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Physical Al: Artificial Intelligence Everywhere

Humanoid Interceptor Drone

Humanoid,
Interceptor Drone
P... <200 wW*

*[research.mobiusriskgrou

(o ot el e i i N _
. p.com/p/the-energy-diet-
[Unitree26] [GeneralCherry26] of-humanoid-robots]

ALMA MATER STUDIORUM
] ERSITA DI BOLOGNA 2

ETH:zurich



Physical Al: Artificial Intelligence Everywhere Q%

Nano-Drone Cubesat

Cubesat
P g < 1.5W

av

Nanodrone
P g < 150 mW

av;

Efficient and Reliable operation key for Phy.Al!
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Perception and Agentic Reasoning in Physical Al ‘%

LLM Reasoning on Human Commands & Robot Observations

Human:
", > 3 - " f \
Prioritize a smooth drive
model.cost_expr_ext_cost = (
weight_gn * n#*2 + M PC
> * alpha**2 +
weight_gv * (v - V_target)**2 +
-weight_gadv * sdota / freq + # MPCC style min J(IE U q)
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Bigger Models, Bigger Bottlenecks @ Inference

Deep learning models

. . o1 AIME accuracy o1 AIME accuracy
Coni'lnue tO gI’OW n Scale and 100 - during training 100 - at test time
complexity
* Growing model sizes %7

demand ever-increasing ¥ o 8
compute and memory g e o g

® . ®

- Agentic inference compute & “1. g

scales faster than training o0 -

train-time compute (log scale) < test-time compute (log scale) ;

[openai.com/index/learning-
to-reason-with-lims/]
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Efficiency Challenge: Moore is not Enough!

3 Model complexity
ol 7/10nm 10X every ~2.5

@ ® 16114 years
nm GAAFET

.22;20.1.“ Moore’s Law
10x every 12

FinFET years!

Energy
Efficiency

[AMD HotChips24]

Algorithm, Architecture, Design

ETH:zurich



Efficiency via Domain Specialization

Brain-inspired: Multiple areas, different structure different function!

Somatosensory
7. Higher Mental Functions Association Area
~ Concentration Understanding of weight,
Planning texture, temperature, etc.
Judgment for recognizing and

comprehending an object

Visual Areas
Sight
Ability to recognize

Emotional expression

Creativity

Inhibition - Ability to
control self

"% Motor Function Area piclures
" Eye movement and Awareness of size and
<’ placement of eyes shape

Broca’s Area
Ability to talk
Ability to write

Multi-sensor
frame-based
event-based

Motor Function Area ™
Ability to move
muscles

. Association Area
- Short-term memory
Emotion

@ Sensory Area

Touching and feeling
Auditqry Area '

0 Fearine FUNCTIONAL AREAS OF THE CEREBELLUM

Wernicke’s Area Motor Functions
Written and spoken Coordination of movement
language understanding Balance
Posture

ETH:zurich
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Multi-modal
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A Fast-Evolving I\/Iodel Zoo

[Z. Sun et al.] MobileBERT w _ [M. Rusci et al.] TinyDenoiser
Encoder Transformer et Recurrent models

M‘ i " State based models
P A L e Y

[Waymo HC26] Multi-stage Multi-modal

1x357 STFT
Spectral Mask

112k]
Linear + RelU
L11e2s7]

— SENSOR FUSION ENCODER — _———— GENERATIVE WORLD DECODER ————

\ = '\__.\
Sensor objects, i
fusion SEASOr
embeddings

_1l_ 1.l Multi-Head
Attention

Driving actions
\ ?» Agent predictions
DRIVING VLM Other predictions
embeddings,

semantics,

rationales,

RN text tokens

[M. Oquab et al.]

