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It is challenging to formulate complex physical phenomena that occur in a manufacturing process, particularly
when the available data are limited, rendering conventional data-driven approaches ineffective. This study aims
to predict humping onset in high-speed laser welding by introducing a novel framework, namely text-to-
equations generative pre-trained transformer (T2EGPT). This method leverages the capabilities of large lan-
guage models (LLMs), in combination with sparse experimental data and enriched literature data, to derive an
interpretable and generalizable equation for predicting humping initiation. By capturing key correlations among
physical parameters, T2EGPT generates a compact and dimensionless expression that accurately predicts hump
formation. The equation reveals that humping arises from the interplay between inertia-driven backward melt
flow and capillary-driven surface stabilization, where inertial forces drive molten metal backward and capillary
forces resist surface deformation. Compared to traditional data-driven models, T2EGPT demonstrates enhanced
predictive accuracy and cross-material transferability. More broadly, this study highlights the potential of LLMs
to integrate textual information with data-driven discovery, enabling the extraction of physical laws in data-
scarce scientific domains.

1. Introduction the simulation results presented in Fig. 1d, which confirm rearward

molten flow inside the keyhole-shaped pool, driven by recoil pressure

Humping is a major defect in both fusion-based welding and additive
manufacturing [1]. It typically arises when the welding or scanning
speed surpasses a critical threshold. Humping directly limits the
maximum welding speed, thereby constraining the overall productivity.
Several studies have investigated the mechanisms behind humping,
tracing its origins to hydrodynamic instabilities within the molten pool.
Fig. 1 illustrates an example of humps in high-speed laser welding of
stainless steel [2]. Surface humps form periodically at elevated speeds
(Fig. 1a), and cross-sections reveal internal hump structures (Fig. 1b). At
a low speed and power (0.33 m/s, 102 W), the weld surface remains
smooth, however, increasing the speed to 1.42 m/s (348 W) results in
distinct and periodic protrusions (Fig. 1c). In study [2], welding power
was increased with welding speed to maintain full penetration. In-situ
synchrotron imaging captures this transition in real time and validates

and surface tension gradients, leading to flow instabilities and periodic
solidification. A schematic of material flows is presented in Fig. le.
Other surface defects in high-speed laser welding include underfill and
spatter, which are less common compared to humping. In the current
work, a text-to-equations generative pre-trained transformer (T2EGPT)
framework is developed on the previous study [2], and other defects are
not currently considered in this framework.

Understanding how process parameters and material properties in-
fluence the onset of humping is essential for process control. However,
this remains challenging due to limited experimental and simulation
data. Researchers have long sought to quantify these relationships
through mathematical models. One common method combines experi-
mental data with dimensional analysis, such as the Buckingham = the-
orem [3], to derive empirical relationships that normalize complex
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variables and reveal the governing physics.

To overcome data scarcity challenges in scientific modeling, this
research introduces the T2EGPT framework by leveraging the advan-
tages of large language models (LLMs). Transformer-based LLMs, pre-
trained on extensive text corpora, can encode and extract a wide range
of domain knowledge, including scientific principles, mathematical re-
lationships, and contextual patterns. Their ability to operate in few-shot
and zero-shot scenarios further enables them to model rare events or
phenomena with minimal prior data [4], making them suitable for sci-
entific discovery. T2EGPT integrates these strengths into a
retrieval-augmented generation (RAG) system [5] combined with a
rubric-based quantification mechanism. The process begins by con-
structing a private database, populated by literature selected through
LLM-based filtering aligned with predefined topical criteria. After
contextual validation, relevant publications are embedded into the
database, enabling targeted information retrieval. When physical pa-
rameters relevant to humping defects in high-speed laser welding are
provided, such as maximum melt velocity [6], length of the molten pool
[71, thermal conductivity [7], density [8], specific heat [8], and surface
tension coefficient [9], the T2EGPT framework based on the private
database generates a correlation report. This report categorizes re-
lationships by type (direct or indirect), form (linear or nonlinear), and
effect (positive, negative, or negligible). These categories support a
human-defined rubric employed to assess and score candidate equations
generated from sparse datasets via a pattern search algorithm. The
equation selected by T2EGPT demonstrates consistency with the Weber
number, thereby validating the framework’s effectiveness. Through this
equation, the influences of material properties, peak melt velocity, and
molten pool length in hump formation are discussed in detail.

Cross-section

Top surface
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2. Methods
2.1. Development of dimensionless equations

The development of dimensionless equations in this research in-
volves two components, i.e., empirical equation development and LLMs-
guided selection, as illustrated in Fig. 2. The data-driven approach,
which integrates a pattern search algorithm with support vector ma-
chine (SVM) evaluation, generates candidate equations (Fig. 2a) using
stainless steel data from a prior study [2] and additional data from
stainless steel (SS), aluminum (Al) and titanium (Ti) alloys reported in
the literature [9,10]. Meanwhile, LLMs extract descriptions of physical
parameters related to humping and material flow in laser welding from
the literature (Fig. 2b). The extracted descriptions produce correlation
reports (Fig. 2¢). An evaluation rubric, derived from these reports, is
used to assess the candidate equations and identify the optimal equation
with the highest T2EGPT score.

