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ABSTRACT

This paper presents a comprehensive analysis of large language models (LLMs) capabilities 
in the machine tool domain, specifically focusing on face milling operations. The research 
evaluates how different prompt techniques (zero-shot, few-shot, and tree-of-thought) affect 
LLMs' ability to perform tasks traditionally requiring human domain expertise, such as inter-
preting G-code, recommending appropriate cutting tools, and calculating machining parame-
ters. Performance is evaluated by comparing LLM outputs to industry-standard CAM software 
and digital twin simulations to verify practical applicability. The findings indicate that current 
LLM technology shows promise for transforming and optimizing complex engineering tasks 
in manufacturing but still requires additional operator input and customized approaches to 
achieve complete operational accuracy. This work contributes to understanding how genera-
tive Artificial Intelligence (AI) can be leveraged to optimize, generalize, and standardize ma-
chining procedures in industrial applications.
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INTRODUCTION

A Large Language Model is a type of artificial intelli-
gence (AI), that is trained with massive amounts of text 
and purposed to generate humane responses via various 
natural language processing (NLP) techniques such as, 
text generation, summarization, and translation. Recent 
advancements in LLMs have transformed the approach of 
knowledge share and gathering significantly. Generative AI 
is also a key value for the machining industry to optimize, 
generalize and standardize procedures of machining.

In manufacturing, the process of removing unwanted 
segments of metal workpiece in the form of chips is known 
as machining. Machining is one of the five groups of man-
ufacturing processes which includes casting, forming, pow-
der metallurgy and joining [1]. The machining process will 

shape the workpiece as desired, and it is usually done using 
machine and cutting tools. The machining cutting process 
can be divided into two major groups which are (i) cutting 
process with traditional machining (e.g., turning, milling, 
boring and grinding) and (ii) cutting process with modern 
machining (e.g., electrical discharge machining (EDM) and 
abrasive waterjet (AWJ) [2]. Machining processes play a 
pivotal role in the manufacture of final components, whose 
outcome, depending on the machining conditions and 
strategies, can significantly influence the material’s func-
tional performances [3].

In recent years, artificial intelligence and machine 
learning techniques have been increasingly adopted to ad-
dress various challenges in machining. Soori et al. [4] pro-
vided a comprehensive review of machine learning and AI 
applications in CNC machine tools, covering areas such as 
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process optimization, predictive maintenance, and adaptive 
control. Similarly, Pimenov et al. [5] critically reviewed AI 
systems developed specifically for tool condition monitor-
ing, highlighting the potential of data-driven approaches 
to reduce tool failures and improve machining efficiency. 
These studies illustrate that AI-based methods have be-
come well-established for specific machining sub-tasks, yet 
their reliance on structured numerical data and predefined 
feature engineering limits their generalizability across di-
verse operational scenarios.

A closely related challenge is the automated selection 
of cutting tools, which traditionally depends on expert 
knowledge and catalog-based reasoning. Navaneethan et 
al. [6] reviewed the state of automated cutting tool selection 
methods, encompassing rule-based systems, case-based 
reasoning, and machine learning approaches. Their anal-
ysis revealed that despite notable progress, existing meth-
ods still struggle to incorporate the breadth of contextual 
factors — such as workpiece geometry, material properties, 
and machine constraints — that a human expert natural-
ly considers. This limitation points toward the need for AI 
systems capable of natural language understanding and 
multi-factor reasoning.

Traditional machine tool operations involve examining 
the G-Code, obtaining information about the material to be 
machined, selecting the appropriate tool for the operation 
based on this information, and adjusting the federate and 
spindle speed in accordance with the selected tool material 
and workpiece material to be machined [7].

These operations represent a set of cognitive tasks that 
require high knowledge of the discipline in line with the 
experience of the domain expert. After the transfer of spe-
cialized knowledge, training of new personnel, validation of 
the theoretical knowledge acquired in line with the practic-
es, the capacity and ability to fulfill these tasks are acquired.

However, with LLM technology reaching the capacity 
to perform cognitive tasks such as natural language under-
standing, generation, and reasoning, it offers the potential 
to transform, optimize, and comprehend complex engi-
neering problems for such tasks [8]. Recent research has 
demonstrated growing interest in applying LLMs to various 
manufacturing domains. Makatura et al. [9] evaluated LLM 
capabilities across design and manufacturing tasks, includ-
ing CNC machining project optimization, revealing both 
promising performance and notable limitations in spatial 
reasoning. Ni et al. [10] proposed an LLM-based manufac-
turing process planning approach aligned with Industry 
5.0, utilizing prompt engineering to guide sequential deci-
sion-making in process plan generation. In a broader scope, 
Shahin et al. [11] surveyed the applications of generative AI 
across the manufacturing lifecycle, documenting case stud-
ies in quality control, process optimization, and production 
planning while identifying critical gaps in domain-specific 
adaptation. Furthermore, the integration of generative AI 
with digital twin technology has emerged as a complemen-
tary avenue; Mata et al. [12] developed a comprehensive 
framework combining human expertise with generative AI 
in digital twin-based manufacturing systems, demonstrat-

ing enhanced decision-making capabilities through virtu-
al-physical synchronization.

Within this broader trend, several studies have spe-
cifically investigated LLM capabilities for G-code — the 
standard programming language for CNC machine tools. 
As noted in the work by Jignasu et al. [13], foundational 
LLMs showed limited understanding of geometries encod-
ed in G-code for additive manufacturing. Expanding on 
this direction, Šket et al. [14] compared ChatGPT-3.5 and 
ChatGPT-4o for G-code generation in CNC machining and 
found that while newer models produced more accurate 
code, they still required human verification for practical 
deployment. Abdelaal et al. [15] addressed this reliability 
concern by proposing GLLM, a self-corrective G-code gen-
eration framework that incorporates user feedback loops 
to iteratively improve the generated output. These studies 
collectively establish that while LLMs possess a degree of 
competence in G-code related tasks, significant challenges 
remain in ensuring accuracy and completeness.

