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ABSTRACT 

 

Real-time prediction of human locomotion is vital for adaptive human-machine systems such as 

assistive exoskeletons. We present a multimodal pipeline that combines a lightweight local vision-

language model for continuous first-person scene captions with a prompt-based language model 

that fuses three signals, user voice command, recent visual context, and short-term history of 

locomotion states to infer the next mode. The model outputs a confidence score; when this score 

falls below a threshold, the system requests brief user clarification, improving safety and reducing 

silent errors. We tested the approach in a simulated live setting. The system reached 94.3% 

classification accuracy with a median end-to-end latency of 0.5s, showing that low latency is 

compatible with high accuracy. These results indicate that the method offers a practical path to 

robust, context-aware, and interactive locomotion assistance, and support its use as a building 

block for exoskeleton control and other time-critical applications.     

 

INTRODUCTION 

 

The ability to accurately and promptly recognize human locomotion is foundational to creating 

effective human-machine systems, from assistive exoskeletons that adapt to a user’s intent 

(Laschowski et al. 2020) to intelligent robots that can safely navigate human-centric environments 

(e.g., construction sites). Traditional approaches often rely on data from wearable sensors (e.g., 

IMUs, EMG) (Laschowski et al. 2020), which can be intrusive (Beddiar et al. 2020) and may lack 

environmental awareness. Such sensor-only methods lack contextual reasoning; they cannot 

account for external factors, such as obstacles or terrain changes, that may influence a user’s 

locomotion intent. While vision-based systems offer a non-invasive alternative, they historically 

struggle to interpret complex, dynamic scenes with the speed and reliability required for real-time 

applications, often failing in cases of occlusion or visual ambiguity(Beddiar et al. 2020). In a 

chaotic construction setting, with moving machinery, uneven terrain, and frequent occlusions, 

these single-modality models tend to perform poorly. 

The recent emergence of powerful Vision-Language Models (VLMs) and Large Language Models 

(LLMs) has opened a new frontier for solving this problem (Sapkota et al. 2025). These models 

can translate raw pixels into rich semantic descriptions, enabling a more nuanced and context-

aware understanding of human actions. However, their application in real-time systems presents a 

significant trade-off: the most capable models often have high computational demands and 
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network/API latencies, making them unsuitable for control loops that require immediate feedback 

(Jang and Morabito 2025). Conversely, smaller models that can run locally on edge devices may 

lack the sophisticated reasoning abilities needed to handle novel or complex scenarios (Jang and 

Morabito 2025).  

This paper addresses the performance trade-off by proposing a novel, multimodal agentic system 

that strategically integrates models of varying scales. Unlike generic multimodal frameworks, our 

architecture is explicitly tailored to the safety-critical constraints of construction. Our primary 

contribution is an architecture in which a lightweight, on-device VLM provides continuous, 

“always-on” environmental awareness by generating a stream of textual scene descriptions. This 

visual feed is then synthesized by an efficient LLM-based reasoning engine, which is triggered by 

user voice commands. The reasoning engine makes the final locomotion mode prediction by 

integrating three key data streams: the user’s explicit intent (voice command), the immediate visual 

context (VLM captions), and short-term memory (the two most recent locomotion modes). To 

ensure robustness and safety, our system actively manages uncertainty. The reasoning engine 

calculates a confidence score for each prediction, enabling it to recognize when its assessment is 

ambiguous. If the confidence falls below a predefined 80% threshold, which is selected to 

prioritize safety by favoring clarification over potential error, the system initiates a human-in-the-

loop clarification dialogue (Gómez-Carmona et al. 2024). 

We implemented and evaluated this complete pipeline in a simulated live environment, rigorously 

testing its end-to-end performance across a series of realistic locomotion tasks. We demonstrate 

that this hierarchical approach achieves both high classification accuracy and low latency, 

presenting a viable framework for deploying advanced AI in real-world, interactive human-

assistive technologies. 