The Buckingham = theorem is applied to determine the structure of a
dimensionless equation, which is expressed as,

T=qi'q7q; 1)

where q;---q; are i physical parameters, and the vector ¢ = [cy, ..., ¢,
which defines the exponents of each physical parameter, is determined
via a pattern search algorithm [11]. This process identifies the exponent
¢; of each physical parameter g;, ensuring the product Dj,;-c equals the
zero vector (Fig. 2a). Dj,; denotes the dimensional matrix for a system
with i physical parameters and j fundamental units.

Based on previous research [2], six (i = 6) physical parameters were
identified, which are maximum melt velocity (umqy), length of molten
pool (1), thermal conductivity (k), density (p), specific heat (c,), and
surface tension coefficient (y). These parameters are characterized by
four (j = 4) fundamental international units, i.e., length (m), time (s),
mass (kg), and temperature (K). The unit contributions for each physical

In-situ high-speed synchrotron X-ray imaging
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Fig. 1. (a) Top surfaces of welds without and with humps. (b) Optical microscopic images of weld cross-sections showing the absence and presence of humps. (c) No
hump formation and humping observed under high-speed synchrotron x-ray imaging. (d) Top and side views of material flow during humping, as simulated using
computational fluid dynamics (CFD). (e) Schematic illustration of material flow inside the molten pool during hump formation [2].
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Fig. 2. Text-to-equations Generative Pre-trained Transformer (T2EGPT) overview: (a) Construction of the dimension matrix, identification of a dimensionless
space, evaluation of candidate equations using the F1 score, and selection of the best equation. (b) Compilation of knowledge sources and identification of physical
parameters influencing humping. (c) Analysis of candidate physical parameters, presentation of correlation outcomes, evaluation guided by structured rubrics, and

equation generation using large language models (LLMs).

parameter are summarized in Table 1, forming the dimension matrix
D4.¢. For example, for the maximum melt velocity (#may), it is given by:
_Length L
- Time T

Unax ()]
where m =1 (length), s = —1 (time), kg = 0 (mass), K = 0 (tempera-
ture).

2.2. Development of an LLMs-based framework to evaluate candidate
equations

Most literatures describe physical parameters in textual form rather
than providing precise numerical equations. To integrate this qualitative
knowledge into the quantitative evaluation of candidate equations, this
LLMs-based framework consisits of three components:

(1) The generation of correlation reports (Fig. 2c) to identify re-
lationships between physical parameters and the onset of
humping. These reports categorize correlations into classifica-
tions such as direct, indirect, and linear or nonlinear
relationships.

(2) The development of rubric-based evaluation criteria (Fig. 2c).

(3) The calculation of scores based on these rubrics to determine the
best-performing equations.

2.2.1. Generation of correlation reports by LLMs

This section describes the process of generating correlation reports
using LLMs. As observed in Fig. 3a, task 1 is to establish a private
database. This database is pre-trained by LLMs that can retrieve
humping defect-related contents. The initial search focused on litera-
tures related to the humping defects in high-speed laser welding. The
search key words were “laser welding”, “humping”, “melt pool geome-
melt flow velocity”, and “surface tension”. The given instructions

2

try”,

Table 1
The dimension matrix (D4x6) of physical parameters (PV) and fundamental units
(FU) associated with humping defects in high-speed laser welding.

FU PV

Unax 1 k p [~% 4
Length (L) 1 1 -3 2 0
Time (T) -1 0 - 0 -2 -2
Mass (M) 0 0 1 1 0 1
Temperature (0) 0 0 -1 0 -1 0

for the search process were: “Treat humping and hump as equivalent
terms”, “Confirm that the welding process is specifically laser welding”,
and “Root humping is not the same as humping; disregard any references
to root humping”.

In addition, LLMs were used to determine whether a literature was
relevant to the humping defect. For example, the LLMs assessed a study
[12] as unrelated and provided the following analysis (Fig. 3b): “The
title of the paper discusses the effect of laser impingement angle on melt
pool geometry and process stability during high-speed laser welding.
While the paper is focused on laser welding, the abstract mentions the
complete elimination of any humping in the weld profile.” This indicates
that this paper addresses the prevention or reduction of humping rather
than exploring the formation mechanisms of humping itself.

As another example on a relevant literature [13], LLMs provided the
following analysis (Fig. 3c): “The title explicitly mentions ‘high-speed
laser welding,” confirming that the welding process being discussed is
indeed laser welding, which is a key requirement for relevance.” The
abstract of this paper includes the term “humping” in the context of melt
flow, indicating that the paper addresses the phenomenon of humping,
which is directly related to the formation mechanism being investigated.
The mention of melt flow and its interdependence with the geometry of
the keyhole and the melt pool suggests that this paper explores the dy-
namics of the welding process, which is crucial for understanding the
mechanisms behind humping formation. Overall, both the title on
high-speed laser welding and the discussion of humping and melt flow
support that the paper is relevant.

The relevant literatures were then downloaded (Fig. 3d), and the
PDF files were converted into TXT files through an embedding process.
Unrelated contents, such as authorship information, affiliations, and
references, were removed. Finally, a total of 100 relevant documents
were stored in a private database.

As presented in Fig. 3e, task 2 involves generating a correlation
report of the physical parameters. In this process, hallucination could be
a potential issue in current LLMs. To mitigate potential errors (halluci-
nations) in LLM-generated reports, the prompt “Provide a part of the
original text that supports your answer” (Appendix C, Fig. B1-3) was
incorporated. This ensures that for each report (particularly those
involving non-linear relationships), the LLM provides the corresponding
source text, allowing researchers to incorporate domain knowledge to
address incorrect outputs. Take upg, as an example (Fig. 3f). From the
literature [13], it was found that an increase in u,q, leads to an increase
in humping formation, which is true; thus the report categorizes its
impact on humping formation as “positive”.

