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N6.4.1 Ewlcaywyn

To mopov mapadoTtéo KataypAadeL TA AVOPTNUEVA TIOOTEP KAl TG TIPOOKEKANMEVEG OULALEG TTOU
npaypatonolndnkav oto mAaicto tou €pyou HAR.S.H. katd tnv mepiodo ulomoinong tou. OL
6paoelg auTtég ocuveBadav otn SLAXUON TWV EPEUVNTIKWY ONMOTEAECUATWY TOU £pYyOU TIPOC TN
S1ebvr) emoTNUOVIKY Kowotnta, TV akadnuaik Kowotnta, kabwg Kol mpog ¢opeic Kat
opyoavIoHoUG TTou SpacTtnpLlomolouvTal 08 cUVAPELG TEXVOAOYLIKOUC TOUELG.

JUVOALKA, 0TO TAaolo Tou €pyou mapouctdaotnkav éka (10) méotep oe Slebveig kal €OVIKEG
EMLOTNHUOVIKEG  Slopyavwoel, kabwg kal Oekaemtd (17) mpookekAnuéveg oOUAieg o€
TIAVETILOTA LA, EPEUVNTIKA voTitouta, S1ebvr) workshops, Beplva oxoAeia kat Blopnxavikoug
dopeic. Méow auvtwv Twv dpdcewv, nopdda tou HAR.S.H. avédelfe Ta amoTeAéopaTo TOU £pYOU,
O€ TIEPLOXEG OTWG N avalAtnon opoLoTNTAG, oL TAPAAANAEG KOl TAUTOXPOVA TIPOOTIEAACLUES
Souég dedopévwy, N TOAUTPOTILKA LABnon kat n availuon Stavuopatikwy dedopévwy Peyaing
KALLOKOLG.
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M6.4.2 KatadAoyog mootep

1.

10.

loannis Xiradakis, "Concurrent Double-Ended Priority Queues", Adica mou mapoucldotnke
oto School on the Practice and Theory of Distributed Computing (SPTDC 2026), FORTH,
Greece, 2026.

Myron Tsatsarakis, "PPMR: Persistent Polymorphic Memory Resources", Adioa mou napou-
olaotnke oto School on the Practice and Theory of Distributed Computing (SPTDC 2026),
FORTH, Greece, 2026.

Myron Tsatsarakis, "ATROPOS: Benchmarking Concurrent Persistent Algorithms under Fail-
ures", Adloa mou mapouaotdaotnke oto School on the Practice and Theory of Distributed Com-
puting (SPTDC 2026), FORTH, Greece, 2026.

Georgios Paterakis, "PFRESH: A persistent Lock Free Data Series Index", Adioa mou mopou-
olaotnke oto School on the Practice and Theory of Distributed Computing (SPTDC 2026),
FORTH, Greece, 2026.

Michaela Areti Zervou, "The More, the Merrier: Contrastive Fusion for Higher-Order Multi-
modal Alignment", Adioa mou napouvcidotnke oto School on the Practice and Theory of Dis-
tributed Computing (SPTDC 2026), FORTH, Greece, 2026.

Antonios Katsarakis, Vasilis Gavrielatos, Emmanouil Giortamis, Pramod Bhatotia, Aleksandar
Dragojevic, Boris Grot, Vijay Nagarajan, Panagiota Fatourou, "Beyond reCAP: Local Reads and
Linearizable Asynchronous Replication", Adica mou nmapoucidotnke oto 51st International
Conference on Very Large Data Bases (VLDB 2025), London, UK, 2025. (MponyoUuevn ékdoon
™¢ adioag npotadnke yia to Bpapeio KaAUtepng Adioag oto EuroSys.).

Nikolaos Grigoroudis, "Concurrent Binary Search Trees Supporting Split and Join", Adpioa tou
napouaotaotnke oto ACM-W Celebration of Women in Computing: 7th Summit on Gender
Equality in Computing (GEC 2025), Piraeus, Greece, 2025.

loannis Xiradakis, "Concurrent Double-Ended Priority Queues", Adica mou mapoucldotnke
oto ACM-W Celebration of Women in Computing: 7th Summit on Gender Equality in Compu-
ting (GEC 2025), Piraeus, Greece, 2025.

HAR.S.H. team, “HARSH: Hardware-Aware extReme-scale Similarity search”, Adioa mou na-
pouctaotnke oto 40 Years CSD Event, Department of Computer Science — University of Crete,
Greece, 2025.

