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ABSTRACT

This paper assesses the current level of artificial intelli-
gence in solving kinematics problems and uses that assessment
to discuss progress toward Artificial General Intelligence (AGI)
in this domain. We propose a 5-level hierarchy of Al intelli-
gence in kinematics, ranging from routine classroom analysis
to open-ended discovery, to categorize problem complexity and
autonomous solver capability. The paper surveys representa-
tive open problems in kinematic synthesis, parallel mechanisms,
compliant mechanisms, and reconfigurable mechanisms as con-
text for this hierarchy; however, the main technical evaluation
is intentionally focused on classical benchmark problems, espe-
cially the inverse kinematics of general 6R serial robots. For the
6R case, we document the mathematical formulation, the classi-
cal Raghavan—Roth dialytic elimination procedure, and the LLM
prompting strategy required to generate numerically robust com-
puter algebra and numerical solvers. Evaluation success is de-
fined by executable generated code that reproduces the expected
analytical pipeline and passes quantitative FK—IK-FK validation
against known benchmark cases. Our findings indicate that cur-
rent state-of-the-art LLMs operate effectively at Level 3 and can
approach Level 4 only when structured prompts encode substan-
tial expert domain knowledge. The results support a cautious but
useful view of LLMs as accelerators for implementing difficult
analytical kinematics methods, while also showing that human
expert intervention remains essential for selecting stable symbolic
and numerical strategies.

Keywords: kinematics, large language models, artificial intelli-
gence, open kinematics problems, 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
by a progressive abstraction of motion and a continuous quest to
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solve increasingly complex nonlinear polynomial systems. This
evolution can be traced through several landmark milestones.
During the late 19th century, the “Golden Age of Geometry” wit-
nessed the rigorous graphical and geometric synthesis of linkages,
culminating in Burmester Theory for the exact dimensional syn-
thesis of mechanisms traversing discrete poses [1, 2]. As robotics
advanced in the late 20th century, the focus shifted to spatial
mechanisms during a period of “Computational Conquest.” The
most celebrated challenge of this era was the closed-form solu-
tion to the “Closed form , algebraic solution of the input/output
displacement equation of the general, single-loop, single-degree-
of-freedom spatial mechanism consisting of seven links and seven
turning pairs of " arbitrary orientation in space”, or 7R kinemat-
ics problem, which was considered the “Mount Everest” of kine-
matics problems by the father of modern kinematics, Ferdinand
Freudenstein [3]. This problem is mathematically equivalent to
the inverse kinematics of 6R robot manipulators. Researchers
definitively proved that the 6R IK problem admits at most 16
distinct assembly configurations [4—6]. This classical milestone
problem has historically required sophisticated algebraic elimi-
nation techniques and highly robust numerical methods to solve.

The analytical solutions to these problems are well docu-
mented in the literature, yet the process of implementing them—
deriving equations, coding solvers, and validating results—
remains tedious, error-prone, and time-consuming. The appli-
cation of large language models (LLMs) to engineering and sci-
entific problems has rapidly expanded, opening new paradigms
for human-AlI collaboration and autonomous discovery. Recent
advances in LLMs such as GPT-4 [7] and GPT-5 [8] exhibit
emergent capabilities in mathematical reasoning and symbolic
manipulation. For instance, Romera-Paredes et al. [9] utilized
LLMs to discover novel mathematical constructions, while Trinh
et al. [10] developed AlphaGeometry for solving International
Mathematical Olympiad geometry problems.

Within engineering and robotics, Guo et al. [11] systemati-
cally benchmarked LLM capabilities across diverse engineering
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design tasks, including mechanical design, robotics, structural
analysis, and optimization. Kim et al. [12] extensively surveyed
the integration of LLMs with intelligent robots. Recently, Su
presented an LLM-assisted human—Al collaborative framework
specifically targeted at developing analytical IK solvers for 6R
robots [13]. By having human experts provide strategic algebraic
guidance via structured prompts, the LLM agent successfully de-
veloped analytical IK solvers for 842 commercial and over 1000
random 6R robots, achieving a 100% success rate and reducing
development time from weeks to minutes.

2. DEFINING AGI IN KINEMATICS

Currently, there is no consensus on the specific kinematics
problems that would serve as a definitive benchmark for Artificial
General Intelligence (AGI). To establish such a standard, we can
draw inspiration from the “Einstein test” proposed by Demis
Hassabis, CEO of Google DeepMind. Hassabis suggested a
rigorous test for AGI: “The kind of test I would be looking for
is training an Al system with a knowledge cutoff of, say, 1911,
and then seeing if it could come up with general relativity, like
Einstein did in 1915. That’s the kind of test I think is a true test
of whether we have a full AGI system” [14].

Translating this concept to our domain, we propose a similar
benchmark for kinematics:

If all knowledge after 1980 were removed from its training
corpus, could an Al system independently derive the inverse
kinematics solution of a general spatial 6R serial manipu-
lator, or equivalently construct a solution framework for a
spatial 7R closed-loop linkage?

Passing this test would imply that the AI surpasses the logical
reasoning capabilities of the most brilliant human kinematicians
of that era.

Crucially, validating AGI requires separating computa-
tional complexity from symbolic reasoning challenges. Com-
putational complexity typically implies that the derived kinematic
constraint equations require significant computational power—
such as high-performance computing facilities—and the ap-
plication of advanced numerical polynomial solvers, such as
polynomial homotopy continuation via Bertini [15] or POL-
SYS_GLP [16]. Notable examples of such computationally de-
manding limits include the complete solution of the nine-point
path synthesis problem for four-bar linkages by Wampler et
al. [17], and the computation of reachable surfaces for spatial
open chain synthesis by Su and McCarthy [18]. While solv-
ing these problems requires massive parallel computation, it can
largely be addressed by scaling computing resources and does
not necessarily reflect deep “brain power.” In contrast, symbolic
reasoning challenges—such as formulating novel algebraic elim-
ination strategies, recognizing profound geometric insights, or
mapping a physical constraint to a mathematical manifold with-
out human help—constitute a true test for Al models.

3. OPEN KINEMATICS PROBLEMS
To illustrate the symbolic reasoning challenges previously
discussed, we highlight several open or hard problems across

various subfields of kinematics and mechanisms. These prob-
lems, selected from a series of deep research reports (avail-
able at https://github.com/haijunsu-osu/llm_kinematics_deep_
research_report) generated by OpenAI’s GPT-5 Deep Research
model, serve as candidate future benchmarks for evaluating pro-
gression toward AGI in kinematics, rather than as reported eval-
uation cases in this paper. The detailed prompts used to generate
these reports are also publicly available in the same GitHub repos-
itory.

Please note that these reports reflect personal opinions and
exploratory assessments. They are not intended to represent the
general consensus of the kinematics and mechanism research
community. However, these problems are representative of the
challenges that Al models must overcome to achieve AGI in kine-
matics. We hope these problems can stimulate further discussions
and research in the field.