The report highlights that the correlation between iy, and humping
formation is nonlinear. The literature indicates that this relationship is
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Fig. 3. Procedures in large language models (LLMs): Literature screening, database construction, and parametric correlation analysis for the humping
phenomenon in laser welding. (a) Task 1: Development of a private literature database. (b) An example of unrelated literature. (c) An example of related literature,
and (d) An example of private database. (e) Task 2: Generation of a correlation report between physical parameters and humping defects. (f) An example of cor-

relation results [13].

influenced by various factors, such as welding speed, laser power, and
melt pool dynamics, which do not exhibit a simple linear relationship.
As the laser welding speed increases, unqy rises significantly. The melt
flow velocity exhibits nonlinear growth with increasing welding speed.
Higher melt flow velocities lead to greater volumes of melt accumulating
backward, and this accumulation is nonlinear, progressively intensi-
fying. As a result, uneven flow rates and melt accumulation at the
trailing end of the molten pool trigger the periodic formation of
humping [13].

If the literature lacks evidence to establish whether the relationship
between a parameter and humping onset is linear or nonlinear, the
T2EGPT framework will return no supporting literatures. If the T2EGPT
framework mistakenly identifies this relationship as nonlinear due to
hallucinations, researchers can efficiently detect and exclude these er-
rors based on their domain expertise.

2.2.2. Development of rubric-based evaluation criteria and T2EGPT score
calculation

In this section, a scoring system based on rubric criteria is proposed
to evaluate candidate equations (Appendix D). This rubric evaluates
three key aspects, correlation, linearity, and parameter pair analyses.
The rationale for selecting these criteria is detailed below:

(1) Correlation evaluates how strongly a physical parameter is
related to the onset of humping.

(2) Linearity determines whether the relationship between a
parameter and humping onset follows a linear trend.

(3) Parameter pair analysis reveals the effects of multiple parameters
on humping onset.

By simultaneously evaluating these three aspects, T2EGPT estab-
lishes a quantitative foundation for converting qualitative insights from
literature into formalized models. For example, the full scale of

correlation is 20 points. If the candidate equation correctly differentiates
the direct or indirect correlation of one parameter with the onset of
humping, this equation earns +20 points; if the equation reflects only
indirect effects, without clearly delineating the direct versus indirect
influence, it receives 10 points. If the candidate equation cannot show
the correlation clearly or misses the correlation, no points are awarded.

Linearity is evaluated on a 10-point scale. A candidate equation re-
ceives +10 points if it correctly identifies a linear relationship for a given
parameter, represented as ¢; = +1, indicating a linear contribution of
parameter i to humping onset. Misjudgments (such as identifying c;

+1 when the correlation report indicates a nonlinear relationship), or

omissions (such as assigning ¢; = 0 when the parameter is relevant)
awarded only +5 points.

Finally, parameter pair analysis allocates up to +10 points for
correctly ranking the impact of parameter pairs (i.e., maximum melt
velocity (umax) exerts a greater influence than the length of molten pool
(1)). A correct ranking satisfies c; greater than cz, with +5 points
awarded if the ranking is unclear or incomplete.

Based on these three criteria, a final score is denoted as:

Spair
max (spair)

S linearity
max (Slinean'ty )

S correlation

max(scorrelan'on)

3

1
Srarepr = 3 X

where Scorretations Stinearitys and Spqir Tepresent the evaluation scores for
direct/indirect correlation, linearity, and the influence between
parameter pairs, respectively. There are 6 parameters in this study. Two-
way interaction terms are examined, resulting in 15 parameter pairs.
Therefore, the maximum values of Scorrelations Shineariey, and Speir are
calculated as,

max(scarrelation) =6x20=120
max Slinearity) =6x10=60
max (Spar) = 15 x 10 = 150

4
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These three criteria are equally weighted in Srorgpr.

The datasets utilized to develop candidate equations are drawn from
a previous study [2] and additional sources in the literature [9,10], as
detailed in Supplementary Table S1. Using a pattern search algorithm
(described in Appendix B), candidate equations are generated across
varying dataset sizes. To manage the potential overgeneration of equa-
tions due to dataset size variation, only those with an F1 score exceeding
80% are advanced for evaluation using the T2EGPT scoring system.
T2EGPT scores are not derived from the datasets themselves but are
instead based on a rubric informed by correlation reports generated by
LLMs. Thus, the T2EGPT evaluation is grounded in textual evidence
from the literature rather than numerical data.

International Journal of Machine Tools and Manufacture 211 (2025) 104320
3. Results
3.1. Influence of dataset size and parameter weighting

Fig. 4a summarizes the rubrics and T2EGPT score formulation; and
Fig. 4(b—e) lists the exponent c; values, labeled as “index” for cases with
the highest T2EGPT scores for the candidate equations fitted from the
dataset size of 9, 13, 20, and 24. The larger the |c;| value indicates the
greater effect of the corresponding physical parameter on the onset of
humping. The relative significance of the constants varies with the
dataset size. For the 9-humping dataset fitting case, c; (maximum melt
velocity, umq) demonstrates the highest positive contribution, and c3
(thermal conductivity, k) and c¢ (surface tension coefficient, y) exhibit
negative values, indicating their negative effects on the humping. As can
be observed in Fig. 4f, the T2EGPT score remains relatively high at
58.5% when the dataset size is 9. It then peaks at 60.1% when the

» Candidate dimensionless equations:

M

Th = Uph gy % 17 % K % p™ c;f * %
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Fig. 4. Rubric of Text-to-equations Generative Pre-trained Transformer (T2EGPT) and results comparison. (a) Candidate equations and T2EGPT score for-
mula. (b—e) Exponent ¢; values fitted using datasets of sizes 9, 13, 20, and 24, respectively. (f) The final T2EGPT score of each equation based on the rubric.
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dataset size reaches 20, before declining as the size increases to 24.
Therefore, 20 datasets were selected for the training set.

