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Abstract: A novel approach to enhance Additive Friction Stir Deposition (AFSD) is presented through the
integration of Multimodal Retrieval Augmented Generation (RAG). AFSD which is a solid-state metal additive
manufacturing process characterized by its complexity, necessitating advanced analytical tools. A multimodal
RAG system is implemented, integrating textual, and visual data. The methodology involves text extraction
using LangChain's PyPDFLoader, followed by chunking and embedding generation via Google's Generative
Al model. ChromaDB is utilized for vector storage and efficient information retrieval. The system, powered by
Google's Gemini large language model, demonstrates proficiency in generating detailed explanations of
friction-based deposition processes, identifying manufacturing techniques from visual data, and evaluating
material microstructures. Information from multiple sources is synthesized to produce context-aware
responses. Process control, quality assurance, and decision-making in AFSD are significantly enhanced by this
approach. The system's capabilities are illustrated through the analysis of various friction-based deposition
techniques and microstructure evaluation.

Keywords: additive friction stir deposition; artificial intelligence; multimodal; RAG; additive
manufacturing

1. Introduction

Additive Friction Stir Deposition (AFSD) is a novel solid-state metal additive manufacturing
process that combines friction stir welding and material feeding to provide site-specific, solid-state
deposition. In this method, a solid feed-rod material is given through a hollow rotating tool head,
causing frictional heat at the feed-rod-substrate interface [1-5]. This heat softens the feed material,
which is subsequently deposited on the substrate via extreme plastic deformation and compression.
The process requires high shear strain rates, which cause extra volumetric self-heating. The tool
head's in-plane motion deposits a continuous track of material, which can be built up layer by layer
to form a three-dimensional component [6-8]. AFSD differs significantly from other solid-state
additive manufacturing processes like friction stir welding (FSW) and traditional beam-based
techniques such as powder bed fusion and directed energy deposition. In contrast to FSW, which
mostly depends on a non-consumable pin's stirring action, AFSD employs a consumable feed rod
that is continually fed into the deposition zone. This makes it possible to produce new material and
deposit it onto the substrate. Whereas lateral material flow around a pin occurs in FSW, vertical
interaction between the deposited material and substrate occurs in AFSD. The material flow
properties and geometric configuration of AFSD are altered when a penetrating pin is not present. In
contrast to FSW where the workpieces impose lateral limitations on the stir zone material, the
deposited material in AFSD lays on top of the substrate without mechanical restraint in the lateral
direction [9-15]. AFSD produces high-quality interfaces with excellent mechanical properties in the
as-deposited state. This contrasts with beam-based additive manufacturing technologies, which often
result in anisotropic mechanical behavior due to weak interfacial bonding. AFSD can achieve isotropic
mechanical properties, comparable tensile or compressive strength in both in-plane and out-of-plane
directions, and high-quality interfaces that withstand significant bending without delamination.

Materials science and additive manufacturing (AM) could undergo a radical transformation
because to generative Al's capacity to discover patterns, create original designs, and streamline
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intricate procedures. Vast design spaces can be explored by generative Al algorithms, which can then
produce optimal structures that minimize material consumption and production time while meeting
set performance standards. This could result in the creation of components with complex geometries
that are lightweight, highly durable, and could not have been produced using conventional
techniques. The development of novel materials with specific qualities can be sped up with the help
of generative Al. Al algorithms may find viable candidates and forecast their performance under
different conditions by analyzing massive databases of material compositions and properties [16-21].
This greatly reduces the time and expense associated with traditional trial-and-error methods.