HAR.S.H. team, “HARSH: Hardware-Aware extReme-scale Similarity search”, A¢ioa mou na-
pouctaotnke oto Computer Science Graduates Reunion (Classes of '85, '95, '05'), Department
of Computer Science — University of Crete, Greece, 2025.

M6.4.3 NPpooKeKANUEVEG OJULALEG

1.

Panagiota Fatourou, “Concurrent Trees Supporting Complex Queries”, Computer Science and
Artificial Intelligence Laboratory (CSAIL), Massachusetts Institute of Technology (MIT), No-
vember 2025.
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10.

Panagiota Fatourou, “Concurrent Trees Supporting Complex Queries”, Khoury College of
Computer Science, Northeastern University, November 2025.

Panagiota Fatourou, “Parallel Data Series Indexing and Similarity Search on Modern Hard-
ware”, Invited Talk at the Managing Specialized and Heterogeneous Architectures Workshop,
Melvin Calvin Laboratory, Simons Institute, USA, November 2025. (video: https://si-
mons.berkeley.edu/talks/panagiota-fatourou-university-crete-forth-2025-11-07)

Panagiota Fatourou, “Combining and Aggregating for Fast Synchronization”, Invited Talk at
the Simons Institute for the Theory of Computing, University of California at Berkeley, USA,
October 2025. (video: https://www.youtube.com/watch?v=8-eZIZfoEzQ)

Panagiota Fatourou, “Distributed Computing Mexico Summer School”, Invited Talk at the Dis-
tributed Computing Mexico Summer School 2025, Huatulco, Mexico, June 2025.

Themis Palpanas, "Vector Similarity Search: Past, Present, and Future", Invited Presentation
at Nanyang Technological University (NTU), Singapore, May 2026.

Grigorios Tsagkatakis, “Parsimony in Distributed Learning”, Invited Talk at the School on the
Practice and Theory of Distributed Computing (SPTDC 2026), FORTH, Greece, April 2026.

Themis Palpanas, "Vector Similarity Search: Past, Present, and Future", Invited Presentation
at East China Normal University, China, December 2025.

Themis Palpanas, "Vector Similarity Search: Past, Present, and Future", Invited Presentation
at FORTH Cert, Greece, October 2025.

Themis Palpanas, "Scalable Vector Analytics: A Story of Twists and Turns", Plenary Keynote at
Guide-Al Workshop, in conjunction with VLDB 2025, London, UK, September 2025.

11.Themis Palpanas, "Scalable Vector Analytics: A Story of Twists and Turns", Invited Presenta-

12.

13.

14.

15.

16.

17.

tion at Technical University Berlin, Germany, June 2025.

Themis Palpanas, "Vector Similarity Search: Past, Present, and Future", Invited Presentation
at Google New York, USA, November 2025.

Themis Palpanas, "Vector Similarity Search: Past, Present, and Future", Invited Presentation
at Google Sunnyvale, USA, November 2025.

Themis Palpanas, "Vector Similarity Search: Past, Present, and Future", Invited Presentation
at AT&T Labs Bedminster, USA, November 2025.

Themis Palpanas, "Vector Similarity Search: Past, Present, and Future", Invited Presentation
at Amazon Palo Alto, USA, November 2025.

Themis Palpanas, "Scalable Vector Analytics: A Story of Twists and Turns", Invited Presenta-
tion at Snowflake Computing GmbH, June 2025.

Themis Palpanas, "High-Dimensional Vector Similarity Search at the Al Era", Plenary Keynote
at Huawei Vision Forum, Paris, France, May 2025.
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N6.4.4 Napdaptnua: Nooctep Epyou
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NATIGHAL RECOVERT AND RESLIENGE FLAK
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HAR.SH.
Concurrent Double-Ended

Priority Queues
Panagiota Fatourou, Eric Ruppert, loannis Xiradakis

Motivation Challenge

> DEPQs are widely used in critical systems: Job scheduling, external sorting,  » Synchronization is required between threads
Computer graphics and other applications requiring prioritized access from | operating on the same and on different sides

both ends. of the DEPQ.
» DEPQs have enhanced Functionality compared to single ended priority | > Deletes are more complex than priority queue
queues. Supports efficient deletion of both min and max elements. deletions: they support additional
> No existing implementations of concurrent DEPQs in the literature - we can | functionality, and thus require implementing
create a DEPQ using BSTs mare operations.

