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The novel framework, Sim2Know, tackles two major challenges in adaptively designing and informing a
human-centric knowledge system: the lack of labeled real-world training data and the difficulty of capturing
implicit knowledge. First, a digital twin demonstrator is developed to generate high-quality synthetic training
data. Next, we propose a hybrid training approach that combines transfer learning from pre-trained self-
supervised models with synthetic data augmentation, achieving a precision rate of 90.31 % in identifying 11
essential human action patterns in metal additive manufacturing. Finally, the human-centric knowledge sys-

tem is designed to capture implicit knowledge through contextualizing human machine interaction beyond

explicit domain knowledge.

© 2025 The Author(s). Published by Elsevier Ltd on behalf of CIRP. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction

In the evolution towards Industry 5.0, manufacturing paradigms
are undergoing a co-evolution, integrating data-driven intelligence
with human-centered approaches [1]. This transition prioritizes the
“human in the loop” approach which will benefit both non-expert
and expert training [2]. However, one significant challenge in devel-
oping high-fidelity mixed reality (MR) training for manufacturing lies
in creating accurate and robust adaptive knowledge systems. These
systems must effectively capture both explicit and implicit knowl-
edge using advanced artificial intelligence (Al) techniques, particu-
larly through large multimodal models (LMMs) and physics-
informed machine learning [3]. However, implicit knowledge is very
difficult to capture and articulate through an experienced human,
while explicit knowledge can be easily expressed through knowledge
graphs (KGs) [4]. To address the challenge, a human-centric knowl-
edge informed approach offers promising solutions for applications
such as process control [5], novice training [6], safety and quality
assurance [7], and to expand human skills in MR training.

Within the evolving landscape of a human-centric knowledge
informed approach, human action recognition in task has emerged as
a promising method to capture implicit knowledge through cross-
modal collaborative learning [8]. This approach combines advanced
sensor systems with machine learning algorithms to accurately inter-
pret human movements, enabling more natural, productive and
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efficient human-machine interaction (HMI) [9]. In manufacturing
environments, action recognition systems have demonstrated signifi-
cant benefits across multiple applications. For example, Mehta et al.
[10], developed systems for detecting worker deviations from stan-
dard operating procedures, enhancing quality control and safety.
Additionally, Yan et al. [11], implemented automated action recogni-
tion in standardized manufacturing workshops to verify operational
compliance and timing accuracy.

The new paradigm of digital twin (DT) goes beyond simple virtual
modeling to a more dynamic and interactive representation of physi-
cal systems, which could offer the service to collect data, evaluate, fill
gaps, and share it with relevant models [12]. To leverage action rec-
ognition systems to inform human-centric knowledge system, the
first major challenge involves dataset development and model train-
ing. Traditional approaches rely heavily on real-world data collection,
which is both time-consuming and resource intensive. Moreover, the
supervised learning paradigm requires extensive manual annotation,
limiting model generalization and necessitating retraining for new
applications. The second challenge concerns the implicit knowledge
extraction and its integration with explicit knowledge. Currently the
explicit knowledge in MR training heavily relies on limited operation
documentations such as user manuals, tutorials, and guides, while
most of the implicit knowledge can only be captured through human
practices and tasks, limiting their ability to provide contextualized
guidance and adapt to diverse operational scenarios.

To address these two challenges, we propose an innovative frame-
work, Sim2Know, to dynamically, interactively and adaptively design
and inform the human-centric knowledge system by bridging
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simulation and real-world insights through three key approaches: DT
system for synthetic data generation, pre-trained self-supervised
models for action recognition, and multimodal KGs to capture both
explicit and implicit knowledge. Using metal additive manufacturing
(AM) as a case study, we investigate the feasibility of DT-based syn-
thetic data generation for training action recognition models, develop
an efficient hybrid training paradigm combining pre-trained self-
supervised learning models with synthetic data, and demonstrate
how KG integration provides context-aware expert guidance. This
comprehensive approach significantly reduces dependency on real-
world datasets, while maintaining high recognition accuracy, estab-
lishing a framework adaptable to broader manufacturing applica-
tions.

