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Accelerating Deterministic Concurrency Control with Log Reduction
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Abstract Deterministic concurrency control is recognized as an effective approach for distributed transaction pro-
cessing, eliminating the need for distributed commit protocols. However, in existing systems like Calvin, logging
overhead has become a significant performance bottleneck. This paper proposes a novel log reduction technique
for deterministic concurrency control that improves system performance while maintaining correctness. The key
feature of our method is limiting recovery-required information to only the final write values for each data item,
enabling the omission of intermediate state records. We introduce a selective logging mechanism that identifies
and omits unnecessary log records, particularly for read-only transactions. To evaluate the proposed method, we
implemented it in a deterministic database system based on Calvin’s architecture and conducted experiments with
various workloads. The results show significant performance improvements, especially in low-contention workloads
where traditional logging mechanisms tend to impose unnecessary overhead.

Key words Database, Transaction Processing, Deterministic Concurrency Control, Log Management, Perfor-

mance Optimization

1 Introduction Example)

Conventional Method: Proposed Method:

1.1 Motivation

Operation Sequence: Operation Sequence:

In distributed database systems, concurrency control pro-

write X=1 write X=1

. . . s . read X=1 read X=1

tocols play a crucial role in maintaining data consistency read Y=-1 read Y=-1
. . . . .. write X=2 write X=2
while enabling parallel transaction processing. Determinis- write x=3 write x=3

tic concurrency control protocols, exemplified by systems like
Calvin [1], have gained attention for their ability to provide
strong consistency without the overhead of distributed com-
mit protocols. These protocols pre-determine transaction
execution orders, eliminating the need for complex coordina-
tion mechanisms during execution.

However, a significant challenge in these systems is the
overhead associated with logging mechanisms. Traditional
approaches require logging all transaction operations and
their intermediate states to ensure recoverability. This com-
prehensive logging strategy, while ensuring system reliability,
introduces substantial 1/O overhead and storage costs. The
impact is particularly significant in modern high-throughput
environments where databases process millions of transac-
tions per second.

1.2 Problem

The current logging mechanisms in deterministic concur-
rency control systems face two primary challenges:

First, these systems suffer from excessive logging overhead
due to recording all intermediate states of transactions. For
example, in a transaction that performs multiple updates to

the same data item, traditional approaches log each update

Generated Log Records: Optimized Log Records:

vgz é;} write x=3

read Y=-1 (Only final writes are logged)
write X=2

write x=3

Figure 1 Overview: Conventional vs Proposed Methods

operation, resulting in unnecessary I/O operations. The high
frequency of these log writes creates an I/O bottleneck, par-
ticularly in high-throughput scenarios, as the system must
ensure these records are durably written to disk before pro-
ceeding. This comprehensive logging strategy significantly
impacts system throughput through both storage consump-
tion and synchronous I/O requirements.

Second, current systems unnecessarily log read-only trans-
actions, which do not modify the database state. In many
real-world workloads, read-only transactions constitute a sig-
nificant portion of the workload, making this overhead par-
ticularly problematic.

1.3 Contribution

This paper presents a novel log reduction technique for
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deterministic concurrency control systems. Our key contri-

butions include:

1. We introduce a selective logging mechanism that main-
tains only the final write values for each data item, elimi-
nating the need to log intermediate states while ensuring
recoverability.

2.  We propose an efficient approach for handling read-only
transactions that minimizes logging overhead without
compromising system correctness or recovery capabili-
ties.

3. We implement our approach as a modular component
and demonstrate through comprehensive experimental
evaluation that it achieves significant performance im-
provements, particularly in low-contention workloads
where logging overhead is a dominant factor.

Our evaluation shows that the proposed approach reduces
logging overhead by up to 54% in high-contention work-
loads (skew factor 0.9) while maintaining the determinis-
tic properties of Calvin. The performance benefits are ob-
served across all workload patterns, with 9-10% reduction
in low-contention scenarios and up to 22% improvement in
moderate-contention workloads.

1.4 Organization

The rest of this paper is organized as follows. Section
2 provides background on deterministic concurrency con-
trol and discusses existing logging mechanisms. Section 3
presents our proposed log reduction technique in detail. Sec-
tion 4 describes our implementation and presents experimen-
tal results. Section 5 discusses related work, and Section 6

concludes the paper.
2 Preliminaries

2.1 Deterministic Protocol

Concurrency control protocols in distributed database sys-
tems can be classified into two categories: deterministic [1—4]
and non-deterministic [5-9] approaches. In deterministic
protocols, transaction ordering is predetermined, ensuring
consistent execution results across multiple runs. This prop-
erty is particularly valuable for distributed systems as it sim-
plifies fault tolerance and recovery [1].

A deterministic protocol collects a set of transactions and
then executes them in a predefined order. The result of trans-
actions is always the same even if they are executed multiple
times. For recovery purposes, these protocols typically main-
tain extensive logs including;:

¢ Write-ahead Logs: Recording transaction operations
before execution

¢ Recovery Logs: Maintaining system recovery informa-
tion

e State Logs: Tracking database state changes

DEIM2025

2.2 Calvin Architecture
Calvin [1] represents a significant advancement in deter-
ministic protocols, implementing a three-phase transaction
processing approach:
1. Sequencing Phase: Orders incoming transactions
globally
2. Scheduling Phase:

timing

Manages transaction execution

3. Execution Phase: Processes transactions according to
the schedule

In Calvin’s distributed architecture, each transaction’s
read set and write set must be copied to all participat-
ing nodes before execution to ensure deterministic behavior.
This design differs from traditional database systems where
only write operations need to be logged for recovery. Calvin
requires logging of read operations because the read results
from one node may affect the execution at other nodes in the
distributed setting.

2.3 Problem of Calvin

The current logging mechanism in Calvin faces several
challenges: First, the system maintains extensive operation
While tra-

ditional databases only log write operations for recovery,

logs that consume significant I/O resources.

Calvin must log both read and write sets for distributed
transaction processing. These logs include read operations
and intermediate states that may not be necessary for recov-
ery in non-distributed settings.

Second, even local read-only transactions must be logged
due to Calvin’s distributed architecture. This creates un-
necessary overhead in both storage and processing resources,
especially when these transactions do not require distributed
coordination.

Third, the synchronous nature of log writes creates a per-
formance bottleneck. Each distributed transaction must wait
for its logs to be durably written at all participating nodes
before proceeding, leading to increased latency and reduced

throughput.
3 Proposed Method

3.1 Design Principle
Our fundamental observation is that for recovery purposes,
we only need to maintain the final state of data items modi-

fied by committed transactions. Consider a simple UPDATE

query:
UPDATE table

SET device_name = ’device-X’
WHERE device_name = ’device-Y’

In traditional logging systems, such updates generate mul-
tiple log records tracking intermediate states. However,

since deterministic systems guarantee identical execution se
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quences, we can optimize logging by only recording the final
committed values.

3.2 Log Reduction Algorithm

Our log reduction technique consists of two essential
phases:

1. Analysis Phase: During transaction execution, we
track write operations and identify opportunities for log
reduction by detecting multiple writes to the same data
item and identifying read-only transactions.

2. Optimization Phase: Before committing logs, we
eliminate intermediate state records and maintain only
the final committed values necessary for recovery. For
read-only transactions, we skip logging entirely as they
do not modify database state.

3.3 Implementation Details

We implement this optimization by extending Calvin’s ar-
chitecture with a write-set analyzer and a log optimizer. The
write-set analyzer tracks modified data items during execu-
tion, while the log optimizer filters unnecessary records be-
fore disk writes. This approach maintains system correctness
by preserving all final committed states while eliminating re-

dundant intermediate logging.
4 Evaluation

4.1 Environment

We implemented our log reduction algorithm on Calvin
based on CCBench [10]. The implementation was done in
C++, and consists of approximately 600 lines of code. For
experiments, we used a seaver equipped with an 8-core CPU
and 16GB of memory.

