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Motivation: Challenges in Multimodal LLM Sensing

LLMs are being extended beyond text to reason about human physiology and the physical world.

Sensor data includes heterogeneous modalities: motion, biosignals, and environmental measurements.

Multimodal sensing is useful because sensors provide complementary information.

But real-world sensors can be noisy, missing, or unreliable.

This creates three challenges:

1. Single-agent reasoning can miss evidence

2. Semantic fusion can be biased

3. Majority voting can fail under sensor failure







Training-free multi-agent framework for multimodal 

sensing

Each sensor is assigned to a modality-specific 

LLM agent

Two fusion paths:

● Semantic fusion: reasons over modality 

explanations

● Statistical fusion: anchors to majority vote

Hybrid fusion agent combines both to produce the 

final decision

Improves accuracy by 7.1% and reduces fusion token cost by 12.7×



Fusion agents
Modality agentsProblem formulation



Dataset 



Prompts



1. Single-Agent Baseline Prompt

This is not the proposed method. It is the baseline. Here, one LLM receives all modalities together, using one-shot example.







2. Modality Agent Prompt

The paper gives an example for an EEG-Pz-Oz agent





3. Semantic Fusion Agent Prompt

It does not receive raw sensor features directly. It receives the outputs from the modality agents



Case 1: REM case



Case 2: N1 case



4. Statistical Fusion Agent Prompt

This agent also receives the modality-agent outputs, but it is different from semantic fusion.





5. Hybrid Fusion Agent Prompt

This is the final decision-maker in ConSensus.





Evaluation 

Backbone LLM: gpt-oss-20B

Additional LLMs: gpt-oss-120B, Llama-3.1-8B-Instruct, Llama-4-Scout-17B-16E

Temperature: 0 for deterministic outputs

Metric: Accuracy; macro-F1 reported in Appendix B

Single-agent baselines:

Single-Agent, Self-Consistency, Self-Refine

Multi-Agent Debate Baselines:

Compare ConSensus with debate-style multi-agent methods

Debate: agents revise after seeing others’ outputs

MAD: debate + judge agent

CMD: group-based communication

ReConcile: confidence-weighted voting

Key difference: debate methods use two rounds; ConSensus uses single-round fusion



Results

Modality agents help because they preserve sensor-specific evidence.

Hybrid fusion helps because semantic and statistical fusion have different strengths.

ConSensus is efficient because it avoids expensive multi-round debate while keeping competitive accuracy.



● Gray = Initial interpretation

○ system prompts

○ task/data descriptions

○ sensor feature descriptions

○ initial modality-agent predictions

● Blue = Extra aggregation cost

○ refinement steps

○ debate rounds

○ fusion prompts

● ConSensus: 6K aggregation tokens vs. 

ReConcile: 78.6K

● ConSensus reduces aggregation cost by 

12.7×

Token Efficiency



Robustness to Sensor Failure

Randomly omit 10%, 30%, and 50% of sensor 

modalities

Statistical fusion drops sharply with missing 

sensors

At 50% missingness:

● Statistical fusion: 41.4%

● Semantic fusion: 59.9%

Hybrid fusion shifts toward semantic reasoning 

when voting becomes unreliable



Effect of LLM

Tested ConSensus across multiple open-source LLMs

Models: gpt-oss-120B, Llama-3.1-8B-Instruct, 

Llama-4-Scout

ConSensus consistently improves over Single-Agent

ReConcile performs best on gpt-oss-120B

ConSensus is strongest on smaller/Llama models

Key point: useful for resource-constrained LLMs



Limitation

Experiments used dataset subsets due to LLM inference cost

Evaluation limited to classification tasks

Did not combine ConSensus with SC, SR, or ReConcile-style confidence

No fine-tuning; only prompt-based LLM agents

Future work: scalability, RAG, fine-tuning, sensor-specialized LLMs



Thanks 

Questions ?
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