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Abstract. Industry 5.0 emphasizes human-centric manufacturing by integrating advanced assistive 
technologies for inclusive production environments. Large Language Models (LLMs) offer new 
possibilities for assembly error detection and correction. This study introduces a reciprocal 
human–machine learning framework utilizing LLMs vision capabilities to improve assembly 
accuracy through real-time image comparison and corrective instruction generation. Human and 
machine-in-the-loop mechanisms enable continuous refinement, minimizing labeled datasets 
while enhancing responsiveness. Experimental validation demonstrates the system's ability to 
detect errors, diagnose causes, and provide corrective actions. Findings show LLM-driven 
reciprocal learning improves efficiency, supports diverse operator needs, and enables adaptive 
error detection in manufacturing. 
Introduction 
The manufacturing sector is undergoing a significant transformation under the Industry 5.0 
paradigm, which seeks to integrate advanced technologies with human expertise to create 
inclusive, adaptive, and efficient production environments [1]. Central to this transformation is the 
development of human–machine collaboration systems supporting improved productivity while 
addressing the diverse needs of modern operators [2]. Advancements in generative artificial 
intelligence have led to novel assisted assembly systems capable of real-time object detection, 
natural language processing, and multimodal instructional content [3]. This research introduces a 
reciprocal human–machine learning framework that integrates these AI capabilities with operator 
feedback to enhance error detection in dynamic assembly environments while ensuring regulatory 
and ethical compliance [4]. Traditional assembly monitoring relies on pre-trained models with 
extensive task-specific datasets, limiting adaptability and responsiveness in dynamic 
manufacturing environments [5]. This research proposes an LLM-based system integrating vision 
processing and operator feedback for error detection. Rather than advancing real-time vision 
algorithms, the approach leverages built-in vision capabilities of LLMs to preserve adaptability 
across diverse manufacturing contexts.  

Unlike CNNs requiring extensive training, this system uses prompt-based inference for adaptive 
assessment without large labeled datasets [6]. Deviations from reference images are detected 
dynamically, enabling immediate corrective guidance. The proposed system operates within an 
assisted assembly framework that provides real-time, multimodal feedback through auditory, 
visual, and robotic interventions.  
Literature review 
Generative AI and LLMs have revolutionized object recognition and industrial assembly through 
multimodal learning, visual reasoning, and automated decision-making [7]. Recent advances in 
multimodal LLMs have enabled the seamless integration of language processing with visual and 
other sensory modalities. Their impact spans across object detection, recognition, and human-robot 
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collaboration, enabling new levels of adaptability and efficiency in manufacturing and robotics 
[8]. 

Multimodal LLMs enhance object recognition by integrating vision with language processing. 
Frameworks like ContextDET [9] and open-vocabulary detection systems [10]  improve 
recognition beyond fixed training sets. LLMs in object detection enhance interpretability through 
richer feature representations, benefiting medical imaging, industrial inspection, and transportation 
[11]. New attention mechanisms optimize detection in low-data settings by balancing localization 
and classification [12]. 

In industrial applications, LLMs enhance human-robot collaboration through digital twin 
communication [13], natural language command execution [14], and contingency handling with 
hierarchical task networks [15]. Challenges include computational efficiency, robustness, and 
hallucination in vision-language models [16], along with addressing bias for better generalization 
across diverse scenarios [17]. Future developments will focus on optimizing model architectures, 
improving domain adaptation, and incorporating retrieval-augmented generation to enhance LLM 
performance in real-world applications. 

