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Astronomers observed regular,
predictable motion of celestial bodies

!

What governs this motion?

!

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

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

OBSERVATION

MOVEMENT
OF CELESTIAL
BODIES

FOUNDATIONAL
UNDERSTANDING

NEWTON’S
LAW OF

B GRAVITATION
F - G m:

WORKING 5
BACKWARDS

Science is reverse engineering nature = (mostly) by observing patterns
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/s Al (Machine Learning) is Good at Finding Patterns

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

More likely
blue = -0.96
clear = -1.60
The sky is — SRR usually = -2.47 — The sky is blue
the = -3.40
LLM <=-347
Less likely

Total: -0.96 |GQ|:'JFDD on 1 token
(73.18% probability covered in top 5 logits)

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



=t Breakthroughs in Al-based Science: Finding Patterns

nature Science

Improved protein Structurelpredictionhsing Learning skillful medium-range global weather
potentials from deep learning m

e 6 A Input weather state B Predict the next state C Roll out a forecast
0.5
iizu'\enrgf Deep neural Il:)is'.canqe and tqrs!on Gre.,ldient d.e.scent on § g:‘;
S network distribution predictions protein-specific potential = 02
01 ‘ Noi§y restart§
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Al for Spatial and Spatio-temporal Data



= 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 f/s) 1 Temporal +
(YouTube-8m) (N Channels)
X-Ray CT ~8-12K° ~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 Transformer (LLMs)?



= 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 iIn meaning are close to each other on the

number line Semantically close= “Living thing”
|
( \
10 50 100
e ————
Bird Virus Plane
Horse Bacteria Car

Human Train
10
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Text and Embeddings

e But vyords can be close In one attribute, and not others
100 Bird (10, 100) Plane (100, 100)

Human (10, 10)

Semantically Close = “Can Fly”
o)
-

- Car (100, 10)
Horse (10, 10) Virus (50, 10) .

10 Bacteria (50, 10) lr;am(lOO, 10)
10 50 100

Semantically in meaning = “Living thing” 11



LS ViT and Inductive Bias

Any continuous function f

» Universal law of approximation ‘ f:RN _y RM

Can be realized by a fully

> Bound on approximation error (V] E(i)dnc;]eer::tlzij/er;(est)work with
> Generalization error [5G
> Optimizer error E‘(

» FC Networks not enough (in Practice)

Reference for the reason:
http://neuralnetworksandde
eplearning.com/chap4.html 14




s Al In Science: use ML pattern recognition
capability to understand nature

» Neural Networks =2 sophisticated pattern recognition
» Add network elements to “work better” with the pattern in the data

eeeeeee

Structural
Relationaships

Pairwise
Pattern

Spatially-local
Pattern

Temporal
Pattern

Convolution Recurrent Graph Transformers
Neural Network Neural Network  Neural Network (w/ self-attention)



LS 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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RACS 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

o Long sequence (when ingesting all image elements at high res)
9 Shifting bottleneck (elements outside the Transformer encoder)
e 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



= Vision 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

Temporally dependent

—

e Original Image Canny Edge
512x512 Image

: : PN Spatially
PAIP 2023 i WM dependent

. L " © + Tumor cellularity prediction in pancreatic cancer (supervised learing) :
Z 0 rder QJrVe DoNn_San | ing ‘and colon cancer (transfer learring) 0’ i g —ge——
> EEEE - EEEE

180" <1507 <120 90" 607 30T 0 0 60 % 120 150 180
4, 096 batches PR~ 10y | Patches: “100x | Compute and MemorySemte

424 patches

1 13

- H H H Reanalysis Observation Fine-tuned 117M
Transformer—based Model: ViT, UNTER, ViTUNET, Swin ---etc ERAS 28km Daymet 7km ERAS 28km to 7km Pred.
/é = R
Original Volume Slice Separating Large Stones 3D Stone Distribution * » 9 |-
Stacking Slices g
F10° .
25 < Y -
1 y iy : &
E 120°W  110°W  100°W  90°W  B0°W  70°W  120°W  110°W - - 120°W  110°W  100°W  90°W  80'W  70°W
\  ——e———
2.0 00 05 10 15 20 25 30 35 40
loge(mm/day +1)
108
Ground Truth. Our model. 15

Dice Score: 100% Dice Score: 94.79% .

r

1.0

10*
Total

) H“‘HH

0.0 Top 20 (10° pixels)

2 Pixels in Component
Stone Mask Connected Component Analysis  Distribution

8. UNet 9]
Dice Score: 85.98% Dice Score: 58.38%
(a) Segmentation prediction on simulated samples

(b) Segmentation on real sample with zero-shot inference. The pixel-evel microstruc- I
ture, e.g. void area, can be precisely extracted. which is hard for human experts.




