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Abstract

This project presents a physical Al system designed to teach a robot a sequence of object
manipulation actions from video demonstrations. Using a dataset of recorded human demon-
strations involving colored dice arranged in a target configuration, the system addresses two core
challenges: recognizing objects and actions from video, and automatically generating structured
action sequences. For object detection, NVIDIA’s Cosmos Reason 8B vision-language model
was integrated alongside Grounding DINO for zero-shot detection and SAM 2 for video seg-
mentation and tracking, with HSV color space analysis used to classify dice by color. Action
recognition was performed through natural language prompting of Cosmos Reason 8B, identify-
ing discrete manipulation primitives such as reaching, grasping, lifting, moving, and releasing at
4 FPS temporal resolution. From these recognized actions, structured JSON-formatted action
sequences were generated with formal preconditions and effects to capture state dependencies.
The manipulation task was further formalized as a Markov Decision Process (MDP), defining
nine states, eight actions, stochastic transition probabilities, and a reward function balancing
task success with step efficiency. The resulting system provides an end-to-end pipeline from
raw video to formal task representation for robotic planning and reinforcement learning, with
limitations discussed in the context of occlusion handling, temporal resolution, and scalability
to more complex multi-object scenarios.

1 Introduction

The target task involves rearranging a set of colored dice from a disorganized starting configuration
into a specific ordered row. While simple in appearance, this task captures the essential challenges of
real-world manipulation: detecting and distinguishing objects, recognizing the sequence of actions
a human takes, understanding the logical dependencies between those actions, and modeling the
task formally enough for a robot to reason about it. There are many methods that can be used to
solve this problem, but in our implementation I opted for the use of reasoning models to help reach
our solution.

To address this, the project is structured around two major goals. The first is object and action
recognition from raw video, identifying what objects are present and what the human demonstrator
is doing at each moment. The second is the automatic generation of structured action sequences
and a formal Markov Decision Process representation, which together provide the kind of task
model a robotic system would need to plan and execute the demonstrated behavior. By combining
state-of-the-art vision-language models with classical task formalization techniques, I hope to reach
an adequate result that is sufficiently apt to then be used in robots if one were to futher exapnd
on this project.



2 Data Gathering

Data collection took place on February 4th in SCDI 4004, where the class performed single-handed
object manipulation tasks on camera to build the demonstration dataset. Each participant recorded
their own unique sequence of actions, deliberately avoiding replication of others’ orderings to max-
imize variability across the dataset. During recording, participants were instructed to manipulate
only one object at a time and to make hand gestures clearly visible, particularly during grasping
and releasing actions, to ensure action boundaries were distinguishable in the footage. The demon-
strations were captured in .mov format and centered on a tabletop workspace containing colored
dice red, green, and blue which served as the manipulation objects. The goal of each demonstration
was to transition the scene from a messy starting configuration to a structured target arrangement
with the dice lined up in a row.

Figure 1: Example of starting environment.



Figure 2: Example of end goal environment.

This raw video data served as the foundation for every subsequent stage of the project. The
recorded demonstrations were first passed through the object detection and action recognition
pipeline to identify the dice and label the manipulation actions frame by frame. These labeled
sequences were then used to construct structured action representations with formal preconditions
and effects. Finally, patterns observed across all demonstrations informed the design of the MDP,
where recurring state transitions and action frequencies guided the definition of states, actions,
transition probabilities, and reward values. In this way, the collected data drove both the recogni-
tion and formalization components of the system from start to finish.
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