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Particle Swarm Optimization

Definitions:

• Time (t): iteration step of the optimization loop

• Particle: entity associated with a position xi (t) ∈ RN and a velocity V⃗i (t)

• Swarm: set of particles

• Cost function: f : RN 7→ R|f (xi ) = costi
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Particle Swarm Optimization

Optimization loop:

At each time step V⃗i (t),∀i is updated:
• Cognitive behavior (exploration): particle i

accelerates toward regions with better costi

• Social behavior (exploitation): particle i

accelerates according to the other particles
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High-Level Synthesis

• HLS: convert SW algorithm to HW

• FPGA: implement custom HW

• reconfigurable logic

• large but slow off-chip memory

• fast but small on-chip memory (scratchpad)

SW algorithm

HLS

HW description

FPGA
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Cache module for HLS

• 2-levels array specific cache module

• Fully configurable:

• # words per line

• # sets (L1 and L2)

• # ways (L1 and L2)

• Objective: maximum performance and minimum resource usage
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Cache module for HLS
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Implementation

Cost function:

• Compress multiple objectives into a single one: weighted sum aggregation

c :=
∑
i

wi · ci



wmiss = 64

wwords = 1

wL1sets = 4

wL2sets = 2

wL1ways = 16

wL2ways = 8

• Miss ratio evaluated by simulation (one thread per simulation)
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Implementation

Degree of Freedom:

• Optimizer space: x⃗ ∈ RN

• Cache parameters space: p⃗, n⃗ ∈ N5|p⃗ = 2◦n⃗

• Workaround: p⃗ = 2◦[x⃗]

• Rounding ⇒ discontinuity and aliasing

• Exponential ⇒ non-linearity

• Boundaries:

Words ∈ [8, 64]

L1 sets ∈ [0, 32] L1 ways ∈ [0, 32]

L2 sets ∈ [1, 128] L2 ways ∈ [1, 128]

⇒ 11,520 combinations
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Implementation

Optimizer: pyswarms library

• Cognitive parameter: 0.8

• Social parameter: 0.3

• # particles: 16

• # iterations: 10
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Matrix multiplication

C = A× B, A,B,C ∈ Z64×64

• A,C accessed by rows: single-line cache

• B accessed by columns: 64-lines cache
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Matrix multiplication - A matrix
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Matrix multiplication - B matrix
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2D convolution

C = A ∗ B, A,C ∈ Z64×64,B ∈ Z3×3

• A accessed by sliding window: 4-lines cache
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2D convolution - A matrix
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Conclusion

Achieved results:

• Automatically find good trade-offs between performance and resources

Future work:

• Improve cost definition to better exploit L1 cache

• Apply a more suitable optimization algorithm

• Multi-objective: find Pareto set instead of single point (dependent on cost definition)

• Discrete: avoid discontinuity and aliasing, which lead to local minima

• Speed up hit ratio evaluation through surrogate modeling
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