Multimodal Transformer

Must run on the specializazion ridge: specialize fast, but not too much!
ETHzUrich (5 s . Q)




Flexible Domain-Specific Architecture (DSA)

Multiple dimensions for Specialization
Extensions to processor cores

ISA extension Local, Global, Off-Chip Interconnect

Same LO (RF) External L2
T E H Memory ARl mem mem mem mem mem mem
ensor Engines
8 Controller i bank bank bank bank bank bank
ISA extension or fast offload
L2 memory | DMA
Decoupled LO
P RV RV RV RV ACC ACC
Decoupled Accelerators & Host | Accelerator core core core core #1 #2
core
- : #2
Explicit Coarse Grained offoad EXT EXT EXT EXT
L2
Decoupled L1 Peripherals | Accelerator Instruction Cache |
#M Cluster 1
Specialized Mem and Interco | Y ]\ Y J | y J
Multicast/reductions/compression Decoupled Computing cluster with tightly coupled accelerators

Host, L2, L3 10s lerat
Compute near/in mem & NoC accelerators

, ¥



Specialization in Perspective: Amdahl’s Law

Using 22FDX tech, NT@0.6V, High utilization, minimal 10 & overhead

Energy-Efficient RV Core - 20pJ (8bit) C o~ f

) — t

ISA-based 10-20x = 1pJ (4bit)

¥

Tightly coupled 10-20x - 100f) (4bit)

¥

Decoupled 100x = 1f) (ternary)

Specialization game: efficiency vs. utilization Tradeoff
ETHziirich ©© swsvaass 10 Q)




Scalability in Perspective: Patterson (roofline), Little Laws ‘
Bandwidth bottleneck

y 3
0 Operational intensity increases with on-chip storage until useful reuse is exhausted
a
@ ~—— GEMM 16k x 1k x 1k (max = 993 op/B)
BW FLOP .g‘ 35004 = GEMM 16k x 2k x 2k (max = 1928 op/B)
-al L. ’e:.,a —— GEMM 16k x 4k x 4k (max = 3641 op/B)
1 g s
= limited limited :
L(B £ 3000
U
[ g
] 2 25001
O s
c ©
@
(=9
g £ 2000 A
=
— v
(@] Z
- £ 1500 1
g X
I
@ 1000 -
&
@
a
1]
BW A
8
~ o
e |
E 07
= 10° 10! 102 10° 10* 10°

Arithmetic Intensity (FLOPS/BYTE)

On-chip buffer capacity (KiB, log scale)

On-chip buffering increases arithmetic intensity
ETHziirich @ e smsio . Q)




Scalability in Perspective: Patterson (roofline), Little Laws .

Latency bottleneck

Assuming compute is fast enough, buffer has
to be big enough to hide tile transport time

¥

BW FLOP
limited limited

Eg. 1KB/ns x 100 (ns) = 100KB

$

2x for double buffering

B ¥

Arithmetic Intensity (FLOPS/BYTE) BufferSize (B) 2 2 x Bandwidth (B/s) x Latency (s)

Performance [GF/s]

Need 10-bandwith, on-chip Buffering, and latency tolerant Architecture

T . ’v::\
ETHz(rich (5 sosmrsriies
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Cluster Scaling: Scale-Up vs. Scale-Out

Cluster

Scale-up

Increase the number of
PEs in a cluster

Scale-out
Cluster: A group of PEs tightly coupled  |ncrease the number of
with a shared L1 memory parallel Clusters

through low-latency interconnect

ETHziirich (i susaesarss

Main Memory

Cluster Cluster
Interco. il Interco..

Main Memory

. ¥



Scale-up to Large Clusters 0%

A large “MemPool”: thousands of PEs and and of MB of shared L1 data memory. Why?
¥ Better global latency tolerance if L1, > 2x L2, x L2, . ... (Little’s law + double buffer)

¥ Smaller data partitioning overhead, larger Arithmetic Intensity: N3/N? for MMUL grows linearly with N!

