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Increase Sensor and Compute Complexity

µBrain [1] Argus [2] SENECA [3]

• Asynchronous

• Lightweight

• Multicore

• Sensor-fusion

• Flexible

• Scalable

Lightweight Sensors High-resolution Sensors

[1] Stujit, et al., Frontiers in Neuroscience, 2021.

[2] Detterer, et al., in submission.

[3] Tang, et al., Frontiers in Neuroscience, 2023.
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Increase Sensor and Compute Complexity

µBrain [1] Argus [2] SENECA [3]

• Asynchronous

• Lightweight

• Multicore

• Sensor-fusion

• Flexible

• Scalable

HW-Algorithm Co-optimization

Instruction-level 

benchmarking [4]

Design space 

exploration [5]

[4] Tang, et al., ISCAS, 2023.

[5] Shidqi, et al., under review.

Neuromorphic Algorithms & Datasets

Sensor 

Fusion 

Dataset [6]

Synaptic 

Delay [7]

Delta 

DNN [8]

Event 

RNN [9]

[6] Muller, et al., RadarConf, 2023.

[7] Patiño-Saucedo, et al., ISCAS 2023.

[8] Yousefzadeh, et al., IJCNN, 2022.

[9] Wang, et al., submitted.

Software Design

Event-driven 

Simulator [10]

SDK &

Mapper

[10] Nembhani, et al., under review.



What is special with Neuromorphic processing

▪ Asynchronous processing 

▪ Event / Dataflow driven

▪ ALU near/in memory

▪ Low power

▪ ... by exploiting sparsity

▪ Low latency

▪ ... by exploiting high 

temporal precision

event
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▪ Low power

▪ ... by exploiting sparsity

▪ Low latency

▪ ... by exploiting high 

temporal precision

SpiNNaker
2013/2020 IBM TrueNorth

2014/2023 Intel Loihi
2018/2022 GML Neuronflow

2020/2022

Imec µBrain
2020 Brainchip Akida

2021 Imec Seneca
2022

event



imec (2020):  planning transition from μBrain ... to Seneca

Mostly an experiment

μBrain

▪ 40nm

▪ 1st digital, yet fully asynchronous

▪ 336 physical neurons, 3 lyrs, 1 core

▪ Distributed memory (registers)

▪ ULP:  70μW,  340nJ / inference

▪ Limited programmability
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Mature accelerator

Seneca

▪ Small node (currently 28nm)

▪ GALS for vectorized computations

▪ Scalable up => time-multiplexing

▪ Scalable out => multi-core & multi-tiled

▪ Support different memories & 3D stacking

▪ Highly programmable

▪ Maybe not ULP but still very LP
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imec (2024):  Scalable Energy efficient NEuromorpchic Computer Arch
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How it works .... will help understand its evolution and design choices

Each Seneca core
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How it works .... will help understand its evolution and design choices

Event Receiving

Task Decoding

Neural Processing

Event Generation

Event-driven Network

(Input event integrates in 

all post-synaptic neurons)

Each Seneca core implements in HW an event-loop
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How it works .... will help understand its evolution and design choices

Event Receiving

Task Decoding

Neural Processing

Event Generation

Event-driven Network

(Input event integrates in 

all post-synaptic neurons)

Each Seneca core implements in HW an event-loop



Evolution of SENECA

2020 - 2024
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▪ Array of RISC-V
▪ NoC
▪ Neuron Processing Elements
▪ Loop Controller
▪ Event Generator
▪ Spike Grouping
▪ NoC revisited
▪ Depth-First Processing
▪ Task FIFOS (Asynchronization)
▪ Shared Memory
▪ Synaptic Delay accelerator
▪ Open-source SENECA Lite



Starting point ...
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ARM

RISC

Custom

Studying similar architectures 

▪ SpiNNaker (ARM),    Epiphany/Esperanto (RISC), 

Loihi/TrueNorth/NeuronFlow (custom)



Starting point ...
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ARM

RISC

Custom

The idea was to connect many tiny processors trough an 

extendable network on chip (NoC):

▪ Distributed memory-processing 

▪ Event-driven Dataflow architecture

Studying similar architectures 

▪ SpiNNaker (ARM),    Epiphany/Esperanto (RISC), 

Loihi/TrueNorth/NeuronFlow (custom)

One of the smallest RISC-V available

(0.01mm2 @22nm)

One of the simplest NoCs available

(low area, low perf.)
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First version ready – essentially 1 core!
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▪ Cadence Tools

▪ 22nm FDSOI technology node



Application Benchmarking
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Processor Inference 

Time (µS)

Energy 

(µJ)

Loihi 1 3378 372

SpiNNaker2 1000 7.1

SENECA 7000 34

• Slower than Loihi-1

 → because Loihi has custom made processor, so faster

• Lower power than Loihi-1

 → Loihi implements a very complex neuron model

• Slower & higher power than SpiNNaker-2 

 → SpiNNaker2 has vector processing unit, for more 

      efficient processing

https://arxiv.org/pdf/1812.01739.pdf


Vector pipeline: Neuron Processing Elements
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Improves ...