3.1. Kinematic Synthesis of Linkages

Kinematic synthesis is the process of determining the topol-
ogy and dimensions of a mechanism that will achieve a desired
motion or force transmission. This field encompasses both type
synthesis and dimensional synthesis, typically utilizing either
model-based methods (rooted in kinematic theory and algebraic
geometry) or data-driven methods (leveraging learning-based ap-
proaches and synthetic datasets). Both paradigms often involve
solving complex nonlinear algebraic systems or navigating mas-
sive search spaces.

o What methodologies can guarantee the synthesis of pla-
nar linkages that naturally satisfy complex inequality con-
straints such as branch defect avoidance and physical lim-
its?

* By what means can we achieve scalable, complete kine-
matic synthesis for complex planar mechanisms despite
massive polynomial complexity and structural degenera-
cies?

e [s it possible to synthesize mechanisms that robustly ap-
proximate continuous trajectories under manufacturing
tolerances and noise?

3.2. Parallel Mechanisms

Parallel mechanisms consist of multiple independent kine-
matic chains working in parallel to support and manipulate a
common platform. They are valued for their high stiffness and
precision but suffer from complex workspaces and singulari-
ties.

» What strategies allow for complete and scalable type syn-
thesis and enumeration of non-isomorphic parallel archi-
tectures without succumbing to combinatorial explosion?

* How might we compute and certify exact, singularity-free
workspaces for general parallel mechanisms under realis-
tic parameter uncertainties?
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e Could low-cost, in-situ calibration methods be developed
to robustly identify and compensate for dominant elasto-
geometric errors over the entire workspace?

» What approaches ensure real-time forward kinematics and
assembly-mode tracking that avoids singularities and cor-
rectly selects physical branches?

3.3. Compliant Mechanisms

Compliant mechanisms achieve motion through the deforma-
tion of flexible members, necessitating an integration of kinemat-
ics and structural mechanics. Research in this field leverages a di-
verse array of modeling and design paradigms, including Pseudo-
Rigid-Body (PRB) models, Beam Constraint Models (BCM),
topological optimization, constraint-based approaches such as
screw theory and Freedom and Constraint Topology (FACT), and
nonlinear finite element analysis (FEA). These methods provide
the foundation for synthesizing monolithic structures with high
precision across multiple length scales.

e Can a validated, multi-fidelity modeling stack be con-
structed to hierarchicalize fast approximations with accu-
rate nonlinear finite element analysis for large deflections?

» What advancements are required to make non-linear topol-
ogy optimization for compliant mechanisms tractable at an
engineering scale?

* In what ways can crucial time-dependent material behav-
iors—such as fatigue and stress relaxation—be systemati-
cally incorporated into generative design loops?

3.4. Reconfigurable Mechanisms and Origami/Kirigami
Structure Design
Reconfigurable mechanisms can change their physical con-
figuration to adapt to different tasks or environments. Origami-
and kirigami-inspired designs leverage folding and cutting pat-
terns to create complex 3D structures from flat sheets.

o What planning frameworks can guarantee physically fea-
sible folding paths for complex patterns while navigating
self-contact and numerous bifurcation modes?

* Could geometric and kinematic constraints be integrated
into the dimensional synthesis of mechanisms that achieve
multiple functional configurations?

e Through what computational models can we accurately
predict the rugged transition pathways and energy land-
scapes of thick compliant patterns?

4. HIERARCHICAL PROBLEM DECOMPOSITION

To frame the evaluation of LLM capabilities, we propose a 5-
level hierarchy of Al intelligence in kinematics, progressing from
routine analytical execution to profound autonomous discovery:

1. Level 1: Classroom Intelligence (Routine Analysis): Ca-
pable of solving standard textbook classroom problems

and executing well-established, straightforward analytical
procedures without requiring advanced algebraic manip-
ulation. Example: Kinematic analysis of planar 4-bar
linkages.

2. Level 2: Internalized Research Intelligence (Au-
tonomous Synthesis): Can solve established research
questions autonomously without the need for external ref-
erences, relying on internalized, pre-trained knowledge to
derive constraints and generate solvers. While many syn-
thesis problems are very computationally demanding, the
derivation of equations is often less intellectually challeng-
ing. Example: Exact synthesis of spatial dyads (e.g., RR
or PR).

3. Level 3: Guided Research Intelligence (Complex Re-
production): Capable of solving highly complex research
questions that are already solved in literature, but requires a
reference paper or document to follow in order to reproduce
dense algebraic pipelines. Example: Forward kinematics
of the general Stewart—Gough platform or inverse kinemat-
ics of general 6R robots by following the provided reference

paper.

4. Level 4: Autonomous Discovery Intelligence (Solving
the Solvable Unsolved): Can solve problems that currently
have no existing analytical answer or documented solution
in literature. The AI must formulate its own unique elimi-
nation strategy from scratch. Example: Complete analyti-
cal IK for novel 6R robot morphologies without a spherical
wrist that have not been solved before.

5. Level 5: AGI in Kinematics (Solving Open Questions):
Artificial General Intelligence capable of solving founda-
tional, open questions in theoretical kinematics that have
eluded human experts. Example: Derive the analytical IK
for the general 6R robot without referring to any existing
literature.

Level 5 is retained here as a conceptual benchmark for AGI-
level discovery. It is not treated as an evaluated result in this
paper, because the study does not test whether an LLM can inde-
pendently rediscover the general 6R IK solution without reference
material or expert guidance.

Figure 1 illustrates this hierarchy alongside representative
kinematics problem examples for each intelligence plateau. In
this paper, we systematically evaluate LLM capabilities across
a spectrum of classical problems that focus progressively across
Levels 1 to 3, touching the boundary of Level 4. We selected five
representative problem categories:

1. Kinematic analysis and synthesis of planar and spherical
linkages [19]. The solution is provided.

2. Synthesis of spatial SS dyads [19]. The solution is pro-
vided.

3. Forward kinematics of general Stewart—Gough plat-
forms [20]: Study quadric formulation yielding a 40th-
degree polynomial with up to 40 assembly configurations.
The solution is provided.
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FIGURE 1: A proposed 5-level hierarchy of Al intelligence in kine-
matics, ranging from routine classroom analysis to Artificial Gen-
eral Intelligence (AGI) capable of solving open kinematics ques-
tions without human intervention.

4. Inverse kinematics of general 6R robots [6]: Dialytic
elimination yielding a 16th-degree characteristic polyno-
mial with up to 16 solutions. The documented solution is
provided.

5. Inverse kinematics of 6R robots with special architec-
tures (e.g., spherical wrists or parallel axes) [13]. The
solution is not provided.

These problems are ordered by increasing difficulty in code
generation and the use of computer algebra systems (CAS) for
symbolic reasoning.

For consistency, we use the following reporting definitions.
A benchmark is counted as successful only when the generated
code is executable and passes an independent validation test ap-
propriate to the problem, such as agreement with a published
result, recovery of all expected assembly modes, or FK-IK-FK
residuals below the stated tolerance. The reported time is the
total wall-clock human—AlI session time from the initial prompt
to a validated solver, including prompt revision, code inspection,
debugging, and validation, rather than the runtime of the final
generated program. Prompt iterations count substantive follow-
up prompts that changed the mathematical strategy, implemen-
tation, or validation criteria; minor formatting requests are not
counted. Critical expert guidance refers to domain-specific math-
ematical intervention by the human expert, such as specifying an
elimination order, identifying a stable eigenvalue formulation, or
correcting an invalid symbolic step.

