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/s \Why at all is Al Relevant to Science/Engineering

Astronomers observed regular, OBSERVATION
predictable motion of celestial bodies Aol SR
BODIES
UNDERSTANDING
NEWTON’S
1 C} LAW OF

B GRAVITATION

F= Gm:
WORKING 5
BACKWARDS

What governs this motion?

!

Newton worked backward from these observations and
proposed: A universal force acts between all masses

Science is reverse engineering nature - (mostly) by observing patterns



=& Al (Machine Learning) is Good at Finding Patterns

When you use ChatGPT, you are asking the
model to predict from patterns it learned

g More likely
blue = -0.96
- clear =-1.60
ThE sky is — 2XK0 oo usually = -2.47 — The sKky is blue
. the =-3.40
L LM <=-347
Less likely

Total: -0.96 logprob on 1 token
(73.18% probability covered in top 5 logits)

Al in Science: use Al pattern recognition capability to understand nature



rts  Breakthroughs in Al-based Science: Finding Patterns

nature Science

Improved protein structurelpredictionhsing Learning skillful medium-range global weatherEore-
potentials from deep learning casting
€ o5 A Input weather state B Predict the next state C Roll out a forecast
a ° 0.5 ' TR :W;—»—-u
Sequence eep neural istance and torsion radient descent on g 04 :‘N < 2 f“‘ i =
afggtng Dnei)work l dlijstr:bution p?etdictions prcﬁeirﬁspttecc:iific pottential g gz = = \ g
0.1 Noisy restarts
i64 bins deep k//"',{ 0 e o T

Iteration

- ————

e

€ e

(]
[}
®
=}
Ei
[0
(]
2
c
S
3
s
[
>
o
o
[a]
N
~
X
-~

0 0.8
£ 0.7
2 © 056
o 3 0.5+ — TM score
o a 0.4 _ d
g — S 031 r.m.s.d.
3 = 0.2
s 01
™ .
-l% © 0 T T T T 0
® 0 200 400 600 800 1,000 1,200 o £ 1Y e
: 157 - - AEALNL JRRRY
3 g 120 ' e
: , 3 | 8127 E 5 L
S M © 80
[a) y 5 § 60 = ;_-3 G Simultaneous multi-mesh message-passing
- ’ A 20
; 220 residual convolution blocks 20 [ | Ej Mo M M,Z'._.k W M M* M B M® -
x 0 - = - (0 N X [ )
3 0 200 400 600 800 1,000 1,200 Nat o 1 01110 \ Y NN ‘]
[ Gradient descent steps Prediction «~' ‘\;:‘;b,‘;}‘ \ /

AlphaFold GraphCast



om
RCCS

Al for Spatial and Spatio-temporal Data
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s Complex Spatial-Temporal Data Is Common for
Science & Engineering

Synchrotron beamline
X-ray/electron microscopy Industrial inspection
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Multi-dimensional Images in Science & Engineering

Type Resolution Tokens/Sample  Dataset Sizes Dimensions
Patch = 162/163 (Channels)
Weather\Climate | 100s” ~ 300K ~10 PB 3 Spatial +
Simulations 10s channels 1 Temporal +
(ERA5 dataset) (N Channels)
Satellite Images 1000s° ~5M ~10s TB 2 Spatial +
10s channels 1 Temporal +
(N Channels)
Microscopic 100K? ~100Ks ~10s TBs 2 Spatial +
(Ex: Pathology) (4x4 patch) (1 or N Channels)
Video 100s? ~1M ~1PB 2 Spatial +
~ Hours (24 {/s) 1 Temporal +
(YouTube-8m) (N Channels)
X-Ray CT ~8-12K3 ~1B ~100s TB 3 Spatial +
(Ex: SP-uCT) >163 new beam (1 Channel)
MRI ~4K3 ~ 30M ~10s TB 3 Spatial +
(Ex: dMRI) (sub 5-micron) (N Channels)
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What is a Vision Transformer?



=t Self-attention TL;DR: Text and Embeddings

* Modeling language:
* Find how words relate to and affect the meaning of other words

* Use a single number to represent each word, words
semantically close in meaning are close to each other on the

NnuUum ber |ine Semantically close= “Living thing”
\
’ 10 50 100\
> >
Bird Virus Plane
Horse Bacteria Car

Human Train
10
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Text and Embeddings

* But vyords can be close In one attribute, and not others

Semantically Close = “Can Fly”

100

o1
(@)

=
o

Bird (10, 100)

Human (10, 10)
Horse (10, 10)

Virus (50, 10)
Bacteria (50, 10)

Plane (100, 100)

Car (100, 10)
Train (100, 10)

10

50

Semantically in meaning = “Living thing”

100

11
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RCcs LI Ms: a discovery about the regularity of the semantics of human communication,

rather than a discovery about the intelligence of neural networks

A

100 Training step 1

] Train Training step 2
- [
Bird Training step 3
= .
I Human Training step 4
E ° Bacteria Virus
= 50 o o
GE) Ho.rse
= Car
3 o
o
© 10 Plane
°
>
10 50 100

?

Close in meaning = “EArgHFvg 12
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e [ransfomer: Generalizing to Any Segeunce of Tokens

»Input is a sequence of tokens
» Tokens can be anything (ex: words, flattened patches of images™)

[CLs){ W~ TR
1t

looks -
small =

outside 1 ‘

but -
quite
big O
inside
rll_ice | l
styling 1
t00 - |

*Dosovitskiy et al. in An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale 13



https://paperswithcode.com/paper/an-image-is-worth-16x16-words-transformers-1
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RECS ViT and Inductive Bias
Any continuous function f

> Universal law of approximation ‘ 7RV > RM

Can be realized by a fully
connected network with

» Bound on approximation error D\/ hidden layer(s)

> Generalization error B
> Optimizer error B

» FC Networks not enough (in Practice)

Reference for the reason:
http://neuralnetworksandde
eplearning.com/chap4.html

14
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RCCS VIT and Inductive Bias

» Inductive bias:
» Assumptions a learning algorithm uses to predict on unseen data

» Neural Networks —> sophisticated pattern recognition
» Add network elements to “work better” with the pattern in the data

