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Executive Summary 
This document provides an overview of the activities and the results achieved in WP4 Safe, 

Transparent, and Reliable Human-Robot Collaboration within Task 4.3 Human-Robot 

Interactions for Active Learning.  

The main activities carried out during T4.3 are:  

1) research in active learning to facilitate human robot interactions and accelerate knowledge 

acquisition; 

2) developing prototype systems that enable human robot interactions;  

3) implementing active learning techniques within STAR use cases; 

4) implementing NLP techniques and conversational clients.  

This document describes the developed active learning prototypes and approaches applicable 

to STAR Use cases.  

The WP4 partners conducted an extensive scientific work presented in some publications.   

In comparison to Deliverable D4.4 Active Learning Systems and Techniques – Initial version, 

WP4 partners conducted several significant improvements to the initial active learning 

prototypes, such as: 

• further research and experiments of the benefits of the active learning approach, 

• exploitation of the developed techniques in other STAR use cases, 

• improvement of the NLP techniques in the industrial environment. 

Within the scope of Task 4.3 in WP4 partners published scientific articles and a book chapter.  
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1 Introduction 
Task 4.3 Human-Robot Collaborations for Active Learning targets STAR’s objective to explore 

and implement active learning techniques that can contribute to human robot collaboration 

and accelerate knowledge acquisition. 

The main development of task 4.3 has been focused on PCL use case, on quality inspection 

of Phillips manufactured products (Philips Consumer Lifestyle BV). Quality control allows 

companies to verify the product’s conformance to requirements and specifications and thus 

build customer satisfaction and the brand’s reputation. 

The initial version of active learning prototypes has been described in STAR deliverable D4.4 

Active Learning Systems and Techniques Initial Version (M15). 

Artificial Intelligence (AI) can automate visual inspections and reduce inspection times while 

ensuring consistent evaluation of all products. In the STAR project we aimed to address the 

automated visual inspection ensuring manual revision is only used to examine manufactured 

pieces for which the model is uncertain. We propose that active learning can be used to 

improve the classification models continuously by leveraging newly labelled data in the 

manufacturing industry. 

Furthermore, this deliverable presents the advances with respect to Natural Language 

Processing demonstrators, describing the sum-ups the carried NLP activities, and providing 

the system prototype for PCL use case.  

The document is structured in the following sections:  

• Section 1 provides an overview of the scope and the structure of this document.  

• Section 2 includes a review of active learning strategies and technologies. 

• Section 3 specifies the state of the art in the quality inspection that strongly relates 

to the developed Task 4.3 active learning prototype for STAR use cases.  

• Section 4 provides the implementation activities and application to STAR use cases. 

• Section 5 describes the natural languages processing aspects related to technologies 

developed for STAR use cases. 

• Section 6 summarizes the activities and concludes the document. 
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2 Active Learning Strategies and Technologies 
Artificial Intelligence is a field of study that focuses on developing computers and machines 

that can imitate the decision-making and problem-solving abilities of intelligent beings. One 

sub-field of AI is Machine Learning, which involves using algorithms to learn from data. The 

effectiveness of a machine learning model depends on how informative the data is, and Active 

Learning is an approach that seeks to improve the quality of the data used for learning. Active 

Learning can be characterized based on four criteria, which determine the approach used to 

select informative instances for labelling. 

Supervised machine learning is a popular approach where algorithms learn the mapping 

between input feature values and expected outcomes. Active Learning is based on the 

assumption that unlabelled data is abundant, labelling is expensive, and models' generalization 

errors can be minimized by carefully selecting new input instances to train the model. 

Strategies and criteria have been developed to find the best-unlabelled instances to achieve 

this goal. In a supervised Active Learning setting, an unlabelled data instance is obtained, and 

an oracle provides a label. The labelled data instance is then used to train the machine learning 

model. 

