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Hardware and software solutions by RSC: “Govorun”

supercomputer refresh 2024-2025.
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15+ years of innovations for HPC,
Data Centers and Al compute
infrastructure

Development of innovative energy-efficient compute, storage, and
software solutions delivering unique features and addressing specific end-

user needs



About RSC Group

Leading innovative HPC solution provider in Russia/CIS and EMEA

«Best IT-solution

for Data Center» nomination
at Russian DC Awards 2020

‘ Vendors System Share

® RSC Group #9 —\

The only Russian company ranked
in Top10 HPC Vendors System Share
by Top500 (Nov 2014)*

* Top10 suppliers by market volume
https://www.top500.0rg/statistics/list/
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@ HPE

® BM
Cray/HPE

@ Atos

@ IBM/Lenovo

@ Dell EMC

@ Fujitsu

@ NUDT

@ RSC Group —

@ Atipa

@ Others




Strong Market Position
Leading innovative HPC solution provider in Russia/CIS and EMEA

Joint Institute for Nuclear
Research

The most
energy efficient
system in Russia

HPCG

Over 70%

of all Russian
systems in HPCG
rating

IOSOO

4 of RSC systems —
the only Russian
systems in 10500
rating
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HPC. Points Of Excellence
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State-of-the-Art & Turn-Key Solutions:

* Energy-Efficient Supercomputers TR
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* High Performance Computing
 Data Centers

 Edge Computing

* Al Compute Infrastructure
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* Intellectual Data Storage Systems

* Integrated Data Center Management Software
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CPU/GPU power consumption is growing fast LRGN
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Liquid cooling in Top20@Top500 rating 15 PCK s

JI€T uHHOBALMM ANA NMAEPCTBA

BO/bWMHCTBO CaMbIX MOLWWHbIX cUCTeM U3 cnncka Top500 MCNONb3YIOT XXNAKOCTHOE OXJ1aXKAeHune

Top500 Rank System Cooling technology Top500 Rank  System Cooling technology

1 El Capitan Direct cold water cooling 11 Isambard-Al phase 2 Direct cold water cooling

2 Fugaku Direct cold water cooling 12 Tuolumne Direct cold water cooling

3 Aurora Direct cold water cooling 13 ISEG2 Direct cold water cooling(?)
4 JUPITER Booster Direct warm water cooling 14 MareNostrum 5 ACC Direct warm water cooling
5 Eagle 15 ACBI 3.0 Direct warm water cooling
6 HPC6 Direct cold water cooling 16 Eos NVIDIA DGX SuperPOD Direct cold water cooling

7 Fugaku Direct cold water cooling 17 Discovery 6 Direct cold water cooling

8 Alps Direct cold water cooling 18 SCC-24 Direct warm water cooling
9 LUMI Direct cold water cooling 19 Venado Direct cold water cooling
10 Leonardo Direct warm water cooling 20 Sierra Direct cold water cooling
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Bo3mo>KHO ninm oxnagntb Bosdagyxom ctomky 100 kBr? 15 PCK e

JI€T uHHOBALMM ANA NMAEPCTBA

Mpn yBeANUYEHNUM NAOTHOCTN HabuBkM NT-CTONKM yBEANUMBAETCA BHYTPEHHEE COMPOTMBAEHNE NOTOKY BO3AYXa.
DNeKTpnyeckas MOLLHOCTb BEHTUASTOPA NPONOPLMOHANbHO Kyby ero npon3BoANTENbHOCTH.

ey, TEMREPATY, o (MOEATRA goan,  mymdCeEA, g OISR "Uwrwouwoc,
15 15 25 /40 2994 50 0,10 15 0,7
30 15 25 /40 5988 200 0,83 29 2,8
60 15 25/ 40 11 976 800 6,65 53 11,1
100 15 25 /40 19 960 2222 30,80 69 30,8
100 12 40/ 52 24 950 3472 60,16 40 60,2

* BbINOJIHEH OLLEHOUHbIN pacyeT




MHTerpMpOBaHHbIﬁ noaxoa:. aAanTMBHOCTb Ha Pa3HbIX YPOBHAX

YpoBeHb CpepctBa agantauum

Mogaenv nporpaMmmnpoBaHuaA, CpeacTBa
pa3paboTku

MpuknagHoe MO




KnroueBble npoeKTbl

Hayka

Poccuinickaa akagemua Hayk (MCL, PAH)