To understand whether the rubric influences the equation evalua-
tion, different combinations of rubrics, such as 0 points for non-
compliance or missing items, are tested. The results can be found in
Supplementary Table S2-S4. It is found that the trend of the final
T2EGPT scores is consistent with the current rubric and the equation
that achieved the highest T2EGPT score remains the same as its ¢; values
presented in Fig. 4d.

106+ e Stainless steel :
e Titanium [e)
@ Aluminum
< 10°-
o
£ 1044---- B t ------ ! ---: ----------
o))
£ ! : Humping 8
2'103- e ©
2 g ° §
102 9
S WP p
1014 e ky
I I
No Humping Humping
(a)
[]
® Stainless steel [ ]
e Titanium L4 5
. 102_ ® Aluminum : :
E ) i 8
E=2 &R0
81 ® 8 Humping
£10'y 8
= e o
o
E : ¢ -
100 : ,,FM
v
1 I
No Humping Humping

(c)

Humping
Humping

True Label

No humping
True Label

No humping

Humping

Humping
Predicted Label

(e)

No humping

International Journal of Machine Tools and Manufacture 211 (2025) 104320
3.2. Validation of equations developed using the T2EGPT approach

A total of 48 datasets were used for validation in this study. These
data were collected from literatures [9,10] (not included in the private
database), comprising 12 datasets for aluminum alloys, 10 for titanium
alloys, and 26 for stainless steels. The choice of titanium, aluminum, and
stainless steel as benchmark materials reflects their distinct thermo-
physical properties, enabling evaluation of model generalization across
materials. For example, their melting points are approximately 934 K

1
10 7 e Stainless steel : ®
e Titanium ® O
@ Aluminum ' Q 8
]
) g 8
- S P e B . ._ _____________
= 10°4 ®
8 ; : 8 Humping
o
=
: :
10-14 o U - VI VE- /P
Th =
c .
” VoY
1 1
No Humping Humping
(b)
100
I Accuracy 95.83 95.83
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90 g7.50
85.71 85.42
82.93
stainless three T2EGPT
steel materials

(d)

Humping

True Label

No humping

No humping
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(f)

Humping
Predicted Label

(9)

No humping

Fig. 5. Equation validations. (a) Humping index evaluated based the previous work [2], fitted with only stainless-steel data. (b) Equation fitted with 20 humping
data of three materials. (c) Equation selected from text-to-equations generative pre-trained transformer (T2EGPT) framework. (d) Accuracy, F1 score (defined in Egs.

(10) and (11)), and (e-g) corresponding confusion matrices for equations (a—c).
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(Al), 1944 K (Ti), and 1727 K (SS), and molten viscosities (1.3, 5.2, and
4.9 mNs/m?, respectively). The thermophysical properties of different
materials lead to distinct melt pool characteristics during laser welding.
For example, aluminum’s low melting point and viscosity form wider
and more extended molten pools, whereas titanium’s higher values for
both properties lead to narrower and localized melt zones [14]. These
contrasts arise from the material-dependent thermal response and flow
resistance. Reduced viscosity enhances fluid mobility, leading to
increased maximum melt velocities, and elevated melting points restrict
the molten pool extent by demanding more thermal energy for melting
[14]. Additional discussion on the detailed force interactions and ve-
locity effects is provided through the dimensionless equation in Section
4.

Fig. 5(a—c) compares the humping index calculated using three ap-
proaches. Data points below the humping index line indicate no
humping, while those above it indicates humping. Fig. 5a presents the
humping index equation (Eq. (5)), as reported in a previous study [2].

ur:?mxl2 'pZACP

o ®)

p =

The pattern search algorithm generated candidate equations using
20 randomly selected datasets from the literature [9,10] and a previous
study [2], encompassing all three materials and remaining independent
from the validation dataset. The equation (Eq. (6), shown in Fig. 5b),
selected by the SVM method based on the highest F1 score (detailed in
Appendix B), was validated using 48 datasets:

eV P
N

For the T2EGPT approach, Fig. 5c presents the equation (Eq. (7))
with the highest T2EGPT score derived from the same 20 datasets.

(6)

14

p = @)

Fig. 5d compares the accuracy and F1 scores of these three ap-
proaches on the validation dataset. For stainless steel, Eq. (5) achieves
an accuracy of 87.50% and an F1 score of 85.71%; and the data-driven
method on three materials (Eq. (6)) yields an accuracy of 85.42% and an
F1 score of 82.93%. In contrast, T2EGPT demonstrates a significantly
improved prediction on three materials data, with both an accuracy and
F1 score of 95.83%. Although Egs. (5) and (6) incorporate thermal pa-
rameters such as thermal conductivity (k) and specific heat capacity (cp),
aligning with domain knowledge of humping behavior, they underper-
form compared to Eq. (7) selected by T2EGPT. For instance, Eq. (5)
(derived from stainless steel data) achieves 100% accuracy on the
stainless steel dataset, however, exhibits reduced accuracy when applied
to all three materials. Additionally, both Egs. (5) and (6) have more
complex mathematical forms with less straightforward physical inter-
pretation, further highlighting the generalizability and physical clarity
of Eq. (7).