wllS VIiT Challenges

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

©
4
5

21
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RCCS 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 |mage =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 (https.//arxiv.orq/pdt/2105.05633.pdf) 22



https://arxiv.org/pdf/2105.05633.pdf

fta 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 =34 Word)

»Compute and memory cost « sequence?

v

"tennis"

Input Embeddings “tennis"

_V: Value weights
o @akshay_pachaar O d_k: attention head size



wllS Methods for Longer Sequence

ANTHROP\C Claude APl Solutions Researc h  Commitments Learn News Try Claude

Engineering at Anthropic

How we built our multi-
agent research system

Published Jun 13, 2025 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.” y
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ks Compatibility of Longer Sequence Approaches in Training

Reduce
Tokens

Sequence
Parallelism

Alternative for Hierarchal Attention Cache
Attention Training Approximatio Blocking
n
Alternative for x
Attention
Hierarchal / /
Training
Attention x ‘/
Approximatio
n
Cache '\///
Blocking
Reduce '\/// '\f// '\///
Tokens
Sequence / x /
Parallelism

ANRNANAN

v
X
7
7

25
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» Alternative Mechanism for Attention

Alternative for Attention

RCCS Methods for Longer Sequence Aanion Approximation

Cache Blocking
Sequence Parallelism
Reduce Amount of Tokens

Monarch: use convolution to compute Attention

Positional Interpolation: downscale vs. extrapolating (FFT for convolution)
Ll L3 < N .
(Extend window size) Subquadratic:ON) [ 3
"N AN A A BN A A A .
VAT AT A . 8 S Hardware-Efficient
. ““““ Prz‘ktramed"‘range\“‘ ?" . [ x\ / :&Seengan .\ "’(‘ \\‘ P E P E P (GEMMS/tenSOI‘ corES) i
N N 1/ \ 4 / | 2 " '
‘,‘ / \ / \ ‘,f' \ f \ / \\\j \\ ) Expressive d
e s e . e Monarch Matrices: (generalizes the FFT)
- . - m——— Block Diagonal + Efficient Mixing on
) “f ‘17 (‘.‘" ) Permutations Sequence, Dimension
1 / Pr%tra d’range‘\‘, /r’ 2
“. * 4 \’ ;" \g f . ° ° . °
VAR VARV AV RetNet: a retention mechanism for attention modeling

(parallel recurrency)

RWKV: Transformer in training;
RNN in inference

Output Probabilities
S o) 0
: oo f y
GN S'n_—l STl
—¢ f Recurrent 1 l

(Linear attention)

Tl (QK' ® DYV T —E 0
Channel Mixing T T Output

26
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RCCS

»Hierarchal Training

Methods for Longer Sequence

» 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

4096 x 4096 Region

Cat
é 16 x 16

Cellular Features
(MLP header) (MLP header)

G 256 x 256

- Cellular Organization
Multi-Scale Transformer Encoder xK

000-00000 OLIL] - []

: .
4996 x 4096
(Transformer Encoder xN) (Transformer Encoder xM) Tissue thenatypes S SEL
= = T L
i [P i"- b
jo0-0000© OO - g i
AAAAAAAA S S S W
Linear projection ( Linear projection ) Mo
"TITEITTE ‘ g‘ ‘fl-'. ;
S—BranchT TL_B,anch 150000 x 150000
Small patch size P, Large patch size P,

H

O : CLS token I:],D : Image patch token

Three-level Transformer

Output Probabilities

sigmoid
[Dense | hlocal-out
t-level _!po ooooo -
Vi e viol ens v
[ lti Encod: [
&  F B [Bog [BE thCal-in
t YT
: iz ‘s ncodiny
Pal B2 Dol |50kl (WD
I !FUolin
Y Va Vioza | Var Vi
hglobal—out
lMulti-hended Attention Transformer Enwder]
g e e REe B
t* * t £ P
sl I 2l E

hglobal—in

hembed

Alternative for Attention
Hierarchal Training
Attention Approximation
Cache Blocking

Sequence Parallelism
Reduce Amount of Tokens

MEGABYTE
me ga byte tran sfor
S-S 4\ *
Local Local Local Local
Model Model Model Model

) B S A
Global Model y
[ | [
|
| |
Patch Patch Patch
Embed Embed Embed
[
[T 1] | |
_ ___ mega byte tran



OIII Alternative for Attention

RCCS Methods for Longer Sequence Aventon st

Sequence Parallelism
Reduce Amount of Tokens

» Attention Approximation

» 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

Performers
. . . q:;;'"""""O'(",'z'd'}""‘ ‘ ‘(‘LT{]‘)"‘g)j(i??é):::::::::::::::: E
Longformer Sparse Reformer Routing Big Bird o E [ . N |
o ' = )T LA s |
Transformer (Hash attention) Transformer i) e (1:')% aail]
B oo M PR AV @ v
. " mE Linear Transformers
[ K u o
A kz ... mn Ai(z) = V' = softmax r — 3131mQK) i
= K, .l. . (@) m ( ) » vi Z _, sim (Q;, K;)
Local attention Global attention
1 1 In-frequent Update
1 s; = dot(q, k;), s = e, attention(q, k,v) = %
; 9, 9, 9, 9, 9, G m EEEREEEE Y
g & m LazyFormer
.. :: (11 . .
h H" e Remove dropout in self-attention.
L[] | | 1] o
w B -, Wider Layers.