¢M3MKO-TEXHM'~IECKMﬁ UHCTUTYT MMEHMU
Nodde PAH

UHcTuTyT matematukm umeHmn Cobonesa
CO PAH

CubUpPCKUiA cynepKkomnblOTEPHbIN LLeHTP
(UBMuMT CO PAH)

MUHCTUTYT OKeaHoNnormum numenum Lnpuwosa

UHcTutyT Pnsnkum atmocdepbl um. A. M.
O6yxosa PAH

'mapometueHTp Poccuu

O6pasoBaHue

CaHKTt-MNeTepbyprckumn
noanTexHu4Yecknin yHusepcurer lMetpa
Benukoro (Creny)

MOCKOBCKUM rocyaapCcTBEHHbIN
yHuBepcurteT umeHun JIoMmoHOCOBa
(Mry)

Huxkeropoackuim rocyaapCcTBeHHbIN
yHusepcutet (HHIY)

KOXKHO-YpanbCKnit rocyaapcTBEHHbIN
yHusepcutert (KOYprlY)

MocKoBCKUMU PU3UKO-TEXHUUECKUMN
MHCTUTYT (MPTH)

A/
PCK s

OTpacin 3KOHOMUKMU
e VK Social Media Corp.

ABunacrtpoeHue

ABTOMObGUANECTpOEHUEe
e JHepreTuka
e KomnblotepHasa rpaduka

* Hedre- n rasopobbiua

u apyrme
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PeweHue «PCK 3x3actpum UN»
ANA Pa3sBUTUA BbIUUCINTE/IbHOW

MHPppacTpykTtypbl U

12



5th phase Govorun modernization

2024-2023 [
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2 HOBbIX y3na
«PCK 9k3actpum UN»
(8 kapT Nvidia H100 B kKaxxgaom)

2 HOBbIX y3Jia XpaHeHus
RSC Tornado AFS (2x1 INB)

NMpupocTt nponsBoanUTENIbHOCTU
416 Tdnonc (37%)

CymmapHas
NPOuU3BOAUTENIbHOCTb CUCTEMDI
2,2 NdPnonc




Compute node “RSC Exastream Al” PCIC<sessse

KoHdurypauusa cepsepoB «PCK Ik3actpum UN»,
ycTaHoB/IeHHbIX B OUAMU:

® BbiCOTa y31a 2U,

e nBa npoueccopa Intel Xeon Platinum 8468 (4-ro
nokonenusa, 48 aaep, TaktoBana yactota 2,1-3,8 [Tu, o6bem
Kaw-namatn 105 MB),

e 8 rpadpuuecknx yckopurteneu NVidia H100 (PCle, 80 '),

e 1 Tb onepaTtMBHOM NaMATH,

e 16 Tb eMKOCTU XpaHEHMA AaHHbIX Ha 6a3e SSD-AncKoB ¢
nutepdemncom NVMe,

e 4 6n0Ka nutaHnAa npounssoactea PCK,

® cucTema NPAMOro XXUAKOCTHOTO OX1aXKAEeHUA
pa3paboTku PCK.




AN

Inside «RSC Exastream Al» 15 PCKrse

8x H100

4x IB Adapters

4x PSU

Moaynb ynpaBneHus 8x SSD NVMe E1.S

CepBep «PCK Jk3actpum UN» 2U: 208/408 TFLOPS (FP64/TF64) po 2 Tb O3Y, po 128 Tb SSD
21 cepBep B wkady «PCK Ik3actpum» 42U: 4,368/8,568 PFLOPS (FP64/TF64), 115 kBTt Ha wkad
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BoiuncnurenoHbiu yzen «PCK 3k3actpum UN» PCIK s

e [padunueckue KapTtbl C NPAMbIM }KULAKOCTHbIM oxnaxaeHunem (po 8 NMY) nonapHo o6beguHEHbI MOCTaMM Ha
6a3e TexHONOrMM BbICOKOCKOPOCTHbIX coeauHeHun NVLink ana obecneueHunsa 6bicTpoit nepesaum AaHHbIX meXKay

rpaduyeckumu npoueccopamu.

e Umeer JIOKAJIbHYIO noAcUctemMmy XpaHeHUa «tensibixXx gaHHbIX», ceTeBylo noagcucremy € 4oCtynom Ha OCHoOBe

TexHonornu GPUDirect.

e Peann3oBaHa BO3MOXHOCTb PacLLMPEHUA PEeCYpPCoB NyTemM NOAK/IIOUYEHUA A0NOAHUTENbHDbIX nap GPU uaun
CUCTEMbI BHELUHEro XpaHeHUA AaHHbIX HA 6a3e nyna TBepaoTenbHbix aguckos (JBOF), nogknouyaemoit Hanpamyio

K cepBepy.