Fig. 5(e-g) presents the confusion matrices of each candidate equa-
tion to illustrate the performance of these three approaches. T2EGPT
achieves high accuracy, with only one misclassification in each cate-
gory, further confirming its effectiveness in predicting humping defects.

The results demonstrate the strengths of the T2EGPT framework,
which performs better than traditional data-driven approaches in pre-
dicting humping onset. Traditional data-driven approaches tend to
require extensive datasets and are often optimized for individual ma-
terials. In contrast, T2EGPT exhibits robust predictive performance even
with limited data inputs. Its ability to generalize across stainless steel,
aluminum, and titanium alloy datasets highlights its potential as a
broadly applicable and material-independent solution.

By leveraging domain knowledge with enriched textual information
extracted from literature, T2EGPT identifies physically meaningful
equations that capture the influence of key variables on humping onset.
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This flexibility is crucial for industrial manufacturing, where welding
and other fabrication processes often involve diverse materials and
varying process conditions.

The T2EGPT framework is not restricted to specific input formats or
datasets, making it broadly applicable to other fields involving dimen-
sionless physical equation discovery. By adjusting the search keywords
and focusing on appropriate physical parameters, this framework can be
effectively extended beyond welding processes. It is believed that this
T2EGPT framework can alleviate the challenges faced by data-driven
methods, including the scarcity of critical physical parameters and
limitations in model generalization.

4. Discussion

The dimensionless humping index (Eq. (7)) derived by the T2EGPT
framework exhibits the same mathematical form as the Weber number
(We = pv?l/y, where v is fluid flow velocity), which is often used to
analyze fluid flows at fluid-fluid or fluid-gas interfaces. In high-speed
laser welding, this equation captures the balance between inertia-
driven backward melt flow and capillary-driven surface stabilization.
The inertia term (Fineriq) is characterized by the dynamic pressure scale,
Finertia ~ pu2,,,, Where p is the molten metal density and upe is the
maximum melt velocity. This term characterizes the fluid’s tendency to
sustain backward momentum, particularly at the tail of the molten pool,
where metal accumulation can trigger interfacial instabilities.

In contrast, the capillary term (Fapinary) arises from surface tension,
which suppresses molten pool surface deformation and restores surface
uniformity. It is expressed by the capillary pressure scale, Feapiitary ~ 7/1,
where y is the surface tension coefficient and [ is the characteristic
length, typically the molten pool or the gouging region length [7]. This
study adopts the molten pool length as it more effectively captures the
humping phenomenon, which occurs at the trailing edge rather than the
leading front. This capillary term represents the restorative pressure
acting on a curved interface, facilitating the backfilling of molten ma-
terial and mitigating surface irregularities. Therefore, the competition
between inertial and capillary forces governs the onset of humping.
When Finertia>>Fqpitiary, the surface deformation increases, leading to
periodic hump formation. Conversely, when capillary force dominates,
it effectively stabilizes the molten pool surface against flow-driven
disturbances.

Both Egs. (5) and (6) identify explicit thermal transport properties
such as thermal diffusivity, @ = k/pc,, to represent heat transfer effect
on molten pool surface deformation. Although their mathematical forms
differ, both can be dimensionally reformulated into expressions relevant
to combinations of the Peclet number (Pe = vipc,/k = vl/a) and Weber
number. The Peclet number characterizes the relative influence of
convection versus conduction in heat transfer within the molten pool.
Eq. (5) was empirically derived from previous work based on stainless
steel data [2]. It is dimensionally mathematical form equivalent to
Pe-We. This formulation explicitly introduces thermal properties, aiming
to account for both thermal conduction and inertial-capillary dynamics.
However, due to material-dependent variability of thermal properties,
the generalizability of Eq. (5) across different alloys is limited (Fig. 5e).
Eq. (6), on the other hand, was obtained through a data-driven approach
trained on a mixed dataset comprising different alloys. This equation can
be dimensionally equivalent in mathematical form to Pe~*>-We. It im-
plies that the algorithm automatically down weighted the role of ther-
mal transport, instead placing greater emphasis on inertial-capillary
interactions.

Because both the Peclet and Weber numbers account for thermal
transport effects and share several physical parameters, such as the upgqy
and L, they are not fully independent and may exhibit partial correlation.
Consequently, determining whether to include both the Peclet and
Weber numbers in an equation, or just one, can be challenging, espe-
cially when constrained by limited datasets and domain knowledge. The
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application of the T2EGPT framework identifies the Weber number as
the most effective descriptor of humping onset. This suggests that the
influence of the Peclet number is implicitly accounted for by other
dimensionless variables within the humping index (Eq. (7)), such as the
molten pool length and maximum melt velocity.