Beyond G-code generation, researchers have explored 
LLM deployment for broader CNC operational tasks. Kani-
mozhi and Sriker [16] demonstrated an explorative deploy-
ment of a fine-tuned LLM for on-site CNC machine oper-
ator assistance, showing that domain-adapted models can 
address machine-specific queries more effectively than gen-
eral-purpose LLMs. Jeon et al. [17] proposed CNC-Talks, 
a conversational machine monitoring framework that inte-
grates LLMs with real-time data retrieval augmented gener-
ation (RAG) to enable natural language-driven interaction 
with CNC equipment. Stathatos et al. [18] applied LLMs to 
high-level computer-aided process planning (CAPP) in a 
distributed manufacturing context, generating alternative 
process plans from textual part descriptions. While these 
works demonstrate LLM capabilities in individual aspects 
of manufacturing, they each focus on a single sub-task rath-
er than evaluating LLMs across the full spectrum of cogni-
tive tasks involved in a machining workflow.

Despite this growing body of research, no study has yet 
provided a comprehensive evaluation that compares multi-
ple LLMs across different prompt engineering strategies on 
a complete machining workflow — encompassing G-code 
interpretation, cutting tool recommendation, and machin-
ing parameter estimation — while simultaneously validat-
ing the outputs against both industry-standard CAM soft-
ware and digital twin simulations. In this paper, the domain 
expertise of foundational LLMs is evaluated across these 
three key tasks in the machine tool domain to determine 
whether LLMs can serve as a generic, optimal, and stan-
dardized solution for these operations. For this purpose, 
different foundational LLMs and different prompt tech-
niques will be employed and compared.

MATERIALS AND METHODS

In this section, the traditional approaches for selecting 
machine parameters with domain expertise will be exam-
ined. The discussion begins with face milling as the refer-
ence operation.



J Adv Manuf Eng, Vol. 7, Issue. 1, pp. 31–43, June, 2026 33

Face Milling
Face milling is a machining operation that controls the 

height of the machine part. It is commonly used to generate 
flat reference surfaces before subsequent finishing operations.

Like all milling operations, face milling employs a 
cutting tool that rotates while the machined part remains 
stationary. Face milling requires that a specific amount of 
material be removed from the top of part, at one or several 
depth levels, in a single cut or multiple cuts [19].

Based on the machining operation, selection of a face 
mill cutter must consider several conditions [19].
•	 CNC machine specifications and condition
•	 Part material to be machined
•	 Setup method and work holding integrity
•	 Method of mounting
•	 Cutter overall construction
•	 Face mill diameter
•	 Number of inserts and insert geometry.

The last two items influenced actual program devel-
opment at most, because it has a direct relation with the 
cutting feed and spindle speed. the number of inserts and 
milling diameter directly affects the cutting speed and spin-
dle speed [20].

Large Language Models (LLMs)
Text generation and summarization with LLMs have 

increased significantly in recent years for many industries. 
Foundational LLMs which have been open sourced for use 
by the general have been trained with a large portion of data 
that includes many different fields including engineering, 
art, sports, and science. This way, LLMs can be used well for 
different types of industries and generate text for different 
types of tasks.

Also with reinforcement learning, the LLMs capabili-
ties went beyond. Reinforcement learning is a learning type 
based on a rewarding system for the LLMs to gather feed-
back directly from humans [21]. This enabled chatbots to 
establish communication based on user feedback and align 
the results based on the needs.

As concluded in work by Jignasu et al. [13], while founda-
tional LLMs can perform with reasonable proficiency, they also 
depict their critical limitations. Their experiments have shown 
that the understanding of LLMs for geometries with given 
G-Codes were limited in additive manufacturing domain.

Prompt Engineering
In this paper, three different types of prompting have 

been examined. Each type is presented with its role in the 
machine tool evaluation workflow.

Zero-Shot Prompts
Zero-shot prompts refer to instruction based single 

prompt, that can contain inputs such as:
•	 Step-by-step guidance
•	 Options to select
•	 Question etc.

Task description in a zero shot with instructions plays 
a crucial role during this type of prompting. E.g. “Translate 
‘how are you’ into German.”

As described in the work by Wei [22], a well-constructed 
zero-shot prompt performs considerably better than others. 
Theoretically a zero-shot prompt should contain whole infor-
mation with the instructions for LLM to reason the question, 
evaluate the data, and format result in an expected format.

Few-Shot Prompts
Few-shot prompts generally require a few task related 

examples that can lead to an optimum solution for the giv-
en task. For better understanding of user need, AI can be 
adjusted in-context via few-shot prompts [23]. This leads to 
better generations via LLMs.

Few-shot prompting is a procedure that you give examples 
regarding to task for a better understanding and limit LLM to 
work based on the subject. It will lead LLM to a solution.

Few-shot prompting acts like a fine-tuning procedure. 
With prompts, users can define a context for LLM to under-
stand what is needed, described or wanted for user.

Tree of Thought Prompts
A chain-of-thought is a series of intermediate natural 

language reasoning steps that lead to final output [24]. Tree 
of thoughts prompts are a combination of single-shot and 
few-shot prompting, it works poorly on tasks that require 
reasoning abilities and often does not improve substantially 
with increasing language model scale.

In the work by Wei [24], it is concluded that chain-of-
thought prompting is a simple method for enhancing the 
reasoning capabilities of LLMs. It is understood that, with a 
chain of thought, LLMs can scale way better for arithmetic, 
symbolic and commonsense reasoning.

Tree of thought prompt contains instruction and input, 
and the procedure continues with the requirement of more 
answers. A self-discussion will be led by the LLM resulting 
in the perfect scenario for the output.

Procedures
The main purpose of this methodological approach is, 

by using different prompt techniques, to determine to what 
extent LLMs can effectively perform the tasks mentioned 
above, which are based on human expertise in the tradi-
tional sense. These critical cognitive tasks mostly remain 
dependent on humans, and LLMs offer a new opportunity 
to automate these tasks. However, the direct use of outputs 
can cause situations such as damage to the tool, spoilage 
of the workpiece, etc., meaning, in terms of practical appli-
cability, verification is needed. Therefore, the methodology 
includes verification processes by comparing the generated 
outputs with CAM software (Siemens NX) [25] widely used 
in the industry and with simulations of the digital twin ap-
plication (Create MyVirtual Machine) [26] also produced 
by Siemens for the Sinumerik CNC controller.

