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Levels of Communication

for i=1:N
 for j=1:M
  for k=1:L
   C(i,j)=C(i,j)+A(i,k)*B(k,j);

C  = A X  B

Words

Code

Math

01101101

“How do I … ” 20% more
productive

100x
faster
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One Motivation: AI Compute Energy

relative energy per byte of input

standard 
processing

total 
energy 

required

standard 
AI

agentic
 AI

100,000x 1,000,000x

all gov’t human 
readable text

all gov’t
edge data

...

every second

US power grid
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Outline

• Hardware, Precision, Bandwidth

• Data & Math

• Benchmarks, Applications, Vectorization

• Results

• Summary
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Numerical Precision Overview

Common Floating-Point Representations

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M M

fp32: Single-precision IEEE Floating Point Format

Exponent: 8 bits Mantissa (Significand): 23 bits
Range: ~1×10-38 to ~3×1038 Number of Decimal Digits: ~7.2

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M

fp64: Double-precision IEEE Floating Point Format

Exponent: 11  bits Mantissa (Significand): 52 bits
Range: ~1×10-308 to ~3×10308 Number of Decimal Digits: ~15.9

+ E E E E E M M M M M M M M M M
Exponent: 5 bits Mantissa (Significand): 10 bits

fp16: Half-precision IEEE Floating Point Format
Range: ~5.96×10-8 to ~6.50×10-4 Number of Decimal Digits: ~3.3

Number of Decimal Digits: ~2.3
Exponent: 8 bits Mantissa (Significand): 7 bits

bfloat16: Brain Floating Point Format
Range: ~1×10-38 to ~3×1038

+ E E E E E M M M M M M ME E E

Common Integer Representations 

+ b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b

int, int32_t:
Range: -2,147,483,648 (-231) to 2,147,483,647 (231 – 1)

b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b

unsigned int, uint32_t:
Range: 0 to 4,294,967,295 (232 – 1)

+ b b b b b b b b b b b b b b b

short, int16_t:
Range: -32,768 (-215) to 32,767 (215 – 1)

b b b b b b b b b b b b b b b b

unsigned short, uint16_t:
Range: 0 to 65,535 (216 – 1)

+ b b b b b b b

int8_t:
Range: -128 (-27) to 127 (27 – 1)

b b b b b b b b

char, uint8_t:
Range: 0 to 255 (28 – 1)

Example: 123.45 = 1.2345 x 102 = 0.12345 x 103 = 0100 0010 1111 0110 1110 0110 0110 0110 (fp32)

Sign bit of floating-point number  Mantissa bit of floating-point number
Exponent bit of floating-point number Bit of a fixed-point number

+

E

M

b
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1 TeraOps/W
10 TeraOps/W

100 GigaOps/W

100 TeraOps/W

Data 
Center 

Systems

Data Center 
Chips & Cards

Autonomous

Embedded

Very 
Low 

Power

Lincoln AI Computing Survey (LAICS)

Slide courtesy of Albert Reuther, MIT Lincoln Laboratory Supercomputing Center

*

Computation Precision

Chip
Card
System

Form Factor

Inference
Training

Computation Type

Legend

analog
int1
int2
int4
int8
fp8
int16
int32
fp16
bf16
fp32
fp64*

H100

V100

+ E E E E M M M

+ E E E E E M M M M M M M M M M

+ E E E E E M M M M M M ME E E

+ E E E E E E E E M M M M M M M M M M M M

+ E E E E E E E E M M M M M M M M ME E E

+ b b b b b b b

+ b b b b b b b b b b b b b b b

+ b b b b b b b b b b b b b b b b b b b b

+ b b b

+ b

+
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Mixed Precision Performance Across Industry

https://www.hpcwire.com/aiwire/2026/01/27/microsoft-raises-the-ai-inference-bar-with-maia-200/
https://www.hpcwire.com/2026/02/17/genesis-mission-will-lean-heavily-on-ozaki-scheme-for-fp64-capability/

