forces (GRFs), particularly along the Z-axis, which is

critical for analyzing support, gait symmetry, and impact dynamics.

In both walk and gallop gait selections, foot reaction force values were very close to
each other. Therefore, gallop movement, which is a more difficult condition, and data

outputs were taken as basis.

The iLQG control method produces front leg force peaks of approximately 710 N with
the right front leg showing the highest values. The iLQG controller distributes the load
to the front legs while these legs absorb ground contact impacts effectively. The rear
legs show steady and small force patterns in their profiles. The force peaks of 200-300
N in the rear left and right legs demonstrate these legs perform balanced propulsion
tasks. The force peaks between all legs show a well-coordinated timing pattern. The
robot demonstrates proper weight transfer and step transition management through its

fast force reduction after peak values. iLQG controller demonstrates an effective
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control approach through its successful implementation of balance control and load

distribution and step continuity maintenance. The foot force graph for iLQG is shown
in Figure 5.12.

Foot Force Comparison for Gait: Gallop, Planner: ILQG, Mode: Walk
—— Front Right
—— Front Left
—— Rear Right
— Rear Left

800
700
600
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Figure 5.12: 3D foot force comparison for gait gallop iLQG method.

Although a regular periodic structure is generally observed in the contact forces for
the predictive sampling method, significant amplitude differences and higher peak
values are noted in the front legs (especially the right front). The highest reaction force
is approximately 620 N; this is a slightly lower maximum value than iLQG, but
contains more frequent and irregular oscillations. The rear legs (green and red lines)
generally operate in the range of 200-300 N, but sudden drops or short-term increases
are observed at some points. This indicates unstable contact times and irregular

interactions with the ground due to the random nature of the sampling algorithm. An
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asymmetric response distribution is occasionally observed in the force signals; this
shows that ideal synchronization is not always achieved in the load sharing between
the legs. In particular, how much the load is distributed to which leg at the moment of
contact reveals that the Sampling controller may encounter unstable setups. As a result,
although the Predictive Sampling algorithm is successful in producing the expected
ground forces, it exhibits lower control stability compared to iLQG with higher
variance, less regular oscillations, and relatively unbalanced load distribution. The foot

force graph for Predictive Sampling is shown in Figure 5.13.

Foot Force Comparison for Gait: Gallop, Planner: Sampling, Mode: Walk

—— Front Right
—— Front Left
—— Rear Right
— Rear Left
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Figure 5.13: 3D foot force comparison for gait gallop Predictive Sampling method.

The Gradient Descent method produces force profiles with periodic patterns but shows
greater amplitude and timing imbalances than other controllers. The Front Right leg
demonstrates the highest force peaks at 690 N which indicates that the system transfers

maximum loads when the movement starts. The controller fails to maintain balanced
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load transfer after it produces these force peaks because of the sudden drops that
follow. The Rear Right and Rear Left legs demonstrate force oscillations at a level
comparable to the Sampling controller yet their force application becomes irregular or
starts late in specific areas. The step's balance and acceleration stability shows less
stability because the legs occasionally lose synchronization in their force application.
The Gradient Descent algorithm produces suboptimal ground contact because it tends
to get stuck in local minima which results in time-repeating force patterns that lack
consistent shapes. The Gradient Descent controller generates typical ground contact
forces but demonstrates inferior control stability compared to iLQG and Sampling
methods through its unpredictable peak patterns and irregular timing and large
amplitude variations. The foot force graph for Gradient Descent is shown in Figure
5.14.

Foot Force Comparison for Gait: Gallop, Planner: Gradient, Mode: Walk

—— Front Right
—— Front Left
—— Rear Right
—— Rear Left

Force N

Figure 5.14: 3D foot force comparison for gait gallop Gradient Descent method.
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8. Actuator data analysis for gait gallop

The MuJoCo simulation environment serves as the platform to evaluate the torques
which actuators produce for each joint of the quadruped robot. The robot body has six
degrees of freedom (DOFs 0-5) which enables complete 3D movement including both
translation and rotation. The robot's legs contain three rotary joints each which form
twelve actuated joints that make up the entire system. The simulated joints receive
their actuator power directly from these actuators which produce the necessary torques
for motion execution. The sensor data undergo systematic analysis through four
distinct categories which represent each leg of the system. The classification system
enables researchers to evaluate leg behavior under various gait conditions and control
strategies. The function plot_joint_actuator_torques() serves to display time series data
of actuator torques for each joint. The function divides torque data into leg-specific
categories before displaying them through 3D subgraph visualizations. The Z-axis
displays torque strength while the X-axis indicates time progression and the Y-axis

shows actuator indices to maintain an organized display.