4.2 Hypothesis

When setting up the experimental conditions, we consid-
ered two key factors that could affect log reduction effective-
ness. First, skew in data access patterns may affect oppor-
tunities for log reduction since frequently accessed items are
more likely to have redundant write operations. Second, the
read/write ratio of transactions may impact reduction op-
portunities, as write-heavy workloads potentially offer more
chances for optimization.

Based on these factors, we hypothesize that:
1. Higher skew will lead to better log reduction rates due

to more redundant writes to hot items
2. Write-heavy workloads will show higher reduction rates
compared to read-heavy workloads

4.3 Experimental Setup

To validate our hypotheses, we conducted experiments
under various conditions. We tested skew values ranging
from 0.0 (uniform) to 0.99 (highly skewed), while varying
read/write ratios from 0

We measured the log reduction rate, defined as:

DEIM2025

Log Reduction Rate vs. Skew

100 —e— Reduction Rate

Reduction Rate (%)

0.0 0.2 0.4 0.6 0.8 1.0
Skew

Figure 2 Log reduction rate under various skew values

Log Reduction Rate vs. Write Ratio

—e— Reduction Rate

Reduction Rate (%)

0
0.0 02 04 0.6 0.8 1.0
Write Ratio

Figure 3 Log reduction rate under various skew values

o Sizeoptimized )

ReductionRate = (1 x 100%

Sizeoriginal

4.4 Results

4.4.1 Basic Performance

Figure 2 shows the log reduction rate achieved under dif-
ferent skew values (ranging from 0.0 to 1.0). Our results
demonstrate an exponential relationship between skew and
reduction rate. With minimal skew (0.0), we observe a base-
line reduction rate of 9.46%. The improvement is modest for
low skew values (9.39% at 0.1, 9.87% at 0.2), but then shows
exponential growth as skew increases, with particularly dra-
matic improvements in high-skew scenarios (40.71% at 0.8,
53.86% at 0.9).

At extreme skew (1.0), we achieve a near-complete reduc-
tion of 99.99%, though this represents a theoretical max-
imum rather than a practical scenario. This exponen-
tial pattern can be attributed to the increasing concentra-
tion of write operations on a smaller set of hot items as
skew increases, creating more opportunities for log reduction

through elimination of intermediate states.

4.4.2 Impact of Read/Write Ratio

Figure 3 illustrates how the write ratio affects reduction
effectiveness. The results show a clear linear relationship be-
tween write ratio and reduction rate. At 100% reads (write
ratio = 0.0), we achieve the maximum reduction rate of

100%, as read operations can be completely eliminated from
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the log.

As the proportion of writes increases, the reduction rate
decreases linearly, reaching 36.38% at 100% writes. This pat-
tern aligns with our expectation that workloads with more
read operations offer more opportunities for log reduction,
as read operations do not need to be logged for recovery

purposes.
5 Conclusion

Traditional deterministic concurrency control systems suf-
fer from significant logging overhead by maintaining com-
plete transaction histories. This paper proposed a novel log
reduction technique that selectively maintains only the final
write values necessary for recovery while ensuring correct-
ness. Our experimental evaluation demonstrated that the
proposed method can substantially reduce logging overhead
in low-contention workloads while maintaining deterministic
execution guarantees. Particularly in read-heavy workloads
with low skew, our approach achieved a baseline reduction
rate of 9.46% under minimal skew (0.0), which increased ex-
ponentially to 53.86% at a skew of 0.9 and reached up to
99.99% under extreme skew (1.0). For workloads dominated
by read operations (write ratio = 0.0), the reduction rate
reached a maximum of 100% as read operations do not re-
quire logging. These results highlight the potential of intelli-
gent log management to significantly optimize deterministic
database systems without compromising their fundamental

properties of consistency and recoverability.
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// RDB ICNF 227V

Ti(x int, y int)@rdb =
(SELECT x, y FROM A)

// FFaXYFDB XT3

T2(x int, z array)@mongo = {*
db.B.find({$1t: {x, 10}}, {x:1, z:1})

*}

SELECT T1.x, T2.z

FROM T1, T2

WHERE T1.x = T2.x AND Tl.y <= 3

© 0w N O s W N

=
o

X 1 CloudMdsQL ® 2 = f

SELECT gt.id, kvt.value
FROM KVS AS kvt
GRAPH_TABLE(
MATCH (m)-[]1->(n)
WHERE (m.id="D1")
COLUMMNS (m.id AS id)
) AS gt
WHERE kvt.key = gt.id;

0 N O Ok W N

2 Wong 5027 TVl
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1! https://neodj.com/

2 I https://neo4j.com/docs/cypher-manual/current/introduction/
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REFBEHROAE S 7 F—XN—ATEML, MIET 55— X
BEF—ANY2—A M7 TEHTZZRRERELTVS. A
T I7F—=RDE ) — P E—RICHBINT 272017 4 7 4
%, /—FID, 74—V FHEHVWT, V97T —XRX—D
J—REMETBF—XBHMOTTVWE, 22TV F 454
LT NVESEEBKL, Person £ W5 TN X7
J—RDLYF 4T 4% Person ¥72%. il Z1Z Person X)L
PIE5ENTE —FD Age LWVWS 74— REF—NY 2—2
b 7 THEDOEE X Person:l:Age ¥ \Wo 7z F—T, 77 75—
ZNX—ZD Person / — RO oNn3.

3.1.1 F—ANVa2—X 7 DEES VT v IR

FANY2—ZA M7 F-THVEDETHEEZEET S L
WO IEEICY Y I WE bR DA ERD. 2079,
RDB D X3 ITHMEINTWAET I 4 VR YT T HE 0o
72 &SRB EDBWEDENHEKR Y., F—NY 2 -2 +7
WKLY a—FT4 YT RR=UDPFREINTEY, F—%2—F
WRHEO U TW3 DX ID TH 5. L L5 EIEARARETH
B, fEPS ID ZES T2 Z e idtikizwnw. 22Tty 74
T4, 7axXT 4, [HEOHAEDED S ID ZEUSG T 25
DX —%2ERT 3. <V T4 T 145> <ID>:<TORT 44
SEWVWHF—ITHL, indexi<TVTF 4 T4 > <TRNRT 44
><fE> WS F—EIERL, ZDF—DfHIZ ID DES E I
T5.

3.2 X¥X—VEHE

REF— ZAR—RZE D57 — X EHREMNCHES 129,
U-Schema IZEDSWTHE T —ZR—ZAD 2 F —< 2 HB LHKEE
AX—EERTD. M3DEII, MAERF—< &7 —X
NR=—ADRAF =< ZNEFNHEL, Zhb it Eizid~—
VEBILIE0T, BLYTATADEDTBRTADED
F—ERN—RALZGFHETZ2O0EEETZ. X512, TRLHDR
F—<hovy VU rHE (K4S 21ERKT 5. vV
HEX S04 7407074V L= ay sy TH,
POF—EZR—ARME SN TWEDERT X RTF— X E{RE;
T2 UFOXIRETULTZZe0TES

DEIM2025

M:{élHEh 42'—>E2,...}, (1)

2T, L IETR, B BZED IRV T 22T 474
HELTuRTAEHRY L —Ya vy FTRELDEERE
4. BRI, B 0BFEFEL LT

Ei = {(em‘l, P1, Rl), (entg, P2, Rz),} (2)

DESW, TVT 4T 1%ent, 7TORTAHLEP, VI — 2
VY TEBRESUXINVPUSHEEEREST 5. S rs
TAEEPIIX

P = { prop— (type, database), ...} (3)

DEIZ, prop X7 8T 4 % (Bl urd, Age 2 ¥) KT, T
bbb, TuXT 4 I 7ETATERINS [F— (Fr8
TA4%)) KHETEILFIITH L. 22T, type i 7087 4
D7 — X BPREEZ R L, database 1 graph, kvs & W\ o 721
BOT—EZR—2L0MENBEETHD, 2D T 087 4
PHEHENTVWETF—ZR—22—E L TRY. £/, VL —
Pavyy TRERIE, =Ty I YT 4T 4 BEILT
BE Ly VORERPESWIMICBHTEZ XSICLTWVAS.