Y3en «PCK 9k3actpum NAN» 15 PCK

NMapameTp 3HaueHune

MNoapeprxka LMY Intel Xeon Scalable 4-ro wam 5-ro nokonenusa

OnepaTtuBHasA NnamMATb DDRS, 32 cnota, po 2 Tb

MocTrosHHaA namATb Ao 8-mu SSD pynepos B popm-pakrtope EDSFF 1.S, cymmapHo 128 Tb

Cetb 10 'b Ethernet

Bbnok nutaHus Pa3zpa6otka PCK, npamoe >XnakocTHoe oxsia)kaeHue




RSC Tornado AFS storage with record density

E1.L Intel® Data Center SSDs
B dopm-daKkTope EDSFF

intel.

XeON

PLATINUM

intel

OPTANE

PERSISTENT
‘ MEMORY

CBepxBblcOKaa emKocTb —1 b

B ogHoMm cepBepe (1U)

HapexHoe obbeanHeHue 2-x cepBepos
B CX/[] emkocTtbio 2 MB (2U)

Nepsoe peweHne Ha 100% *KMAKOCTHOM
OXJTAaXKOEHMU C BbiCOYaMLLEN NAOTHOCTbIO
Ha 6a3e 32x Intel EDSFF SSD, aByx
npoueccopos Intel Xeon Scalable u
namaTu Intel Optane DC Persistent

Memory

* 0.0
PCK s
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100% oxna)kaeHue «ropayden
BOAOM» NO3BONAET AOCTUYD
peKkopaHoi 3HeprodapPeKTUBHOCTH
(PUE < 1,04)
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Composable Disaggregated Infrastructure PCK-:353%

Rack Scale Architecture

>

% Network
3O comoue
IO D compue

Storage

Storage

® ® ® O

O

Hyperconvergence

Modern storage and
network building blocks

Software orchestration

Storage on-demand

Software virtualization

Composable Disaggregated Infrastructure (CDI)

Composable
EEE architecture




RSC BaslS: GPU Direct and SSD management

OntumanbHoe cooTHoweHne GPU n SSD nop 3agauy

GPU Direct — 6bIcTpbIl A0CTYN K AQHHbIM ANA
npuaoxeHun Ha GPU

NVM-over-Fabric — ynpaBneHune ycTpoMCcTBaMmn XpaHeHUA
MaTteHT PO «MeToa nocTpoeHUus
BbICOKONPOU3BOAUTE/IbHbIX OTKAa30YCTOMUUBDbIX CUCTEM
XpaHeHMA JaHHbIX HA OCHOBE pacnpepeneHHbIX

dainoBbix cucrtem n texHonornn NVMe over Fabrics»

Peectp poccuickoro MO (PCK BasUC, PCK Basuc CXA)

PCK

SSD

SSD

SSD

SSD

+%e%%
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Cam AnbtmaH, OpenAl

The rate of new wonders being achieved
will be immense. It's hard to even imagine
today what we will have discovered by
2035; maybe we will go from solving high-
energy physics one year to beginning
space colonization the next year;

https://blog.samaltman.com/the-gentle-singularity
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By TechCrunch - TechCrunch
Disrupt San Francisco 2019 - Day 2,
CC BY 2.0,
https://commons.wikimedia.org/w/in
dex.php?curid=92008259




MProt-DPO: Breaking the ExaFLOPS Barrier for
Multimodal Protein Design Workflows with Direct

Preference Optimization

Gautham Dharuman'f, Kyle Hippe''*f, Alexander Brace!*, Sam Foreman'f, Viiné Hatanpii!,
Varuni K. Sastryl, Huihuo Zhengl, Logan Ward!, Servesh Muralidharan®, Archit Vasan! Rharat Kalal