5. PROMPTING LLMS FOR CODE GENERATION

Recent LLMs such as OpenAl’s Codex-5.3 [8] have shown
remarkable capabilities in code generation and symbolic ma-
nipulation, motivating their application to classical kinematics
problems. This section describes the collaborative workflow,
agent environment, and prompting strategy used throughout this
benchmark.

5.1. Collaborative Workflow
The human-AlI collaborative workflow for solving kinematics
consists of three phases:

1. Problem Specification: The human expert provides the
mathematical formulation, identifies the solution strategy,
and specifies validation criteria.

2. Prompt Design: A structured prompt is crafted with four
blocks—context, task, requirements, and deliverables—
encoding the expert’s domain knowledge.

3. Iterative Refinement: The LLM generates code, the ex-
pert reviews the output, and follow-up prompts address
errors or missing functionality.

5.2. 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 abbreviated
example prompt used for the general 6R inverse kinematics solver:

[Context] You are an expert in robot kinematics, symbolic
elimination, and numerical computing. Read the three
provided reference PDFs regarding the Raghavan-Roth 1993
elimination method and the companion-matrix generalized
eigenvalue strategy for the general 6R IK problem.

[Task] Your task is to reconstruct the full pipeline in four
phases: 1) extract text/equations via OCR, 2) perform
symbolic derivations in Mathematica, 3) implement a
numeric-only Python solver, and 4) translate the solver into
Ct+t.

[Requirements] For each phase, provide a test verifying the
FK-IK-FK cycle with explicit error thresholds. Run stress
tests across multiple random 6R instances and validate
against the published 16-real-solution reference case.

[Deliverables] Deliver the Python/C++ IK solvers, the Mathe-
matica derivation script, and a final markdown report summa-
rizing validation outcomes and exact numerical residuals.

Finally, it is important to note that the quality and result of
the generated code depend heavily on four key factors: 1) the
specific foundation model used; 2) whether computational tools
like a CAS are leveraged; 3) the inherent complexity of the kine-
matics problem; and 4) the quality and specificity of the provided
prompts. Furthermore, users will encounter a consistency prob-
lem: due to the non-deterministic nature of generative models,
executing the exact same prompt across distinct runs may yield
different algorithms, approaches, or success rates.
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TABLE 1: Reported LLM code generation performance across evaluated kinematics benchmarks of increasing difficulty. Conceptual Level 5
benchmarks are excluded because they were not evaluated as reported results.

Problem Category AGI Level Time (total ses- Prompt Iter. Critical Expert Guidance
sion)
1. Planar & Spherical Linkages [2] Level 1 < 5 min Single-shot None
2. Spatial SS Dyad Synthesis (Solution Level 2 ~ 15 min Few Specifying eigenvalue method
[21] provided)
3. Stewart—-Gough FK (Solution [20] pro- Level 3 ~ 30 min Single-shot Directing zero-dimensional ideal
vided) elimination
4. General 6R Robot IK (Solution [6] pro- Level 3 Multi-hour to Many Derivation of 14 equations, general-
vided) multi-day total ized eigenvalue step for numeric ro-
bustness
5. 6R IK (Special Architecture) (No solu- Level 4 Multi-hour to Many Development of helper functions, ar-

tion provided) [13]

multi-day total

chitectural decoupling and elimination
order

Note: Time denotes total wall-clock human—AlI session effort, including human prompt engineering, model execution, code review, debugging, and validation,
not CAS or solver runtime alone. Prompt iterations count substantive human follow-up prompts after the initial task prompt. “Success” means that generated
executable code passed the stated validation criteria for that benchmark, such as reproducing published solution behavior and satisfying FK-IK-FK residual

checks.

5.3. CAS-Based Solutions and Expert Supervision

Many kinematics problems require computer algebra systems
(CAS) such as Mathematica or SymPy for symbolic derivation
before numerical solution. However, Al agents still struggle
with the combinatorial explosion of symbolic terms when fully
autonomous. Human expert supervision must be injected through
the prompts to guide the CAS derivations [13]. Strategic tips
encoded in prompts typically include:

 Variable elimination order: Suggesting which joint an-
gles to eliminate first based on architectural coupling struc-
tures.

* Algebraic simplification: Mandating specific trigonomet-
ric identities (e.g., sin”@ + cos2# = 1) to prevent term
explosion.

* Matrix operations: Replacing generic symbolic 4 X 4
matrix inverses with analytic SE(3) block inverses for nu-
merical stability.

¢ Geometric insights: Leveraging known hardware con-
straints (e.g., equating twist angles) rather than algebraic
brute force.

* Recognizing solvable patterns: Guiding the Al to map
derived expressions into known solvable systems (e.g., bi-
linear two-angle systems).

6. INVERSE KINEMATICS OF A GENERAL 6R ROBOT

As summarized in Table 1, the evaluated benchmark kine-
matics problems are classified into five reported categories of
increasing difficulty. Categories 1 through 3, as well as the spe-
cial architecture 6R IK benchmark (Category 5), have already
been successfully solved using this LLM-assisted framework and
are detailed in recent papers [13, 19]. In this section, we present

the solution process for Category 4: the analytical inverse kine-
matics of the general 6R serial robot, where a reference solution
methodology [6] is provided to guide the LLM. If no solution
reference or expert guidance were provided, independently deriv-
ing this general 6R IK method would be a conceptual AGI Level
5 challenge; that unevaluated case is therefore not reported as a
performance result in Table 1.

6.1. Problem Statement

We reproduce the inverse kinematics solution for a general
6R serial robot following the Raghavan—Roth resultant elimina-
tion method [6]. Given a desired end-effector pose °7¢, the IK
problem seeks all sets of joint angles (61, ..., 0¢) satisfying the
forward kinematics equation. The general 6R robot admits up to
16 solutions.

6.2. Kinematics Equations
For a 6R serial chain with Denavit—Hartenberg parameters
(a;, a;, d;), each joint transform is

Ai(6;) = R.(0;) T;(d;) Tx(a;) Rx(a;). )]

The forward kinematics equation AjAyA3A1A5A6 = Ahand 18
rearranged by splitting the chain at joint 3. Following Ragha-
van and Roth [6], the matrix A3 is factored as A; = A3,Asy,
where A3, = R,(63) contains the variable 63 and A3y =
T,(d3) Ty(a3) Ry(a3) contains only the structural constants.
Pre-multiplying by A; lAl‘1 and post-multiplying by Ag I gives
A3,A35A4As = AS'AT ApnaAg ', Since Az, comprises only
structural DH constants, it is absorbed into a redefined joint-4
matrix A:‘ = AzgAy, yielding:

A3 ALAs = A7TAT! Apana Ag )

For clarity, Aj1 is referred to as A4 throughout the remainder of
this section. The left-hand side (LHS) is a function of (63, 64, 85)
and the right-hand side (RHS) is a function of (61, 67, 8¢).
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From Eq. 2, Raghavan and Roth extract the 4th (position)
column as p and the 3rd (approach/z-axis) column as ¢ from
the matrix on each side. Since 6¢ appears only in two columns
of the RHS rotation matrix, £ and p are independent of #¢. This
separates 0 from the system, leaving only (61, 6;) on the RHS. In
addition, they derive 8 more equations by computing polynomial
combinations of p and £ that preserve the same bilinear monomial
structure. Table 2 summarizes the 14 equations.