Providing a real-time prediction framework for laser welding process
is critical for industrial applications. Recent studies have demonstrated
the effectiveness of real-time defect prediction using deep learning
models [15] and infrared thermography combined with SVM classifi-
cation [16]. These approaches are highly sensitive to defects such as
porosity and keyhole instability and are primarily data-driven and
sensor-dependent. The T2EGPT framework provides a physics-informed
alternative, leveraging domain-specific knowledge to generate inter-
pretable equations. These equations not only serve as post hoc expla-
nations but also offer actionable insights for process design (by
identifying critical thresholds of melt-flow velocity, recoil pressure, or
keyhole aspect ratio, which govern the onset of porosity or humping).

A promising direction for future is integrating of T2EGPT with real-
time sensing data. For example, real-time data from high-speed optical
imaging of weld pool surface geometry [15] or infrared thermography
[16] can dynamically evaluate the physics-based equations generated by
T2EGPT, enabling adaptive and interpretable control. Such a hybrid
approach can reduce reliance on large training datasets and enhance
model transferability across diverse welding configurations.

5. Conclusions

In this study, a novel framework, text-to-equations generative pre-
trained transformer (T2EGPT) is introduced, which combines large
language models (LLMs) with rubric-based evaluation to derive inter-
pretable and generalizable the dimensionless equation for predicting
humping onset in high-speed laser welding. This framework effectively
bridges the gap between sparse data and physical interpretation by
transforming literature-derived knowledge into quantitative equations.
The main conclusions are as follows:

1) According to the predictions of the T2EGPT framework, humping
formation is attrubuted to the imbalance between inertia-dominated
melt flow and surface stabilization governed by capillary forces. This
result was supported by the Weber number.

The framework demonstrates high prediction accuracy and trans-
ferability across stainless steel, aluminum, and titanium alloys,
addressing the limitations of traditional data-driven approaches
under limited data conditions.

By leveraging LLM-extracted knowledge and rubric-guided evalua-
tion, T2EGPT enables accurate numerical representation of defect
mechanisms without relying on large datasets. Its methodology
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offers a scalable and interpretable alternative to black-box models
and can be extended to other data-scarce physical processes.

4) The physically derived equations generated by T2EGPT can be
directly utilized to guide process optimization. For instance, T2EGPT
identified that high maximum melt-flow velocity is a key factor in
humping formation. Based on this insight, a ring-mode laser spot was
implemented, which modified the melt-pool morphology, reduced
melt-flow velocities, and suppressed humping defects.

Notably, the T2EGPT framework is not restricted to a specific ma-
terial or weld. Its structure and outputs are inherently generalizable,
making it applicable to a variety of materials, such as titanium, stainless
steel, and dissimilar metal systems, as well as other laser-based processes
such as additive manufacturing. This versatility positions T2EGPT as a
powerful tool for understanding and optimizing complex manufacturing
phenomena. By supporting interpretable models, real-time sensing, and
adaptive control, the framework aligns with long-term goals in process
control and innovation grounded in physical understanding.
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The literature search was conducted using Elsevier’s API. Key search terms were carefully designed to cover relevant topics, including “humping,”

”

“laser welding,

melt pool geometry,” “melt flow velocity,” and “surface tension.” LLM prompts were leveraged to retrieve and evaluate keyword-

matched papers. To ensure the retrieved papers specifically address humping formation in high-speed laser welding, a prompt-based pipeline was
implemented using the LangChain framework. A custom evaluation prompt, built with ChatPromptTemplate, guides the GPT-40-mini model in
assessing whether each paper meets the following criteria:

e Papers must address humping in the context of laser welding processes.
e Terms such as “humping” and “hump” are treated as equivalent.
e Papers discussing “root humping” are excluded, as this is outside the scope of the research.

The programming evaluated each paper’s title and abstract using this structured guideline to determine its relevance. Relevant PDFs were then
downloaded manually and converted to TXT format. Content extraction and cleaning were performed using LangChain’s prompt-driven editing
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method, which filtered out non-essential sections such as references, acknowledgments, and author information. Text from all pages was retrieved via
PyPDFLoader (Fig. A). Finally, the cleaned semantic chunks were embedded using OpenAI’s model and stored in a private database via the Chroma
library.
def clean_text_with_langchain(text):
# Step 1: Find relevant text based on the instruction
prompt = PromptTemplate.from_template(

wn

You are a specialist in editing documents.
Your task is to correct errors in the document without reducing or altering the original content.

Remove
* Unnecessary parts (references, acknowledgments, author lists, and keywords),
but always keep the main contexts.

Correct
* Errors caused by PDF parsing, including 1. fragmented or split sentences, and
2. incorrectly formatted or incomplete equations.

Add
'Title:' before the title of the paper.

Document: {text}

)

Fig. A. Prompt template used for extracting and cleaning relevant text from literature.

B. Generation and selection of candidate equations

A pattern search method [11] was used to identify candidate ¢ values.

TTh = u;iax*lcz *Jcs *,064 '.'rC;s *},Cs 8

The identified vector ¢ = [c1, ¢z, ¢3, €4, 5, Cs] represents the exponents of each physical parameter, meanwhile ensuring that the matrix-vector product
equals the zero vector for dimensionalless constraint:

Dy, X 6,1 = [0,0,0,0] ©)

Then, a scaling matrix D4, X €651 Was applied to transform the physical input data into dimensionless form, using a predefined grid with a range of
[—3, 3] and an interval of 0.5 for c;.

The SVM classification [17] was used to evaluate the effectiveness of candidate dimensionless equations (denoted as 7,) in distinguishing between
humping and non-humping cases. The SVM model, trained with a radial basis function (RBF) kernel, was selected for its robustness in binary clas-
sification tasks, particularly under limited data conditions. The RBF kernel offers flexibility for modeling non-linear class boundaries, and fixed
hyperparameters help reduce overfitting.

