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Spiking Neural Networks (SNNs)

Synapse Axon Terminal

Dendrite

m Brain inspired machine learning
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SNNs in hardware
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Scaling challenges for SNNs in FPGA

m Programmable SNN processors sacrifice efficiency for
flexibility.
= Runtime programmability incurs substantial memory, routing, and
control overheads.

m We shift flexibility to FPGA design time

= Model-specific hardware specialization replaces generic runtime
mechanisms while retaining reconfigurability.
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m But specialization alone is not enough. FPGA SNNs face four fundamental scalability walls:

" Memory

= Routing (fan-out)

= Synchronization (event-driven vs. clocked execution)
= Reliability
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Vector quantization for SNNs

Quantization
on 2D vectors
Proposed Approach High accuracy weights | ------------—~-~—~-~—~-~-—- |

m Apply Vector Quantization to
groups of synaptic weights

2d vector
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m Replace weight matrices with 1.31 | -4.1 | 0.72 | -1.27

= Pointer memory
= Shared codebook

m Interleaved execution scheme
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Vector quantization for SNNs

Weight Pointer Memory

Proposed Approach , A
o Active <«—— N/d pointers/row —>
m Apply Vector Quantization to :
groups of synaptic weights Synapse Linput
Address synapses

m Replace weight matrices with

"  Pointer memory

®= Shared codebook Group

m Interleaved execution scheme Counter

Benefits
m 52-61% BRAM reduction

m Minimal impact on
inference accuracy

d weights x W bits/weight
m Improved scalability for
larger FPGA SNNs
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Fault Tolerance & Reliability

Runtime monitoring
m Algorithm-based fault-tolerant (ABFT) online
checkers identify computational errors

m Spike Anomaly Watchdogs detect biologically
implausible firing patterns in real time

Memory optimizations

m Volatile memories are susceptible to radiation-
induced soft errors

m Reduced memory footprint lowers the number of
vulnerable cells
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