To make an evaluation specific to the relevant domain, 
the following LLM models have been selected. These mod-
els provide a balanced comparison across commercial and 
open-source LLM families.

Claude V3.7 Sonnet: Anthropic’ s latest hybrid reason-
ing model; supports both fast inference and deep thought 
modes [27].
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DeepSeek-R1: DeepSeek’s inaugural open-source 
language model; designed for code and general-purpose 
tasks with competitive performance across benchmarks. 
Offers transparency, flexibility, and strong multilingual 
capabilities [28].

GPT-4.5: OpenAI’s transitional model bridging GPT-
4 and future iterations. Combines improved reasoning 
with faster response times and better tool integration. 
Ideal for both complex problem solving and everyday AI 
assistance [29].

Ground Truth Definition
In this section, the exact dataset (“ground truth”) used 

as a reference in the comparative evaluation of LLM capa-
bilities is defined in detail. Two face milling operations have 
been examined to compare and give in context.

Face Milling Operation Example 1
Workpiece material and tool features
The tool configuration for this operation is shown in 

Figure 1.
Material: C40 Steel (AISI/SAE 1040)
Tool Type: Facing Tool
Tool Diameter: 52 mm
Number of Flutes: 6
Cutting Angle: 45 °

Spindle speed and feed rate
Spindle speed for roughing: 980 RPM
Spindle speed for finishing: 1100 RPM
Cutting speed (Vc) for roughing: 160 m/min 
Cutting speed (Vc) for finishing: 180 m/min 
Feed rate for roughing: 880 mm/min 
Feed rate for finishing: 530 mm/min 
Feed per Tooth (Fz): 0.08 mm/rev

Operation Description
A face-milling operation is performed. It contains two 

groups, for roughing and finishing. The tool approaches the 
part along the Z axis to the reference plane (G507(Z20)), 
then moves in the part to 2.2 mm (G1 Z-2.2) and begins 
cutting by descending 0.2 mm below the surface (G1 Z-2.0). 
And then the finishing group starts with going first to the 
reference plane(G507). Then, finishing starts with going 
down to cutting area with command (G1 Z-2.5). And face 
milling operation continues.

Geometric Description
Initial setup:

•	 Program begins with G17 (XY plane), G40 (cutter com-
pensation off), G90 (absolute positioning)

•	 Tool selection: "ALU_D63" with actual cutting diameter 
of 52mm and 6 teeth

•	 Workpiece defined as box shape with dimensions 
155x100x20

Approach:
•	 Rapid traverse (G0) to initial position X5 Y-135
•	 Spindle starts at S980 rpm with cutting speed 

VC=160m/min

•	 Feed rate F880 with feed per tooth FZ=0.15mm
•	 Rapid descent to Z1mm followed by coolant activation 

(M8)
Roughing operation:
•	 Plunge cut to Z-2.2mm with 3mm corner rounding 

(RNDM=3)
•	 Zigzag pattern with 31mm step over (AE):

•	 Linear move from Y-135 to Y0
•	 2. Step right to X36
•	 Linear move to Y-100
•	 Step right to X67
•	 Linear move to Y0
•	 Step right to X98
•	 Linear move to Y-100
•	 Step right to X129

•	 Final move to Y0 Retract to Z2mm at end of roughing
Finishing operation:
•	 Repositioning to X0 Y-135 with increased spindle speed 

S1100 (VC=180m/min)
•	 Reduced feed rate F530 (FZ=0.08mm) for better surface 

finish
•	 Six parallel vertical passes with 26mm step over (AE):
1.	 Pass at X0: Cut from Y-135 to Y35, retract to Z2
2.	 Pass at X26: Cut from Y-135 to Y35, retract to Z2
3.	 Pass at X52: Cut from Y-135 to Y35, retract to Z2
4.	 Pass at X78: Cut from Y-135 to Y35, retract to Z2
5.	 Pass at X104: Cut from Y-135 to Y35, retract to Z2
6.	 Pass at X130: Cut from Y-135 to Y35, retract to Z2
•	 Finishing depth Z-2.5mm (0.3mm deeper than roughing)
Surface Coverage:
•	 X-axis coverage: 0mm to 130mm (total width of 

130mm)
•	 Y-axis coverage: -135mm to 35mm (total length of 

170mm)

Face Milling Operation Example 2
Workpiece material and tool features
The tool configuration for this operation is shown in 

Figure 2.
Material: Cast iron
Tool Type: Facing Tool
Tool Diameter: 25 mm
Number of Flutes: 3
Cutting Angle: 45 °

Figure 1. Tool scheme for face milling operation example 1.
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Spindle Speed and Feed Rate
Spindle Speed: 600 RPM
Feed rate: 180 mm/min

Operation Description
A face-milling operation is performed. The operation is 

executed in multiple passes with decreasing depth: 1.5mm, 
1.0mm, 0.5mm, and 0.0mm. The tool follows a zigzag pat-
tern with both linear and circular movements. The oper-
ation runs at a spindle speed of 600 RPM with a feed rate 
of 180mm/min. Coolant is active during the cutting opera-
tion. The coolant type is emulsion with boron oil.

Geometric Description
Initial setup:

•	 The program begins with G17 (XY plane), G40 (cutter 
compensation off), G90 (absolute positioning), G94 
(feed per minute)

•	 Tool selection: "MILL_D25" with 25mm cutting diameter
•	 Program uses G54 workpiece coordinate system
•	 Approach:
•	 Initial rapid positioning to X-360 Y223.9
•	 Tool change and setup with MILL_D25
•	 Spindle starts at S600 rpm with coolant activation (M8)
•	 Initial positioning to X-46.138 Y23.724 with B0 and C0
Cutting operation:
•	 Four identical passes at different Z depths (1.5mm, 

1.0mm, 0.5mm, 0.0mm)
•	 Each pass follows the same pattern:

•	 Linear cuts along X-axis
•	 Circular interpolation (G2/G3) for curved features
•	 Combined linear and circular movements creating a 

complex profile
Surface coverage:
•	 X-axis coverage: approximately -49mm to +37mm
•	 Y-axis coverage: approximately -20mm to +24mm
•	 Z-axis levels: 1.5mm, 1.0mm, 0.5mm, and 0.0mm

Prompt Techniques Examined Specific to Machine 
Tool Domain
In this section, it is explained in detail how the select-

ed prompt techniques -Zero- Shot, Few- Shot and Tree of 
Thought- are applied to the tasks in the study. The objective 
is to show how each technique supports operation review, 
tool selection, and parameter estimation.