A critical gap in current research lies in the application of generative AI for assembly error 
detection. While LLMs have demonstrated potential in recognizing objects and guiding robotic 
tasks, their role in detecting and responding to assembly errors remains underdeveloped. Recent 
studies highlight the challenges in designing error detection mechanisms that integrate seamlessly 
with multimodal AI frameworks. For example, research on linguistic error detection methods for 
LLMs suggests that multimodal models can be adapted for error identification by deploying 
contextual reasoning and external validation techniques [9]. Similarly, work on robotic assembly 
error correction shows that integrating structured visual reasoning with LLMs improves 
performance in identifying and rectifying misalignments in mechanical assembly tasks [18]. 
However, these approaches remain limited in scalability and adaptability across different industrial 
environments. While previous studies have explored LLMs for object recognition and robotic 
tasks, their integration into real-time assembly error detection with human/machine-in-the-loop 
mechanisms remains limited. This research addresses these gaps through a reciprocal learning 
framework combining LLM reasoning with vision-based analysis for dynamic, context-aware 
adaptation. 
Framework 
The framework, shown in Fig. 1, enables error detection in collaborative assembly by comparing 
real-time images against references using LLMs, generating error descriptions and corrective 
instructions while continuously improving through operator feedback [19]. The system monitors 
assembly tasks and processes three types of inputs: structured assembly instructions (detailing 
operations sequence, tools, and quality criteria), reference images (visual ground truth), and real-
time images of the assembly progress. Reference images, showing the correct execution of the 
various assembly steps, including the selection of tools and components, must be acquired prior to 
assembly task as ground truth. Real-time images are captured continuously with industrial cameras 
maintaining consistent viewpoints and lighting to enable accurate comparisons. Prompt 
Management interfaces the assembly tasks with generative AI through three functions: Prompt 
Storage (repository of refined prompts), Input Conversion (reformatting instructions into 
standardized layouts), Context Specification (defining operational parameters). Such functions are 
incorporated into a predefined template to standardize task specifications and error detection 
requirements. All input data sources, activated by the prompt, are provided to the LLM Error 
Detection Module. This module performs three primary functions: error detection, error diagnosis 
with comprehensive error description, and prognosis, which consists of corrective instruction 
generation. The error detection function systematically compares real-time images with reference 
images to identify deviations during the assembly process. This approach minimizes the need for 
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extensive labeling and training because it utilizes predefined reference images along with 
contextual operator feedback for comparison. The method relies on structural similarities between 
real-time and reference data, allowing the system to detect discrepancies without relying on large 
annotated datasets or complex supervised learning methods. When employing LLMs, two inherent 
challenges must be addressed: hallucination [16]. and catastrophic forgetting [20]. 
 

Fig. 1. Framework flowchart diagram. 
The system mitigates hallucinations through consistency checks using confidence thresholds 

and feature comparisons to ensure alignment with visual evidence [16]. To address catastrophic 
forgetting, detection is confined to a single session, maintaining relevant memory without 
continuous retraining [20]. If no error is detected, the operator is notified, allowing the assembly 
task to proceed to the next stage. In case an error is detected, the module conducts error diagnosis 
and provides a detailed error description. In this phase, the system characterizes the nature, 
severity, and underlying causes of the detected assembly errors by merging automated feature 
analysis with contextual operator input [21]. Finally, the module performs prognosis, which 
consists of automatically generating corrective instructions aimed at reversing the error based on 
the diagnostic output. These instructions are then delivered to the operator, while subsequent 
responses are captured to continuously refine system performance and improve prognostic 
accuracy. The Feedback Learning Module enhances performance through human evaluation [22], 
deriving metrics to analyze discrepancies between detections and outcomes. Human evaluators 
formulate corrective prompts when needed [23], with refinements integrated into the Knowledge 
Base for cumulative learning without extensive retraining. The approach integrates two 
complementary loops (see Fig. 1): Human-in-the-Loop, where operators evaluate and refine LLM 
outputs through feedback on detection accuracy and corrective instructions; and Machine-in-the-
Loop, where the system autonomously detects errors by comparing real-time images with 
references, generates corrective instructions, and iteratively improves based on learned 
adjustments. 
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Experimental Validation 
This section reports laboratory validation using a cast iron centrifugal pump assembly. Fig. 2 
shows the test bench with an industrial workspace, 1080p cameras (overhead and lateral), and 
diffused LED lighting for uniform illumination. Validation included 14 assembly tasks across 6 
critical steps identified by industrial partners (examples in Table 1). Each task involved processing 
instruction spreadsheets and comparing reference images (Fig. 3a) with real-time operation images 
(Fig. 3b). In addition, the prompt presented in Fig. 4 conveys the request to the LLM, specifying 
the input data, task requirements, and error detection criteria. The tests evaluate the system's 
diagnostic and prognostic capabilities for error detection, description, and instruction generation. 
Error detection assesses the system ability to accurately identify the presence of assembly errors. 
Error description evaluates the clarity and relevance of the system-generated descriptions of 
detected errors. Corrective instruction generation measures the effectiveness of the system in 
producing actionable and contextually appropriate corrective instructions. 

