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Abstract

Diffusion models can inherently learn rich representations during their process of 

high-quality data generation, suggesting their potential for SSL. However, 

existing methods face a trade-off between generative quality and discriminative 

performance, alongside high computational costs. To address this, we propose 

Flow Matching-based Foundation Model (FlowFM), which jointly trains a 

representation encoder and a flow matching generator. Thes decoupled design 

achieves both high-fidelity generation and effective recognition. Experiments on 

wearable sensor data show FlowFM reduces training time by 50.4% compared to 

a diffusion-based approach and surpasses the state-of-the-art SSL method on 

five downstream datasets, achieving up to a 51.0x inference speedup.
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Energy-Efficient High-Performance Representation Learning 

for Sensor Data via Flow Matching

Objectives

Problem 1: Performance Trade-off

-

Problem 2: High Computational Cost

- The iterative sampling of diffusion models is computationally expensive

Our Goals:

- To develop a novel foundation model (→ FlowFM)

- To achieve both high discriminative and generative performance

- With high computational efficiency

Generation Discrimination

Proposed Methods

Core Architecture:

- Representation Encoder 𝒇𝝓
- Vision Transformer(ViT)-based model

- To encode input 𝑥1 into representation 𝑟
𝑟 = 𝑓𝜙(𝑥1)

- Velocity Field Network 𝒗𝜽
- Diffusion Transformer(DiT[1])-based model

- To learn the flow from the 𝑝0 to the 𝑝1 (Flow 

Matching[2])

𝑢𝑡′ = 𝑣𝜃(𝑥𝑡 , 𝑡)Joint Training:

- Encoder 𝑓𝜙 and generator 𝒗𝜽 are trained jointly

- Encoder learns the optimal representation to simplify generation task.

Loss Function:

ℒ𝐹𝑙𝑜𝑤𝐹𝑀 𝜃, 𝜙
= 𝔼𝑡,𝑥0,𝑥1 𝑣𝜃 𝑥𝑡 , 𝑡, 𝑟 − 𝑢𝑡(𝑥𝑡|𝑥1, 𝑟)

2

= 𝔼𝑡,𝑥0,𝑥1 𝑣𝜃 𝑥𝑡 , 𝑡, 𝑓𝜙(𝑥1) − 𝑢𝑡(𝑥𝑡|𝑥1, 𝑓𝜙(𝑥1))
2

= 𝔼𝑡,𝑥0,𝑥1 𝑣𝜃
𝜙
𝑥𝑡, 𝑡 − 𝑢𝑡

𝜙
(𝑥𝑡|𝑥1)
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Key Technique: Dynamic Guidance Switching (DGS)

- Representation condition 𝑟 is randomly masked during training (50% prob.)

- This acts as regularization

- To learn both conditional/unconditional generation

- To acquire more robust features.

Table1: Accuracy of classification results by fine-tuning with DGS.

Experimental Results

Recognition Performance (HAR Task)

- FlowFM outperforms all baselines, including SOTA (SSL-Wearabls), BERT, 

DINO, and a diffusion-based counterpart (DiffFM), across all five datasets.

- t-SNE visualization

- the learned representations from 

distinct, well-separated clusters

- even on out-of-domain data

Table2: Classification results from human activity recognition tasks.

Generative Quality (Text-to-Signal Task)

- FlowFM successfully generates high-fidelity signals

- from complex text prompts

- capture nuances between similar activities (e.g.,”walking” vs “walking down”)

Computational Efficiency

- Training:

- Time is reduced by 50.4% compared to DiffFM (3.2h vs 6.5h)

- Inference:

- Achieves up to 51.0x speedup in generation compared to DiffFM

- maintaining superior or equivalent generative quality (FID: 5.042)

Table3: Generation speed and quality during inference.

Conclusion

We proposed FlowFM, a novel foundation model that successfully applies flow 

matching to self-supervised representation learning.

Key Achievements:

- Resolved the trade-off between generative and discriminative performance

- Achieved SOTA results on downstream HAR tasks

- Demonstrated high computational efficiency, halving training costs and 

dramatically accelerating inference speed by up to 51x

Future Work:

- FlowFM is a promising framework for building efficient and powerful

foundation models for various modalities.
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“A young, athletic man, walking at a steady 

and normal pace.”

Prompts

“A tall man in his early 30s, climbing a flight of stairs with powerful and 

rhythmic movements.”

“A fit man in his 20s, taking a brisk walk that is faster and more energetic 

than a casual stroll.”

“A tall man, likely in his 30s, carefully 

walking downstairs.”

Samples References

“A young woman, lying completely still with almost no motion.”
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