Prompt Configurations for Operation Review Task
The main purpose at this stage is to evaluate the LLM's 

ability to correctly parse and interpret a universally written 
G Code part for the Face Milling operation. Thanks to the 
relevant prompt, it will be asked to infer information such 
as a specific "Operation Type" (e.g.: Face Milling) and "Geo-
metric Description" (e.g.: the process of correcting a 100x80 
mm surface by removing 0.5 mm).

Workpiece material and hardness are defined using gen-
eral information obtained from factory data. Although this 
information is not directly used in this stage, it is critical for 
subsequent tasks and is included in the setup.

Zero Shot Prompting Application for Direct Inference 
in Operation Examination Task
With this prompt technique, it is designed in such a 

way that the LLM is directly requested to perform a specif-
ic task using its general knowledge about CNC machining, 
G-Code analysis. Within the prompt, a role is usually as-
signed to the model, and it is ensured that it focuses on the 
relevant area of expertise. The prompt template is presented 
in Figure 3.

Few Shots Prompting Application for More Guidance 
in Operation Examination Task
With this prompt technique, it is structured to include 

a few examples input and output pairs to obtain the desired 
output. Within the framework of this study, a two-example 
learning approach will be used. As an example, a similar 
G-Code and the operation type and geometric description 
of this G-Code will be given. The prompt structure is shown 
in Figure 4.

Tree of Thought Prompting Application for Deliberative
Reasoning in Operation Examination Task
With this prompt technique, an attempt has been made 

to elicit deliberative reasoning for a single interaction with 
the LLM. Imagining multiple experts encourages the LLM 
to use various perspectives and generate lines of reason-

Figure 2. Tool scheme for face milling operation example 2.

Figure 3. Zero shot prompt template for operation exam-
ination.

Figure 4. Few shots prompt template for operation exam-
ination.
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ing. Each expert sharing their thoughts ensures that these 
causal steps are clearly expressed. Asking it to realize it 
is mistaken enables it to perform internal evaluation and 
eliminate this line of thought. The prompt template is giv-
en in Figure 5.

Prompt Configurations for the Task of Selecting 
Suitable Tool Properties
The main purpose at this stage is to evaluate the LLM’s 

ability to recommend suitable cutting tools for a specif-
ic Face Milling operation, considering the process re-
quirements and the properties of the workpiece material. 
Thanks to the relevant prompt, it will be asked to infer 
information such as “Tool Type” (e.g.: Indexable Face 
Mill), “Tool Material” (e.g.: Coated Carbide) and “Tool 
Geometry Features” (e.g.: Diameter, Number of Flute, 
Length). The properties of the tool will be compared with 

applied and used data obtained from factory data as it is 
mentioned in Section Claude Sonnet v3.7 Evaluation and 
Section Deepseek-R1 Evaluation.

Zero Shot Prompting Application for Direct Inference 
in the Task of Selecting Suitable Tool Properties
The prompt created using the approach mentioned in 

Section Claude Sonnet v3.7 is as follows (Fig. 6).

Few Shots Prompting Application for Deliberative 
Reasoning in the Task of Selecting Suitable Tool Properties
The prompt created using the approach mentioned in 

Section Deepseek-R1 Evaluation is as follows (Fig. 7).

Tree of Thought Prompting Application for Deliberative 
Reasoning in the Task of Selecting Suitable Tool Properties
The prompt created using the approach mentioned in 

Section GPT4.5 Preview Evaluation is as follows (Fig. 8).

Prompt Configurations for the Task of Estimating 
Suitable Spindle Speed and Feed Rate
The main purpose at this stage is to evaluate the LLM's 

inference of suitable cutting parameters -cutting speed 
(RPM) and feed rate (mm/minute)- for a specific workpiece 
and tool. This allows a direct comparison of model recom-
mendations against reference process values.

Zero Shot Prompting Application for Direct Inference 
in the Task of Estimating Suitable Spindle Speed and 
Feed Rate
The prompt created using the approach mentioned Sec-

tion GPT4.5 Preview Evaluation is as follows (Fig. 9).

Figure 5. Tree of thought prompt template for operation 
examination.

Figure 6. Zero shot prompt template for selecting suitable 
tool properties.

Figure 7. Few shots prompt template for selecting suitable 
tool properties.

Figure 8. Tree of thought prompt template for selecting 
suitable tool properties.

Figure 9. Zero shot prompt template for spindle speed and 
feed rate estimation.
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Few Shots Prompting Application For More Guidance 
in the Task of Estimating Suitable Spindle Speed and 
Feed Rate
The prompt created using the approach mentioned in 

Section Deepseek-R1 Evaluation Figure is as follows (Fig. 10).

Tree of Thought Prompting Application for Deliberative 
Reasoning in the Task of Estimating Suitable Spindle 
Speed and Feed Tate
The prompt created using the approach mentioned in 

Section GPT4.5 Preview Evaluation is as follows (Fig. 11).

EXPERIMENT AND APPLICATION PROTOCOL

Based on data obtained from the factory environment, 
sample G-Code blocks will be created with the help of NX 
CAM. This created G-Code will again be simulated on NX 
CAM, and the final processed output will be recorded and 
stored for future comparison [25].

Application of Prompts
For each defined prompt – G-Code interpretation, tool 

selection, and cutting parameter estimation – it will be run 
on the selected LLM platform. The text-based responses of 
the LLM will be recorded directly.

Operation Examination
The textual description regarding the G Code pro-

duced with the help of NX CAM will be evaluated based on 
known parameters and purpose. The assessment focuses on 
whether the generated interpretation matches the intended 
operation and geometry.

Selecting Tool Properties
A virtual tool corresponding to the “tool geometry fea-

tures” suggested by the LLM will be modelled in the sim-
ulation environment using the Create MyVirtual Machine 
application. The “Tool Type” and “Tool Material” outputs 
will be evaluated by comparing them with data obtained 
from the factory [26].