• Many leading accelerators only have 
low-precision

• Rely on novel methods for emulating 
high-precision with low-precision

+ E E E E M M M

+ E E E E E M M M M M M ME E E

+ E E M
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Example: Nvidia H100

https://resources.nvidia.com/en-us-hopper-architecture/nvidia-tensor-core-gpu-datasheet
1Decompositional Factorizations with FP64 Floating-Point Emulation in INT8, Luszczek et al, IEEE HPEC
2Parallel Hypersparse, Matrix Based Graph Streaming, and Complex-Index Matrices, Jananthan et al, IEEE HPEC

*With sparsity
NVL = NVLink

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M M

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M M =
x

+ E E E E E M M M M M M ME E E

+ E E E E E M M M M M M M M M M

+ E E E E M M M

+ b b b b b b b

+ E E E E E E E E M M M M M M M M M M + E E E E E E E E M M M M M M M M M M
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Precision Performance Trend
- Nvidia Dual GPU -
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Significant improvements for reduced precision algorithms 
and emulation of high precision with low precision
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Significant improvements for sparse, hypersparse, 
associative (token) array algorithms and spectral methods

Memory Bandwidth Capacity Trend
- Nvidia Dual GPU -
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Outline

• Hardware, Precision, Bandwidth

• Data & Math

• Benchmarks, Applications, Vectorization

• Results

• Summary
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Accelerated Computing Data Foundations
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Dense Double Precision (64 bits) Example: Physical Simulation
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Accelerated Computing Data Foundations

1 … … … … … … … … … … … … ~215
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0.1234 0.1234 0.1234 0.1234 0.1234
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Dense Half Precision (16 bits) Example: Sensor Processing

+ E E E E E M M M M M M M M M M
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Accelerated Computing Data Foundations
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Sparse Double Precision (64 bits) Example: Networks
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Slide 15

Accelerated Computing Data Foundations
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Hypersparse Double Precision (64 bits) Example: Entity Relationships
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Accelerated Computing Data Foundations

aa … … … … … … … … … … … … zz
abcdef
ghijkl
mnop…

abcdef
ghijkl
mnop…

abcdef
ghijkl
mnop…

aa
… 
… 
… 
… 
… 
… 
… 
… 
… 
… 
zz

Associative (Token) Arrays Example: Arbitrary Data

b b b b b b b b b b b b b b b b …
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2 x (3+4) = (2 x 3) + (2 x 4)

2 Ä (3 Å 4) = (2 Ä 3) Å (2 Ä 4)

Å = +                   Ä = x

Å = max               Ä = +

Å = È                   Ä = Ç
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A Ä (B Å C) = (A Ä B) Å (A Ä C)

A = 2          B = 3          C = 4

                    A   B   C       matrices

                    A   B   C       graphs/networks

                    A   B   C       database tables

                    A   B   C       spreadsheets

                    A   B   C       LLMs

A
ss

oc
ia

ti
ve

 A
rr

ay
s
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A(i,j) = v 

i Î I          j Î J          v Î V

    matrices/graphs/networks: I,J integers V reals   

    database tables/spreadsheets/LLMs: I,J,V tokens 

    Associative Arrays: I,J,V strict totally ordered sets 



Slide 20



Slide 21

Outline

• Hardware, Precision, Bandwidth

• Data & Math

• Benchmarks, Applications, Vectorization

• Results

• Summary
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Benchmark: STREAM Triad (memory bandwidth)

Python

 C = A + q*B

Matlab

 C = A + q*B;

C  = A +  q B

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M
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Benchmark: Dense Matrix Multiplication

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M
+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M
+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M M
+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M M

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M M

+ E E E E E M M M M M M M M M M
+ E E E E E M M M M M M M M M M

+ E E E E E M M M M M M M M M M

+ b b b b b b b b b b b b b b b
+ b b b b b b b b b b b b b b b

+ b b b b b b b b b b b b b b b

+ E E E E M M M
+ E E E E M M M

+ E E E E M M M

+ b b b b b b b
+ b b b b b b b

+ b b b b b b b

Python

 C = A @ B

Matlab

 C = A * B;

C  = A X  B
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Associative (Token) Array: Construction, Addition, Multiplication

d4m.mit.edu

Python

 A = Assoc(I,J,1)

