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Representation Learning for IoT

• Representation Learning or Self-Supervised Learning
• Learn an encoder mapping: raw sensing signals  generalized representation
• Semantically structured latent space correspond to physical events and activities

• Multimodal Representation Learning for IoT
• Labeled data is scarce, expensive, and task-specific
• IoT Signals are multimodal capture heterogeneous 

properties of the event
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Presentation Overview
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Self-Supervised Representation Learning
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FOCAL: Motivation

• Problem1: Ignoring exclusive modality features
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• Problem2: Insufficient handling of temporal constraints

February 20, 2026 CS 537 AIoT - Multimodal Representation Learning 8

FOCAL: Motivation



FOCAL: Overview
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FOCAL: Experimental Setup
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• Encoder: DeepSense and SWIN-Transformer

• Datasets:

• MOD/ACIDS: vehicle acoustic and seismic signals 

for vehicle classification

• RealWorld-HAR/PAMAP2: accelerometer, 
gyroscope, magnetometer, and light signals for 
physical activity classification



FOCAL: Experiment Results
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FOCAL: Key Takeaway

- What is this paper trying to solve?

- Exclusive part of each modality are not used.

- Temporal structural constraints are too simplistic.

- How does this paper solve these problem?

- Explicitly disentangling shared and private modality information and enforcing 
structured constraints on temporal and cross-modal relationships.
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SemiCMT: Motivation
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SemiCMT: Challenges
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• How to handle highly imbalanced data distributions between the two modalities

• How to integrate the cross-modal knowledge-transfer objective with the self-
supervised learning paradigm such that the transferred knowledge to the target 
modality can still be easily calibrated to downstream tasks

• How to deal with the information gap between the source and target modalities, 
since the information among different sensory modalities is only partially shared 
but not fully overlapped



SemiCMT: Insights
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• Insight 1: Don’t try to force the two modalities to become identical
o There will always be information that exists in one sensor but not the other.

• Insight 2: With few paired samples, standard contrastive alignment is an 
inefficient way to transfer knowledge
o We have very few matched pairs, so there are not enough positive examples to learn a 

strong cross-modal mapping.

• Insight 3: Train the source encoder with transfer in mind, not just to be good at 
itself
o Because the source encoder might become strong by using source-only cues that don’t exist 

in the target modality.



SemiCMT: Overview
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SemiCMT: Overview
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SemiCMT: Experimental Setup
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SemiCMT: Results
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SemiCMT: Key Takeaway

- What is this paper trying to solve?

- Too many unpaired modality data

- How does this paper solve these problem?

- Using unpaired source samples as anchors to distill their similarity structure (soft 
semantic relations) into the target embedding space, while only using the limited 
paired samples to bridge modalities via shared-feature alignment and geometric 
consistency.
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Challenges in Multimodal SSL for IoT

• Why are Multimodal Pairs Incomplete in IoT Sensing?

• Distributed & Heterogeneous Deployment

• Different locations, times, and perspectives

 heterogeneous and partially overlapping subsets

• Asynchrony & Heterogeneity of Sensory Modalities

• Different sampling rates, clocks, and windowing schemes

 Weak, noisy, or unusable cross-modal correspondences

• Sensor Failures

• Powerless, communication, environmental interference

 Temporally inconsistent modality availability

• Most multimodal learning frameworks implicitly assume large amounts of 

time-aligned, co-located, full-modality data. 
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Binding Between Multimodal Data
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Pair-Efficient Self-Supervised Learning

• Modality Pair as Supervision

• Supervised Learning

• Manual labels for task mapping

• Heavy dependence on annotations

• Multimodal Self-Supervised Learning

• Use data properties (pairing) as supervision

• Minimal labels for finetuning

• Pair-Efficient Self-Supervised Learning

• Unimodal Pretraining (large scale)

• Cross-modal Alignment (small scale pairing)
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Efficient Cross-modal Alignment

• Instance-Level Alignment

• Contrastive Learning

• Sample-to-sample similarity

• Distribution-Level Alignment

• Distribution-to-Distribution Similarity

• Information-theory based Formulation
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Shared Representation Private Representation

Sufficient Common Variable (W) with minimal entropy min(H(W)) For each modality, find private variable V with minimal entropy

W contains information shared with all modalities V contains remaining information unique to each modality



InfoMAE Overview
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Key Takeaway

• Information-theoretic formulation

• Leverage large amounts of unimodal data

• High multimodal data efficiency

• Flexibility as a standard multimodal learning framework with abundant 

multimodal pairs
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Experimental Setup

• Encoder: SWIN-Transformer

• Real-world Multimodal Applications

• Moving Object Detection (MOD)

• Separate Independent Domains (M, G, T)

• Seismic and Acoustic data

• Vehicle classification (accuracy, F1-score)

• Human Activity Recognition (HAR)

• RealWorld-HAR & PAMAP2

• Accelerometer, Gyroscope, and Magnetometer

• Activity classification (accuracy, F1-score)