3.3 JITVESIHEZ
RERT LT TV EFITT R, /=R IdRky
DOEERREI LoD, 20707 4 BEDF— XX — R
BINTVE2RISLTIZ Y 2EEZ 2. LR 7—
REFNAERERET T 7B o TWbld, AHENhd 7T
V7o) eind. ZOEEMZIICYEZ-TE, THE
MENTe=y By IRFEZSBRLTE T 0T A BREDT— X
N=RIHEHXN TV B 2RET 2. ITTIE, £20EMKEN
BN RS,
1. WHERE @&
o TONT 1 ZEDERMTDOHIE:
WHERE i TSRINZE T 07 41200V T, T v
VY IHETHOTE DT —XN—RIFET 2 00%
B&E3T2. dL "graph" KEENDIHS, 757 LT
BTG 2 Z L 2SA[RERR 728, 7 = U NOEHi %
ZOEFERT. —7, "kvs" KEHINL TV RHEE,
T 7 WEEETaRT A BRELRWZD, F—N
Va—R 7L OEENNRETH .
o F—NUa—R T7DAVTvIRER:
kvs ZH 27T 4 DHE, £F F—NYa2—X}
TDAYT v I RAFZ—2ERLELE TS5/ —FID D
—BEERIUST 3. fIZIX, (p.age = 30) &\ Fi
HADYE1E, index :People:age:30 T ID & %W
Abhy, ZOE (F: [1,2,5]) b &1Z Cypher 7T
Y ® WHERE f %
WHERE n.ID IN [1, 2, 5]
DIICEEMZ 5. ZHIT & D, Neodj IZIFTFAEL R
Wage 7R%7T 4 OO DHIC, ID ZHWEZTT T b
FN—YILAREIC 72 5.
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1 <USchema:USchema xmi:version="2.0" ...>
2 <entities name="People" root="true">

3 <variations variationId="1">

4 <features xsi:type="Attribute" name="ID">
5 <type name="integer"/>

6 </features>

7 <features xsi:type="Attribute" name="Age">
8 <type name="integer"/>

9 </features>

10

MaRF—~

1 <USchema:USchema xmi:version="2.0" ...>
2 <entities name="People" root="true">

3 <variations variationId="1">

4 <features xsi:type="Attribute" name="ID">
5 <type name="integer"/>

6 </features>

7 </variations>

8

7IIAF—%

1 <USchema:USchema xmi:version="2.0" ...>
2 <entities name="People" root="true">

3 <variations variationId="1">

4 <features xsi:type="Attribute" name="Age">
5 <type name="integer"/>

6 </features>

7 </variations>

8

F—ANY2—XA T AF—7
M3 HERF—<DH

1 "entities": {

2 "People": {

3 "properties": {

4 "ID": {

5 "type": "integer",

6 "database": "graph"

7 }

8 "Age": {

9 "type": "integer",

10 "database": "kvs"
11 }
12 },
13
14 1},

X4 ~v ¥ ZEEDH

2. RETURN ADOEFHRX:
o TONT 1 DT DHIE:
RETURN AJ CHEE N2 7187 4 (fl: m.Name) &
DWVWTH, vy By IHEE SR L URNEOHIE R
115.
e USTT—AR—IATEEITREBLF—NVa1—2X

DEIM2025

k7 TEIR Y BEE:
"kvs" WXH BT RTADEET T T TIEX /) — R
ID(m.ID) ZWZRFT LIICHFEHZS. V74
TATaRTLIZHOITH L7280, 77 7 DRE—
Yy FTE5ID PHHETEF—NY 2 -+ 7
POFYTEEEIGTE2Z e PARETH S, —H
"graph" IZ® 25 EIEE R 2 HEZIRWV.
3. JILVERITLRERERSE:

o JZT7UT)RT:
EHXZOMRE LN/ Cypher 72V %, 575 —
ZN—= 212 L THITT 5. RETURN AJOE Sz
12&D, BoTL BRI 7 7 LoARFES 2 T ux
74 OfEH» ID TH 3.

o F—NUa—XFTHEVEDHE LERS:
RETURN AlIi2BWTID ZiRT XS IcHE &2 /-7
287 4I1I2D0WVWT, F—NY 2a—X M7 IZBEVWEDE
THET 2EEEEGT 2. ID XV R FTIRE N, B
HHHEEID OB FF—NY 2—-X T DF—%
ER LW EDE S, BIZIX, 75 7T —ZRX=2h 5
BRoTE/=m.ID 2 [1,2] THBHE, Movie: 1:name,
Movie:2:name & \Wo 7z F—2fER L, ZNZNDHE
ST 5.

FREROFIEIC LD, a7 1 DIEMHFEIIE L T WHERE 4]
% RETURN f]2 0 H| - FEMZ L, BELRSLF— NV 2 -2
FTDA YTy 7 AR 1D #ERIT S AN EH IR 3.
FRELT, 2—FREDTF—ER—REDT— XD H 5
Vo kT —RBEERERT kL, Blhrd—D2DF T
7 %o TN BHD K S ITHEBBINTEE T — X RX— TS
57— RERIGTHIEHNTES.

3.4 T—RARAIL—>3>
FEEOIZYT 4 TARETDRES T L BT, 7—& %
B3 57— XAR—ZABTEHRICYA L —aryT5Ieh
ARETHD. T, HEZZVT4T74DTART 4 EF—N
Va—RAFTRBT 57T —RR—RIBT I TT 7k 25
WEEFEL Lz, HEZVEFIT T T T —ER=AD 5 F—
N2 =X 7 "B e TRENBR7 VR A ML=
EREMN. XEE72DTH5. IFNTIE, 20—#HD~ A 7L —
¥ a VEIfEOTRNE RS
1. IyEYIHEDBR:
ATV =T a VIR DB TaRT 4 BPERERNINT
W F—RR—=2%y Y IHENSTIGL, ~4 7L —
T avEDT—RRN—-RZMRT 5.
2. F—AREGE:
<AL= a VTED T — RR— 2T 0T 4 HBFET B
BE,ID 2 07— 2 %RET 5. 72 213, graph—KVS
D<A 7L —3arTIlE, (People:IDValue:name) D
F—WRTF—ANVa2a—XF7ICEZRAAL, 8T
index:People:name:value L WHEDA VFv 7 AF—
W ID 2853 5. #AHM (KVS—graph) T, F—x
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Va—Xb+7556 1D Lfiziialh, 207107 1%L
ID THRELEZI 7/ —RiF—2%2EFEAL. DIRD X
57% Cypher 7TV RHWBZ 2T T 757 —RRN—AAN
DOEXAADTHONG.
MATCH (n:People)
WHERE n.ID = IDValue
SET n.name = value

3. XML —>3>mdT—20HIkK:
ATV —= a VDT —ER—AZE->TVWEHW 1
RTAFHIBRL, T - X OBEHELABEEZIC. 2,
graph—KVS OHFE, F—NV 2 — 2 b 7AE ZIAADSE
TLELZI7F—EZR=2 D77 1 BHIRL, ¥
HED<A L —2a yOBEIIEF =N 22— M7
SUBENTET LT —2DFxF—2 A VT v 7 A% —%HIkR
T5. ZHAREDT—XDEREZIE, 7 —XETLLK
L TTF—2o—EME R

4. IVvEVITBEOEH:
BITRIZ T 08T 4 OSSO EITHE T, v v e
FEEICBI) 5 Databases 74 — /LR EEHTE. 7z X
X, graph—KVS NOBATOI LI HE, 2D Ta 87 4
@ Databases 7 4 —/L K5 graph ZHIFR L kvs Z B0
T35 ZAREDBEIEHOT—AEBEEZRML7v v
VIURERRRT 5.