The resulting model can be used to classify or predict new data, and Active Learning can be 

used to continuously improve the model's performance. Different Active Learning approaches 

exist, and they can be classified based on how the data is generated, processed, how many 

instances are queried at a time, and what machine learning problem is being solved. Active 

Learning can be applied to various problems, but supervised Active Learning has received 

more attention in the scientific community. We provide a taxonomy of Active Learning in 

Figure 1.   

 

Figure 1: Taxonomy of active learning approaches. The image was taken from [20] 
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In a supervised Active Learning setting, the goal is to obtain a labelled dataset that can be 

used to train a machine learning model. To do this, the Active Learning system needs to select 

unlabelled data instances that are most informative to the model's learning process. These 

unlabelled instances are called queries, and the Active Learning system needs to decide which 

ones to request labels for from the oracle. Once the oracle provides the labels for the selected 

queries, the resulting labelled data instances can be used to train the model. The timing of 

model training depends on the scenario: in a streaming setting, the model is updated 

immediately after each new labelled instance is obtained, while in a batch setting, the model 

is retrained periodically after incorporating newly labelled instances into the labelled dataset. 

We depict the elements in Figure 2. 

 

 

Figure 2: Schematic diagram of active learning.  

The oracle provides the data directly to the ML model in an online setting. In contrast, in an offline 
setting, such instances are persisted into a dataset so that the model can leverage them when retrained. 
The diagram holds for most cases. An exception could be an oracle being directly asked for a particular 
kind of demonstration, and therefore data selection would not be needed. The image was taken from 
[20] 

Three aspects must be considered when looking for the most valuable samples [1]: 

informativeness (contains rich information that would benefit the objective function), 

representativeness (how many other samples are similar to it), and diversity (the samples do 

not concentrate in a particular region, but rather are scattered across the whole space).  

A simple baseline for selecting data instances is the Random Active Learning (RAL) [21], which 

proceeds in rounds and, in each round, randomly samples unlabelled data instances, assuming 

the data follows a uniform distribution. A popular active learning strategy is uncertainty 

sampling [21], which selects instances that are expected to have the highest uncertainty in 

their label predictions by the current model. This can be done using various measures of 

uncertainty, such as the least confidence criterion mentioned above, or the margin sampling 

criterion, which selects the sample whose two most probable labels are closest in probability. 

Another approach is to use diversity sampling, which selects instances that are dissimilar to 

those already in the labelled dataset. This can be done using clustering or other similarity 

measures. 

Other active learning strategies focus on selecting instances that are informative for specific 

sub-tasks or concepts of interest, such as multi-label active learning or concept-based active 

learning. In multi-label active learning, the goal is to select instances that are informative for 

multiple labels, which can be useful in applications such as image tagging or document 

classification. In concept-based active learning, the goal is to select instances that are 
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informative for specific concepts or features of interest, which can be useful in applications 

such as medical diagnosis or fraud detection. 

The abovementioned methods described different strategies to select existing data suitable 

for streaming and batch processing. The membership query synthesis active learning strategy 

considers no data is selected, but rather a data instance is created and presented to the 

oracle. In this line, [2] introduced the Generative Adversarial Active Learning (GAAL) 

technique, which leverages Generative Adversarial Networks (GANs) to generate informative 

instances based on a random sample of unlabelled instances close to the decision boundary. 

This concept was evolved by many authors, who aimed to develop variations of GAN 

architectures e.g., to create a specific instance leveraging additional data regarding the 

desired target label and therefore leading to faster convergence [3].  