In this study, the SVM acted as a binary classifier, comparing predicted labels (0: no humping, 1: humping) to ground truth (experimental data) to
quantify each equation’s classification accuracy.

According to the result of SVM (a decision boundary that separates the humping and non-humping cases), a threshold value (denoted as nth), was
identified for humping onset. Values of &, calculated from candidate equations below this threshold indicate the absence of humping, and values above
signify the occurrence of a humping defect.

SVM evaluated multiple candidate equations from the above procedure; therefore, F1 score and accuracy were applied to evaluate the candidate
equations.

2TP

=P

10

where True Positive (TP), False Positive (FP), and False Negative (FN) represent correctly predicted humping samples, no humping samples mistakenly
predicted as humping, and humping samples mistakenly predicted as no humping, respectively. Equations that exhibited underfitting, or non-physical
behavior yielded low F1 scores were manually excluded.

In addition to the F1 score, equations were evaluated with Accuracy:

TP + TN
A SR s\ — 11
CUraY = Tp TN + FP + EN an

where True Negative (TN) represents correctly predicted non-humping samples.
C. Generation of correlation reports

The correlation reports were generated using a prompt-driven approach, implemented as the function _gen_corr_report. This function employed the
LangChain library’s PromptTemplate to structure natural language instructions, guiding the LLMs in classifying correlations based on experimental
data. The function processes retrieved context (scientific literatures or experimental results) and determined whether the effect of a given parameter
on humping formation is positive, negative, or neutral, as shown in Fig. B1. The function _gen_corr_report _linearity (used for prompt-based linear
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analysis) leveraged the LangChain library’s PromptTemplate to structure natural language instructions, as shown in Fig. B2.

def _gen_corr_report(self, param, retrieved docs):
prompt = PromptTemplate.from_template("""
You are a scientific assistant in laser welding research,
focused on analyzing correlations based on the provided documents.
Answer as accurately as possible, and if the information is insufficient,
state that the answer is unclear.

Question: What is the effect, influence, or role of {param_description} on humping formation in laser
Classify the correlation as "Positive," "Negative," or "Neutral" based on the following definitions:
- **¥Ppositive**: If increasing the parameter leads to an increase in humping formation.

- **Negative**: If increasing the parameter leads to a decrease in humping formation.

- **¥Neutral**: If the parameter does not significantly affect humping formation.

Please provide the original text you referred to for your answer.
Retrieved documents: {context}

Answer:

iy

rag_chain = prompt | self.llm | StrOutputParser()
report = rag_chain.invoke({
"param_description”: param['description'],
“context" : retrieved_docs

1)
return report

Fig. B1. Prompt template used for evaluating the effects of parameters on humping formation.

def _gen corr_report_linearity(self, param, retrieved_docs):
prompt = PromptTemplate.from_template("""
You are a scientific assistant in laser welding research,
analyze the correlation based on the provided documents.
Answer as accurately as possible, and if the information is insufficient,
state that the answer is unclear.

Question: What is the correlation between {param_description} and humping formation?

Specify if the correlation is "“Linear," "Non-linear," or "Unknown."

- **Linear**: A consistent, proportional relationship between the parameter and humping formation.
- **Non-linear**: An inconsistent or threshold-based relationship

between the parameter and humping formation.

- **Unknown**: Insufficient data to determine the correlation type.

Provide a part of the original text that supports your answer.
Context: {context}

Answer:

)

# Invoke the model to analyze the relationship
report = prompt | self.llm | StrOutputParser()
result = report.invoke({
"param_description”: param['description’],
“context": retrieved_docs

H

return result

Fig. B2. Prompt template used for analyzing linearity of parameter effects on humping formation.

The instruction for parameter pair analysis was provided in Fig. B3, where {param list} comprises six (i) physical parameters, including maximum
melt velocity (Umqx), length of molten pool (I), thermal conductivity (k), density (p), specific heat (cp), and surface tension coefficient (y). Meanwhile,
{context} refers to the relevant description in the private database document.

10
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D. Rubric in T2EGPT

International Journal of Machine Tools and Manufacture 211 (2025) 104320

def _gen_corr_report_multi_params(self, params, retrieved_doc):

prompt = PromptTemplate.from_template(
You are a scientific assistant in laser welding research.

Based on the provided documents, analyze the correlations among the variables.
Answer as precisely as possible, and if information is insufficient,

state that the answer is unclear.

Focus specifically on ranking the relative importance

of variables in influencing humping formation.

Question: Rank the following variables in terms of
their relative impact on humping formation: {param_Llist}.
Assess how the interaction between each pair of variables contributes to humping formation.

Provide relevant excerpts from the original text to support your answer.
Context: {context}

Answer:
niw

# Invoking the model to generate the report
report = prompt | self.llm | StrOutputParser()
result = report.invoke({

“param list": params,

"context": retrieved_doc

1
return result

Fig. B3. Prompt template used for ranking multi-parameter effects on humping formation.

The rubric in T2EGPT evaluates candidate equations based on three criteria: correlation, linearity, and parameter pair impact, as described below:
Correlation (20 points):

The full score for correctly identifying correlations is 20 points.

If the candidate equation correctly identifies the correlation direction, it earns +20 points for direct correlations.
If the equation identifies an indirect effect, it earns +10 points.