RELATED WORKS 

Vision-based human locomotion or activity recognition has been extensively studied in computer 

vision. Early approaches often combined object detection and pose estimation to classify human 

actions from video; for example, one approach detected construction workers with YOLO 

(Redmon et al. 2016) and then used pose joints to recognize their activities (Jiang and Messner 

2023; Son and Kim 2021). Deep learning has since revolutionized this field. Two-stream 

convolutional networks and 3D CNNs enabled end-to-end video action recognition, while gait-

specific models achieved high accuracy by learning unique motion patterns (Ruiz-Barroso et al. 

2025). However, these methods primarily rely on pattern recognition and often lack the semantic 

reasoning required to understand why a transition is occurring or to handle unseen scenarios. 

Beyond traditional vision models, there is growing interest in combining vision-language models 

(VLMs) with large language models (LLMs) for embodied perception and reasoning. VLMs (e.g. 

image captioning or CLIP-based models (Radford et al. 2021) provide semantic scene 

understanding by linking visual content to text, while LLMs offer advanced reasoning, 

commonsense knowledge, and sequential decision-making. Recent surveys note that LLMs can 

significantly improve robots’ planning and execution by incorporating high-level knowledge and 

reasoning over visual inputs (Jeong et al. 2024).  

Modern embodied AI systems increasingly integrate multiple modalities: for example, Google’s 

PaLM-E model (Driess et al. 2023) combines visual sensor input with a language model, enabling 

a single 562-billion parameter model to perform robotic manipulation planning, visual Q&A, and 



captioning within one unified policy. Another paradigm is to keep perception and language 

modules separate but connected via prompting. A work presented a modular framework where 

pre-trained VLMs and LLMs communicate in natural language to exchange information and 

perform zero-shot multimodal reasoning (Zeng et al. 2022). This approach leverages the 

complementary knowledge of each model without requiring joint training. Along similar lines, 

other work introduced a coordinator agent (CoLA) that uses an LLM to orchestrate multiple VLM 

“experts” for complex visual reasoning tasks. The LLM can mediate among the outputs of different 

vision models via language, achieving state-of-the-art results on vision-language benchmarks such 

as visual question answering and visual entailment (Chen et al. 2023). Overall, the use of VLMs 

for constant visual awareness coupled with LLM-based reasoning is gaining traction in robotics 

and embodied AI, as it marries perceptual context with powerful general reasoning abilities (Jeong 

et al. 2024). 

Our work builds upon these modular approaches but differentiates itself by focusing on the specific 

latency and reliability constraints of construction exoskeletons. While works like M3-Agent (Long 

et al. 2025) build long-term memory for complex reasoning, our system optimizes for immediate, 

short-horizon context suitable for real-time control. Furthermore, we integrate a confidence-gated 

Human-in-the-Loop mechanism, a critical safety feature often absent in purely autonomous 

reasoning agents (Khan et al. 2025). 

SYSTEM OVERVIEW 

Architecture  

The proposed system employs a multi-stage pipeline that integrates real-time visual perception, 

language-based user intent, and short-term memory to predict locomotion modes.  

 

Figure 1: The proposed system architecture for multimodal locomotion mode detection. The 

model processes video and voice inputs through a VLM and LLM-based classifier, incorporating 

a confidence-based user confirmation loop to update the system's state. 

The data flows through the following steps: 



1. Continuous Visual Perception: The system processes a live video feed from a first-person 

perspective (e.g., smart glasses). To balance context frequency with computational load, 

every second frame is fed into a lightweight, on-device vision model (Roboflow Blog 

2025) VLM, run via Ollama). We selected Moondream for its balance of inference speed 

and descriptive capability, allowing it to generate concise, natural-language descriptions 

(e.g., “a person approaching a ladder in a construction area”) without the prohibitive 

latency of cloud-based VLMs. This provides a constant stream of visual context, updated 

every two seconds.  

