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ABSTRACT
This paper is a practical guide and case-study workflow for

using Large Language Models (LLMs) to generate solver code
for selected classical kinematics problems, rather than a con-
trolled head-to-head benchmark of commercial agents. The re-
ported solver results were generated with OpenAI Codex 5.3 in a
local coding-agent workflow; Claude and Gemini are discussed
only as comparable workflow options, not as experimentally com-
pared systems. The study addresses three categories of kinematic
challenges: (1) analysis and synthesis of planar and spherical
linkages, (2) seven-position synthesis of spatial SS dyads (the spa-
tial Burmester problem), and (3) forward kinematics of general
Stewart–Gough platforms involving a 40th-degree characteristic
polynomial. For each problem, we document the mathematical
formulation, the classical solution procedure, the prompt struc-
ture, and the validation checks available from known solution
counts, residuals, and planted-root tests. The results show that
LLM-generated code can be effective for well-posed tasks when
the problem formulation and validation criteria are explicit, but
advanced polynomial systems still require human domain exper-
tise to select stable numerical methods and diagnose failures. In
particular, the spatial SS dyad example required human direction
toward a companion-matrix generalized eigenvalue formulation
to avoid catastrophic cancellation in determinant expansion. The
contribution is therefore a reproducible workflow template for
human–AI collaboration in kinematics solver development, with
explicit limitations on autonomy, prompt sensitivity, and numer-
ical method selection.
Keywords: large language models, artificial intelligence, kine-
matics, kinematic synthesis, kinematic analysis, code generation

1. INTRODUCTION
Kinematics is a foundational discipline in mechanical engi-

neering and robotics that deals with the geometry of motion. The
history of kinematics over the past two centuries is characterized

∗Corresponding author: su.298@osu.edu

by a progressive abstraction of motion and a continuous quest to
solve increasingly complex nonlinear polynomial systems. Con-
currently, research into closed-loop spatial chains led to the study
of parallel robots, most notably the Gough–Stewart platform. The
forward kinematics (FK) of this mechanism presented another
formidable algebraic challenge, ultimately shown to yield a 40th-
degree characteristic polynomial representing up to 40 distinct
solutions [1, 2]. These classical milestone problems have his-
torically required sophisticated algebraic elimination techniques
and highly robust numerical methods to solve. The analytical
solutions to many classical problems are well documented in the
literature, yet the process of implementing them—deriving equa-
tions, coding solvers, and validating results—remains tedious,
error-prone, and time-consuming.

The application of large language models (LLMs) to engi-
neering and scientific problems has rapidly expanded, opening
new paradigms for human–AI collaboration in code generation,
symbolic manipulation, and computational checking. Recent
advances in LLMs such as GPT-4 [3], GPT-5 [4], and Claude
3.5 Sonnet exhibit useful capabilities in mathematical reasoning
and symbolic manipulation, but their reliability remains strongly
dependent on prompts, tool access, and independent validation.
Within robotics, Su presented an LLM-assisted human–AI col-
laborative framework specifically targeted at developing analyti-
cal IK solvers for 6R robots [5].

This paper presents a practical guide for using LLM coding
agents to help generate solver scripts for foundational kinemat-
ics problems. The examples are kinematic analysis of a four-bar
linkage and synthesis of RR, PR, and spherical RR dyads from
McCarthy and Soh [6], the spatial SS dyad from Liao and Mc-
Carthy [7], and the forward kinematics of the general Stewart–
Gough platform from Husty [2]. The purpose is not to establish
a statistically rigorous benchmark across LLM vendors. Instead,
the paper documents a case-study workflow: how a human expert
frames the mathematical problem, supplies source material and
expected checks, prompts the coding agent, and then validates or
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corrects the generated solver.

2. PROMPTING LLMS FOR CODE GENERATION
Recent LLMs such as OpenAI’s Codex 5.3 [4] have shown

useful capabilities in code generation and symbolic manipula-
tion, motivating their application to classical kinematics prob-
lems. This section describes the collaborative workflow, agent
environment, and prompting strategy used throughout the case
studies.

2.1. AI Agent Environment Setup
We established a hierarchical environment setup based on the

desired level of tool integration. For more challenging kinematics
problems, tool access to a local interpreter and CAS is useful, but
the user must still inspect intermediate results and guide the agent
when the mathematical strategy is underspecified. The four levels
of AI tool integration are:

1. Conversational Chat Mode: The first level of interaction
is conversational chat. This involves submitting question-
s/requests to chat sessions (e.g., ChatGPT).

2. IDE-Based Code Generation: The second level leverages
an integrated development environment (IDE) equipped
with an AI coding extension and a local interpreter. The
user prompts the LLM to write and execute code, with
the extension in “agent mode” when file generation and
local test execution are desired. In this work, OpenAI’s
Codex 5.3 [8] was the agent used for the reported solver
results. Anthropic’s Claude Opus 4.6 [9] and Google’s
Gemini 3.1 Pro (Thinking) [10] were considered as alter-
native coding-agent interfaces for the same workflow, but
no comparative performance claims are made among these
systems. A local Python 3.11 environment allowed the
agent to validate numerical solver scripts without cloud
execution overhead.

3. Computational Tool Integration: The third level inte-
grates computer algebra systems (CAS) like SymPy, Math-
ematica or MATLAB to handle computationally extensive
tasks requiring heavy symbolic derivations. For our sym-
bolic tasks, we utilized Mathematica 14.3, with the AI
agent executing scripts via the wolframscript command-
line utility.

4. Self-Debugging via MCP in Sandbox: The highest level
of tool integration employs a Model Context Protocol
(MCP) server within a sandbox environment using Ope-
nAI’s Codex 5.3 model. This setup allows the AI agent to
write code, generate numerical examples, execute scripts,
and attempt self-debugging directly on the local machine.
The agent can analyze output results and iterate on code, but
mathematical correctness still depends on human-specified
validation criteria, such as comparison against ground-
truth data, planted roots, solution counts, or kinematic
residual checking.

The division of labor in the case studies is as follows. The
human expert selected the case-study problems, supplied the

source papers or textbook chapters, identified the expected solu-
tion counts or known roots, judged whether residual checks were
meaningful, and diagnosed failures when the generated approach
was mathematically unstable. The LLM generated Python or
Mathematica scripts, intermediate reports, and revised code af-
ter receiving this guidance. Credit for the final solvers should
therefore be assigned to the human–AI workflow rather than to
the LLM alone.

To successfully implement this workflow and reproduce the
results presented in this paper, the following minimum require-
ments and steps must be met:

1. An active subscription to OpenAI’s ChatGPT Plus
(or higher), GitHub Copilot, or a Google Gemini Pro
account.

2. Installation of a compatible IDE, such as Visual Stu-
dio Code (VS Code) or the Antigravity IDE.

3. Installation of the appropriate AI extension (e.g., the
Codex extension for VS Code; no additional exten-
sion is required for Antigravity, which uses a default
Gemini account).