Pairwise

Spatially-local Temporal

Pattern Pattern Pattern
= AN © | ? ?
g —5 ‘ IW Unfold W W‘ w
i 2 M= o /\d VC» * < [ - J’ﬁ[ f —
fl f » 0 - sera 5 l lu [
Y > I @ 0 @ Transformers

IIIIIIIIIIIIIIIIIIIIIIIIIIII N

Convolution Neural Networ Recurrent Neural Network (w/ self—attention)15
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RCCS VIT and Inductive Bias

» From the Inductive bias POV
» ViT might not seem to make much sense
> Receptive field is entire image
» Every piece of the image attends to all other pieces of the image

> Positives
» Model learns EVERYTHING - can ingest massive datasets

> Negatives
» Model learns EVERYTHING - expensive; finds irrelevant patterns

16
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RCGs ViT Issues vs. Text Transformer Issues

» Transformer consume sequence of tokens
» Fitting to the nature of text

> Text tokens: atomic semantically distinct, rich in information,
» Visual tokens: geometrically related and sparse in semantics

> Loss of spatial hierarchy information becomes more pronounced
» When working with high-resolution or high-dimension images

17
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RCCS VIT Challenges

0 Long sequence (when ingesting all image elements at high res)
@ Shifting bottleneck (elements outside the Transformer encoder)
€) Tokenization (managing temporal dimension)

@ Different parallelism in training (vs. text Transformer)

© Multi-modality

18



=& Two Main Principles on Solving Real-world Problems

@ Start from Scientific Inquiry; Work Back to Solution

® Al is a toolbox; always pick the right tool

19



& \ision Transformers Use in Real-world Problems

Vision Transformers used in production, Examples:
a) microscopic pathology, b) X-ray CT road samples c) weather prediction

Traditional Patching Proposed Adaptive Patching

' [ ) 7 Original Image Canny Edge
512x512 Image

Temporally dependent

fe

; ; K ; ;  Spatially
PAIP 2023 B dependent

Tumor ceuariy predcbon n ancrevtc cncer (e i

| 0 Z-order Curve Downtsampliﬁé e csen cancer

Quadtree

: | I § § eeeeeeen EEENR

DO . | o cchcs: 00+ Comure s rero T IR
L 4 111

180" 150" <120° 90" 60" 30" 0 0 60 % 1200 1% 180

2

Reanalysis Observation Fine-tuned 117M
m Daymet 7km ERAS 28km to 7km Pred

Transformer-based Model: ViT, UNTER, ViTUNET, Swin .. etc

O

Ground Truth. Our model.

Separating Large Stones

Original Volume Slice 3D Stone Distribution

Stacking Slices

Dice Score: 100% Due Score: 94 79%.
TS g 2%
4
0" Yo 20 (10° pixets)
Pixels in Component
AN 3o UNel o Real Sample Slice. Zero-shot Prediction Connected Component Analysis  Distribution
Dice Score: Sa 98/6 che Score: 58.38% (b) Segmenta on real sample with zero-shot inference. The pixel-level microstruc-
(a) i samples  ture, e.g. void area, can be precisely extracted, which is hard for human experts.




e ViT Challenges

0 Long sequence (when ingesting all image elements at high res)

2,

©
4
5

21
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RECS LLMs for 3D Segmentation

»Using LLMs for Vision (ex: Vision Transformers)
»Because of self-attention, the receptive field is the entire image!
» Split image to patches (ex: 16x16)
»Feed patches to LLMs

»Segmentation

»Larger patches - model learns global meaningful segmentation; produces poor boundaries

»Smaller patches are qualitatively better
»4x4 patches for 4K3 3D image = 1 OOO OOO 000 tokensllmage

(a) Patch size 32 x 32 (b) Patch size 16 x 16 (c) Patch size 8 x 8 (d) Ground Truth

Impact of Model Patch Size on the Segmentation Maps*
* Strudel et al. Segmenter: Transformer for Semantic Segmentation, ICCV'21 (hitps.//arxiv.ora/pdi/2105. 05633 pdf)

22


https://arxiv.org/pdf/2105.05633.pdf
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o Longer Sequence: a Challenge

» The longer the sequence, the more the context that can be extracted
»Ex: feeding an LLM entire books, library of papers, RAG, or segmentation
»GPT-4-turbo > 128,000 tokens — GPT4-32k - 32,768 tokens (1 Token = % Word)

ttttttttt

Y

»Compute and memory cost « sequence?

— P ]

() eakshay_pachaar



RelS Methods for Longer Sequence

ANTHROP\C Claude APl Solutions Research Commitments Learn News Try Claude

Engineering at Anthropic

How we built our multi-
agent research system

AR R0 Our Research feature uses multiple Claude agents to explore complex topics more
effectively. We share the engineering challenges and the lessons we learned from

building this system.

“Multi-agent architectures effectively scale token usage for tasks
that exceed the limits of single agents.” N



wets Compatibility of Longer Sequence Approaches in Training

Alternative for

Attention

Alternative for
Attention

Hierarchal
Training

Hierarchal
Training

Attention
Approximatio

Cache
Blocking

Reduce
Tokens

Sequence
Parallelism

Attention

Approximatio
n

Cache
Blocking

Reduce
Tokens

Sequence
Parallelism

v
X
\//
\//




Alternative for Attention
om iv i

RCCS Methods for Longer Sequence o Apernaton

Cache Blocking
Sequence Parallelism
Reduce Amount of Tokens

» Alternative Mechanism for Attention
Monarch: use convolution to compute Attention

Positional Interpolation: downscale vs. extrapolating (FFT for convolution)
(Extend window size)

Subquadratic: O(N*?) :
A JA £\ P P P Hardware-Efficient
p e i JAE SO | / (GEMMs/tensor cores) N

/ \ . Expressive
P : E— poe Monarch Matrices: (generalizes the FFT)
y S iae il . Block Diagonal + Efficient Mixing on
£ Jo /Y Permutations Sequence, Dimension
. N ’
RetNet: a retention mechanism for attention modeling
e - (parallel recurrency)
?
GN Sn-1 I l Sn
. . . o . 1 Recurrent t
RWKV: Tran§f9rmer in training; - o 1 1_,2_,0,'
RNN in inference — . Vo Ko 0 s
(Linear attention) Qt "‘ Vt 1—'—1
Xﬂ
X Input

26
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Alternative for Attention

Methods for Longer Sequence o oot

Reduce Amount of Tokens

»Hierarchal Training

» Train multiple transformers at different levels of abstraction
» The transformer at the lowest abstraction level trains on the shortest sequence segments.