Estimating Spindle Speed and Feed Rate
The “Cutting Speed” and “Feed Rate” values suggested 

by the LLM will be applied in the simulation environment 
using Create MyVirtual Machine application. At this stage, 

the tool is virtually modelled in section Face Milling and 
the G-Code used for interpretation in section Large Lan-
guage Models will be run.

Comparison and Verification
The basic verification control will take place by running 

the created G-Code in the Create MyVirtual Machine en-
vironment. The main criterion for success is "the observa-
tion that the processed material is compatible with the NX 
Cam simulation output.". The properties of the virtually 
processed part (dimensions of the area where Face Milling 
is applied) include a geometric comparison of the output 
provided by NX CAM. The estimation of tool selection and 
cutting parameters will be verified by comparing them with 
data obtained from the factory.

Performance Evaluation Metrics
A series of metrics will be used to systematically evaluate 

the performance of LLM outputs throughout different prompt 
techniques and experimental stages. These metrics are de-
signed by referencing similar academic studies to measure the 
degree of accuracy and usability of LLM's suggestions [13].

Definition of Success Metrics Related to Operation Ex-
amination Task:
•	 Success: The LLM correctly identifies the operation type 

and presents an accurate and complete geometric de-
scription of the machining features, matching the given 
G-Code function.

•	 Partially Success: The LLM correctly identifies the oper-
ation type, but the geometric description contains mi-
nor deficiencies or errors that do not alter the essence of 
the operation.

•	 Unsuccess: The LLM identifies the wrong operation 
type, or the geometric description is significantly erro-
neous or misleading.
Definition of Success Metrics Related to Selecting Tool 

Properties Task:
•	 Success: All suggested tool parameters (“Tool Type”, 

“Tool Material”, “Tool Geometry”) represent a valid, 
optimal, or very close to optimal definition for the rel-
evant machining and workpiece. It will be compared 
with proven data obtained from the factory.

Figure 10. Few shots prompt template for spindle speed 
and feed rate estimation.

Figure 11. Tree of thought prompt template for spindle 
speed and feed rate estimation.
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•	 Partially Success: The suggested tool is generally suit-
able but may require minor adjustments for one or more 
parameters (e.g., if the suggested diameter is close to a 
standard size) or the suggested tool is a functional alter-
native, although not optimal.

•	 Unsuccess: The suggested tool is not suitable for the op-
eration, the material selection is incorrect, or the geo-
metric properties lead to poor performance or failure.
Definition of Success Metrics Related to Estimating 

Spindle Speed and Feed Rate Task:
•	 Success: The suggested spindle speed and feed rate val-

ues are within an acceptable tolerance range, such as ± 
5% of proven values obtained from the factory, and re-
sult in smooth machining in the digital twin.

•	 Partially Success: The parameters are outside the opti-
mal range but do not cause the simulation to fail com-
pletely (e.g., longer processing time), the part can still 
be machined correctly. It remains within the reference 
value ranges in the datasheet published by the tool man-
ufacturer for the tool used in the factory as it is men-
tioned in Section Claude Sonnet v3.7 Evaluation and 
Section Deepseek-R1 Evaluation.

•	 Unsuccess: The suggested parameters are largely in-
correct, leading to errors such as tool breakage, sur-
face defects, or inability to complete the operation. The 
suggested values are recommended completely inde-
pendently of the reference ranges in the tool defined 
factory data as it is mentioned in Section Claude Sonnet 
v3.7 Evaluation.

RESULTS AND DISCUSSION

At this stage, the results of the experiments conducted 
in line with the methodology will be discussed within the 
following scope. The discussion highlights both strengths 
and limitations observed across models and prompting 
techniques.
•	 Relative strengths and weaknesses of each prompt tech-

nique for the selected application specific to the ma-
chine tool domain.

•	 The type of error and tendency to error that LLMs re-
peat when working with machine tool information.

•	 The extent to which the current LLM outputs are reli-
able and the level of modification or expert intervention 
they generally require.

•	 Inferences for future research regarding its development 
for use as a domain assistant.

Discussions About the Operation Examination Task
In this section, the operation examination prompts 

were used for different language models and evaluation 
results have been discussed. The comparison emphasizes 
how accurately each model interprets operation type and 
geometry.

Claude Sonnet v3.7 Evaluation
Demonstrated a significant ability in this task. All 

prompting techniques achieved a "Partially Success" rating.
The Zero Shot model could not identify the operation as 

“face milling or surface milling”, it identified the operation 
as a “2D profile milling” operation. But the geometrical de-
scription was accurate. So, Zero Shot model correctly iden-
tified the 4 depth phases of the operation with 0.5 mm of 
depth. The path start was correctly identified, feed rate has 
been detected, and the cutting depth of the phases has cor-
rectly also identified. What made zero shot model to identi-
fy operation not correctly was the circular arcs in the profile 
shape. It was a face milling operation with smoothing that is 
why it contained circular arcs. But Zero Shot model detect-
ed these as a profile.

The Few Shots model also could not identify this opera-
tion as a “face milling or surface milling” operation, it iden-
tified the operation as a “Contour Milling operation.” But 
the geometrical description was also accurate. It correctly 
identified the four depth passes and in which Z coordinates 
it started. It correctly identified that these passes have the 
same pattern, and this operation is a high-precision opera-
tion with high-precision compression mode. It also detect-
ed that there is smooth motion control. 

The Tree of Thought approach, leveraging simulated 
expert consensus, also could not identify the operation as 
"Face milling / Surface machining." The geometric descrip-
tion mirrored Zero-Shot's accuracy in most aspects, includ-
ing the same minor X-limit discrepancy.

Deepseek-R1 Evaluation
Demonstrated a medium rated ability for this task. All 

prompting techniques could determine geometric descrip-
tions but had failure determining the operation.

The Zero Shot prompting model has detected the oper-
ation as “2.5D Milling”. It correctly identified the 4 passes 
at correct depths. It could also identify the feed rate and 
spindle speed from the given g-code and could describe the 
contouring path correctly.

