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Al Challenges

. Narrow (specific to task or input modality)

. Lack of explainability and transparency

. Lack of robustness

. Saling depends on larger models and datasets

. Algorithms driven by today’s hardware (GPUs
and digtal accelerators)
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Why COCOSyS? Future Collaborative Al

Systems

Current Al Systems

« Black-box (not
explainable or
interpretable)

 Reliant on large

datasets, networksand °

compute
« Mostly monolithic
CMO Stechnology

Can we stem the unsu
requirements for Al?
Can afusion of neurd,
methods lead to more
explainable Al?
Can cognitive agorith
of tasks involved in coll
(perception, reasoning
Can cross-layer design
hardware improve ene
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Center Overview and Themes

Bring together neural, symbolic and Neural Sy Probabll 8
probabilistic approaches to create the @
Neural, Symbolic and next generation of efficient, robust = = 09?

Probabalistic Algorithms and explainable algorithms

- B Co-design of heterogenous systems Symbolic
S [ that bridge the functional and Acceleration | ~ Engine Memory
Algorithm-Hardware efficiency gaps between tOd‘?)er Fused Logjic- Probabilistic Physical
Co-design accelerators and future cognitive Memory Engine Compute

Hardware motifs that leverage
CMOS and emerging technologies
for cognitive workloads

Technology-driven
Hardware Motifs

Enable collections of human and
Al agents to seamlessly collaborate
towards secure and robust
collective intelligence
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Neural + Vector Symbolic Architectures

Computationa Models

Theory

Algorithms
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« 3D scene perception 0% : Lo ,
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The Theory of Robustness and Beyond

Computationa Models Theory Algorithms
Fundamental limits on accuracy- s O v Tonng O Msoumt oARRE (heposed)
robustness-efficiency (ARE) trade-offs

Y (ARE) S 521803l * ¢
T~ ;50-
f, aq o O
O 48-
| S 4X less FLOPs
X —@ [ —»> Yy g 46 - Fee \
Ay O 4471 | +4.5% robust accuracy
_— _g
Sa421@
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Randomized Ensemble of Classifiers (RECS) 40 o2 EEEREERETE

- MFLOPs
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Improving Vision Systems through Foveation and Saccades

Computational Models Theory Algorithms

Foveation (variable resolution)

« Advantage 1: more accurate bounding boxes: « Advantage 3: Can

define Image grammer
(semantics & syntax)

Correct image Patches

- M|
~d

Semantic Patch
Traversal

WSOL Predictions 4
“Pseudo” Bounding Box
with Input Ground Truth §
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WSOL Predictions i
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Needs of Future Neuro-Symbolic-Probabilistic Workloads

Neuro-Symbolic-Probabilistic Al
Emergent Dynamical Models

HD
Spiking & Computlng

Oscillatory
Graph Neural Need to
Networks support future
workloads

» Heterogeneous
compute kernels
Sparse and
iImegular access
patterns

» High memory
intensity

Efficient, low
precision matrix

multiplication
(MM)
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Algorithm-Hardware Co-design

Neural Symbolic Prohabilistic

e ng-
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CUDA |

Data Reuse
Analysis

Temporal Reuse
Spatial Reuse
Spatio-Temporal Reuse

HW Model

PEModel

NoC Model

Cores

-8
GPU

Target Architecture

RT
Cores

Data Comm.
Scheduler

Data Staging Schedule

Global/Local Comm.
Scheduler

- Access Counts (L1/L2)
- Buffer Size Requirements

Buffer Analysis

- Max BW Requirement
- BW Requirement vs. Time

NoC Analysis

- Roofline performance
- Expected Runtime

Design-Space
Exploration

v

RTL Generation

* Open-source tools and tool-chains for system
exploration within CoCoSys

* Industry collaborations (joint papers, joint conference

Sessions)

 Hardware artifactsto quantify system benefits

Rsre §ED
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Layout of Proposed CogSys Accelerator Accelerator Specs

Technology [ 28 nm || Frequency |[800 MHz

: Recd_nﬁgu}able

: #Reconfi-
Rrrad ; : “ | |gurable PEs 16384 Voltage 1V
: ' ; #SIMD PEs| 512 Power | 1.18 W

: 16 32x32 ;PES

SRAM |4.5MB Area 4.0 mm?