4. Installation of Mathematica 14.3 and Python 3.11
(with NumPy and SciPy). Make sure that the AI
agent has access to these tools in the command line.
For instance "wolframscript" and "python" should be
recognized by the AI agent in the terminal of the IDE.

5. Download the prompt files and related reference ma-
terials (e.g., source papers or digital book files) from
the associated GitHub repositories and unzip them
into a local directory.

6. Open the local directory created in the previous step
within the chosen IDE.

7. Initiate a chat session with the AI agent using the files
in the local workspace.

2.2. Prompt Structure
Each prompt includes: (1) a context block establishing the

LLM’s role as a domain expert, (2) a task block defining the
specific problem and solution method, (3) a requirements block
specifying edge cases, numerical tolerances, and validation tests,
and (4) a deliverables block describing the expected output for-
mat.

To illustrate this structure, consider the following example
prompt used for the planar RR dyad synthesis problem:

[Context] You are an expert in kinematics and mechanism
design.
[Task] Your task is to read the provided PDF (e.g., Chapter 5
of Geometric Design of Linkages) in the workspace to
understand the derivation of the synthesis equations for a
planar RR dyad. Understand the mathematical reasoning and
derive the constraint equations. Then, write a complete
Python script to solve for the moving and fixed pivots.
[Requirements] Test the generated code using the numerical
example provided in the text. Autonomously debug the code
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until the expected results are obtained.

[Deliverables] Deliver a working Python script containing the

solver function and the numerical example validation.

To repeat the results given in the paper, submit a prompt such
as:

Read this prompt file in the current workspace and finish the

task specified in the prompt file.

The prompt file contains the four blocks described above.
Alternatively, to start from scratch without using a pre-

defined prompt file, submit a prompt such as:

Read the paper given in this PDF file and create Mathematica

scripts to reproduce the results published in this paper.

Compare the results with the numerical example given in the

paper, and debug the script until the expected results are

obtained.

This informal prompt typically requires multiple iterations to
produce the expected results. Human intervention is required to
analyze the results and provide feedback to the AI agent.

3. KINEMATIC ANALYSIS AND SYNTHESIS OF PLANAR
AND SPHERICAL LINKAGES

This section presents LLM-generated solutions for several
classical problems from the textbook Geometric Design of Link-
ages by McCarthy and Soh [6]. These problems are representative
of cases where the mathematical formulation is explicit, the ex-
pected solution structure is known, and validation can be stated
before code generation.

3.1. Problem Statement
We address three example problems:

• Analysis of planar four-bar linkages (Ch. 2): Given link
dimensions and the input angle, compute the output angle
using the Freudenstein equation.

• Synthesis of planar RR and PR dyads (Ch. 5): Given a
set of task positions, find the dimensions of an RR or PR
dyad that guides a rigid body through these positions.

• Synthesis of spherical RR dyads (Ch. 9): Extend the
planar synthesis to spherical mechanisms using rotation
matrices.

3.2. Kinematics Equations
3.2.1. Kinematic Analysis of Planar Four-Bar Linkages

For a planar four-bar (4R) linkage, let the link lengths be defined
as 𝑔 (ground), 𝑎 (input crank), ℎ (coupler), and 𝑏 (output crank).
Assume the origin of a fixed frame is at the input fixed pivot 𝑂,
with the 𝑥-axis passing through the output fixed pivot 𝐶. Let 𝜃
be the input angle and 𝜓 be the output angle.

The coordinates of the moving pivots 𝐴 and 𝐵 are A =

(𝑎 cos 𝜃, 𝑎 sin 𝜃)𝑇 and B = (𝑔 + 𝑏 cos𝜓, 𝑏 sin𝜓)𝑇 . The constant
length of the coupler link requires (B − A) · (B − A) − ℎ2 =

0. Substituting the coordinates and grouping terms yields the
constraint equation:

𝐴(𝜃) cos𝜓 + 𝐵(𝜃) sin𝜓 = 𝐶 (𝜃) (1)

The above equation can be solved for 𝜓 given 𝜃 using the tan-
gent half-angle substitution 𝑡 = tan(𝜓/2), yielding two assembly
configurations (open and crossed circuits) for the linkage.

To generate the solver code for this problem, the LLM is
supplied with the following structured prompt:

[Context] You are an expert in kinematics and mechanism
design. Work like a careful human engineer: read the source
material, extract the governing equations, implement them in
code, and verify results with explicit checks.
[Task] Read the provided ‘Ch2_GDL.txt‘ chapter file in the
workspace (the chapter on planar linkage analysis from
Geometric Design of Linkages). From that text, identify the
formulation for planar 4-bar (4R) kinematic analysis, then
write a complete Python script that: - computes the linkage
configuration from given link dimensions and input angle(s),
- solves for the unknown angle(s) using the chapter’s
equations and conventions, - and reports all physically
valid solution branches.
[Requirements] 1. Do not assume formulas from memory; first
read the provided ‘.txt‘ and follow the derivation given
there. 2. Implement clean, runnable Python code (‘.py‘) with
clear functions for: equation setup, solver logic, branch
handling, and residual/error checking. 3. Include robust
numerical handling: angle wrapping, inverse-trig domain
clipping, tolerance-based validation, and clear behavior for
non-assembly or singular cases. 4. Validate the script with
at least one numerical example from the chapter if available,
otherwise create a reasonable test case and state that it is
user-defined. 5. Autonomously debug until the script runs
successfully and the validation checks pass. 6. Generate a
‘report.md‘ file summarizing: the command(s) run, the
input/link parameters and test angles, key branch outputs,
and the final validation status.

[Deliverables] 1. One working Python script containing the

solver implementation, a reproducible numerical example, and

printed validation results. 2. A short summary in plain text

that includes which equations/sections from the ‘.txt‘ were

used, what test case was run, and whether validation passed.

3.2.2. RR Dyad, PR Dyad, and Spherical Linkage Syn-
thesis The synthesis equations for these problem types follow
the formulations developed in detail in [6] and are summarized
here for completeness. For an RR dyad, the design constraints en-
force a constant distance between the fixed pivot G and the moving
pivot W across all 𝑁 prescribed task positions; expanding these
constraints yields a bilinear system in the pivot coordinates that
is solved directly by linear algebra. For a PR dyad, the sliding
guide direction h is attached rigidly to the moving body, and the
constraint requires that the relative motion of the fixed pivot in the
body frame remain parallel to h, again producing a linear system.

For spherical RR dyads, the planar formulation is extended
to a sphere: the synthesis equations are cast entirely in terms of
rotation matrices [𝑅𝑗 ], with the constant great-circle arc length
between the moving pivot u and fixed pivot v replacing the Eu-
clidean distance constraint. Specifically, the 4-position and 5-
position spherical RR dyad synthesis problems are highly com-
plex, as solving them requires deriving a polynomial equation
from the constraints and determining its roots. These two prob-
lems necessitate the use of a Computer Algebra System (CAS),
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such as Mathematica, to robustly perform the algebraic elimina-
tion and obtain all possible solutions.