Overall, the choice of active learning strategy depends on the specific application and the 

characteristics of the data. It is often useful to compare the performance of different strategies 

on a small, labelled dataset before selecting the best one for active learning. 
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3 State of the Art in Quality Inspection 
This deliverable provides a comprehensive overview of the state-of-the-art for quality 

inspection, as active learning approaches in WP4 are primarily focused on quality inspection 

tasks within STAR pilots. Quality control is crucial in ensuring that products meet specific 

requirements and specifications [4]. This is important for building customer trust, boosting 

loyalty, and reinforcing brand reputation. However, manual inspection can be challenging due 

to limited scalability and operator-to-operator inconsistency (see [5]). To address these issues, 

automated visual inspection systems that use artificial intelligence (AI) can be deployed to 

automate the visual inspection process. These models can reduce manual work, match the 

speed of production, and trace defect root causes to proactively solve issues in the production 

process [6,7]. Furthermore, they enable non-contact inspection that is not affected by the 

target type, surface, or ambient conditions like temperature [8]; and can perform multiple 

tasks simultaneously, including object, texture, or shape classification, and defect 

segmentation, among other inspections. Automated visual inspection approaches can be 

classified into three categories [9]: (a) classification, (b) background reconstruction and 

removal, and (c) template reference (comparing a template image with a test image). While 

for classification, much research was devoted to supervised approaches, unsupervised defect 

detection was explored by many authors. They explored using Fourier transforms to remove 

regularities and highlight irregularities (defects) [10] or employed autoencoders to find how a 

reference image differs from the expected pattern [11]. 

Among applications of visual inspection described in the scientific literature, we find the 

inspection of TFT-LCD panels and LCD colour filters [12], the detection of surface defects on 

cold-rolled strips [13], defect detection in weld images [14]. Although active learning has been 

successfully applied in manufacturing, the scientific literature on this domain remains scarce 

[15]. Some notable use cases of active learning in manufacturing include the automatic optical 

inspection of printed circuit boards [16], media news recommendation in a demand 

forecasting setting [17], and the identification of local displacement between two layers on a 

chip in the semiconductor industry. 
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4 Application to STAR Use Cases 

 PCL Use Case 
The techniques developed in STAR WP4 have been effectively tested using STAR use cases, 

specifically the Philips Consumer Lifestyle BV use case. The company produces various 

products that feature their logo. One important task is to visually inspect the printed logo and 

identify any defects to ensure that only products with correctly printed logos are delivered. 

The company uses different setups for pad-printing when printing their logo on the products, 

and the printed products are later inspected. If a defective print is found, the product is 

removed from the production line. 

Philips Consumer Lifestyle BV provided a dataset of 3,518 images, which were categorized 

into one of three possible classes: good print (no defects observed), double printing, or 

interrupted printing. The dataset is highly imbalanced, reflecting the company's commitment 

to high-quality standards. 

 

4.1.1  Implementation 

4.1.1.1 Supervised Classifiers 
For the purpose of active learning research, we developed supervised classification models, 

and experimented the use of different kind of oracles (machine and human oracles) to label 

the data and eventually improve the models' outcomes.  

4.1.2 Experiments 

4.1.2.1 Experimenting with Active Learning Strategies 
The use of different active learning strategies and oracle settings can have a significant impact 

on the performance and efficiency of the active learning process. In our research, two active 

learning settings were explored: pool-based and stream-based. Pool-based active learning 

involves selecting a subset of data instances from the entire pool of unlabelled data, whereas 

stream-based active learning selects data instances as they arrive in a sequential order. In 

our experiments, the train set was comprised of 1760 images, the unlabelled data was 

simulated considering 1056 images, and predictions tested on 352 images, using a ten-fold 

stratified cross-validation. 

Two strategies were used for pool-based active learning: random sampling and selection of 

instances with the highest uncertainty. The uncertainty of the classification model was 

measured by considering the highest score for a given class and selecting the instance with 

the lowest score among the scores provided for the data instances in the active learning set. 

In stream-based active learning, a decision was made to keep or discard an instance with a 

probability threshold of 0.5 when random sampling was used. When selecting instances with 

the highest uncertainty, the prediction for each data instance was analyzed, and the oracle 

was requested to label the instance only if it fell below a certain confidence threshold (p=0.95 

or p=0.99). 