OIII Alternative for Attention

RCCS Methods for Longer Sequence Anenion et

Reduce Amount of Tokens

»Cache Blocking
» No approximation
» 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 FlashAttention2
Outer Loop
K dx N Forward pass Backward pass
F Attention on GPT-2
Copy Block to SRAM
Q:Nxd — _Outerloop _ yvinxd 15- J Matmul Worker 1
<2\ SRAM: 19 TB/s (20 MB) 5 o000
o z) I " - | Propout Worker 2
HBM:1.5TB/s (40 GB) = o " o €104 7
HBM s (40G8) 8 - Compute Block ile Softmax Worker 3
- on | E .
Main Memory QU RPRI L I8 Copy glF 1 Fused _: Worker 4
(CPU DRAM) (>1TB) Mask  Kernel
] Matmul Worker 5
Memory Hierarchy with Output to HEM 0 - @ @, @, @ @
Bandwidth & Memory Size sm(QKV: Nxd PyTorch FlashAttention O,. O/;f 5. O/;F O/;F
@
Inner Loop Y
FlashAttention 7 VD L? 7 6\

29



Alternative for Attention

@ || . o
RCCS Methods for Longer Sequence Anenion et

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.d] {Local:[N/P, d])

alltoall comm alltoall comm
Nvidia Sequence Parallelism RN T
l % o
__________________ \ 4N Cocatid, /P s .’. Cootmar) 'E
| I/ \] ! \ ( ” [" "1 \ [N,d] (Lot \lN!P )—-.&
RN Haemd | 11 E *- B |
_5 2 l| = ~ | | ! lo oa ‘ \ ' N, dfP]
58S L = 5|1 ! 13 c S g [N, (Local{N/p, d]) :
= W ECE N l MR e
! L REdn : | iR
| | | : : : } N: sequence length
Sequence: : Tensor : : I I | Sequence g: idden sze !
Parallel ) | Parallel )\ Parallel ) \_ Parallel ) | Parallel e rommasor (65U count Il (ocal/e )
____________ S T oo Assumes P = hc =4
a
*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 T Transformer Layer with TP+CP output, =
ockwise linear (E>)
[FeedFarwam] [Fedenrward] [Feaanrward] [ FeBaldF‘gwl’\i'lﬂl’d ] GPuo I I e B m&fl -

P : ] [ EETSTT TN ST
: GPUL A
: 1 Queryl Attention H Attention H Attention Attention ]_’ . I . I . . . . . . i

' 1
vy ] =
' ]
. : Query2 PR GPU2 I I FC1 Gelu (Aw o (Aw 2)
______ ' i v 1 ' 1 -
------- . E Bk o ' = al
24 l ‘ l I l I i I . I . I . . . . . . m 5
| ______ GPU3 £
------- Il
Micro Batch 1 | v Query4 S

MicroBatch2 | [~ We || are ||

*No significant speedup Key and Value Inner Laop

eq D
Cusing [ @ ! 777777
______ _| —_ e — — —




QIII Alternative for Attention

RCCS Methods for Longer Sequence oo pproimator

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
Layer 4 This is best restaurant | will be returning for another meal

11 tokens ~w
Layer 8 best restaurant returning another

4 tokens -

Layer 12 best restaurant

2 tokens ~w

Classification Positive Sentiment

31



res 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)

» Challenge:
PAIP 2023: Tumor cellularity prediction in pancreatic cancer and colon cancer (transfer learning)
| | | | PAIP 2023
* E. Zhang et al. Adaptive Patching for High-resolution +Tumor celluariy predicton i pancreatc cancer supervse )

and colon cancer (transfer learning)

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

l | ® /—order Curve Down“—san.:.)l i"n“g
_I EEN-------- EEENE HEENE !

e s 0% | Patches: “100x | Compute and Nemory st Suay Y R susrwes
1 3 1 1 1 1

Transformer—based Model: ViT, UNTER, VIiTUNET, Swin ---etc

33




res Tumor Cellularity Prediction in Pancreatic Cancer and Colon Cancer

(k) 8,192°@0.39% (1) Dice Score:100% (m) 71.32% (n) 75.77% (o) 79.63%

(s) 74.96%

(p) 32,768%2@0.024%

‘o i 1 ‘ :
(u) 65, 5346%2@0.006% (w) Dice Score:100% (y) 69.88% (aa) 75.31%
r | P
& |
' ! } . " 4
' , ’ 1 K
‘-* ' - ". r.
W .V pit ‘ﬂ"/ o
& [ /s H _a¥
(v) PAIP dataset images (x) Ground Truth (z) TransUNet (ab) UNETR (ad) APFFUNETR