The function executes two essential tasks: it organizes actuator torque values
according to joint assignments and it produces time-dependent 3D visualizations to
help evaluate torque changes during simulation. The plots help users track how torque
requirements change throughout time while showing their differences between joints
and legs which reveals important information about robot dynamics and control

algorithm effectiveness in locomotion.

Actuator torques obtained with the iLQG-based MPC algorithm during gallop gait
have the highest periodic amplitudes in the calf joints in the range of £30—-40 Nm,
indicating that high thrust force is applied in accordance with running dynamics.
Torques vary between £10-25 Nm in the thigh joints, while lower torques, generally
below £10 Nm, are observed in the hip joints. Torque fluctuations in the forelimbs are
more variable and have higher amplitudes compared to the hindlimbs, supporting that
the forelimbs play a more active role in balance and steering. High-frequency torque
fluctuations in the first 3-4 seconds of the simulation indicate the initial adaptation
process of the control algorithm; regular and stable periodic torque profiles are
obtained in all joints in the following period. In general, this torque distribution and

time-dependent change indicate that the iLQG algorithm provides successful control
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for gallop gait, compatible with mechanical and dynamic expectations.The actuator

data analysis (torque) for iLQG method is shown in Figure 5.15.

Front Right (FR) Actuator Torques Applied to Joints Gait: Gallop, Planner: ILQG, Mode: Walk Front Left (FL) Actuator Torques Applied to Joints Gait: Gallop, Planner: ILQG, Mode: Walk

FL_hip
FL_thigh
FL_calf

— FR_hip
mmqn

Rear Left (RL) Actuator Torques Applied to Joints Gait: Gallop, Planner: ILQG, Mode: Walk
RL_hip
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Figure 5.15: 3D actuator torques comparison for gait gallop iLQG method.

Gallop gait actuator torques obtained with the Predictive Sampling algorithm show
high amplitude fluctuations of approximately £30-40 Nm in the calf joints. However,
the torque profiles have a more irregular and non-periodic structure compared to
ILQG. Torque amplitudes observed in the thigh and hip joints are lower, and there are
sudden and high-frequency torque fluctuations especially in the hip joints. While the
torque fluctuations in the first few seconds of the simulation reflect the adaptation
process of the control algorithm, a significant irregularity and noise in the torques
continue even in the later time period. The variability in the torques of the forelimbs

supports the increased control requirement in the balance and steering functions. In
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general, despite the advantage of low computational complexity, the Predictive
Sampling algorithm provides motion control with lower stability and precision
compared to the iLQG algorithm; This is consistent with the view in the literature that
this method is suitable for simpler and less complex scenarios (Howell et al.,

2022).The Predictive Sampling method actuator torque results appear in Figure 5.16.

Front Right (FR) Actuator Torques Applied to Joints Gait: Gallop, Planner: Sampling, Mode: Walk Front Left (FL) Actuator Torques Applied to Joints Gait: Gallop, Planner: Sampling, Mode: Walk

— FR_hip FL_hip
FR_thigh FL_thigh
FR_calf FL_calf

Rear Right (RR) Actuator Torques Applied to Joints Gait: Gallop, Planner: Sampling, Mode: Walk Rear Left (RL) Actuator Torques Applied to Joints Gait: Gallop, Planner: Sampling, Mode: Walk

— RR_hip RL_hip
RR_thigh RL_thigh
— RR_calf RL_calf

Figure 5.16: 3D actuator torques comparison for gait gallop Predictive Sampling
method.

The gallop gait actuator torques obtained with the Gradient Descent based MPC
algorithm exhibit high amplitude and periodic fluctuations between £30 and +40 Nm
at the calf joints. Torques at the thigh and hip joints vary between approximately +15—
25 Nm and +5-15 Nm, respectively. Similar to previous iLQG and Predictive
Sampling results, the calf joints meet the highest torque demands, but the torque
profiles are more choppy and noisy in the Gradient Descent algorithm. Sudden and
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irregular torque spikes are observed especially in the hip joints. The high frequency
torque fluctuations seen in the first few seconds of the simulation indicate the initial
adaptation process of the algorithm, while the later time period shows somewhat more
stable periodic behaviors, but they are slightly more controlled compared to Predictive
Sampling. Torque variability in the forelimbs indicates the increased need for control
in balance and movement guidance. In general, the Gradient Descent algorithm
exhibits lower stability and control sensitivity than iLQG, while offering better
performance than Predictive Sampling and can be considered as a mid-level solution
in terms of computational load.The actuator torque data corresponding to the Gradient
Descent method is illustrated in Figure 5.17.

