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Research Interests

wIn/Near Memory Computing
wIn-Storage Computing
wEmerging Memory Technologies
wNonvolatile Memories
wMemory/Storage Systems
wEmbedded Systems
wOperating Systems
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Guideline of OnePage Summary

wAn easy way to summarize a paper and point out its technical
contribution and novelty Is to prepare ofgage slide for each paper.
CKAa af ARSt IAAS Of dzY BIRNE dg/ S

w Onepage Summary that includé3OCMR:
¢ Observation Theissues or trends observed
¢ Objective (Goal)The objectives after resolving the observed issues
¢ Challenge:The challenges to resolve the issues and achieve the goal

¢ Main ldea (Proposed/ethod): The solution to resolve the challenges
wMain idealeads to thenoveltyof a paper
wThe proposed methoteads to thetechnical contributiorof a paper

¢ Result

wEXperiment setups, platform/environment, simulation/implementation, compared
methods, workloads/benchmarks, metrics, results, etc.



Essential Questions for a System Research (Storylir

by Dr. RICheng Hsil
w A research paper should clearly answer the following 7W questions:
/W = PRLCNR
¢ 1. Positioning
wWheredoes this work stand relative to the state of the art in the field?
C 2.Problem:
wWhat problem does this work aim to address?
¢ 3.Importance
wWhy s the problem important?

C 4. Llmitations
wWhat are the key shortcomings of existing approaches?

¢ 5.Challenge

wWhy does the problem remain difficult or unsolvehat are the real challenges?

¢ 6. New knowledge
wWhat new idea, argument, or methodology does this work propose?

¢ 7.Rationale
wWhy can this new knowledge overcome the limitations and move the field forward?



Outline

wIntroduction to InMemory Computing
wOnePage Summaries



Tremendous Demands and Opportunities Iin
the Era of Artificial Intelligence and Big Data

w To enhance the performance of Al model, more parameters are needed
¢ Hardware needs higher memory bandwidth to support novel Al models

w Memory wall issue in Al
¢ Growth of Al HW memory << Growth of model szef parametery

Al and Memory Wall
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Fundamental Problems in Running Als

w Bottleneck of von Neumann architectures
¢ Memory wall: Lacks of bandwidth (for the growth of Al models)
¢ Tremendous data movement (Processing WaiMemory unit)

w Growth of model size >> Growth of GPU memory
¢ GPT3 model(2020) >> H100 GPU(2022)
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Ref: https://towardsdatascience.com/machine -learning-fundamentals-ii- Ref: Kim, J. et,al. OptimStore: In -Storage Optimization of Large Scale

neural-networks-fle7b2cb3eef DNNs with On-Die Processing. In 2023 HPCA IEEE.



A Potential Solution

w In-Memory Computing
¢ Offload the computation into the memory ur(@nd everthe storage unij
¢ Compute the computation during data access
¢ Resolve the bottleneck of von Neumann architecture
¢ Computational memory Crossbar arrayafialog MAQ

Conventional

Processing Unit memory Processing Unit
/ \ / \ Computational
memory
Control Control
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Unit Unit

Logic Unit Logic
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Von Neumann Architecture In-memory computing
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NVM-based Crossbar

w ReRAMBased Crossbar for-Memory Computing
A CrossbarWordlinesandbitlinesare orthogonal in the&-dimensional (3D$pace, where
ReRAM is used to joimtordlinesandbitlines.

A ReRAM (or called Memristor)t works bychanging the resistanaa the memory cell to
represent different data states (e.g., 1 or 0).

Matrix Multiplication:
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Crossbar Accelerators
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Rethinking of Computing, Memory, and Storagel

wChallenges In (CrossbaryMemory Computing
¢ Reliability (Error rate)
¢ Scalability (Space utilization)
¢ Functionality (MAC, TCAM, Range)
¢ Capacity (ReRAM vs Flash)
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ICE: Intelligent Cognition Engine with NANDNfemory =
Computing forVectorSimilaritySearch

w Observation wal/ whQH H-]
¢ Existing vector similarity search (VSS) on edge devices is inefficient

w Long search latency and large search energy due to large invalid data movement
¢ Exploiting 3D NAND with nonvolatile IM&IMQ for VSS will face two major challenges:  |g&&
w Digitatbased solutionECC is critical to thevIMCdesign for VSS app. since it guarantees data relia g
w Analogbased solutionnumerous ADCs and DACs increases the chip size A=

Extract feature vector via Siamese network Process vector similarity search
(Offline: weight feature vectors; Online: input query (feature vector)) (e.g., L2 distance)
. Processor & DRAM Stare the entire dataset Processor& DRAM  distances (similarities)
aRanaECy %‘ = @ Moveoutthe
EEEEEE% — entire dataset
L L P

Online Weight feature vectors

—
Input query (input feature vector)

von Neumann architecture

) = waip ||
w Goal Enable 3D NANDased digitahvIMCto accelerate the | Vector Similarity Searching (VSS) Flow of Edge Devices | Bbf Block BL /By )
- BT e v ——————————— - c
\|\§|SS ?é)p“catlons :{Off—ﬁne i ou1. Move weight vectors dataset to storage : SOSL 215 Wiee Standard 3D NAND
w aln ldea o Brown L i /{ WLS5 operations w/ BET
it i it i P e B s ECEEEECE S SSLy [ : data encoding
C Eﬁﬂg}gg error tolerant data encodintp mitigate the biterror i Eage Procssr N A E sk @ i} R A
ifi i i i inli i : 3 o] i s for partial products
¢ Adoptmodified page buffeto achieve single bit multiplication i (4 compute 3 (3D NAND-based Ol | | i i T i
after computation unfolding ~ _ o e Digital vIMC 3 || GsL T e s /C/SL genemion sr\VM
¢ Addl _ y S g uUuwg?2 Q a 02 Y taachiavs sigibit |1 O E 2. Query the storage with an input % i T—i Vector(s)/ Partial Products
ComPUtatlonS In a(_:cumulatlon state . . . iOn-h‘ne 3. Move the entire dataset to compute k i L
¢ Proposea hierarchical topn searcho filter invalid data and : 9 oA o N o ! /I 4 Mcgdlgedgé;/ %Nte\;;:ddedw
. . . - : | dage bufrer Igital Accumulator
output the most similar answer during conducting VSS .\ 3. Output the most similar answer :

applications e e ——————————————— ] /'Input Query ie., BET-based Input Vector) VWM results

HanWen Hu, WelChen Wang, YuaAao Changrung-Chun Lee, Bo-Rong Lin, Huai-Mu Wang, Chong-Ying Lee, Yu-Ming Huang, Yen-Po Lin, Tzu-Hsiang Su, Chih-Chang Hsieh, Chia-Ming Hu, Yi-Ting Lai, Chung-Kuang Chen, Han-Sung Chen, Hsiang-Pang Li, Tei-Wei Kuo, Keh-Chung Wang, Meng-Fan Chang, Chun-Hsiung Hung,
and Chih-Yuan Lu, "ICE: An Intelligent Cognition Engine with 3D NAND-based In-Memory Computing for Vector Similarity Search Acceleration,” ACM/IEEE International Symposium on Microarchitecture (MICRO), Chiago, lllinois, USA, Oct. 1-5, 2022. (Top Conference)



SkrTree: A Highly Responsivetiee on GeneralSkyrmion

i :
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on general S MWhIIe e Y O 1

preserving average performance
and practical space efficiency

.
-tree ] ce2 Skr-tree -tree ee2 r-tree
600000 1x10® K000 o

¢ Decouples logical node splitting o
from physical data migration - "™ o

¢ Reduces nodsplit latency ... o
throughmetadata remapping ° .. < oy # uo |
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para”e”sm A Up to 99.75% fewer writes and 65.48% fewer reads in the worst case.