The prompts used to generate solvers for the planar RR,
planar PR, and 4-position spherical RR dyad synthesis problems
are available in the project’s GitHub repository [11]. To illustrate
the integration of CAS for these advanced synthesis challenges,
the complete prompt guiding the LLM to solve the 5-position
spherical RR problem is provided below, formatted consistently
with the previous example:

[Context] You are an expert in mechanism synthesis, spherical
kinematics, and symbolic/numeric algebraic elimination. Work
like a careful human engineer: read the chapter text, derive
the exact elimination workflow, implement reproducible CAS
code, and verify all computed solutions. Assume the
workspace contains only this prompt file and Ch9_GDL.txt.
[Task] Read Ch9_GDL.txt and solve the 5-position spherical
RR dyad synthesis problem for all solutions. Follow Section
9.4.6 and implement the algebraic elimination method using:
design equations (9.25), matrix setup for five positions
(9.55), cubic minors 𝑅𝑗 (9.56), dehomogenized polynomial
form (9.57), coefficient matrix in powers of 𝑦 (9.58), and
sixth-degree elimination polynomial 𝑃 (𝑥 ) (9.59). Compute all
roots of 𝑃 (𝑥 ), determine candidate Burmester axes, and
recover associated moving axes for each valid solution.
[Requirements] 1. Use CAS as the primary solver and provide a
Mathematica script (.wls) that runs end-to-end. 2. Do not
assume formulas from memory; extract and follow Chapter 9
notation directly. 3. Ensure reproducibility: fixed
precision/solver settings, deterministic ordering of roots,
no manual intervention. 4. Report all solutions from the
elimination pipeline: all polynomial roots, real Burmester
axes G𝑖, corresponding moving axes W1,𝑖,
multiplicities/degenerate cases if present. 5. Validate each
candidate solution using residuals of the original
constraints (9.25) across all five positions. 6. Assume only
this prompt file and Ch9_GDL.txt exist in the workspace. 7.
Autonomously debug until results are reproducible. 8.
Generate a report.md summarizing equations used, run
commands, full solution tables, and validation outcomes.

[Deliverables] 1. A runnable Mathematica script (e.g.,

ch9_rr_5pos_synthesis.wls) implementing the full elimination

workflow. 2. Reproducible output files containing polyno-

mial coefficients, roots, recovered axes, and residual checks.

3. A concise report file with chapter-equation traceability,

input orientation data, all computed solutions, and final

validation/pass-fail summary.

The reader is referred to Chapters 5 and 9 of [6] for the
complete derivations.

3.3. Code Generation by LLM
Each reported problem in this section was solved using a

structured prompt submitted to OpenAI’s Codex 5.3 [8]. The
prompt specified the mathematical formulation (referencing the
relevant chapter of [6]), the expected number of solutions, and
validation test cases from the textbook exercises. For the spherical
RR dyad synthesis problems, the LLM executed Mathematica
scripts via the command line to perform the required algebraic
elimination under human-specified requirements.

Because the underlying mathematics of the planar examples
largely involves direct linear algebra or low-degree polynomial
equations, code generation was comparatively straightforward.
In these cases, the agent often produced runnable scripts and

reports from a single structured prompt, with the human role
concentrated on selecting the source material and checking the
reported residuals and solution branches. This result should be
interpreted as evidence of effective prompt-guided implementa-
tion for well-specified examples, not as evidence that the agent
can solve arbitrary kinematics problems without expert review.

3.4. Evaluation Results
Table 1 summarizes the results across all problems in this

category.

TABLE 1: Summary of planar and spherical linkage problems
solved by LLM

Problem Expected LLM Match
Solutions Found

Four-bar analysis 2 2 Yes
RR dyad (3 pos.) 1 1 Yes
PR dyad (3 pos.) 1 1 Yes
Spherical RR (4 pos.) ∞ (curve/cone) ∞ (curve/cone) Yes
Spherical RR (5 pos.) up to 6 2 real, 4 complex Yes

All LLM-generated solutions matched the textbook results
within numerical precision (< 10−10). The code was typically
generated in a single structured prompt with minimal iteration,
but informal prompts that omitted the source chapter, expected
solution count, or residual checks required additional correction.
All prompts, generated scripts, and test reports are publicly avail-
able in the GitHub repository [11], so the reported outcome can
be reproduced and prompt sensitivity can be inspected directly.

Building upon these foundational problems, we now tran-
sition to solving two significantly more challenging kinematics
problems: the synthesis of spatial SS dyads [7] and the forward
kinematics of the general Stewart–Gough platform [1, 2]. Both
are classical problems that have been solved previously, but they
typically require substantially more analytical derivation and al-
gebraic elimination efforts.

4. SYNTHESIS OF SPATIAL SS DYADS
4.1. Problem Statement

The goal of synthesis of spatial SS dyads is to find the fixed
and moving pivots of a spherical dyad that satisfies a given set of
spatial positions. This problem is often referred to as the spatial
Burmester problem. Here we reproduce the seven-position spatial
synthesis solver presented by Liao and McCarthy [7].

4.2. Kinematics Equations
Let B = (𝐵𝑥 , 𝐵𝑦 , 𝐵𝑧)𝑇 denote the fixed pivot and p =

(𝑝𝑥 , 𝑝𝑦 , 𝑝𝑧)𝑇 denote the moving pivot. For 7 prescribed spa-
tial positions defined by rotation matrices [𝐴𝑖] and translations
d𝑖 , the SS chain constraint requires:

| [𝐴𝑖]p + d𝑖 − B|2 = 𝑟2, 𝑖 = 1, . . . , 7 (2)

4.3. Solution Process
To eliminate the other unknowns to obtain a univariate poly-

nomial in 𝐵𝑧 , we take the following steps:
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Subtracting pairs of equations eliminates 𝑟2, p𝑇p, and B𝑇B,
yielding 6 design equations linear in p:

M𝑇
𝑖 p + 𝑁𝑖 = 0, 𝑖 = 1, . . . , 6 (3)

where M𝑖 and 𝑁𝑖 are linear in B. The 6 equations form a 6 × 4
augmented matrix 𝐶, and the requirement that every 4 × 4 sub-
matrix be singular produces

(︁6
4
)︁
= 15 determinantal constraints.

Each is a degree-4 polynomial in (𝐵𝑥 , 𝐵𝑦 , 𝐵𝑧).
Expanding in the 15 monomials of (𝐵𝑥 , 𝐵𝑦) up to total degree

4 yields a 15 × 15 coefficient matrixM(𝐵𝑧):

M(𝐵𝑧) = 𝑀0 + 𝑀1𝐵𝑧 + 𝑀2𝐵
2
𝑧 + 𝑀3𝐵

3
𝑧 + 𝑀4𝐵

4
𝑧 (4)

The condition det(M(𝐵𝑧)) = 0 yields a polynomial of effective
degree 20 in 𝐵𝑧 .

The numerical difficulty is caused by the structure ofM(𝐵𝑧)
as a 15 × 15 matrix polynomial whose entries come from de-
pendent quartic determinantal constraints. A naive determinant
expansion has a nominal degree as high as 60 and contains a very
large number of signed product terms, while the geometry of the
problem cancels most high-degree contributions and leaves an
effective degree of 20. In floating-point arithmetic, the large in-
termediate products and alternating cancellations can destroy the
small residual coefficients that distinguish the true roots, which
explains why direct symbolic expansion followed by numerical
root finding recovered only part of the solution set.