Innovation: First effort towards algorithms-to-hardware
co-design of Neuro-symbolic-probabilistic Al systems

Key Result: 2-3 orders of magnitude faster & more energy
efficient than CPUs and GPUs
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System Design with Advanced and Emerging Technologies

Thermal Analysis I r"
8 i
e e Graph NN model | . { E!.
1 B

) |
| Cognitive Algorithms | 2.5D/3D Interconnection =
¥ [ver ]
| eee o ® I ol
I [ S8 I Parasitic modeling firnz I
| eooee ® e - =
| | Compute Engine
| Heterogeneous | = o= e >
I Chiplets I PPA of IMC, Systolic, CPU e a T
'y SE0LE Q::;3 - e - -
| I Network & Routing %i: [Pt }_: g
I | “oes #:’ -
GNZ8 256 12 024
| 2.5D/3D Interconnect I PPA of datamovement e
|
| |
| |
| |

Energy-efficiency vs. Pre-ADC Information Content

14b )4

___________ - = |
E e =
: a @!‘j
Heterogeneous Integration Smulator : ‘@
with Interconnect Modeling (HISIM) e /
- 2.5D/3D interconnection, in- | | 4 o I
memaor - h | I Energy | o U m 280m
y computing chiplets, | ! _ s
network-on-packaging, thermal | [ Lateney ]} ¥ . . o eom
+ Analytical performance models that | [Froughput ]! * o
are 10%x-10%x faster than | | .
. Power Delivery]| |
NeuroSim and other SOTAS i = IMC benchmarking tool
Thermal |
= ]
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Reducing Data-movement through In-X Computing
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FP-IMC: TSMC 28nm dlgltal ﬂoatlng-
point IMC

macro chip (ESSCIRC’23)

SP-IMC: TSMC 28nm digital
sparsity-integrated IMC macro w/
compressed computing (CICC’24)
IMC w/ delta-sigma modulator for
variable input precision (CICC’23,
SSCL’23) Multi-step cap.-coupling
IMC SRAM Macro in 28nm
(JSSC'24)

Accurate/ Approximate CAM (TBP)
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65nm RRAM for genome
sequencing

180nm IMC macro chip for NVM
ferroelectric capacitor array with
PoT ADC (SSCL23)

40nm RRAM VLIW processor
for edge inference and robot
manipulation
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231 .

| ADC | | ADC | | ADC I image * 5

Time-memory-based CMOS
vision sensor w/

in-pixel temporal derivative comp.
(ESSCIRC23)

Multi-mode: image sensor, event,
temporal deriv.
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Tool-chain for DTCO 1n the Context of Al Workloads

Cross-layer Modeling and Design of 7nm PDK for DTCO

o Circuit parasitics extracted from SOT, SRAM, and
FeFET-CAM layouts based on ASAP7 PDK using state
of the art EDA tools

 Parasitics used in SPICE simulations to extract ML
discharge delays

* Interconnect parasitics — IR drop and RC delay
degrade similarity search performance for larger array
sizes

« Two solutions explored — using wider search lines

(S2x) and matching clk delay (Clk match)

(b) ()

(@ OT (b) SRAM and (c) FeFET CAM cell layout

@ src §EiL3 CoCoSys
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Human-Al Interactions: Conversational Agents

‘ Conwersational Expression ’ Conversational Vision ‘ ’ Conversationa Content ‘

e Visual Dialogue
* Visual QA (VMQA)
« AR/VR

Neural rendering
Large Body Language Models (LBLM)
Large Face Language Models (LFLIM)

e GUIllinks ¢ FEquations
_  Fields * Plots
o F o Lists * Figures
’ Conversational Model =~ - Forms  + Maps
| o Tables o Text (web,books, papers)
argmax p(r\m,u,c, s, d,...) .« etc...
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Al-Al Interactions: Autonomous UAV Swarms

Offline Learning On-Device Robust Learning Improvements
Agent,
. 0 + (@ Dynamic Robustness
| o O/~ Server Para. Success Ratef
. Payload V/F ~.
11\4[111’[1; Optimization I‘ v v, Server Efficiency
gen : :
Robust ?iﬁﬂiﬁzig{e ; o ’ I:> Processmg
Policy P AgentN N Energy
| - Qk @Dynamlc
Learn with N Communication Quality-of-Flight
. d rand "Y/ /E’ Adjustment Flight Energy*
ln_] eCte I-.an om #M : : (your hardware) Ro bOt Pe rf
bit-flips Leam with actual low-voltage bit-flips issions 4 Benchmarks ﬁ\g
Dbint work with IBM _ e
:V'\ « Hrst benchmark suite for
18.9%reduction in UAV flight energy evaluating robotic computing