34
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Results: Speedup

Resolution Model-Patch | Sec/Image | Sequence Length Q;l)i(;t;ee che(:qf )c ore (Sseléflerg:ge) (Time t?) péi)(rl:grgence)
512 x 512 APF-4 0.06495 1,024 7 77.88
1 GPU UNETR-4 0.4863 16,384 i 77.31 7.48x 12.71x
1,024 x 1,024 APF-8 0.14284 1,024 7 75.63 6 12,925
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 5 905 3 80
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 0% 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 70 % 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 3 391 x
2048 GPUs UNETR-512 13.218 16,384 - 75.31 ' '

35
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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 64 1.1613 9 2,116 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 n
(+UNTER) 8 256 1.8574 11 4,096 78.84
16,384 x 16, 384 6 | 128 6421 | 10 2116 | 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 32 256 21567 |10 2116 | 76.13 536% |
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 % 65,536 64 256 3.961 10 2,116 75.13 3.27% N
UNETR 512 2048 13.218 - 16,384 75.31
TransUNet - 2048 14.3516 - - 67.67
U-Net - 1024 5.961 - - 59.69

36
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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



Scans from Southampton University for Bio research

igh-resolution Bumblebee generated on ABCI supercomputer

38



Scans from Southampton University for Bio research

igh-resolution Bumblebee generated on ABCI supercomputer
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Scans from Southampton University for Bio research

igh-resolution Bumblebee generated on ABCI supercomputer
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Scans from Southampton University for Bio research

igh-resolution Bumblebee generated on ABCI supercomputer
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Scans from Southrﬁton University for Bio research
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igh-resolution Bumblebee generated on ABCI supercomputer
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Scans fkom S(jthampton University for Bio research

e 2 A

Igh-resolution Bublebee generated on ABCI supercomputer
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Sc:ans from Southampton University for Bio research

igh-resolution Bumblebee gn‘erated on ABCI supercomputer
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Scans from Southampton Un|ver5|ty for Bio researchi@
N

igh-resolution Bumblebee generated on ABCI Supercomputer
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A
Scans from Southampton Un|ver5|ty for Bio research
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hlgh resolutlon Bumblebee g generated on ABCI supercomputer
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Scans from Southampton Umversrty for Bio research

Nigh-resolution Bumblebee generated on ABCI Supercomputer




nigh-resolution Bumblebee generated on‘ABCI supercomputer




-y N A & aE
, Scans from Southampton University for Bio researchi S8
- o 5 y Ny ",’ g J
| ' /“ i :' ' , [“ A

Nigh - resolutlon Bumblebee generated on ABCI Supercomputer

e



2 - - -
" . .
. 5 :
. DN -
B - g x .
3 j ———

nigh-resolution Bumblebee gerﬁgérated on ABCI supercomkputer




wllS VIiT Challenges

9 Shifting bottleneck (elements outside the Transformer encoder)
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= SOoTA Models Overwhelmed by High-resolution

»In Segmentation

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

»| CNN mask decoder|(too much memory required)

image mask decoder

RIS [ s 144 almet Sl
; = B ! v & > =iy "
— =4
e e e J e >
: - . _,;\\\\\ v - ="
\ | 3
¥ i

memor memor
memory D T y

encoder attention 4 4 4 \: \ \,\Lg encoder bank
prompt encoder s A5
tot 1
mask points box
* https://arxiv.org/pdf/2408.007/14 Meta’s SAM 2 Model*
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https://arxiv.org/pdf/2408.00714
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RCCS

Symmetrical Hierarchical Forest with Pretrained VIT

Encoder for High-Resolution Medical Segmentation

Remove Decoder

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

* E. Zhang et al. Under review
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=t Symmetrical Hierarchical Forest with Pretrained ViT