X Multi-cycle hierarchical interconnect: single-cycle full crossbar not physically feasible MemPool Cluster
MemPool Tile

Multi-banked
Scratchpad Memory

) Local Y
Fully Connected Crossbar -

Tile Tile Tile
8 ) k1z
RV RV RV
Tensor
* * * Engine
1sA Ext. [l 1sA Ext. [ 1SA Ext. 8

Neet PE latency tolerance for multi-cycle cluster interconnect!
ETHziirich & »wavsnzis ” Q)




Snitch Core: Latency Tolerant, Extensible RV PE

* Snitch: tiny (20KGE), latency tolerant RV core

* Through a scoreboard Id/st queue
—> can issue multiple non-blocking memOPs

Memory

* Tolerates up to ~10 cycles latency to memory
- bound by LO (register file) size

Snitch
RV32I
Core

* Paired with ISA extension subsystem
* SIMD, Vector (RVV), Tensor (IME, VME, AME)
* Quantized, MX data types

* Non-linearities

Memory

o
-
-
°
]
S
@
<
7))

ISA extension

o

ETHzurich 0 woeassnee 5 Q)




TensorPool (TOP view)

* Hierarchical Implementation
ol
* 4 PEs (+ 1 Tensor Engine) / Tile allg
* 4 Tiles / SubGroup & sas sc2 EOED
Enmm sct (| || sco EDED
* 4 SubGroups/Group m @\ ” M
* 4 Groups / Cluster I
T oo G1
= G3
* Peak Performance: y E . E
* (1 TE + 4x4 PEs) / SG B
sG2 EOPBY| BEOBd sGs

« (1x256, + 2,,.x16,.) x 16 SGs

= 4608 MAC,,, /Cycle/Cluster

sco [N EHED sai

B

k-

<t

i |
TO TO

m el h "?a{h‘. ALMA MATER STUDIQORUM
ZurIC ""-gﬁ-"-' UMIVERSITA DI ROLOGNA 16




TensorPool (Tile View)

IS
.. - )
Req./Resp. Burst-Distributor Slv. Req/Rsp ""1 RM
_YA A - VA
VR T 7x(Jx32b) Local XBAR
Local Req./Rsp. XBAR J 7, 7x(Kx32b) R W v
= 1 H B

Mst. Reg/Rsp

- = XBAR withi
- within the SG0

To Local SG
: To Remote SGs

[61:0] bey
Lol )}
18)qly
‘bay ajoway

~ To Remote Grups

From Local SG
From Remote SGs

Controller

[61:0] dSkfi
111

From Remote Grups

4 Cores, 1 DivSqrt,

32 TCDM-Banks, L1 1S _ o
Tensor Engine connects to local-Tile interconnect (RV AME)

. o



The limit of Scale-up

- om

EOB8 sGs

4xaJ axa JCTEY

B,
______ Jm
T

G1

G3

~ o |

m

T2 T3

Eﬂm SG3

[4xafaxs JTe}

- EZ
2]

) ALMA MATER STUDIORUM
| UNIVERSITA DI BOLOGNA
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TSMC’s 7nm FinFET (N7)
Synopsys’ FusionCompiler 2025.06

< >e—>
2.3mm 0.44mm Q’
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Scaling Out: Beyond the Cluster

Snitch Core _Snitch Cluster

it
Score- o

{ Regfile p=

Occamy Chiplet

{Cluster

64b AXI Crossbar

&

=8 |

|

Occamy Group

FENREREES

NN R

19



Global Interconnect Latency Tolerance

Compute engines

* Scalar, vector, tensor

SuperBank 3
823 0 B31
-m'

\ hared L1 Scratchpad Crossbar

DMA engine

* Widei interface to interconnect - t
* HW support for autonomous tensor transfers

L1 TCDM -
* low-latency shared scratchpad

* Double-buffer large chunks (KBs) with DMA ZeroMemory

DMA (10% overhead) boosts latency tolerance of L2+ L1: 100s of cycles

ALMA MATFR QTUL')|0RU\4.