If the equation fails to show or misses the correlation, 0 points are awarded.

Linearity (10 points):

e The full score for linearity is 10 points.

+10 points are awarded when the equation correctly captures linear relationships.

o If the equation has ambiguous or incomplete linearity assessments, +5 points are given.

Parameter Pair Impact (each pair 10 points):

e For analyzing parameter pairs, the full score of each pair is +10 points.
o If the candidate equation correctly ranks the impact of parameter pairs, it earns +10 points.
o If the ranking is unclear or incomplete, only +5 points are awarded.

11
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A rubric based on subjective design is not a new approach and has been used in current LLMs research to evaluate the textual information [18,19].
Although the design of rubric is subjective, it still demonstrates a better effectiveness and efficiency to achieve systematic and reproducible evaluation
compared to cases without rubrics [20]. Weights in the rubrics were selected to reflect the relative importance of each reasoning element in the context
of domain knowledge. Correlation is considered the most important rubric, followed by linearity and the impact of individual parameter pairs in order
of importance.

Correlation is assigned the highest weight, 20 out of a total 50 points, as it represents the interaction between variables that must be identified first
when formulating an equation. Misinterpreting these correlations can result in T2EGPT generating equations that lack physical validity.

Linearity receives a weight (10 points), allowing the rubric to capture how each parameter influences the humping defect in a proportional way.

Parameter pair impact is assigned a weight of 10 points per pair to assess the relative importance of interactions between multiple variables.

This structure enhances the robustness of the evaluation by penalizing critical omissions (e.g., awarding 0 points for missed correlations).

To further confirm that the manually designed rubric does not influence the final equation outputs, various combinations of rubric schemes were
tested (presented in Supplementary Table S2-S4). The results indicate that these different configurations (such as modifying the score for “Fails to
show correlation” from 0 points to —10 points) do not affect the final equations inferred by T2EGPT.

E. T2EGPT-assisted novel laser welding process

The formation mechanisms of humping in high-speed laser welding were investigated through computational fluid dynamics (CFD) simulations, as
illustrated in Fig. Ea. The molten pool morphology and maximum melt velocity were obtained from simulations under varying welding speeds. As
welding speed increases, a pronounced backward melt flow emerges, which gradually traverses the entire molten pool without sufficient deceleration.
The simulations reveal that u,q. increases with welding speed and power as shown in Table E. With increasing welding speed, the keyhole becomes
more elongated [2]. This change reduces the geometrical constraint on the backward melt flow, allowing for higher momentum accumulation toward
the molten pool tail. These insights are corroborated by the in situ high-speed synchrotron X-ray imaging shown in Fig. Eb, which compares the
keyhole morphology under non-humping (0.33 m/s, 102 W) and humping (1.42 m/s, 348 W) conditions. At the lower welding speed, the keyhole rear
wall remains relatively shallow, and the molten pool is compact, promoting gradual deceleration of the backward melt [2].

Table E

Simulation results of maximum melt velocity
(Umax) under two different welding speed and
power conditions [2]

Speed, Power Umax (M>/5)
0.33m/s, 102 W 0.92
1.42 m/s, 348 W 5.69
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Fig. E. (a) Simulated molten pool morphology and corresponding maximum melt velocity distribution. (b) Keyhole shapes observed under high-speed synchrotron X-
ray imaging for non-humping (welding speed: 0.33 m/s, power: 102 W) and humping (welding speed: 1.42 m/s, power: 348 W) conditions [2]. (¢) Comparison
between ring mode (central-to-peripheral heat distribution ratio of 7:3) and single mode laser beam profiles. (d) Surface humping condition after switching to a ring
mode laser beam.

The analytical dimensionless formulation derived via the T2EGPT framework (Eq. (7)) provides a physics-aware and interpretable metric to
quantify the humping tendency based on fundamental process parameters. This dimensionless equation explicitly captures the effects of umgy to
humping. The term umqy has the largest exponent in the dimensionless Eq. (7), indicating that it plays a significant role in determining the occurrence
of humping. Under the ring mode condition, the energy density at the laser center is significantly reduced (only 70% of that in single mode). The
reduction in energy density results in a lower iy, as shown in Table E.

Also, the energy deposited from the outer ring primarily acts on the shoulder of the keyhole and the periphery of the melt pool, significantly
influencing the local thermal environment [21]. This peripheral energy input raises the local temperature around the melt boundary, which reduces
surface tension gradients. The resulting suppression of Marangoni-driven flows and associated instabilities contributes to a smoother and more stable
melt pool morphology [21]. Therefore, ring mode laser can suppress the onset of humping. Fig. Ec illustrates how modifying the laser heat source
profile from a conventional single-mode to a ring mode configuration (with a central-to-peripheral energy ratio of 7:3) can mitigate humping. As
shown in Fig. Ed, under the same welding speed and power conditions (1.0 mm/s, 249 W), humping is reduced by the ring mode.

These observations demonstrate that the T2EGPT-generated dimensionless equation not only provides quantitative interpretability of simulation
and experimental trends but also offers clues to process improvement. By minimizing the maximum melt velocity (such as ring mode laser beam),
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humping tendency can be suppressed. Compared to black-box machine learning models, the transparency and physical fidelity of the T2EGPT
framework allows it to be integrated directly into process optimization for welding processes.

Appendix A. Supplementary data

Data availability

Data will be made available on request.
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