Encoder for High-Resolution Medical Segmentation

Resolution Model Patch | GPUs | Sec/Image/GPU | Depth | Sequence Length | Dice Score | Dice Improvement
SAP+SAM 8 1 00438 | 6 512 | 7531
SAM 16 1 0.1983 | - 1024 | 6139
AP+UNTER | 8 T 00581 | 6 576 | 75.17
512512 UNETR 16 i 01aTT | - 024 | 7488 +0.14
TransUNet - 1 0.1783 - - 73.32
UNet : 1 00438 | - T 7032
SAP+SAM 2 1 00991 | 9 1,024 | 7867
SAM 8 8 03826 | - 16,384 | 66.56
AP+UNTER | 2 8 02314 | 9 1024 | 7842
1,024 x 1,024 | rEmgR 8 2 10863 | - 16384 | 75.72 +0.25
TransUNet - 8 1.3247 - - 72.38
UNet : 1 00981 | - T 6892
SAP+SAM 8 03766 | 11 4096 | 7867
SAM 5] 64 16183 | - 16384 | 71.05
AP+UNTER | 2 28 06938 | 11 4096 | 79.63
4,096 x 4,096 | —NETR 3 128 18613 | - 6384 | 75.77 +0.14
TransUNet : 128 21637 | - T3
UNet N 16 03712 | - ST 6all
SAP+SAM 2 16 15327 | 12 8192 | 79.68
SAM 64 128 25168 | - 16,384 | 6731
AP+UNTER | 2 256 23314 | 12 10,600 | 79.56
8,192 8,192 I—5RETR 64 | 256 26618 | - 16384 | 7527 +0.12
TransUNet - 256 2.3678 - - 70.89
UNet 5 2 12858 | - T 6321
SAP+SAM 2 2 32741 | 13 16384 | 80.98
SAM 8 | 256 56714 | - 16384 | 67.63
AP+UNTER | 2 512 78792 | 13 16,384 | 80.62
16,384 x 16, 384 | gETR 28 | 512 51179 | - 16,384 | 75.89 +0.36
TransUNet - 512 6.1296 - - 70.46
UNet 5 256 27825 | - T 6297
SAP+SAM 1 64 34631 | 13 16384 | 8143
SAM 256 | 512 91213 | - 16,384 | 6234
B L 1 L = (N 1 1 [
TransUNet - 004 T0.001 - - 6983 (f) Sequence Length=260 (g) Sequence Length=1030 (h) Sequence Length=4096
UNet 5 512 2714 | - T 6138
SAP+SAM 8 256 36112 | 13 16,384 | 82.96
SAM 1024 | 1024 2983 | - 16384 | 61.68
AP+UNTER | 8 2048 12607 | 13 16384 | 77.77
65,536 x 65,536 | NETR 1024 | 2048 3218 | - 16384 | 7531 +5.19
TransUNet - 2048 14.352 - - 67.67
UNet 5 1024 5.061 5 T 5960
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Gl Can ViT Learn Where to Look?

» HUMANS tell the model where to look

» Can the model learn where to look?
» Dby being fed the spatial hierarchy

Decoder

____________
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Clll
R-CCS

»CSl-Inpainter: CSI-guided obstacle remova

Phase 1: Data collection & Pre-processing [ e —"————

g lo 1 Is-2 Is-1 Is Isiy Itq It
',""! [ & » - £ -~ T}
' uﬂ‘a...e ) mg a c ﬂ
am———
Synchronizing Data Points —— | g d
T f— W —
{

" . Time-based splitting for making _ .
Establish Reference Time BTy ¥osh SUticarttos training & validation image sets Image down-sampling

Linear interpolation
(resampling at 100 Hz)

Specifying Experiment Time

Il 20% Images for validation ( hxw for each)

Low-pass filtering

Time-based splitting for making
training & validation CSI sets

— Subcarmer 1
Subcarrier 2
— Subcamier 3
— Subcamier 4
— Subcamier 5
— Subcarrier 6
Subcamer 7
— Subcarrier 8
Subcarrier 9
Subcarrier 10
— Subcarrier 11
Subcarrier 12
~—— Subcamier 13
— Subcarmer 14
— Subcarier 15
— Subcarrier 16
Subcarrier 17
— Subcarrier 18
Subcarrier 19
Subcarmier 20

CSl Sensor

I((.tn)z'

WiFi Tx node

Amplitude

Observed Objects

CSl Sensor

* Chen et al, Trans-Inpainter: A Transformer Model for High Accuracy Image Inpainting from Channel State Information, IEEE |0T'25

Visual Scene Recovery from Wi-Fi CSI = siiceroxvo

o
R-CCS

Phase 2: Model Training

Labels for Supervised Leaning

Ground Truth
Image Sequence

CSl Sequence

Phase 3: Prediction

=

Yz Lazialny
Sluda) of Gkl e

Bl image Encoder.

Augmented
Image Sequencg’

Multimodal Fusion

:.-’.. [ #n
S o 2
# Iu
lujdujy- - .:‘: ﬂ ‘

Reconstructed
Image Sequence

Blocked Camera | Image quuenoe

Image Sequence ;| Irl

£

Reconstructed

| $ Image Sequence
@ m Ww oA

CSl Sequence

CSl Sensor CSl Sequence
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Masked Ground Truth

Visual Scene Recovery from Wi-Fi CSI

RF-Based Multimodal Obstacle Removal Image-only Obstacle Removal

Scenario 4

a
Pedestrian

Group 1

Scenario 5

a

Pedestrian
Group2

a
Scenario 6

Yo

CSl-Inpainter (CSI)  RF-Inpainter (RSSI) : Swin-TF HAN PConv Gmundh

Input

Inout

Resut ]
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wllS VIiT Challenges

1
2
€ Tokenization (managing temporal dimension)
4
5

58
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e How to Tokenize Spatio-temporal Data

» Different tokenization schemes aligned with adaptive pathcing

3

Local Frame Selection Global Frame Selection

1

| Illilllll
EEEEEEEE =N

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



Ol

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?

