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Generative Problem Solving (GPS) vs Generative Al (GenAl)

(Wikipedia) Generative artificial intelligence
(GenAl) is a subfield of artificial intelligence
(Al) that uses generative models to generate
text, images, videos, audio, software code or
other forms of data. These models learn the
underlying patterns and structures of their
training data, and use them to generate new
data in response to input, which often takes
the form of natural language prompts.

GPS-SP: Generative Problem Solver for the Shortest Path Problem

Generative Problem Solving (GPS)
uses computational methods to
generate the spaces of problems, data,

use cases, scenarios) to solve complex
problems where the process and
solutions are verifiable.




Generative Problem Solving (GPS) vs Generative Al (GenAl)

GPS-SP: Generative Problem Solver for the Shortest Path Problem

GPS
(Semantic Computing)

Modern Al + Classic Al + Computer

Science

... Intentions

.... Requirements Engineering
... Synthesis

... Verification, Testing

... Agentic Al
... Generative Al



My Passion

Generate more jobs in the Al era

College education is needed

GPS-SP: Generative Problem Solver for the Shortest Path Problem



What is Al

* Classic Al ' - el

e Modern Al GENCE
* Computer Science

* Semantic Computing
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i
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Classic Al

Search

« Knowledge representation

* Reasoning

 Planning

Problem solving (GPS)
Natural language processing
Machine learning

*  Machine vision

*  Robotics

GPS-SP: Generative Problem Solver for the Shortest Path Problem
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Modern Al

* Deep learning
. Transformer, LLM
e Agents
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Computer Science
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Semantic Computing

Semantic Analysis

Semantic Description Language

Data Integration

*  Service Integration

Natural Language and Multi-
modal Interface

Linked Datasets as of August 2014 © @
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What is Next

*  Generative Problem Solving (GPS)

. Testbeds

*  Precision Al - Integration of
Modern Al, Classic Al, Computer
Science, Semantic Computing

GPS-SP: Generative Problem Solver for the Shortest Path Problem




Generative Problem Solving (GPS)

Data
Problems
Test cases
Scenarios
Solutions
Scalability
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Generative Problem Solving (GPS)

An Example - The Shortest Path
Problem

GPS-SP: Generative Problem Solver for the Shortest Path Problem 2



The Shortest Path Problem

Given a weighted graph G = (V, E, w), asource s, target t, and constraints C — find the minimum-weight path from s to t that

satisfies every constraint in C.

Real-world applications Why it's hard

Network routing with quality-of-service requirements

Guaranteed optimal, but O(2") time — infeasible beyond small graphs

Robot path planning with motion constraints

Vehicle routing with time windows Treat all constraints uniformly, ignoring graph structure

e  Resource-constrained project scheduling

Adding constraints dramatically increases complexity

GPS-SP: Generative Problem Solver for the Shortest Path Problem 2



Motivation: Even Modern LLMs Struggle

A simple constrained shortest-path query

«“
Find the shortest path in a 10-node graph from node 0 to node 5, subject to (1) avoiding red nodes, (2) visiting at least one blue node,

”
and (3) limiting the path to at most 5 hops.

Failure modes observed

e  Constraint violations — paths that ignore stated rules

e Non-existent edges — hallucinated graph structure

of GPT-5.2 answers were wrong

Suboptimal paths — valid, but not shortest
on this modest 10-node example

e  Failure rate increases further with graph size and mixed constraint categories

LLMs also lack formal correctness guarantees and carry high per-query computational cost.

GPS-SP: Generative Problem Solver for the Shortest Path Problem



The Key Insight: Constraint-Aware Optimization

Different constraints have different algorithmic requirements

Instead of treating every constraint uniformly, GPS-SP categorizes constraints by their computational properties and routes each problem to a

specialized algorithm.

y/

Generate Categorize Solve

Structured natural-language problems » Each constraint is classified into one of A Strategy Selector routes the problem
generated via constraint composition — five categories by its computational to the specialized solver matching its
building a benchmark for graph solvers, properties, not its domain semantics. category combination.

including LLMs.

This structure follows the Generative Problem Solving (GPS) paradigm: generate problems, solve problems, learn from solutions.

GPS-SP: Generative Problem Solver for the Shortest Path Problem



Five Constraint Categories

Classified by computational properties, enabling systematic algorithm selection

A B

Regular

Hard Filters ]
Constraints

Filter nodes/edges before Expressible as finite
search automata (e.g., alternating

patterns)

O (V+E) preprocessing +
Dijkstra

O(lQl -E log(lQl -V))

C

Budget Constraints

Accumulated monotonic
resources (e.g., hop limits)

O(IL] “E log([IL]| -V))

D

Global Properties
Precomputable graph-wide

properties (e.g., centrality)

Preprocessing, like
Category A

Framework supports 21 constraint types across these five categories — extensible to new types without redesigning the solver.