Three oracle settings were considered (see Figure 3), namely (a) a human labeller as the only 

source of truth, (b) a machine oracle for instances where the classifier had high certainty, and 
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a human labeller otherwise, and (c) machine oracle for instances where the classifier had high 

certainty, and another machine oracle was requested when uncertain about the outcome. The 

choice of oracle setting can affect the accuracy and efficiency of the active learning process, 

and the most appropriate setting may depend on various factors, such as the availability and 

cost of human labellers, the quality of the classification model, and the desired level of 

accuracy.  

 

Figure 3 Three oracle settings. The image was taken from [19] 

 

The second oracle was set up to query the closest labelled image from three randomly picked 

images (one per class). In (C), the machine oracle issued a label only when both machine 

oracles were unanimous on the label; otherwise, the instance labelling was delegated to a 

human labeller. The decision on which oracle to query relied on the model's confidence in the 

outcome and a probability threshold set based on manufacturing quality policies. It was 

assumed that the second machine oracle in (C) is accessible at a certain cost (e.g., paid 

external service) and, therefore, cannot be used for every prediction. We simulated such a 

service by computing the Structural Similarity Index Measure (SSIM) score over the queried 

image.  

We considered eight scenarios (see Table 1) and experimented with five machine learning 

models. The machine learning models were calibrated using a sigmoid model based on Platt 

logistic model [18] (see Figure 4). 

 

Table 1 Proposed experiments to evaluate the best active learning setting regarding how it influences 

the models’ learning and its impact on the manual revision workload. The table was taken from [19] 

Experiment AL setting AL data selection Oracle 

1 pool-based Random sampling Human labeler 

2 pool-based Highest uncertainty Human labeler 

3 pool-based Highest uncertainty Machine Oracle B + Human labeler 
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4 pool-based Highest uncertainty Machine Oracle B + Human labeler 

5 stream-based Random sampling Human labeler 

6 stream-based Highest uncertainty Human labeler 

7 stream-based Highest uncertainty Machine Oracle B + Human labeler 

8 stream-based Highest uncertainty Machine Oracle B + Human labeler 

 

 

Figure 4 Equation 1: Platt classifier calibration logistic model. 

 

4.1.3  Evaluations 

4.1.3.1 Evaluation of Active Learning Strategies 
 

The active learning strategies were analysed from two points of view. First, whether they 

contributed to better learning of the machine learning model. Second, how much manual work 

could be saved by adopting such strategies. 

4.1.3.1.1 Impact of Active Learning strategies on ML model learning 

To understand how much the active learning strategies contributed to a better learning of the 

model, we contrasted the models' performance variability observed when they consumed the 

data within the Q1 and Q4 quartiles of the active learning pool. The results showed that best 

outcomes were observed for Experiment 2 (highest uncertainty with human labeller) settings, 

while the second-best performance was observed for Experiment 8 (highest uncertainty, with 

the machine and human oracles). Interestingly, the streaming setting showed better 

performance than the pool-based experiments, even though the streaming experiments 

achieved only the second-best results with Platt scaling. We noticed that while soft labelling 

was detrimental for the pool-based active learning settings, it led to superior results in a 

streaming setting, achieving results close to the best ones obtained across all experiments. 

 

Table 2 The table displays the mean AUC ROC values for five machine learning models, averaged 

across ten folds. The results highlight the impact of various active learning strategies on the models' 

performance over time, comparing the first quartile (Q1) to the last quartile (Q4) of the active 

learning pool. Soft labelling was applied using two probability thresholds (0.95 and 0.99). The best 

results are bolded, and the second-best results are displayed in italics. The table was taken from [19] 

Setup Experiment p=0.95 p=0.99 

Q1 Q4 Q1 Q4 

Pool-
based 

1 - random, 
human oracle 

0.8428 0.8612 0.8431 0.8623 
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2 - uncertainty, 
human oracle 