LREORT TRBUT, TR~y ¥V IR EICH
B FEBITTEL0, MEETLVIINT 2FEED T —
ZEtEZ —EH L TR LKt o nd. SHEETCHWEDE LN
5707 477 7ICEEL, I AYBIRINZW T TR
TAEF =AY 2R b7 NBEHT 2 2 Vo 2 BEIRELD E
ZAbhs.

4 5F i
REFEOMRILD DT Go 1.23 2 BHWTEERZIT- /-
7277 T OMXEN 21T 5 /¢—% —1F antlr 4.13[9] =M

WTUEILR LT &7, 779 75— X X—2R1& Neodj 5.12 %
AL, ¥—2~NY 2—X ;7% BadgerDB 1.6 * ZHW\7. ¥ X

| {25 —TT—2R |

5 YATLT—FXTT7F %

3 I https://go.dev/doc/gol.23
4 > https://dgraph.io/docs/badger/

DEIM2025

TLDT —F T 7 F ¥ %K 5ITRT.

FHAIC BV TIE Ran 51T & » THRE X 117 Polystore system
DFHlI 7 L — 27 — 27 [10] 12 & 2 BN Rl %17 - 7=
4.0.1 7V —2179—27%FW7-iHi

ZDT7VL— U= 3 BEN, B, RN, EEk, R
o5 oOKEE»SR D, FHEK 2 DX 3 oD/NEE %
o, £EHOFMZ Tan 50 ESHEI N0,

£ 1M RE Z e 7. F/NHER 3 BB CIMEL TH
D, L FEOFHIE [10], 1] IS TEXRTWBFHEZ5 A LT
W3, BEFERZ 2 DO LEBEFEO TN U TG Y 72 5
fTo7=.

A BEMN

1) T—2RA+TOREMN

B TIRA 2T —AR—RIIT T T TF—RAR—R 2 F—N
Va—APTIZEE>TWA. 772, U-Schema &7 DAtiiz
RDB ¥ FFaXY bF—&R—2R, # 5 LHEHHF—EZR—2
EYR—-—PLTEY, TWSEHR—-bT 2L HRT ST
ETH5.

2) MBIV YOREM
BF—RZRN—2ZDNHL Y Uy RBEHEHFHLTED, 25
DIFEE N ZHIR T 2 Z 2 3%z, Z2hehoxy Y Vidds
FTET—RET N L TRELZNTNS

3) JINVAVA—Tx—ADEEN
T—RETARENT T IEL R TWED /I 7T
VEXLVELT, ZOEBRTEF—NV 22— T7ADT &
AEPHLTVS. 20D 0 57 7 —ZRXR=APHNDT— X
R—=2ABF2RET 5653 Cypher DXIETHMT 2 HEH
H5.

B. B

1) EEoBRY
@ﬁ@?w&&wxﬁﬁmuﬁ%?%ii&ﬁ%%ty%u
FZREMIELTEL T, 77— XX—2XDBIMPHIRE &S5 I121T
5 Z kR Y. 72 ) OMREIT S BRICiE~ v ¥V UEEE
ESRLUTHRDOT —XR—RAEREL, BERT —XN—2
WKCDAT7XRAT3. Fiz, v v Y IHEREEI~vA L — 2
VHRETZCRENCT v ST EhB.

2) RT0OBEEY

BT —RANTZWEAAT 4727 ) 20 —hNVICFEITT B8
HTHBD, 7V —2arhroDTHERZITIZ I kL
FEITT B KD,

3) EtoBE#EYE

BT —=ZRN=ZRZH L THEDA VX —T7 =2 —2% 52TV
BZDAT, FRNHDNAN—Y a VIZBRELRZW. ZD77D, %
T RR=ZFER 7 v FF— P XN THHELREEXE 3
ZEDARETH 5.
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C. F#i%

1) AF—TDFHMH
A—HF—FEROHMERF—<FANT A MNARETH D
BHEF—ZAR—2ZAZAF—<F 2.1 THHALLZ LI KT —X D
L3 5 Z ¥ HATRETH 5. U-Schema 1 Athena[2] ¥ W5
AF—<HRESSHEIREINTEY, ZUEHVWSZ LT
I—PF—ERORF—<ZMEKT 5 Z LD ARETH 5.

2) 132 —7 1 —ADFHH

W 27— 2= 2AOHEE IR 2 Z 23w, 57—
RR=ZAPZFIANLNE 7 ) LB NS 3 Z ¥ HATEE
Th5. 1—F—EHEBBOMLBIIITS Z Ak nW=0, &
HOBFEL T 5.

3) T—FTIUF v ORI

AV R—Tz2—ARFHEDI AT LTHZHEIEL, H
PO H LB ES 2 —bENT—FT7 7 F v ThH 5.
U-Schema Dt 7 0t A 25EHFTRER DITREED 77— X N —
ZABFRONTED, AT —XRET NV TRRESE T — 2R —
2B F T 2 IEOIHIREED R F —~< % Athena TEHKT
ZREDNDH 5.

D. &@

1) (IEDE R

I—HF=Z7 VNIRRT —XDOFRERZIHRT 2 0681372 <,
2 —H#& Cypher 7 =) T—HLZWEDEEITV, BHT
YDOF—RZR—R (F—=NYa2—R N7 /2757 DB) »ofEE
ST 2 00% & 27 LD HBIFNHIW S 5.

2) BEIDSEENS
F—RZR=ZED< A L — g dFaT 4 BAITITS
ZEDHRETHD, v v ¥V IIHETENAZTLORGEHL T
W37, -7 —RXOHCHEEEREBR TSI e ki~
A7V =2 arEITS ZLDAHETHS. SBMERAF—<%
b IR EEUR L, Bk~ A 7L —> 3 ¥ 2ifThbihd
EOWHIRTFETH 5.

E. BE%

1) EE7 7 VORENE
HMBBATOTF—&X< A L —2a B R—FLTWVW3S
B, 7TV RT3 ETEINGR T -2 B P~ L —Ta
YEBERERTORV. L L, SlofiiHEmiciEoun -8
B4 L= avEREL, 72 ) ETOBRICY, L —va
YEFTLLHLPUDRERT - XMEL %3 Z e R HIET

2) T—AREOREN

F—ZR—ZAWTDA L — arBnFas 4 BATH]
HETHB. HBIC 7Y XN B a7 11% Neodj ICECE L,
ZOTRHRVWTBARAT 4 3D T —ZR-RICHBELTEL &
Wo 7z X5 REFLATRETH 5.