2. Triggering and Multimodal Context Assembly: The core reasoning process is triggered 

by a timestamped voice command from the user. Upon receiving a command, the system 

assembles a multimodal context that includes three components: (a) the user’s voice 

command (transcribed to text), (b) the most recent scene caption(s) from the VLM 

(providing immediate visual context, including a window of three most recent scene 

captions), and (c) historical context from a Short-Term Memory (STM) module, which 

stores the user’s two most recent locomotion modes. By combining these, the system 

captures the user’s explicit intent, current surroundings, and recent state transitions. 

3. LLM-Based Reasoning and Classification: The assembled multimodal context is 

formatted into a prompt and passed to an efficient LLM classifier (GPT-4o-mini). We 

chose GPT-4o-mini over larger variants to minimize API latency while retaining sufficient 

reasoning capability for intent classification. This model performs multimodal reasoning 

to infer the user's intended locomotion mode. Its output is constrained to a structured JSON 

format containing two fields: mode_detected  and confidence_score .  

4. Confidence-Gated Human-in-the-Loop (HIL) Clarification: The system then assesses 

the confidence_score provided by the LLM. If the score exceeds a set threshold of 0.8 (i.e., 

≥80% confidence), the prediction is regarded as reliable and is acted upon immediately. If 

the confidence drops below this threshold, the system initiates a HIL verification step, 

prompting the user to confirm or clarify the intended action before moving forward 

(Gómez-Carmona et al. 2024). This approach prevents the system from making decisions 

based on uncertain predictions, thereby improving safety and robustness. We selected the 

0.8 threshold empirically; preliminary tests showed correct inferences consistently scored 

above 0.9, while misclassifications fell below 0.8. This balance prevents silent errors 

without causing frequent, unnecessary interruptions for moderately confident predictions. 

In practice, this mechanism enables the system to handle ambiguity smoothly by deferring 

to human judgment only when necessary. 

5. State Update: The final, confirmed locomotion mode, either from a high-confidence 

prediction or from the user's clarification, is used to update the STM. This ensures the 

system's memory remains accurate for subsequent predictions, completing the agentic loop. 

Model Choices and Baseline Comparison: The architecture balances accuracy, latency, and 

robustness by integrating multiple modalities. Our models, Moondream 2 and GPT-4o-mini, 

are lightweight enough for on-device or real-time use while being capable of handling rich 

visual and textual data. Single-modality approaches have limitations: IMU-based classifiers, 

like (Coser et al. 2025), achieve about 94% accuracy in labs with 1-2 ms inference but lack 

environmental context, which risks misinterpretation in new scenarios. Vision-only methods, 

such as (Yang et al. 2024) achieve over 95% accuracy in controlled settings but fall below 80% 

in complex environments or during sudden transitions. Fusion approaches that combine 



sensors and predictive algorithms, like (Carvalho et al. 2025) ’s LSTM, reach around 98% 

accuracy before movement but rely on low-level data and lack semantic understanding or 

uncertainty handling. Our framework combines vision, voice, and context, including a 

reasoning step that knows when to ask for help, thereby improving robustness while 

maintaining high accuracy. 

PILOT TEST 

Video Scenarios and Environment 

Our evaluation utilized five video-recorded scenarios (~3 minutes each) simulating real-world 

locomotion in a varied indoor environment. Each scenario features a participant navigating a 

continuous sequence of tasks through an environment including a level hallway for walking, a 

staircase for ascent/descent, a chair for sitting/standing, and a low-clearance obstacle for 

crouching. This design ensures that a range of locomotion modes and, critically, the transitions 

between them were captured realistically and systematically. 

Tasks and Goals 

Each scenario was designed to include seven distinct locomotion modes representative of actions 

a worker might perform in an industrial or construction setting: 

• Ground walk: Normal walking on a level surface. 

• Crouch walk: Navigating under a low-clearance obstacle. 

• End crouch walk: Transitioning from crouching to standing. 

• Stair ascension: Walking up stairs. 

• Stair descension: Walking down stairs. 

