Mojito: LLM-Aided Motion Instructor with Jitter-Reduced Inertial Tokens

Input IMU signal Description & Captioning (motion source: 3DPW, TotalCapture)
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Mojito: LLM-Aided Motion Instructor with Jitter-Reduced Inertial Tokens
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e SMPL: A Skinned Multi-Person Linear Model

* root pos, root rot, joint rot
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You are a professional coach, describe or
instruct the given IMU signal sequence: <..>
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Stage3: Fine-tuning Stylized Adapters
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Awesome!

You are doing man maker
with excellent intensity.
Keep that pace up!

Description & Understanding

You are doing man maker,
but your form is

breaking down.

Don't rush.

Analysis & Instruction

Wow, dude!

You're crushing that man
maker like fighting a
grizzly bear! Let's go!

Stylized Interaction Feedback
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Inference:

imu signal -tokenizer-> token -projector-> embedding vector

language instruction -tokenizer-> embedding vector

embedding vector -LLM-> auto-regressive output
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(Optional) User questions

You're a professional
fitness trainer
called Mojito.

|

|

|

| g

| Remember you areina || &

| conversation now, please 5

I give response | T

| in the second person. S
=

: Also,

|

|

|

|

simplify your answer
in 20 words.

Text
Tokenizer

Qwen2-based
Language Model

You've been walking in circles, possibly
for relaxation, to change direction,
finding your way, or lost in thought..



Fine-Tuning Vision-Language-Action Models: Optimizing Speed and Success
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ConRFT: A Reinforced Fine-tuning Method for VLA Models via Consistency Policy

* publish: RSS 2025
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ConRFT: A Reinforced Fine-tuning Method for VLA Models via Consistency Policy
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