YunShan Hsieh, Bdun Chen, R€hun Huang, Wé{uan Shih, anduanHao Chang,SkrTree: A Highly ResponsiverBe on GeneraSkyrmiorRacetrack Memories/EEE Transactions on Emerging Topics in Comg@i&igsvol. 14, no. 2, pp. 34396, 2026.



TimingConstrained Composable Inference for Intermittent
Systems using Reinforcement Learningacy tecs;

66.97/% A A 70.53%

A Observation Energyharvesting (intermittent) devices can run DNN

Bxit 1 Bxit 2
inference, but unstable ambient power makes inference time | | |
unpredictable prior branchy/ multi-exit modelsignore timing and often e | r |
return expiredresults causingdeadlinedrivensystemfailures | onv3x3 | | conv3aa | +3.86%
A Goat Deploy neural networks on intermittent systemswhile jointly o Qo6 B oo L] omss || onas | | Bit3 |y
satisfying energy availability hard reaktime timing constraints and Fig.An example of a mukexit NN model.

deliveredmodelaccuracy

. . . VM ner u atency Requiremen
A Main ldea. iTRAINreframesinferenceas a composablenetwork where ik dg“k'l_“ yrequrenert)

. . . . . Sensor Data ¢ - - Network Architecture
eachlayer has multiple implementations,navigatedby a reinforcement 0o = O >
learningpolicyat runtime. | T %

. . a 1 AN > -»>
I Composablelayers each layer offers pruned / quantized variants ponrel EACIRAZE)) . o Power
. . . wn | 53 danager
broadeningthe energytime-accuracytradeoff spacevs fixed branchy A 3 . s
: RLAIIS (4)
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i RLIIS observessystemstate (energy,remainingtime, progress)and UM D U D D [][] Backup
selectsthe next layer versionto maximizeuseful accuracybefore the _ _

- Fig.Workflow of theiTRAINramework.
deadline
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timing at a 100%6 successate and deliversup to 65.42% higherinference

efficiencythan SOTAwith only a ~2.25KB policy table and 46.6KB extra
FRAMor layervariants
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o
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Wen Sheng Lim, Sklting ChengyaTung Tsai, Chideng Tu, antYuanrHao Chang, "TimirGonstrained Composable Inference for Intermittent Systems using Reinfentdrearning,” accepted and to appear in ACM Transactions on Embedded Computing Systems (TECS).



RETENTION: Resouwiefficient TreeBased Ensemble Model
Acceleration with ContentfAddressable Memory

W Obsevrvgtion:Contentadqressaple memory ((VZAA\M) holds’g[eat Potential iﬁ acpeleratingtiased A[|EAEE,TCAD]
Y2RSt az o0dzu AuQa SEOSaaAgdS OF LJ OAlue NI admbrdIappleatian. | y F

w Objective Anend-to-endframeworkthat minimizesthe capacityrequirementwithout additionaloverhead

w Methodology.

¢ Purity ThresholdPruning Considetthe collectbehaviorof tree-basedensemblemodelswhen pruning, minimizing
modelcomplexitywhile ensuringcontrolledaccuracyloss

¢ Data Placement Optimization. Two mapping schemes for different optimization objectives (minimize
capacity/postprocessingverhead)to reducecapacityrequirementwithout additionalcomputation

w Contribution;
¢ 4.350to 207.12Ucapacityreductionwith lessthan 3%accuracylossandno additionaloverhead

§RTERAR e eeeeese e eeeneenassseeeeenasasssssesnasasyesieitissasssssssssesssssssssssesssssss . . . . .
1 Model Construction Tree Mapping Scheme with . Energy-Efficient Mapping (ODR) 100% _ Space-Efficient M_appmg (SPC)

£ " E Tailored Data Placement Strategy :

. : : : ﬁ 95% E 95%

é b Model Training i Gln_ergy—Efﬁcient Mapping (ODI}D E 5 90% 5 90%,

: and - H HH | (5 g5 g5y

: Purity Threshold Pruning : HHH - § = e o o

: : mEmE i 80% g B0%

AR~FH | | | (EED EEY) - o

") H Y /2 0% 2 70%
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: OR H H 4 Space-Efficient Mapping (SPC)\ B 65% T 65%

3 - - ] [+

P Moaa ) i EIZF’FF ] % 60% g 0%

H C o m ) o7 o )

: % : Boosting-Based Models . L — 1 B 35% 3%

=\ ) = : FHHE ’ : 50% 50%

3 : : \ " UL 1/ Adult CreditApproval  DryBean Letter Wine Adult CreditApproval  DryBean Letter Wine
S S0 : Tolerance = 1% ® Tolerance = 3% ® Tolerance = 5% Tolerance = 1% ® Tolerance = 3% M Tolerance = 5%

- YiChun LiaoChienLin TsaiYuarHao Chang, Camelia Slimani, EdilkhobzaandTeiWeiKuqg "RETENTION: ResouEféicient TreeBased Ensemble Model Acceleration with Coria&dtressable Memory," accepted and to appeatEEE Transactions on Comptadédted Design of

Integrated Circuits and Systems (TCAD).
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1. Storage Systems
Flash Drives and HDDs
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Unlocking SSD Parallelism: A HigS NJF 2 NJIY-tre¢ OC
Framework for OCSSDs

Locality known. Placement blind.

OBSERVATION

32.2%

of accesses can activate only
one PUd even when 16 or 32

PUs are available.

m Uniform

B Sequential

Exponential

H Hotspot ™ Latest

Zipfan ®TPC-H

1 2 3 4 5 [¢] 7 8 9 10 11
# of activated PUs

{a) An OCSSD with 16 PUs

m Sequential m Uniform = Exponential mHotspot = |atest

12

13 14 15

Zipfan mTPG-H

16
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# of activated PUs
(b) An OCSSD with 32 PUs

ROOT CAUSE
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020% Z

MOTIVATION

DESIGN SPIRIT

Pa

wL999 ¢

PreserveBt reeds | ow read amplificat

exploiting host-visible OCSSD geometry.

Place buffers likely to be read together on collision-free PUs, while

keeping flushes near WSOPT.

Multi-list buffers and PU bitmaps guide the selector/dispatcher; the
compactor packs small fragments into full pages.

KEY MECHANISMS

Input: Selected keys for flushing

K121 K1El K21! KZ?! K33! KSQ! K429 K44! K4B|
tep 1. Collect bitmap information——
N N N N

11 12 13

14
01111111) 11100100} 10010111 | 11110000
tep 2. Generate reference bifmap
OR: WYS

11110011 11111111 11111111 [11111111]

Step 3. Select PU for flushing
Global bitmap information: 11 11

L PU1 | PU4

rder: 1st 3rd 2nd 4th

CONTRIBUTIONS

read

I3&t%e cwrite

Internal Node Buffer (Multi-list)

1. Host System Child A Keys (Large) Child B Keys (Small Fragment) Child C Keys (Small Fragment)
Memo ] |_|E_| ._|—|
(Memory) m—|m—|m—lﬁ
Flushing Dispatcher
Direct Write
2.HP-B o s :'U'g: ; Size Check™.__ (Collision-Free)
Flushing Logic I AEOTRYI0 fpe) & Collision
(Controller) Child B: 1011 (PU1 free)
Child C: 1101 (PU2 free)

] 'Complcled Write (Reduced Amp)

ﬁ

Open-Channel SSD (Physlcalyghs)

Puo PU1 wz@ PU3

First OCSSD-tailored B ktree; modest metadata and crash
recovery; verified gains in latency, PU utilization, and bandwidth.

