AUTOMATIC GPU
Computing
for Derivative
Pricing Models
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Why GPU for Finance?
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GPU Deployment in Finance




GPUs = Higher Flops and Memory Bandwidth
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CUDA development approaches
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SciFinance Overview
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SciFinance Description




SciPDE features
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SciMC features




SciFinance Cross Asset Support
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SciFinance Work Flow
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SciFinance code integration
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SciFinance - CUDA Code Synthesis




SciFinance CUDA-enabled pricing models
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Example GPU risk computation : PFE
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Benchmarking: Dell Workstation 1 GPU
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Monte Carlo — Basket Option with Greeks
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Monte Carlo — Callable Range Accrual Note
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Misc Monte Carlo Model Results
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PDE: The challenges
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PDE: Double Precision
1+1/2 D results
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Multi-D PDEs and Tesla-20 Series GPU
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3D PDE examples
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PDE — Three Asset Option
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PDE — Cancellable Knockout PRDC Swap
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Benchmarking: Dell Enterprise (Detr) <X
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Dell Enterprise: Test Environment
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Dell Enterprise: Examples
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1 GPU (double precision) VS. 1 CPU core
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1 GPU (single precisiony VS. 1 GPU (double precision)

Performance differential, single precision vs. doub le precision
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4 GPU (double precision) VS. 1 GPU (double precision)

Scaling factor, 4 GPUs vs 1 GPU
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SciFinance - CUDA Demo




Dell Precision™ Workstations




NVIDIA Tesla GPU Solutions
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Conclusions
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NVIDIA Business Development Contacts
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Dell Business Development Contacts
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SciFinance evaluation
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