Implementation
++ Employs SoTA software combining algorithms: CC-Synch (Fatourou and Kallimanis PPoPP 2012).
< It uses one instance of CC-Synch for each of its two endpoint.

Software Combinin
TAIL TAIL
| have pasted I
next — = Ty Fegpest eari— | next —— | next
req= L £ PO PO AL & req =p0's request req =p1's request regz L
=l £ } ek TAIL rers ret= | ret= |
ret= L g/ \v
wait=F ,’t, QI‘ E}}‘ a8 I wait = F wait= T wait=T
[completed=F next pext — | Loocishe comgleted = F complered = F cempleted = F
req= L req =p0's request req= L
ret = | rets _ ret=l :
AR T wait = F wait= T p(_) Y pl A
completed = F completed = F completea=F !_\\::,\
TAlL TAL
— RS - 1 % Every thread that requires
muxt next it next — | next —— | nexs mutual exdusion inserts a new
il ] EE2pld Mriee req s o reqzROsrequest|  greq =pis request req= L node with the wait bit marked
EEh e L fEkEe it ezl ret=1 rets 1 as TRUE and completed marked
itz E et ] et . wait= # wart = F woit =T as FALSE. It is assigned the
mmp\a.nd: completea = F completea = F zompleted = T ‘;wle‘r:d =T completed = F node pointed to b\/ the pI’EViOUS
\ — value of Tail.
p0 ° = po o pl . < Thread announces its request in
\t \:'3‘-5 the fields of its assigned node.
" . ‘:J
Double-Ended Priority Queues Experiments
Which combiner gets the Ty i
node if both are trying to 8- FRxlst - ChromaticDEPQ » FRX significantly outperforms
delete? <+ Insertion: skips the 100% ExtractMin Operations (Throughput) concurrent  tree-based  DEPQs,

thanks to its dual-skip-list design
(f ————— - that avoids expensive rebalancing
i

logically deleted

odes at level-0

c and then makes
\ / bottom-up updates

» FRX implementations outperform
single-ended PQ (Linden), despite

Throughput (Millien ops/s)

atall levels. o supporting more  complex
i % Deletion: First, operations.
ynchronization nodes are marked ——
Protocol as deleted and 148 16 2 48 9% —:— :::H\l 77777 BSt-DEPQ  —%— Chromatic-DEPQ

Number of Threads

then fully removed

m @ @ from both skip
Q\, / @ lists. » FRX-L] outperforms both the

= = chromatic and BST tree DEPQs
2) Inse ! implementations, thanks to its

lightweight  synchronization and

elimination of rebalancing costs.

Random Inserts - Deletes (Throughput}

[ Beleielan

Throughput (Million ops/s)

a8
Number of Threads

(O tsert In MinsList

HAR.S.H. (with no. YII3TA-05601901) is carried out within the
framework of the National Recovery and Resilience Plan “Grecee
2.0” with funding from the European Union — NextGenerationEU.

Xiradakis Ioannis
University of Crete
FOUNDATION FOR RESEARCH AND TECHNOLOGY - HELLAS glannlsx@lﬁforthgf

MANENIETHMIO KPHTHE
UNIVERSITY OF CRETE
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ATROPOS: Benchmarking Concurrent Persistent Algorithms
under Failures

Myron Tsatsarakis Panagiota Fatourou
myrontsa@ics.forth.gr faturu@csd.uoc.gr

Motivation Challenges
Persistent Memory Failure Simulations m Generality
T = . e g

. S
§ PMEM rAM Y [ m ,/ \ )
* Coverage of system designs
3 : . * APl accessibility
Persistent Data ,(L\ / b * Meaningful parameterization
S * Multi-threaded recovery
support

N Vi

g =

o

s System Failures ‘

XK
Pead ;
P - « Controlled, isolated, short ] _u | . Lo ] Integration
Persistent Darta i [ L2 1 L2 | .27 i
' . =8 enable «/ [ 3 ' | Persistent Algorithm Designs I ]
N RCOVGW NS ® CPU-cache contents i

