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Research Title: Enhancing Robotic Task Abstraction through Visual Predicator: A Neuro-Symbolic Approach

Problem Statement:
Problem Area: Robotic systems are increasingly tasked with performing complex operations in dynamic and unstructured environments. These tasks often require robots to comprehend not only the physical characteristics of their surroundings but also the abstract, logical reasoning involved in decision-making. Despite significant advancements in autonomous robotic systems, current methods for high-level task abstraction remain limited by their reliance on large-scale training data, heavy computational demands, and inadequate handling of environments without strong visual cues.
Problem Description: Traditional robotic task planning and abstraction methods generally rely on symbolic reasoning or machine learning models in isolation. Pure symbolic models, while offering interpretability, struggle with adapting to real-world complexities and vision-based tasks. On the other hand, machine learning models, particularly deep learning-based methods, require vast amounts of data and computational resources. These models also struggle with generalization in novel scenarios or environments where visual information is sparse or unreliable. Therefore, there is a need for a more integrated approach that combines the strengths of both symbolic reasoning and machine learning.
Significance of the Problem: The integration of symbolic reasoning and neural representations can provide robots with both perceptual and logical capabilities. This would allow robots to perform high-level task abstractions efficiently with minimal training data, which is essential for deploying them in dynamic environments. Improving generalization and sample efficiency is critical for ensuring robots' adaptability in real-world applications.
Current Solutions: The current literature explores various approaches to task abstraction in robots. Notable examples include purely symbolic models for logic-based reasoning and neural models for perception tasks. The Visual Predicator framework, developed by Liang et al. (2024), integrates Neuro-Symbolic Predicates (NSPs), combining vision-language models (VLMs) and symbolic planning systems. This model demonstrates superior sample efficiency, generalization, and interpretability compared to existing hierarchical reinforcement learning and predicate-based planning models.
Need for the Research: While Visual Predicator has shown promise in simulated environments, there remains a need for further research to address real-world scalability and the system's dependency on vision-language models. Exploring its applicability in non-visual environments and improving its ability to scale beyond simulations will advance the field of robotic task planning. Additionally, ensuring that the integration of symbolic reasoning and machine learning is both computationally efficient and flexible is essential for real-world deployment.

Research Objectives:
Primary Objective: To develop a more generalized and efficient neuro-symbolic framework for robotic task abstraction that can handle diverse environments, including those with limited visual cues.
Specific Objectives:
1. To evaluate the scalability of the Visual Predicator framework in real-world environments, comparing its performance against traditional models in dynamic and non-visual settings.
2. To propose improvements to the Visual Predicator model that reduce its dependency on vision-language models, thereby increasing its flexibility in vision-limited tasks.
3. To design a hybrid approach that integrates symbolic reasoning and deep learning more efficiently, ensuring the system is both computationally scalable and robust in complex environments.
4. To assess the interpretability and generalization capabilities of the improved model, focusing on its ability to perform in novel, out-of-distribution scenarios.
5. To explore the application of the enhanced framework in multi-agent and real-world robotic systems, ensuring that it can adapt to dynamic task environments with minimal retraining.
Literature Review:
Current Research and Gaps:
The current body of research on neuro-symbolic systems in robotics includes methods for integrating deep learning with symbolic logic. These systems aim to enhance robots' ability to reason abstractly while learning from visual data. One such framework, VisualPredicator (Liang et al., 2024), integrates Neuro-Symbolic Predicates (NSPs) to improve task abstraction, learning efficiency, and generalization across robotic tasks. This framework uses a combination of vision-language models and symbolic task planning to achieve higher efficiency and interpretability than traditional methods like hierarchical reinforcement learning.
However, the Visual Predicator framework has its limitations. It heavily depends on vision-language models (VLMs), which may hinder its performance in environments where visual input is incomplete or not available. Additionally, the framework’s scalability to real-world, physical robots has not been sufficiently explored, particularly when it comes to tasks that require minimal visual cues or when operating under computational constraints.



Previous Models:
· Symbolic Planning: Traditional symbolic models focus on logical rules to control decision-making in robots. While interpretable, these models fail to scale to complex, dynamic environments.
· Deep Learning Models: Methods relying purely on neural networks (such as deep reinforcement learning) perform well in high-dimensional data environments but require extensive training data and have low generalization capabilities.
· Hybrid Approaches: The integration of symbolic logic with machine learning has gained attention as a promising avenue for more robust and efficient robotic systems. However, challenges remain in balancing interpretability, efficiency, and generalization.
Key Research Directions:
· Improved Generalization: Ensuring models can adapt to out-of-distribution tasks without extensive retraining.
· Vision-Language Model Limitations: Reducing reliance on VLMs to improve robustness in non-visual environments.
· Scalability: Extending the capabilities of neuro-symbolic systems to handle real-world scenarios with diverse input modalities.
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