» The transformer at the next higher level uses the previous level outputs as additional input to
train on longer segments.

CrossViT Hierarchal ViT Three-level Transformer MEGABYTE

Cat utput Probabilities
G 16x16 @

e mega byte tran sfor
o= hlocal-out {Rorantecnac:

Document-level 2 *

Cellular Features
MLP header) (MLP header
’ G . 256 x 256

S - - Local Local Local Local
[ Mol beated Attention Tranformer Encoer | Model Model Model Model
i hlocal in

Cellular Organization

Multi-Scale Transformer Encoder xK

000-00000O ODD D

+t * Tt % f o s
HE - BEE _me g b y t S fo
rtence-level e
v B - R \oammms \ e
= - global—out

4096 x 4096 N
(Transformer Encoder xN) (Transformer Encoder xM) Tissve Phenctypes [ - ‘
J Iti-headed Attentson Transformer Encoder
F i - B G'Obal MOde'
00100000 oA - O . e - | J
AhAabanin 1 e . EEEEEE
Linear projection L) Llnear prmechon ) S e hgloba]-in I I
ié*ig’ idﬁ ‘ i ’. ‘ ; - ve) 00 0 90 - ) A D) Patch Patch Patch Patch
S-8ranch] P 150000 x 150000 = ST BERT Encoder } Embed Embed Embed Embed
Small patch size P, v M Large patch size P, :,_‘T gl laed kg LL Ea ke e T,.,,, ] r
' Tie s 34 3. b EEEE OO (T |
O:CLStoken D‘D:lmagepatchtoken T T 1T IR T T T itk s me ga by te tran
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» Attention Approximation

Alternative for Attention

RCCS Methods for Longer Sequence it oprotnaton

Cache Blocking
Sequence Parallelism
Reduce Amount of Tokens

» Approximate self-attention operation through sparse sampling, lox-rank approx., infrequent update ...
» Note: “sparse” when talking about LLMs now mean sparse sequence, not sparse model

Longformer Sparse Reformer Routing Big Bird
Transformer (Hash attention) Transformer

q, 9,9, q, 9, g H H
Kils s . O o
k[T T . |
K, = T
K, . '.- T
k5 . I [ T
. L O
Local attention Global attention
q, 4,9, 9, 9, q o 1 L1 I
q = gEa=
q .l.. f,
q ==l
q '.. I guEm
q s} O 1T

Performers
:,;;/f"l""""""()'[-1:‘.’-‘,‘):""‘ \‘I [I/f(’)'(}"r;[")'"',g)f(fll?,:'d?)i?ii??i?ifi:i?i?i*tf“
Lxr ||| B« dl S e ”‘LT% Lxdl
L) E i (KI)T 1/ i
A s e N 0 ! \%

Linear Transformers

Q )V s Xjeasim Qi K;) Vi
. Vi = .
» T Ehisim(Qs K;)

KT
VD
In-frequent Update

A(z) = V' = softmax (

D ViS;
2%

s; = dot(q, k;), 8, =e; attention(q, k,v) =

LazyFormer

Remove dropout in self-attention.
Wider Layers.
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» Cache Blocking
» No approximation

RCCS Methods for Longer Sequence

Alternative for Attention
Hierarchal Training
Attention Approximation
Cache Blocking

Sequence Parallelism
Reduce Amount of Tokens

» Can support longer sequences by blocking the attention matrix in scratchpad memory
» Aggregate amount of work stays the same - support longer sequence, but not faster

FlashAttention
Outer Loop
K:dxN
Copy Block to SRAM
Q:Nxd ' M V:NXd
SRAM: 19 TB/s (20 MB) i A
el :E eesssso=ssse T
HBM:1.5TB/s (40 GB) = O v | Copy

et : +fl e 1)
g Copy | ' 1|3
(ETLN T LIS DRAM: 12.8GB/s £ 2
(CPU DRAM) (>17B) 15
\ L

_____

Memory Hierarchy with Output to HBM

Bandwidth & Memory Size sm(QK)V: Nxd

Inner Loop

FlashAttention

doon N0

Time (ms)

-
w
1

-b
o
1

w
1

Attention on GPT-2

] matmul

Dropout

Softmax

Fused
Kernel

PyTorch FlashAttention

FlashAttention2

Forward pass

. Worker 1
Worker 2
Worker 3
] | workers
Worker 5

Backward pass




Alternative for Attention
om iv i

RCCS Methods for Longer Sequence o pponaton

Cache Blocking
Sequence Parallelism
Reduce Amount of Tokens

» Sequence/context Parallelism
Distributing long sequences among GPUs as short contiguous segments
Communication overhead due to token inter-dependence MS DeepSpeed-Ulysses

[N.9] (Local:[N/P, ¢))
alltoall comm alltoall comm

Nvidia Sequence Parallelism

:

d. & IN) (Locak NP, d])
.

i NCoR=S

______________ (6N (Locald, N/P{)

n :’ : I'T B\ EsTH
i | 1 ( '
| | ! | 9 \ | 4.4l « INdl(watingd)
Pl H H@Hﬁlw% b=
I I | | ‘ g v N
. | | |
Sequence ! } Tensor : Sequence ; Tensor l Sequence o i
"fafi"f'/l \ Pl ) SRy ! kel ) el P otal processor (GPU) count ooty
*Not really sequence parallelism; parallelizes Dropout and LayerNorm *Not really sequence parallelism; full attention is still at each worker
Long Sequence Ring Attention Nvidia Context Parallel Fully Distributed Sequence
____________ T T T Transformer Layer with TP+CP
| Device 1 I | Device 2 I P ‘
e eme| | EEEEESED -pHEINIEEEIEE
| © ayex ,/I“| I i - .
s i P .
== == | HEEEE - immninnf lll MW
( It J ( I I 30 o : ()
| g 2 | | t 2 | g : [hj.ff(: ’ Y (1 ) N : G2 Qo - L e ‘.. ‘.: r w1
Iy Layer 1 \-’jl lfl/ Layer 1 ) | § {-;u-w;o- -: :,, m‘ - :,, W :,, Km : o W : I ‘ l
| ‘—‘—} [ | ‘,'_:::'.:: Dot oD vz || D vees 1L vewes .I.I. .. ...
Micro Batch 1 | [~ This | | sequence || parallel | ¢ 1 Ouerya - ’ ’
Micro Batch2 | [~ we Jf ! [ | = w ! s ) | pomdoos dovics
____________ J
*No S|gn|f|cant speedup T s " 30