The Few Shots model also could not identify this op-
eration as a “face milling or surface milling” operation, it 
identified the operation as a “Contour Milling” operation. 
But the geometrical description was also accurate. It cor-
rectly identified that there exists multiple depth passes and 
in which Z coordinates it started. It correctly identified that 
these passes have the same pattern. It correctly identified 
that the operation uses step-down milling with positional 
accuracy tolerances of 0.01 mm on all axes.

Tree of Thoughts approach has determined the opera-
tion type as “3-axis symmetrical profile finishing”. The mul-
tilevel passes were in the expert discussion, but it was not 
included in the conclusion. The interpolation turning and 
linear movements were also included in the expert discus-
sion, but it was not declared in conclusion. There was no 
information about spindle speed or feed rate.

GPT4.5 Preview Evaluation
Demonstrated a medium rate of ability with whole 

types of prompting. It could be said that GPT4.5 was not 
generally successful for this type of domain.

The Zero Shot model has determined the given op-
eration as a “contour milling” operation. It could deter-



J Adv Manuf Eng, Vol. 7, Issue. 1, pp. 31–43, June, 2026 39

mine that there exists a there are contour passes from 5 
to 0, but the accurate path or a step depth was not deter-
mined. The feed rate and spindle speed were also found 
from operation.

The Few Shots model had determined the operation as 
a “pocket milling” operation. It has been determined that 
the operation starts with an approach to 5 mm in Z and 
proceeds with cutting in different depths. The depths steps 
were given correctly. The spindle speed and feed rate were 
present. It also included there exists smooth transitions be-
tween segments with features like radii of 7.281 mm.

Tree of Thoughts approach generally failed. It deter-
mined the operation as a “roughing operation” with an end 
mill tool. The operation was made with a facing tool. The 
steps were also determined in the summary and discussion.

Comparison Between Language Models
With every prompt technique; all language models have 

failed to determine the operation type. They successfully 
found the depth step passes and determined the machining 
parameters that are contained in the operation. Geometri-
cal descriptions were present, but did not cover the whole 
operation details. It would really need additional comments 
and information from operators to achieve more.

The best answers were provided from Claude V3.7 Son-
net. Other than operation classification, geometrical de-
scriptions of the Claude V3.7 Sonnet were more detailed 
and more accurate. The summary of evaluation results is 
presented in Table 1.

Discussions About the Selecting Tool Properties Task

Claude Sonnet v3.7 Evaluation
All evaluated prompting techniques achieved a "Partial-

ly Success" rating. This indicates a general suitability of the 
suggestions, though none perfectly matched GT’s specific 
optimal tool.

In Zero Shots, the model correctly recommended a 
"Face mill cutter with multiple inserts " with material "Coat-
ed carbide inserts," which aligns with the GT and workpiece 
material. For tool geometry parameters, the model suggest-
ed a diameter range of 63-80 mm for this operation but has 
not determined a specific diameter as in ground truth. The 
number of flutes is also not specified, but a range of 5-8 has 
been given as a suggestion via model. Cutting angle was 
specified as 45 °. This was also a tool information that is 
determined in ground truth.

Few Shots approach also correctly identified the "Facing 
Tool" type and "Carbide with TiAlN coating." It suggested 
specific parameters: L=80mm (GT: 100mm), D=63mm 
(GT: 25mm), and 5 Flutes (GT: 3). While the diameter dif-
fered, 63 mm is a standard and functional alternative.

The Tree of Thought summary correctly identified the 
"Face mill cutter" type and a consensus on "carbide inserts." 
The geometric discussion was rich, mentioning positive 
rake angles and lead angles. However, the final summary 
did not converge on specific dimensions for diameter or 
flute count matching the GT, instead offering characteris-
tics of a suitable tool class.

Deepseek-R1 Evaluation
With this model, the few shots prompting technique 

achieved a "Partially Success" rating. Other techniques have 
not been so successful for suggesting an alternative func-
tional tool or a similarity with ground truth. This indicates 
a general suitability of the suggestions, though none per-
fectly matched GT’s specific optimal tool.

With Zero Shot approach, the model correctly recom-
mended a “Face milling tool with indexable inserts”. The 
material was “Carbide with TiAlN coating. It suggested s 4-6 
numbers of flutes but did not suggest a diameter. It specified 
a 45 ° lead angle, positive rake angle. There were no diame-
ters or tool length specified. It can be said that a base shape 
for a cutter has been determined but specified alternative or 
a ground truth-based example has not been given.

With Few Shots approach, the parameters were specified. 
It correctly identified the operation as a face milling and gave 
a suggestion for the tool type as “face milling cutter” with 
material as” carbide with TiAlN coating”. It gave tool length 
80 mm (GT: 100 mm), diameter as 63 mm (GT: 25 mm), 
number of flutes as 5 (GT: 3). This correctly establishes a 
functional alternative for the operation as a suggestion.

With the Tree of Thoughts approach, the parameters 
were not specified in the Summary. It correctly identified 
the operation as a face milling and gave a suggestion for the 
tool type as “face milling cutter” with material as” carbide 
with TiAlN coating”. The model did not suggest a diame-
ter, number of flute or tool length. No similarity or ground 
truth has been determined by model for this operation with 
this prompting approach.

ChatGPT-4.5 Preview Evaluation
With ChatGPT-4.5 Preview model, the few shots 

prompting technique achieved a "Partially Success" rat-
ing. Other techniques were not suitable for suggesting 
an alternative functional tool or a similarity with ground 
truth. This indicates a general suitability of the suggestions, 
though none perfectly matched GT’s specific optimal tool.

In Zero Shot approach, the model correctly recom-
mended a “Face milling tool with indexable inserts”. The 
material was “Carbide with TiAlN coating. No specific pa-
rameters for length, diameter or number of flutes have been 
suggested. It specified a 45 ° lead angle, positive rake angle.

In Few Shots approach, the parameters were specified. It 
correctly identified the operation as a face milling and gave 
a suggestion for the tool type as “facing tool” with material 
as” carbide ISO P-type recommended”. It gave tool length 
80 mm (GT: 100 mm), diameter as 50 mm (GT: 25 mm), 
number of flutes as 4 (GT: 3). This correctly establishes a 
functional alternative for the operation as a suggestion.