 

Fig. 2. Laboratory-scale experimental setup.  

Table 1. Assembly tasks used in the experimental tests; CS: Component Selection, AO: Assembly 
Operation. 

Task ID Task Type Work instructions 

S15.1 CS Select 1 diffuser (ID: C3) from the component table. 

S15.2 AO 
Position the diffuser (ID: C3) on the shaft (ID: C5) by aligning the 
6 long stud bolts (ID: C22) on the pump housing (ID: C2) to the 6 
holes on the diffuser. 

S16.1 CS Select 1 spacer (ID: C14) from the component table. 
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3. Camera (side view)
4. LLM Engine Display 
5. Image Acquisition Display
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(a) (b) 

Fig.3. (a) Reference image showing properly installed locking nut; (b) Real-time operation 
image showing the absence of locking nut. 

 
The type of this task is "{task_column ['task type']}". The first image shows the correct assembly reference, 
and the second image shows the real-time operation result. Based on the two images and the instruction 
"{task_column ['work instructions']}", please analyse whether the operator correctly completed this step. 
Then, output a Detection Log, which includes: # "Error" or "Correct" # Specific error detection details # 
Clear and concise correction instructions, if an error is present. 

Fig. 4. Prompt #1 
The proposed framework was evaluated on two state-of-the-art LLM models: ChatGPT (GPT-

4) and Claude (Claude 3). Both models were presented with the identical prompt shown in Fig. 4 
and identical inputs containing (i) the assembly task instructions, in MS Excel spreadsheet format, 
(ii) the reference images of correctly completed assemblies and (iii) the test images of the current 
assembly state. 

This study employed several metrics to assess the performance of the framework. Error detection 
was evaluated using standard classification metrics: True Positives (correctly identified error-free 
assemblies), True Negatives (correctly detected errors), False Positives (erroneously flagged 
errors), and False Negatives (missed errors). 

The quality of error descriptions and corrective instructions was quantitatively evaluated using 
an assessment protocol based on a five-point Likert scale (ranging from 1 to 5) [24] adopting two 
principal metrics: Error Description Quality (EDQ) [25] and Instruction Quality (IQ) [26]. For 
EDQ, a score of 1 indicates that the error description is incorrect or misleading, while a score of 5 
signifies a comprehensive and precise account of all relevant aspects. Similarly, IQ is rated from 
1 for instructions that are vague, incomplete, or potentially harmful, to 5 for clear, actionable, and 
well-sequenced corrective guidance. Three independent evaluators assessed the LLM outputs 
using predefined criteria after a calibration session to align their interpretations. The performance 
is considered sufficient when the average scores for both EDQ and IQ exceed the score of 4.0. 
Results and Discussion 
Baseline testing without induced errors yielded 100% true positive classifications. With introduced 
deviations, ChatGPT showed high initial accuracy (92.9%) but limited improvement, while Claude 
improved from 57.1% to 71.4% after the third prompt iteration. Both maintained >90% accuracy 
for component/tool selection with greater variability in assembly operations (Figs. 5-6). In 
assembly operations, ChatGPT showed strong initial performance but minimal improvement, 
while Claude demonstrated better adaptability with iterative feedback. 
 

Locking
Nut

Missing
Locking

Nut
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Fig. 5. ChatGPT performance with purposedly-induced errors. 
 

 

Fig. 6. ChatGPT performance with purposedly-induced errors. 
 
These differing learning patterns highlight trade-offs in system design. ChatGPT offers higher 

initial accuracy but less adaptability, while Claude exhibits greater potential for improvement 
through operator feedback. The positive outcomes are enhanced adaptability of the machine 
assisting the operator on new tasks and improved accuracy of both human and machine in the 
execution of their tasks. This human-machine correction loop represents the practical 
implementation of the reciprocal learning framework. The system learns from operator expertise 
while simultaneously providing increasingly refined guidance, creating a continuous improvement 
cycle that enhances system adaptability over time. While machine-in-the-loop effectiveness has 
been extensively discussed in [2, 21, 27] in terms of reduced assembly time, error occurrence and 
error handling times, while human-in-the-loop, previously analyzed for traditional deep learning 
paradigms [2] has been developed and assessed here for LLM-based error detection, description 
and correction. 

