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Introduction

Method

One of milestones in robot learning is to combine both strengths from
control and reasoning so that the learned agent can reason about
surrounding abstract concepts (e.g., a red cup) and manipulate them
precisely (e.g., drag the red cup). In this project, we step towards this
goal by learning a language-conditioned model to solve robotic
manipulation tasks from visual inputs.

Three components behind our method:
• Aligned RGB observations with learned object embedding.
• Frame stacking to provide historical context.
• Task descriptions conditioning through a pre-trained language
model.

Prior works have
• removed object-centric assumption that is very common in a
considerable amount of work in visual robotic manipulation.
• combined a semantic and a spatial pathways for vision-based
robotic manipulation in favor of generalization.
• leveraged privileged information for better performance in
autonomous driving.

We then optimize our model by minimizing the error between our
model’s predictions and oracle from the offline dataset.

Failure case analysis shows that our model can precisely pick up the
correct object and fails to put it into the container. This is probably due
to the fact we use continuous actions.

Problem Statement
Given a robotic manipulation task T, inputs include
• a language description of the task, e.g., “put the cyan star into the
pink pan”;
• RGB images from front and top-down views;
• Segmentation masks from front and top-down views, aligned with
RGB images;
• State of the end effector of the robot.
Our model predicts actions to control the end effector
• position (x, y, z)
• rotation (a, b, c, d in quaternion)
• release the end effector or not.

Experiments & Analysis
Method

Success Rate

Ours

85%

Dataset

Without aligned object
embedding

3%

We leverage an oracle to generate trajectories and store them as an
offline dataset to train our model through imitation learning.

Without frame stacking

82.5%

The metric we care about is the success rate to solve the task.

Results suggest that
• our model is able to reason about its complicated surrounding
environment meanwhile complete manipulation tasks precisely.
• our model also generalizes well to new task instances within the
distribution.
Ablation shows that
• aligned object embedding contributes mostly to the performance.
• frame stacking has minimal impacts.

Conclusions & Future Work
We train a language-conditioned model to solve robotic manipulation
tasks from visual inputs through imitation learning. Our experiments
show that aligned learned object embedding helps to learn policies for
decision making by alleviating the burden at perceiving side.
Future directions include
• improve the robustness of the learned policy. E.g., can it still work
reliably in different workspace with different illumination
conditions?
• increase the richness and complexity of tasks so that more diverse
tasks can be solved using the same framework.