3. Open-Channel SSD
(Storage)

A & fative PUYs

Evaluation: FEMU OCSSD - 32 PUs - YCSB and TPC -H -4 KB pages - WSOPT = 128 KB

- ChiLiangQiu, YaeYu Liao, Tsergi Chen, and¥uarHao Chang, "Unlocking SSD Parallelism: Apéichrmance B-tree Framework for OCSSDs," IEEE Transactions on Parallel and Distributed Systems (TPDS), vol. 37, ne152ppMaiz08a.



Z-ParaSwap CaOptimizing ZNS Parallelism and Swappire¢
for Heterogeneous Graph Neural Network

SOLUTION SPIRIT

OBSERVATION Turn application -level correlation into device -level parallel placement.
1OOX oy | Detect @ Separate 03 | Balance
Infer PEN correlation Map correlated PFNs to Round-robin swap-out

P99/ average swap -in latency from HetGNN sampling. distinct flash dies. via per-die write pointers.

12.5svs. 0.12sonAcademiC - BVEN  mmmmmom oo oo oot oo S s

- . @ Initial State @ Sampling Process (BFS) | G 0 )
with zero garbage-collection | Ll—mﬁaﬁ
interference PEN-Nodes odes ML MR L cor e

’ Pioo| As A AA :8 Psoo| Gy DE
P00 AS Ay AB Ay | P400 Gz Group 2
P3| Py P, P, P, i3] : |P4ou
Pio| Py V P, V :(3 Group ID is : :
MOTIVATION 2 1 v i G
Paso [V, Vs Vo Vs g
. Z G #= S e
Correlated pag es CO”'de *PFN-Nodes mapping is for illustration; and are high correlation. ! CL?:;! Queue de;lath=2
) the system does notmaintainthat. | _ _, \&/___FTRT L J
on the same chip
Host-agnostic ZNSwap placement CONTRIBUTIONS
ignores HetGNN semantics, creating _ o _ _
skewed queues that serialize swap-ins Diagnose: Shows on a real WD ZN540 that chip imbalance - not GC - dominates tail latency.
and stall training. Explain: Connects HetGNN's semantic access correlation to queue hotspots in host-agnostic ZNSwap.

—— Deliver: A Linux-compatible design with no model or VM-interface changes and less than 0.2 MB metadata in the
T paper's example.

500000

-34% average latency -44% tail latency up to -35.9% training time

Die ID

ShurYing Hsieh, Tseng Chen, andfuanHao Chang, "ParaSwapCeOptimizing ZNS Parallelism and Swapping for Heterogeneous Graph Neural Network," ACM/IEEE Design Automation Confgrienicg B2AcCh, Jul. 28, 2026. (Acceptance rate: 22.3%pp Conference)



WearAware Dynamic Zone Mapping for Lifetime 2
Enhancement in ZNS SSDs

w Observation wbzxta{
c ZOﬂEd Namespace SSDS (ZNS SSDS) are regarded aS a. p — Wear-Aware Dynamic Mapping (WADM) Strategy
Storage arChiteCture_ However, thatatlc Zoneto-bIOCk [ Jlust_lnlimr.flockmlocation ][Wear—AwareGarbageCoIIection][ Proactive Block Refreshment ]
mapping prevents the host from achieving the mapping | ;;’;i',“;‘;: [oomon | (;—“‘1 | ere 00 |y
ey ey . Block ID 1 Erase Count EC value 1 fleset Hint |
flexibility, leading to premature erasures and severe wear I | oo | | Fer ™ [skioo o] ] | | e 1],
mbalance. T R e
Q) Goal Mapping Table CountRecordl T
¢ Proposea wearaware dynamic mapping (WADM) strategy fc _[ J
(i)Select victim zone with low
ZNS SSDS. Reset Hint

(ii)Zone Reset

¢ Exploitdynamic physical block allocatiamdhost-visible wear
informationto balance erase cycles and extend SSD lifetime.

w Main Idea

¢ Implementwearaware garbage collectioandproactive block
refreshmentto reclaim lowwear blocks trapped by cold data

and maintain global wear balance.
Reduce max block erase count by 29.33% & achieve global wear leveling with negligible overhead.

- ChengzhiHou,YaLunChungShueHan Chen, ¥Rei Liang, WeuanShih, andruarHao Chang, "Weakware Dynamic Zone Mapping for Lifetime Enhancement in Zoned Namespace SSDs," IEEE Ndanuagil8ystems and Applications Symposium (NVMSA), Qingdao, Chin
Aug. 1113, 2026.




Zoneaware metadata placement in #ree filesystem23

w Motivation J[ASPS | [ Q'

¢ Write performancedegradationin CoW (Copyon-Write) file systemson ZNSSSDglue to valid-data relocation
duringhostmanagedspacereclamation

w Goal
¢ Improvewrite performanceby metadataplacementbeforethe valid-datarelocationbecomesnecessary

w Main ldea

¢ Temporarymetadatamarking Metadata I0s \%&
w Approximatemetadatalifetime viatransactionlocality-basedmarking FSSYoR
O
¢ Recyclingirgencymetric for blockgroups _.::'_.:.-2-% @ Mark temporary or rot
A Estimate how much a block group utilizes the device zone .,-_-\-’!".
Evaluate , e )
¢ Zoneawaremetadataplacement Recycling Urgency | \0 2] O rnocate space |
w Steerlonglived metadatafrom blockgroupswith highrecyclingurgency » ! '
-------------- A [ g N W
i a1 O s = O
Block Group 1 Block Group 2 Block Group K

- Ming-Feng Wei, YuhihChen,YuanHao Chang, antietWeiKug "Zoneaware metadata placement ineee filesystem," ACM/IEEE Asia and South Pacific Design Automation ConfereRDA@BBNg Kong, Jan. 122, 2026. (Acceptance rate: 29.9%)



ReMemTier Rethinking Memory Tiering for CXdased SSD

A Observation ExistingCXESSDmemory tiering assumesthe data-intensive app runs in wd! /[ (
isolation Concurrentauxiliarytaskspollute hot-page detection and evict the main app's
workingset down to flashswap,causingsevererefaultsand CPUstalls(up to ~85% of time Applications JJ
on swapins). _'_—-"" Virtual Memory Space H“'\__‘
A Goat Protectmaindataintensiveapplicationperformanceunder mixedworkloadson CXE
SSDxystemsjsolatingits workingsetfrom auxiliarytaskinterference SystemMem.Space | .~ __——~_~_ /
A Main Idea ReMemTiereverseshe memoryhierarchy exploitingstrongintra-pagelocality HostDRAMMemoy 1 Cx“;':i""

andthat CXLlio servesa4KBpageat ~2x lower latencythan localmemory

CXL.mem (Cacheline\L

I WA-RMT. dedicateCXLDRAMasthe fast tier for the main app via large-granularity4KB X O
CXLlio accesshost DRAMbecomesthe slowtier for auxiliarytasks cr::r::; r>{SSD fetele |(Pa —
I SBRPRP a burst-absorption+ segmentedLRUthat filters short-lived bursty pagesand (Type3) | Flash Memory |

promotesonly genuinelyhot pages preventingCXLDRAMpollution. '

A Result ReMemTiereducesexecutiontime by 29%/ 16%/ 35% on k-means/ Radiosity/
ResNeb0, mainly by cutting swapin time, and sustainsat least 1.19x speedupas auxiliary