InfoMAE: Pair-Efficient Multimodal Alignment
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InfoMAE: Multi-modal Representation Learning using mostly unimodal data

Unimodal: 100%
Multimodal: 5%

Unimodal: 0%
Multimodal: 5%

Unimodal: 100%
Multimodal: 0%

Seismic & Acoustic pretrained independently on three domains --- G, M, T
A small portion of Domain M data (5%) is used for alignment



Cross-Modal Alignment (MOD)

Alignment with varying paired data from the same domain

Unimodal Pretrain domain == Multimodal Alignment domain



Cross-Modal Alignment (MOD)

Unimodal enhancement after cross-modal alignment on domain M



Full-Pair Multimodal Pretraining

• Multimodal Pretraining on Domain M

• Finetuning on Domain G and Domain T

• InfoMAE shows flexibility as a

• Multimodal Pretraining SSL

• Pair-Efficient Pretraining SSL 



Binding Between Multimodal Data
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MMBind: Incomplete Sensor Data Binding
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Distributed IoT Settings
- Nodes are separate

- Different modalities are available



Two-stage Binding and Training
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MAE-based Data-Binding through Sensors
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Unimodal Training

Cross-modal Binding



Weighted Contrastive Learning
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Cross-Dataset Binding
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Understanding MMBind’s Performance
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C1: Leveraging paired data

C2: Adaptive learning with heterogeneous data

C3: Weighted contrastive



Binding Between Multimodal Data
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From Representations to Multimodal LLMs

• Multimodal Representation for Sensing Applications:
• Encode sensing data from different sensors to one representation
• Use the representation for downstream tasks – classification
• Key Issue: 

• Only works for fixed categories
• Cannot extract insights from sensor data

• Goal: Interpret sensing signals
• Extract richer information from sensing data
• Reason over the extracted information for downstream tasks

• Solution: Multimodal LLMs
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Two Key Questions
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How to implement Multimodal LLMs 

for Sensing applications?

How to evaluate Multimodal LLMs in 

Sensing Applications?



Incorporating Modalities into LLMs

• Modules:
• Pre-trained Modality Encoders
• Pre-trained LLMs
• Connector for Two Modules

• Types of Connectors:
• Projection-based
• Query-based
• Fusion-based
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Yin et al. “A Survey on Multimodal Large Language Models” arXiv 2024 



Example: OneLLM
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Han et al. “OneLLM: One Framework to Align All Modalities with Language” CVPR 2024



SensorLM – Aligning Sensor Data & Language
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SensorLM – Sensor-Language Dataset

• Statistical Captions: quantitative summary of the sensor data

• Structural Captions: dynamic characteristics & patterns

• Semantic Captions: high-level meaning & context

February 20, 2026 CS 537 AIoT - Multimodal Representation Learning 47



SensorLM – Architectures & Pretraining Objectives
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SensorQA – Benchmark for Sensing Applications

• Motivation:
• Early benchmarks focused on classifying sensor data – cannot extract insights
• QA benchmarks is mainly studied in language & vision domains
• LLMs for sensor data currently constrained on short-term sensor data 

• Sensor Data Collection: ExtraSensory
• In-the-wild sensing data collection – emphasizing real-life settings
• Sensor measurements from 60 subjects & more than 300K min of data

• QA Data Collection: Amazon Mechanical Turk
• Human-created contents – reflecting human interests & needs
• Sensor data are visualized like Gantt charts to let workers generate QAs

February 20, 2026 CS 537 AIoT - Multimodal Representation Learning 49



SensorQA – Benchmark for Sensing Applications
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SensorQA – Benchmark Results

• Best baseline accuracy is only 28%

• Sensor + Text baselines underperform even Text-only baselines
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SensorQA – Benchmark Results with Llama

• Time-related queries are especially hard

• Even the accuracy for queries about existence is only 58%
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SensorQA – Benchmark Results

• Out-of-memory can happen on some baselines

• On efficiency, LLM approaches are very slow on edge devices (Jetson TX2)
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Discussion

• Sensing Multimodal LLMs largely mirrors vision language models (VLMs)
• Use similar pipeline to incorporate new sensing modalities

• Key Challenge: Data
• It is easy to get large-scale image-text pairs from the internet
• But this is not very possible for sensing applications

• Why Difficult?
• Only large enterprises can collect such large-scale data
• Hard to label / generate text for sensing data without expert knowledge
• A lot of noise exists in sensing data
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We need new techniques 
tailored for Sensing 
Multimodal LLMs!



Discussion

What is not considered in VLMs – Physics & Prior Knowledge

• Sensing data is sampled from Cyber Physical Systems
• Interaction with real physical world implies potential physical knowledge

• Physics & prior knowledge can work as constraints, reducing the requirements on 
data
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Karniadakis et al. “Physics-informed Machine Learning”, Nature Review Physics
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Conclusion
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Thank you – Q & A 

{tkimura4, yuhengp2, hongjue2}@Illinois.edu
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