Matlab/Octave

 A = Assoc(I,J,1,@sum);

A  = (I,J,1)

b b b b b b b b b b b b b b b b …

Python

 C = A @ B

Matlab

 C = A * B;

C  = A X  B

b b b b b b b b b b b b b b b b …

Python

 C = A + B

Matlab/Octave

 C = A + B;

C  = A +  B

b b b b b b b b b b b b b b b b …
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Application: Beamforming (complex matrix multiply)

Phased Array Beamformer

• Mineral exploration
• Medical imaging (MRI, ultrasound, …)
• Wireless communications
• Land/sea/undersea/air/space 

manned/unmanned navigation and traffic 
management

• Satellite imaging
• Weather monitoring
• Oceanography
• Astronomy

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M
+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M
+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M M
+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M M

+ E E E E E M M M M M M M M M M
+ E E E E E M M M M M M M M M M
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Application: Blurimage (2D convolution)

• Convolutional neural networks
• Medical imaging
• Video
• Land/sea/undersea/air/space 

manned/unmanned navigation and traffic 
management

• Satellite imaging
• Weather monitoring
• Oceanography
• Astronomy

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M
+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M
+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M ME E E M M M M M M M M M M M M M M M M M M M M M M M M M M M M M

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M M
+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M M

+ E E E E E E E E M M M M M M M M M M M M M M M M M M M M M M M

+ E E E E E M M M M M M M M M M
+ E E E E E M M M M M M M M M M

+ E E E E E M M M M M M M M M M

+ b b b b b b b b b b b b b b b
+ b b b b b b b b b b b b b b b

+ b b b b b b b b b b b b b b b

+ E E E E M M M
+ E E E E M M M

+ E E E E M M M

+ b b b b b b b
+ b b b b b b b

+ b b b b b b b
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d4m.mit.edu

b b b b b b b b b b b b b b b b …

Application: Network Sensing (associative arrays)
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Key Code Concept: Vectorized Computation

Standard Code

Python

for i in range(N):
 for j in range(M):
  for k in range(L):
   C[i,j] += A[i,k] * B[k,j]

Matlab

for i=1:N
 for j=1:M
  for k=1:L
   C(i,j)=C(i,j)+A(i,k)*B(k,j);

C  = A X  B
Vectorized Code

Python

 C = A @ B

Matlab

 C = A * B;

10,000x
Faster
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Key Code Concept: Vectorized Row/Column Selection

Standard Code

Python

for i in I:
 for j in J:
  Asub[i][j] = A[i][k]

Matlab

for i=I
 for j=J
   Asub(i,j)= A(i,k);

Vectorized Code

Python

Idiag = csr_array(I,I,1)
Jdiag = csr_array(J,J,1)
Asub = Idiag @ A @ Jdiag

Matlab

Idiag = sparse(I,I,1);
Jdiag = sparse(J,J,1);
Asub = Idiag * A * Jdiag;

10,000x
Faster

Asub = A(I,J) =  Idiag X A X Jdiag
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Outline

• Hardware, Precision, Bandwidth

• Data & Math

• Benchmarks, Applications, Vectorization

• Results

• Summary
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Node
Label

Processor Memory

Era Part Clock Cores Part Size

amd-e9 2024 Dual AMD EPYC 9254 2.9 GHz 48 DDR5 750 GB
- h100nvl 2024 Dual Nvidia H100 NVL 1.7 GHz HBM3 188 GB

xeon-p8 2020 Dual Xeon Platinum 8260 2.4 GHz 48 DDR4 192 GB

xeon-g6 2018 Dual Xeon Gold 6248 2.5 GHz 40 DDR4 384 GB
- v100 2018 Dual Nvidia V100 1.2 GHz HBM2 64 GB

Hardware
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Operation Counts

Operation Standard Alternative Standard/Alternative
Matrix
Addition

N2 k N
(sparse)

N/k

Matrix 
Multiplication

N3 k2 N
(sparse)

(N/k)2

2D
Convolution

N2 Nkern
2 N2 log(N2)

(FFT)
Nkern

2 / log(N2)