2. Methodology

As illustrated in Fig. 1, the Sim2Know framework proposed in this
paper includes three stages: dataset construction process, action rec-
ognition model training, and human-centric knowledge system. In
the dataset construction stage, synthetic data is collected through
interactive DT, combined with practical data collected from real oper-
ations. In the model training stage, preprocessed data from synthetic
motions are used to train the action recognition model. During this
training process, the pre-trained model is frozen and used to extract
motion features from the input synthetic data. The predicted action
will be considered as the input of the KG to provide more contextual
information for decision-support during the practical operations.
This further explores the action recognition results, provides more
domain-knowledge, and facilitates HML
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Fig. 1. An overview of the proposed Sim2Know framework. Three key contributions
include synthetic data generation though digital twins (DT), action recognition training
and in-depth knowledge providence through a knowledge graph (KG).

2.1. Dataset construction process

The dataset construction process is divided into three steps: skele-
ton-action binding, action simulation through DT integration, and
synthetic data creation.

In the first step, skeleton data are extracted from human motion
videos and imported into Blender for precise binding to virtual char-
acter models. This ensures that the virtual model accurately repli-
cates human actions.

The second step focuses on developing an interactive DT environ-
ment for metal AM processes using NVIDIA’s Omniverse platform.
We created a high-fidelity virtual representation by integrating a
laser powder bed fusion machine Renishaw AM400 model with an
interactive virtual operator, enabling comprehensive simulation of
real-world manufacturing operations. The DT leverages GPU-acceler-
ated simulation to enable rapid validation and synthetic data genera-
tion. In process validation, our DT environment simulates complex
safety protocols and system checks that traditionally require manual
verification. By running these precheck procedures in parallel
through the GPU-accelerated simulation, we reduce the time from
20 min to approximately 1 min per operation. Similarly, our DT-
based synthetic data generation pipeline circumvents the physical
constraints and safety considerations that typically slow down real-
world operational data collection. This virtual environment allows us

to compress what would normally be a 30-hour data collection pro-
cess into just 3 h, achieving a 90 % reduction in time while maintain-
ing data quality standards.

To enhance dataset diversity, the simulation parameters are sys-
tematically varied. Camera configurations are randomized across
three dimensions: focal length, position, and viewing angles. These
variations ensure comprehensive coverage of operational viewpoints
while maintaining clear visibility of critical actions. The simulations
capture both first-person and third-person perspectives, with each
synthetic video sequence lasting 2—3 s at 60 frames per second.

Real-world videos are also collected to complement the synthetic
data, creating a comprehensive dataset that includes 11 key AM oper-
ations, indexed from O to 10: clean build plate (0), clean recoater (1),
insert build plate screw (2), measure build plate thickness (3), open
process chamber (4), operate valves (5), build plate installation (6),
recoater installation (7), press reset button (8), press emergency stop
button (9), and wipe laser window (10). These 11 actions were
selected as they represent key tasks in the metal AM workflow,
including preparation, operation, and maintenance, which can influ-
ence process efficiency, machine reliability, and print quality. The
complete dataset comprises 4400 synthetic videos supplemented by
560 real-operation videos, providing a balanced distribution of each
operation class. An image dataset is also derived by extracting the
central frame from each video. This dataset construction pipeline lev-
erages DT to efficiently generate high-quality, diverse synthetic data.
It effectively addresses the challenges of acquiring large-scale real-
world datasets while maintaining operational fidelity and visual
diversity.