Building on the unique capabilities of Additive Friction Stir Deposition (AFSD), incorporating
Multimodal Retrieval Augmented Generation (RAG) into this process provides a significant
technological advancement. The complexity and multidimensional nature of AFSD necessitates such
an integration, as a diverse range of data types—including textual descriptions, high-resolution
images, and audio signals—play critical roles in process optimization, monitoring, and quality
assurance. Traditional data analysis tools are frequently limited in their ability to handle such
heterogeneous data, resulting in inadequate process understanding and control. By using a
multimodal RAG framework, it is feasible to smoothly integrate these many data modalities,
improving the retrieval and creation of information pertinent to the AFSD process. The
implementation of multimodal RAG in AFSD is critical for a variety of reasons. For first of all, it
allows for more thorough and accurate data retrieval, combining information from numerous sources
to create a more complete context for decision-making. Textual data on material qualities and
deposition parameters, for example, can be coupled with visual data from in-situ imaging and
acoustic signals generated during the deposition process. This holistic approach enables more precise
identification of optimal process parameters, resulting in better material characteristics and
component performance. Furthermore, integrating multimodal data aids in the detection and mitigation
of potential errors in real time, considerably improving the AFSD process's reliability and efficiency.

The capacity to produce extensive, context-aware explanations and responses using multimodal
RAG is extremely useful for both operators and researchers. It promotes knowledge sharing and
innovation while also allowing for a better understanding of the intricate mechanisms at work in
AFSD. For example, operators can obtain real-time insights and actionable recommendations based
on the most recent research and historical data, shortening the learning curve and lowering the
chance of errors. Researchers, on the other hand, can use the synthesized data to investigate new
applications and improve existing procedures, resulting in additional progress in the field of solid-
state additive manufacturing.

2. Problem Statement

The integration and successful use of multimodal data, especially text and images, is a significant
problem in the field of Additive Friction Stir Deposition (AFSD). Current approaches frequently fall
short of effectively evaluating and utilizing these different data sources, resulting in restricted process
understanding and analysis capabilities. To improve understanding and potential applications of the
AFSD process, a new framework capable of efficiently integrating and analysing multimodal data is
required. The goal of this work is to create a Multimodal Retrieval-Augmented Generation (RAG)
system that is specifically designed for AFSD. The suggested system will retrieve and synthesize
essential information from several data sources, resulting in greater insights and more thorough
descriptions of process mechanisms. By utilizing advanced Al approaches, this system is intended to
significantly increase our capacity to comprehend complicated AFSD data, provide thorough process
descriptions, and detect critical properties of manufactured components. Finally, the adoption of this
multimodal RAG system is expected to improve our understanding of AFSD, possibly leading to
future advances in process control and material science applications.
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3. Methodology

Figure 1 depicts the methodology employed in the present work. The initial phase of the
methodology involved the acquisition and preprocessing of textual and image data pertinent to
Additive Friction Stir Deposition (AFSD). Textual data was extracted from relevant PDF documents
using the PyPDFLoader module from LangChain, which efficiently parsed and split the documents
into manageable chunks. Each chunk was subjected to a recursive character text splitter, ensuring
optimal size for subsequent processing by the language models. The extracted images were loaded
and processed using the Python Imaging Library (PIL), facilitating the integration of visual data into
the analysis pipeline.

Data Acquisition and
Preprocessing

Multimodal Retrieval-Augmented
Generation (RAG)

Semantic Embedding Generation
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chunks using the PyPDFLoader module creating high-dimensionalvector provide acomprehensiveunderstanding
fromLangChain. representations ofthe textual chunks. ofthe AFSD process.
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Figure 1. The figure illustrates the comprehensive workflow employed to analyze and interpret data
related to Additive Friction Stir Deposition (AFSD).

The Google Generative Al Embeddings model was utilized to facilitate the efficient retrieval of
pertinent information. This model captured semantic similarities between various text segments by
creating high-dimensional vector representations of the textual chunks. The Chroma vector storage
was then used to index the embeddings, making it possible to efficiently retrieve contextually
relevant data. To make sure the system used the most relevant data available, the vector store was
set up to return the top five most relevant chunks for any given query.

A multimodal RAG technique was used to produce complete responses to complicated queries.
This method coupled textual embeddings with visual analytic tools to provide a comprehensive
knowledge of the AFSD process. The system was built around Google's Gemini large language model
(LLM), which was designed to accommodate both textual and visual inputs. The LLM was prompted
with specific instructions to develop explanations and insights based on the acquired text chunks and
supporting visuals.