 Performance

 Updating 8 neurons in parallel

 Complex neuron operations in 1 cycle

 Energy consumption

 BF16 instead of INT32

 Single instruction overhead (SIMD)

Caveat:  Writing NPE assembly micro-code
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Improves ...
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Processor Inference 

Time (µS)

Energy 

(µJ)

Loihi 1 3378 372

SpiNNaker2 1000 7.1

SENECA1 7000 34

SENECA2 1100 7

Application Benchmarking
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Experiment Inference 

Time (µS)

RISC-V 

Energy (µJ)

NPEs 

Energy (µJ)

Dmem

Energy (µJ)

Total 

Energy (µJ)

RISC-V only 7000 30 0 2 34

Using NPEs 1100 3 2 1.5 7

https://arxiv.org/pdf/1812.01739.pdf


Loop buffer / controller
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Hierarchical controller system

RISC-V Controller

Loop Controller

NPEs

Highly Flexible 

controller

Custom controller

10x more power 

efficient

• Load Instr. to NPEs

• Memory Address 

calculation

• Loop index 

calculation 
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Processor Inference 

Time (µS)

Energy 

(µJ)

Loihi 1 3378 372

SpiNNaker2 1000 7.1

SENECA1 7000 34

SENECA2 1100 7

SENECA3 550 3

Application Benchmarking
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Experiment Inference 

Time (µS)

RISC-V 

Energy (µJ)

NPEs 

Energy (µJ)

Dmem

Energy (µJ)

Total 

Energy (µJ)

RISC-V only 7000 30 0 2 34

Using NPEs 1100 3 2 1.5 7

Loop Contrl 550 0.2 1.3 1.2 3

https://arxiv.org/pdf/1812.01739.pdf


Event Generator
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Accelerate Spike Packetization:

• Threshold comparison

• Address calculation

Processor Inference 

Time (µS)

Energy 

(µJ)

Loihi 1 3378 372

SpiNNaker2 1000 7.1

SENECA1 7000 34

SENECA2 1100 7

SENECA3 550 3

SENECA4 400 2.1



Shared memory

25
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Shared memory  (SRAM / HBM / MRAM)

Creating a mem hierarchy 

1. Reg. File per NPE

2. Data Mem per core

3. Shared mem across cores

Share mem

▪ On-the-go reconfig. (scenario exchange)

▪ Support new memory technologies 

(read-optimal, write-optimal)

▪ Potentially support for caching



Reducing Mem I/O:  Weight/Activation Quantization & Spike-grouping
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Processor Inference 

Time (µS)

Energy 

(µJ)

Loihi 1 3378 372

SpiNNaker2 1000 7.1

SENECA1 7000 34

SENECA2 1100 7

SENECA3 550 3

SENECA4 400 2.1

SENECA5 200 1.2

Batching of spike processing and low 

precision data types to reduce SRAM 

accesses

300x vs Loihi

6x vs SpiNNaker2



NoC evolution:  the quest for efficient multicast solution 
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RV

RV

RV

RV

RV

RV

Packet Switching

• Large routing tables

• (Source-)Destination 

based routing

• Outmost flexible

• Opportunistic routing 

harder to debug Circuit Switching with 

Segmented bus

• Compact routing tables

• Efficient resource util.

• Not particularly flexible

• Easier to debug, 

• Challenging to prototype 

(FPGA)

Hard-wired Multicast 

(Static Circuits)

• Flexible but manual ☺

• Full control

• Not scalable

• No routing, only forwarding

• Hardwired multicasting

• ... buying us time ...

Packet Switching with 

Multicast routing

• Compact routing tables

• Efficient resource util.

• Source-based routing, 

sufficiently flexible

• Tractable routing easier 

to debug



Depth first convolution + event sorting
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Core 1

Layer1

Core 2

Layer2

Core 3

Layer3

Core 4

Layer4
In Out

Mapping the neural network to SENECA Cores

9 8 7

6 5 4

3 2 1

Pre Layer Kernel Post Layer

9 8 7

6 5 4

3 2 1

Pre Layer Kernel Post Layer
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Normal convolution
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Depth first convolution + event sorting
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Core 1

Layer1

Core 2

Layer2

Core 3

Layer3

Core 4

Layer4
In Out

Mapping the neural network to SENECA Cores

9 8 7

6 5 4

3 2 1

Pre Layer Kernel Post Layer

Depth first convolution

1

2
3

Pre Layer Post Layer

Max pool &

Mem release

Never loaded

In mem
e
ve

n
ts so

rte
d

Processor Inference 

Time (mS)

Energy 

(µJ)

Area*

(mm2)

Loihi 1 6.6 660 5.74

TrueNorth 4 108 192

MAX78000 8.3 215 NA

SENECA 1.1 12 1.88

Memory improvement 

X*Y*C => min(X, Y)*C*4 



Synaptic delay accelerator
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Use of synaptic (axonal/dendritic) 

delays

 Model compression 

 less params, shallower structure

 Activation sparsification

 Replace RNNs with FF-NNs



Then ... and ... Now

2020

▪ Local-memory

▪ Single-level controller per core

▪ Simple packet switching NoC

▪ Yet another NM accelerator in breed

31

2024

▪ Memory hierarchy 

...and experimenting with 3D stacking

▪ 3-level decentralised controller hierarchy

...and considering a 4th

▪ Multicasting NoC

▪ Co-optimization accelerates 
evolution!



Seneca next ..

> 2024

▪ Hard-attention

▪ On-device learning w/ reduced memory

▪ 3D-tech integration

▪ Sparse(r) store-n-compute

32

4 Core 4Mb @ 

385 MHz

1 Core 2Mb @ 

435 MHz

4 Core 2Mb @ 

400 MHz
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@ imec the Netherlands

Amirreza Guangzhi Kanishkan Paul Gert-Jan

Manolis Yingfu Kevin Alexandra

Team Members

Students

...

Refik Prithvish Shenqi Cina Roy

That’s it for now...

Q & A
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