0.8594 0.8693 0.8594 0.8693 

3 - uncertainty, 
oracle 
(machine B + 
human) 

0.8398 0.8396 0.8398 0.8398 

4 - uncertainty, 
oracle 
(machine C + 
human) 

0.8349 0.8348 0.8358 0.8358 

Streaming 5 - random, 
human oracle 

0.8460 0.8559 0.8460 0.8559 

6 - uncertainty, 
human oracle 

0.8525 0.8647 0.8529 0.8647 

7 - uncertainty, 
oracle 
(machine B + 
human) 

0.8505 0.8608 0.8529 0.8647 

8 - uncertainty, 
oracle 
(machine C + 
human) 

0.8550 0.8665 0.8553 0.8668 

 

 

Table 3 The mean AUC ROC values were computed across ten test folds for five machine learning 

models to determine how they learn over time (Q1 vs. Q4) under the Experiment 2 setting. We also 

examined whether the differences were statistically significant at a p-value of 0.95 (DS(p=0.95)). The 

results are presented below, with the best outcomes highlighted in bold and the second-best results 

displayed in italics. The table was taken from [19] 

Model Q1 Q4 DS(p=0,95) 

MLP 0.9309±0.0004 0.9448±0.0003 Yes 

SVM 0.8788±0.0007 0.8767±0.0007 Yes 

NB 0.8628±0.0005 0.8675±0.0005 Yes 

KNN 0.8575±0.0006 0.8720±0.0006 Yes 

CART 0.7669±0.0007 0.7854±0.0008 Yes 

 

In Table 3 we report the results obtained for Experiment 2. We evaluated the performance of 

machine learning models and compared their results after being shown Q1 and Q4 of the 

active learning pool data. Our findings showed that MLP had the best performance, followed 

by SVM, with a difference of at least 0.05 AUC ROC points. While MLP's performance increased 

over time, SVM slightly decreased in Q4, and no other model had a performance decrease. 

Since Experiment 2 only involved a human oracle, and the annotations were accurate, we 
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ruled out mislabelling as the cause of the performance decrease. We also consider class 

imbalance as an improbable factor since other models could better discern among the classes 

over time. Finally, CART model had the worst performance, lagging by more than 0.16 AUC 

ROC points compared to the best-performing model. 

4.1.3.1.2 Impact of Active Learning strategies on data annotation efforts 

The preceding section highlighted the importance of assessing the potential of active learning 

strategies to enhance the machine learning models' performance. In this section, we present 

insights obtained on how active learning strategies can impact the manual annotation burden. 

In particular, we were interested in how machine oracles could reduce the required amount 

of effort for human labelling.  

Table 4 presents the results for a cut-off value of p=0.95. Through the research conducted, 

we found that when using a cut-off value of 0.99, no instances were given to the machine 

oracles for analysis, so no analysis was performed. However, when using a cut-off value of 

0.95, the number of soft-labelled instances was negligible for each experiment. This suggests 

that using machine oracles would not significantly reduce the manual labelling effort, even 

though the quality of the annotations was high. The experiments with streaming settings 

(Experiment 7 and Experiment 8) had the highest number of soft-labelled instances, but 96% 

of samples were correctly labelled in both cases, meeting the quality threshold of p=0.95. The 

best machine labelling quality was achieved when using Oracle C (unanimous vote of two 

machine oracles). Contrasting these results with the AUC ROC values obtained for each 

experiment, it was observed that while Experiments 3 and 4 showed a slight decrease in 

discriminative power, Experiments 7 and 8 showed an increase in performance of at least 0.01 

AUC ROC points. 