22.1%increase in number of successful missions system performance.

e 4.07x reduction in processing energy »  Usage across academia (Harvard,

e Generdlize across chips, voltages, UAV numbers, and GT, CMU, Boston Univ, Columbia
autonomy policies Univ, etc) and industry (Intel, Ford,

AMD, etc). 123 GitHub stars.
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CoCoSys at a Glance

21
Pls

10
Universities

62
Liaisons

145
Research
Scholars

10
Post-Docs

59
Pillar
Viewers

08
Publications

60
Invited
Talks

416
Sponsor
Interactions

20
Awards
Received

8
Scholars
Hired by

SRC
Companies

10

Scholars
Interned at
SRC
Companies

Updated March 2024
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CoCoSys Hardware Gallery

Feature || Feature || Feature
T ] Inp. Intp. Intp.
2 Module || Module || Module
Eo Core 1 Core2 || Core3
Feature N
Post Proc. Intp. g
Module Sampling Module
Module Eos g
Eg (with 16 samping {f Feature
a ’ cores) Intp.
g L] Module
Core §

28nmeye tracking  28nm 3D reconstruction  28nm NeRF acc. 28nm MRAM IMC 16nm adaptive GNN  40nm Transformer
PI: Celine Lin (ISCA’22) PI: Celine Lin (ISCA’23) PI: Celine Lin ~ PI: N. Shanbhag w/ Raytheon PI: Yu Cao PI: Priyanka Raina
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2mm

4| | (108 x 84 Patches)

324 x 252 Pixels E

1mm
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N Col. Parallel ADCs $
MUX & Output Buffer ||

‘ “ I!‘ Wlﬁ _? HTprprh

1mm - A5mm B 2mm

28nm sparsity IMC 180nm Ferro-Cap IMC 180nm Vision sensor 40nm VLIW SoC  65nm beamformer Complex CIM
PI: Jae-sun Seo (CICC’24) PlI: Jae-sun Seo (SSCL'24) PI: Jae-sun Seo & Yu Cao  PI: Raychowdhury  PI: Raychowdhury PI: Raychowdhury
@ SRC w/ CHIMES center (ESSCIRC™23)  w/ TSMC (ISSCC24) (VLSI23) (Submitted)

28nm SRAM
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CoCoSys Software Artifact Gallery

Learn Q¥ Learn j‘::mm and update 0 Deploy coprocessor
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real hiuman

Model-based RL for brain simulation

Pl: Anca Dragan
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real human

NVIDIA’s FP8

E4M3
(-1 (1.f)-2°7
fraction (f): 3b

o[o[1]olofo]1]1]

exponent (e): 4b
1.011- 247 =0.171875

: sign (s). 1b

E5M2
(—1)% (1.f)-2¢718
fraction (f): 2b

[olo[1][1]o]o][1]o]

exponent (e): 5b
1.10 - 212715 = 0,1875

| Optimat Agent

Offline RL for dialogue agent
Pl: Anca Dragan

(a) Freeze Weights ‘I'ral nWeights  Freeze Weights
CD: 64, 128, 256,512 | | 1 aln Phasel- | [
5: 2,4,8,16, 32 581 Optimiz: searcnﬂl Phase m.
AT: Flash[F).SAR(S] — * SearchCD, b Area m * o or [P+ SearchaPand ty E
A5, 6 €S and AT Delay m:‘:w 1P paramete s

IP:3,4,567.8

ipheral Circuit Desi

Iso-Accuracy Maintained
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’ 6445 | I
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: ; i|cD:64 128 512 imi *

Bizaas [ awebi2izsl |i[Csi2 4 @ Praset Opimizer save

- Grel —1|AT S s F L= 4, Delay + MSE[Area, &) candidate
Phase1 SuperNet Optimize tts only. No Weights rained ] M, Step 3..,“.] and Delay
Phase1 Search Phase2 Search—#

Policy Network v z h
OO0 i
O [ gl | ][
02020 o1 | | [
Spiking Neural Network iy (%)

| Ace umulahed
Output

H H H H H E Zwlcg) cross-Entropy
& Reward

Xpert — network circuit co-search Dynamic timestep SNN
PI: Priya Panda (DAC’23)

Architectural

sizes, etc.)