Qlll Alternative for Attention

RCCS Methods for Longer Sequence o Apernaton

Cache Blocking
Sequence Parallelism
Reduce Amount of Tokens

»Reduce Amount of Tokens
» Current practice: divide input to tokens, feed all tokens to the model
> Feed the model less tokens: BEFORE tokens are ingested or DURING passing through the model

(Learned) Token Pruning Adaptive Patching (ViT)

Layer 1 This is the best restaurant, and | will be returning for another meal. . . " "
Patch the images in a "smarter” way
15 tokens ~w~
Layer 4 This is best restaurant I will be returning for another meal

11 tokens ~w
Layer 8 best restaurant returning ‘or another

4 tokens -

Layer 12 best restaurant

2 tokens ~w

Classification Positive Sentiment

31



=ts Tumor Cellularity Prediction in Pancreatic Cancer and Colon Cancer

;OAK RIDGE

National Laboratory

»Very high resolution (up to 100,000 x 100,000 plxels)
»Used in pathology
»Ex: PAIP dataset

»Pancreas g
»Diagnostic: Perineural Invasion

»Segmentation with Vision Transformer (ViT)

>Cha”enge: \ - B S e :/:}.i '1.’

PAIP 2023: Tumor cellularity prediction in pancreatic cancer and colon cancer (transfer learning)
| | | | PAIP 2023
* E. Zhang et al. Adaptive Patching for High-resolution Tenor elidaryprdction i pancreat cancer s

and colon cancer (transfer lear

Image Segmentation with Transformers, SC'24

32



= Adaptive Patching: Ingest Only the Data that Matters

Traditional Patching Proposed Adaptive Patching

Original Image Canny Edge
512x512 Image

Quadtree

| o Z—-order Curve Downtsamsli“r?g
.... ........ .....

N TR TeT P ;. | potches: ~100x & Conpute ond Hamory MGy RS
1 41 111

Transformer-based Model: ViT, UNTER, ViTUNET, Swin .. etc

33
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(k) 8,1922@0.39%

.

(p) 32, 7682@0.024%

(u) 65,53462@0.006%

W

(v) PAIP dataset images

(1) Dice Score:100%

(x) Ground Truth

(m) 71.32%

() 69.88%

L]

(y) 69.88%

4
P

(z) TransUNet

——

/

(n) 75.77%

(s) 74.96%

(aa) 75.31%

.
¢

r -
u
LI

Y

(ab) UNETR

(0) 79.63%

(ad) APF-UNETR

Tumor Cellularity Prediction in Pancreatic Cancer and Colon Cancer

34
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RCCS Results: Speedup
Resolution Model-Patch | Sec/Image | Sequence Length Q]l;iﬁgee che((; )c ore (Sseléflerggge) (Time tipéi)(:ll\llgrgence)
512 x 512 APF-4 0.06495 1,024 7 77.88
1 GPU UNETR-4 0.4863 16,384 - 77.31 748 12.71x
1,024 x 1,024 APF-8 0.14284 1,024 7 75.63 7 6x 12.99%
8 GPUs UNETR-8 1.0863 16,384 - 75.72 ' '
4,096 x 4,096 APF-16 0.32231 2,116 8 75.74 5 77 9 8
128 GPUs UNETR-32 1.8613 16,384 - 75.77 ' '
8,192 x 8,192 APF-16 1.1613 2,116 9 76.13 9 929% 3 39%
256 GPUs UNETR-64 2.6618 16,384 - 75.27 ' '
16,384 x 16,384 APF-32 1.7613 1,024 9 75.92 9 0x 4.93 %
512 GPUs UNETR-128 5.1179 16,384 - 75.89 ' '
32,768 x 32,768 APF-32 2.1567 2,116 10 75.32 3 79% 6.44%
1024 GPUs UNETR-256 8.1896 16,384 - 74.96 ' '
65,536 x 65,536 APF-32 5.733 4,096 11 75.82 9 3 3 91 %
2048 GPUs UNETR-512 13.218 16,384 - 75.31 ' '

35
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RCCS Results: Quality

»Since we can reduce the sequence length
»We could increase the patch size, get better results (for the same compute budget)

Resolution || Model | Patch | GPUs | Sec/Image/GPU | Depth | Sequence Length | Dice Score | Dice Improvement
2 256 2.3314 12 10,609 79.56
APF 4 256 2.1314 11 8,464 78.31
(+UNTER) 8 128 1.7867 10 4,096 77.61
8,192 x 8,192 16 o4 T1613 | 9 2106 | 76.13 5.70%
UNETR 64 256 2.6618 - 16,384 75.27
TransUNet - 256 2.3678 - - 70.89
U-Net - 32 1.2858 - - 63.21
2 512 4.8792 13 16,384 80.62
APF 4 256 3.1231 12 8,464 79.31 |
(+UNTER) 8 256 1.8574 11 4,096 78.84
16,384 x 16, 384 6 | 128 16421 | 10 2106 | 7743 6.23%
UNETR 128 512 5.1179 - 16,384 75.89
TransUNet - 512 6.1296 - - 70.46
U-Net - 256 2.7825 - - 62.97
4 1024 7.8916 13 16,384 78.98
APF 8 512 6.1792 12 8,464 78.31
(+UNTER) 16 512 4.1685 11 4,096 77.61
32,768 x 32,768 % 256 31567 | 10 2116 | 76.13 5.36% .
UNETR 256 1024 8.1896 - 16,384 74.96
TransUNet - 1024 10.001 - - 69.88
U-Net - 512 42714 - - 61.38
8 2048 12.697 13 16,384 77.77
APF 16 1024 8.793 12 8,464 76.11
(+UNTER) 32 512 5.733 11 4,096 75.41
65,536 x 65, 536 64 256 3.961 10 2,116 75.13 3.27% |
UNETR 512 2048 13.218 - 16,384 75.31
TransUNet - 2048 14.3516 - - 67.67
U-Net - 1024 5.961 - - 59.69
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s Al for Cone-beam X-ray Computed Tomography