- Page Promotion/Swap-in
I:> Page Demotion/Eviction

Auxiliary Task == Memory Access

Main Application

tasksscalefrom 1 to 4. CPU
| | i Protected LRU (80%)

o kmeans radiosity resnet50 5431 64B T | a, Promote Hot pagel
“E-’ ® CPU Cache ® Memory ® Page Migration ® Swap In & ig 4KB omsen Evict _
= kmeans radiosity resnets0 S 15 Host =) CXL — g-}» -i—»e Evict
o 2-% _._ 3 1.4 ?S?Al\;l = [()I:RAF)’I LRU Probationary LRU (20%)
Q [ B - ow ast) |~
W 1A - - - — - - — - - 1.2 ~ (99% Mem.)
gy f f F & F ¢ & 3Bfn . £ o _
5 o 1 2 0o 1 2 0 1 2 &1 [FlashMemory | oo ont Paley (Section 3.3
z Number of Auxiliary Tasks 12 3 4 12 3 4 12 3 4 ’

YiSia Gao, Wen Sheng LifieiWeiKug andYuanHao Chang,ReMemTier Rethinking Memory Tiering for Gased SSD via Large Granularity Memory Access," ACM/IEEE Design Automation Conferehom@®eagh, Jul. 28, 2026. (Acceptance rate: 22.3%pp Conference)

Number of Auxiliary Tasks




ARDA: |/O Scheduler for Heterogeneous Workloads Ce
located on Ultralow-latency SSDs

w Motivation ww ¢ / { |
¢ Multiple workloadsare often co-locatedon the sameserverto improveresourceutilization.
¢ Throughputoriented (THRWworkloadscan degradethe responsivenessf latencysensitive(LAT)servicesevenon
ULLSSDs

w Goal
¢ Allocatesonly the resourcesrequiredto satisfyworkload QoStargets,therebyimprovethe latencyof LATservices
while preservethe throughputof THRworkloads

Throughput-oriented (THR) Workload Latency-Sensitive (LAT) Workload
. @ write rea @ write
w Mainldea read it reed 7 wrie
¢ TranslateQoSrequirementsinto utilization budgets C || | .
¢ Applyservermodelsfor sporadictaskscheduling [ % ] %
to serveeachsoftwarequeuein Kyber
w TotalBandwidthServer(TBSjor LATworkloads g % @ @
w Con.stanlBandW|dthServer(CUS)or TI-!RNOfk|OadS . Contant Bandwidth Servers | Total Bandwidth Servers
¢ Dynamicallyadaptresourceallocationamongserversat runtime . .
Earliest Deadline First

) o * Non-preemptible
SSD * Variable Performance
) o * Dynamic Service Rate

- Ming-Feng Wei, Tz2ChiehHuang ChiehLin Tsai, Yu@€hihChen,TeiWeiKug andYuanHao Chang, "ARDA: I/0 Scheduler for Heterogeneous Workloddsa@ed on Ultradow-latency SSDs," IEEE Internaticd@ahference on Embedded and R&éahe Computing Systems and

Applications (RTCSA), Qingdao, China, Aufj312026.



Bloom Merge Strategies for Sustainable SSD Endurance

Wirite-Intensive LSMIrees

w Observation wL999 ¢
¢ The efficiency of an LSMtree merge strongly dependson the key overlap/update ratio among

SSTablegatherthan only on whetheralevelhasreachedits sizethreshold

w Goal
¢ reduce unnecessarymergeinducedwrites and SSDwrite amplification while preservingacceptable

read performanceandstorageefficiency

w Main ldea(BloomMerge)
¢ BloomMergechanged SMtree compactionfrom & Y S NuBes the levelis T dzfof & S NuBe® the

mergeiso Sy S T whiléubirigBldom Filtersand boundedpostponementto control the read/space

overhead
M Bloom Merge M LevelDB M RocksDB B Bloom Merge LevelDB M RocksDB

Write request
18 5000

v Bloom Merge Management 16

4000

Memtable
Bloom Merge Table List 14

' > 200

Memtable [ Update ] [ Pick ] [ Create ] i

Flush : 2000

L, o)

| D - | 1000 I I I I I I I

E

L1 D
L — Lx Bloom Merge A B C D
YCSB Workloads YCSB Workloads

Ln
A 3 & city PSSTs Capacity - . . . .
e el Bloom Mergeeduces write volume by up to 30%ith minimal impact on read latency

—_
P

—
o

o]

Latency

Disk Write Size (GB)

O N =

Flash Storage
Y.-H. Chen, W-C. Cheng, ¥C. Chen, WK. Shih and YH. Chang, "Bloom Merge Strategies for Sustainable SSD Enduranteimt&hsive LSMrees," in IEEE Transactions on CompAtded Design of Integrated Circuits and Systems, vol. 45, no. BR28p1250, March 2026



Adaptive Read Retry Table Extension for Enhanced Dats
Reliability in 3D NAND Flash

Background & Motivation Read Retry Table in 3D Spaceo 5 ! / Q
i 3D NAND read errors fixed byad retry: try readretry parameters T .
(RRPs) in a read retry table (RRT) until ECC decodes. IR g

n»

I o f
A RRP24| 4 0
f S R LJ RRP25| 0O 0 4

o

i Limited RRPs caus&kP burnoufh LJF 3S dzy RS O?2
YFEN] SR 60FR® 90SYy nonm: Fl A

¥x Ol LI

-5
-20 -10 «,a
o, 10, 15 O

. . : MDGR: Beyond Convex Hull
Adaptive RRT Extension (two mechanisms) wewr oY

i WL-Aware Interpolated Retry (WIR)nterpolate midpoints of RRPs, N
prioritize those that decoded the adjacewbrdlinelh p m®c:’c FS 8 SN NB
I Multi-Dimensional Guided Retry (MDGRgctor search from error centroid i
026 NR 4dz00S&aa LRAyua b NBFIOKSa wwt a -0

Results Recovery Rate & Retry Overhead (Bfbnth)

i Recovers up t89%of failed pages undeg 1000 g - 100 T e T Beelne T Proximily Search | T Ours
12- and 30month retention. g os LI Wl ersg By &

I Preserve®9%capacity @12mo ané4% § *° I '°-5°§, 5 | g“' \
@30mo, vs baseline 90% / eoftlife. ¢ ™| W || Y

10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Total Requests

- HanYu Liao, CheKing Chang, JéWei Hsieh, Hun®in Chen, anduanHao Chang, "Adaptive Read Retry Table Extension for EmhBrata Reliability in 3D NAND Flash Memory," ACM/IEEE Design Automation Conference (DAC), Long Be2@2(26. 28cceptece rate:
22.3%)Top Conference)
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SARA: A Stalhware Memory Allocation Strategy for Mixee
w Observation: Crltlcallty SyStemS [ASPS I [ Q'

¢ Existing approaches and metrics cannot efficiently allocate memory for softimealand nonrealtime applications, leading to
performance imbalanceMeanwhile, we observeystem instability(calledlong stallg

w Objective (Goal):
¢ Balancing performance tradaffs and mitigating long systetavel stalls

e Slow SSD * Periods with occurrences of long stalls * Normal Periods
—a—Soft RT Process - Slow 55D —-—-Soft RT Process - Fast 55D —o—>Slow * Periods affected by cascading delays
~—o—Non-RT Process - Slow SSD =<~ - Non-RT Process - Fast 55D - - -#--Fast 5D 5
. o 5 iod:
Userspace —_ 100 = 50 —_ ] » — 4 Period: 284 .
_\_/_\_/\’_A‘I_’gg_e_ Fault ____ m - £ g0 =3 1 a0 2 E 4 / 3 Priod: 285 o Period: 368
) - @ ! E3 Period: 286 :
Kernel W W & 60 g, ", 7 303 -§ 3 ) S = ! * Period: 369
Time < 40 N {1 205 8 7 [EarlyCompletion e Dea/d"“e T2 Deadling Period: 287 * Period: 370
= et - a _ a
1/0 Stall ﬁ 20 ’,o--“’ ".._‘. 4 10 % L;: 1 ./ l.\ I o T A RS = 1 . s . . o o
c ==4 3 o0
Viemory Sl £ o0 0§ Fo i M“"""M
3 0 20 40 60 80 = >
w C h allen g e. a Foz 0 20 40 60 80 0 100 200 300 400 500
PSI Threshold (%) PSI Threshold (%)