• Sitting down: Transitioning from standing to sitting to rest. 

• Standing up: Rising from a seated position. 

The primary goal was to evaluate the agent's ability to accurately recognize each mode and 

seamlessly handle transitions by integrating voice commands with visual cues. By ensuring every 

mode and context switch appears in each scenario, we created a comprehensive testbed to verify 

the system's performance in a continuous, multi-step operation, a critical requirement for practical 

deployment. 

Simulated "Live" Setup 

We used a “simulated live” setup, processing pre-recorded video and voice data in real time to 

balance experimental control with realistic timing. The simulation fed video frames to the system 

at 1 FPS and injected scripted voice commands at their precise timestamps from the original 

recordings. This approach replicated the timing and concurrency of a live field test while ensuring 

perfect repeatability across runs. 

Hardware and Software Environment 

Simulations ran on an Ubuntu 25.04 workstation (8-core CPU, 62 GB RAM, RTX 4070 SUPER) 



using a Python stack (Flask, OpenCV, PyTorch, and OpenAI API). The complete agentic pipeline, 

including the on-device Moondream model (via Ollama) and the GPT-4o-mini classifier, ran 

concurrently using background workers to mimic a parallelized live deployment.  

Triggering Mechanism and Timing 

Each locomotion task in the recordings was preceded by a scripted voice command (e.g., “I am 

going upstairs”). These commands were transcribed and timestamped into a JSON file that served 

as a trigger schedule for the simulation. When a timestamp was reached, the system received the 

transcribed text as a live input, prompting it to analyze the current visual and historical context to 

make a prediction. This synchronized triggering ensured a realistic sequence of user intent (voice) 

followed by physical action (vision), which is crucial for evaluating the system's contextual 

reasoning. 

Test Runs and Metrics 

We conducted three independent runs for each of the five scenarios (15 total runs) to ensure the 

reliability and consistency of our results. To assess system stability, performance metrics were 

calculated for each run independently. The results discussed below reflect the average accuracy 

across these three trials, while the detailed confusion matrix and event counts correspond to a 

single representative run to illustrate specific classification behaviors. We evaluated performance 

using two primary metrics: 

1. Latency: Measured as the total time elapsed between a voice command’s timestamp in the 

simulation and the moment the system produced its corresponding prediction. Crucially, 

this measurement includes the network round-trip time for the OpenAI API call, providing 

a conservative estimate of real-world performance. 

2. Accuracy: Calculated as the percentage of correct mode predictions against the ground 

truth labels associated with each command. A prediction was deemed correct if the agent’s 

highest-confidence output matched the actual activity performed by the user. While we 

also observed confusion patterns between modes (e.g., crouch walk vs. end crouch), the 

primary reported metric is overall classification accuracy. 

This evaluation protocol provides a robust assessment of the system’s real-time performance in 

terms of speed (latency) and reliability (accuracy) during complex locomotion tasks, giving us 

confidence in how it would perform in an actual deployment. 

PRELIMINARY RESULTS  

Overall Performance 

The system demonstrated high accuracy and low latency across all test scenarios. Across the three 

independent runs, the system achieved a consistent average classification accuracy of 94.3%. In 

the representative run detailed in Table 1 (consisting of 35 command events across 7 tasks), the 

system correctly identified the locomotion mode in 33 instances. The results, summarized in Table 

1 , and Figure 2 , validate the effectiveness of combining continuous visual understanding with 

voice cues for robust, real-time classification.  



Table 1. Locomotion mode classification performance per class (Representative Run). The 

agent’s accuracy for each class is shown as the percentage of correctly recognized instances. 

Locomotion Mode Instances (Total) Correctly Predicted Accuracy 

Ground walk 5 5 100% 

Crouch walk 5 4 80% 

End crouch walk 5 4 80% 

Stair ascension 5 5 100% 

Stair descension 5 5 100% 

Sitting down 5 5 100% 

Standing up 5 5 100% 

Overall 35 33 94.3% 

 

Figure 2. Confusion matrix of the agent’s locomotion mode predictions vs. ground truth 

labels for a representative run. Each cell shows the number of events (out of 5 per class) for a 

given true mode (rows) that were classified as the predicted mode (columns).  