»X-ray CT widely used
» Current Generation X-ray CT rely on cone-beam scanners
»Higher quality; high-resolution real-time distributed reconstruction is intractable

»Use ViT to do geometry correction to make the real-time reconstruction tractable
»>4K3 in 16 seconds and 8K? in a few minutes (on 1,024 GPUs)

* P. Chen, M. Wahib et al. Scalable FBP decomposition for cone-beam CT reconstruction, SC'21 37
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Scans from Southampton University for Bio researc

high-resolution Bumblebee generated on ABCI supercompute




Scans from Southampton University for Bio researc

high-resolution Bumblebee generated on ABCI supercompute
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high-resolution Bumblebee eneratedon ABCI supercompute
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e ViT Challenges

@ Shifting bottleneck (elements outside the Transformer encoder)

ol
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»In Segmentation

SoTA Models Overwhelmed by High-resolution

» We must map encoded features back to full-resolution pixel predictions

» | CNN mask decoder

(too much memory required)

image
encoder

* https://arxiv.org/pdf/2408.00714

_, memory

[ - g - —b ﬁ;
v ; o <
mask decoder i ;

attention 4 .  }

prompt encoder

t 41

mask points box

Meta’s SAM 2 Model*

memory
encoder

memory
bank
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om Symmetrical Hierarchical Forest with Pretrained ViT
Encoder for High-Resolution Medical Segmentation

R-CCS

Remove Decoder

Apply a reverse depatching scheme
to the output embeddings of the
transformer encoder, eliminating the
need for convolution-based decoders

/

-

Dataset \

Y. Mask

J

/1 :Hiera-Edges\

\ Xe3: (K3 l3)j

-

-3: Hierarchical Forest Patchih

FOOWN

@) 2 (o y1)

@ y) = (2 y2)

-

mw%uwﬁ/

K 4: Training Stage \
HRELRLEERERGRG

X[1,2,3]

[ ViT Image Encoder ]>

Ll L PR
KLtrain(y[ll,Z,ﬂJY[1,2,3]) j

(xi ooooooooooooo

ViT Image Encoder =

ti’ I !
Vi < YirLtest (¥, Y)

Kl'rain Stage Patchin

ti
g=
H

Patching

Z-order curve

Down-sampling

i = =
& e mEm
- |- &=

\
...00m

t!
< Inference De-patching/
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s Symmetrical Hierarchical Forest with Pretrained VIiT
Encoder for High-Resolution Medical Segmentation

Resolution Model Patch | GPUs | Sec/Image/GPU | Depth | Sequence Length | Dice Score | Dice Improvement
SAP+SAM 8 1 0.0438 6 512 75.31
SAM 16 1 0.1983 - 1,024 61.39
AP+UNTER 8 1 0.0581 6 576 75.17
512 % 512 UNETR 16 i 0T |- T024 | 74.88 +0.14
TransUNet - 1 0.1783 - - 73.32
UNet - 1 0.0438 - - 70.32
SAP+SAM 2 1 0.0991 9 1,024 78.67
SAM 8 8 0.3826 - 16,384 66.56
AP+UNTER 2 8 0.2314 9 1,024 78.42
1,024 1,024\ RETR 8 2 0863 | - 16384 | 75.72 025
TransUNet - 8 1.3247 - - 72.38
UNet - 1 0.0981 - - 68.92
SAP+SAM 2 8 0.3766 11 4,096 78.67
SAM 32 64 1.6183 - 16,384 71.05
. . AP+UNTER 2 128 0.6938 11 4,096 79.63
4,096 x 4,096 | TNETR K7 128 18613 | - 16384 | 7577 +0.14
TransUNet - 128 2.1637 - - 71.32
UNet - 16 0.3712 - - 64.11
d) Sequence Length=4096
SAP+SAM 2 16 1.5327 12 8192 79.68 @ q e
SAM 64 128 2.5168 - 16,384 67.31
AP+UNTER 2 256 2.3314 12 10,609 79.56
8,192 x 8,192 | NETR 64 | 256 26618 | - 16384 | 7527 +0.12
TransUNet - 256 2.3678 - - 70.89
UNet - 32 1.2858 - - 63.21
SAP+SAM 2 32 3.2741 13 16,384 80.98
SAM 128 256 5.6714 - 16,384 67.63
AP+UNTER 2 512 4.8792 13 16,384 80.62
16,384 % 16,384 | RETR 28 [ 512 S0 - 16,384 | 75.80 +0-36
TransUNet - 512 6.1296 - - 70.46
UNet - 256 2.7825 - - 62.97
SAP+SAM 4 64 3.4631 13 16,384 81.43
SAM 256 512 9.1213 - 16,384 62.34
103,70 [ ERNTEL_5 IO | 7w1e | L3 ai e (e
TransUNet = 004 1'0 001 - — 69'88 (f) Sequence Length=260 (g) Sequence Length=1030 (h) Sequence Length=4096
UNet - 512 42714 - - 61.38
SAP+SAM 8 256 3.6112 13 16,384 82.96
SAM 1024 1024 12.983 - 16,384 61.68
= Eap = rapn || APHFUNTER 8 2048 12.697 13 16,384 7777
65,536 x 65, 536 UNETR 1024 2048 13.218 - 16,384 75.31 +5.19
TransUNet - 2048 14.352 - - 67.67
UNet - 1024 5.961 - - 59.69

o4



Il Can ViT Learn Where to Look?