2.2. Action recognition model training

The model training consists of two phases: using the pre-trained
V-JEPA model [13] for feature extraction and training downstream
classifiers for action recognition, illustrated in Fig. 2. V-JEPA employs
a self-supervised learning framework that learns visual representa-
tions from vast amounts of videos. Its architecture consists of an
encoder E,(-) that maps input sequences x and y into feature repre-
sentations sy and sy, and a predictor P,(-) that estimates s, from sy,
guided by the spatio-temporal transformation Ay. The training objec-
tive is defined as:

l’lglb)rl 1Py (Eo(x), Ay) — sg(Es W),

Where sg (-) is a stop-gradient operation to prevent trivial solutions
and ensure stable learning, and || - ||, represents the L1 norm used for
computing the prediction loss.

During the pretraining phase, V-JEPA masks large spatiotemporal
blocks of video data to create (x,y) pairs. This approach forces the
model to learn robust, context-aware feature representations rather
than focusing on low-level pixel similarities. The architecture imple-
ments vision transformers (ViTs) for encoding and prediction tasks in
latent space, enabling the extraction of hierarchical visual represen-
tations that capture spatial and temporal dependencies.

We implemented an attention-based classifier for downstream
action recognition that builds upon the frozen pre-trained V-JEPA

Cross Attention Module

Synthetic Data

Linear Layer

Fig. 2. Training paradigm of the proposed method. The frozen V-JEPA model is used to
extract features from the synthetic dataset, and the final classification is performed
through a linear projection layer.
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weights, as depicted in [13]. The classifier has two main components:
an attentive pooler and a linear classification head. The attentive
pooler employs learnable query tokens and cross-attention mecha-
nisms to aggregate spatiotemporal information from V-JEPA’s feature
representations. The architecture follows a transformer-based design
with specific configurations (embedding dimension = 768, number of
attention heads = 12, MLP ratio = 4.0) and incorporates weight rescal-
ing to ensure stable gradient propagation during training. This design
efficiently processes V-JEPA’s pre-trained representations while
maintaining computational feasibility for video and image-based
action recognition tasks.

2.3. Human-centric knowledge system

The action recognition system interfaces with a structured and
multi-modal KG developed in our prior research to provide contextu-
ally relevant user guidance. This KG is a comprehensive repository of
domain-specific knowledge, systematically organizing information
extracted from machine user guides, including operational proce-
dures, equipment specifications, and maintenance protocols. Further-
more, the KG is enhanced with a visual guidance component that
retrieves implicit knowledge and presents relevant instructional
images corresponding to specific operations and procedures.

The knowledge retrieval process implements a two-stage
approach to generating user guidance. The system employs a seman-
tic mapping algorithm in the first stage to transform recognized
actions into natural language queries. These queries are then proc-
essed using a retrieval augmented generation (RAG) technique to
extract relevant information from the KG entities and the original
user guides. In the second stage, the system utilizes GPT-4 to process
the retrieved content, incorporating domain-specific knowledge to
generate coherent and contextually appropriate responses.

The system’s capability can be illustrated through a practical
example: when it recognizes an action such as "build plate installa-
tion in the AM400 printer process chamber,” it automatically gener-
ates contextually relevant queries about procedural details, safety
precautions, and operational requirements. These queries extract
comprehensive information from the KG, ensuring that users receive
relevant expert guidance for their specific operational context. The
generated questions can range from basic operational inquiries to
specific safety-critical considerations, providing a systematic
approach to accessing context-aware expert guidance.

3. Experimental evaluation
3.1. Action recognition model

We comprehensively evaluated image- and video-based action
classifiers using varying real and synthetic training data proportions.
The real data ratio was systematically adjusted from 5 % to 30 %in 5 %
increments, with the remaining data allocated to the test set. This
design led to six unique training configurations, enabling us to evalu-
ate the effects of real data scarcity and the effectiveness of synthetic
data in improving model performance. All images and videos under-
went standardized preprocessing at two resolution settings: 3842
and 2242 pixels.