* Realistic benchmarking of unaffected by smulated [Implement Recovery Support |
s Byte-Addressable recovery operations failures =
| e Large & Inexpensive | | = Comparison of different | = Process-wide failures with | v
e Persistent /% recovery techniques J "\ manual cache invalidation /| | Benchmark under Failures | |
M s Mg P — A 04
ATROPOS
‘Configuration — System Process - | _Generafionof
e L —— Failure Distribution
PmemPath: /pmem/pool, 1 ng[ure y
Threads: 4 i | . v 1
Failures: 3, _'_'l [“pr PQI"SEF ‘ = Muﬁager }_'_.
Distribution: Uniform, g > . ki = \ \ !
Runtime: 8s, ) : : + : 2 45 bs
RecoveryModel: All, L : : v
ThreadPinning: Dense . -
} e N
- - _f_;ﬁ—i,zr-'- = - . —
_I/chns‘_zj-u;f{dnnﬁs) \‘\ Benchmark Performance -
o= erciEniR= e I € —— b e
i . SetBenchnark(Benchnark)’ 1 er Traicker
A g | (ke
| ' i —
Hecidl Tail \\W
o
o +
[ Spawn  © s
Persistent Data ———  APICalls : Warkers -Pﬁ’i"’?;
Structure L ) e
Operalions o
e Engueue X '
» Dequeue B Threads F * Terminates &
» Recover - " Restarts System
b T Process y

\

.\;i .‘c‘é; \1‘!{ .
25 4s 6s :
:
sy OHRL 60 - [ ot
NIV 4 European Union &y i
INSTITUTE OF COMPUTER SCIENCE persist & . HAR S. H . Myren Tsatsarakis

Haddorare 2

=L ICS-FORTH
Support myrontsa@ics.forth.gr

This project has received funding from the Hellenic Foundatien for Research and Innevaition under the 2nd Call for HER.L's Research Projects t
Faculty Members & Researchers, Agreement No 03684,
Research funded by project HARS.H. (project no. YN3TA-05460901), which is carried out within the framewerk of the National Recovery and Resilience Plan
“Greece 2.07with funding from the European Union — NextGenerationEU.
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PFRESH: A persistent Lock Free Data Series Index

Georgios Paterakis, Panagiota Fatourou, Eleftherios Kosmas, Themis Palpanas

| Motivation and Challenges |

Data Series How an iSAX data series index works Blocking
+ Many Applications Implementations
+ Seismology

+ Astrophysics
+ Neuroscience
- Engineering etc.

e 3\;

Data Series Processmg

e W

+ Calculate iSAX summaries

= Use of locks égé
= Convoying
= Priority Inversion
* Restricted Parallelism
- Thread holding the% ails 5

Transform to non-Blocking Implementations

= Some sort of helping is needed. &
+ Helping is costly A
+ Adds complexity W
+ It's not always easy to implement.

Similarity Search
Find the most similar series of a collection to a
query series

Generic approach

+ Applicable to any thread 1 T: [ it | in expeditive mode [ mark partas g. N
blocking : (unjﬁae s other, process parc utse ponloieet processed o
locality-aware data i | uspg 3 councr et [ in standard mode, (setd) § )
series index | T g s 1T T (if helped) g3

+ Ensures Lock-Freedom B ok =

- £
H s
H g/

7 5

scan for h\‘
unprocessed parts g
(eadd,,._d) B
*17 _N
e mark helped part help unprocessed sel helper flag of -E-
G asprocessed = partsin standard | unprocessed part £
) L (set d,) ) mode | ey )
Non-Volatile Memory Evaluation |
Results
NVM Properties DRAM Configurations and Datasets
DRAM + Byte Addressable + Compared with optimized SOTA MESSI index.

Save Metadata () « Large & + Use both synthetic and real datasets.

Persistent Data
e d o Inexvpensive DRAM Experimental Findings
+ Persistent + FreSh performs as good as the SOTA blocking index.
Data Series Indexes + No penalty for providing lock-freedom.

