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Physical Al: Artificial Intelligence Everywhere Q%

Humanoid Interceptor Drone

Humanoid,
Interceptor Drone
P..<200 W’

avg

*[research.mobiusriskgrou
p.com/p/the-energy-diet-
of-humanoid-robots]
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Embodied (Physical) Al: Artificial Intelligence Everywhere Q%

Nano-Drone Smart Glasses

Nanodrone
Pavg < 150 mW
Smartglass
Pavg < 1.50 mW
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The Race is not Over, Yet

Reference from Nvdiai Keynote 2025
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Innovation beyond “NVIDIA Gravity” is Challenging!

It’s the software = flexibility key for fast evolution!

Need an open standard to counter a monopoly

b4 RISC-V°

SpacemiT K3

RISC-V PROCESSOR

SPACEMIT
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Efficiency Challenge

e o
[} 7/10nm

3 8 ®16/14nm

(]
22/20nm @

Energy
Efficiency

[AMD HotChips24]

Algorithm, Architecture, Design are key!
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Model complexity
10x every ~2.5 years

Moore’s Law
10x every 12 years!




Efficiency via Heterogeneity: Multi-Domain Specialization Q%

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

Somatosensory
Higher Mental Functions Association Area
Concentration Understanding of weight,

Planning texture, temperature, etc.
Judgment for recognizing and
Emotional expression comprehending an object
Creativity

Inhibition - Ability to
control self

Visual Areas
Sight
Ability to recognize

“%. Motor Function Area pictures
Eye movement and Awareness of size and
placement of eyes shape
Broca’s Area
Ability to talk
Ability to write N o
Multi-sensor Multi-modal

Motor Function Area
Ability to move
muscles

frame-based Perception Agentic
event-based reasoning

Association Area
Short-term memory
Emotion

Sensory Area
@ Touching and feeling
Auditory Area
6 riGRig FUNCTIONAL AREAS OF THE CEREBELLUM

Wernicke’s Area Motor Functions
Written and spoken Coordination of movement
language understanding Balance
Posture
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A Fast-Evolving Model Zoo &

RAW EEG SIGNAL
| k= 1 A
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[Z. Sun et al.] MobileBERT AR i
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Encoder Transformer rersigi, g 1 -
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Multi-Head
Attention

t 4 4 .
| Zm= |

without Supervision

[M. Oquab et al.]
Encoder

P

| POSITIONAL | CONV
ENCODING CLASSIFICATION OF =32, K=5

4x2048 x1 STAGE
MHA
SO S1 52047
“» H=8, d=32 a O r/LocalLLaMA - 4 mo. ago
Ez S0 s1 : $2047 esharp007
& = outPuT DADD & NORM llama2.c running on galixy watch 4 (tiny 44m
< SO S1 $2047
S model)
S0 Ss1 52047 ;’5:';:'2D8 FORWARD
- samples v
EMBEDDING STAGE ENCODER STAGE D MLP

[P. Busia et al.] EEGFormer
Encoder Transformer

Auto-regressive
Latent Iterative Refinement
" ) 2
o D .
s o ‘ K x Recurrent lterations ‘
2D - Predicted
E U Coda  Mctons  Execute
Sl o car . € gmm. e 0 [
“Fold the towe" :; VLM E - °-‘.”. .......... ) E ) - - -
0 a [
H H A [El A Ig A El A Converged
DINOv2: Learning Robust Visual Features 5~ : : : Lo
embedding g | O l o C | |
- Noisy Refined Refined
' Latent State ' Latent State ' Latent State
|—|—) VLM Representations as features for cross-attention
Recurrent
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Domain-Specific ISA Extensions ‘%

P

R4 RISC-\/° Instruction set: open and extensible by construction (great!)

8-bit Convolution . o . . ]
[\ Vanilla Specialized for Al = Mixed precision SIMD (16-2bit)

addi a0,a0,1
addi  t1,t1,1 RISC-V b Init NN-RF (outside of the loop) RISC-V
addi  t3,t3,1 core Ip.setup
addi t4,t4,1 N/4 pv.nnsdotup.h s0,ax1,9 core
lbu  a7,-1(a0) pv.nnsdotsp.b s1, aw2, 0

N lbu  a6,-1(t4) pv.nnsdotsp.b s2, aw4, 2
lbu  a5,-1(t3) pv.nnsdotsp.b s3, aw3, 4
lbu  t5,-1(t1) pv.nnsdotsp.b s4, ax1, 14
mul sl1,a7,a6 nd
mul a7,a7,a5 Ve
add s0,s0,s1
mul a6,a6,t5
add t0,t0,a7 . . .
mul  a5,a5,t5 15x less instructions than Vanilla
add t2,t2,a6 oy .
add  t6,t6,a5 90%+ ALU Utilization
bne s5,a0,1c000bc