¢ We identify the potential of Pressure Stall Information (PSI); however, no single threshold achlemsrmm balanceand a
static threshold results inonstable elapsed time

(O Measured interval stall

7 o
¢ The need for theimely detection andmitigation of unpredictable long staﬁlljs T AT T | e | °© o o e
w Insights: IE A . — © 76
¢ Neardeadline completionfrees memory for notRT applications [ . Memory delta | |
¢ Execution timeg(® )increases with stall timen a period { ) EEERE L L
w Main Idea (Proposed Method): o0 0O '?cﬁe(\:als n% of interval lengt
¢ Dynamic memory allocationGuided by the ideal stall time for each interval’ § - -
¢ Early job droppingldentify long stalls based on their distinct characteristgi:s i
(A) ReSUIt ) 22 S D S S S G ﬂ.:&»‘;\ LA S
¢ Achievenearoptimal average deadline hit rati@andimprove throughput <" (m) T GO e
Normal period Long staII occurred period

Meng-Chia Lee, Wen Sheng LivuanrHao Chang, anfleiWeiKug "SARA: A Stalware Memory Allocation Strategy for Mix&titicality Systems," ACM/IEEE Asia and South Pacific Design Aato@atiference (ASPAC), Hong Kong, Jan-28 2026. (Acceptance rate: 29.9%)
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ReCrossEfficient Embedding Reduction Scheme for In:

Memory Computing using ReRABlased Crossbar
w{ !/ C

iChiehLin Tsai, Wen Sheng Lim, Halen Hu,TeiWeiKug andYuanrHao Chang,ReCrossEfficient Embedding Reduction Scheme felMiemory Computing using ReRABAsed Crossbar," ACM Symposium on Applied Comp&#&@)( Thessaloniki, Greece, Mar2Z3



LAMP: An Adaptive Neavlemory Processing System for
High-Performance Londread Mapping

w In chaining, each read is processed wh5! ¢9

Seeds (Host) NMP Host

individually and varies in anchor count. o) Anchors (Host)
6 an
¢ As shown on the left, most reads have fewer thar e 10sle.g101746 [:_nfm CFUT®
10,000 anchors, but a small number exceed 70,0 SRR { PU2 ] 3| 27% gees = Bound by PU 2
anchors. s 8% | |EEEE D
. . . S 3 ulti-Runs < o 2
¢ If we naively assign one read per Pgny PUs will " ———_Pus l Z 13; —3 Rank?
be underutiized SoSs s =3 s o |2 eCeme
. C . . . P S © Tp PUS D RO Readd \ 1| .04 )
w InMinimap2, each minimizer is assigned tc #Seed Cross:pU | || MR (CEEE ) | e

Data Sharing

groupbased on its hash value
¢ However, group sizes are highly skewed, as shown in

------------------------------------------------------- N

Reft—:renc.:en Load-Spreading o

the left figure. i Sequence Hashing (Section I1I-B) % i
w LAMP:LONGREAD MAPPING WITH ARAPTIVE MPSYSTEM | e | @Ancters orte 2!
¢ Addresses two key challenges [ tgnment] | isomroenr o) || == |
1. regular memory access patterns during largescale reference indexing T '
2. dynamic programming (DP) based chaining under highly skewed anchor distributions S00[mHos tMEPUS — Speedud]
w Our design targets two distinct memaebpund stages in MiNiMap2 s s s m sromm] o Ko |
¢ In seeding : offloadsiinimizer insertiorto PUs(load-spreading hashing) - =N, / ‘\‘ o
¢ Inchaining : offloadanchor chainingo PUs(adaptive dispatching strategy) 1: i i i 20 / \ s
R T o
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JoLing Huang, Liarghi ChenChierChung Ho, anduarHao Chang, "LAMP: An Adaptive NBmory Processing System for Highrformance Lonfread Mapping," ACM/IEEDesign, Automation and Test in Europe (DATE), Verona, ltaly, €g#, 2026. (Acceptance r
(325/1310))Top Conference)
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FlashHD A FlaskBased IrStorage Hyperdimensional =

Computing Framework for Hierarchical Sequence Matchin
0 W5! / Q

inLiu,ChiehLin Tsai, Wen Sheng Lim, Rayg Huang, HaWwen Hu,TeiWeiKuqg andYuanrHao Chang,FlashHDA FlastBased IrStorage Hyperdimensional Computing Framework for Hierarchical Sequence Matching," ACM/IEEE Design AGaomferéoce (DAC), Long
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A Volunteer Computing Framework for loT Devices usirw

Intermittent Computing  o{ !/ Qu o e

A Observation Billions of 10T deviceshold massiveidle compute, but energy © Short & unstable idle period  "MeTfere 0T task @  precmption

Incomplete & re-do @

harvestingnodes offer only short, unstable, intermittent availability ExistingVC vetask | [---l [Nl [N} E EN

frameworksassumecontinuouspower and persistentconnectivity unsuitablefor
E H'b as edl OT -IM\M- Energy Harvesting [] Progress Recovery [I] Progress Preservation [l] Communication

L . . loT Task M I_HM’” ,_l
A Goat Enablescalableand efficient volunteer computingon energyharvestlnglo'l'rhfahnﬂvﬂeaeJI [ ] >

Y Intermittent Computing

devicesdonatingidle computewithout interrupting the primaryloTtasks s T o

VC Task I:I ""—I "_I ”_I

A Main Idea iVolunteer pairs a master that allocates tasks stochasticallywith “*# .

intermittent-awareslaveghat run VCtasksin a low-privilegevolunteermode. : ,
. . ) ) Cloud Server Ambient Environment
I Probability-based task allocation. the master broadcasts each task with Resalt 1} Job T ereray
acceptanceprobability g, a tunable one-to-N strategybalancingutilization and Master (Probability-Based Slave i (Intermittent-Aware ||
Task Allocation Strategy) Execution Model)
makespan purmeepsom— U] | Seep || cve
i Intermittent-aware execution slaves use progress preservation/recovery R ﬁe ‘ie
. .. untime 4 _ACK_ ]
acrosspower cycles high-privilegeloTtaskssafelypreempt VCtasks el F Volunteer Mode ~pog-oc~
. . . . ] Feedback <—\_ Recovery /
A Result Onan eventdriven simulatorwith five realworld solartraces,iVolunteer | ————" sesat .| | Evcution NN
. e o x,2V? ’ el
completesup to 2x and 2.16x more VCtasksat 1000and 3000devices,within 8% Result Validation Lereservation.

and4%of the Oraclein completedtasks

c .

% | O1-to-1 @E1-to-3 [O1-to-5 Mmi1-to-all CIFixed OCRandom @EOURs M Oracle | kS ‘ O1-to-1 H1-to-3 HO1-to-5 Ml-to-all OFixed ORandom EOURs MEOracle |
TS 30 T 08
=T = 0.6
53 20 5 o4
53 10 0.2
Z £ g0 0.0

8 Trace 1 Trace 2 Trace 3 Trace 4 Trace 5 AVG Trace 1 Trace 2 Trace 3 Trace 4 Trace 5 AVG

(a) Normalized completed tasks. (b) Normalized volunteer network utilization.

