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Project Guidelines:
Project Topics

e Any topics related to the course theme are okay
e You can find topics by browsing recent papers
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Expectations

e Mid-term project presentation

e Introduce problems and explain why it is important

e Give an overall idea on the related work
Explain what problems those existing techniques have
(Optional) explain how you can address those problems
Explain roles of each member
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Expectations

e Final-term project presentation
e Cover all the materials that you talked for your mid-term project

e Present your ideas that can address problems of those state-of-
the-art techniques

e Give your qualitatively (or intuitive) reasons how your ideas
address them

e Also, explain expected benefits and drawbacks of your approach

e (Optional) backup your claims with quantitative results
collected by some implementations

e Explain roles of each members
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A few more comments

e Start to implement a paper, if you don’t have any clear

ideas

e While you implement it, you may get ideas about improving it

Speaker

Novelty of the
project and idea
(1~5)

Practical benefits
of the method
(1~5)

Completeness
level of the
project
(1~5)

Total
score
(3 ~ 15)

Role of each
student is
clear and well
balanced?
(Yes or No)

XXX
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Fusing Modalities with Vision-Language-Action (VLA) Models

VLA models co-train visual encoders and language models to bypass standard text generation,
outputting direct, actionable control policies.

Visual Input
(RGB Camera)

Modality fusion

SET JOINT_1 (POS: 8.52, VEL
SET JOINT_2 (POS: -6.3, VEL

Visual Language SET JOINT_1 (POS: 6.52, VEL
ENcocer Hgges SET JOINT_2 (POS: -8.3, VEL:
SET JOINT_3 (POS: -8.3, VEL

Language
Instruction

VLA Model Robotic Joint Commands
Architecture (Low-Level Execution Data)

Research Frontier: Inference speeds for massive VLA models

currently hinder the real-time, high-frequency control required
for dynamic physical environments.




Grounding Agents in Embodied Environments

Embodied agents are situated in 3D spatial realities. This requires a paradigm shift
from semantic reasoning to spatial reasoning and physics-based intuition.

Software-Bound Agents Embodied Agents

def process_semantics(input):

if match(input, PATTERN):

return ACTION_A
else:
return ACTION_B

% . 5

- |solated environments. Purely » Physics-based environments. Spatial
semantic processing. geometry, gravity, and object collision.

Gravity

Gravity




Deploying Intelligence via Robotics Integration

Translating virtual policies to physical hardware requires overcoming the reality gap through
advanced sim-to-real transfer techniques.

Sim-to-Real Transfer

Simulation Engine Algorithmic Adaptation Physical Hardware
(Training) Layer (Deployment)

Research Frontier: Balancing edge-compute limitations on
physical robots with the massive parameter counts of
state-of-the-art VLA architectures.




RT-X: Combining datasets for cross-
embodiment manipulation, ‘23
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Generalist Models

e Cross-embodiment training results in generalist models that
outperform speC|aI|st models on their own tasks

Multi-robot &

Multi-dataset 1 Original Method
i 3 MVP BC-RNN
“ Resnet + MLP
41 44 : & :]ACORL. HULC2
RT-1
Al N\ LI =AT-1X
Kitchen Manipulation Cable Routing NYU Door Opening Autolab URS Task-Agnostic Play Mean
RT-X: https://robotics-transformer-x.github.io/ ;GVR Lab
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RT-2: A vision-lanquage-action, VLA, model, ‘23

Internet-Scale VQA + Robot Action Data Vision-Language-Action Models for Robot Control Closed-Loop
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RT-2: A vision-lanquage-action, VLA, model, ‘23
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OpenVLA: an open-source vision-language-
action model, ‘24
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https://openvla.github.io/

Nvidia Cosmos: Reason 1 (VLM), ‘25

e Cover physics (mechanics), space (relationship) and time (order)

e Based on Qwen

Is the worker following safety protocols?

REASONING? The user is asking if the
worker is wearing a hardhat and properly
harnessed to the wind turbine.

Gathering detailed data on wind turbine safety protocols. @

D The user is asking if the worker is wearing a hardhat
and properly harnessed to the wind turbine. turbine.

» The worker appears to be wearing a helmet and
dark clothing. The structure is the turbine's nacelle.
Harnessing likely refers to the worker attached via
a safety harness system.

The video shows no issues with the helmet or
harness. Since the worker is doing maintenance,
proper safety gear is expected.

Answer: yes, the worker is wearing a

hardhat and is properly harnessed to the
e gl SGVR Lab

" nacelle. MIST




Bexond VLA: Toward Phxsical Intelligence

e What We Have (VLA)

e Perception + Language — Action
e e.g., OpenVLA, NVIDIA Cosmos

e What's Missing: “Not truly autonomous”
e No long-horizon planning
e No memory
e Reactive behavior

e Where We Go: "Think — Predict — Act”
Agent + VLA + World Model

Agent — planning & memory

VLA — execution

World Model — prediction VLA is a component, not the solution. SGVR Lab
15 KAIST




Agents construct internal world models to E .
simulate physics, logic, and state dynamics. Reasoning Engine

- World Modeling

Internal
Simulation
Engine

- Allows the agent to predict the
consequences of actions without
executing them in the real world.

- Requires mapping entities, relationships,
and transition probabilities.

Branch A

2 Branch B

Research Vector

Solving the state-space explosion

problem in highly dynamic, multi-agent

Real-World : .
Evecition simulated environments.

Environment




Mastering Diverse Domains through World Models, Nature

25

e Reactive policies cannot reason about the future
e World models learn environment dynamics, enabling better generalization
e Agents can imagine future trajectories before acting
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The Complete Anatomy of a Multimodal Agent

Cognitive Engine
(ReAct, Memory

Modules, Tool APIs)




Identifying Gaps for Top-Tier Research

Cognitive Layer Memory Layer

Mitigating hallucinated logic paths Expanding context windows and
and error cascades in continuous optimizing retrieval mechanisms
ReAct loops. without degrading accuracy over

long horizons.

Sensory Layer Physical Layer

Reducing inference latency in Closing the sim-to-real reality gap
massive Vision-Language-Action and managing severe edge-compute
(VLA) models to enable high- constraints in embodied robotics

frequency, real-time applications. integration.



The Trajectory Toward Physical
Physical Autonomy

| </>

|if:~::~y:

| return true;
else:

return false;

! <=

Isolated
Static Logic

Dynamic Physical
Embodiment

The frontier of artificial intelligence has permanently shifted from static logic generation
to dynamic, physical embodiment. Mastering the intersection of agentic reasoning and
robotic multimodality is the defining research mandate of the next decade.
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