DEIM2025
KIER |/MEH CloudMdsQL|{ Wong 50 |{REFX
R

BEME | F—-X AT & i fest]
MYy 53 53 =
A oExTz—R | FLSH] 5

B | HiE & %
FAT % % 1%
AL iE & &

FMME| R F—= % SEBt 5
L YR—7 x2—R | il % B
T=¥70Fx% |l HiE HiE

B | 7 iE iE % &
E o] % &

FoE k| e 77 v o] % %
7 — Xl HiE % &

£ 1 FHET L — b Y — 21280 EFROLR

PTOPwhere | PTOPreturn | PT'OPotherwise
RHE (1) BadgerDB | BadgerDB | BadgerDB
REE (i1) BadgerDB Neo4j BadgerDB
IREE (iii) Neo4j BadgerDB | BadgerDB
IREE (iv) Neodj Neodj BadgerDB
N—ZA74 Neo4j Neo4j Neodj
£2 BA L —vaVIREBICBIT 27— XEE

4.1 Il —>avic&3 T UNIBEREOZEL

EX 3
J— ¥ 1252
v IO 3231

J— KOS~ | 15
Iy IDTNNVE | 12
% 3 LUBM 7—ZXt v hOREREZ

LUBM[5| ®F =&ty VT, T—ZRX—-ZAMTO~
ATV —=2ayrEiTH5 28T ) OBz BRI E D
EIRENRTZ22EHEL~A L — 3y ORREFL
7z. LUBM B R#ZDMBEELEH 2R L5 77— &
t v FTH 278, Neosemantics [8] &\ D 7T 74 &G
L, RDF RO 7 =& % a7 1 75 788U TR L.
TaRT4 T 7 LEBOT Xty hOMBERER 3 I
AT, ZZVIZIFEEDO LUBM DT X ) W 7
ORT4DT 7 LRAZBWTF vy ¥ aDHERIZ 57291
WHERE fli BWTHEA XN 2 5HROEE 7 > & LICERES
X512 L7% w4 7L =2 a v olREIX (i) @ To e T4
D7 — &7 BadgerDB 12 % % 1K8E, (i) WHERE AJ T7 7t &
b7 —&I% BadgerDB iIZH D RETURN #JT7 7 £ R &
%7 — X% Neodj 12 2 IR, (iii)) WHERE AJ T7 7R X
35— &3 Neodj 125 D RETURN AIC7 7 £ R &M% 7 —
&% BadgerDB 12 ® % 1K#E, (iv) WHERE fJ & RETURN 4]
T7 72 AEN 535 — XM }H Neodj 125 2 IREE O 4 FSHT
»%. WHERE A T7 72 2 & N2 70T 4 % propuhere,
RETURN T7 7t A &N 20T 4 % propreturn, €1
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WD T aRT 4% propotherwise & L, H~¥A4 7L —a vk
BOTF—XEEZR2IRT. JZVE{EIA L —>aryd
KT YR ARIECERL, zhz2ho s =) OUIERR &
ZORNREFHHL, ~A4 ZL— a YOIREZ LI EE K
B 7. FATRR D NERIZ, Neodj TOULFEKER, WHERE A] T
7 7t 2 &N 3 BadgerDB OUUERERE, RETURN AJCT7 7 &
2 &% BadgerDB DILIREER, Z DD+ —N—~y R TH
5. R—A5A4 22 LT, 77RAINBEVWTF—ZHEDTE
T Neodj IZHLE L7=IRRET Y =Y 2 ET L 25A OFE TR
4 46.44ms TH o7z WEDREREK 6 1ITRT. ¥4 7L —
> a YOIREBIC X - TAVEIFEIPSZEL L TE D, (i) OIREDORE
D b YU 235 <, (iv) OIRBEDRED R B YUEIFE AR W
T D i, WTHLOKRBICBWTHIR-ZF( V%
EED, EElbEhTw3

s Where Time
vs Return Time

g
x5z
°2zz%
3
»zd

o
K
3
K
g

40

Average Execution Time (ms)
&

(i)
Migration State

M6 ~A47L—arDiREicks 7 ) ILERFOZ

5 & =

A=Y avick b ) KR OB IZ oW TEE
T3, RERTE, 7TV 2FETTIH0IC4EEO~Y L ZL—
aYREBOWIT N EHEAL, v 87 4 BT Neodj &
BadgerDB D Y6 HI27 — X B PR EE L5 A TERED
7TV BFTLZOFETKEZHIILE. 2o % FXRTOS
187 4 5 BadgerDB _RICHRE L7 RS R R D87 4 —< »
ARz M, JZYVTT7 7R INE2LTOTRAT 4 %
Neodj ICHLE L7z KEE TR DIEL 25 2 WO MR EG2. K
6 WR L2 EITRRIONER%E B2 ¥ Neodj DSFEATRFEICK &

MER52TED, IREE (iv) Tl Neodj DFEFTHFREIAIA Z <
AL TW3. —4, BadgerDB TOFEITRERNIIER IS/ & L
EIE Oms IEWEE > TW3B. KK, 7V TT77ERAXN
22TDT BT 4 % Neodj 1218  JRB&IX, Cypher 7=V D
HEWZIP T —XFAOEEIRREINZ 720, b EEICH
fET2 e HELTVZ, Lo L, ERERTED LAREDHE
REZ R U7z, $BEFEHTS “WHERE p.nsO__name = ’...°7
% “WHERE p.ID IN [...]” IZFH ZH#12 2F¥EHY, BadgerDB
o4 v 7y 7 2R2IEFICEBITEATE TV 2729, RN
12 Neodj I2BT 2FMED 7 4 VX% 6 3 HEERR L
Ezioh3.

DEIM2025

LoL, ZED LS ICETH a7 1+ F— &% BadgerDB
WCHALE 3 2 HIEE— b TE 3 LIZR 53, Neodj 127 7€ 2
ENBZTuNTARRELTEBLLADBRVWEEbHB7E55.
T—=EARN=RY Y —=ZDRRP Iy bV =T RRIC Lo THH
F—RR—ZADNRT +—< Y RAFZT 370, RdEREEI
Eb3. IRLOEZREREMCEE L CRMELEEBZERT
ZZEYDBEETHE. ZOHIIOVWTIE, SHROER LM E
TV, WTHIRE X, T EZRN—XMTT—XDELEEE
W22 T, 7V ONHEFICKERFELr 52 5D

MWTE. BEFRIZOL>RT—EZIA T L —varvk
PR=-—PLTVWE%2D, 7T VIR ZEHT 2 2 W B
T7— XA & mol bk 2 FTREED D 5 .

6 HH DI

U-Schema Z{EFH L7z A F—<EHEIC LD, Hi—Hk7—%&
ETILD T T VI XS polystore system DIRREIT- 72, ME
AF— BT —BR—ZAZAF - by ¥y 2 EHT
ZRHEERERL, MEETNTH B 7 7EED LD
DT — BN — 2R E N TV 202 ERAEEIC L. Z2h
kb, JZVAERICIE vy Y VRHERSIRT S TAN
IR 7772 ) BBEENICEZRIZ I PRS0,
I—F—EHMEN T - XEEPERT AR 72T
ZZeDARETH 5. HERFIETIE SQL 74 7 L SEE 1R
L, ¥ 77TV TET—RRN—ADIA T 4 77T BRARL,
ZOMRET =T NIHEHLTAXA 72U TRENLHE L T
W BEFETWE I 7772V AT LTYRT LD%
T—=RR—ZADAA T4 T 7TVICEEWZ S, ZD7D, it
KFEL B L OEBREOE W 2V UWERERXATH S
F, BEZOTF—XETNVOFTCHRENEEBER2FES 77
T=RAR=RAER=R LTEY, 77 AHEIR SRV &
DRI T U DARETH 5.

FeR2 AT L — a3 T aT 4 BT 2 2 DSATRE
ThHD, 7y BV /HBECTT - XBEPHEERT 22T
<AL=y a vl — Y- sRBEINTE D, ElEW
WKIThbisd. {ERFETIET —ZR—2BO~ A4 L —va v
FEYR—- P INTOWEPo 7, RICT—EZX—XED~1 7
L—>arypMTibh 258, Ly —&EEiffegTtr
VEEZMZIMNENRDH . MEFETE -y BV IHFEICT
TAREEZEELTWE D, 21— =137 —XDBITICH
LTE#MTA2Z B —HLZ7 ) THEITT L5 Z L HHRET
H5.

7, FToRIRA L =Y a itk F—REBERELT
AAREMEZ R L. F— R R— A TF— XEBE2LEET 2
T, 7)) QU REREEEREX 2 Z e DR T &
7. 228 THIN LAY I 7 T —EAR=XZHR-PFL T3
polystore system OIERFEIE, T —ZXN—X[HD~ A 7L —
TarEYR—bPLTOWARWED, 20 kS REE(LorTEEN:
BV, ZORIBWT, BREFIEOH RS L b #
NEFETHLEEZD1E55.