Table 1. Operation examination results for selected LLMs

LLMs Success Partially 
success

Unsuccess

Claude v3.7 sonnet *
Deepseek-R1 *
GPT 4.5 *
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In the Tree of Thoughts approach, the parameters were 
not specified in the Summary. It correctly identified the 
operation as a face milling and gave a suggestion for the 
tool type as “face milling cutter” with material as” carbide 
with TiAlN coating”. The model did not suggest a diame-
ter, number of flute or tool length. No similarity or ground 
truth has been determined by model for this operation with 
this prompting approach.

Comparison Between Language Models
The Few-Shots approach established good reasoning 

with different models; however, apart from this approach, 
the information provided was insufficient to create a func-
tional alternative tool or a similar tool with ground truth. 
The best scenario was established by Claude V.37 Sonnet. 
The evaluation results are summarized in Table 2.

Discussions about the Estimating Spindle Speed and 
Feed Rate Task

Claude Sonnet v3.7 Evaluation
With the Zero Shot technique, parameters derived 

(n=2292 RPM, Vf=1032 mm/min) based on standard ma-
chining parameters (Vc = 180 m/min, fz = 0.15 mm/tooth). 
While these are common catalogue values for C40 steel 
with carbide and would likely allow the operation to pro-
ceed without immediate tool failure, the given suggestion 
and actual GT values differ. The federate for finishing in GT 
was approximately 10 times lower than the suggested feed 
rate. Spindle speed for this operation has been suggested 
by model also approximately 4 times bigger than the GT. 
This significant discrepancy renders the output "Unsuccess" 
when compared against the factory's proven, high-perfor-
mance values. Its relative "strength" (if any in this context) 
was adherence to general safe practices, but this was insuf-
ficient for the task's success criteria.

With the Few Shots technique, parameters derived 
(n=2000 RPM, Vf=900 mm/min) based on standard ma-
chining parameters (Vc = 160 m/min, fz = 0.15 mm/tooth). 
While these are common catalogue values for C40 steel 
with carbide and would likely allow the operation to pro-
ceed without immediate tool failure, the given suggestion 
and actual GT values differ. The federate for finishing in GT 
was approximately 8 times lower than the suggested feed 
rate. Spindle speed for this operation has been suggested 
by model also approximately 4 times bigger than the GT. 
This significant discrepancy renders the output "Unsuccess" 
when compared against the factory's proven, high-perfor-
mance values. Its relative "strength" (if any in this context) 
was adherence to general safe practices, but this was insuf-
ficient for the task's success criteria.

The Tree of Thought's consolidated recommendations 
(n=2230 RPM, Vf=1000 mm/min) were, like Zero-Shot, based 
on conservative, widely accepted cutting speeds (Vc≈207 m/
min) and feeds per tooth (fz≈0.12 mm/tooth). These deviated 
from the GT by approximately 3 times greater and 10 times 
greater. While the reasoning process involved simulated ex-
pert discussion, the outcome still fell far bigger of GT’s opti-
mized parameters, leading to an "Unsuccess" rating.

Deepseek-R1 Evaluation
With the Zero Shot technique, parameters derived 

(n=2546 RPM, Vf=1500 mm/min) based on standard ma-
chining parameters (Vc = 200 m/min, fz = 0.2 mm/tooth). 
While these are common catalogue values for C40 steel 
with carbide and would likely allow the operation to pro-
ceed without immediate tool failure, the given suggestion 
and actual GT values differ. The federate for finishing in GT 
was approximately 10 times lower than the suggested feed 
rate. Spindle speed for this operation has been suggested 
by model also approximately 4 times bigger than the GT. 
This significant discrepancy renders the output "Unsuccess" 
when compared against the factory's proven, high-perfor-
mance values. Its relative "strength" (if any in this context) 
was adherence to general safe practices, but this was insuf-
ficient for the task's success criteria.

With the Few Shots technique, parameters derived 
(n=2000 RPM, Vf=900 mm/min) based on standard ma-
chining parameters (Vc = 160 m/min, fz = 0.15 mm/tooth). 
While these are common catalogue values for C40 steel 
with carbide and would likely allow the operation to pro-
ceed without immediate tool failure, the given suggestion 
and actual GT values differ. The federate for finishing in GT 
was approximately 8 times lower than the suggested feed 
rate. Spindle speed for this operation has been suggested 
by model also approximately 4 times bigger than the GT. 
This significant discrepancy renders the output "Unsuccess" 
when compared against the factory's proven, high-perfor-
mance values. Its relative "strength" (if any in this context) 
was adherence to general safe practices, but this was insuf-
ficient for the task's success criteria.

The Tree of Thought's consolidated recommendations 
(n=1900 RPM, Vf=750 mm/min) were, like Zero-Shot, 
based on conservative, widely accepted cutting speeds 
(Vc≈207 m/min) and feeds per tooth (fz≈0.12 mm/tooth). 
These deviated from the GT by approximately 3 times 
greater for spindle speed and 7 times greater for feed rate. 
While the reasoning process involved simulated expert dis-
cussion, the outcome still fell far bigger of GT’s optimized 
parameters, leading to an "Unsuccess" rating.

ChatGPT-4.5 Preview Evaluation
With the Zero Shot technique, parameters derived 

(n=2290 RPM, Vf=680 mm/min) based on standard ma-
chining parameters (Vc = 180 m/min, fz = 0.15 mm/tooth). 
The suggestion given and actual GT values differ. The feder-
ate for finishing in GT was approximately 5 times lower than 
the suggested feed rate. Spindle speed for this operation has 
been suggested by model also approximately 3 times bigger 
than the GT. This significant discrepancy renders the out-

Table 2. Selecting tool properties results for selected LLMs

LLMs Success Partially 
success

Unsuccess

Claude v3.7 Sonnet *
Deepseek-R1 *
GPT 4.5 *
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put "Unsuccess" when compared against the factory's prov-
en, high-performance values. Its relative "strength" (if any 
in this context) was adherence to general safe practices, but 
this was insufficient for the task's success criteria.