A crucial finding is that the model's confidence was correlated with its correctness. The average 

confidence score for correct predictions was high at 0.92, whereas the two misclassifications 

received lower confidence scores (between 0.6 and 0.7). This demonstrates that the system can 

reliably estimate its own uncertainty. 

Latency Analysis 

The system met real-time requirements, with a median latency of 0.5 seconds and an average of 

approximately 0.7 seconds. As shown in the cumulative distribution in Figure 3, roughly 80% of 

all predictions were delivered in under 0.6 seconds. The tail latency was primarily driven by a 

small number of events that required more complex reasoning on novel visual scenes, with the 



95th percentile latency at approximately 2.4 seconds. Even this worst-case performance remains 

within a tolerable range for interactive use. The fast median time is a direct result of the system's 

architecture, where lightweight, on-device models handle the majority of the continuous 

processing load. 

 

Figure 3.Cumulative distribution function (CDF) of the system's end-to-end latency. The plot 

shows a median latency of 0.49 seconds, with 80% of events processed within approximately 0.6 

seconds and a 95th percentile latency of 2.34 seconds 

Impact of Human-in-the-Loop (HIL) Clarification 

The system’s ability to detect its own uncertainty was central to safe operation. Low confidence 

scores activated the human-in-the-loop step in 2 of 35 cases. In those cases, the user’s clarification 

was sent to GPT-4o-min together with the relevant context. It returned the correct prediction label, 

resolving the ambiguity. This shows that the system flags uncertainty and requests input instead 

of failing silently, which is important for real-world, safety-focused use. 

Discussions  

Our experimental results validate the efficacy of a multimodal approach that integrates temporal 

context, vision, and voice commands. Unlike IMU-based approaches that struggle with the 

"semantic gap" between mechanically similar actions, our system achieves 94.3% accuracy by 

leveraging visual and linguistic context to resolve ambiguity. The system demonstrated high 

robustness, maintaining accurate predictions even through significant visual occlusions and at 

abrupt transitions. This resilience stems from the model's use of memory; by reasoning over the 

last known mode and recent scene descriptions (3-frame window), it can maintain state continuity 

during brief periods of ambiguous sensory input. The few observed errors were minor, transient 

misclassifications between similar states (e.g., crouch walk vs. end crouch), stemming from slight 

timing misalignments between visual evidence and verbal cues. 

Limitations and Scalability 

Despite promising results, this study has limitations. The evaluation was conducted in a controlled 

environment with a single participant to establish baseline feasibility (pilot study). Real-world 



deployment introduces challenges such as multi-user interference and network instability. While 

our 0.5 s median latency is promising, it relies on API connectivity. In "dead zones" common on 

construction sites, reliance on cloud-based LLMs (like GPT-4o-mini) is a vulnerability. Future 

work will explore local-only fallback models (e.g., Llama 3 (Grattafiori et al. 2024) on edge) to 

ensure basic functionality when connectivity is lost, and will expand testing to diverse user 

populations to validate the HIL mechanism's scalability. 

CONCLUSIONS 

This paper presented a multimodal LLM framework for context-aware locomotion prediction in 

construction exoskeletons. By combining efficient on-device vision (Moondream) with cloud-

based reasoning (GPT-4o-mini) and a safety-first Human-in-the-Loop mechanism, we achieved 

high accuracy (94.3%) and low latency (0.5 s) in simulated trials. Key contributions include the 

demonstration of semantic reasoning superior to traditional pattern recognition for complex 

transitions and a practical architecture for managing uncertainty in safety-critical tasks. Future 

research will focus on field testing in unscripted environments and addressing network-denied 

operations to fully realize the potential of intelligent, assistive construction technology. 
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