ETHziirich &

cc1 Bl cc7
Lo 1$ Lo

Shared L1 1$

FPU
CcCs8
LOI$

20
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Efficient and Flexible Global Data Movement

Problem: HBM Accesses are critical in
terms of
" Access energy

" High latency

ayoie e Crmenbs Instead reuse data on lower levels of
the memory hierarchy

" Between clusters

" Across groups

1V IS Croup vruse W

Cluster Cluster Cluster Cluster Smartly distribute workload
" Clusters: Tiling, Depth-First
" Chiplets: E.g. Layer pipelining

Big trend! Q)

ALMA MATER STUDIORUM
UNIVERSITA DI BOLOGNA 21
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Physical design aware, computational NoC 2 FlooNoC 4%

AN AN

* Key idea 1 — wires on top of clusters Bt e e
,,CIUSter,_.,g,,., Cluster_:% : Clusteri_

* Key idea 2 — support computation in NoC | Quster [" Cluster | Olster
o Smart multicast éii.CIUSter__E;;_l.Cluster;%;I_Clusteru
vszIustfer) : %”CIuster&é : 7C|uster.. |

° RedUCﬁOnS & CIuster» i Cluster = ('.",Iustt.-‘:r= |

R+ > R - >R+ >
£ NI A NI 4 NI
. Cluster | Cluster | Cluster

* Potential for big area/performance gains o— 5

| NI
| Cluster | ‘Cluster | Cluster

* Only ~10% interconnect area €2C
* 66% more clusters than with classical on-chip

networks D
* High Bandwidth: 629Gbps/link Snitch
* High Energy-Efficiency: 0.19pj/B/hop ‘ Cluster

Huge Scale-up Design Space too: NoC, Compute in/near NoC
ETHziirich (@ ¢ IR 22 Q)




What are the Scaling Bottlenecks?

+ R« PR« bR« >R 4+——>
ANI ANI ANI 4 NI
Cluster | Cluster | Cluster | Cluster | Cluster
- + R <« — R 4+— —+ R 4+ :

Z4

za

- N 4 NI ANI + NI
Cluster | Cluster | Cluster | Cluster | Cluster
—4LR4— + R+ bR~r4rR1
| ANI 4NI ANI ANI .
Cluster | Cluster | Cluster | Cluster , Cluster |
» R +— -)Re E-R‘ﬁ
& NI |
Cluster | Cluster | Cluste Cluster | Cluster;
— »R <+ aR{ >R4 Y
ANI N NI
Cluster | Cluste Cluster Cluster | Cluster

+ R <+
AN
Cluster | Cluster
B >R
AN
Cluster | Cluster
———— R +——
A N|
Cluster | Cluster

cZC
Scale-out = |10 area even at reticle size Scale-up =2 Cluster Interconnect cost

 SPM

. 4

Host

Za

r 3

P
4["|

Cluster Clusterl Cluster |

Peripherals

9]54-
+ NI
Cluster Iusterl Cluster
+R 4—»
4 NI

JI
Cluster Cluster| Cluster |

L 4
+— rJJ — P:U-w—-rm a——
= =
*

Z 4

Z 4

R
;?.
|
v
R
A
|
v
R
»
|
v
R
+
I
v
R
&
|
!
L 4
R
;\:-.
I
v
R
4
l
|
R
»
|
v

Nowhere to go, but UP = 3D to the rescue!
ETH:zurich
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Heterogeneous 3D for Scale-out: Already in Products!

Accelerator
Complex Die (XCD) (N2)

Fabric and
HBM4 Cache Die (FCD) (N3P)

Innovation What's New Al Workload Impact
. Compute, memory, cache, and Optimizes each function
Chiplet . " .
. I/O functions are partitioned independently for performance,
Architecture - . .
across specialized dies power, and manufacturability
3D Hybrid Compute dies stacked and Higher compute density and

connected through high-density

Bonded XCDs die-to-die interconnects improved performance-per-watt
12 HBM4 stacks Larger models, KV caches,
HBM4 Integration 432 GB capacity and activations remain
23.3 TB/s bandwidth resident in local memory

Low latency and high bandwidth
CoWoS-L Advanced enable both GPU-wide single

10 Die (IOD) AMD Infinity Fabric™ Packaging Egmmuﬂglc;téﬂobemgjsrbo dies  OPerators and sharding techniques
(N3P) AP Interconnect pute, Y like KV cache parallelism, TP, and EP