Specialization Cost: Power, Area: 1.5x Time 15xJ, 2 E=PT 10x {,
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A Cluster of Domain Specific Cores

10000

Tightly Coupled Data Memory

Interconnect
GOp/s/W
[
o
o

HOST CLUSTER
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m float 32b int32

Hint 8b int 4b
mint 2b
Vega [7] Kraken

(RISC-V Cluster)

1TOP/s/W
2b/4b OPS
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Heterogeneous, Multiscale Domain-Specific Architecture

Multiple Scales of Specialization
High-speed on-chip interconnect (NoC, AXI, other..)

External L2
Memory Accelerator
Controller #1

mem mem mem mem mem mem
bank bank bank bank bank bank

Tightly coupled Accelerators

L2 memory DMA Tightly coupled data memory interconnect
* Fast offload, coarse sychro
= RV RV RV RV ACC ACC
e Shared L1 Host Accelerator core core core core #1 #2
core #2
Decoupled Accelerators
W)
" Decoupled Peripherals Accelerator Instruction Cache
#M Cluster 1
» Shared L2 (or higher) | ) | Y J | J
| |
Decoupled Computing cluster with tightly coupled accelerators

Host, L2, L3 10s
accelerators

RISC-V is a key enabler > max agility, enabling SW build-up, without vendor lock-in

2
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Specialization in Perspective ‘%

Using 22FDX tech, NT@0.6V, High utilization, minimal |0 & overhead

Energy-Efficient RV Core > 20pJ (8bit) C o~ f
‘ host accl acc2 '
ISA-based 10-20x = 1pJ (4bit) @
anch
¥ t
Tightly coupled 10-20x - 100f) (4bit) ¥

Decoupled 100x - 1fJ (ternary) H<?z-
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Carfield SoC in Intel16 FinFet

100 MHz JTAGS

Vector oscillator
Cluster f

HOST and System

Interconnect

4.085mm
s|esaydiiad
SngJadAH

Dynamic
Reconfigurable
SPM

AMR
Cluster

wegry

A. Garofalo et al., "A Reliable, Time-Predictable Heterogeneous SoC for Al-Enhanced Mixed-Criticality Edge
Applications," in IEEE Transactions on Circuits and Systems Il: Express Briefs, vol. 72, no. 11, pp. 1625-1629, Nov. 2025

3.925mm
Up to 1 GHz, 1.2W @ 0.8V




Let’s not Forget Software....

10 PyTorch

Training

main() {

Quantization/Pruning
float *a = hero _dev 13 alloc(N);

read_data(a);

Host

omp target device(1
map(to: a, N

Device

if(core_idx != DMA)
process_data(a, core_idx);

}

Deeploy — Graph optimization Accelerator

PULP-NN — deployment

PULP Neural Optimized Acc.1
Network backend —1_ DNN library primitives

wovie mscvowe  Awt a2 ¥

save_result(a);

Host

Acc.2
primitives
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Beyond Perception and Fusion: Agentic Reasoning ‘%

LLM Reasoning on Human Commands & Robot Observations

race_stack
Human:
L "Prioritize a smooth drive" f \

i J model.cost_expr_ext_cost = ( MPC

weight_gn * n*x2 +

> * alpha**2 +
weight_gqv * (v - V_target)*x2 +
-weight_gadv * sdota / freq + # MPCC style
U.TARQ@U

min J(z, u, g)
Uj

LLM: )
"I have been swerving too much, |
will increase qalpha”

s.t. x €l
u el

Perception DNN(s) \. /

Reasoning T
(generation) DNN(s)

.-
«* L

........
. ..
-

et : https://pjlab-adqg.github.io/DiLu/

.
LA
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Beyond Perception and Fusion: Agentic Reasoning

T
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Generative Al Scaling Laws ‘%

o1 AIME accuracy o1 AIME accuracy
during training at test time

100 A 100 A

80 A 80 +
> * >
S 3
5 60 7 Y L 5 60 . "y
8 ® L * 8
(v} (v}
® . ®
9 40 A @ 40 A
(4] (4]
o o o

([}
20 20 ®
0 0

train-time compute (log scale) test-time compute((log scale)
[openai.com/index/learning-to-reason-with-lims/]
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There is no Other Way to Go, but UP

Multiple Scales of specialization
Local, Global, Off-Chip Interconnect

External L2
Memory Accelerator

a mem mem mem mem mem mem
Controller #1

bank bank bank bank bank bank

Tightly Coupled Accelerators

L2 memory |

* Fast offload, coarse synchro
L2 RV RV RV RV ACC ACC
e Shared L1 Host | Accelerator core core core core #1 #2
core #2
Multiple Decoupled Accelerators

L2

* Decoupled Peripherals | Acce;(;/llfator Instruction Cache Clustor 1
* Shared L2 (or higher) \ Y | Y ] \ Y |
Decoupled Computing cluster with tightly coupled accelerators

Host, L2, L3 10s
accelerators

Specialize interconnects too! Latency (and Bandwith) Challenge!