With the Few Shots technique, parameters derived 
(n=2040 RPM, Vf=920 mm/min) based on standard ma-
chining parameters (Vc = 140 m/min, fz = 0.15 mm/tooth). 
While these are common catalogue values for C40 steel 
with carbide and would likely allow the operation to pro-
ceed without immediate tool failure, the given suggestion 
and actual GT values differ. The federate for finishing in GT 
was approximately 8 times lower than the suggested feed 
rate. Spindle speed for this operation has been suggested 
by model also approximately 4 times bigger than the GT. 
This significant discrepancy renders the output "Unsuccess" 
when compared against the factory's proven, high-perfor-
mance values. Its relative "strength" (if any in this context) 
was adherence to general safe practices, but this was insuf-
ficient for the task's success criteria.

The Tree of Thought's consolidated recommendations 
(n=1700 RPM, Vf=1000 mm/min) were, like Zero-Shot, 
based on conservative, widely accepted cutting speeds 
(Vc≈135 m/min) and feeds per tooth (fz≈0.2 mm/tooth). 
These deviated from the GT by approximately 3 times 
greater for spindle speed and 10 times greater for feed rate. 
While the reasoning process involved simulated expert dis-
cussion, the outcome still fell far bigger of GT’s optimized 
parameters, leading to an "Unsuccess" rating.

Comparison Between Language Models
The ground truth values differ a lot with the suggested 

values with all language models. Spindle speed values were 
much higher than ground truth for every model, it was also 
the same for feed rate. It can be said that standard values 
for calculation of the feed rate and spindle speed are not 
enough to get optimum cutting speeds. The results are pre-
sented in Table 3.

CONCLUSION

This study evaluated three foundational large lan-
guage models — Claude V3.7 Sonnet, DeepSeek-R1, and 
GPT-4.5 — across three core machining tasks (operation 
examination, cutting-tool selection, and spindle-speed / 
feed-rate estimation) using zero-shot, few-shot, and tree-
of-thought prompting. The outputs were verified against 
industry-standard CAM software (Siemens NX [25]) and 
digital twin simulations (Create MyVirtual Machine [26]). 
The results reveal a clear gradient of capability: LLMs can 
partially interpret machining operations, can propose func-

tional alternative cutting tools under guided prompting, 
but consistently fail at quantitative parameter estimation — 
with suggested spindle speeds and feed rates deviating from 
factory-proven values by factors of three to ten.

A central finding is that apparent improvements in LLM 
output can mask underlying safety hazards — a pattern ap-
propriately described as "false efficiency." Campean and 
Pop [30] independently demonstrated this phenomenon: 
ChatGPT's optimization of a CNC milling program yielded 
a 37 % cycle-time reduction, yet 83 % of that saving resulted 
from the silent deletion of a required pocket-milling oper-
ation and the removal of safety-critical G43 and G28 com-
mands, producing a non-conforming part. In the present 
study, the 3–10× parameter overestimates would likewise 
shorten nominal cycle times while simultaneously pushing 
the process into regimes that risk tool breakage, workpiece 
scrap, and machine collision. These results caution against 
interpreting raw LLM-generated metrics as genuine pro-
cess improvements without rigorous physical verification.

The experiments further demonstrate that deploying 
LLMs in the machining domain does not eliminate the need 
for human expertise — it redistributes it. Every LLM output 
in this study required expert review: operation descriptions 
needed correction of misidentified operation types, tool sug-
gestions required dimensional adjustment, and parameter 
estimates had to be discarded entirely. Rather than reducing 
the operator's cognitive load, the current generation of LLMs 
shifts the burden from direct task execution to output veri-
fication — a distinction that must be acknowledged when 
assessing the practical value proposition of LLM-assisted 
manufacturing. Aghaei and Ansari [31] reached a similar 
conclusion in their broad review, noting that foundation lan-
guage models generate linguistically plausible but technically 
inaccurate answers and that safety-critical validation mecha-
nisms are rarely integrated into existing workflows.

Importantly, the failures observed in parameter esti-
mation cannot be attributed solely to prompt engineering 
deficiencies. Even the tree-of-thought technique — which 
structures multi-step deliberative reasoning and represents 
the most sophisticated prompting strategy tested — pro-
duced "Unsuccess" results across all three models. This out-
come indicates that the limitation is not in how questions 
are posed to the model but in the model's fundamental lack 
of deterministic, physics-grounded reasoning. LLMs gener-
ate outputs by statistical next-token prediction over textual 
corpora; they do not solve the underlying force-balance, 
thermal, and vibration equations that govern metal-cutting 
dynamics. Consequently, no refinement of natural-lan-
guage prompting alone is likely to bridge the gap between 
catalogue-level heuristics and the process-specific parame-
ter sets that safe, efficient machining demands.

Given this structural limitation, future research should 
explore hybrid architectures that combine the natural-lan-
guage interface strengths of LLMs with physics-informed 
computational methods. Physics-informed neural networks 
(PINNs) have recently demonstrated the ability to encode 
governing equations directly into the learning process for 
machining applications. Darshan et al. [32] developed a 
physics-informed cutting-force model for end milling that 

Table 3. Estimating spindle speed and feed rate results 
for selected LLMs
LLMs Success Partially 

success
Unsuccess

Claude v3.7 Sonnet *
Deepseek-R1 *
GPT 4.5 *
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achieved high predictive accuracy with limited experimen-
tal data by embedding force-equilibrium constraints into 
the network loss function. Zhang et al. [33] proposed a hier-
archical Bayesian PINN for the inverse estimation of grind-
ing process parameters grounded in contact-mechanics the-
ory. These advances suggest that coupling an LLM front-end 
— responsible for G-code interpretation, intent parsing, and 
report generation — with a PINN back-end — responsible 
for physics-constrained parameter estimation and process 
simulation — could yield a system that retains the acces-
sibility of natural-language interaction while delivering the 
quantitative reliability that standalone LLMs currently lack.

In summary, while foundational LLMs represent a prom-
ising interface technology for the machine tool domain, the 
present results demonstrate that they are not yet a substitute for 
domain expertise in safety-critical machining decisions. Their 
deployment should be accompanied by mandatory verification 
through digital twin simulation and expert oversight, and fu-
ture development should focus on integrating physics-based 
reasoning capabilities rather than relying solely on larger train-
ing corpora or more elaborate prompting strategies.
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