TABLE 2: The 14 Raghavan—Roth scalar equations from geometric
vectors p and £

Equation Type Vector Expression Count
Position P 3
Approach 14 3
Squared distance PP 1
Dot product p-¢ 1
Cross product px¢ 3
Vector combination  (p-p)f —2(p- £)p 3
Total 14

Because each component in Table 2 is already bilinear in the
same monomial sets, these polynomial products yield expressions
with the same power products in (04,05) and (01,60,). This
algebraic property enables the assembly of the 14 equations into
a shared linear structure.

Collecting all constraints, 14 independent scalar equations
are obtained. For a fixed 63, each equation is bilinear in trigono-
metric monomials of (64, 85) from the LHS and (61, 8,) from the
RHS:

PrII‘I45=Qr1112, I"=1,...,14, (3)

where the monomial vectors are
T
Mys = [$455, S4C5, €485, C4C5, S4, Ca, S5, C5, 1]7,  (4)

T
np = [s1852, Sic2, €182, €1¢2, S1, €1, §2, €2]". Q)

Note that mys has 9 entries (including the constant 1 from terms
involving only 63), while n;, has 8 entries. Stacking all 14 rows
yields the matrix system:

P(63) mys = Q(63)npp, P eR¥O Q0 eRP3 (6)

The coefficient matrices P and Q depend on 63 (via sin 63 and
cos 63) and are linear in the DH constants and target pose entries.

6.3. Solution Process

The solution process eliminates the intermediate joint an-
gles sequentially. First, (61, 6,) are eliminated using the left null
space of O, yielding a smaller system E4smy5 = 0. Using the
tangent half-angle substitution x; = tan(6;/2), the trigonometric
equations are converted into a polynomial system in variables
X3,X4,x5. Dialytic lifting is then applied by multiplying the
equations by monomials, resulting in a 12 X 12 matrix system
M (x3) 212(x4,x5) = 0

The requirement that this larger system must have a non-
trivial solution dictates that det M (x3) = 0, forming the charac-
teristic equation of degree 16. To robustly find these roots as

recommended by Manocha and Canny [22], M is expressed as a
quadratic matrix polynomial X(x3) = Ax3 + Bx3 + C, which is
solved via a 24 x 24 generalized eigenvalue problem constructed
from the companion matrix. Upon identifying the real eigenval-
ues (the roots x3), back-substitution yields the remaining joint
angles (x4,xs), (61, 62), and finally 6.

Algorithm 1 Inverse Kinematics of General 6R Robot [6]

Require: 6 DH parameters and target transformation Ap,ng
Ensure: Up to 16 joint angle solutions [91,92, 03, 04, 05, 06]
1: Rearrange kinematics as A3,,A As = A A AhandA , where A’ =
A3z Ay absorbs the structural factor of Jomt 3
2: Extract 3 position p equations and 3 approach vector £ equations
3. Generate 8 additional equations via vector products/combina-
tions: p-p,p-£,pX &, (p-p)l—2(p-E)p
4: Form the 14 equations: P(63) mys5(04,60s5) = On2(01,6>)
5: Eliminate 6, 8, via the left null space N7 of Q (i.e., NTQ = 0),
forming E45 = NT P such that E4smys = 0
6: Substitute x; = tan(6;/2) to get polynomials in x3, x4, X5
7: Form 12 x 12 dialytic lifting matrix Z(x3) = Ax§ +Bx3 +C
8
9

: Formulate 24 x 24 generalized eigenvalue pencil Ciw = x3Cow
. Compute real eigenvalues to obtain roots for x3

10: Back-substitute to find (x4, xs), then (61, 85), and finally 8¢

11: return Valid real assembly configurations

6.4. Code Generation by LLM

To initiate the code generation process for the general 6R 1K
solver, the initial prompting process was quite casual by gener-
ally following the standard prompt structure given in Section 5.
However, the model failed to reproduce the results due to three pri-
mary errors: (1) reading the reference paper without using optical
character recognition (OCR), which led to a misunderstanding of
the complex mathematical formulas; (2) pitfalls in the symbolic
derivation process where the Mathematica script frequently be-
came stuck; and (3) severe numerical instability when attempting
to solve the final polynomial directly. Resolving these issues
proved to be a highly iterative process, requiring hours or days
of debugging by examining intermediate results and providing
targeted hints. Specifically, to overcome the numerical instabil-
ity, the human expert had to explicitly show the Al model the
method presented by Manocha and Canny [22], guiding it to use
the companion matrix and generalized eigenvalue formulation.
This highlights precisely where human expertise is indispensable
to guide the AI through complex analytical bottlenecks. After
many iterations, a final working Mathematica script is generated
as shown in Appendix A.

After the iterative development process produced a validated
pipeline, we asked the Al to generate a final refined prompt,
similar to the one demonstrated in Section 5, partitioning the
necessary domain knowledge into context, task, requirements,
and deliverables blocks. This prompt assumes three reference
PDF files are available in the LLM’s workspace context: the
analytical method by Raghavan and Roth [6], the generalized
eigenvalue formulation by Manocha and Canny [22], and the 16-
real-solution reference case by Manseur and Doty [23]. A detailed
version of this prompt is provided in the project’s companion
GitHub repository [24].
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Using this refined prompt, the entire IK code pipeline—
ranging from the Mathematica symbolic derivation script to the
Python numerical solver, the C++ implementation, and the fi-
nal reports—can be reproduced via a single-shot prompt in the
Codex 5.3 (Extra High) model without additional mid-run hu-
man intervention. This single-shot reproduction should be inter-
preted as the result of prior expert prompt engineering, not as
evidence that the model autonomously discovered the Raghavan—
Roth method or selected the stable numerical formulation from
scratch.

6.5. Evaluation Results

The solver was validated using the classical Manseur—Doty
example [23], a robot known to possess 16 real IK solutions.
Table 3 lists the DH parameters.

TABLE 3: DH parameters for the Manseur-Doty 16-real-root exam-
ple

i a; d; «a;(rad) a; (deg)
1 03 0 1.57 90

2 1 0 1 57.3

3 0 02 1.57 90

4 15 0 1 57.3

5 0 0 1.57 90

6 0 0 1 57.3

The reference joint tuple is q* =

[0°, 107.46°, 112.46°, —-7.66°, 0°, 0°]. All 16 IK solution
were recovered, as shown in Table 4.

Solution 4 corresponds to the planted reference tuple q*. All
16 solutions have FK position residuals below 1077, confirming
the solver’s numerical accuracy. Note that solutions come in
8 pairs sharing (61, 60,) values but differing in (63, 84, 65, 06).
This pairing arises because, for each pair of shoulder joint angles
(01,0>) placing the wrist center, the elbow joint 63 and wrist
joints (04, 0s,06) can adopt two symmetric postures, yielding
2 x 8 = 16 total configurations.