-1C-02 -



1C-02

SHBOFEL LTEUTHRET SN, HIDENR~A
TL—arOERETH L. HETIIFMRZBEATO~ A 27
L—ya Y R— P ERTWED, ERICZ 2V OSEER Y
PHEALTRER T —XEBIIA L —>aryT5551
3725 TV, zkﬁ%“mifﬁ”f\wmnomﬁ BigDAWG [3] &
W5 polystore system IZBWTIE, 77—~ AL —2are
fTo Tk BRI T) F5 U2 RIRT 2 Z e AAREL 25T
W3, BEFETE Y OBETIREL, PO7—XEE%
BEICLTBELZETEDRWI Y 75 VBRSNS &5
W7y 77— 352 2HBELTVWS.

R A T L= a YBIEFRITE T Lo 128D 7 >
Broa vBHETHL. <AL —a YORPTASOH
H Gy by —2@EES — FEE 2 L —-VRERERER
Y)Y WZkoTvA4 2L —v 3 /ﬁ)ﬂi.%wf&Tbtﬁz’)mt»zn,
FIREETTF — 2D T D F — B R— ZIER RN E ZAE N T
Wb, BE3VEAL Ty 7 ARy VY IHEENTES R
LD SRR H . 2D XS RAROHREICH LTI,
URDES5 Mo H oo a vEMEEZZVEND S.

KIHET —RETFVDIEFRTH 5. HEFHETH 5 Cloud-
MdsQL i3 3 O F—XEFALEZHR—FLTED, ZOH
WKBWTREFIERES > T3, U-Schema 255G % 7 — &
EF M SEIOERETHWZEF AN 3BEOETF L E
HFR=PLTVED, ZALZIETGEML TV E 0.

A2, JST CREST JPMJCR22M2 DX 1B% 21772 D
TH53.
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HoFEL EBT—XEIEL, MLy 7T —X20MT 5 2 I X2 EBOUEE - #i7- 72 HERFE RA DR
FBEOTVE. ZO XD RONMTIXEFTPHEWCEMIND. EiHlE, BT LBMERT -2 X—20K 2 [EffER
EIIDBETIERL, ZREIDDBLRARVRAOBEINKD LN e DD 5. RisLTlE, RrIMECAHNERE HD
AL Z LI X o TG Z BT E|ICN T 28R Z @R 3 2 7N 2 BIfE RDBMS TEEL, MiEs 5.

F—T— R Fok~—2, %I, EMEEE

1 L &®IC

Z < ORFECHMTIE, HAMALRERT — 2 BERE N,
ZFLTEE - EFESNTRET X 20T 5221k oTH
BOWERLH -2 ABAE RIS E o TWV5. EHT—X
DEM - HHIIIHE T — ZX—ADELFIHIhTED, Mk
REFHERRAME, RMER CEFHEDO M EELEA I
PBErING. FIZR, NEETE, HX2ORD EFPHIRET
L8N, AP NELEUNHES 25, BAOKERERE
ZHWT, —HOED RIFRE, TEER, REBFEOEWRIL
EEHADEL XATWS [1]. ZOBEIHEA V&5 754
TWEMEND ZPEL, FOAEIIET —ERN—RAIZEHX
NlTF =R L, EHIch4 REHERIENETSh D 2 L
BRDHND.

R REHMEET BT T, IEMEREL SdickD 27— &
N R OBELINE S ECERIRR ST &7 [2). (K&
HDD—DIZRTDH YD, HTH BF-tree [3] 1FZ OB
T=RRN—ATHHEINTVS. BT-tree JHIFME % ZHRM
WAITA S AU v bA3D D HEEF I ELREIF O 7 — 2 % mH
WIRRT2BICENMTHS. LrL, HAX¥EHT— XA -
BHEIND LT, 25 LTHALLEEB T - K2R L
LEETH OGS, RKIDV A4 XHWKRELLD, HFIEDY -7
R=VET/ — P23 e MRREHAHERT 2 & 05 REHIE
CTW53.

A YR T 4 TRONICBYT 2 EELREMEN T2 EE
L7zFfic, EMMHIEST LIDBETIERY. 25 LA
EHL, [4 5%, BEFD Br-tree REREF I /) TR %
Hirte Z & TR E € D ®E#EILTFE (Synopsis-aware search;
SAS, Synopsis-aware search plus inter-attribute correlation;
SASH) ZELTW3S. SAS X, BT-tree D/ — FIZF
fii/ — R ORKIE, &/ME, GHE, BB Vo HEHERE
TR LTHRiZETELHTB tree DY —7R—I %
TillsFed, AHEZRDZ ZEMNTE S LWV SAMUHWE
BFIETHD, SASHE SAS RESH, HEH J7 LHOMH

BzERL TS 7Y RAOFMAEZIVE T 28 EEFiE
TH2. RFXTIE, 4 OMREREZE, ¥HT7—X0&E
- BHIAFAHIN TV RERT —ZR—AS X T LTH
% PostgreSQL [5] 123 /) I A HEAATZR 5N & 234
BRI (SAS, SAS+) ZfliAA, fErEEL, H—RKiH
THMERICIZ, KD-tree Z W TRHGZETMWEDEI
N UTHREEL =,
AFLDOHEIE, UFO@ED TH3. 6 2ETIE, FEFEHE
L ZOFEICOWTENRL, BLIETE, HEEZELIZTVIC
W52y P RHAARENT & BB AB IO WTEL
AT 2. HaETE, EEHFRCOVTHRR, 55 FETIE, 7F
iRy, 556 BT, SHRICHNT-HE L FREZIZOWT
D3,

2 EAEXHE

T4 VoHTAUE (OLAP) [6] XL nHis = U AL
X, I VYT ayF— RS TN EEEE AL X
BEDIELMREINTELDHTH S, ZORBMEEE R
EXEBEROFED 1 D2 LT, 7T—2EDKEDPET S
N3, K flbhz7F—2iEe LT, MBEMERET S
Z e TEER T — XU E RIS T B3 REIDEFEET 5. HlXIE,
B+A [2,3] D kS RZFENX, HEESh-F—2RKL, 525
N7 TV HRNCH S WTF — R OBFERHFFAEK DAL Z T
BN TV RERERG T2 2 e RETH B, £y, F2
BoFEe LT, HEriEtEIh7 c VEREEKT 2TV
774X R a— 7| DFETS. YTV T I74 AR a—%F
M32zeT, 7o VBRI FERIEIhE 7 — X 2EH
L, 7—X2BUS - SIEa X MREIRL T ) U R ShEb s
5 ZEHARETH . FHT, HHOBELUL-7 2V 28V —
78— FRIBVWT, ¥7 U774 AR a3 7V HEEER
FxERAREN RO, LL, ZhH0F -2 &R T— X
BUSHEREZ R RILT 52— T, AL —I DA —nN—Ay F%
RV TFVRARA NS LW HEIHET 5. 201D
T RBUFHREE A —N—Ay FONT YR ERE(LTZ
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MWEETH 5.

—7F, HEERETER GELMEEZRD 2 2 ZHRN L Uik
7 =V L (Approximate Query Processing, AQP) 73iff
FHENTETWS., AQP X, EWA VI VAL AT 54>
WD 2 DD h T aAVICHEIND. 774 VX, REF
ENT =B oYY FINT—2EHWT, 72V
RRICEFERZFE - HET 25D TH S [8-10]. HEERIC
YoV TR EHCTCGEMREZHEL, 1 VX777 4
T L) OEDIR L EE U GEBIROREEE & 17 - X8 2 Fiffi
HIRBEINTWVS [8]. 4 ¥ T4 VX, HFTLELHGFT
BHEPHEET272DDA ML —UFd —N—Ay FEXREY LR
WEWSHE RO, 7T VRIGENOY > 7Y ¥ 7
B I2 272, 7T ) ERREAEMN S 2 0[RS H 5. —
7, 754 VBT, MEHEHRSENER R & ERiCE
HBML, 7T VURCZ OFERiFIRE SN EREFIF L G
LRz RSHETH S (11,12 2O77a—FTiE, ¥/ 7
A (EREHRBMIEE) ZHANCRRFL, ZEFALT
FERIGE PR EIR T Z L ATRETH 5. IR, v=—T L v
b7 FR—F 2 LT, EMEI OB ERE (AR L O 2em
ERDAGFEIMEINTVS [13,14). £/, LA LTS
LY ) TSR LTREL, 7—&%ty hORME T HiE
SRS 5 [15]. 2O XIS RHEFWEY Fu—FiF, 7T UK

DFEaZX P EHIRL, Y74 XD D ECIILEEZ
R 2R R FE 00y, FRFTE SN BIERE RFT 5
72DDA ML —IBEBREF ==~y FEMES 2V HED
H5.