This risk can be detected before expanding the determinant.
Algorithmic warning signs include a large gap between the nom-
inal determinant degree and the known geometric degree, rank
deficiencies in the leading coefficient blocks 𝑀4, 𝑀3, . . ., rapidly
growing coefficient norms in trial expansions, and sensitivity of
reconstructed determinant coefficients to working precision. In
practice, one can form the matrix-polynomial coefficients exactly
or at high precision, inspect the rank profile of the leading blocks,
and compare roots obtained from determinant expansion at in-
creasing precision against the roots of a companion linearization.
These tests flag the expansion as ill-conditioned before relying
on the scalar polynomial.

Therefore, rather than computing det(M(𝐵𝑧)) symbolically
as a degree-20 polynomial, we linearize the matrix polynomial
M(𝐵𝑧) = 𝑀0 + 𝑀1𝐵𝑧 + 𝑀2𝐵

2
𝑧 + 𝑀3𝐵

3
𝑧 + 𝑀4𝐵

4
𝑧 into a 60 × 60

companion matrix pencil:

⎛⎜⎜⎜⎝
0 𝐼 0 0
0 0 𝐼 0
0 0 0 𝐼

−𝑀0 −𝑀1 −𝑀2 −𝑀3

⎞⎟⎟⎟⎠⏞ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄⏟⏟ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄⏞
A

v = 𝐵𝑧

⎛⎜⎜⎜⎝
𝐼 0 0 0
0 𝐼 0 0
0 0 𝐼 0
0 0 0 𝑀4

⎞⎟⎟⎟⎠⏞ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ⏟⏟ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ⏞
B

v (5)

where 𝐼 and 0 denote 15 × 15 identity and zero blocks. The
finite real eigenvalues of (A,B) directly yield all roots of
det(M(𝐵𝑧)) = 0 without ever expanding the determinant. Each
real 𝐵∗𝑧 is then back-substituted via SVD to recover (𝐵𝑥 , 𝐵𝑦) and
p.

The complete procedure is summarized in Algorithm 1.

Algorithm 1 SS Chain 7-Position Synthesis
Require: Rotation matrices [𝐴𝑖] and translations d𝑖 , 𝑖 = 1, . . . , 7
Ensure: All real solution pairs (p,B, 𝐿)

1: Subtract position 7 to build 6 design equations M𝑇
𝑖
p+𝑁𝑖 = 0

2: Assemble 6 × 4 augmented matrix 𝐶 (B)
3: Compute 15 =

(︁6
4
)︁

minor determinants as degree-4 polyno-
mials in (𝐵𝑥 , 𝐵𝑦 , 𝐵𝑧)

4: Extract coefficients w.r.t. 15 (𝐵𝑥 , 𝐵𝑦) monomials →
M(𝐵𝑧) =

∑︁4
𝑘=0 𝑀𝑘𝐵

𝑘
𝑧

5: Assemble 60 × 60 companion pencil (A,B) from Eq. (5)
6: Solve Av = 𝜆Bv for eigenvalues 𝜆
7: Filter: keep finite real 𝜆 as candidate 𝐵𝑧 values
8: for each real 𝐵∗𝑧 do
9: SVD ofM(𝐵∗𝑧) → null vector→ extract 𝐵𝑥 , 𝐵𝑦

10: SVD of 𝐶 (𝐵𝑥 , 𝐵𝑦 , 𝐵
∗
𝑧) → null vector→ extract p

11: 𝐿 ← |B − [𝐴1]p − d1 |
12: end for
13: return all (𝐿, p,B) sorted by 𝐿

4.4. Code Generation by LLM
Initially, the LLM was provided with a general, high-level

prompt to read the Liao & McCarthy [7] paper, generate the
numerical solver code, and test it. After many iterations, the LLM
repeatedly failed due to (1) misreading critical details in the paper,
(2) misunderstanding the algebraic elimination process, and (3)
attempting to solve for 𝐵𝑧 by expanding det(M(𝐵𝑧)) = 0 as a
scalar polynomial. In these trials, the agent did not infer from the
representationM(𝐵𝑧) =

∑︁4
𝑘=0 𝑀𝑘𝐵

𝑘
𝑧 that the problem could be

treated directly as a matrix-polynomial eigenvalue problem. The
blocking reasoning step was recognizing that the determinant
need not be formed: the roots can be obtained by companion
linearization of the matrix polynomial, followed by null-space
recovery of (𝐵𝑥 , 𝐵𝑦) and p.

To resolve the numerical instability, the human expert ex-
plicitly directed the LLM to abandon determinant expansion
and instead apply the companion-matrix generalized eigenvalue
method, a numerical linear-algebra formulation not stated explic-
itly in the source paper. This debugging and diagnosis process
required several hours. The expert-guided prompt specified: (1)
the constraint equations and elimination procedure, (2) the com-
panion matrix pencil structure, (3) the back-substitution via SVD,
and (4) validation against the 20 known solutions from [7]. Both
the initial broad prompt and the final detailed prompt are publicly
available in the GitHub repository [12]. The final Mathematica
script generated by the LLM is given in Appendix A.

4.5. Evaluation Results
Table 2 lists the 7 spatial positions used as input data, taken

from Table 1 of [7]. Each position is defined by translations
(𝑑𝑥 , 𝑑𝑦 , 𝑑𝑧) and Euler angles 𝜃 (about 𝑦), −𝜙 (about 𝑥), and 𝜓
(about 𝑧), so that [𝐴𝑖] = 𝑅𝑦 (𝜃𝑖) 𝑅𝑥 (−𝜙𝑖) 𝑅𝑧 (𝜓𝑖).

Table 3 compares the two solver methods on the Liao–
McCarthy seven-position data.

All 20 real solutions recovered by the eigenvalue solver are
listed in Table 4. An independent planted-root validation con-
firmed the solver’s correctness: the solver successfully recovered
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TABLE 2: Input data: 7 spatial positions from [7]

Pos. 𝑑𝑥 𝑑𝑦 𝑑𝑧 𝜃 (°) −𝜙 (°) 𝜓 (°)

1 0 0 0 0 0 0
2 1 −0.742 −0.134 6.180 4.279 −97.93
3 0.318 −0.509 −0.792 −83.26 −18.23 73.61
4 −0.179 −1.784 −1.043 −170.0 39.54 −50.94
5 −1.258 0.836 −1.499 −84.74 −29.18 150.3
6 −3.594 2.728 −2.033 −8.304 5.036 −68.25
7 −0.050 0.570 −1.486 118.3 −33.80 139.0

TABLE 3: SS dyad solver comparison

Method Real roots Planted root
found recovered?

Symbolic det(M) + NSolve 12 / 20 No
Companion matrix eigenvalue 20 / 20 Yes

the known planted solution as Solution 1. All 20 solutions satisfy
the constant-distance constraint across all 7 frames to machine
precision (∼ 10−13). The final prompt, generated Mathematica
script, and test report are available in the GitHub repository [12].