- Wen Sheng Lim, Chigeng Tu, anYuarHao Chang, "A Volunteer Computing Framework for 0T Devices using Intermittent Compu@ingSymposium on Applied Computing (SAC), Thessaloniki, Greece,-RIiar2036.
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STAR: HigiboFRobotic Manipulation for Memory  #
Constrained NN Acceleratoros! ¢ 9 Quc 8
A Observation  HighDoF manipulators need larger NN-based inverse ser1aa
kinematicscontrollers a singlemodel coveringthe whole taskspacegrowsto € 4006 | Entire Task Space 4./’(7{'%8’35)76
~1GBat 8 DoF; far exceedinghe smallon-chip SRANbf NN accelerators N e o— o 1024
.. . > 32 128
A Goat Enable accurate, low-latency, and energyefficient highDoF 2 ° 5 6 ' ; o
manipulationon a memory-constrainedNN accelerator Number of DoFs
. . . . Input: T (1] : Joint Control
A Main Idea STARpartitions the spherical task space and trains one e e Weigh © (DRLIC )| contie. Orp i\
. . e .. elector ontroller
lightweight PPGbased controller per partition; an absolute poseto-joint pose MRl [
r?applnglfets runtime loadonly t_he tgrget—partltlon NN for one-shot cghtrql. Ontine Maniputation | LWeEht W forT, ) (W) (W) (W) - - (e
I Sphericaltask-spaceapproximationand memory-aware DRLpartitioning (Robotic Arm) Weight Pool
i it i i Offline Model Traini
shrinkeachper-partition controllerto fit on-chip SRAM (OPU and Srmutaton = || Memory-aware Training using DRL (§ I11.C)
I Absolute poseto-joint mapping enables one-shot inference with no Requirementl) Memory-aware Task| ——XF DRL-based
iterative NN switchingduringexecution (.. mamorysize, | > () Space Partitoning [ragicSpaco Lot Controllr] | T3
precision, error)
. . . Spherical Task S
A Result OnGenesiswith 6-DoFDR\0L and 7-DoFPanda,STARachievesup ronote A = F 1} [sphericalTaskSpace
to 8.09x fasterexecution 10.93x lower energy and 128x smallerSRAMusage Configurations Spherical Task Space Approximation § II1.E)
versusthe memoryrich baselinewithout sacrificingaccuracy o ot
o 1024 EComputing time DLoad time s = , 1024 EComputing time  ELoad time s = HA"g‘es‘ffm("c""’"“f’ | m
_g 256 A 4 é _g 256 - 4 E §.§ .,,E Ma:ie::tgte:r?;:greesg) ActorModel | | Prv?babilgt: | 5| Clipped
5% v 255 £ e o s m§  3fs G T
'g éls | 2 aj E '19-0 Els T / 2 E ‘a' §§§ Distance-aware\_' Adva[nagg B Fr'ﬁ::“oj
§ : B ___———-—/ ; I-E g § : b ______-——-./ \ ; 5 5 . gg% Mu:‘;sl#:::z;r:i(;_ crtie Model Function 4, L*7(6™)
x ' ‘ < ! ' ' 5 2 = - Vev) ue Function
w Memory-rich Heuristic Heuristic Heuristic STAR 8 - Memory-rich Heuristic Heuristic Heuristic STAR 5 ‘"EE VLtlwssL"(ﬂ"}
(1MB) (128KB) (16KB) (8KkB) (8KB) (1mB) (128KB) (64KB) (32KB) (32KB) Uf’da‘*-""“del

6-DoF DRV90L Robotic Arm. 7-DoF Panda Robotic Arm.

JhaeYing Chen, Wen Sheng LifejWeiKug andYuarHao Chang, "STAR: HighFRobotic Manipulation for MemorZonstrained NN Accelerator," ACM/IEEE Design, Automation and Test in Europe (DATE), \heréwme, 2822, 2026. (Acceptance rate: 24.8% (325/13(DYp
Conference)
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PULSE: Progressive Utilization of teiguctured Techniques

w

w

w

Observation
¢ The B-tree indexing scheme suffers from sevevate amplification issueswhich significantly affect S&nduranceand
performancea a critical challenge in modern storage systems.
¢ The primary causes of write amplification in thettree indexing scheme are thmuffer flushing mechanisnand the
misalignment of flushed datavith SSD page boundaries.

Root node
Insert| [Insert
20 30
/40
Flush
Internal node & Internal node
Insert Insert| [Insert
- | Buffer 78 97
Pivots
Leaf node Leaf node
16, 29,35, ... || 43,51,72, ... 91, 102, 114, ...

Flush(N1—N3)
N1(Kmin, Kmax) = (1, 7), (11, 13), (17, 22)
Select range of N1 = (1, 7), (11, 13), (17, 22)

N3(Kmin, Kmax) = (2. 5). (8, 12)

mmmmmmme- Phase 1 ---

Select range = (1, 7)

#Overlapped Pages = 1
Select range = (11, 13)
#Overlapped Pages = 1

Select range = (17, 22)
#0Overlapped Pages = 0

o N3.Remap(17, 22)

N3(kmin: Kmax) = (2, 5),
(8, 12), (17, 22)

Root node

Insert

Insert
94

Insert
75
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= —

\

Internal node (N2)

Buffer

Insert

Insert
33

Buffer

Insert

Pivots|

Pivots
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1

Flush(N1—N3)

Flush(N2—N4)

Buffer

-+ |Buffer

Insert| |Insert| |Insert | | Insert

Pivots

Pivots

Internal node (N4]
31 || 45 || 47 [| 58 |
43

to Ease SSD Write Amplification indpsilontree
[ASP5 |

¢ We proposed PULSEmnimize write amplificationduring keyvalue pair insertions and deletions while maintaining the
consistency of the indexing scheme.
Main Idea
¢ Tracks node informatigrenabling precisalignment of flushed data with SSD page boundarasl reducing redundant writes.
¢ Chooses message subsets for flushprgritizing minimal overlap and maximizing page utilizatido reduceunnecessary writeperations.
Contribution
¢ The proposed solution, PULSE, significaetlijices write amplificatiorby over 62.6% addressing a critical barrier to SSD
efficiency and longevity.
Flush(Nz—Ng)
in: Kmax) = (33, 36), (41, 49)

Select range of N2 = (33, 36), (41, 49)
N4(Kmin, kmax) = (31, 45), (47, 58)

o Select range = (33, 36)
#Overlapped Pages = 1

Select range = (41, 49)
#Overlapped Pages = 2

Select range = (33, 36)
#Overlapped Pages = 1

Write_append(33, 36)
N4(Kmin, Kmax) = (31, 33), (36, 45), (47, 58)

[ QF

HuaiDe Peng, Y$hen Chen, Tsef§j Chen, and Yuatao Chang, "PULSE: Progressive Utilization ebtragtured Techniques to EaS&D Write Amplification inépsilontree," ACM/IEEE Asia and South Pacific Design Automation Conferend@ASEH okyo, Japadan. 223, 2025.