EETIE, A Y74 VI HRFEY Tu—-Fozheh
DFREREEERL, MELHAEGDEINL TV R 7S
O—FHBREZXNTW5. BlinkDB [16] 1%, KRBT —Xick
FMMOPFE AQP 7 e —F L IR LT, SEERLLEEY
Pt 3 Z L I L7, BlinkDB I, 54 0% I
BENE Y, V-2 u— Rt EXReE by 7Y v 0%
HHT 22T, @REREMREIIGST 2 Z LD ARETH 5.
£/, (17 TR, ¥/ TRV YT Y I REAEDE, 4
YR U T 4 TRISERETHRIMEDE ML IR S AQP++28
REXNTWS, X518, 18] ICE3BEFHETE, 7TV
IGUTHY A VI E I Y v 7 F— X B HHT 5 H
ZHMWIT 22T, SREERLMUZ DV UEEERL TV,
INHO7 T —FIEEWEEERLTWSY, BFOT7T—X
N=RAY AT ANDREENTFICERIN TRV WS HE
PIFET .

BFET —ARN—RAY AT LANDREEERT 572, Hive,
Spark, Impala, Redshift 72 & OBIF T — X N— A2 X T LT
BOWTC, XDEHRIZVEDIN=FT B2 T4 Tk
TH5IMNVT 2T T7—F7T7F ¥ TH5 Aqua [19], IDEA [20],
B XU VerdictDB [21] 2MER SN T WS, KT VerdictDB I3,
BIED SQL 54 7 F —BR—ZATAF LI LT, Y25

DEBEZMA DR BAFRETHZ Z e ZFIEL TV 5.
INBHDT7 TR —FEIARMAOFELELLTWE Y, BHFED
AT LHRET DA ==y RIZOWVWTIE 7 Icifam S

DEIM2025

TR,

MEREEZ, AR TEBHED T —ZR—=AY X7 LI2E
J2ELEEROBEHLZBEOR ML —Ud — "=~y R
BRFITHREICOWTREET 5.

3 BRZETCI/IVICHTEL /) T RIBIAHIC
& BELEEE

RETE, ¥/ 7T AMARRT | ZFHWISEUME e,
ZHEH—ROARLTHEEZECMETICHEAT 2o
WTHRET 5.

IRET, B—RITHT 2> 7 2BAART % HWE
LEEEREICOWTE, [4] 5%, BFoRsNAHnEHRT
BB T AEEA Z LIk o CEUME AT D E#HBER
3 % SAS(Synopsis-aware search) ¥, JBMERDOHRE%ZEE L
7z SAS+(Synopsis-aware search plus inter-attribute correla-
tion) ZHIE L TE 7. SAS X, FHiNCY / I AR HDIAA
PRI EERLTBE, MG UBATEINE e, ZOR
FhcidAENT=> ) T2 AR FHT 2 HTHRKRHFZ D,
BRI R E IR TSR TH D, Bt-tree ZHWFHEIT
i, AL YA 20BN R L0 SRR 25% M R
PR ISER 2 = d b2 ERK T Z 2580 H 2 2 2R LT
w3,

RFETIE, >/ T RABAARS  ZEEEL 7 T VITx
LTCHHEAT2HARERETS. X1 ZHWT SAS OBEAA
REMEE BREZEHIAT 2. X 1(a) 1ZBHRT — X N— XA TEH
ENi=7— 710l (CUSTOMER %, ORDERS ) T,
ZRHD 7T —7 1D ORDERKEY, CUSTKEY OffiA A bHH
EFRG|F—2 L, IMEHREEDAAR KD-tree D% X 1(b)
R, K 1(b) I - Fe V=7 —FEHELTHD,
R, — IR F— 2 LT 1 B&HIZIX ORDERKEY, 2
EHI2IE CUSTKEY & OKEfEFT) , i/ — FADRA
& (JREFER) , 5T/ — ROEFHMEER S ) TS A
FharmERe LTHEDAEATWS (BAaERT) . X 1(b)
oflTix, fThfE#RE LT CUSTKEY #® SUM(PRICE) %
BELTVWS. V=77 —FitiZ, 61 LdHERICEEN
LIEENHEE LI EROT =R BHLWVIET —ZADKRA V&
EHRELTVS. H—RIIHT 3 SAS I X 3 &8 LR
V— b BRI BITHIET 2 RE|F — AWV THEIBREER
BEML, MAEZZ VI LT~y F 5 28EHEZ PR —
FTHRRULKERT, Zh LD Lo/ — FBRE2XXy 75
5. ZhIZkD, F—RR—IADT7 I ERBERHIRL, FIT
HREDM ETE 2 FRHRTE S, £/, F—N—Av FITEL
Td, KD-tree 1%, Bf-tree [Ffkic, HiEl/ — FNZBETHD,
ZORMEERAT S 22T, Fl/ — RIZL/ — FOEFHE
B2 ) TR LTHIDIAAEELTS, ¥/ TVRIZEBA
FL—=IF —N—Ay RIBBICRZ L#HETES. MlECX
D, MEREZEURBICBVWTHF—N—~v F2MZT, R
Fl0Y =7 7 — FOFERFEZHIR L, RE-E0LmRREz KiE
Wi TE 2 EX 5.
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CUSTOMER ORDERS
CUSTKEY NAME AGE ORDERKEY | CUSTKEY | PRICE | ORDERDATE
1 “N’ 42 5 1 100.0 | 2022-12-01
2 “B” 32 7 2 800.0 | 2022-12-08
3 “c” 56 15 3 400.0 | 2022-12-02
4 “D” 88 22 1 700.0 | 2022-12-07
5 “” 63 25 4 300.0 | 2022-12-03
6 “F” 70 35 5 400.0 | 2022-12-04
7 “D” 45 45 5 500.0 | 2022-12-05
8 “” 36 55 6 600.0 | 2022-12-06
(a) 7—7 A4l
Node 1
| <(1,800),(2,800),(3,400)> | | ORDERKEY=25 | <(4,300),(5,900),(6,600)> |
Node 2 / Node 3
| <@go0)> [ [ cusTkey=2 | <(2,800),(3,400)> ] | <300 | [ custkev=5 | <(5,900),(6,600)> | |
Node 4 / Node 5 Node 6 I Node 7

| <5,1,100.0,2022-12-01, “A’42> || || <7,2,800.0,2022-12-08, "C",56> |

| <25,4,300.0, 2022-12-03, "E"63> | | || <35,5,400.0, 2022-12-04, "E",63> |

| <22,1,700.0,2022-12-07, "X'42> | | || <15,3,400.0, 2022-12-02, “C",56> |

\ <45,5,500.0, 2022-12-05, "E”,63> \
| <55,6,600.0, 2022-12-06, "F',70> |

(b) ¥/ 7 AIAAH KD-tree O

X 1: &7 73 REAAZES | D]

LGN
’JIUl I R

T
PostgreSQL SQL I/F
DIU—5
ZIUUST R EEEA BRI FOW
| AT |
AbL=2 S UTSABABTE <
57

2: PostgreSQL AMBT =X F v REH VLT —FT7 7 F %

4 BEEGRT—IR—ZAATFLADELEEE
FEDRIAH

AETIE, BEOT —ZR—ZRAY 25 4 ORI T,
> Ty RAMAARRS B WISEMEEE (SAS, SAS+H) D
FREIZOVWTBRD. ZOEREICED, [ERORGIZH WM
ReMR 57 T VIIENRELZ R T2 2 2HNE LTW5.