5. FORWARD KINEMATICS OF STEWART–GOUGH
PLATFORM

5.1. Problem Statement
We reproduce Husty’s algorithm [2] for the forward kine-

matics of a general 6–6 Stewart–Gough platform. Given 6 leg
lengths connecting 6 base points to 6 platform points, the FK
problem seeks all assembly configurations of the moving plat-
form. Raghavan [1] showed that the general platform has at most
40 configurations.

5.2. Kinematics Equations
Husty [2] utilizes Study’s kinematic mapping to project

spatial displacements into a seven-dimensional homogeneous
quasi-elliptic space characterized by eight Study parameters
(𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑥1, 𝑥2, 𝑥3, 𝑥4) constrained to the Study quadric
𝑆2

6:
𝑋1𝑥1 + 𝑋2𝑥2 + 𝑋3𝑥3 + 𝑋4𝑥4 = 0 (6)

The motion of each leg constrains a platform point to move
on a sphere relative to the base, yielding six constraint mani-
folds 𝐶1, . . . , 𝐶6. To reduce the system, a parametric subspace
substitution is introduced:

𝑥1 = 𝑘 𝑥4, 𝑥2 = 𝑚 𝑥4, 𝑥3 = 𝑝 𝑥4 (7)

Substituting into the constraint equations generates seven
constraint vectors 𝑅1, . . . , 𝑅7, each containing six coefficients
that govern five unknowns grouped as y = [𝑋1, 𝑋2, 𝑋3, 𝑋4,Φ]𝑇 ,
where Φ captures the nonlinear homogenized remainder. The
system takes the form:

5∑︂
𝑗=1

𝑅𝑖, 𝑗 y𝑗 + 𝑅𝑖,6 = 0, 𝑖 = 1, . . . , 7 (8)

For Husty’s numerical example (Eq. 23 of [2]), the explicit
constraint vectors are:

𝑅1 = {0, 0, 0, 0, −1 − 𝑘2 − 𝑚2 − 𝑝2, 1}
𝑅2 = {8+8𝑚+8𝑝, −8−8𝑘−8𝑝, 8−8𝑘+8𝑚, −8𝑘+8𝑚−8𝑝,

11+11𝑘2+16𝑚−16𝑘𝑚+11𝑚2+16𝑝+16𝑘 𝑝+11𝑝2, 1}
𝑅3 = {4−4𝑚+12𝑝, −4+4𝑘+4𝑝, 4−12𝑘−4𝑚, −4𝑘+4𝑚−4𝑝,

−1−8𝑘+7𝑘2−4𝑚+4𝑘𝑚−𝑚2+4𝑝+4𝑘 𝑝−8𝑚𝑝+7𝑝2, 1}
𝑅4 = {4𝑚+4𝑝, 4−4𝑘, 4−4𝑘, −4𝑚−4𝑝,

1−4𝑘+𝑘2+𝑚2+4𝑚𝑝+𝑝2, 1}
𝑅5 = {−20𝑚+4𝑝, −4+20𝑘, 4−4𝑘, 4𝑚−4𝑝,

1−12𝑘+25𝑘2+25𝑚2−12𝑚𝑝+𝑝2, 1}
𝑅6 = {−8+12𝑚, −16−12𝑘−8𝑝, −4+8𝑚, 8𝑘+16𝑚+4𝑝,

13+24𝑘+5𝑘2−16𝑚+16𝑘𝑚+21𝑚2+16𝑝+16𝑘 𝑝+8𝑚𝑝−3𝑝2, 1}
𝑅7 = {𝑘, 𝑚, 𝑝, 1, 0, 0}

The geometric objective is to algebraically eliminate both
the spatial variables y and the coupled parameters {𝑘, 𝑚, 𝑝} to
obtain a single characteristic 40th-degree polynomial purely in 𝑝.

5.3. Solution Process
The derivation proceeds through the following elimination

steps:

1. Linear determinants (𝐺𝑖): Construct five 5 × 6 matrices
𝑀𝑖 from distinct subsets of the 𝑅 vectors and compute their
determinants 𝐺𝑖 (𝑘, 𝑚, 𝑝) = det(𝑀𝑖) = 0.

2. Null space extraction: Form the difference system Δ𝑖 =

𝑅𝑖+1 − 𝑅1 and extract the null space y ∝ Null(𝐴) to obtain
parameterized solutions for 𝑋1, . . . , 𝑋4. Note: the matrix
is rank 3 (not 4), requiring adjugate-based extraction rather
than standard Gaussian elimination.

3. High-order substitution (𝐺7): Substitute the null space
expressions back into the primary constraint 𝐶1 to obtain
𝐺7 (𝑘, 𝑚, 𝑝) = 0.

4. Resultant cascades: Employ Sylvester resultants pairwise
to eliminate 𝑘:

𝐻𝑖 𝑗 (𝑚, 𝑝) = Res(𝐺𝑖 , 𝐺𝑗 , 𝑘) = 0 (9)

then eliminate 𝑚:

𝐾𝑙 (𝑝) = Res(𝐻𝑎𝑏, 𝐻𝑐𝑑 , 𝑚) = 0 (10)

5. Polynomial extraction: Compute the GCD of the result-
ing 𝐾𝑙 polynomials to isolate the 40th-degree characteristic
polynomial P40 (𝑝) = 0.

The 40 roots of P40 (𝑝) over the complex field define the
algebraic candidates for assembly configurations; real, physically
valid platform poses are obtained only after back-substitution and
constraint checking. Back-substitution through the elimination
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TABLE 4: All 20 SS dyad solutions (sorted by chain length L)

Sol Length 𝐿 Moving pivot p Fixed pivot B

1 2.862 (1.361, 0.085, −1.028) (−1.453, −0.413, −1.178)
2 3.379 (2.144, −0.927, −0.102) (−0.376, −0.269, −2.255)
3 3.435 (1.629, 1.837, −1.746) (−0.405, −0.884, −1.240)
4 3.721 (2.357, 0.664, 0.246) (0.810, −0.974, −2.716)
5 4.287 (−1.556, 1.152, 0.233) (0.261, 2.459, −3.424)
6 4.395 (−0.978, 1.062, 0.436) (0.974, 2.907, −3.042)
7 4.401 (0.161, −0.635, 2.478) (−0.148, 2.679, −0.401)
8 4.465 (−0.646, 4.142, 0.906) (1.280, 0.716, −1.214)
9 4.636 (0.703, −0.322, −0.656) (−3.421, −0.294, 1.462)

10 7.945 (0.876, 2.477, 2.777) (−3.820, −3.726, 4.385)
11 9.250 (−0.303, 0.205, −0.922) (−2.561, −4.158, −8.760)
12 10.295 (−1.325, −7.207, 5.071) (−4.071, −2.560, −3.697)
13 10.984 (3.459, 3.352, −9.664) (0.899, −0.907, 0.131)
14 13.402 (0.367, −0.588, −0.934) (−7.839, −0.089, 9.649)
15 15.815 (−0.471, 1.584, −1.981) (−7.735, −9.633, −10.438)
16 25.709 (−5.393, 3.202, 25.079) (0.073, −0.561, 0.241)
17 38.078 (5.484, −5.092, 14.718) (−3.244, −34.968, −7.218)
18 75.962 (−0.068, 5.145, −4.517) (−48.953, −37.551, −43.981)
19 86.022 (51.331, 26.929, −62.155) (−7.967, 2.518, −4.817)
20 193.612 (−43.310, −113.557, −109.956) (75.542, 37.613, −87.432)

chain recovers the Study parameters and the platform pose. The
full polynomial is given in Appendix B.