Accel
ML Parameters
Model [”| ( PEs, buffer [ e:f;fr

MINT — SNN quantization
PI: Priya Panda
(ASP-DAC24)

Transformer quantization

PI: Priyanka Raina

NN accelerator generator
PI: Priyanka Raina

PI: Priya Panda
(DAC’23, NeurlIPS23)

Tile Selection

R h
3D in-sensor computing

Pl: Yu Cao
(WACV24, AAAI'24)
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CoCoSys Software Artifact Gallery

Rapid DSE for LLM
PI: Tushar Krishna
e e e e e e e — —
¥ 1
Virtual | | Frame-based | | Multi-modal
Environment Processing Fusion
v A
Video || Frame-to-event | | Event-based
Interpolation conversion Processing

Event-based drone simulation
PI: Arijit Raychowdhury
(Frontiers in NeuroSci’24)

. Lew rank approsimation

. Extreme Values

|
Norma.l Values

Uniform Quantization 4bit
with outlier extraction

LLM KV Cache compression
PI: Tushar Krishna (w/ Intel)

Offline Learning On-Device Robust Learning Improvements
Agent,
# +  (3)Dynamic Robustness
o0 ?\1 Server Para. Success Ratef
(DPaylead  [S7F .
Optimization [V o Server .
1 Efficiency
@Collaborative : . @ |:> Processing
Sprmt-m'-SlackAgentN &, - Energy ‘
/e'k, {3)Dynamic
- ' Comnumication Quality-of-Flight
Learn with : .
injected random Adjustent Flight Energy*

bit-flips Learn with actual low-voltage bit-flips #Missions ‘f

Swarm drone optimization
PI: Arijit Raychowdhury (w/ IBM)
(DAC’23, ASPLO S24)

Automated and customized CNN/ViT compression and mo

del conversion

1 | ]
Base Layer Module Base Layer Module Vanilla Layer | | Lo
|
[ momas | Ik .
o |
"“71' - ;;Lr:;r;:m;] T 5
INT INT s Iy
2 sg10. =
. - . . - scaler.bias (INT) b ilean =
(Float) T el 2t A
rrrrr INT INT dmn 2 ey
— Channel-wise 5 S
_ MulQuant W or Unified Scaling —
Bi : ine X
L R oty J g s
[Round & Clip] [Round & Clip] ' b
Float32 l =
INT INT | £
-

Automated CNN/MVIT compression

Pl: Jae-sun Seo

Host Sim. C ion C

AirSim = AirSim Interface

Fault Injection

om.-ny

- Error propagation e.0.
AutoSys reliability analysis
PI: Arijit Raychowdhury
(TCAD’23, Comm of ACM24)

|{C DROSnode —Topic ~—=Service <+ Fault injection

2.5D/3D benchmark
Pl: Yu Cao
(ASP-DAC24)

-

[t

Robotic benchmarking
PI: Arijit Raychowdhury
(ICRA24)
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Software and Hardware Artifacts
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https://drive.gooqgle.com/file/d/1uivieDm1CIUjA204rZL https://drive.gooqgle.com/file/d/17-
mcWOYuYvagwqgfK/view?usp=sharing wh sf Jf72Kc91GJcLMAGdiIrdREKkhR/view?usp=share link
Software Artifacts Hardware Artifacts
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https://drive.google.com/file/d/17-wh_sf_Jf72Kc91GJcLMA6dir4REkhR/view?usp=share_link
https://drive.google.com/file/d/17-wh_sf_Jf72Kc91GJcLMA6dir4REkhR/view?usp=share_link
https://drive.google.com/file/d/1uivIeDm1ClUjA2O4rZLmcW0YuYvqwgfK/view?usp=sharing
https://drive.google.com/file/d/1uivIeDm1ClUjA2O4rZLmcW0YuYvqwgfK/view?usp=sharing

20



	CoCoSys Center Overview : �Year 2 Annual SAB Meeting
	AI Challenges
	Why CoCoSys?
	Center Overview and Themes
	Neural + Vector Symbolic Architectures
	The Theory of Robustness and Beyond
	Improving Vision Systems through Foveation and Saccades
	Needs of Future Neuro-Symbolic-Probabilistic Workloads
	Algorithm-Hardware Co-design
	System Design with Advanced and Emerging Technologies
	Reducing Data-movement through In-X Computing
	Tool-chain for DTCO in the Context of AI Workloads
	Human-AI Interactions: Conversational Agents
	AI-AI Interactions: Autonomous UAV Swarms
	CoCoSys at a Glance 
	CoCoSys Hardware Gallery
	CoCoSys Software Artifact Gallery
	CoCoSys Software Artifact Gallery
	Software and Hardware Artifacts
	Slide Number 20