LMA MATER STUDIORUM
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Patterson’s Law (aka Roofline), Little’s Law

+®

P

Mean jobs in system = arrival rate x mean response time

_ BW FLOP
=2 limited limited ‘
O,
§ R BufferSize (B) = Bandwidth (B/s) x Latency (s)
£ il I
2 Eg. 1KB/ns x 100 (ns) = 100KB

BW

Arithmetic Intensity (FLOPS/BYTE)

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

SR T
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Spatz: RVV Unit for Snitch

Set of uA optimizations for VPEs

« Decoupled VLSU interfaces

o . . Troop reaches L1-memory roofline!
« Dynamic Priority allocation and buffering

« Improved vector chaining Baseline RVV roofline! - —
o a
.rs 0.96 098 0.98-
Fully utilize L1-memory BW + tolerate L1 latency (Troop) 1001 %5 56
B /
VRF § a I — Bandw?dth-to-compute 2:1
GSRs Bank0 Bank1 Bank2 Bank3 [i=g o 12
(VI, Vtype) o 9 Spatzac_troor
-— ® Spatzgaseune
(O] B Vitruvius+
e .N A Saturn
5 XI|F :._:, ® Ara
sy Scoreboard :3) < s
o 107 & | S
3 —~ N
FPU t S8 3
Sequencer 38 € g is
o © n
LT memory To-1 100 10! 102

Operational Intensity (OPS/element)
8 x 64b / cycle

LT memory

ALMA MATER STUDIORUM
UNIVERSITA DI BOLOGNA
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Snitch Cluster: The Fundamental Compute Block

* 2 Snitch+Spatz compute cores
« 8 SIMD FPU

« 128 KiB Shared TCDM

« 32-bank, low-latency shared scratchpad
« Shared I-cache and peripherals

« DMA engine
« 512b interface to interconnect
« HW support for multi dim. transfers

« Shared DMA (10% overhead) for latency
tolerance of L2+—=>L1: 100s vs 10s cycles

R
KERST
Y, 2

K57y
QHV*{\"}E ALMA MATER STUDIORUM
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How Large should a Cluster be?
* The push for “Larger”

* Better global latency tolerance if L1, > 2X L2000y X L2p,nawiaen (Little’s law + double buffer)
« Smaller data partitioning overhead

« Larger Compute/Boundary bandwidth ratio: N3/N? for MMUL grows linearly with N!

« Alarge “MemPool”: 256+ cores and 1+ MiB of shared L1 data memory
MemPool Cluster

MemPool Tile

Multi-banked
Scratchpad Memory

T|Ie T|Ie Tile
12

Group
Tile Tile Tile
11 14 15

——————————————————

ALMA MATER STUDIORUM
JE) UNIVERSITA DI BOLOGNA 22
D



TeraPool: Physically feasible 1024-cores cluster

* In GlobalFoundries’ 12P+ FinFET, 11 cycles latency,
740MHz@WC 920MHz@TC, in 8.3 x 8.3mm?

o 1.89TOPS peak-performance, 3.2X on SDR kernels vs
MemPool (256-cores)

« Interconnect-scaling does not impact energy efficiency

®

Teraiﬁod

ALMA MATER STUDIORUM
UNIVERSITA DI BOLOGNA 23

ETH:zurich



* Hierarchical Implementation

TensorPool: A Domain Specific Mempool for Physical Al Q%

« 4 PEs (+ 1 Tensor Engine) / Tile with latency

tolerant burst interface
« 4 Tiles / SubGroup
* 4 SubGroups/Group

* 4 Groups / Cluster

Peak Performance:
« (1TE + 4x4 PEs) / SG

o (1x256.¢ + 24cx16p¢) X 16 SGs
= 4608 MAC,,,, /Cycle/Cluster

ETH:zurich
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T0 m To M To m To m

GO [ 16x16 | G1

G2 [ 16x16 | 'm G3

TO m TO m TO m TO m
H B H B

sG2 44| |EAld sG3 sG2 44| EArd sG3

SGo AP EArd SGi SGo0 BACY| BEArd SGi
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TensorPool PnR in TSMC’s N7