The working implementation preserves Husty’s elimination
order and uses exact integer/rational arithmetic through the de-
terminant, resultant, and GCD stages. Floating-point CAS arith-
metic may be adequate for evaluating the final polynomial and
refining roots, but it is not reliable for the symbolic elimination
itself because small roundoff perturbations can create spurious
factors, obscure common divisors, or change the recovered de-
gree. Exact arithmetic, or at minimum controlled high-precision
arithmetic with independent degree and root checks, is therefore
required for reliable reproduction of the degree-40 polynomial.

Algorithm 2 Forward Kinematics of Stewart–Gough Platform [2]
Require: 6 leg lengths 𝐿1, . . . , 𝐿6 and platform geometry
Ensure: Algebraic candidates for up to 40 assembly configurations

1: Formulate 6 constraint equations 𝐶1, . . . , 𝐶6 on Study quadric 𝑆2
6

2: Introduce parameterization: 𝑥1 = 𝑘𝑥4, 𝑥2 = 𝑚𝑥4, 𝑥3 = 𝑝𝑥4
3: Group terms into 7 constraint vectors 𝑅1, . . . , 𝑅7
4: Eliminate [𝑋1, 𝑋2, 𝑋3, 𝑋4,Φ]𝑇 to find null space vector 𝐿𝑥

5: Substitute 𝐿𝑥 into 𝐶1 to obtain polynomial 𝐺7 (𝑘, 𝑚, 𝑝) = 0
6: Compute 𝐻𝑖 𝑗 (𝑚, 𝑝) = Res(𝐺𝑖 , 𝐺𝑗 , 𝑘)
7: Compute 𝐾𝑙 (𝑝) = Res(𝐻𝑎𝑏, 𝐻𝑐𝑑 , 𝑚)
8: Extract 40th-degree polynomial P40 (𝑝) = GCD(𝐾1, 𝐾2)
9: Compute up to 40 complex roots for 𝑝 and retain real, physically

valid candidates
10: Back-substitute 𝑝 through resultant cascades to find (𝑚, 𝑘)
11: Recover (𝑋1, 𝑋2, 𝑋3, 𝑋4) and reconstruct full platform pose
12: return All real assembly configurations

5.4. Code Generation by LLM
This problem represents a substantial challenge for classical

algebraic geometry, requiring extensive symbolic computation
in Mathematica. The prompt specified: (1) the Study quadric
parameterization and leg length constraints, (2) the step-by-step
elimination strategy via Sylvester resultants, (3) the expectations
for the degree-40 polynomial, and (4) validation using Husty’s
published numerical example in [2] with the known planted root
𝑝 = −1.

For this problem, the AI agent succeeded when the prompt
closely followed Husty’s published elimination sequence. It gen-
erated a functionally complete Mathematica script that derived
the 40th-degree polynomial and verified the known planted root
𝑝 = −1. The entire process of crafting the prompt and generating
the working code took approximately 30 minutes, indicating that
LLMs can translate a well-specified symbolic algorithm into CAS
code effectively. However, this should not be interpreted as ro-
bustness to arbitrary reformulations. Trial prompts that changed
the elimination order caused substantially larger intermediate ex-
pressions and did not reliably recover the degree-40 polynomial
within the same workflow, even though the underlying algebraic
problem is equivalent. The final Mathematica script generated
by the LLM is provided in Appendix B. All prompts, gener-
ated scripts, and test reports are publicly available in the GitHub
repository [13]. Table 5 summarizes the FK solver results.

TABLE 5: Stewart–Gough FK solver evaluation

Metric Value

Polynomial degree 40
Known root 𝑝 = −1 recovered Yes
CAS used Mathematica
Arithmetic during elimination Exact integer/rational
Alternative elimination order Expression growth; not reliable

in this workflow
Derivation runtime ∼30 min

6. CONCLUSIONS
This paper presented a practical guide for using large lan-

guage models to assist in generating analytical and numerical
solvers for selected classical kinematics problems, specifically
planar and spherical linkages, spatial SS dyads, and the forward
kinematics of Stewart–Gough platforms. The examples reveal
distinct levels of useful agent assistance based on mathematical
complexity, but they should be read as case studies rather than a
statistically controlled benchmark.

Planar and spherical linkage problems were solved with mini-
mal iteration when the prompts supplied the relevant source mate-
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rial, expected solution counts, and residual checks. The Stewart–
Gough FK problem demonstrated the LLM’s ability to translate
an established symbolic algorithm into computer algebra logic
when the elimination order and exact-arithmetic requirements
were specified.

Conversely, the spatial SS dyad synthesis problem illustrated
a scenario requiring expert intervention. While the LLM pro-
duced draft solvers quickly, an expert was needed to diagnose
catastrophic cancellation, recognize the matrix-polynomial struc-
ture, and direct the LLM toward a companion-matrix generalized
eigenvalue formulation.

The key takeaways for practitioners are:

1. LLMs accelerate code generation: LLMs can generate
working kinematics solver code quickly when guided by
structured prompts encoding problem-specific strategies
and validation tests.

2. Problem complexity dictates interaction: Simpler and
symbolically straightforward problems may be solved in a
single structured prompt, while complex polynomial sys-
tems involving nuanced numerical methods require multi-
step prompting and iterative expert correction.

3. Numerical method selection is critical: Practitioners
should explicitly prompt the LLM to use robust methods,
such as eigenvalue-based solvers or exact-arithmetic elimi-
nation, and should verify the result using residuals, known
roots, solution counts, and precision-sensitivity checks.

The workflow can generalize beyond polynomial and closed-
form kinematics, but the validation target changes. For non-
polynomial models, compliant mechanisms, contact-rich mecha-
nisms, or systems described only by simulation, the LLM should
be prompted to build numerical residual functions, continuation
or homotopy sweeps, interval or multi-start searches, automatic-
differentiation Jacobians, and regression tests against known con-
figurations rather than to derive a closed-form characteristic poly-
nomial. In such settings the evidence should emphasize repro-
ducibility, convergence behavior, constraint residuals, sensitivity
to initial guesses and prompts, and failure modes. The present
paper does not claim that LLMs can discover globally complete
solution sets for these broader problems without additional nu-
merical analysis.

These results demonstrate that LLMs are useful tools for
kinematics researchers when embedded in a validation-centered
human–AI workflow. Future work could compare multiple agents
under identical prompts, report runtime and prompt-sensitivity
statistics more systematically, and extend the templates to prob-
lems where exact algebraic elimination is unavailable.