Front Right (FR) Actuator Torques Applied to Joints Gait: Gallop, Planner: Gradient, Mode: Walk Front Left (FL) Actuator Torques Applied to Joints Gait: Gallop, Planner: Gradient, Mode: Walk

— FR_hip FL_hip
FR_thigh FL_thigh
FR_calf FL_calf

Rear Right (RR) Actuator Torques Applied to Joints Gait: Gallop, Planner: Gradient, Mode: Walk Rear Left (RL) Actuator Torques Applied to Joints Gait: Gallop, Planner: Gradient, Mode: Walk
— RR_hip RL_hip
RR_thigh ~—— RL_thigh
— RR_calf RL_calf

Figure 5.17: 3D actuator torques comparison for gait gallop Gradient Descent
method.
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9. Joint data analysis for gait gallop

The analysis of angular velocity profiles for each actuated joint in the quadruped robot
occurs in this section across different gait and controller configurations. The
simulation results provide joint velocity data which a Python function arranges into
four subplots showing Front Right and Front Left and Rear Right and Rear Left robot
leg outputs. The three-dimensional time-velocity space displays each leg's hip, thigh
and calf joints separately to show their movement dynamics and inter-joint

coordination.

The visualization shows how joint velocities change over time while revealing their
reaction to planner control signals. The analysis examines joint velocity trajectory
periodicity and amplitude changes and synchronization patterns because these factors
determine gait stability and locomotion efficiency. The velocity profiles gain meaning
when analyzed alongside torque and GRF data to establish a complete understanding
of control strategy effects on mechanical motion and environmental interaction

dynamics.

During gallop gait, the joint angular velocities measured with the iLQG-based MPC
algorithm show high amplitude and periodic fluctuations in the calf joints between +10
and +15 rad/s. While the angular velocities in the thigh joints vary between 5 and +10
rad/s, lower amplitude velocities, generally below +5 rad/s, are observed in the hip
joints. After the high-frequency and sudden changes in the first 3-4 seconds of the
simulation, the angular velocities reach a regular and repetitive periodic structure in
all joints, indicating that the algorithm is successful in dynamic gait adaptation. The
higher amplitude and variability in the velocities of the forelimb joints reflect the
active role of these legs in maintaining balance and directing the movement. In the
hind limbs, the symmetrical and strong angular velocities observed, especially in the
calf joint, constitute the driving force of the running movement. These speed profiles
support the effectiveness of the iLQG algorithm, which enables robots to move stably
and harmoniously under dynamic conditions. The joint data analysis (angular velocity)
for iLQG method is shown in Figure 5.18.
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Figure 5.18: 3D joint angular velocity comparison for gait gallop iLQG method.

Gallop gait angular velocities obtained with the Predictive Sampling algorithm show
high amplitude fluctuations in the calf joints in the range of approximately £10-15
rad/s. While the velocities in the thigh joints vary in the range of £5-10 rad/s, the
angular velocities in the hip joints are generally below £5 rad/s, and the fluctuation
structure is more irregular and noisier compared to the iLQG algorithm. While high-
frequency and sudden changes are observed in the first few seconds of the simulation,
the velocities become somewhat more regular afterwards, but more short-term
deviations continue compared to iLQG. The more variable angular velocities observed
in the forelimbs reflect the increased need for control in maintaining balance and
directing movement. In general, the Predictive Sampling algorithm has lower stability

compared to iLQG, but its advantages of simple control structure and model
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independence show that it is a suitable method for certain scenarios. The joint data
analysis (angular velocity) for Predictive Sampling method is shown in Figure 5.19.

Front Right (FR) Joint Velocities Gait: Gallop, Planner: Sampling, Mode: Walk Front Left (FL) Joint Velocities Gait: Gallop, Planner: Sampling, Mode: Walk
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FR_thigh FL_thigh
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Figure 5.19: 3D joint angular velocity comparison for gait gallop Predictive
Sampling method.