 

Table 4 The table presents the proportion and quality of soft labelling under different settings, with a 

predicted probability cut-off value of p=0.95. SL (%) shows the percentage of soft annotated data 

instances relative to the total, SL OK (%) indicates the percentage of correctly soft annotated 

instances, ML SL OK (%) represents the percentage of soft annotated data instances that would be 

correctly annotated based on the ML model score, and SSIM SL OK (%) indicates the percentage of 

soft annotated data instances that would be correctly annotated based on the SSIM score. The table 

was taken from [19] 

Experiment p=0.95 

 SL (%) SL OK (%) ML SL OK (%) SSIM SL OK 
(%) 

3 0.0077 0.9684 0.0075 NA 

4 0.0033 0.9756 0.0050 0.0033 

7 0.0413 0.9685 0.0400 NA 

8 0.0343 0.9692 0.0483 0.0334 

 

4.1.4 Demos and proof of concept 
For the purpose of the research conducted regarding Active Learning, we developed multiple 

models and experiments at a prototype level, with the data provided by Philips Consumer 
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Lifestyle BV. Many of those experiments were developed in Jupyter Notebooks, as shown in 

Figure 5.  

 

 

Figure 5 Snippet from a Jupyter Notebook, where active learning experiments were implemented. 

 

Nevertheless, we also created a REST API (see Figure 6) and implemented six active learning 

policies: three pool-based active learning policies (random sampling, classifier entropy, and 

classifier margin), and three stream-based active learning policies (random sampling, classifier 

entropy, and classifier margin). The abovementioned policies can be used by any service to 

perform active learning. Furthermore, we implemented a variety of endpoints supporting pool-

based active learning. These endpoints enable to (a) register feature vectors, (b) register their 

labels when provided by the oracles, (c) retrieve feature vectors that are labelled (for training 

supervised models) or unlabelled (to perform a custom selection among them), (d) retrieve a 

particular feature vector for inspection, and (e) register model predictions for a given feature 

vector. We detail the endpoint requirements in Table 5. 
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Figure 6 Active Learning REST API demo. 

 

Table 5 The table presents a collection of endpoints we implemented for the active learning use case. 

HTTP VERB ENDPOINT REQUEST BODY / QUERY PARAMS 

POST /active-learning-module/feature-vectors {"feature_vector": [0.8, 0.05, 0.05, 0.1], 
"label": -1} 

GET /active-learning-module/feature-vectors-
labeled 

 

GET /active-learning-module/feature-vectors-
unlabeled 

 

GET /active-learning-module/feature-vectors/{id}  

PUT /active-learning-module/feature-
vectors/{id}/{label} 

 

POST /active-learning-module/model-predictions {"feature_vector_id": 2, "model_id": 1, 
"predictions": [0.23, 0.77]} 

GET /active-learning-module/pool-based/random-

sampling/{model_id} 
query parameter: items_count 

GET /active-learning-module/pool-
based/classifier_entropy/{model_id} 

query parameter: items_count 

GET /active-learning-module/pool-
based/classifier_margin/{model_id} 

query parameter: items_count 

GET /active-learning-module/stream-
based/random-sampling 

 

GET /active-learning-module/stream-
based/classifier_entropy 

{"prediction_vector": [0.23, 0.77]} 

GET /active-learning-module/stream-

based/classifier_margin 
{"prediction_vector": [0.23, 0.77]} 
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5 NLP Functionalities 
We began the NLP section of the previous deliverable, detailing how NLP comprises a wide 

spectrum of technologies and research topics, and detailing how we had started research in 

Speech-To-Text (STT) and Text-to-Speech (TTS) technologies, which then evolved into 

conversational agents. In the initial document NLP was encompassed in an architecture for 

active learning systems such as the one detailed in this document and its previous version, 

detailing the sub-architecture for browser-based NLP module. 

In this deliverable, we will detail that evolution, in which we have progressed from the initial 

interaction module to a module based on chatbots and conversational agents. 