High-bandwidth on-package

AMD — Instinct MI1455x Hot Chips 2026

ETH:zurich



Pushing the 3D Design Space

* Scaling vertical connectivity from 10s of um to tens of nm

1um

3D-SIP 3D-SIC 3D-SOC 3D-IC
Package stacking © Multi-die Packaging = Die Stacking  Die Stacking | Wafer-to-Wafer Wafer-to-Wafer | Transistor
o Interposer “2.5D” pbump Hybrid Hybrid bonding  Sequential Stacking
o Embedded Die bonding i
L | | SREEER O o BSPDN  |[=Sam=wgs
T Sy CUDOUUOCTUDUDUD _.‘L__ y-L i T_ . i

3D Interconnectl Pitch scaling

1 i { 1 " ’
l | [ |
Imm  400pm 100 pm 40pm  20pm 10 pm 4pm 2gm Ipm  500nm Il::lnm
3D Interconnect Densjty (#/mm?)
© Imec 10 102 103 104 108 106 107 |I»°

https://www.imec-int.com/en/articles/wafer-wafer-hybrid-bonding-pushing-boundaries-400nm-interconnect-pitch

. o

zlirich (&



https://www.imec-int.com/en/articles/wafer-wafer-hybrid-bonding-pushing-boundaries-400nm-interconnect-pitch

3D for Scale Up: Mempool 3D

* Memory-on-Logic (MolL) implementation of MemPool
* MemPool with 1, 2, 4, 8 MiB of L1 on a second stacked die

* More memory on the same x-y area

(818 BRNE Q) BE RS RLIg]

iﬁm M Em.j
T R Ilﬂll'lli.l
O L 3 O S O R A N
F TR MR
E TR R hHiIWj
f 0 O 0GR T O o

5
(a) MemPool-3D|npig. (b) MemPool-3D4 miR. (¢) MemPool-3DgmiB.

A MATER STUDIORUM
VERSITA D] BOLOGNA 26 g
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Memory-on-Logic

MemPool-2D MemPool-3D

128 KiB Footprint: 1.000 Footprint: 0.665
l 7% larger

256 KiB Footprint: 1.074

l Same footprint

Footprint: 0.665

512 KiB Footprint: 1.299 Footprint: 0.737

1 MiB Footprint: 1.572 Footprint: 0.857
14% smaller, despite 8x the L1 capacity!

Similar trends for Wire length and #Buffers

Mol is a significant scale-up booster!
ETHziirich ‘-
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Logic-on-Logic

---® 3D-Connection exits xy-plane A W3p
. y
---X- 3D-Connection enters xy-plane >
<
A
y L| Go PR G1
x9 C e——— X®
> ¢ 4 b S 1
L] Go < G1 . (AN :
‘ : i >
N N A —— i i -
y ! 1 > 5
> ox ¢x
G3 G G2
G3 <—) G2 ¢ . ' E:E
L o—
=t
Wap
o > X ®
z x X

* From a 2D floorplan with routing corridors and cross-path connections

* To a 3D floorplan with stacked Groups and a central routing corridor

LMA MATER STUDIORUM
2 UNIVERSITA DI BOLOGNA 28
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Quantifying Area Efficiency Gains

_ 3D vs 2D TensorPool
S === 2D, metal pitch = 80nm _-=" -
Z 3D, bond pitch = 1uym ”,—"’
§2 —— 3D, bond pitch = 2um T~
5 | —— 3D, bond pitch = 4.5um o7 S K=4, J=4
o0 o K=4,J=2 | -66.5%
= 1- _-="K=2,1=2 -66.3% v
C% e - -66.1% | y
s | _--"_
E 0 e e——— .
0 2000 4000 6000 3000 10000 12000

Bisection wires count (N)

LoL is more flexible than Mol!