A C++ implementation of the same algorithm was also gener-
ated by the LLM, achieving a 106x speedup over the Python ver-
sion (mean IK time 0.0015 s vs. 0.161 s) on a random benchmark
of 1000 IK queries, while preserving near-complete solve cover-
age (999/1000). The single failure occurred on a near-singular
kinematic configuration where the generalized eigenvalue pencil
produced a spurious complex root that did not pass the real-
root filter, a known sensitivity of the companion-matrix approach
near geometric singularities. The full evaluation result reports
are available in the GitHub repository [24].

7. DISCUSSION
7.1. Summary of Evaluation Results

The evaluated benchmark categories reveal a clear and con-
sistent progression in LLM code generation difficulty that tracks
with the mathematical depth and sequentiality of the underlying
derivation pipeline rather than with algebraic degree alone, as
summarized in Table 1. The reported wall-clock session times,
ranging from under 5 minutes to multi-hour or multi-day total

human-AlI sessions, directly reflect this progression and identify
where human expert effort is most concentrated.

For foundational problems such as the kinematic analysis and
synthesis of planar and spherical linkages [19], the LLM operated
highly autonomously, generating working code in a single shot
with virtually no expertintervention. Asthe complexity increased
to the spatial SS dyad synthesis [19], the algebraic formulation
led to numerical instability, requiring the human expert to explic-
itly intervene and direct the LLM to adopt a companion-matrix
generalized eigenvalue formulation.

In the realm of highly complex spatial mechanisms, the for-
ward kinematics of the Stewart—Gough platform proved surpris-
ingly tractable, reaching a functionally complete solution in ap-
proximately 30 minutes in a single-shot session. Despite involving
a multi-stage resultant cascade to derive a 40th-degree character-
istic polynomial, the LLM produced a complete Mathematica
script with no iterative correction required. The key enabler was
the algorithmic clarity of Husty’s elimination procedure [20]:
each step (determinant computation, resultant cascade, GCD ex-
traction) is a well-defined symbolic operation with a straightfor-
ward Mathematica mapping, allowing the LLM to translate the
algorithm into code with high fidelity. This suggests that LLMs
are well-suited to symbolic pipelines whose steps are individu-
ally simple and independently verifiable, even when the overall
algebraic degree is high.

Moving up the difficulty scale, the inverse kinematics of
the general 6R robot proved to be a highly demanding bench-
mark. Even though the human expert provided the explicit so-
lution papers (i.e., Raghavan and Roth [6]) directly to the Al,
it still required multi-hour to multi-day total sessions of expert—
LLM dialogue to successfully generate validated code. Three
compounding sources of difficulty were identified. First, deriv-
ing the 14 bilinear Raghavan—Roth constraint equations demands
careful bookkeeping of the kinematic split and the chain of ma-
trix manipulations, offering many opportunities for subtle sign
and indexing errors. Second, the dialytic lifting step and the
subsequent elimination of (61, 6,) via left null-space projection
require precise management of the polynomial degree structure
across the trigonometric monomial bases. Third, and most crit-
ically, the original Raghavan—Roth paper [6] does not specify
a numerically robust method for solving the final characteristic
polynomial; the companion-matrix generalized eigenvalue for-
mulation that ensures numerical stability had to be introduced
by the human expert via Manocha and Canny’s method [22] and
then guided through the LLM iteratively. Only once this final
step was correctly formulated did the solver reliably recover all
16 solutions.

The inverse kinematics of 6R robots with special architec-
tures like spherical wrists or parallel axes without a solution
document [13] proved to be the most demanding reported bench-
mark, requiring multiple prompting iterations. It is important to
emphasize that for this problem, no explicit solution is provided
to the LLM. While there are solutions available for specific robot
architectures (e.g., PUMAS560 or URY), there is no ready-to-use
analytical solution for general cases where the DH parameters can
be arbitrary while still satisfying the specific architecture con-
straint. Because the LLM could not simply transcribe a known
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TABLE 4: All 16 recovered IK solutions for the Manseur—-Doty example (angles in degrees)

Sol 0, (2 03 04 Os 0g Solverres. Pos.res.  Ori. res. (rad)
1 -148.74 -64.31 -167.76 -54.97 -88.84 44.07 4.24E-15 2.69E-15 2.30E-15
2 63.90 -111.16 -126.95 47.57 -68.51 -55.40 1.08E-14 4.33E-15 7.06E-15
3 -116.98 -75.52 152.12 -44.86 -100.75 105.10 1.28E—-14 8.22E-15 6.96E-15
4 0.00 107.46 112.46 —-7.66 0.00 0.00 2.22E-14 1.64E—-14 1.06E-14
5 -24.19 90.31 123.04 8.55 4.18 -9.97 2.85E-14 1.52E-14 1.71E-14
6 -116.98 -75.52 -27.88 -135.14 -79.25 -7490 5.99E-14 2.15E-14 3.95E-14
7 63.90 -111.16 53.05 132.43 -111.49 124.60 8.01E—14 4.14E-14 4.85E-14
8 —11.16 -118.68 —38.88 138.63  —77.00 -9.11 9.01E-14 7.88E-14 3.09E-14
9 109.73 121.72 51.12 —-102.54 -3.54 1.25 1.07E-13 5.19E-14 6.58E-14

10 -11.16 -118.68 141.12 41.37 -103.00 170.89 1.42E-13 1.41E-13 1.36E-14
11 177.33 74.17 54.09 -150.77 -8.74 35.11 3.60E-13 2.89E-13 1.51E-13
12 —-148.74 -64.31 12.24 -125.03 -91.16 -135.93 1.48E-12 1.12E-12 6.85E-13
13 -24.19 90.31 -56.96 171.45 175.82 170.03 2.50E-12 2.57E-13 1.76E-12
14 0.00 107.46 -67.54 -172.34 180.00 -180.00 4.10E-12 1.36E-12 2.73E-12
15 177.33 74.17 -12591 -29.23 -171.26 -144.89 1.67E-11 1.22E-11 8.01E-12
16 109.73 121.72 -128.88 -77.46 -176.46 -178.75 1.00E-9 7.84E-10 4.41E-10

solution, it necessitated strategic domain guidance regarding spa-
tial decoupling and variable elimination order to correctly isolate
the mechanism’s simplifications. As a result, finding the solu-
tion proved to be a highly iterative process, requiring multi-hour
to multi-day total debugging and prompting sessions. However,
the final refined prompt based on the prompting process and the
generated code can solve the problem in minutes.

7.2. Current Al Intelligence Level

Referring back to the hierarchy proposed in Fig. 1, the current
state-of-the-art LLMs evaluated across these benchmark prob-
lems operate effectively at Level 3 and approach Level 4 in
human-guided settings. As detailed in the companion paper [19],
the LLM demonstrated its capability to solve the forward kine-
matics of the Stewart—Gough platform autonomously without the
need for human guidance, a solid Level 3 achievement. In this
paper, achieving a complete solver for the general 6R IK problem
demanded extensive, structured expert intervention, including
guidance on dialytic lifting and numerically stable generalized
eigenvalue formulations. As demonstrated by Su [13], solving
the inverse kinematics of 6R robots with special architectures,
where no explicit analytical solution exists in literature, proved
even more demanding and required detailed prompts embedded
with domain-specific algebraic knowledge to formulate a novel
elimination strategy. These latter interactions indicate Level 4
potential under expert supervision, but they do not demonstrate
fully autonomous Level 4 performance. If an LLM could ac-
complish these tasks without human intervention, it would more
clearly reach Level 4 autonomy.

