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Abstract Physical Al refers to technologies enabling mechanical systems—such as robots and drones—to
learn their operational dynamics and embed intelligence. This field has attracted significant attention
in autonomous robotic systems engineering, where machines learn and execute complex tasks in
real-world environments. In this paper, we compare QT-Opt, Dreamer, Gato, and RoboCat across
algorithm, data requirements, computational complexity, Sim-to-Real, and limitations. We also review
domain randomization and world-model-based self-supervised learning (SGF), and a surgical-robot case.
Furthermore, we assess V-JEPA 2 and NVIDIA Cosmos in terms of data scale, use cases, and constraints.

Finally, we discuss future development strategies based on the limitations identified in recent studies.
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(Table 1> Dreamer Learning Pipeline

) ) ) : Environment
Steps | Dynamic Learning | Behavior Learning Interaction
1 Data extraction | Generating virtual | Reset environment
Encoding )
2 observation and Predict reward Compute state
- and values
action
3 Update model Compute return Predict action
parameter
4 Update model Exploration
5 Execution
6 Add new experience
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(Table 2) Comparison of Representative Physical Al Research Cases

Representative Cases Algorithm Data Requirements Computathnal Sim-to—Real Limitation
Complexity

. _— . ! Over 580k Real ) .
QT-Opt[5] Distributed Q-Learning Grasping Data x x Requires massive data
Dreamer[6] Model-based RL High—-Dimensional A A Limitations in reflecting

Images long-term reward
Autoregressive - Context length

Gato[7] Transformer Multi-Modal Data * A limitation(1,024 Token)

Gato + ” S
RoboCat([8] Small-Scale Real Data A O Sensitive to initial data

Self-Improvement
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= Z+Z} 27] Grasping Point®} Controlled Point,

Do
D= Desired Position, U &= 7Fs8t 27] Grasping
Location®] & oJu|gic}. E3L
2 AEFYo)HE AYsHS ] Holjx= Grasping
Point9 2F A& U= T4E ouigitt. 543
5 Hasely] ) [Fig. 119 &S 7|We g
AlEdlo]d ggollA 229 Grasping PointE B4
. Acquisition Function®& Expected Impro-
vement(E)7} AF&E oM, FI= AXtE E&skeET}
M=Z-2 Grasping Pointo|A] 71AE &&3} 1 Aol&
7I§k0 2 7193ks E&ote T8 Auidth <o 4.14]
9] 53 37729 A A& B9, Controlled
PointE < 1.3mm °JHY A& Hjz|stelrt. Tt
2D 34 7Ivto g A= ], A & S0 HE
5t7] 9JsiA= 3D LR g, Exgh A 2Z
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Algorithm 1 Grasping Point Optimization

Input: pg, pdes, policy 7, U, acquisition function a(go),
Gaussian Process Estimator(GP),
initial number of sample ng, total number of evaluations N
Output: Optimal grasping point g
1: Register pp and pges in the simulator;
2: Sample o ~ Uniform(U);
3: Evaluate f(q) using m;
4: N < No;
5: while n < N do
6 Update the posterior distribution of GP < ¢{:
7 Optimize ¢f = argmaxa(qo);
8 Evaluate f(q) using ;
9: n+<n+1;
10: end while
11: Choose gj = argmin f(qo);

[Fig. 1] Grasping Point Optimization[13]
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{Table 3) Comparison of Sim-to-Real Cases

Sim-to—Real Cases Algorithm Data Requirements Computatlpnal Sim-to-Real Limitations
Complexity
. Hundreds of Thousands .
Domain - Requires a separate 3D model and
Randomization[10] Randomization + Adam of Relndered RGB VAN @] detector per object
mages
~ ) Applicable only to deterministic
SGF Self Supen/\sed ; 64x64 RGB O A MDPs and relies on image-based
[11] Representation Learning .
observation
o . 4 Vertices of Phantom P
Sim-to-Real _Surglcal FEM+BO Tissue and 2 Controlled « A _le\tatlons of the 2D
Robot Learning[12] Points environment-based approach

(Table 3)< SGF,
Sim-to-Real Surgical Robot Learning= A& &
18&, 97HE dojg, 94 BT, Sim-to-Real,
S ¢« = Hwg #E YRk

Domain Randomization,
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2RE 7] Ak g5 B9 World Model& dh5st
1, 4239 28 =2 H|o|E & Fine-Tuning 3= @4
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1. Video Pre-Training

2. Action-Conditioned World Model

3. Planning: Zero-Shot Robot Control
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