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Internet of Everything (IoE)

Need end-to-end energy efficiency, ML everywhere 



Motivation: ML in IoT Platforms
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Compute and Memory Challenges for AI

• Compute demand growth rate: Doubling every 3-4 months
• Memory capacity growth rate: 10X per year
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Compute-in-Memory Motivation
• Data movement is costly
• Multiply–accumulate (MAC) operation
• Massively parallel processing
• Beyond von Neumann architecture
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Compute-in-Memory Challenges
• TOPS/W versus Precision

Slide 18C4-1
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Intel Labs Analog CIM Architecture Overview

Slide 19C4-1
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Intel Labs Analog CIM Measured Performance

• Energy efficiency: 15.5-32.2 TOPS/W
• Area efficiency: 2.4-4.0 TOPS/mm2

• Clock frequency: 145-240 MHz
• Supply Voltage: 0.7-1.1 V
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Opportunities for in-memory/near-memory Process and 
Circuit Innovation 

(Both Digital and Analog/Mixed-Signal)

10x density improvement

20x reduction in synaptic energy

SPIN ORBIT TORQUE SYNAPSES

[Nikonov, Young]

SINGLE-DEVICE OSCILLATORS

100-1000x energy reduction

XPOINT MEMORYSTTRAM STATE

2x density improvement iso-energy

3D

2-64x density improvement

[Roy]

RRAM/PCM ANALOG SYNAPSES

100x density
improvement
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Compute Near Memory Challenges and opportunities

22

E. Sumbul, R. Krishnamurthy et al, IEEE ESSCIRC 2021



10nm Near Memory Computing AI Inference Accelerator

• 4 CNM cores with 8KB of weight memory and 64 8b multipliers
• Supports memory-intensive batch-1, large-batch, and in-place convolution



10nm Near Memory Computing Measurement Results

• Peak throughput 170 8b TOPS @ 0.9V that scaled up with number of CNM cores
• NTV operation down to 450mV decreases energy by 3.1x to 2.9 8b TOPS/W
• Variable precision improves energy efficiency by 11.4x to 33.0 1b TOPS/W
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10nm Binary Neural Network Inference Accelerator

• Array of 128 Memory Execution Units (MEU) combine latch base memory and inner 
product compute in fine grain manner to minimize interconnect energy

• Central controller manages data flow from four 256b memory banks to MEUs
• 2 latch words per MEU enables data reuse reducing input bandwidth by 2x

Slide 25
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Comparison to Previously Published BNNs

Slide 26
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• CNC enables fine grain mixing of near-memory vector and GP scalar computation

• High BW access to highest capacity on-chip memory instead of RF/scratchpad 
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• 8-core RV64GC processor with 128 INT8 MACs near 512kB shared, distributed LLC
• CNC ISA extension with support for virtual addressing and cache coherence
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29• 1.15GHz Intel 4 test-chip runs programs in C++ with inline CNC and boots Linux
• CNC circuits add 1.4% area overhead over baseline core + LLC design
• Flip-chip packaged with PLL and 32b IO to FPGA chipset

Intel 4 Silicon Implementation of 8-Core RISC-V
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Slide 30
• Fully Connected Layers: up to 46× higher performance and 52× lower energy

• Convolutional Layers: up to 27× higher performance and 29× lower energy

Convolutional LayerFully Connected Layer 

8-Core RISC-V DNN Layer Performance in Intel 4

Measured for 
dense operation 

(no sparsity)

G. Chen, R. Krishnamurthy et al, IEEE VLSI Circuits Symposium 2022 & JSSC Journal Invited 
Paper April 2023



Source: L. Su, ISSCC 2023
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Multi-precision Neural Networks Matrix Multipliers

• Matrix-multiply: power, performance, and area limiter
• Large matrices with many iterations
• Specialized architectures enable higher performance and energy efficiency
• Varying numeric requirements (FP16/INT16/INT8) across applications

– Require low overhead reconfigurable circuits

• Varying matrix sparsity across applications
– Optimized circuits can take advantage of sparsity
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• 4x4 systolic array 
• Fabric reconfigures to optimize data movement in dense/sparse mode
• Reconfigurable MAC with signed/unsigned INT16/4xINT8/FP16 support

M. Anders, R. Krishnamurthy et al, VLSI Circuits Symposium 2018



14nm Chip Micrograph and Nominal Performance

Slide 35



Matrix Multiplier Energy Efficiency Measurements

• Efficiency increases 4X from nominal 750mV to near threshold voltage
• Peak energy efficiency range from 2.97TFLOPS/W (FP16) to 11.3TOPS/W (INT8)
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Memory Challenges in AI Accelerators

• AI accelerators are built using a large array of processing elements 
(PEs) containing small capacity local register files (RFs) 

• Register files contribute a significant amount of power (39%) and 
area (35%) within the PEs

Slide 39<Program #>
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Static AI Register File Micrograph

Slide 40<Program #>

S. Hsu, R. Krishnamurthy et al, IEEE VLSI Circuits Symposium 2022



Register File Frequency/Power Measurements

Slide 41<Program #>
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• Ultra-low voltage operation at 325mV, 100°C consuming 36.7µW, 60MHz
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“Extreme” efficiency research
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