Progressing towards Level 5 AGI, defined here as surpass-
ing the best human experts on foundational open or historically
difficult kinematics questions, will require LLMs to master and
internalize undocumented heuristic analytical skills that human
experts currently rely on through trial and error, thereby reducing
the need for iterative human-led refinement. Specifically, if an
Al could solve the inverse kinematics of the general 6R problem
from scratch, without being provided the solution manual in a
reference paper or having explicitly trained on those documents,
it would provide strong evidence for AGI Level 5 in this domain.
Any forecast about when such capability may appear remains
speculative.

7.3. Limitations

This study has several limitations that should be acknowl-
edged. The benchmark is restricted to classical problems
with well-known analytical solutions whose correctness can be
checked against published results; generalization of these findings
to open or unsolved kinematics problems has not been validated.
The evaluation reflects a single-expert workflow and therefore
does not quantify variability due to prompt phrasing, choice of
expert, or non-determinism across independent LLM runs. The
prompting strategies described are calibrated to the specific model
versions tested and may require adjustment as newer models are
released or as different CAS environments are used.

The most important observed failure modes were not super-
ficial coding mistakes, but mathematically plausible errors in the
symbolic pipeline. In early 6R IK attempts, the model sometimes
misread dense equations from the reference paper, introduced sign
or indexing errors in the 14 scalar constraints, selected monomial
bases inconsistent with the intended dialytic lifting, or attempted
to solve the final characteristic polynomial using numerically un-
stable direct root-finding. These failures often produced code that
looked structurally reasonable but failed benchmark residual tests
or recovered an incomplete solution set. Human expert interven-
tion was therefore required not only to debug syntax, but also to
identify the correct algebraic split, enforce the elimination struc-
ture, and introduce the companion-matrix generalized eigenvalue
method. The FK-IK-FK validation checks are effective for reject-
ing incorrect final solutions, but they do not by themselves teach
the model which symbolic route is correct; that methodological
guidance remains a central limitation of the current workflow.

A natural concern is whether these results are reproducible,
given the non-deterministic nature of LLMSs and the significant
expert effort invested in the iterative development process. We
argue that reproducibility is demonstrated at two complemen-
tary levels. First, the final refined prompts—which encode all
domain-specific algebraic guidance, validation criteria, and ref-
erence materials—are made publicly available in the companion
GitHub repository [24]. As demonstrated in Section 6, any practi-
tioner with access to these prompts and the three reference PDFs
can regenerate the full IK code pipeline (Mathematica deriva-
tion, Python solver, and C++ implementation) in a single-shot
session using the same model tier, without repeating the hours of
iterative development. Second, the correctness of the generated
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code is independently verifiable: the solver’s output against the
Manseur—Doty 16-real-root benchmark and the FK-IK-FK resid-
uals serve as objective, quantitative acceptance criteria that any
implementation must satisfy. Taken together, the public prompts
and the closed-form validation tests provide a reproducible work-
flow, even though the exploratory prompt-engineering phase that
produced those prompts was necessarily non-deterministic and
expert-dependent.

LLM hallucination—the generation of plausible-looking but
mathematically incorrect code—is a known risk in scientific code
generation. This concern is partially mitigated in the kinematics
domain by the availability of a cheap, exact verifier: any can-
didate IK solution { can be checked by computing the forward
kinematics FK(q) and comparing it against the target pose 7. A
position residual above a tight threshold (e.g., 107 m) imme-
diately flags a spurious solution, regardless of how convincing
the surrounding code appears. This FK-IK-FK cycle provides a
rigorous numerical pass/fail test for candidate roots. However, it
should not be interpreted as a complete safeguard: a generated
solver may still omit valid branches, rely on unstable numerical
choices, or require expert diagnosis before the verifier is ever
satisfied.

7.4. Future Work

These results establish a foundation for two natural exten-
sions. First, expanding the benchmark to cover a broader diversity
of kinematics problems—including parallel mechanisms (analy-
sis, synthesis, workspace, and mobility evaluation), compliant
mechanisms, origami structures, kirigami structures, reconfig-
urable mechanisms, overconstrained mechanisms, cable-driven
systems, and synthesis under uncertainty—will test whether the
patterns observed here generalize beyond the reported bench-
mark categories. Second, and more ambitiously, applying the
LLM-assisted framework to open research problems in kinemat-
ics, where no ground-truth analytical solution exists, will probe
the limits of the human—AlI collaborative paradigm. The devel-
opment of reusable, domain-specific skill documents (analogous
to the SKILL.md introduced for the 6R IK solver) that encode
expert algebraic guidance for broad classes of elimination prob-
lems represents a promising direction for reducing the prompting
burden in future sessions.

8. CONCLUSIONS

This paper presented a focused evaluation of large language
models for solving classical kinematics benchmark problems,
together with a hierarchy for discussing progress toward Artificial
General Intelligence (AGI) in kinematics. The primary technical
example was the inverse kinematics of the general 6R serial robot,
a highly complex spatial mechanism that exemplifies the “Mount
Everest” algebraic challenges of the 1980s and 1990s.

Key findings indicate that LLMs can generate working kine-
matics solvers when guided by structured prompts encoding ex-
pert domain knowledge, solution strategies, and validation crite-
ria. However, problem complexity dictates the required level of
human involvement. For the 6R IK problem, the algebraic and
numerical nuances necessitated multi-step prompting, CAS inte-
gration, and iterative expert correction—highlighting the current

gap toward AGI. Specifically, the transition from symbolic repre-
sentation to numerically robust solvers relies heavily on domain-
specific best practices (e.g., formulating generalized eigenvalue
problems) that LLMs frequently miss. Ultimately, expert guid-
ance remains essential for specifying elimination strategies, iden-
tifying solvable subsystems, and selecting appropriate numerical
methods in these complex generative tasks.

These results demonstrate that LLMs represent a powerful
new tool for accelerating the implementation of analytical kine-
matics algorithms, provided that appropriate human expertise
guides the process. Looking further ahead, the integration of Al
tools into kinematics research holds the potential to fundamen-
tally transform how the field advances. Tasks that once required
weeks of manual derivation—constructing resultant matrices,
managing polynomial degree structures, implementing numer-
ically stable eigensolvers—can increasingly be delegated to an
LLM coding assistant, compressing research and development
cycles from months to days.

As models continue to improve in mathematical reasoning,
we anticipate that the boundary of autonomous LLM capability
will shift progressively toward higher-complexity problems, en-
abling researchers to devote more effort to problem formulation
and insight rather than implementation. Based on the intelli-
gence hierarchy proposed in this work, current state-of-the-art
LLMs operate effectively at Level 3 and show Level 4 potential
under expert supervision: they can reproduce extremely com-
plex, documented analytical pipelines, but still depend on human
heuristic guidance to navigate novel algebraic elimination strate-
gies. Progress toward Level 5 AGI should therefore be judged
by future systems’ ability to choose correct symbolic strategies,
select stable numerical methods, and pass independent validation
without relying on a human expert to supply the critical reasoning
steps.
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APPENDIX A. LLM-GENERATED MATHEMATICA SCRIPT
FOR 6R IK SOLVER

The following condensed Mathematica script was generated
by the LLM to implement the Raghavan—Roth resultant elimina-
tion pipeline for the general 6R IK problem. It constructs the 14
bilinear equations, eliminates (61, 67), applies dialytic lifting, and
solves the quadratic matrix polynomial via a 24 X 24 generalized
eigenvalue pencil.