> HUMANS tell the model where to look
» Can the model learn where to look?
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Phase 1: Data collection & Pre-pr

Visual Scene Recovery from Wi-Fi CSI| =
» CSl-Inpainter: CSl-guided obstacle removal

Linear Interpolation
(resampling at 100 Hz)

Low-pass filtering

Time-based splitting for making
training & validation CSl sets

css.u«

* Chen et al, Trans-Inpainter: A Transformer Model for High Accuracy Image Inpainting from Channel State Information, IEEE 10T'25

Institute of

SCIENCE TOKYO
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RCCS

Phase 2: Model Training
Labels for Supervised Lea

Usyp Launilny
ﬂ oh Skl ’::
4

y ; "
Ground Truth Augmented .
Image Soq nce Image Sequence’

Multimodal Fusion

Reconstructed
Image Sequence

Phase 3: Prediction

& AW g
S e ﬂ'v

® g | e [ [0
=i -

' lIII B
Observed Objects i - i Reconstructed
II'I III Il J Image Sequence
@ @ | csl Soqwnc
CS1 Sensor

CS1 Sensor CSl Sequence
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Visual Scene Recovery from Wi-Fi CSI

RF-Based Multimodal Obstacle Removal Image-only Obstacle Removal

Input

Masked Ground Truth CSl-Inpainter (CSI)  RF-Inpainter (RSSI)
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e ViT Challenges

(1
(2
€) Tokenization (managing temporal dimension)
(4
5
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Res Tokenizing Spatio-temporal Data is Tricky

L EN M A CHI I CA T
- RSN AOSN A2 <l
:HEEEN 1 |45 L l4s
EEEE HEEE EEES EEES EEED
I EA i <1l S I e
;AEEE AEEl AEEE LYSd AEEa
NN HEEEE EEEE SENFE EERm
EEEE EEEE EEEE REX. BEEEC
il NS RIS e
:HADEE EESNE TOEE TSN XEDEN
(AENET EENE SENFE SENE SEEME
EREE HEEN EEEEN EDENS ERER

I L rtCioch i e

o TimesFormer

self-attention
VI Kf Q

add & norm

masked attention
Vi Kf Q

! |

1

i [mask b BEED
: image  query
features features




RLS How to Tokenize Spatio-temporal Data

» Different tokenization schemes aligned with adaptive pathcing

—

Local Frame Selection Global Frame Selection

1

| III£IIIII
EEEEEEEE EN

7’%

Spatio-temporal
Frame Selection

Fixed Temporal
Frame Selection

Batched
Frame Selection

We observe how Local and Global Frame Selection operate on a frame-by-frame basis to form quadtrees, while the other
three schemes work across three dimensions. Among these three, Batch and Temporal-Spatial Frame Selection divide the time
dimension, with the former using even divisions and the latter using uneven divisions. 60
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RCCS Adaptive Patching for Videos

» For videos we adaptively patch temporally
»merging spatial and temporal adaptiveness?
customize the adaptive scheme based on the nature of the input dataset? AP as a means
for compression, followed by a scheme to arrange patches to recreate the input video?

“‘ ...... “‘
A\ J

3D patches
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Application in Video Action Recognition

Temporal Transfor Encoder

» We use the Video Vision Transformer (ViViT) model for this

» AP able to achieve comparable metrics with up to 4x memory

1.00

0.95 1

0.90 1

Accuracy
o
2]
o

0.70 1

0.65 1

0.60

task, containing attention in the spatial and temporal dimensions

reduction while maintaining the same number of patches

Validation Accuracy Curve

—— Original Video
—— AP Canny Filter
—— AP Frame Difference

0 10 20 30 40 50 60 70 80 90 100
Epoch

3.0

2.51

0.0

ML

r

"

l

Embed ket

A
)

|
,.g

-

ol TronsfonT
toto
s ™ g
-
n - =l

Validation Loss Curve

—— Original Video
—— AP Canny Filter
—— AP Frame Difference

10

20

30

40

50
Epoch

60

70 80 90 100

65



om

RCCS Application in Video Action Recognition -
» We use the UNEt TRansformers (UNETR) model for this task, e
combining a transformer encoder with a convolutional decoder dodededdee

I I I

Linear Projection of Flattened Patches

Ll @i ] 5

3D Patches

» AP able to achieve comparable metrics with up to 8x memory
reduction while maintaining the same number of patches

HxWxDxC

p— Validation IOU Curve 30 Validation Loss Curve
—— Original Video —— Original Video
——— AP Canny Filter ——— AP Canny Filter
0.041 —— AP Frame Difference 2.51 —— AP Frame Difference
0.03 1 2.0 -
| "
o 3
—_ -
0.02 - 1.51
0.01 1 1.0
0 10 20 30 40 50 60 70 80 90 100110120130140150 0 10 20 30 40 50 60 70 80 90 100110120 130140150
Epoch Epoch
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e ViT Challenges

o
2,

©

@ Different parallelism in training (vs. text Transformer)

5

67



&OAK RIDGE

National Laboratory

ORBIT-2: Scaling Exascale Vision Foundation
Models for Weather and Climate Downscaling

w? = e e w— r I P4 o :
-~ —> Upsample l\ oo - : -
Humidit - - ariable Transformer Training Block A
u y Tokenization Humidity
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g
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,:':_ - a| Upsample I—> Feature | '< R R A
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—3 Upsample | |5 t
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(b) With adaptive compression
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'2: —&—10 billion
O ting directl d input ;
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https://arxiv.org/abs/2505.04802

&OAK RIDGE
N

National Laboratory

s Distributed Cross-Channel Hierarchical
Aggregation for Foundation Models

Channel Transformer
Aggregation Block (ViT)

Patch o T
._’., Embed | B> | 3
Channel-1 Ch.ID| » wm
. . keni . Patch Zll 2 @
—h
Distributed Tokenization [t [P s TS5 | &L
— — ] Ll
Channel-2 =] ol T
. . . . o S O
For high number of channels: distribute . : g‘ = "2
tokenization and implement a hierarchical . Patch > | 8 = g
. —>
strategy for channel aggregation. l Embed | [ch.ID| &
Channel-N
Metadata Token _
Channel Transformer
For a 7B Model Measured FLOPs/sec
by Scaling the Batch-Size
+ Improvement over Baseline +164% +109%

—e— Baseline
—e— Hybrid D-CHAG

10*

[ sieken JapooaQ .

g
g
g

TFLOPS/sec

16 32 64 128 256 512 1024
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© Multi-modality

VIT Challenges
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Multi-agent Approach for
Multi-modality

CallNIM v Insert “object1

new_object (objectl) embeddings”
Get “pbjectl”
Infinia Event -~
° Trigger
New Object Bucket
End User
Query..