) 5323 um ‘
e 6X more throughput on GEMM : =4
(2x FMAs and 3x utilization 89% vs 30%)
e 9.1x Area&Energy Efficiency g
e
TensorPool| TeraPool d
Node 7nm 12nm Z  954um
Area [mm2] 26.6 81.7 o =
T [ns] 11 [ 11 ROUTING  CHANNEL =
Peak FLOPs/cycle (TEs + PEs) | 9,216 4,096 |2.25x =
Peak GFLOPs/s 8,378.18 | 3723.63 |1.54x 2325um ®
-
GEMM Utilization 88.94% 29.74% 3x %
GEMM FLOPs/cycle 7286 1218 6X Z,
GEMM Power 4.3 6.3 r;
GEMM GFLOPs/s/W/mm2 57.53 6.24 9.1x

SER

ETHzirich -

SER ST
7/4{)\02 ALMA MATER STUDIORUM
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Scaling UP: Efficient and Flexible Data Movement Q‘%

P

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

* High latency

L tam Cracchs, * Instead reuse data on lower levels of
the memory hierarchy

= —— * Between clusters
* Across groups

S~ U M el Voo e

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

. Big trend!

%75/ UNIVERSITA DI BOLOGNA 26
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Physically Scalable NoC: FlooNoC

* Key Ideas in FlooNoC

 Fully AXl4 compatible

* Wide physical channels
(multiplane vs. VC)

* Over-the-Macro-Routing

* Only 3% of std. cell area taken up
by NoC

« Used only ~10% of available
routing resources

 Big area/performance gains

 High Bandwidth: 629Gbps/link

» High Energy-Efficiency:
0.19pj/B/hop

S
/310 ) ALMA MATER STUDIORUM
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Here is Picobello: our 15 Gen Phy-Al Engine in TSMC 7nm Q$

« 16 clusters totaling 144x
RISC-V cores with
FP8-FP64-bit support

| Host Til:‘

« 8x 1MB of on-chip L2

* Linux capable CVA6 Host
« Peripherals (JTAG, SPI, 12C)

16X
Cluster Tiles

* Running at 1+ GHz (WC),
> 256 GFLOP/s (FP64)
> 2 TFLOP/s (FP8)

"
9
=
E
o)
=
)
=
X
<

4x Memory Tiles

« Tape-out August 2025
Part of the EU Pilot project

=EUPIL@T

MATER STUDIORUM
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MHA Mapping on our Fabric: Flat Attention
» Proposed Dataflow Schedule of MHA _

Baseline:
Flash Attention for

« We leverage all-cluster L1 for single head attention — Minimize 1/O complexity Each Head on Each

Cluster

« Gen.Al specialized NoC Flatten Attention

(w/o NoC collective)

Flatten Attention

4.6
(w/ NoC collective)

« Collective operations on NoC

« Matrix transpose engine for transposition of (K -> K7) |

FlattenAtt Step: QK Matmul

T
* Note Qpre ’ KPre

» After QKV projection, following steps
focus only on one head and we process

« Benchmark & Results
« 16x16 Clusters (8TFLOPS, 256kB L1), 2TB/s HBM

* One Iayer MHA Of Llama3‘7OB (Seq=4K, batCh=8) every head sequentially
« Efficient collective operation support on NoC is essential BEEE
* 3xspeedup to baseline EEER

vjv.lv.iv
wa oz fm o
A A A (A
w oz o [ o

2
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Ogopogo: A 7nm Quad-Chiplet Concept Architecture ¢

« Expands Picobello to 16x more clusters
* Four 16x8 chiplets in TSMC 7nm FinFET

« Each with two D2D links and HBM3
> 10.3 DP-TFLOP/s peak performance

* Lightweight NoC transport extensions
1. In-router handling of collectives

2. In-stream vector operations

> 19% higher node-normalized
compute density than Nvidia B200

> Perf. gap reduced to a matter of die size

All digital IPs are open ISA, open Source HW
ETH:zirich
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What’s Next: 3D

3.5Dvl
« 3D stacking on logic + 2.5D HBM (AMD MI300)
 Face (top) to Back (bottom)
 Die (top) to Wafer (bottom)

Logic die r
Memory + |0 die

MI300 Instinct™

V1
SRAM+NOC+IO at the bottom

3.5D v2?

Long interconnect
L1
Comb tech3

Comb tech?2
Comb techl

LO

Technology is going “full 3D” = Open Phy.Al 3D platform
ETH:zirich

LMA MATER STUDIORUM
J<) UNIVERSITA DI BOLOGNA
)




» youtube.com/pulp_platform
¢¢> pulp-platform.org

y @pulp_platform

Thank You



