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Why Multi-modal ﬂ(IT
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Reshaping Robot Trajectories Using Natural Language Commands: A Study of Multi-Modal
Data Alignment Using Transformers
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Why Alignment of multi-modalities
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The foundation structure of MM-LLMs
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® Encoder-Decoder Structure makes the alignment easier and promising!!]
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The common sense reasoning ability of LLM ﬂ(IT
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HapticFormers: Utilizing Transformers for Avocado Maturity Grading through Vision-based Tactile Assessment

® Using common sense to decide if the avocado is maturel?

b
11.03.2025 Alignment of Modalities in Foundation Models Institute for Anthropomatics and Robotics (IAR) H 2T



Three different ways for alignment

1. Contrastive pre-training

Learning Transferable Visual Models From
Natural Language Supervision

® Contrastive learning
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MAPL : Parameter-Efficient Adaptation of Unimodal Pre-Trained Models
for Vision-Language Few-Shot Prompting
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Classification based on structure of alignment--Contrastive :\!(IT
learning

(1) Contrastive pre-training (2) Create dataset classifier from label text
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Learning Transferable Visual Models From Natural Language Supervision

® CLIPE] ® ALIGNB!  m Disadvantages: Training a new model from scratch
® CLOOBM!  m DeCLIP®! with great amount of data
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Classification based on structure of alignment--PrefixLM ﬂ(IT
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Classification based on structure of alighment—Cross ﬂ(l'l'
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Classification based on Modality '\X‘(IT

® Non-robotic modalities
B Image: CLIP3], Flamingo!8], InternVL!12l, PaLM-E!13]
® Audio: AudioGPT!4 Qwen-Audioll%!
® Any modalites: AnyGPT(16]
® Robot specific modalities (pose, joint angle, trajectory, states)
® Point cloud: PointLLM[7] 3D-LLM!(18!]
® Tactile: T3[17]
® Image&Text&States PaLM-E13!
® Trajectory:NL-trajectory-reshaper!20
W End Effector Pose: OpenVLARU(MM-decoder)
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Classification based on Modality--Image
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Learning Transferable Visual Models From Natural Language Supervision

CLIP, Flamingo, InternVL!12, paLM-E13] CLIP: using Constrastive Learning
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Classification based on Modality--Audio S(I.II
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Classification based on Modality--Intergrated Modality
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Classification based on Modality--Point cloud S(IT
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Classification based on Modality--Point cloud
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Classification based on Modality--Tactile ﬂ(IT
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Classification based on Modality--Image&Text&States S(IT
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PaLM-E: An Embodied Multimodal Model
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PaLM-E: An Embodied Multimodal Language Model
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Classification based on Modality--Image&Text&States -\X‘(IT
PaLM-E

PrefixLM Structure

Shows Robustness
against disturbance

o

b
18 11.03.2025 Alignment of Modalities in Foundation Models Institute for Anthropomatics and Robotics (IAR) H 2T






Classification based on Modality--Trajectory
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Reshaping Robot Trajectories Using Natural Language Commands: A Study of Multi-Modal Data
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NL-trajectory-reshaper!20
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Classification based on Modality--Trajectory Q(IT
o e FEFEFERH \

e - Lo— - <o\ Trajectory Encoder(?3!

[ 1 \\,

I I \

! eed ee ! !
5 |
8 ! ! . . :
T : Introducing the Positional Encoding

e ention Nx ! H .
:\ ,: to add the time stamp for trajectory
R e -7 sequence
ol QU DO Loz
Paositio

Inpu‘t X Y-r Ko ¥n
p05|t|cns| | | |

Transformer Networks for Trajectory Forecasting

20 11.03.2025 Alignment of Modalities in Foundation Models




Classification based on Modality--Trajectory ﬂ(IT

1 Original trajectory I
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Reshaping Robot Trajectories Using Natural Language Commands: A Study of Multi-Modal Data
Alignment Using Transformers

NL-trajectory-reshaper!?!
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Classification based on Modality—End Effector Pose ﬂ(IT
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OpenVLA: An Open-Source Vision-Language-Action Model

OpenVLA[21 PrefixLM Structure
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Classification based on Modality—End Effector Pose '\X‘(IT

)

Q

OpenVLA: An Open-Source Vision-Language-Action Model

It shows the ability for end-to-end Action generate
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Conclusion
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® PrefixLM seems like the most promising method for robotic multimodal
learning, leveraging the pre-trained LLM.

® More modalities can be aligned to improve the performance of robots.
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MAPL : Parameter-Efficient Adaptation of Unimodal Pre-Trained Models for Vision-Language Few-Shot Prompting
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