)| « Data series indexes + FreSh outperforms by far several lock-free baselines we have designed.
0o grow with dataset size + In case of delays achieves better performance.
OD@. * Larger datasets slow Non-Volatile Configurations
| down construction time - Measure the persistent and recovery cost of each stage of PFreSh.
+ Index failure requires « Compared the implementation using three Persistent Allocators.
full reconstruction

Persistent Data

Dataset:RANDOM 10068 | Dataset:RANDOM 1 Dataset:SEISMIC
PR
-

" e sk
- s
- Mssienn

flumber of threads SIGE 10068

Contact Information

st e (5 1Fl_]ﬂ'l'l-l © HFRL persist ol Paterakis Georgios

TRk PR R A TR LS University of Crete, ICS-FORTH

Azt BLIPADE  OING @ annoms o BREES- | bl seomtoics ot

Loboratoire informofique PAfis DEscartes

This project has received funding from the Hellenic Foundation for Research and Innovation under the 2nd Call for H.F.R.I.'s Research Projects to Support Faculty Members & Researchers,
Agreement No 03684. Research funded by project HAR.S.H. (project no. YM3TA-0560901), which is carried out within the framework of the National Recovery and Resilience Plan “Greece 2.0"
with funding from the European Union — NextGenerationEU.

Avoptnuéva Nootep Epyou 7|11



YMN3TA-0560901

HAR.S.H

Panagiota Fatourou

Op230)

]ﬁﬂ .

THE MORE, THE MERRIER: CONTRASTIVE FUSION FOR
HIGHER-ORDER MULTIMODAL ALIGNMENT

Stefanos Koutoupis, Michaela Areti Zervou, Konstantinos Kentras, Maarten De Vos, Panagiotis Tsakalides, Grigorios Tsagkatakis

HAR.S.H.

MiFdware. sware Simiarily search

Motivation & Key Idea

Other
Retrieval

Ui cLip Methods CanFu
PPl
s 000
i 11 1 1
! i g ) . i
Sound of ' 1 ! 1 ! 1
agoaee 21 y ! ! !
]l = I ] i :
000
Flying ! 1 il '

Prevailing methods align only pairs of modalities, missing
synergistic higher-order interactions.

Can a contrastive learning framework capture not
only pairwise alignments but also higher-order. syn-

ergistic dependencies among modalities?

* ConFu: unifies pairwise (1-1) and higher-order (2—1)
contrastive learning in one objective.

» Theory: £ maximizes a lower bound on Total
Correlation, capturing pairwise + synergistic interactions.

Key Contributions

* 11 & 231 retrieval: only method supporting both
modes without requiring all modalities at inference.

» Bird-MML dataset: 149K image—audio—text triplets
across 150 bird species for multimodal
complementarity research.

» Robustness: shows greater stability when input
involves corrupted or non-informative inputs such as

missing modalities or noise,

FOUNIAT I PR SRR AN TECHLEY - WELLKS

Method

lnined Embedding Space

Encoder

Frojector W e

Fusian.,

Fuson,

A3y ~112)
= Linfonce T Llnfones

Limed = Ei, 4

. ~1.2) ~(1,3) F12.3)
Lowr = Ligionce + Linfonce + Linfonce

L£={1-X Emir + A Lruset

Bird-MML dataset

Image Mel-5 B

stripe, srioys o mesl from & wasden

Bird faeder.

Synthetic XOR Experiment

18 -
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= TRAKNGLE —/
68 e Cam ol
~o— Symile -
F. =8 Confu .
goe L
Sl
<04 o
o
nz /
7 & P
i T o T Ty et |
I
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[

Predict z; from (2,,25) where pairwise Mi=0.
Only synergy can solve it.

* ConFu ' strong positive trend with
» Symile v also captures XOR synergy
» GRAM/TRIANGLE X <15% even with 1024-dim embeddings

» CLP X ~3%, random chance level

Research funded by project HAR.S.H. (project no. YN3TA-0560901), which is
carried out within the framework of the National Recovery and Resilience Plan
“Greece 2.0" with funding from the European Union — NextGenerationEU,

Results
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f HAR.SH. Gr
Concurrent Binary Search Trees
Supporting Split and Join

Nikolaos Grigoroudis*, Panagiota Fatourou, Eric Ruppert

Motivation, Contribution
Need for BSTs that support Split and Join

(e.g. Link/Cut Trees, Euler Tour Trees)

= Represented using BSTs . - . . . .

Operations
1.Dynamic Graph problems . . . 2 .
= Maintain a graph under edge insertions/deletions . - .
= Answer queries efficiently - . . o .
2.Sequences that support Split and Join . 7 | & / x . *
[ i H \ ¥ /
Essential for some Dynamic Tree data structure % . . . .