 Early proofs of concept 
Early in the project a proof-of-concept (PoC) was presented. In that PoC different voices could 

be evaluated in different browsers and the recognition of various demand forecast related 

sentences could be tested. The implementation helped us to research on grammar and 

grammar-less recognitions and paved the way for the grammar submodule of the Chatbot 

approach, which we are presenting in this section. 

 

Figure 7 Web Speech API Demo 2 
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The image above shows the Web Speech and Interaction demo, developed as part of the 

collaboration between R2M, JSI and Qlector. The top speech Synthesizer part allows the test 

of different voices, while the bottom part was a multilanguage recognition system based on 

grammars related to demand forecasting. 

 

 From STT and TSS to Chatbots 
In the conclusions of the initial version of this deliverable (D4.4), we detailed how we were 

evaluating different possibilities to demonstrate NLP functionality in the project. In addition, 

we studied different possibilities on how NLP can be beneficial for the manufacturing sector. 

Among them, the following cases were considered, as they are mentioned in the book chapter 

Multimodal Human Machine Interactions in Industrial Environments [22] (written in 

collaboration between R2M and University of Cagliari). 

• Process Automation: The use of NLP technologies in the manufacturing process 

allows the automatic processing of information in natural language and the execution 

of repetitive tasks like paperwork and report analysis. 

• Inventory Management:  Analysing data about the stock, sales and user reports of 

certain products is essential to assess the correct decisions for a company to optimise 

and maximise profits. By leveraging NLP technologies, the resulting benefits are: 1) 

the entire process becomes more comprehensive; 2) it is more difficult to incur errors 

related to the analysis of sales; 3) it is easier to analyse the manufactured products 

and discard those with low quality without affecting the supply chain and sales. 

• Emotional Mapping: Sentiment analysis and emotion detection are some of the most 

exciting features of NLP. Early NLP systems allowed organisations to collect speech-

to-text communication without accurately determining its full meaning. NLP 

approaches can sort and understand the nuances and emotions in human voices and 

text, giving organisations unparalleled insight. Learning customer expectations and 

operators' viewpoints is a very important element in manufacturing. NLP technologies 

permit to identify emotions and the polarity of the opinions of customers and operators 

and provide actions to improve products and different processes.  

• Operation Optimisation: NLP technologies can be employed to trace the 

performance of equipment and improve the interaction with machines. This simplifies 

the operation of complex systems and can enable Human Machine Interaction where 

the operator and the machine collaborate in order to optimise processes. 

• Worker Upskilling: Use NLP techniques to enable employees to improve their 

knowledge of their occupation, to detect possible training needs and to receive 

recommendations.  

From the potential use cases in the project, the last one (Worker Upskilling) was a real  case 

of interest for integrating the NLP module, for several reasons: 1) Perfect fit and immediate 

benefits of using NLP; 2) Because the case was general and allowed for post-project 

walkthrough; 3) Because the operating environment did not have the limitations that can be 

found in other use cases (e.g. noisy environments, too simple grammars...). 

For this reason, we focused the integration and development of the proofs of concept in the 

period associated with this deliverable on NLP modules related to chatbots. 
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 Conversational Agents 
Natural Language Processing (NLP) is crucial to perform recommendations of items that can 

be only described by natural language. However, NLP usage within recommendation modules 

is difficult and usually requires a relevant initial effort, thus limiting its widespread adoption. 

To overcome this limitation, we worked on a novel architecture that can be instantiated with 

NLP and Machine Learning (ML) modules to perform recommendations of items that are 

described by natural language features. Furthermore, providing users with an interactive 

agent on a clear user interface in which they can converse, and the fact that the system itself 

knows how to reason about the information that the user is sharing in order to make efficient 

recommendations is also a key element, especially if we want to use the tool in manufacturing 

environments where users do not necessarily have to have a highly technical background. 

 

 

Figure 8 Conversational Agents Module 

 

To implement this, we have developed a module that includes three main functionalities, being 

the NLP Text analyser and the UI, the key elements developed within WP4: 

• NLP Text Analyser: In charge of the text processing and the general logic of the 

conversation and coordination with the rest of the components. 