(* Raghavan-Roth 1993 IK solver for general 6R chain x)
ClearAll["Global *"];

(x DH transform: A_i = Rz(theta) Tz(d) Tx(a) Rx(alpha) x*)
Aiv[th_1:={{Cos[th],-Sin[th],0,03},{Sin[th],Cos[th],0,03},
{0,0,1,0},{0,0,0,1}}
Ais[a_,al_,d_]1:={{1,0,0,a},{9,Cos[al],-Sin[al], 0},
{9,Sin[al],Cos[al],d},{0,0,0,1}};
DHMatrix[a_,al_,d_,th_]:=Aiv[th].Ais[a,al,d];

(* Forward kinematics x)
FK[dh_,qg_]:=Fold[Dot,IdentityMatrix[4],
Table[DHMatrix[dh[[i,1]],dh[[1,2]],dh([i,3]1],qC011]],{i,1,6311;

(x Build p,l vectors from chain split at joint 3 x)

BuildPL[dh_,T_,q_]:=Module[{a, left,right},
a=Table[DHMatrix[dh[[i,1]],dh[[i,2]],dn[[i,31],q[[i]1],{i,1,63}];
left=Ais[dh[[2,1]],dh[[2,2]],dh[[2,3]]].a[[3]].a[[4]].a[[5]];
right=Inverse[Aiv[q[[2]]]1].Inverse[al[[1]]].T.Inverse[a[[6]]];
{leftl[1;;3,41],right[[1;;3,41],left[[1;;3,3]],right[[1;;3,311}];

(* Build 14 equations: 3(p)+3(L)+1(p.p)+1(p.L)+3(pxLl)+2(combo)+1(L.1) *)
Build14[dh_,T_,q_]:=Module[{pL,pR,lL, R},

{pL,pR, L, R}=BuildPL[dh,T,ql;

Join[pL-pR, lL-1R, {pL.pL-pR.pR, pL.lL-pR.1lR},
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Cross[pL,lL]-Cross[pR, lR],
(pL.pL)*TL-2%(pL. L) *pL-((pR.pR)*LR-2x(pR.1R)*pR)1];

(* Monomial vectors x)

Mon45[t4_,t5_1:={Sin[t4]Sin[t5],Sin[t4]Cos[t5],Cos[t4]Sin[t5],
Cos[t4]Cos[t5],Sin[t4],Cos[t4],Sin[t5],Cos[t5],1.};

Mon12[t1_,t2_]:={Sin[t1]Sin[t2],Sin[t1]Cos[t2],Cos[t1]Sin[t2],
Cos[t1]Cos[t2],Sin[t1],Cos[t1],Sin[t2],Cos[t2]};

(x Extract P,Q matrices by sampling random (t1,t2,t4,t5) *)
BuildPQ[dh_,T_,x3_, samp_]:=Module[{fMat,vals,pR,qR,sol},
fMat=Table[Join[Mon45[s[[3]],s[[4]1],-Mon12[s[[1]1],s[[2]1]],
{s,samp}];
vals=Table[Build14[dh,T,{s[[111,s[[2]],2ArcTan[x3],s[[3]1],s[[41]1,0.3}1,
{s,samp}1;
pR=qR=Table[0.,{14},{9}]1;
Do[sol=LeastSquares[fMat,vals[[All,i]]];
pRLLiI1]=sol[[1;;9]1]; qRL[il]=sol[[10;;171]1,{i,1,143}];
{pR,qR}];

(x Eliminate thetal,theta2 via left null space of Q *)
Elim12[p_,q_]:=NullSpace[Transpose[q],Tolerance->10*-12].p;

(*x Half-angle substitution map: trig monomials -> polynomial basis x)
HalfAngleMap[]:=Module[{t=ConstantArray[@.,{9,9}13},

t[[1,4]11=4.; t[[2,3]]=-2.; t[[2,7]1]=2.;

tl[3,2]11=-2.; t[[3,8]]1=2.;

tl[4,111=1.; t[[4,511=-1.; t[[4,611=-1.; t[[4,911=1.;

t[[5,3]]1=2.; t[[5,7]11=2.;

t[[6,11]=-1.; t[[6,5]11=-1.; t[[6,61]=1.; t[[6,911=1.;

tL[7,2]1=2.; t[[7,8]1]=2.;

tl[8,111=-1.; t[[8,5]1=1.; t[[8,611=-1.; t[[8,911=1.;

t[09,111=1.; t[[9,511=1.; t[[9,611=1.; t[[9,911=1.; tI;

(* Build 12x12 dialytic matrix from 6x9 E9 *)
Dialytic12[e9_]:=Module[{m=ConstantArray[0.,{12,12}]1},
Do[c=e9[[i]1];

mL[i,{4,5,7,

8,6,10,9,11,12}1]=c;
m{[i+6,{1,2,4,

6,1

5,3,7,6,8,9}11=c,{i,1,6}1; ml;

(* Decompose P(theta3) = PS*sin(theta3) + PCxcos(theta3) + P1 %)

(* Q is constant with respect to theta3 x)

FitPSinCos[dh_,T_, samp_]:=Module[
{g={-2.1,-0.2,1.3}, basis,inv,ps={},qs={},pS,pC,p1,qC},
basis=Transpose[{Sin[g],Cos[g],ConstantArray[1.,3]}];
inv=Inverse[basis];
Do[AppendTo[ps,BuildPQ[dh,T,Tan[t/2],samp][[1]1]];

AppendTo[qs,BuildPQ[dh,T,Tan[t/2],samp][[2]1]],{t,g}];

pS=inv[[1,11]*ps[[1]1]+inv[[1,2]]*ps[[2]]+inv[[1,3]]*ps[[3]1];
pC=inv[[2,1]]*ps[[1]]+inv[[2,2]]1*ps[[2]]+inv[[2,3]]*xps[[3]];
p1=inv[[3,111*ps[[1]1]+inv[[3,2]]*ps[[2]]+inv[[3,3]1]*ps[[3]1];
aC=Mean[gs]; {pS,pC,p1,aC}];

(* Build quadratic matrix polynomial M(x3) = M@ + M1*x3 + M2xx3%2 *)

(* where x3 = tan(theta3/2), using sin=(2x)/(1+x*2), cos=(1-x"2)/(1+x*2) *)

(x so (1+x3%2)#P = (P1+PC) + 24PSxx3 + (P1-PC)*x3%2 = PQ + PI1L#x3 + P2%x32 %)