Information
Retrieval APIs

(or Code)

Proteins

Information
Retrieval APIs
(or Code)

Information
Retrieval APIs
(or Code)

Information
Retrieval APIs
(or Code)

i Information
AT T ) Retrieval APls
iy (or Code)
Genome/Transcriptome
B

2 , Information

Retrieval APls

- (or Code) .

Other Phenotvbes
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Real-world Problem Covering Almost all the
Challenges Presented so Far



»8 Paradigm Shift in Infrastructure Inspection Technology

oo -
= a0
= E £
[w] Q| 3 . 3 ' &
% 2 Road Inspection 5 High-rise Vehicle »g
= < . (=) =
p— > [8a) 2
° — o = <
High performance 2| 2 e <
o ms g g
° ‘= = I
Imaging + Al + 5 f : =
. c Geotechnical p= Unmanned o Infrared Stress
a n a Iyt I c s o Inspection Aerial Vehicle Measurement
JV Infrastructure Inspection Paradigm Shift
- Replace traditional engineering High-resolution XCT Imaging + 3D image Al Analy’ucs
- Full fusion of imaging and Al SPrins. 8 — .
9ind =D /ﬁ}\
Experimental Computational
Facility Facility
Reconstrution
and Segmentation

FRONTIER 3 ; :

Computational EL g g (O Bt 2 ~ £

Facility 3 ; 8

Image Acquisition Al Model Training  Transformer-based Foundation Model

https://tinyurl.com/yvddayb3



https://tinyurl.com/yvddayb3

CIE - Total Road Length in Japan is ca. 1.21 Million KMs

R-CCS

[Road types and their percentages in Japan]

TOtaI ca. 8000km A Expressway (ca. 1%)
130,000km Of<— ca. 20,000km National Highway under jurisdiction of
- MLIT (ca. 2%)
hlghway to ca. 30,000km National Highway under jurisdiction of
malntaln Pref. (ca. 3%)

ca. 130,000km Prefectural Road (ca. 11%)

ca. 1.02 million km Municipal Roads (ca. 84%)

* Source: MLIT, Japan https../www.mlit.go.jp/road/road_e/pdl/RoadMaintenance.pdf
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1SERIRER UIAB(hA
1964465288 . B~ EETRINBHE

EINERR QH) #R

* Source: Sakai @Hanshin Highway

Highway Network West Japan (Osaka, Kyoto, Kobe)

....... rEAB
m—. ’ SEaBRE '
1
.EEVJ.I
31 (WA
A N
AEREAR M) [ amamE
o —
5 R 1 A
: ‘\\2«:‘(‘” = H 405FRE
ERAME 0 30-394
: WY, B 20295
%j (2021.35K B &) g
: ’ Il 9%UTF
msss—— 40ELF APRCHERR. STOMR. TVBER, R MRR. HPARER &
e 30~39%F RAMRER. KIRFEZHR, BEFER F
e 20~ 294 JEELR. KMCHEREMED. LHPR &
s 10~ 195 LR, MPILFR F
s O FLT  RIIEFR. KFNER F

75



oL How to Inspect Roads for Maintenance?

Broken parts

* Mechanical inspection
« Time: 10s of years
 Cost: $ Billions

¥ ¢ l A Visible light Visible light
By EN12697-24 ANNEX-E (above) (right diagonal)
« Cameral/laser Imaging technology Fatigue test: Accelerated Crack Simulation

» Good for fast screening of visible surface cracks, depressions etc
* Not a reliable technology for understanding sub-surface conditions

FIRWHAS
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Mechanical Inspection

o - < e

“Actual-scale test track” by Taisei-Rotech
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RCCS Vehicles Extracting 100s Samples per Day

» Core samples extraction machines mounted on vehicles
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Collecting Samples

 Extract cylindrical samples from core of asphalt layers

* Example: if one sample every 10KM, then 130,000/ 10 = 13,000 samples
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Scan Samples with X-ray =

« Scan (2D projections) at RIKEN Spring-8 Synchrotron

2D detector

.':-‘Ij:;" o »»‘:” -
X-ray source

- w

Sample stage

The synchrotron radiation facility RIKEN SPring-8
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High Resolution 3D Image Reconstruction

« High-performance high-resolution X-ray CT image reconstruction

(a) X-ray Computed Tomography Set-up (b)
Sample

Detector

X-ray Source

CT No. (1n)

CT No. (out)




=t Paradigm Shift in Infrastructure Inspection Technology

@ Collect Specimens @ Scan Specimens <25 @ § C - Reconstruction Fuse Al Segmentation /i @ Analyze

Fuosaku

569,34 N D — — Example:_ _
J) == 8o c 3D Stone Distribution
; c
: = S 2 ‘
| Normal XCT Scan © 8
- = S
- T 3 [ g £
» v ~"mm: 40 years and over (e} 8
3 :30-39 years (&) N
. 20-29 years Offset XCT Scan 0}
i 10-19 years ' —
B 9 years and under Transfer | Load | <F Store
Deliver ~ Projections > | Y 0
Specimens - (100Gbps) = @ = w <s== Further Expert Analyze
Detailed in‘ 1T Detailed in
. g o e r.'-"‘l
§ A - H3 Image Reconstruction  3.pimensional § B & C - Al Segmentation Inference (online) — ;. oov.. i
Parallel Still distributed and in-place memory 0 — vir >0 —
0.6 ¢ - (5]
' ; MPI_Alloallv @ 5 it 5@ MPLAltoallv
—_—
& ' ) 0 — ViT >0 ) (9}
- ‘ Transfer - Inverse ® sAP
R atersap - @ —> VI —>¢@ Transfer @ e [
. : : : | Transfer FRONTIER
D0 € -
§ B - Train Foundation Model (offline)— . .. Weights
IL d - Real data distribution
oa S
c 3 Row / Transfer
o g Slice 555 Reconstructed e /

— \\/Olumes MAE Masked inpalnt Simulating
Step 1: Label-Free Self-Supervised Pre-Training =——> Step 2: Fine-Tuning with Simulated Data and Labels

Q32 @132 @132 QD3 2 O 0 o o
0213 @213 @213 @21 3 »0 ® 0 0 Learning s — i
Q ¥,

XCT Image
Representations

l ' ‘ £ Learning
! S U] B Task-Specific

Representations

lulti-Head Atien|
lvi\
\
'
1L
1
\
v

QuadTree Embs
[ Norm ]