DECLARATION OF GENERATIVE AI AND AI-ASSISTED
TECHNOLOGIES IN THE MANUSCRIPT PREPARATION
PROCESS

During the preparation of the reported solver results, the au-
thors used OpenAI Codex 5.3 as the primary coding agent to
generate solver code and assist with symbolic derivations. An-
thropic Claude Opus 4.6 and Google Gemini 3.1 Pro (Thinking)

were considered as available coding-agent interfaces for the work-
flow, but their outputs are not reported as a comparative evalua-
tion in this paper. The authors supplied the problem formulations,
source materials, prompts, and validation criteria; reviewed and
edited all generated content; and take full responsibility for the
published article.
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(* SS Chain 7-Position Synthesis Solver *)
(* Based on: Liao & McCarthy (2001) *)
ClearAll["Global`*"];

(* Elementary rotation matrices *)
rotY[t_] := {{Cos[t],0,Sin[t]},{0,1,0},{-Sin[t],0,Cos[t]}};
rotX[t_] := {{1,0,0},{0,Cos[t],-Sin[t]},{0,Sin[t],Cos[t]}};
rotZ[t_] := {{Cos[t],-Sin[t],0},{Sin[t],Cos[t],0},{0,0,1}};

(* Paper Table 1 data *)
dxs = Rationalize[{0,1,0.3182,-0.1788,-1.258,-3.5939,-0.0497},0];
dys = Rationalize[{0,-0.7423,-0.5085,-1.7842,0.8362,2.7283,0.57},0];
dzs = Rationalize[{0,-0.1337,-0.7922,-1.0429,-1.4992,-2.0334,-1.4858},0];
thetas = Rationalize[{0,6.1802,-83.2605,-170.031,-84.7359,

-8.30385,118.266},0]*Pi/180;
minusphis = Rationalize[{0,4.27866,-18.2345,39.5378,-29.1752,

5.0361,-33.7953},0]*Pi/180;
psis = Rationalize[{0,-97.9255,73.6069,-50.9407,150.331,

-68.2528,139.022},0]*Pi/180;

A = Table[rotY[thetas[[i]]].rotX[-minusphis[[i]]].rotZ[psis[[i]]],
{i,1,7}];

d = Table[{dxs[[i]],dys[[i]],dzs[[i]]},{i,1,7}];
A = N[A,30]; d = N[d,30];

(* STEP 1: Build 6 design equations M_i^T p + N_i = 0 *)
Bvec = {Bx,By,Bz};
Mvecs = Table[-2 Transpose[A[[i]]-A[[7]]].Bvec +

2(Transpose[A[[i]]].d[[i]]-Transpose[A[[7]]].d[[7]]),{i,1,6}];
Nvals = Table[-2(d[[i]]-d[[7]]).Bvec +

d[[i]].d[[i]]-d[[7]].d[[7]],{i,1,6}];

(* STEP 2: Build 6x4 augmented matrix C, extract 15 minors *)
Cmat = Table[Append[Mvecs[[i]],Nvals[[i]]],{i,1,6}];
polys = Flatten[Minors[Cmat,4]];

(* STEP 3: Build 15x15 coefficient matrix M(Bz) *)
monomialDegrees = {{4,0},{3,1},{2,2},{1,3},{0,4},
{3,0},{2,1},{1,2},{0,3},{2,0},{1,1},{0,2},{1,0},{0,1},{0,0}};

getCoef[poly_,{px_,py_}] :=
Coefficient[Coefficient[Expand[poly],Bx,px],By,py];

matrixM = Table[getCoef[polys[[i]],monomialDegrees[[j]]],
{i,1,15},{j,1,15}];

(* STEP 4: Solve det(M(Bz))=0 via 60x60 eigenvalue pencil *)
M0=matrixM/.Bz->0; M1=Coefficient[matrixM,Bz,1];
M2=Coefficient[matrixM,Bz,2]; M3=Coefficient[matrixM,Bz,3];
M4=Coefficient[matrixM,Bz,4];
id=IdentityMatrix[15]; z15=ConstantArray[0,{15,15}];
matA=ArrayFlatten[{{z15,id,z15,z15},{z15,z15,id,z15},
{z15,z15,z15,id},{-M0,-M1,-M2,-M3}}];

matB=ArrayFlatten[{{id,z15,z15,z15},{z15,id,z15,z15},
{z15,z15,id,z15},{z15,z15,z15,M4}}];

vals=Eigenvalues[{matA,matB}];
realBz=Sort[Re[Select[Select[vals,

NumericQ[#]&&Abs[#]<10^8&],Abs[Im[#]]<10^-5&]]];

(* STEP 5: Back-substitute Bz -> (Bx,By) -> p via SVD *)
results={};
For[k=1,k<=Length[realBz],k++, bz=realBz[[k]];
Mnun=matrixM/.Bz->bz;
{u,s,v}=SingularValueDecomposition[N[Mnun]];
vnull=v[[All,-1]]; vnull=vnull/vnull[[-1]];
bx=vnull[[13]]; by=vnull[[14]];
Cnun=Cmat/.{Bx->bx,By->by,Bz->bz};
{uc,sc,vc}=SingularValueDecomposition[N[Cnun]];
pnull=vc[[All,-1]]; pnull=pnull/pnull[[-1]];
pvec={pnull[[1]],pnull[[2]],pnull[[3]]};
Bpt={bx,by,bz};
len=Norm[Bpt-(A[[1]].pvec+d[[1]])];
AppendTo[results,{len,pvec,Bpt}]];

Print[Length[results]," solutions found."];

APPENDIX B. STEWART–GOUGH FORWARD KINEMATICS
B.1. 40th-Degree Characteristic Polynomial

The resultant elimination cascades yield the following 40th-
degree polynomial P40 (𝑝) = 0, corresponding to Husty’s numer-
ical example (Eq. 23 of [2]). The polynomial is presented with
exact integer coefficients:

P40 (𝑝) = 𝑐0 + 𝑐1𝑝 + 𝑐2𝑝
2 + · · · + 𝑐40𝑝

40 = 0

where the coefficients 𝑐𝑖 are:

𝑐0 = 551863002346251447441190477490269750822902072981061
𝑐1 = 9552427538016395744661676974724023490036453640699788
𝑐2 = 80581954487166969104686122799600887213284859456401064
𝑐3 = 431189931236119711364249046798947555141839421741150004
𝑐4 = 1634703282026085387636662647602918834225051137295135234
𝑐5 = 4697029600144197570745102441837514921319252483684453276
𝑐6 = 10751859597653265718100141400877230436614725835254176888
𝑐7 = 20426760230486672239383882062823680796821777005206404244
𝑐8 = 33288554938353845036619645267090844428778939356099178141
𝑐9 = 47505621875949873583350529289374573137318224591382272112
𝑐10 = 59577928531123261350166013974307725349626161184183814416
𝑐11 = 64899667878276393083081362271751317835786538214888259984
𝑐12 = 60557258515331418990094170653049665501240744335897699896
𝑐13 = 49161682088063314851616205271867409178482567905380436944
𝑐14 = 38915718144226667325176021316775117453687211600617978768
𝑐15 = 37342344623696396614815961692016634177129126248208506352
𝑐16 = 43987555028273254708429996476661382261965676108689846026
𝑐17 = 50455741900518056850617109302456870009453086777597595304
𝑐18 = 48403588031665577704611149051816798452356606140048576416
𝑐19 = 36915184329880342813130313398468881924669008266089774808
𝑐20 = 21955740858972270382995322094923290732700584810887550892
𝑐21 = 10045900571366714006362938664891849374454550432465519784
𝑐22 = 3565567836072810286596492982703496013070469558757638080
𝑐23 = 1144937537917395775331038705696332821843881438643065080
𝑐24 = 529537062618969837385020125131389278204869445785093154
𝑐25 = 368202118785263954590411745279572511387964969608181552
𝑐26 = 245174056263421431450333504278264415670901008913627120
𝑐27 = 129206387273840734949141656780161168639896549834400976
𝑐28 = 48331633175081987508798207938715344142808939835959800
𝑐29 = 9669213488430163625605562497548042289657951844234448
𝑐30 = −150632389349832812940579279051242505297678581396240
𝑐31 = 771929045738980443971945980003467850732615405339120
𝑐32 = 2022930002756139805862206464410090926402901487153361
𝑐33 = 1695305199220667185302764530839904007799737063942700
𝑐34 = 913459756655347881431549040458270272574071838336184
𝑐35 = 372133115268542194673635230322975653714920509596564
𝑐36 = 113106818692008598970794074255654810918177731939874
𝑐37 = 22132117170218646112212017781855143860332055897884
𝑐38 = 2020325736666643807297604613644790839830039435080
𝑐39 = 4837305562771931984542304958850618645677546132
𝑐40 = 1175798622511479047478654562189840434616151841

The root 𝑝 = −1 can be verified as an exact root of this poly-
nomial, confirming one of the 40 assembly configurations of the
Stewart–Gough platform.

B.2. LLM-Generated Mathematica Script
The following Mathematica script was generated by the LLM

to reproduce Husty’s forward kinematics algorithm. It uses ex-
act rational arithmetic throughout the elimination pipeline and
validates the result against the published numerical example.

(* Husty 1996 Stewart-Gough FK reproduction *)
(* Uses exact integer/rational arithmetic through the elimination pipeline *)
ClearAll["Global`*"];

contentInt[poly_, vars_] :=
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PolynomialGCD @@ (Last /@ CoefficientRules[poly, vars]);

primitivePoly[poly_, vars_] := Module[{c, out, nz},
c = contentInt[poly, vars];
out = Expand[poly/c];
nz = Select[Last /@ SortBy[CoefficientRules[out, vars], First],

# =!= 0 &];
If[nz =!= {} && First[nz] < 0, out = -out]; out];

Q = 1 + k^2 + m^2 + p^2;

(* Eq. (23) constraint vectors *)
R1 = {0, 0, 0, 0, -Q, 1};
R2 = {8+8*m+8*p, -8-8*k-8*p, 8-8*k+8*m, -8*k+8*m-8*p,
11+11*k^2+16*m-16*k*m+11*m^2+16*p+16*k*p+11*p^2, 1};

R3 = {4-4*m+12*p, -4+4*k+4*p, 4-12*k-4*m, -4*k+4*m-4*p,
-1-8*k+7*k^2-4*m+4*k*m-m^2+4*p+4*k*p-8*m*p+7*p^2, 1};

R4 = {4*m+4*p, 4-4*k, 4-4*k, -4*m-4*p,
1-4*k+k^2+m^2+4*m*p+p^2, 1};

R5 = {-20*m+4*p, -4+20*k, 4-4*k, 4*m-4*p,
1-12*k+25*k^2+25*m^2-12*m*p+p^2, 1};

R6 = {-8+12*m, -16-12*k-8*p, -4+8*m, 8*k+16*m+4*p,
13+24*k+5*k^2-16*m+16*k*m+21*m^2+16*p+16*k*p+8*m*p-3*p^2, 1};

R7 = {k, m, p, 1, 0, 0};

RFull = {R1, R2, R3, R4, R5, R6, R7};
systems = {{1,2,3,4,5,7}, {1,2,3,4,6,7}, {1,2,3,5,6,7},

{1,2,4,5,6,7}, {1,3,4,5,6,7}};

normalizeGi[poly_] := Module[{q, r},
{q, r} = PolynomialQuotientRemainder[Expand[poly], Q, k];
primitivePoly[q, {k, m, p}]];

(* Step 1: G1..G5 from determinants *)
G = normalizeGi /@ (Det[RFull[[#]]] & /@ systems);

(* Step 2: H12 -- eliminate k between G1,G2 *)
res12 = primitivePoly[Expand[Resultant[G[[1]], G[[2]], k]], {m, p}];
f12 = FactorList[res12];
h12F = Select[Rest[f12],
Exponent[#[[1]], m]==10 && Exponent[#[[1]], p]==10 &];

H12 = primitivePoly[Times @@ (#[[1]]^#[[2]] & /@ h12F), {m, p}];

(* Step 3: Null space (adjugate) for Lx -- Eq. 26 *)
A1 = {R2[[1;;5]]-R1[[1;;5]], R3[[1;;5]]-R1[[1;;5]],

R4[[1;;5]]-R1[[1;;5]], R5[[1;;5]]-R1[[1;;5]], R7[[1;;5]]};
LX = -Adjugate[A1][[All, 4]] // Expand;

(* Step 4: G7 from C1 substitution -- Eq. 27 *)
G7raw = Expand[(R1[[1;;5]].LX)*LX[[5]]

+ 4*Total[LX[[1;;4]]^2]];
{G7q, G7r} = PolynomialQuotientRemainder[G7raw, Q, k];
G7 = primitivePoly[G7q, {k, m, p}];

(* Step 5: Eliminate k from G1*G7, G2*G7 *)
H17 = primitivePoly[Expand[Resultant[G[[1]], G7, k]], {m, p}];
H27 = primitivePoly[Expand[Resultant[G[[2]], G7, k]], {m, p}];

(* Step 6: Eliminate m, extract degree-40 polynomial *)
K1 = primitivePoly[Expand[Resultant[H12, H17, m]], {p}];
K2 = primitivePoly[Expand[Resultant[H12, H27, m]], {p}];
LG = primitivePoly[PolynomialGCD[K1, K2], {p}];

fl = FactorList[LG];
F39 = Select[Rest[fl], Exponent[#[[1]], p]==39 &][[1, 1]];
FinalP40 = primitivePoly[Expand[(1+p)*F39], {p}];

(* Validation: real roots *)
realPRoots = Sort[Select[
p /. NSolve[FinalP40==0, p, WorkingPrecision->60],
Abs[Im[#]] < 10^-30 &] // Re];

Print["Real roots: ", N[realPRoots, 12]];
Print["Degree of FinalP40: ", Exponent[FinalP40, p]];
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