BuildM@12[dh_,T_, samp_]:=Module[{pS,pC,p1,qC,nMat,map,pd,plL,p23},
{pS,pC,p1,qC}=FitPSinCos[dh, T, sampl;
nMat=Module[{piv,qP,qR,x,n,rem,order,nPerm},

piv=Module[{idx={}, rem=Range[14],best,score,cand,blk,rk,sv},
While[Length[idx]<8&&Length[rem]>0,
best=Missing[];score=Infinity;

Do[cand=Append[idx,r]; blk=qC[[cand]];
rk=MatrixRank[blk,Tolerance->10*-101;
If[rk<Length[cand],Continue[]];
sv=SingularValueList[N[blk,40]];

If[Length[sv]==0]| |Abs[Last[sv]]<=10"-14,Continue[]];
If[First[sv]/Last[sv]<score,score=First[sv]/Last[sv];best=r],
{r,rem}];
If[best===Missing[],Break[]];
idx=Append[idx,best]; rem=DeleteCases[rem,best]]; idx];
rem=Complement[Range[14],piv]; qP=qCLL[piv]]; qR=qCLLrem]];
x=Transpose[LinearSolve[Transpose[qgP], Transpose[qR]]];
nPerm=ArrayFlatten[{{-x,IdentityMatrix[Length[rem]]1}}];
order=Join[piv,rem]; n=ConstantArray[@.,{Length[rem],14}1;
Do[n[[All,order[[j1]1]1]1=nPerm[[ALlLl,j1],{j,1,Lengthlorder]}]; nl;
map=HalfAngleMap[];
po=p1+pC; p1L=2.*pS; p2=p1-pC;
{Dialytic12[nMat.p@.map], Dialyticl12[nMat.plL.map],
Dialyticl12[nMat.p2.map]l}];

(* Solve via 24x24 generalized eigenvalue pencil *)
SolveIK[dh_,T_]:=Module[{samp,m@,m1,m2,n,matA,matB,
eigs,x3roots,sols={}, th3,pq,e45,map,e9,dMat,ns, x45,
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th4,th5,m45,rhs,n12,sc1,sc2,th1,th2,th6,q,res, fk},
SeedRandom[73421]; samp=Table[RandomReal[{-Pi,Pi},4],{60}];
{m@,m1,m2}=BuildM@12[dh,T,samp]; n=Length[m@];
(* Build 24x24 companion pencil for M@+M1*x3+M2%x3%2 *)
matA=ConstantArray[@.,{2n,2n}]; matB=ConstantArray[@.,{2n,2n}];
matAL[1;;n,1;;n]]=-m1; matA[[1;;n,n+1;;2n]]=-mo;
matBL[1;;n,1;;n]]1=m2;
matAL[n+1;;2n,1;;n]]=IdentityMatrix[n];
matBL[n+1;;2n,n+1;;2n]]=IdentityMatrix[n];
eigs=Quiet[N[Eigenvalues[{matA,matB}],40]1];
x3roots=Sort[Re[Select[eigs,
NumericQ[#]&&Abs[Im[#]]<=10*-7&&Abs[Re[#]]1<=30&]1];
(* Back-substitute each x3 root *)
map=HalfAngleMap[];
Do[th3=2ArcTan[x3];
pg=BuildPQ[dh,T,x3,samp];
e45=ELim12[pql[1]],pql[2]]];
e9=e45.map; dMat=Dialytic12[e9];
ns=NullSpace[N[dMat,40],Tolerance->10*-16];
Do[z=Re[v]; x4=z[[911/z[[12]1]1; x5=z[[11]11/z[[12]];
th4=2ArcTan[x4]; th5=2ArcTan[x5];
m45=Mon45[ th4,th5]; rhs=pql[[11].m45;
nl12=LeastSquares[pql[[2]],rhs];
sc1={n12[[5]11,n12[[611}/Norm[{n12[[5]1,n12[[611}];
sc2={n12[[7]11,n12[[811}/Norm[{n12[[71],n12[[811}];
th1=ArcTan[sc1[[2]],sc1[[1]]];
th2=ArcTan[sc2[[2]],sc2[[1]1]];
fk=Fold[Dot,IdentityMatrix[4],Table[
DHMatrix[dh[[i,1]],dh[[i,2]],dn[[i,31],
{th1,th2,th3,th4,th5,0.3[[i111,{i,1,5}1]1;
th6=ArcTan[Inverse[fk].T//N//First//First,
(Inverse[fk].T)[[2,111];
g={th1,th2,th3, th4,th5,th6};
res=Norm[Flatten[FK[dh,ql-T11;
If[res<10*-4, AppendTo[sols,{q,res}]],

{v,ns}],
{x3,x3roots}];
sols];
(* Example: Manseur-Doty 16-root case
dh16 = {

{0.3, Pi/2, 0.0},

{1.0, 1.0, 0.0},

{0.0, Pi/2, 0.2},

{1.5, 1.0, 0.0},

{0.0, Pi/2, 0.0},

{0.0, 1.0, 0.0}

i

q16 = {0.0, 107.458 Degree, 112.460 Degree, -7.662 Degree, 0.0, 0.0};
target16 = FK[dh16, q16];

Print["Target pose:"];

Print[MatrixForm[target16]];

sols16 = SolveIK[dh16, target16];

Print[Length[sols16], " IK solutions recovered (expected 16)."];
Dol
Print[" #", i,

"

g=", N[sols16[[i,1]], 81,
residual=", N[sols16[[i,2]], 1211,
{i, 1, Length[sols16]}1;

(* Example: Random general 6R

SeedRandom[20260225];

dhRand = Transpose[{
RandomReal[{0.08, 0.45}, 61,
RandomChoice[{-1., 1.}, 6]xRandomReal[{@.35, 1.35}, 61,
RandomReal[{0.0, 0.303}, 61}1;

gTrue = RandomReal[{-Pi, Pi}, 61;

targetRand = FK[dhRand, qTruel;

solsRand = SolveIK[dhRand, targetRand];

Print[Length[solsRand], " IK solutions for random example."];

dists = Table[Norm[qTrue - s[[1]]], {s, solsRand}];

bestIdx = First@Ordering[dists, 1];

Print["Best match to ground truth: distance=", N[dists[[bestIdx]], 8],
" residual=", N[solsRand[[bestIdx, 2]1, 121];

Copyright ©2026 by ASME

*)



	Abstract
	1 Introduction
	2 Defining AGI in Kinematics
	3 Open Kinematics Problems
	3.1 Kinematic Synthesis of Linkages
	3.2 Parallel Mechanisms
	3.3 Compliant Mechanisms
	3.4 Reconfigurable Mechanisms and Origami/Kirigami Structure Design

	4 Hierarchical Problem Decomposition
	5 Prompting LLMs for Code Generation
	5.1 Collaborative Workflow
	5.2 Prompt Structure
	5.3 CAS-Based Solutions and Expert Supervision

	6 Inverse Kinematics of a General 6R Robot
	6.1 Problem Statement
	6.2 Kinematics Equations
	6.3 Solution Process
	6.4 Code Generation by LLM
	6.5 Evaluation Results

	7 Discussion
	7.1 Summary of Evaluation Results
	7.2 Current AI Intelligence Level
	7.3 Limitations
	7.4 Future Work

	8 Conclusions
	Acknowledgment
	References
	A LLM-Generated Mathematica Script for 6R IK Solver