To demonstrate the system's capabilities, a complex query on the many forms of friction-based
deposition processes and their differentiating properties was asked. This query was processed by the
retrieval-augmented generation pipeline, which first extracted the most relevant textual chunks from
the indexed vector storage. The Gemini LLM then synthesized this data, producing a detailed and
coherent response that highlighted the differences between various friction-based deposition
techniques, such as Friction Surface Deposition Additive Manufacturing (FSD-AM), Friction
Extrusion Additive Manufacturing (FEAM), and Additive Friction Stir Deposition (AFSD).
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4. Results and Discussion

Multimodal data is information that is gathered from various sources or modalities. These
modalities may include text, graphics, audio, video, sensor readings, and so on. The combination of
these many types of data enables richer and more thorough insights, which can be especially valuable
in domains such as artificial intelligence, machine learning, and data analytics. Multimodal data can
be represented as a collection of data from various modalities. Suppose we have M different
modalities, the data from each modality m can be represented as X,,. So, the entire multimodal
dataset can be represented as shown in Equation (1).

X = {Xl!XZ’XSI ........XM} (1)

where X; could be text data represented by a matrix of word embeddings, X, could be image data

as a matrix of pixel values, X; could be audio data in the form of a spectrogram.

The features are extracted from each modality in order to process the multimodal data. Let F,
be the feature matrix for the m — th modality as shown in Equation (2).

En = fn(Xm) ()

where f,, is the feature extraction function for modality m. These extracted features can then be used
for further processing and analysis.

These extracted features from different modalities can be combined with the help of two
common methods i.e. early fusion and late fusion. In early fusion method features from different
modalities are concatenated into a single feature vector as shown in Equation (3).

Ffusion = [FI' Fz, F3, TR 'FM] (3)

where Frusion Tepresents the concatenated feature vector.

In late fusion method each modality is processed separately to produce modality-specific
outputs, which are then combined to give the output from the modality m i.e. y, shown in
Equation (4).

Ym = Gm(F) 4)

where g, is the processing function for modality m. The final output as shown in Figure 2 is
obtained by combining the outputs y,, shown in Equation (5).

Yeusion = R(V1, Y25 Y30 wovoves Y1) (5)

where h is the function that combines the modality-specific outputs.

Retrieval-Augmented Generation (RAG) is an effective approach for increasing the quality and
relevance of generated content by exploiting multimodal data. RAG can provide richer and more
contextually appropriate responses by using a variety of data modalities such as text, graphics, and
audio. The combination of retrieval and production in RAG is especially effective when it can access
and analyze multimodal data sources, allowing for a more comprehensive comprehension and
exploitation of the available information.

The retrieval component of RAG is intended to search a huge corpus for relevant documents
based on an input query as shown in Figure 3. When broadened to multimodal data, the retriever can
access more than simply text.

The retriever component of RAG can find relevant text documents Dy, images Dimqges, and
audio clips Dgy 4 foragivenquery q. The probability of retrieving a document d; for a given query
q is denoted by Equation (6).

P(d;lq) = score(d;,q) (6)

This scoring equation can be modified to handle multimodal data by taking into account the
significance of various modalities, as illustrated in Equation (7).
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P(dilq) =X, Scoretext(dir CI) + ﬁ Scoreimage(dir CI) + Y.Scorequdio (di: Q) (7)

where «,8,and y are weights that balance the contribution of each modality's relevance score.
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Figure 2. This figure shows the process of feature extraction and fusion in multimodal data analysis.
The raw data from different modalities, such as text, image, and audio, are first preprocessed and then
transformed into feature representations. These features are then combined using early or late fusion
techniques to create a unified representation that can be used for further analysis and modeling.

The generator component of the RAG synthesizes the information retrieved from the relevant
multimodal documents to generate a coherent and contextually enriched response. The generator
considers the input query g and the set of retrieved documents D = {dtext, dimage,daudio}- The
likelihood of generating response y given the query q and the retrieved documents D can be
denoted by using Equation (8) and in case of multimodal data this equation can be expanded to
Equation (9).

