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Nonconvex Optimization
• Nonconvex problems are 

widespread in practice
• Convex solution methods may miss 

the global optimum
– Multiple feasible solutions may 

exist 
• Deterministic global optimization 

guarantees optimality or infeasibility
– Techniques for nonconvex 

problems are more expensive
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Easy Advanced Global Optimization
• Deterministic global solver for nonconvex 

MINLPs
– Semi-infinite programs
– Dynamic optimization
– User-defined functions

• Easy to formulate complicated problems
• Applies McCormick-based relaxations for 

convex lower-bounding problems
• Open-source and extensible
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A Research Platform
• Focus on unsolved problems
• Designed for custom routines

– Anyone can implement and test new ideas

[3] Wilhelm, M.E. and Stuber, M.D. EAGO.jl: easy advanced global optimization in Julia. Optimization Methods and Software. 37(2): 425-450 (2022).
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High-Performance Computing

Global Solver Uses GPU

BARON No

ANTIGONE No

SCIP No

MAiNGO Yes (2025)

EAGO Yes (2022)

[…] […]
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Branch-and-Bound Algorithm

Aligning Branch-and-Bound with GPUs

GPU Architecture
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Branch-and-Bound Algorithm
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Convex Relaxation
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Branch-and-Bound Algorithm

FATHOM

FATHOM

FATHOM

Worst-Case 
Exponential Runtime 

(2 )nO



GPU Architecture
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• Single-instruction, multiple threads 
(SIMT) execution mode performs 
well on specialized tasks
– Machine learning model 

training
– Data analysis
– Large-scale simulations
– Etc.
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Branch-and-Bound Algorithm

Aligning Branch-and-Bound with GPUs

GPU Architecture
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McCormick Relaxations
• Provide convex underestimators of nonlinear functions over a specified 

domain
• Built recursively for factorable functions
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SourceCodeMcCormick.jl
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[18] Gottlieb, R.X., Xu, P., and Stuber, M.D. Automatic Source Code Generation for Deterministic Global Optimization with Parallel Architectures. Optimization Methods and Software. 1-39 (2024).

• Enables parallel evaluation of 
relaxations on GPUs

• Generates customized CUDA kernels
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SourceCodeMcCormick.jl
Point 1

Point 2

Point n

…

Point 1
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…

Relaxation / 
Subgradient 1
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Subgradient 2

Relaxation / 
Subgradient n

Relaxation / 
Subgradient 1

Relaxation / 
Subgradient 2

Relaxation / 
Subgradient n

B&B 
Node 1

B&B 
Node m

…

…
[18] Gottlieb, R.X., Xu, P., and Stuber, M.D. Automatic Source Code Generation for Deterministic Global Optimization with Parallel Architectures. Optimization Methods and Software. 1-39 (2024).
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Kelley’s Method
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n Lower Bound
1 -0.9830
2 -0.7100
3 -0.5815
4 -0.4962
5 -0.4001
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Kelley’s Method
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[19] Kelley, J. E. The Cutting-Plane Method for Solving Convex Programs. Journal of the Society for Industrial and Applied Mathematics. 8(4): 703-712 (1960). 

n Lower Bound
1 -0.9830
2 -0.7100
3 -0.5815
4 -0.4962
5 -0.4001
6 -0.3891
7 -0.3854
8 -0.3817
9 -0.3781

10 -0.3773

− Requires n LP solves per node

─ Sequential
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Sobol Sampling
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Lower Bound:
-0.4506

Lower Bound:
-0.3758

Lower Bound:
-0.3758
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Sobol Sampling
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Lower Bound:
-0.4506

Lower Bound:
-0.3758

Lower Bound:
-0.3758

+ Parallel

+ Requires 1 LP solve per node
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PDLP

SIAM OP26
[20] Applegate, D., et al. Practical Large-Scale Linear Programming using Primal-Dual Hybrid Gradient. 35th Conference on Neural Information Processing Systems (NeurIPS 2021). (2021).

• Competitive first-order method for 
solving LPs
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cuPDLP
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• GPU implementation of PDLP
• Performance comparable to commercial LP solvers
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BatchPDLP.jl
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• Custom implementation of PDLP designed for small-scale LPs
• Each LP is solved by a portion of the GPU

[9] 
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• Custom implementation of PDLP designed for small-scale LPs
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BatchPDLP.jl
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• Custom implementation of PDLP designed for small-scale LPs
• Each LP is solved by a portion of the GPU

Other LPs continue 
even if one finishes

[9] 

[9] NVIDIA. NVIDIA Tesla V100 GPU Architecture: The World’s Most Advanced Data Center GPU. White paper. (2017).
[22] Gottlieb, R.X., Alston, D., and Stuber, M.D. Re-Architected PDLP for Batch Parallelization of Linear Programs. Under Review



BatchPDLP.jl Benchmarking
• 124 NLPs from MINLPLib

< 100 variables
< 1,000 constraints
– Generate 10,000 LP subproblems for each
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BatchPDLP.jl Benchmarking
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BatchPDLP.jl Benchmarking
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[22] Gottlieb, R.X., Alston, D., and Stuber, M.D. Re-Architected PDLP for Batch Parallelization of Linear Programs. Under Review.

Faster than all competitors 
on 65% of problems
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BatchPDLP.jl Benchmarking
Faster than all competitors 

on 65% of problems

Solves more problems 
than GLPK or HiGHS

SIAM OP26
[22] Gottlieb, R.X., Alston, D., and Stuber, M.D. Re-Architected PDLP for Batch Parallelization of Linear Programs. Under Review.
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ARION.jl Benchmarking
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ARION.jl Benchmarking
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Scalable Benchmark Problem

• Difficulty scales 
with dimension

n
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Scalable Benchmark Problem

• Difficulty scales 
with dimension

51x Speed-up

n
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Current State of EAGO
EAGO v0.9.x
• Updated domain reduction routines

– Constraint propagation
– Optimality-based bounds-

tightening
– Feasibility-based bounds-

tightening
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Current State of EAGO
EAGO v0.9.x
• Updated domain reduction routines

– Constraint propagation
– Optimality-based bounds-

tightening
– Feasibility-based bounds-

tightening
EAGO v0.10.x
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Conclusion
• SIMT architecture can accelerate B&B lower-bounding tasks

– Simultaneous relaxation evaluation
– Simultaneous solutions to small-scale LPs

• Integration within EAGO platform allows minimal CPU-GPU data transfer

• General nonconvex NLPs can be accelerated using specialized SIMT 
architecture (GPUs)
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https://psor.uconn.edu https://www.github.com/PSORLab
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