Carla M. Mann'+2, Heng Ma', Yun-Hsuan Cheng3,

Yuliana Zamora®, Shengchao Liu®, (

Murali Emani’, Tom Gibbs?, Mahidhar Tatineni’, Deepak Canchi®, Jerome Mitchell®, K
Maria Garzaran®, Michael E. Papkal'g, Ian Foster!:2, Rick Stevens!:2,

Anima Anandkumar'®*, Venkatram Vishwanath'?*, Arvind Ramanathan!*

! Argonne National Laboratory, 2University of Chicago, *NVIDIA Inc., *Swiss National Superc

SUniversity of California, Berkeley, *University of Wisconsin-Madison, Madison, "San Diego Supe

#Intel Corporation, gUniversily of Illinois Chicago, 10California Institute of Techno

TJoint first authors, *Contact authors: venkat@anl.gov, anima@caltech.edu, ramanathana

Abstract—We present a scalable, end-to-end workflow for
protein design. By ting protein seq es with natural
language descriptions of their biochemical properties, we train
generative models that can be preferentially aligned with protein

fitness landscapes. Through complex experi tal- and
based observations, we integrate these measures as preferred
parameters for generating new protein variants and demonstrate

Learning-at-Criticality in Large Language Models for Quantum Field Theory and

sustained performance of 4.11 ExaFIl
peak performance of 5.57 ExaFLOPS.
a breakthrough for protein design worl
imental and simulation observables aci
(such as natural language and protein
an interface for end users to develop p

Beyond

GenSLMs: Genome-scale language models reveal SARS-CoV-2
evolutionary dynamics

Maxim Zvyagin'f, Alexander Brace"?', Kyle Hippe!’, Yuntian Deng>*', Bin Zhang®, Cindy Orozco
Bohorquez®, Austin Clyde!?, Bharat Kale®, Danilo Perez-Riveral’, Heng Ma', Carla M. Mann'?,
Michael Irvin!, J. Gregory Pauloski?, Logan Ward', Valerie Hayot-Sasson'?, Murali Emani’, Sam

Foreman!, Zhen Xie!, Diangen Lin?, Maulik Shukla2, Weili Nie?, Josh Romero®, Christian

Dallago®®, Arash Vahdat®, Chaowei Xiao®?, Thomas Gibbs?, Ian Foster’?, James J. Davis"?, Michael

o Brettin!, Rick Stevens’?, Anima Anandkumar>!!*, Venkatram Vishwanath!*,

Arvind Ramanathan!*
atory, “University of Chicago, NVIDIA Inc., “Harvard University, >Cerebras Inc., °Northern
York University, 8 Arizona State University, Technical University of Munich, °University of
Ilinois Chicago, ! California Institute of Technology

Xiansheng Cai,!**| Sihan Hu,>? * Tao Wang,*% 1 Yuan * . .
Huang f Pan Zhang™¥ Youjin Deng2*'Y and Kun Chenl/™ irs, *Contact authors: venkat@anl.gov, anima@caltech.edu, ramanathana@anl.gov

! Institute of Theoretical Physics, Chinese Academy of Sciences, Beijing 100190, China
2Department of Modern Physics, University of Science and Technology of China, Hefei, Anhui 230026, China
3 Hefei National Laboratory, University of Science and Technology of China, Hefei 230088, China
1 Department of Physics, University of Massachusetts, Amherst, MA 01003, USA
5 Institute of Physics, Chinese Academy of Sciences, Beijing 100190, China

SPP Technology, Beijing 100080, China

"Sehool of Fundamental Physics and Mathematical Sciences,
Hangzhou Institute for Advanced Study, UCAS, Hangzhou 310024, China

(Dated: June 11, 2025)

Fundamental physics often confronts complex symbolic problems with few guiding exemplars or

Jun 2025

established principles. While artificial intelligence (AI) offers promise, its typical need for vast
datasets to learn from hinders its use in these information-scarce frontiers. We introduce learning at
criticality (LaC), a reinforcement learning (RL) scheme that tunes Large Language Models (LLMs)
to a sharp learning transition, addressing this information scarcity. At this transition, LLMs achieve
peak generalization from minimal data, exemplified by 7-digit base-7 addition—a test of nontrivial
arithmetic reasoning. To elucidate this peak, we analyze a minimal concept-network model (CoNet)
designed to capture the essence of how LLMs might link tokens. Trained on a single exemplar,
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