(Acceptance rate: 29%)



AdaGray An EnergyEfficient Adaptive GrayCode Strategy*
for QLC Flash Storage

Background & Motivation wL{ [t 9

iv[/ &d&i2NBa n 0AG&AKkOStt Th 6SIH1 SyRdNI Y Oftef Athitdtiliret K 9 U
frequentgarbage collection (GG$ powerintensive. [ oSt System |
I Gray code 1266fast writes but less reliablésray code 3444reliable but !

slower. Tradeoff motivates adaptive coding. (, Flash Translation Layer )
Address Translator AdaGray
AdaGray(FTL with two modules) Cvertoeer | | Gosster
i Access Pattern Classifier (AP€lassifies each LBA as hot/cold read & Write Via | (cuoes coreoor ] || ~<5hwe Bk
an LRLbtyle list. o , - ‘ ; J
T Adaptiv,e Block Allocator (ABAhot-g NRA U S H-cade @%Q)[blhbkséceld ( NAND Flash Memories )
GNRAGS ™ {f26 o6onnn0T O2yPSNI& CD/ M D/ 2y 6SIN T2N 4
Energy Consumption BIOCkEndurfg?A Placement Strategy
Results (vs Gray 3444) o0 p— | tign
iD/ SESOdZiAZ2YE bonodT et S Ns K20 Y rthd U 2 rocpm —
45%(6982.8mJsaved on proj_0). srcn_o ey T S 2 | e % | oo
TON} &S 30dEy (6 NK G 24810 0S TR b I
I I ~ 0 - [ Gray 1266 Med Med Med Med
read latency within ~1.5%. g _ =he el il i |

Energy Consumption (m))

- HanYu Liao, JelVei Hsieh, Yshen Chen, Cha#ign Tsai, an¥uanHao Chang,AdaGray An Energigfficient Adaptive Graode Strategy for QLC Flademory Storage Systems," ACM/IEEE International Symposium oRdveev Electronics and Design (ISLPED), Iceland, 8ug. 6

2025.(Top Conference)



Leveraging NVRAM to Improve Read Performance of L8\
tree in Hybrid Storage Systems

w Motivation ww! / § Best Paper Award]
¢ LSMtree compactionis read-oblivious,pushinghot keysinto deeplevelsand causingeead amplification
¢ Realworld workloadsshowonly ~1¢3%of keysare accessedrequently, yet they dominatereadtraffic.
¢ Bloomfilters only avoidnegativelookups evenhot keysrequire multi-level probing oncethey are compacted
into deeperlevels leadingto higherreadlatency
¢ NVRAMprovidesbyte addressabilityenablingfine-grained, per-key managementthat is infeasiblewith block
basedstorage

w Goal
¢ Frequentlyaccessedeysin low-latencytiersto reducereadlatencyandimprovethroughput

w Mainldea(TbLSM
¢ Tracksper-keyaccesdgrequencywith alightweight hotnessawareskiplist.
¢ Temperatureawarecompactionkeepshot keysin NVRAMand migratescolddatato SSD

DRAM { |MemTab'e ‘ | MermTable | ‘ MeI:Tma-ble| : | MermTable | * S . sl | 80 OLevelDB-NVM ®ETLSM ®TbLSM
nvram{  [Hot level [Databuffer |  [Databuffer] . > . > T >_ § 75
Lo (] [eml— > . sl o] [ sl | 270 A s oa =
________ < Overpaliowed —> s T [ [l T ] 5 wSFR [FUSYyOe |[m
) Warm level [ Dala:uﬂer ][ Data:uﬁer | il B _— E gg +20.8% vs LevelEBVM
! ip Lis! ip Lis >
_ e e 255 +5.2% vs TLSM
sso { L Coldlevels [“goraple | [ ssTable | next[2] next[2] m 50
________ € Nonoverlapped ——>_ _______________ - o 45 H H II H
L [ ssmve | | ssmaple | | ssmabe Key | next[T] Key next[1] 3 40 H.l Il Il II
1. Non-overlapped ————————> next[0] next[0] o« A B c D E F
Original Node Modified Node YCSB workloads
Design Overview HotnessAware Skip List Read Latency

- YiHua Chen, ¥Rei Liang, Shudan Chen, Ts&/ei Lee, WeKuan Shih, and Yudtao Chang, "Leveraging NVRAM to Improve ReadrRefice of LSMree in Hybrid Storage Systems," ACM International Conference on Research in Adaptive and Convergent SyStgiAs (RAC

Minh, Vietham, Nov. 149, 2025. (Best Paper Award)



SplitLSM: Unlocking Write Efficiency with Zo#avare =
Compaction for LSMrees on ZNS SSDs

@ Motivation wb+a{
¢ SSTableacrosdifferent LSMtree levelsexhibitdifferent datalifetimesandupdatefrequencies
¢ ExistingZNSbasedLSMtree systemsmay colocateSSTablewith different lifetimesin the samezone,causingunnecessary
datamigrationandwrite amplificationduringzonereclamation
w Goal
¢ Improvethe write efficiencyandperformanceof LSMtree-basedkey-valuestoreson ZNSSSDs
w Challenge
¢ Howto efficiently placeand compactSSTablewith different lifetimes and key rangesunder the sequentialwrite and zone
levelreclamationconstraintsof ZNSSSDs
w Main Idea(SplitLSM)
¢ LevelAwarePlacementisolatesSSTableom different LSMtree levelsinto dedicatedzonesaccordingo their lifetimes.
¢ SplitAware Placement partitionseachlevelinto key-rangeawaresplitsto improvedatalocalityand zoneutilization.
¢ ZoneAware Compaction prioritizeshighlyinvalidatedsplits with overlappingkey rangesto reduceunnecessaryalid-data

rewriting.

Selected SSTables for Compaction OBaseline DOSplit-Aware M SplitLSM
|‘Applicalmn 1] Application 2 4App\ication 3l 4App\icalmn 1) Application 2 [Applicamn JJ Loval N (Key range d-j overlaps with SST 5-7) ’q;j . - . - - -
L I L I J | J I evelN  _ _ _ _ - - - - - - - - - - - = o =

l i 'L ‘ Zone Namespace SSD Driver | SST1 : SST 2 : SST3 E %

| Flash Traslation Layer | T I T (a-c) (d-) (k-m) Z @ 0.9
lr l‘ -l 'L Level N+1 : : g -g

..DDDDDD D[E IDE SST4 | | SST5 SST6 SST7 I'| ssTs8 idg 0.8
minls] [sl= O %Sg g%% (ab) |1|  (ce) (th) (ik) || (m) S E
I — - — - - = — - - —-—————= | 5

D D D D D D D D |:| |:| |:| |:| |:| D D |:| Compaction (written to a new = 0.7

Ooooooocn OoOolioooloon zone with aligned lifetime)
OO0o0O0oodnod Zone 1 Zone 2 Zone 3 LE SST9 | SST10 | SST11 | SST12 jk e
(d-e) (fg) (h) (i) ‘
ssD ZNS SSD © i - L Level O Level 1 Level 2 Level 3 Level 4
Comparison of SSD and ZNS SSD ZoneAware Compaction Compaction Time

YouYuan Zhuang, Bhen Chen, JeéWei Hsieh, an&¥uarHao Chang, "SplitLSM: Unlocking Write Efficiency with-Z2ovese Compaatin for LSMTrees on Zoned Namespace SSDs," IEEE Nonvolatile Memory Systems and Applications Symposium (NVMSA), SingG&88r202&.g.