BST Operations Contribution

U Split(v): return two tree roots (v: node)
= Ry: keys < Key(v) Introducing a lock-based approach for Concurrent
* R, keys = Key(v) Binary Search Trees

0 Join(R,,R,): join two tree roots = Maintained under Split/Join Operations

= Efficient design: Split operations can combine as
they traverse up the Tree

= Intermediate step for solving Dynamic Graph
problems in a concurrent setting

= Resulting tree has keys of both

= Precondition: the keys of Tree(R,) are less than the keys
of Tree(R,)

Serial Model

Basic Idea: Split(v)
1. v: leaf node (leaf-oriented tree)

2. Keep track of two roots (R1, Rz) for
the constructed trees

3. Initially Ry := Null, Rz := v
4. Traverse path from leaf v to root
5. If current node is a left child of its

parent p: . )
i. Connect Rz as left child of p Split(v)+Split{w) A /\ /\
ii. Rz:=p T

T T
i. Connect R: as right child of p Key(v) < Keyiw) < Key(v) =Key(v) = Key(w)
i. Riiz=p < Key(w)

| Concurrent Model |
Ry

Basic Idea: Split(v) 2)
0 Similar algorithm to Serial Model ({gm (éo Ry =Root(Ty)
O Locking full path from v to root NodeH‘:: Meeting point ™
(synchronization) of $yand $; T
) 2=Ry'= 2 ‘@

0 Combining: 2 Splits meet at node m
= mis the root of T,
= QOne Split continues:
« replaces its Ry or R,, with ane of the
roots from the other Split

+ completes the other Split operation e o
along with its own

S1:8plit(3) |
$2:Split(s)

Ry = Root(T3)

§4 continues

HAR.S.H. (with no. YMN3TA-0560901) is carried out within ~ HAR.S.H.Partners Contact Information
the framework of the National Recovery and Resilience > o NELIF DY Nikolaos Grigoroudis
Plan “Greece 2.0” with funding from the European Unicn :*:m,f;';'::‘,':;rr;':‘.u,"‘~\??L,i‘ LINGO University of Crete, ICS-FORTH
— NextGenerationEU. ngrigor@ics.forth.gr

* Thanks to FORTH ICS for the provided support. Am | | |CbS ‘
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Beyond reCAP: Local Reads and Linearizable Asynchronous Replication

A. Katsarakis*f, E. Gioratmis*#*, V. Gavrielatost, P. Bhatotia*, A. Dragojevic*, B. Grot*, V. Nagarajan#, P . Fatourou*
THuawei Research, *TU Munich, *Citadel Securities, *University of Edinburgh, *University of Crete and FORTH, *Equal contribution

Motivation

Online Services & Cloud Applications Fault-tolerant Replicated Datastores

E > 0

!

 Crash-tolerance: data are replicated

* High performance: especially for reads

* Strong consistency under asynchrony
— correct — even if timeouts do not hold

Characterized by
* Many concurrent requests
* Read intensive workloads ¢
* Need for data reliability

— run on fault-prone hiw

Crash-tolerant Replication Protocols
determine actions for reads and writes
Ideal features

il
1. Linearizable

2. Asynchronous
3. Local reads: for max perf, Q

Theory

Crash-tolerant protocols: 2 out of 3
Linearizable

LS protocols:
- Synchronous
+ Linearizable
+ Local reads

RA protacols:
- Remote (costly) reads
+ Linearizable
+ Asynchronous

ol

¢ ),
&3 crash-tolerant %

& =
protocols L=

go "
= -

I <
2 Rolaxed Cansistency (RC) .
ZAB, Derech. Dynamo N

Asynchronous Local reads
RC protocols:
- Relaxed Consistency
+ Asynchronous + Local reads

The L2AW theorem

& Any Linearizable Asyrichronous read/write register implementation that [:_ﬂ :

tolerates a crash (Without blocking reads or writes), has no Local reads. o

So can we not improve read performance without compromizes? é,'

' 4

Practice

Almost Local Reads (ALRs) Add missing piece to protocols

of all 3 (RC, LS, RA) categories

_—————=uthiswork

Inevitably ALR latency > local reads

But little or no extra network and akegarpteal] RC | LS | RA ALRs
e processing costs to remote replicas reads(x) lacal remote local ‘ jg
readz(y) local remote % local g gg
raﬂ'a.n(ZJ lc;ca\ rar;;oie E] \oélaxl i‘g%
ALRs batch reads with a twist Syna
@ Exec all reads in batch w/ local replica .A:::;'::::. 5 ‘; “; j
= + one sync per batch on remote nodes e I 0 BT [P e
o et i oy oo oies [y | o EREE S [ o wri