]M -
xI12

SAP-VIT QuadTree

Q321 Q@321 ®321 B2 1 ® 0 O
Group and Cyclic Mapping MPI_Reduce_scatter_block
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H3

End-to-end pipeline to reconstruct
10s of 16K resolution 3D images In
one go (full-system scale)

________________

MPI_Reduce_scatter (P,;)
>

Load MPI_Bcast (Pg;.)
e 2

e

A < ' 4
L1
L2 ]

Normal Scan CT

From PFS
To LLIO (node exclusive)

008000000
©
(=]

Offset Scan CT

Group Row Partitions Cyclic Mapping to MPI Ranks l MPI Rank | | MPI Group-slice (Pg;.) | | MPI Group-projection (Py;) |

Fig. 5: Proposed H> imaging algorithm in ROVAI: Group row partitions and cyclic mapping to MPI ranks.

! 3-Dimensional !
Parallel 1

Row

Projection

— Rank |0 1 2 0 1 2
] e
Workload | 1 |yellow
X-ray ; - .
—_— . #
Normal Workload

S

(b) Offset XCT Scan (using the same X-ray source to detect larger objects)

rotate 180 degrees

(a) Normal XCT Scan

I Rank 0/——\
- Workload

rotate 360 degrees

H3: High-throughput, High-perf., High-resolution CT

0°

0 1 2

45° 90°  135°  180°

Offset Workload

1 2

0°

45° 90°  135° 180° 225° 270° 315° 360°
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RULS End-to-end Image Reconstruction

Floor slab (concrete) Pavement (asphalt)

A
\ 4
A
N

~ 70 mm

Cores were collected from road surfaces used for 20 to 30 years on the Hanshin Expressway.

High-resolution 4,1922 Asphalt Core generated on Fugaku in 12 seconds (12,288 nodes: ~7% Fugaku)

84

* Courtesy of Kentaro Uesugi (RIKEN Spring-8)



Rets Training a Foundation Model

Step 1: Label-Free Self-Supervised Pre-Training Step 2: Fine-Tuning with Simulated Data and Labels
Reconstructed Volumes

(Section 4)

Real data distribution

X-ray source setting

| Attenuation coefficients

. Microstructure Label Map Paired Simulated CT Slice

Simulated Data Simulated Label

Inpaint Simulating

Snoam
s | |

e
.-ilii-‘
SAP

Inverse

With QuadTree

et

QuadTree Embs
Multi-Head Atten

()
7
’ QuadTree Embs ‘

‘- :.
ViT Model with SAP @dme o3

Several Challenges

Sequence length, tokenization, shifting
bottleneck, and NO LABELED DATA

Our model.

Ground Truth.
Dice Score: 100% Dice Score: 94.79%.

Zero-shot Predi 85

(b) Segmentation on real sample with zero-shot inference. The pixel-level microstruc-

SAM 2 [8].
Dice Score: 85.98%
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End-to-end Runtime (min)

Performance «

i LLIO Load  Memory Load Memory Store | i Alltoallv Alltoallv Bltrlnap :
i [ T T T ®e . | N N S N 3
1 Bcast  Preprocess T 14 sap Inverse SAP !
____________________________________________ -

Computation - Comp

Communication - Comm

Storage Load - | Load
Storage Store Store Store Al | -

Barrier-Vol Barrier-Proj Barrier-Vol Barrier-Vol

(a) Step-by-step workflow of the ROVAI framework for group row partitions.

Comp:192s
- | Comp : 70 s | Comp AT : 881 s |
Comm : 53 s | Coknm :93s
Loadl: 17s Load : i24 s
- | Store: 62 s \I Store : 1120 s
Barrier-All Barrier-All  Barrier-All Store AT: 1265 Barrier-All

— Results —

(b) Pipeline for H3 imaging.

(c) Pipeline for entire ROVAI framework.

—— Total —— Compxcr + Compy; 1/0 Comm Ideal
1276 Resolution Resolution E Resolution
103 1044 105
40962 507 81922 163842
102§ 11031
] 37 IN526
1 ] 248
102 1024
1015 ] !
] ] 174
ot 1o——J 10—
N < o0 el O <t <t N <t 0 O O <t <t [+ Ne O <t
c~ < o0 o~ AT O c~ <t 0 o~ AN O o0 [ AN
S = 4 0 oo o = o n a5 S o n G
on O N < na o on el (q\] <t na N N < Vol
Number of Nodes Number of Nodes Number of Nodes

(a) Strong scaling evaluated by full Fugaku; ROVAT
reconstructing 46 specimens into various resolution.

Original Volume Slice

Stone Mask

— Analytics

Separating Large Stones

Stacking Slices

3D Stone Distribution

2.0

1.5

1.0

g 0.5

v

2

3
S
<
o0
2

Top 20 (10° pixels)

Pixels in Component
s Distribution

Road InvspevctionvAnalysis Items

~XCT+AI

Detect surface degradation
Visualize sub-surface conditions
Measure road shear strain angle
Measure density of concrete and aggregate
Measure the distribution of voids
Measure the state of material around voids
Measure volume ratio of aggregate, stone, etc.

—
v

RSN
SRS

Datset Model Patch Size | GPU (hours) | Epochs | Dice (%)
780 unique volumes U-Net [9] N/A 1,280 500 58.38
w/ simulated masks Swin UNETR [10] 2562 5,120 1,000 63.74
(8.1928.192 (50~ 120)) | SAM 2[8] 128 5120 | 1,000 | 8598
Our Model 2?2 5,120 1,000 94.79
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Workshop Questions

Q1 : What missing interoperability layers (software, standard, or abstraction) would most accelerate convergence
between traditional HPC linear algebra workflows and today’s extreme-scale Al workloads.
A1l: Coupling HPC application with Al is a challenge

Q2 :Looking ahead to 2030, do you expect the principal bottleneck for extreme-scale Al to be data, algorithms, resilience

or energy, and how does that prediction shape your research priorities today
A2: Money.

Q3 : Given the different developments in architecture processors for Al and “computational science”, do you think we'll
see a convergence or divergence of roadmaps?
A3: HPC has, and will, adapt itself to the hardware designed for Al