Model performance was evaluated using precision, recall, and F1-
score metrics against a consistent test set of real data. The experi-
mental results, detailed in Table 1, demonstrate that video-based
models perform better than image-based approaches. The highest
action recognition precision of 90.31 % was achieved using a training
dataset comprising 30 % real video data supplemented with synthetic
data at 3842 resolution, followed closely by 89.82 % at 224 resolu-
tion. Notably, even with only 5 % real video data (28 videos), the
model achieves a relatively satisfactory precision of 68.11 % at 224°
resolution, despite the complex backgrounds in manufacturing
scenes. This result validates the effectiveness of synthetic data in
compensating for limited real-world data availability.

Our analysis reveals two key findings regarding resolution impact
and modality choice. First, increasing resolution does not consistently

Table 1

Precision results under two resolution settings, comparing train-
ing performance using video and image data with varying ratios

of real data in the training dataset.

3842 224?

Real dataratio  Video Image Video Image

5% 6541%  41.65% 68.11%  46.34%
10% 74.85% 55.84 % 73.66 % 56.04 %
15% 76.31% 62.05 % 79.04%  62.89%
20% 84.60 % 63.70 % 77.95%  66.59 %
25% 87.83% 70.78 % 87.62%  71.02%
30% 9031% 7226% 89.82% 69.97%
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(The best-performing results are highlighted in bold).

improve performance, suggesting that while higher resolutions pro-
vide more granular information, they may compromise the model’s
ability to capture global action patterns. Second, video-based models
consistently outperform image-based approaches across all configu-
rations, which is attributable to video’s inherent capability to capture
spatiotemporal information that better aligns with the sequential
nature of actions.

Fig. 3 presents the confusion matrices for the four best-perform-
ing configurations, where the diagonal values represent the propor-
tion of correctly classified instances for each class, and the off-
diagonal values indicate the proportion of misclassifications. The
matrices reveal consistent misclassification errors between physically
proximate actions, particularly in the confusion between pressing the
reset button (class 8 with an average recall of 0.72) and the emer-
gency stop button (class 9 with an average recall of 0.56). This pattern
suggests limitations in the model’s ability to distinguish actions per-
formed on closely positioned interface elements. The image-based
models at both resolutions exhibit significant confusion between
cleaning the build plate (class 0 with an average recall of 0.68) and
cleaning the recoater (class 1 with an average recall of 0.72) actions.
This misclassification is less prominent in video-based models, indi-
cating that static images alone cannot capture the distinctive charac-
teristics of these cleaning actions. In these cases, the superior
performance of video-based models demonstrates the importance of
temporal information in disambiguating visually similar metal AM
operations.

To establish a baseline and assess synthetic data’s impact, we con-
ducted parallel training experiments using limited real data
(5 %—10 % in 5 % increments), without supplementing it with syn-
thetic data. The F1 score was the primary evaluation metric for quan-
tifying synthetic data’s contribution to model performance.
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Fig. 3. Confusion matrices showing action recognition performance across different
training configurations (index from 0~10 refers to 11 actions). (a) video dataset at
3842, (b) video dataset at 2242, (c) image dataset at 3842, and (d) image dataset at
2242,
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As depicted in Fig. 4, synthetic data significantly enhances action
recognition performance across all experimental configurations. The
most substantial improvement is observed in image-based recogni-
tion, where synthetic data augmentation increases the F1 score from
2.1 % to 55.54 % at 3842 resolution with 10 % real data (a 53.44 %
improvement), compared to the video modality’s improvement from
62.79 % to 74.19 % (an 11.4 % increase). Video modality consistently
outperforms image-based recognition, achieving a peak F1 score of
74.91 % at 2242 resolution compared to 57.25 % for image modality,
demonstrating video’s superior capability in capturing temporal
dynamics of operational procedures. Notably, models trained with
10 % real data plus synthetic data consistently outperform those
trained with 5 % real data alone across both modalities and resolu-
tions, indicating synthetic data’s effectiveness in compensating for
limited real training data. The consistent performance improvement
across various resolutions demonstrates that synthetic data augmen-
tation effectively enhances action recognition in low-data industrial
environments, particularly in metal AM, leading to more reliable
knowledge-based guidance and operational support.