T ?;:
ETHziirich ‘@ swosesisiesy - g




Design Tools Support is essential

[IMEC, Synopsys DATE25] 16.1ps
Memory macro placement Detailed placement of bottom, s o Top Die
- drives placement of 3D pins logic die driven by 3D pin x,y —
- - = | >0—
O O o — o
z @ O = d
8 |m = O y
3 |m = o m
@ O mi

Bottom Die

—5
Al |emjeEeee «» | Accurate timing,

5nm

e 1 1 1 1

I EEEE
EEEEE
00BN

3D pins are

erorsdd 3 ; Il = 3D interface | .
e al ' P o] e TooDicy, power analysis
| | g — l__’lj |g ZBN Power [W] Internal ® Switching M Leakage
O | .. - ) T )
O o _" ng E l | T
= = ;J%'—Jg b LK Zero Delay Cells & Nets

T r i (ZDCs & ZDN)

Statistical 20%  Workload Best Case  Workload Worst
Case

£

ETHzirich ¢
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CMOS 2.0 for Sub-um Inter-Die Pitch
Standard 3D

* From Standard 3D technology MOL LOL
* F2F wafer bonding with 1um pitch m m
* 3D approaches m
* Memory-on-Logic (MOL) & Logic-on-Logic (LOL)
* To CMOS 2.0 1
* More fine grained (100nm and below) vertical pitch CMOS 2.0
* Multiple B2B + F2B wafer bonded layers (heterogeneous) L2+13
.. Long interconnect
* Opportunities | 0
* Better timing, Less wiring, Area footprint Comb tech3
* Huge potential for layer customization Comb tech2
Comb techl

* Lots of STCO (system technology co-optimization) needed

LO

s T,
ETHzUrich (0 sz 31 Q)



Bungee: A Native CMOS2.0 Tensor Unit Design 0%

“ At a fixed computing elements budget, in a planar
design the longest path is proportional to ./ N

« With the possibility of folding logic on logic with a / memm@
very fine vertical pitch, this number drops to /N g / /

* And vertical paths are much are much shorter too!

« Routing on the third dimension increases the number
of units we can reach in a single clock i

) CRITICAL PATH « VN¢g
 Build extremely low-latency TU at large scale

W
£

.

o AT
ZurIC CRTES ALMA MATER STUDIORUM
IVERSITA DI BOLOGNA




Why a Low-Latency Design?
* In a tensor unit, pipelining latency is a problem because of pipeline priming effect ©

* Lowers utilization unless we work on small tiles relative to the size of the matrices being multiplied

* Want to be fast with lage MAC arrays while keeping latency (i.e. pipelining) low,

* Also, eliminating pipeline registers can yield further efficiency gains

Datapath Utilization vs Tile lterations

B0

Utilization (%)

Tile Iterations

Design Space “Explosion” with 3D!
ETH:zurich ARG STURISANN 13 Q)




From Handcrafting to Agentic Optimization

https://chipagents.ai/blogs/ai-native-flow-for-chip-design

* Design Space is exploding

* Domain adaptation is required at
the month time scale @

FASTER HYPOTHESIS MORE

— - —————————
GENERATION EXPERIMENTS

When generation scales

* Architecture and
implementation: scale-up, scale-
out, 3D

A

GENT 01 -

AGENT 02

WORTH
PURSUING

* How to explore it?

AGENT 03

AGENT 04

* Hand-crafting is not viable at the
speed required

Doooooodnooad

AGENT 05

]

* Need speed and Intelligence -
Al agents

| [
5 O 1 0

I i i i T
T o 1 ) 0 1

1 A ) 8 i | S 8 e
Dodooooodooonod
0 U 10 0 | A

AGENT N

M x M RUNS TO EVALUATE

. . B - oy
ETHZUrich () sneamrsisiomy 34 Q)




ACTERO: Agentic NPU Super-optimizer %

Arithmetic-Centric Tensor Engine RTL Optimisation with Multi-Fidelity Feedback and Agentic Search

Tensor engine Autonomous unit search Engine closure Full-engine-guided refinement