P(ylq,D) = X, P(ylq,d)P(d;, q) 8)

P()’lq' D) = {'(=1 P(qu' dtext)P(dtext' Q) + P(qu' dimage)P(dimage: q) + P(qu' daudio)P(daudio' CI) (9)
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Figure 3. This figure shows the process of retrieval-augmented generation (RAG) for multimodal
data. The retriever component searches a large corpus of multimodal data for relevant documents
based on an input query. The generator component then synthesizes the information retrieved from
the relevant documents to generate a coherent and contextually enriched response.

Figure 4 illustrates how features from an input image are extracted and compared to learnt
patterns for different processes in order to determine which additive manufacturing technique was
used to construct an object. The procedure with the greatest score is the most likely to be applied,
according to the model, which determines similarity scores between the learned characteristics and
the picture features for each step. This methodology showcases the potential of multimodal data
analysis in enhancing and automating the identification of manufacturing processes.
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Figure 4. This figure shows the process of using multimodal data to identify the additive
manufacturing process used to create an object. The model extracts features from the input image and

compares them to learned patterns for various additive manufacturing processes. The process with

the highest similarity score is then selected as the most likely process used to create the object.
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As demonstrated in Figure 5, the process of producing comprehensive explanations for various
friction-based deposition processes include segmenting the input text, converting it into vector
representations, and generating a vector index for effective retrieval. When the system receives a
query, it searches the index for pertinent chunks and uses a language model to process them in order to
provide a thorough response. This method ensures that the generated explanations are both contextually
appropriate and instructive by combining the best aspects of retrieval and generative models.

Friction Surface Deposition Additive Manufacturing (FSD-AM)

*+ Utilizes metalrods as feedstock.
* Rods are fixed to the spindle and undergo plastic deformation due to heat generated
by friction stirring.
* Plasticized material is layered onto the substrate to form an additive component.
* Unconstrained expansion in both radial and axial directions, leading to curled edges
around the rod.
Friction Extrusion Additive Manufacturing (FEAM)

CRITICAL REVIEW ®

Additive friction stir deposition: a review on processes, parameters,
characteristics, and applications

= Employs metalrod as ingredients.

* Before deposition, the raw metal is transformed into a plastic state through friction
with the rotating die, driven by axial force.

* Plasticized metal is extruded from the die outlet and fills the gap between the
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* Greatercontrol over material flow and forming morphology compared to FSD-AM.
* No poorly bonded layerformation as in FEAM.
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Figure 5. This figure shows the process of using multimodal data to generate detailed explanations of
different types of friction-based deposition processes.

The input image is represented as the matrix of pixel values denoted by I. The model extracts
features from this image using a series of mathematical operations. For example, to detect edges (an
important feature in distinguishing the tool and substrate), it may utilize a convolution operation
with a kernel (filter) optimized to highlight edges as depicted in Equation (10).

Fedges =1x* Kedges (10)

where Feq4e is the resulting feature map highlighting edges, * denotes the convolution operation,
and K,qg4.5 is the edge detection kernel.

The extracted features are then compared to learned patterns for various additive manufacturing
processes. This can be represented as a similarity score calculation shown in Equation (11).

Sscore = SimilaritY(Fimage,Fprocess) (11)

where Sgc,e is the similarity score between the image features Fi;,q5 and the features learned for
AFSD i.e. Fyrcess- The model compares the similarity scores for different processes and chooses the
one with the highest score.

The mechanism for generating detailed explanations of different types of friction-based
deposition processes involves several key steps. Initially, the input text is split into manageable
chunks using a text splitting method that ensures some overlap between the chunks. This overlap
prevents the loss of critical information at the boundaries. Each chunk is then transformed into a
vector representation, known as an embedding, using a pre-trained Google Generative Al model.
These embeddings are utilized to create a vector index, which facilitates the efficient retrieval of
relevant text chunks based on a given query. When a query is submitted, the system retrieves the
most relevant chunks from the vector index as shown In Figure 6. This retrieval phase guarantees
that only the most relevant information is evaluated when generating the response. The next step is
to use a language model to process the retrieved text chunks and produce a thorough response to the
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query. The system's use of efficient retrieval and enhanced language creation allows it to deliver
detailed and precise explanations, such as a comparison of several friction-based deposition
processes, highlighting their distinct mechanisms and differences. This strategy assures that the
generated responses are both informative and contextually relevant, by combining the strengths of
retrieval and generative models.
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Figure 6. The input query is first processed by a retriever, which retrieves relevant documents from a
large corpus of multimodal data. The retrieved documents are then processed by a generator, which
generates a response to the query based on the information in the retrieved documents.