Mitigating the Write-amplification Effect of Largescale *
Semiexternal Graphs on SMR Drives  @W' 7 {

| Graph Algorithm (e.g., BFS, PageRank...) |

w Motivation

LargesgaI,e graph applica}ions rgquirg highpacity storage, mvakin,g §MR d[ives an qttractive §o|uti' o — ;
| 20 SOSNE FTNBIljdzSyu 3IAN) LK dzLJRIFGSa Oy Ol dza Swrita et [ oo R ]
constraint. Existing #place and ouplace update strategies both introduce considerable update e e [ cu ot ]
overhead. S A e———
w Goal | T |
e Reducewrite amplification during dynamic graph updates on SMR drives. ~ SMR Drives L
e Minimize unnecessary data movement while maintaining efficient graph access.
w Challenge % % %
& Inplaceupdatesy & NBSNAGS  tF NHS | VY2 dzfvrite 2ofstrank. | R |- =
e Out-place updatescreate invalid data and increase garbag#lection overhead. Fig 1. System architecture
e Choosing the proper update strategy depends on the current data location andpaitéer position. s age
. ( EEEED O B
w Main ldea (OEoooED GoD )
e ASUSdaptively selects iplace or outplace updates according to the wriinter and data l0cations ) ¢, ed vagnetic Recording (SMR drives
e Use mapping tables and BB&sed layout reorganization to manage updates and improve data loca
D Qv prre—
',O“’( ( D A0 -G o o
Fig 3. Inplace update on the last track m Edg ( EyDELOE ARG I}-EIZI!) (b) Original Graph (c) Reorganized Graph
(a) (b) Fig 2. Graph reorganizing with BFS algorithr

- Yi#Syuarlin, QiCheng WuChikXuan Shen, ¥RBei Liang, WekuanShih, andruanHao Chang, "Mitigating the Writemplification Effect of Largscale Seméxternal Graphs on SMR Drives," ACtdrimational Conference on Research in Adaptive and Convergent Systems (RACS)

Chi Minh, Vietnam, Nov. 189, 2025.
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CompactHDEnergyefficient Hyperdimensional Computing
on Emerging Persistent Memories

w Motivation w M

¢ HDC is lightweight and ormass, buhigh T
dimensional hypervectoramplify NVM 1/O traffic

¢ Direct dimension removal can sharply degrade T

classification accuracy
¢ Inference latency and energy are often dominated
by reads ofull classhypervectorreads

w Goal

T

¢ Reduce inference I/O cost on emerging NVMs whilg-

o

providing atunableefficiencyaccuracy tradeoft.

@
o

100%

ain ldea wb+taf{!
Store compact segmented-popcnt
summaries beside full class hypervectors.
Use summary-level Hamming distanceto
filter candidate classesbefore full-vector
similarity checking.
ExploitNVM-supported popcnt operations,
e.g., DWRM transverse read
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g go%
E
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T
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{

Training Generate random Random symbol Reference - Class Hvs / 0% 0%
—> —> Bundl 3 7 15 ; 63 127 3 7 15 N 63 127
phase symbol HVs HVs HVs undte centroids Segment size (dimensions/bits) Segment size (dimensions/bits)
___________________________________________________________________________________________________ A Relative 10 Cost vs. Segment Sizé& Relative Classification Accuracy vs.
: ' Segment Size and Candidd#iéass Count
Inferencing 5| Testdatum Test HV S| simitarity Classification and CandidateClass Count
phase n 21 check result 100.0%
___—_/-— ______/_—
3 99.0%
Trainin Random symbol Reference Class HVs / Summary of class e
e
L — . e Yo%
§ 96.5%
------------------------------------------------------------------------------------------------------- \b'----------------------------‘if--------------------- O 96.0%
95.5%
i Summary of test Segmented Candidates of the Partial o
lpr:::;:ncmg H Testdatum et Hgmmjng é similarity —)-CIaSS|f|cat|on result oo 3 7 15 31 63 127
- L distance chek Segment size (dimensions/bits)

A Comparison of the workflows of a default HDC classifier and CompactHD.

A Relatjve Classification Accuracy
dzy R S NJ | -CogrCoxistraibth

- Xin Liu, Ywshan Hsieh, P6hun Huang, Wé{uanShih, andruarHao Chang,CompactHDEnergyefficient Hyperdimensional Computing on Emerging Persistent Memories," IEEE Nonvolatile Memory Systems and Afplicgasism (NVMSA), Singapore, Augz2(2025.



GAIA: Glass -Aware I/O Middleware

w Motivation [ 1 CCAD
¢ Glass retains data farver 1,000 years without bit rgtbut read Laser head (write) Camera (read)
latency is dominated by the travel of its linear mechanical stages. i .‘9
¢ Legacy schedulers (FCFS, SSDF) inherit HDD assumptions where o L =
seek cost scales with distance. On glass, three requestsest @°§ - ? & Guarts oinee
2.5msalong X but only 200 ps along Z & \\‘ ________
w Goal B 4 4 imag focyd
cl 2¢ G2 G dz2N¥ecthhidaldaid Qaticadasafteristics S £ — t T vor Oooﬂg i
into an 1/0O policy, instead of reusing rotatiorakdia heuristics. T AT R |/ Mechanical track

@ Main ldea | | | Yl eteletotelototototeteredl 3

¢ Designglasslocality-aware data placemen(Zigzag, Zirst) that ,__, — — moving in X axis
removes directionaswitching penalties and routes requests
onto the 15 m/s optical Z axis instead of the 0.8 m/s mechanical
X axis.

¢ Design araccelerationraware schedule(SMTF) that orders
requests by actual seek moving time (including acceleration and
decelerativh) ratlier thati-By diStances

heduling Strategy

Read in X axis mmging speed up to 0.8 m/s

-----

6' FCFS
SSDF
5 SSDF+Zigzag r . =
4 SMTF+Zigzag ' e 8
BN GAIA(SMTF+Zigzag+Z-first) S0000,
3 Read block
0,
2 1&% 81% 81%
1 | i
0 —  mm Read in Z axis focusing effective speed up to 15 m/s
Small Medium Large
Glass Size

- HungYuan Cheng, Chtffeng WuYuanHao Chang, and David Hu8hang Du, "GAIA: Glaagware 1/0 Middleware," ACM/IEEE InternatidiConference on Computéiided Design (ICCAD), Munich, Germany, Oe302@025(Top Conference)
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UpPipe In-Memory Processors for RNgeq Quantification49

w Motivation wh!/ QHo X 1
¢ Limited MRAMcapacitymeansit may not be possibleto store a completehashtable on

It
¢ Dataneedsto be sharedbetweenDPUswhichmayincur heavydatatransfers

¢ Heavydatatransfers additionaloverheadsand more DPUidle time
w Goal

¢ Howto addresghe problemthat insufficient memory sizefor storingthe hashtable
¢ Howdosethe RNAreadalignin eachDPUsystem
w Main Idea

¢ WegroupservalDPUsnto dpipelineworkerg to hold the transcriptome

¢ UsingDPUfriendly transcriptomeallocatian to placethe hashtable into pipelineworker
¢ Weproposethe DPUawarepipelinemanagemento finishalignment

Time

RP = Read packet PaR = Partial result Res = Final result

' DPU, DPU, DPU, .. DPU,)(DPU, DPU,7°° - DPU,)
"""" 3
Xl:“ ............. <T8,7 kmers>

e . RP, X X - X ||PaR
/ pipeline worker %, :.,,_.._;/‘ tl | ® = = i ) Po| ';_96,,276 ------
' t,/RP, RP; X - X || PaR, PaR, :

DPU L. t;RP; RP, RP; -~ X || PaR;[T,,20| PaR, --
[0 U T T T | T11_J Ty,20
tn RP, RP,.; - RP1 : LEYY

T4 Z T6 X ¢
- g H Resl
<T2,3 kmers> - T <T8,-7 kmers> N

A
Read packets to DPUs Outputs from DPU
- LiangChi ChenChierChung Ho, anfuanHao Chang, "Accelerating RNéq Quantification on a Real Processim§ylemory System," IEEE TransactionsComputers (TC), vol. 74, no. 7, pp. 22347, Jul. 2025.

LiangChi ChenChierChung Ho, anduanrHao Chang'UpPipe A Novel Pipeline Management onrMemory Processors for RNs&q Quantification," ACM/IEEE Design Automation Conference (B#Ofrancisco, CA, USA, JuBB92023. (Acceptance rate: 23¢bpp Conference)