• Sentence Transformers: Allows us to generate text embeddings and find similarities 

between texts, so we can associate a conversation to a specific occupation, or know 

related areas for recommendations. 

• Recommendation Engine: Engine for recommendations on training materials, which 

makes use of both public databases and information generated in the project to 

recommend courses and other training assets. 
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 Demos and Proof of Concepts 
The image below shows the concept of the Virtual Star Interviewer, a conversational agent 

that can make an analysis of the conversation to compare it with the necessary requirements 

for an occupation and shows recommendations for potential improvements and training 

materials. 

 

Figure 9 NLP Demo: Star Interviewer 

As shown in the image, the chatbot is located at the bottom right of the UI, it can be interacted 

with in a multimodal way (voice and text) and asks a series of questions with which, after 

processing the information received from the user, it can analyse this information with respect 

to an occupation. 

The following image also shows a detail of a chatbot made for another WP5 functionality. This 

particular chatbot is a proof of concept for another conversational interface on occupations 

that allows for a broader dialogue, and even answers questions in Open Domain by making 

use of web search APIs. 
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Figure 10 NLP Demo: Conversational Interface on Occupations 

 

 Integration and future NLP activities 
On the one hand, these conversational interfaces are being used to access the content 

elaborated in the WP5 work package, especially in everything related to Worker Training 

Platforms and Worker Continuous Learning.  

On the other hand, we are seeing how chatbots based on Large Language Models, such as 

ChatGPT are a good option for general conversation, although for specific conversation they 

are still not quite accurate and give dissimilar answers (e.g. the same questions about what 

the main tasks of a robot operator are, give different results in different moments). 

The work related to NLP in WP4 has generated valid demonstrators and materials for its 

integration. This research is being carried out with WP5 and it is intended that the chatbot 

functionality will be included in a section of the public page of the project (WP7/WP8) so that 

anyone interested in AI in manufacturing can test the functionality. 
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6 Conclusions 
In this deliverable we present the recent developments for STAR WP4 task 4.3 Human-Robot 

Interactions for Active Learning. The main development of task 4.3 has been focused on the 

PCL use case, on quality inspection of Phillips manufactured products (Philips Consumer 

Lifestyle BV). Quality control allows companies to verify the products’ conformance to 

requirements and specifications and thus build customer satisfaction and the brand’s 

reputation. 

The work carried out in Task 4.3 proves that active learning can be used to improve the 

classification models continuously by leveraging newly labelled data in the manufacturing 

industry.  

As planned in Task 4.3, deliverable 4.5 presents the advances with respect to Natural 

Language Processing demonstrators, describing the sum-ups the carried NLP activities and 

providing the system prototype for PCL use case.  

The research and development outcomes of Task 4.3 resulted in the preparation of the 

following publications: 

- Active Learning and Novel Model Calibration Measurements for Automated Visual 

Inspection in Manufacturing: 

o Rožanec, J. M., Bizjak, L., Trajkova, E., Zajec, P., Keizer, J., Fortuna, B., Mladenić, 

D. Active Learning and Novel Model Calibration Measurements for Automated 

Visual Inspection in Manufacturing, arXiv:2209.05486, 

https://doi.org/10.48550/arXiv.2209.05486. 

- CHAPTER Active Learning in The future of data mining: 

o Rožanec, J. M., Fortuna, B., Mladenić, D. Active learning. In: BAYTAR, Cem Ufuk 

(ed.). The future of data mining. New York: Nova Science Publishers, 2022. p. 1-

14, ilustr. Research Methodology and Data Analysis. ISBN 979-8-88697-250-4. 

The outcomes of Task 4.3 Human-Robot Interactions for Active Learning are intended to 

influence not only project partners from STAR use cases but become the basis for future 

development of active learning techniques in manufacturing.  
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