\“‘ ...... “.} E—
3D patches 0

6l



Ol

RECS Application in Video Action Recognition
» We use the Video Vision Transformer (ViViT) model for this ey —
task, containing attention in the spatial and temporal dimensions (ﬁu .Ou
» AP able to achieve comparable metrics with up to 4x memory |
reduction while maintaining the same number of patches
1.00 Validation Accuracy Curve 3.0 Validation Loss Curve
— Original Video —— OQOriginal Video
0.95 —— AP Canny Filter —— AP Canny Filter
—— AP Frame Difference 2531 —— AP Frame Difference
0.90 1
2.0
0.85 1 I
>
g 0.80 %’ 15
g
0.75
1.0 1
0.70 -
0.65 - 0-5
0.60 . . . . . . . . . . . 0.0 . . . . . : . . . . .
0 10 20 30 40 50 60 70 80 20 100 0 10 20 30 40 50 60 70 80 90 100

Epoch Epoch



@ ||

RCCS Application in Video Action Recognition o -
» We use the UNEt TRansformers (UNETR) model for this task, oo
combining a transformer encoder with a convolutional decoder o @T @I\ @T o @ﬁ @f o0e .J o

Linear Projec ned Patches

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

iu

Ui -mmmn-

3D Patches

HxWxDxC

SEE Validation IOU Curve 3.0 Validation Loss Curve
—— Original Video —— Original Video
—— AP Canny Filter —— AP Canny Filter
0.041{ —— AP Frame Difference 2.3 1 —— AP Frame Difference
0.03 - 2.0 1
o | )]
3 3
0.02 - 1.5
0.01 - 1.0 1
0 10 20 30 40 50 60 70 80 90 100110120130140150 0 10 20 30 40 50 60 70 80 90 100110120130 140150
Epoch Epoch
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wllS VIiT Challenges

©

@ Different parallelism in training (vs. text Transformer)

5

o/



ORBI

*m-':?pc [ ————
b LU_pSimﬂle_l\ Variable Transformer Training Block
Humidity Tokenization .
Repeat L times Bt
STEAS  r———— =
= e —>| Upsample |_>~ Feature | ‘
— N - Feed- Self- Unpatchify
Wind speed Embed : W et
Forward Attention Wind speed
— - — ——
s — Upsample | | Agoregate
Iemperature -0 seres

~ Temperature

- Operating directly on compressed inputs
- Condition prediction for reduced uncertainty

Low-Res Input Tokenization Aggregation Adaptive Transformer Training Super Resolution High-Res Output
Compression Block Decoder
s Feature |
Embed
Precipitation Eeed— g
=T | = [ree || o | oo orwar Y e |
AR Main Embed Embed Features eatures
umay  path Aront
- ention
W Feature Convolution
e ) Embed t
Wind speed resolution
: embedding
W N Feature Temperature
Temperature | Convolutlonual Connection
> Convolution > Pixel
Residual Path Up-Sampling Shuffling

* Wang et al. To appear SC'25 (Gordon Bell Finalist)
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500
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-2: Scaling Exascale Vision Foundation
Models for Weather and Climate Downscaling

97%

2000 8000
Number of GPUs

:&OAK RIDGE

. National Laboratory

(b) With adaptive compression
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—-8-1 billion
—&— 10 billion

92%

98%

95%

93%

32000

(b) Strong Scaling Efficiencies Across Models and GPUs

28km ERA5 2020-07-01

7km IMERG 2020-07-01

7km ORBIT-2 2020-07-01
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%OAK RIDGE

1 Labor

s Distributed Cross-Channel Hierarchical
Aggregation for Foundation Models

W=l s -
e w™ RE—— E
Craomas- 1 - Che i0 > H] -

° ° ° ° [ iy =
Distributed Tokenization g e Frs : g
For high number of channels: distribute i : m = %
tokenization and implement a hierarchical . ) T i = 3
strategy for channel aggregation. 1 Erbeed | Ch ID

[Ty
Wirames " cwe | Pesias |

For & TH Model Measured FLOPS/S&C

-
by Scaling tre Batch-Sipe

-
=

—a— faeines ’
. - #gtead O +'rih'-

s i

mf'|.npmn|:|
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X " .f‘Jr
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* Tsaris et al. To appear SC'25 B i o €GP
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R-CCS