The Gradient Descent algorithm produces joint angular velocities that show large
periodic oscillations in calf joints between +10 and £15 rad/s during gallop gait. The
angular velocities of the thigh joints range between £5 to +10 rad/s but the hip joints
maintain angular velocities below %5 rad/s. The joints transition from high-frequency
transient fluctuations into stable periodic velocity patterns after the initial phase. The
front leg joints demonstrate larger amplitude and variability because they function as

essential elements for balance control and motion direction. The rear calf joints display
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symmetrical and powerful angular velocities which demonstrate their importance in
galloping propulsion. The Gradient Descent method shows average stability and
accuracy compared to iLQG and Predictive Sampling approaches which deliver
acceptable results under dynamic locomotion conditions.The joint data analysis

(angular velocity) for Gradient Descent method is shown in Figure 5.20.

Front Left (FL) Joint Velocities Gait: Gallop, Planner: Gradient, Mode: Walk

Front Right (FR) Joint Velocities Gait: Gallop, Planner: Gradient, Mode: Walk
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Rear Left (RL) Joint Velocities Gait: Gallop, Planner: Gradient, Mode: Walk

Rear Right (RR) Joint Velocities Gait: Gallop, Planner: Gradient, Mode: Walk
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Figure 5.20: 3D joint angular velocity comparison for gait gallop Gradient Descent
method.
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6. CONCLUSIONS AND RECOMMENDATIONS

Within the scope of this thesis, a comparative analysis of three different Model
Predictive Control (MPC) algorithms, Iterative Linear Quadratic Gaussian (iLQG),
Gradient Descent and Predictive Sampling, was performed on the MuJoCo-MJPC
hybrid platform using the Unitree Al four-legged robot. Simulations performed under
Walk and Gallop gait scenarios provided a comprehensive evaluation of the control
algorithms in terms of stability, response time, torque management and coordination
performance. This analysis was conducted not only over cost functions but also over
actuator torques, joint angular velocities, ground reaction forces and sensor data over

time, and a multi-dimensional comparison of system behaviors was performed.

In the simulations performed, the iLQG algorithm stood out with the fastest cost
convergence and the lowest oscillatory torque-speed profiles; it was determined as the
most successful method in terms of both gait balance and control stability. Predictive
Sampling, although it provided sufficient results in terms of average performance for
Walk gait, experienced stability problems with high variance and inconsistent ground
forces in more dynamic scenarios such as Gallop gait. Gradient Descent method,
although conceptually simple and computationally lightweight, exhibited lack of
coordination and high frequency oscillations especially in transient situations, and

therefore offered lower control efficiency.

This study also provides an important methodological contribution to literature. A time
series analysis module based on Python and Jupyter Notebook was integrated with the
developed simulation infrastructure; graphical analysis was performed by collecting
data directly and systematically from the simulation outputs. In particular, outputs such
as the time-dependent performance of each controller, visualization of actuator torques
in 3D on a leg basis, and analysis of GRF and joint velocities with synchronization
allowed detailed evaluation of control algorithms. This structure not only made
performance comparisons, but also provided a user-friendly control analysis
environment, creating a reusable research infrastructure for advanced robotic studies.
In addition, the opportunity to quickly try different scenarios by changing the

parameters within the presented infrastructure is provided.
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Suggestions for future studies include hybrid combination of Reinforcement Learning
based controllers and MPC methods. In this way, the ability of learning systems to
adapt faster to environmental uncertainties can be combined with the stable
configuration of MPC. Integration of methods such as domain randomization, online
model updating and hardware in the loop testing (HIL) is suggested for the transition
from simulation to real systems. In addition, expanding the gait repertoire and
evaluating different gait types (trot, pace, bound etc.) is important in terms of testing
the generalizability of control algorithms. The inclusion of metrics such as energy
consumption and mechanical efficiency is necessary for applicability analyses,
especially in portable and energy constrained systems. As a result, this thesis study has
shown that MPC-based control can be applied with high accuracy and stability for
four-legged robots; in particular, it has revealed that the iLQG algorithm offers a
superior control approach both in theory and practice. The simulation structure, time
series analysis modules and visualization infrastructure developed in the thesis provide
a holistic comparative control analysis model like those in the literature and constitute

a valuable reference for advanced robotics research.
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