Figure 7 illustrates how text and image analysis are used to assess the material microstructures
created by additive manufacturing. While text analysis processes information on process parameters
and material qualities, image analysis extracts features such grain size and shape. Through the
integration of these collected features and data, a thorough assessment of the microstructure is
produced, encompassing its attributes, flaws, and possible consequences for performance. This
methodology exemplifies the ability of multimodal data analysis to offer a more profound
comprehension of material qualities and how they relate to production procedures.

This is particularly evident in the system's capacity to generate thorough explanations of various
friction-based deposition processes and identify production strategies using visual data. The use of
multimodal analysis to material microstructure evaluation demonstrates the value of merging textual
and visual data to gain deeper insights. This integrated approach not only improves process control
and quality assurance, but it also provides new opportunities for innovation in solid-state additive
manufacturing. The multimodal RAG system, as shown in the numerous figures and mathematical
representations, provides a strong foundation for decision-making, defect identification, and process
optimization in AFSD. This technology has the potential to accelerate advances in materials science
and additive manufacturing, resulting in the discovery of innovative materials and more efficient
manufacturing methods.
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Additive friction stir deposition of SS316:
Effect of process parameters on
microstructure evolution

The effect of process parameters on microstructure evolution in additive friction stir

deposition (AFSD) of 5316 was studied. The study found that the microstructure of

the AFSD-deposited SS316 was affi d by the toolrotational rate and tool traverse
[process parameters on microstructure evolution. Materials speed. Higher tool rotational ratesresulted in larger grain sizes, while higher tool

\ Characterization, 195, p.112470 [24]. 7 traverse speeds resulted in smallergrain sizes. The study also found that the AFSD
R = EJ> process resulted in the formation of a necklace-type microstructure, which was

Agrawal, P., Haridas, R.S., Yadav, 5., Thapliyal, S., Dhal, A. and
Mishra, R.S., 2023. Additive friction stir deposition of SS316: Effect of

attributed to discontinuous dynamic recrystallization during processing. The
recrystallization kinetics of the AFSD SS316 was characterized using the Johnson-
Mehl-Avarami-Kolmogorov (JMAK) model. The study found that the recrystallization
kinetics of the AFSD $S316 was inconsistent, which was attributed to the deformation-
thermal cycling during the AFSD process.

s Discuss about the effect of process parameterson
= microstructure evolution in detail.
(=4

Figure 7. This figure shows the process of using multimodal data, including images and text, to evaluate
the microstructure of a material produced by additive manufacturing. The image analysis component
extracts features from the input image, such as grain size and shape. The text analysis component processes
relevant textual information, such as process parameters and material properties. The extracted features
and information are then combined to generate a comprehensive evaluation of the microstructure,
including its quality, defects, and potential performance implications.

5. Conclusions

This study highlighted the tremendous potential for incorporating Multimodal Retrieval
Augmented Generation (RAG) into the Additive Friction Stir Deposition (AFSD) process. We have
generated a more comprehensive and complex understanding of AFSD by combining many data
modalities, such as text, and images. The multimodal approach has proven particularly effective in
generating detailed explanations of various friction-based deposition processes and in identifying
specific manufacturing techniques from visual data. This capability not only enhances process control
and quality assurance but also provides valuable insights for researchers and operators in the field
of solid-state additive manufacturing. Implementing the multimodal RAG system for real-time
monitoring and adjustment of AFSD parameters could significantly improve process consistency and
output quality. Incorporating additional data types, such as thermal imaging or acoustic emissions,
could provide even richer insights into the AFSD process.
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