©
4

©® Multi-modality

VIT Challenges
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@ (| Information
R-CCS Retrieval APIs

Multi-agent Approach for Lt

Information

MUItl -N |Oda||ty Retrieval APls
(or Code)
. &2% L
CallNIM V Insert “object1 Information
new object (objectl) 4 embeddings”

Retrieval APIs
(or Code)

Get “pbjectl”

Infinia Event |: .
Trigger

Information
New Object Retrieval APlIs
(or Code)
| | Information
) Retrieval APls
e, 'Tﬂ %J:% g, (or Code)
Genome/Transcriptome

k|

Information

Retrieval APIs
(or Code)

Other Phenotvpes



Clll
R-CCS

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



Clll
R-CCS

570

High performance
Imaging + Al +
analytics

- Replace traditional engineering
- Full fusion of imaging and Al

https://tinyurl.com/yvddayb3

Paradigm Shift in Infrastructure Inspection Technology

=

o

=

O o—

2| =

2|l S

— =

o g

< <

=N .=

o =)

= an

o

o B
S Geotechnical
= Inspection

High-rise Vehlcle

Mechanical Engneering

Unmanned
Aerial Vehicle

Camera/Laser Imaging

Infrared Stress
Measurement

JV Infrastructure Inspection Paradigm Shift

SPring.

Image Acquisition

High-resolution XCT Imaging + 3D image Al Analytlcs

> W AN
Fugaku

Experimental E Computational
Facﬂlty = Facility

e Reconstrution

and Segmentation

FRNTIER

Computational
Facility

Al Model Training

QuadTree Embs

Transformer-based Foundation Model



https://tinyurl.com/yvddayb3

Il 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%)
130,000 km 0f<— ca. 20,000km l 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 httos.//www.mlit.qgo.jp/roadsroad_e/pdl/RoadMaintenance.pdf 74



https://www.mlit.go.jp/road/road_e/pdf/RoadMaintenance.pdf

I Highway Network West Japan (Osaka, Kyoto, Kobe)

............. REAS

J— ' HEEBEE

15RIREE TUYAE(HAE 1,
196468288, T4~ =BIRINEE 7

31
P = L
i
7
/
[/ A
PE=SE L) p. (s W 40%RLE
(6S AR : 4RI g i i’ R 30-394F
i Y, B 20294
® (2021.35KE5 %) =i
' H 9FUT
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——
|
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* Source: Sakai @Hanshin Highway
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Ol How to Inspect Roads for Maintenance?

Broken parts

* Mechanical inspection

* Time: 10s of years ‘

« Cost: $ Billions

= . ‘ - 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

FIRIHAS

/76
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“/u (321 ka5 L
M2 (ea)s La 1 a4n

x .z;..{ 74 e

Mechanical Inspection

Tooy LA ia

“Actual-scale test track” by Taisei-Rotech
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Ol

RCCS Vehicles Extracting 100s Samples per Day

« Core samples extraction machines mounted on vehicles

/8
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RCCS

Collecting Samples

 Extract cylindrical samples from core of asphalt layers

* Example: if one sample every 10KM, then 130,000/ 10 = 13,000 samples

/9
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RCCS

Z-axis

Scan Samples with X-ray .. |

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

2D detector

X-ray source

Sample stage

The synchrotron radiation facility RIKEN SPring-8

80



Rt Move Data to RIKEN-CCS Fugaku

* Move projections data to R-CCS (Fugaku)

10.000s of Fastest way to transfer data is to ship HDD!
)

Samples’ Fugaku

81923

2TB Use advanced compression and data management approaches
* ~2 000x amount of data used to train ChatGP]. Petabytes 81
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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. (in)

CT No. (out)




Rets Paradigm Shift in Infrastructure Inspection Technology

® Scan Specimens ~¢=> @ § C —Reconstruction Fuse Al Segmentation AN @ Analyze

Fugaku

—> rotate ] IR<” o ] Example:
—> 180° “_ T A >= c 3D Stone Distribution
_ § A v c . . " ; "
= ASA | o ‘ : 2
—
Normal XCT Scan O 3
= 5
otal Length: —> tat
T 3 [y % £
: 40 years and over (@] 8
: 30-39 years O (D
B : 20-29 years Offset XCT Scan Q
B 10-19 years "' —
M : 9 years and under - Transfer Load 1 <
— . : S | . | 1
Deliver : = Projections ¢ 5 § No |LO —
“| Specimens§ -~ (100Gbps) s e A0 o e Soees |
Detailed in‘ l Detailed in‘—‘r
. . . — =
§ A —H3 Image Reconstruction  3.pimensional § B & C — Al Segmentation Inference (online) —, 2or /N
orage | Fugaku

Parallel Still distributed and in-place memory O — vt -0

MPI_Alitoally @

MPI_Alltoallv .
= —> VIT —>

Transfer @ — V!T g @ Inverse ®
after SAP m —_> V|T - m Transfer m Inverse 7
Transfer FR¢NTIER

§ B — Train Foundation Model (offline)— Trained Weights

| Real data distribution }—

Transfer | X-ray source setting }—

Reconstructed o

| Attenuation coefficients }— 2T A
Simulating Simulated Data Simulated Label

\Vflumes MAE Masked
Step 1: Label-Free Self-Supervised Pre-Training ——> Step 2: Fine-Tuning with Simulated Data and Labels

Storage.