Co%
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80% - p%

[ 5% (no synthetic)

1 7491%
70.21%

o 653%
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\
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Fig. 4. Performance comparison (F1 scores) across training configurations with varying
real data ratios (5 %—10 %) with and without the integration of synthetic data.

3.2. Knowledge graphs for expert guidance

The system utilizes KGs to transform recognized actions into com-
prehensive expert guidance through question generation. The KG
maps interconnections between various entities, enabling more con-
textually relevant responses. Powered by GPT-4 (or customizable
alternatives), the system generates in-depth questions covering mul-
tiple aspects of each action, including procedural steps, equipment
requirements, safety precautions, and maintenance guidelines. For
instance, when the recognized action is "install the build plate," it
generates contextually relevant questions such as "Is there a specific
orientation required for the build plate?” and "What software set-
tings need to be configured after installing the build plate?"

The system generates responses through a multistep process:
first, it embeds text and images into high-dimensional vector repre-
sentations, then retrieves contextually relevant information using
cosine similarity measurements. This retrieved information serves as
a grounding context for GPT-4's response generation. Using vector-
based retrieval, the system produces comprehensive answers incor-
porating precise textual explanations and relevant reference images,
ensuring thorough coverage of all critical task aspects while main-
taining semantic coherence. Implicit expert knowledge can be inte-
grated into KGs through demonstrations or interactions, structuring
their guidance into new entities for better knowledge representation.
Table 2 showcases qualitative results highlighting the system’s ability
to deliver expert-level guidance using the domain-specific KG It also
demonstrates an adaptive approach to incorporating an expert’s
implicit knowledge as input.

We conducted a user survey to assess the system’s usability, accu-
racy, and effectiveness in metal AM, with 15 participants ranging from
students to engineers with 3 varying experience levels. The results
indicated that users generally found the KG recommendations, image

Table 2

An intuitive illustration of the usage of the multimodal knowledge graph (KG) to pro-
vide in-depth guidance and integrate implicit knowledge from human experts as new
nodes within the KG.

Prediction Question Answer (The average response time is 5 s)
Build plate Is a specific build  The build plate can be
installation plate orienta- installed in four posi- \

tion required? tions, but a shallow blind !&é
hole marks the front for — ‘*'
correct orientation, ¢

ensuring proper installa-

tion to prevent damage

to the AM400 system'’s z-

axis.

Measure build Why is measuring This operation ensures the

plate thickness build plate correct thickness value is
thickness input into the control
required? panel before final fixing.

An incorrect thickness
value can damage the
system or cause process
inconsistency.

Clean build plate  What concentra-  (By expert) The build plate
tion is ideal for should be cleaned with
cleaning the 99 % isopropyl alcohol.
build plate? This concentration pro-

vides optimal cleaning
effectiveness while main- S P g o
taining quick evaporation !

and minimal residue.

helpfulness, and system intuitiveness satisfactory, though response
speed required improvement [14]. Key feature requests, including
real-time interaction, detailed text descriptions, and higher-resolu-
tion images, highlighted the need for enhanced clarity and user
engagement.

4. Conclusion

The novelty of Sim2Know framework is bidirectional nature of
human-centric knowledge transfer by synergizing DT generated syn-
thetic data and hybrid Al training model to inform dynamic and
adaptive knowledge system, which enables capturing the implicit
knowledge from performing tasks by the experts or skilled operators
in both digital and physical manufacturing environments. The suc-
cessful implementation in the case study of metal AM, particularly in
reducing the dependency on extensive real-world data collection and
removing the barriers of capturing implicit knowledge, suggests
promising applications across various advanced manufacturing
domains where data acquisition is costly, hazardous, or impractical.
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