GPS-SP: Generative Problem Solver for the Shortest Path Problem

E

Combinatorial

Whole-path reasoning
(e.g., visit all required
nodes)

NP-hard — solved via
ILP




Five Specialized Solvers

Each category (or combination) is matched to a purpose-built algorithm

Categ

Solver Approach Notes
ory
. Filt h th ij i 7
PreprocessingSolver A/ D glra(;\s CIREIEN WD LIS S B B S5 O iR feeiese Fastest — sub-millisecond median
ProductGraphSolver B Builds product grif\p‘h G x Q; Dijkstra tracks distance and No explicit path enumeration
automaton state jointly
. Multi-label Dij intaini [ i ; . L
MultiLabelSolver C ulti-label Dijkstra maintaining Pareto frontiers of (distance B ol s eas
resource) labels
. + i- ; i . . .
HybridSolver B+ C Product graph + multi-label search; frontier tracked per Handles combined sequential + budget constraints
automaton state
ILPSolver E DL IR PR T eI A R A S A NP-hard, solved via Gurobi branch-and-bound

constraints
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Strategy Selector

Categorize once, then route automatically to the right solver

Categorize constraints

E present?

i = .
B and C present?

i = .
C present?

i = .
B present?

i = .
Otherwise

GPS-SP: Generative Problem Solver for the Shortest Path Problem

Analyze which of the 5 categories apply

- YES: ILPSolver

-> YES: HybridSolver

- YES: MultiLabelSolver

-» YES: ProductGraphSolver

-> PreprocessingSolver




Formal Correctness Guarantees

Every solver — and every combination — is proven complete and optimal

Theorem (Framework Completeness & Optimality). For any constrained shortest path problem with constraints drawn from categories A—

E: (i) if a valid solution exists, the framework finds it; (ii) the solution returned is optimal among all valid paths.

. Category A/D — filtering preserves exactly the valid paths; Dijkstra is optimal on the filtered graph

o Category B — product graph construction gives a weight-preserving bijection to automaton-accepting paths

. Category C — multi-label Dijkstra finds optimal non-dominated (distance, resource) labels

. Categories combine via composition lemmas — filtering @ product graph @ multi-label preserve correctness jointly

. Category E — ILP encoding is complete and optimal, subject to solver timeout

Complexity for the full A+B+C+D combination remains polynomial in V, E, and constraint parameters — see paper §3.5 for the complete proof.



Experimental Setup

5,275+ benchmark problems across graph sizes, constraint mixes, and solvers

3,900 1,875 1,280

Large Benchmark Scalability Benchmark GPT-5.2 Comparison
problems - optimized vs exhaustive (10-100 node problems - 100-750 node graphs, 15 problems - 10-100 node graphs vs a state-of-the-
graphs, 13 category combinations) combinations of categories A-D art LLM solver
Hardware & software Timeout limits
Apple M1 laptop, 16GB RAM - Python 3.8, NetworkX 2.6, Gurobi 10.0, OpenAl API Optimized & exhaustive solvers: 30s per problem - GPT-5.2: 120s per problem
for GPT-5.2 (API latency)

Metrics tracked: success rate - solution rate - execution time - agreement between solvers - speedup ratio

GPS-SP: Generative Problem Solver for the Shortest Path Problem



Optimized vs. Exhaustive Search

1,500 problems where exhaustive search remains feasible

average speedup median speedup cases exhaustive found a

solution agreement rate
solution optimized missed

Metric Optimized Exhaustive
Solutions found 943 (62.9%) 878 (58.5%)
Average time 62.0 ms 923.2 ms
Median time 1.1 ms 17.2 ms

Zero cases where exhaustive search found a valid solution that the optimized solver missed — the specialized solvers lose no solution quality.
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Optimized Solver vs. GPT-5.2

1,280 benchmark problems - 10—100 node graphs - categories A, B, C and their combinations

89 x 4,624 x 57.7% 0.79 ms

average speedup median speedup solutions found median time (optimized)
(optimized) vs 39.8% (GPT-5.2) vs 3.64 s (GPT-5.2)

When both solvers ran:

J 13.0% — identical solutions found by both J 19.0% — optimized solver alone found a solution
o 41.2% — both agreed no solution exists o 1.0% — GPT-5.2-only solutions, all found to violate constraints on
verification

. 25.8% — different path lengths; GPT-5.2's were valid but suboptimal



GPT-5.2 Degrades with Scale & Complexity

The optimized solver degrades far more gracefully

Solution Rate by Graph Size (%) Solution Rate by # Constraints (%)
70 1 80 ~
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B Optimized mGPT-5.2 B Optimized ® GPT-5.2

Gap widens from +10.9 pts (10 nodes) to +26.9 pts (100 nodes), and from +10.4 pts (1 constraint) to +22.5 pts (3 constraints) — GPT-5.2 does not appear to adapt its reasoning to
problem structure.
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Summary

a Constraint categorization a Benchmark generation a Specialized solvers
Five categories (A—E) enabling systematic, extensible Automatic generation of constrained shortest-path Five purpose-built solvers achieving 50-1000x
algorithm selection problems for evaluating solvers, including LLMs speedup over exhaustive search

0 Formal guarantees a Comprehensive evaluation e Extensible architecture
Completeness and optimality theorems for every 5,275+ benchmark problems across 10-750 node 21 constraint types today; the same design generalizes
category and category combination graphs and diverse constraint mixes to other optimization domains

Categorizing constraints by computational structure — rather than treating them uniformly — yields dramatic performance gains while preserving formal correctness
guarantees.

GPS-SP: Generative Problem Solver for the Shortest Path Problem
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More Work to be Done

Approximation algorithms for Category E Dynamic graphs

Two-tier approach: exact ILP with timeout, then structure-based Extend the framework to graphs where edges and constraints change
approximation fallback for NP-hard combinatorial constraints over time

Second and higher order shortest path problems Interactions with other graph problems

New problems, new algorithms New problems, new algorithms



Generative Problem Solving (GPS) - Discovery Engineering

*  Graph Theory

. SQL+
«  Combinatorial Optimization
 Algebra

*  (Geometry
Software Engineering

« GPSandLLM
*  Automatic synthesis of solutions
. New opportunities




The Future is Bright!

AIXNEXT




AIXNEXT Conferences

Humanities, Education, and Art
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