———

0O 32 @132 @132 QD32 0O 0 ©
213 2086 20 ®1 3 i
(4] (5] (6] (7] »0 © 0 0 Learning s S

XCT Image

0321 @321 @321 P21 © 0 © o Representations
MPI_Reduce_scatter_block > SAP-VIiT @uad’[ree

Group and Cyclic Mapping

Learning
Task-Specific
Representations

o
<

x12

QuadTree Embs
Multi-Head Atten
mMLP |
QuadTree Embs
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RLLS H3: High-throughput, High-perf., High-resolution CT

H3

End-to-end pipeline to reconstruct | TS
10s of 16K resolution 3D images Iin I e
one go (full-system scale)

p.
— ! | o “-_;,_\/’—x/_\,_.
I Worklead e 7 - ~

> rosse 360 dogrees  © ’
() Offset XCT Scan (osing ™he same Xoray sonrce 16 Setect larger objects)

I | S
Legd MPI Boast (P 0 S I_E- = " WP _Radi_seamer (F 0 Ll i
|qg 080 oo d:%ﬂé 2 | j_ﬂg ||
4 Lz 1 : l;lﬂ; o —aF
-iggee Ly == 5800
1 0 000 a:j:.—n,:i:iu%ﬁaﬁ ) EEE
g 0 oDd = A R
3 EE gg: - th;-'ﬂ ¢ I Dimemiml |
1 S - i!glg ¢ Pualld
I _a-'ﬂ D06 _x_EF : Ll W |-:|-:||.--:I s . :
: "9 000 [G'f == U= “| f[ ;
Oyl Mipping 1o MP| Raks | B ik | | MF] Girp-dice (7,1 | [ MF Grasp-prajection P, | E L Sl |

Fig. 5: Proposed H maging algomithm in A0VAL: Group row pariions and cvelic mapping 1o MP ranks. 84



RLES End-to-end Image Reconstruction

Floor slab (concrete) Pavement (asphalt)

P
<

\4
A
v

~ 70 mm

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

High-resolution 4,192 Asphalt Core generated on Fugaku in 12 seconds (12,288 nodes: ~7% Fugaku)

85

* Courtesy of Kentaro Uesugl (RIKEN Spring-8)



III . . .
RS raining a Foundation Model

Step 2: Fine-Tuning with Simulated Data and Labels

Reconstructed Volumes
(Section 4)

Step 1: Label-Free Self-Supervised Pre-Training

Real data distribution

Paired Simulated CT Slice

Microstructure Label Map

| X-ray source setting

Attenuation coefficients

Simulated Data Simulated Label

Simulating
|
= Nl
4 : ré o 5 r =l .'
N L»g - _, SAP
ViT Model with SAP @dme 33 = - With QuadTree

Several Challenges

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

&

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

‘ iy :
b T 2L A T i
Real Sample Slice.

86

Zero-shot Prediction
(b) Segmentation on real sample with zero—shot inference. The pixeldevel microstruc-

SAM 2 [8]. UNet [9].
Dice Score: 85.98% Dice Score: 58.38%
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R-CCS

- Results -

Performance <«
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Original Volume Slice

Stone Mask

Separating Large Stones

Connected Component Analysi

Stacking

— Analytics

Slices

A 4

log(Area)

10°

e
(=]
™

1051

Total

[l

Top 20 (10° pixels)
Pixels in Component
s Distribution

3D Stone Distribution

Road Inspection Analysis Items

T

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

SN

SO NN

Datset M odel 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
(8,192 58,192 (50 -120)) | SAM 2[8] 1287 5,120 1,000 | 8598
Our M odel 22 5,120 1,000 94.79
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RLLS - Al Can Provide Real Value to Science

(High Performance Computing and Data management is a challenge)

microscopic pathology, Infrastructure Inspection, weather prediction

Traditional Patching Proposed Adaptive Patching

Temporally dependent

le

Je Original Image Canny Edge
512x512 Image

Spatially
PAIP 2023 ’ S  dependent

+ Tumor cellularity prediction in pancreatic cancer (supervised learing)
Z-order Curve Down—sampling and colon cancer (rrster earing

4,096 patches <+----MLS 1 Patches:

180" <1507 <120 90" 607 30T 0 0 60 % 120 150 180
~100x | Compute and Memory/ts

424 patches

1 3 3
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