N = matrix size; k = average non-zeros per row; Nkern = kernel size

Large fast memory enables significant benefits for alternative sparse 
algorithms and spectral methods
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Benchmark: STREAM Triad (memory bandwidth)

C  = A +  q B

Accessible
Performance

GB/s

20x

Memory bandwidth performance is readily accessible in high level 
programming environments via vectorized operations

E=Emulation
u = unsupported

Bold = much better than double MatMul
Blue = best precision
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Benchmark: Dense Matrix Multiplication

C  = A X  B

175x

400x

60x

Accessible
Performance

GigaFlops

Mixed precision performance is readily accessible in high level 
programming environments via vectorized operations

E=Emulation
u = unsupported

Bold = much better than double MatMul
Blue = best precision
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Associative (Token) Array: Construction, Plus, MatMul

A  = (I,J,1) C  = A X  BC  = A +  B

>100,000x >100,000x >10,00,000x >100,000x >1,000,000x

Faster Than Dense MatMul

Accessible
Performance

GigaFlops

Sparse algorithm boost is readily accessible in high level programming 
environments via vectorized operations

E=Emulation
u = unsupported

Bold = much better than double MatMul
Blue = best precision
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Application: Beamforming (complex matrix multiply)

50x

Accessible
Performance

GigaFlops

Complex mixed precision performance can be achieved in applications 
via vectorized operations

E=Emulation
u = unsupported

Bold = much better than double MatMul
Blue = best precision
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Application: Blurimage (2D FFT Convolution)

>10x >10x >30x >10x >10x
Faster Than Dense MatMul

>30x >30x

Accessible
Performance

GigaFlops

Spectral method boost can be achieved in 
applications via vectorized operations

E=Emulation
u = unsupported

Bold = much better than double MatMul
Blue = best precision
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Application: Network Sensing (associative arrays)

>1,000,000x >1,000,000x >1,000,000x >10,00,000x >10,000,000x

Faster Than Dense MatMul

Accessible
Performance

GigaFlops

Sparse algorithm boost can be 
achieved in applications via 

vectorized operations

E=Emulation
u = unsupported

Bold = much better than double MatMul
Blue = best precision
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Summary

for i=1:N
 for j=1:M
  for k=1:L
   C(i,j)=C(i,j)+A(i,k)*B(k,j);

C  = A X  B

Words

Code

Math

01101101

“How do I … ” 20% more
productive

100x
faster
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• Premiere conference on High Performance Extreme Computing 
(850+ participants in 2025)

• 150+ presentations; 2026 Distinguished Speakers:
– Prof. Saman Amarasinghe (Perkins Prof EECS MIT; ACM Fellow)
– Prof. Yaneer Bar-Yam (President NECSI)
– Craig Connors (VP & CTO Cisco Infrastructure & Security)
– Prof. Danna Freedman (Quantum@MIT Director; MacArthur Fellow)
– Prof. Sigal Gottlieb (UMass Dartmouth; SIAM & AWM Fellow)
– Gregory Kurtzer (CEO CIQ & Founder of CentOS & Singularity)
– Dave Martinez (MIT Lincoln Lab Fellow; IEEE Fellow)
– Dr. CJ Newburn (Nvidia Distinguished Engineer)
– Prof. Katsuhisa Ozaki (Shibaura Institute of Technology)
– Prof. Daniela Rus (CSAIL Director; AAAS, ACM, AAAI, IEEE Fellow)

• 2026 Special Sessions
– Age of Mixed-Precision

– Bridging Quantum and HPC

– Large Language Models: Opportunities and Challenges

– MIT/Amazon/IEEE Graph Challenge (also due July 14)

– GraphBLAS Forum

– BRAINS: Building Resilience through Artificial Intelligence for Networked 
Systems

– Scaling Research Computing Education

30th IEEE HPEC Virtual Conference
September 14-18, 2026 (ieee-hpec.org)

Sponsors
Thank

You
Technical
Organizer

• HPEC focuses on hardware, software, systems, and 
applications where performance matters

• HPEC welcomes experts and people who are new to 
the field

Boston Chapter of the
IEEE Computer Society

Papers Due:
July 14