To comprehensively evaluate the model detection capabilities and output quality, examples of 
LLM-generated responses for step 18.3 were analyzed. In this instance, the operator deliberately 
omitted the installation of the locking nut, as illustrated in Fig. 3. Both ChatGPT and Claude 
responses to Prompt #1 were collected and analyzed. Both models identified errors, but with 
different accuracy. ChatGPT incorrectly diagnosed a "partially threaded" locking nut when it was 
completely missing, while Claude correctly identified the missing nut despite initial contradictions. 
Their correction instructions reflected these diagnoses. Following the submission and evaluation 
of Prompt #2 (reported in Fig. 7), Claude correctly identifies the diagnosis, whereas ChatGPT 
unsatisfactory performance in terms of error diagnosis and prognosis necessitated a third 
interaction using Prompt #3, whose content is detailed in Fig. 8. 
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Your previous response was not satisfactory in terms of ['error description and instructions generation']. 
Let's refine the assessment. The type of this task is "{task_column ['task type']}". The first image shows the 
correct assembly reference, and the second image shows the real-time operation result. Based on these images 
and the instruction "{task_column ['work instruction']}", determine whether the correct component or tool was 
selected and whether the assembly step was executed properly. Ensure that the selected item is correct, 
properly positioned, oriented, aligned, and secured, and that all required components or tools, including 
those from previous steps, are present. Identify any errors, such as the use of an incorrect component, 
misalignment, missing elements, or improper execution of the assembly step. The Detection Log must indicate 
"Error" or "Correct," provide specific details on any mistakes, and include clear and concise corrective 
instructions to ensure compliance in future steps. 

Fig. 7. Prompt #2 
Your previous responses were not satisfactory in terms of ['error description and instructions generation']. 
Let's refine the assessment. The type of this task is "{task_column['task type']}". Compare the first image, 
which represents the correct reference, with the second image, showing the real-time operation result. Based 
on "{task_column['work instruction']}", determine whether the correct component or tool was selected or if the 
assembly step was executed correctly. Ensure that, when relevant, the selected item is properly positioned, 
oriented, aligned, and secured. Additionally, verify that all required components or tools, including those 
from previous steps, are correctly utilized and consistently present throughout the process. If a component 
selection occurred in an earlier step, confirm that the same exact component is used in subsequent steps as 
expected. If any errors were detected in previous steps, ensure that they have been corrected before proceeding 
with this analysis. Identify any remaining errors, such as the use of an incorrect component, misalignment, 
missing elements, or improper execution of the assembly step. The Detection Log must indicate "Error" or 
"Correct," provide specific details on any mistakes, and include clear and concise corrective instructions to 
ensure compliance in future steps. 

Fig. 8. Prompt #3 
Despite three increasingly detailed prompts, ChatGPT persisted in its erroneous assessment 

claiming that the locking nut was partially threaded rather than completely missing. This 
misjudgment led to errors in subsequent descriptions and corrective instructions, ultimately 
resulting in a KO status. This example demonstrates the difference in the visual reasoning 
capabilities of the two models. While both systems correctly recognized the presence of an error, 
ChatGPT consistently misinterpreted the visual evidence to focus on improper tightening of a non-
existent part. In contrast, Claude was able to accurately identify missing parts and provide 
appropriate corrections after Prompt #2. 
Conclusions 
This research compared ChatGPT and Claude in an intelligent assisted assembly system utilizing 
reciprocal learning with human feedback. Results revealed ChatGPT higher initial accuracy versus 
Claude greater adaptability through iterative refinement, highlighting trade-offs in LLM selection 
for collaborative tasks and the importance of reciprocal learning. Claude demonstrated superior 
visual reasoning, particularly in identifying missing components. Future research should focus on 
extending reciprocal learning to more complex assembly scenarios, optimizing system latency for 
real-time use, and developing automated prompt refinement strategies. Large-scale validation in 
diverse industrial environments is also needed to ensure the scalability and robustness of LLM-
based error detection and correction systems. 
Declaration of generative AI and AI-assisted technologies in the writing process 
The authors used ChatGPT and DeepL to improve syntax and grammar, then reviewed and edited 
the content, assuming full responsibility for the final publication. 
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