Syncs are cheap!
y/ RC with ALRs — Linearizable

.. <writes act as implicit zero-cost syncs i
Z@? *explicit sync has small constant cost % IﬁSA ‘:,vllttl.?:ts:: .::yfr;i:r:;ous

| sync per batch regardless its size

R R R

p 4

e Both Linearizability & Asynchrony

L2AW vs. CAP

L2AW read performance in its tradeoff
« Key for read-dominant workloads

Fault-tolerance
;. CAP: network partitions §B-%88

& t+msgloss + partitioned nodes
+s  exec ops to violate safety

smw L2ZAW: server crashes

“2  +nomsg loss + crashed nodes
it do not exec ops to violate safety

When must compromise?
w CAP: during network partitions
“ (not during partition-free)
“*  sacrifice safety or progress of ops

WL2aW: always sacrifice local reads

™ (even if crashes have not occurred)

- W M M W W W M W W WO M M W oMM W MW WM O W W o,
o e

r

ALR-enhanced throughput
of state-of-the-art prot%cols

250

vanila protocols

B with ALRs

Million Requests per Second
X
<
=3
®
®.

Hermes (LS) ZAB (RC) Raft (RA}

95% reads | 88 keys 328 vals | Sx R320 Cloudlab nodes (replicas)

THE UNIVERSITY of EDINRURGH

informatics
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HAR.S.H

HARSH: Hardware-Aware

Panagiota Fatourou

£ HARSH

extReme-scale Similarity search

Coordinator & Scientific Director: Prof. Panagiota Fatourou
Tel.: +30 6973 991277, Email: faturu@csd.uoc.gr

COMPLEX ANALYTICS

- v ¥

Similarity Search

Identify the
series from the
collection with
the smallest
distance to the
guery series

Appear in many scientific fields:
* seismology and earth sciences,
» finance
* astrophysics,
neuroscience,
= engineering, etc. it

MAIN CHALLENGE

NASA's Solar Observatory

1.5 TB per day

4

.L\ b 2

;

2 Human Genome project

%:‘@, . 130TB

Large Synoptic Survey
Telescope (2019)

~30 TB per night

passanges aierafs

| E 20 T8 per hour

* Massive data series collections
* Data in multiple formats (audio, video, text)
+ High-dimensional embeddings

data center and
services monitoring

2B data series
4M points/sec

HARSH Objectives and Methodology

OBIJECTIVES
1. Multimodal Learning
1. Advanced learning-based models for encoding text and images
2. Kernels for image to keyword decoding
3. Hardware-aware methods to accelerate the data processing pipeline
2. Hardware-Aware/Hardware-Supported Data Series Processing utilizing the full
computational power of modern computing platforms in an agnostic way
1. Communication and synchronization primitives for hardware-aware
computation in heterogeneous platforms
2. Hardware-Aware Algorithms and Data Structures
3. Adaptive and agnostic data series processing
3. Dynamic Data Series Processing

USE CASES

* Use case 1 — Similar Document/File Finding Application.

* Use Case 2 — Photo Analysis for Travel Profile Enhancement Application.
* Use case 3 — Public Opinion Analysis Application.

Economic Impact

* Domains that are aggressive data series producers
o Construction of EU E-ELT telescope3: 1 billion €
o EU Human Brain Project5: estimated 1.19 billion €
o US Human Genome Project has a $796 hillion impact and created 310,000
jobs)
* Relevant Markets
o Tourism Market (one of the fastest rising markets in Greece)
o Natural Language Processing Market
o Social Media Platforms market

ANS
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Maodern Heterogeneous Platforins

HARSH Innovation & Impact

* Novel deep machine learning algorithms for the

automated extraction of key features through low

dimensional embeddings

Robust Hardware-aware Data Processing Systems

* Novel data structures and algorithms for large-
scale data-series processing.

Algorithms

scalahility
in Big Data
Processing

Stheduling 8

Load Balarxing

=T

Low level primitives

Network &

Emerging Memary
Storage

Technologies

Me 1 xprparoSémon
g Eupwmaikig Evwang
NextGenerationEU

Computer Science Department
University of Crete

1111