Baseline: N x U Same architecture
Control - buffers | Synthesis feedback Placement feedback N x U P&R feedback
====== | | | | | Input Register-free RTL Input Pipelined RTL | | Control - buffers | rZS‘Oth Input U @ TCK
1 1 1 1 1 I |
MXCore — | Tool Design Compiler |Verified| Tool Fusion Compiler | |—| =m=m======== | |— | Tool Fusion Compiler Other
?.2 2'\;)’5%0T15 Action rewrites) Action - Baseline Action arithmetic
C;)-(I?’OPE s Rewrite word-level * Refine logic, — Optimised : N
64 % SDOTP arithmetic and register boundaries, ‘ Constraint e.g. on the
4 pipes (fixed) data representations and stored values o alignment critical path
RedMulE Objective Objective < i 4
96 X FMA Minimise area x delay min area / delay / ADP | RTL refinement |
2 pipes (fixed) Delay
1 Reintegrate / validate |
=-4= Baseline o Delay target ~ Areatarget ©O ADP target ===Combined frontier —— Refined quantiser % 1 ns refinement
(a) MXCore - routed e (b) O-POPE - routed (c) RedMulE - routed
< ] ._ : i :
£ 04571, 0 — 0.30
© 0.40 - : ; . 0.3 1 |
= -y : 0.25 1 :
m 28 ] e
= 0.35- — - S (- — - |
8 1 1 L} M 1 0.2 | 1 1 L *I 1 = IO'20 4 1 L 1 1 L I * 1 = L =
0.85 0.95 1.05 1.15 0.7 0.8 0.9 1.0 1 1.2 0.75 0.80 0.85 0.90 0.95 1.00 1.05 1.10
Achieved delay (ns) Achieved delay (ns) Achieved delay (ns)

ETH:zirich ¢ 35
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The Future is Al-Boosted Extreme Co-design £

SEOEONS -
. 0-
| OA-REG |

ISA-based 10-20x = 1pJ (4bit)

| L]
‘ Al- boosted X Outer Product
EDA %
Configurable DP 10-20x - 100fJ (4bit)
2 T
Highly specialized DP 100x = 1f) (ternary) “fwj “fwj “fwj

Precision tuning — OP/Mem tuning - deep arithmetic
optimization — 3D placement...

Co-Specialize SW, HW, EDA & Technology is the frontier & Open Platforms are Key!
ETHziirich @ e smsio i, Q)




Thank You!



	Leveraging an open ISA from Handcrafted to Agentic Design
	Physical AI: Artificial Intelligence Everywhere
	Physical AI: Artificial Intelligence Everywhere (2)
	Perception and Agentic Reasoning in Physical AI
	Slide 5
	Efficiency Challenge: Moore is not Enough!
	Efficiency via Domain Specialization
	A Fast-Evolving Model Zoo
	Flexible Domain-Specific Architecture (DSA)
	Specialization in Perspective: Amdahl’s Law
	Scalability in Perspective: Patterson (roofline), Little Laws
	Scalability in Perspective: Patterson (roofline), Little Laws (2)
	Cluster Scaling: Scale-Up vs. Scale-Out
	Scale-up to Large Clusters
	Snitch Core: Latency Tolerant, Extensible RV PE
	TensorPool (TOP view)
	TensorPool (Tile View)
	The limit of Scale-up
	Scaling Out: Beyond the Cluster
	Global Interconnect Latency Tolerance
	Efficient and Flexible Global Data Movement
	Physical design aware, computational NoC  FlooNoC
	Slide 23
	Slide 24
	Pushing the 3D Design Space
	3D for Scale Up: Mempool 3D
	Memory-on-Logic
	Slide 28
	Quantifying Area Efficiency Gains
	Design Tools Support is essential
	CMOS 2.0 for Sub-µm Inter-Die Pitch
	Bungee: A Native CMOS2.0 Tensor Unit Design
	Why a Low-Latency Design?
	From Handcrafting to Agentic Optimization
	ACTERO: Agentic NPU Super-optimizer
	The Future is AI-Boosted Extreme Co-design
	Slide 37