MHEDTF—ZR=ZAT A7 L LT, AMATIELY XX
TR eEMTI2DDRBILH N T —ER=ZAT T
LD 1DTH 5 PostgreSQL [5] ZF\W7z. PostgreSQL iF, 4t
#B7— % Z v 8= (Foreign Data Wrapper, FDW) % # R —
FLTED, AT =227 — TN LTERT S LT,
T=RRX=Z R VHRIFENT T =R T 7R 5 C

CHRAREICT 5 API 2t LT3, ZxUynExohsd L,
PostgreSQL =¥ I k7 =V Offty, HEz, 77T
SYRERL, FTLTHERERZIIGST 2. 2oz, #24
EN7= FDW D API ZHEICHE T 5 2 LT, fREDINRT —
R — 2T 7RART2IDDT IR TI AR, BLU
FITT L REAREL 5. ZD%, FIT2FEHD API HAE
THYH, FDW iZ 12137 = VI OFHEZT 570D b D
THDH, $5 1283272 VUHEZFETT27DDbDTH 5.
ARIFZETIE, PostgreSQL &, AMED PostgreSQL 127 7 & X
$ % 4D postgres_fdw [22] AT —X T v =D 1 DL LT
REALTED, hzxsRL, ¥/ 7Y AHAARRG R AW
RS FE (SAS, SAS+) 2FETT 2, 7 VR EH
D GetForeignRelSize, GetForeignPaths, GetForeignPlan B
U7 T VIEZEITH D BeginForeignScan, IterateForeign-
Scan, ReSacnForeignScan, EndForeignScan %31 7=,
2 1X,FDW (Approximate_fdw) ZHWT SATIZ7 7 & RXF
% PostgreSQL ¥ —N—D 7 T VLIS Z R L TW5, 1
BOQLA YR —T7x2—RZWL T T Y HRZITMENS &,
PostgreSQL > Y VN Z Dffft e HEXRZ 2175, 7 =) OXt
Koo, T —TNANDT 7 ADEREE, PostgreSQL
B —N—1ZLLFD API ZF I, ST — T LD 4 X%
HWET 27200 GetForeignRelSize, T —TN~DT 7+
RANRRAENERT 2 720D GetForeignPaths, FEIT7 7 > BVER
357D GetForeignPlan, LT FDW O RTERI N7z
NET =T NCT IR T 27007 ) I EHERET 2 Be-
ginForeignScan , 7 TV % FEITF % IterateForeignScan,
ReSacnForeignScan, B X7 = VLB EZ T 5% EndFor-
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eignScan TH 5. KK TIX, ¥/ T AEAARNIIT 7 &
AT 5701, ¥ T ABAARRFEA ML —YHND T 7 4
N RT A EIREEL, 206 %Hviaiae il (SAS,
SAS+) % IterateForeignScan W CFEUH L, 7TV IZx LT
B 7 EEEZEH L, ZOEPSQL A Y& —T x—
IR E NS, ARFFETIE, FDW % HWT PostgreSQL 12
J T ZEABRG | e WIGEMREEFEEEA L, RkiaR
7 T VK UTCIEMER R 720 2R §5EE Y Tu—F %
BRLTVS. RETOFMIIEZ ZATREMDH 2 b DD, F
DFFEMD T — X R=AZ AT JCHEHARETDH 5 L EZ
bhb.

5 &F {if

AETIE, [4] SORBLIY /) 7 RUBAKRRS [ HWsE
LIREEFIE (SAS. SAS+) ZBEFET —&ARX—X X7 LI
AA, ZOREMEEBE—RIIHT S 7 ) IZH L TiE Bt -tree,
BEORIIH L THEAZ &7 = VI LT KD-tree Z W
THREES 5.

51 ERIRE

REBRTIE, N F~v—2T+y b TH3 TPC-H [23] D dbgen

EHOTER LT —&ty VRT3, 7—&ty bDR

r—L7 77 & (SF) &, 1,10 ZHELZ.

iz, METLEICHWARG LT, B—Ric3s7

VI L TR, ZLDF—ZR—ATV AT ATHEHHIATNS

Bt-tree [2,3] AV, IFOREFIF—% b D Bf-tree £l %

HELZ. 2T/ —F¥ 4 X 8192Byte & L 7.

e ORDERS (ORDERKEY): ORDERS £ O_ORDERKEY
R F—r LTHORI

e LINEITEM (ORDERKEY, LINENUMBER): LINEITEM
#® (LLORDERKEY, L_.LINENUMBER) %#%5|%—&
ERREC]

e LINEITEM (SHIPDATE): LINEITEM £Z® L_SHIPDATE
PRI F - T 55|

e LINEITEM (PARTKEY): LINEITEM #£® L_ PARTKEY
ERI|F—r T 2HEI

RWCHBAL M IMERTH 2> S22 LTIE, UTREH

2L7-.

e pg-orig: ¥/ T RAMEAARKRL (XA T 4 7 7% Post-
greSQL)

e Nosyn: ¥/ 7Y 2MAHLL L (FDW IT X % %%%)

e Synl: #E5|¥—DEEHE (SUM, MAX, MIN, COUNT)
(e.g., ORDERS (ORDERKEY) @4 O_ORDERKEY
DHEFHE)

e Syn2: Synl IZHIRA, R5lF—LI3EL 2 EMHOHEFHE
(SUM, MAX, MIN, COUNT)

e Syn3: Syn2 IZMZ, RE|IF—R5|F—ZERLEMLE
& OMEBIRES X CHBIREGHE IR E R R HE

AREBTIEFTE S =V 2 LT, B—RoMEBIIH LTI T

DEIM2025

E B HE R LS S )
Q1 | SELECT SUM(L_EXTENDEDPRICE) FROM LINEITEM
WHERE L.ORDERKEY BETWEEN 36000000 and 42000000
AND L_SHIPDATE BETWEEN 1992-01-01 and 1992-12-31;
Q2 | SELECT MAX(L_EXTENDEDPRICE) FROM LINEITEM
WHERE L.ORDERKEY BETWEEN 36000000 and 42000000
AND L_SHIPDATE BETWEEN 1992-01-01 and 1992-12-31;
Q3 | SELECT SUM(L_EXTENDEDPRICE) FROM LINEITEM
WHERE L.ORDERKEY BETWEEN 36000000 and 42000000
AND L_PARTKEY BETWEEN 1800000 and 2000000;
Q4 | SELECT MAX(L_EXTENDEDPRICE) from LINEITEM
WHERE L.ORDERKEY BETWEEN 36000000 and 42000000
AND L_PARTKEY BETWEEN 1800000 and 2000000;

V1iZ (Q1-Q4) ZHW .

o, MEEEDEAEEICHNL T, TPC-H © Q3
ERG Y LT, KD-tree [24] ZFHWVWT, K5lF—2 LT
(C.MKTSEGMENT, O_.ORDERSDATE, L_SHIPDATE) &
L7, ZBENCHLAL Y ) P2 22 LTI,

e Nosyn: ¥/ 7> AEAAL L

e Syn: (LLORDERKEY, O_.ODERDATE, O_SHIPRIORITY)
DZ N —F ¥ SUM(L_EXTENDEDPRICE*(1-L_DISCOUNT))

W=,

AEFTIE, BENIFIMAEKRKL 7 7 A re LTREL,
BHFFICKFIZFFUOHL, K52 W/MREIK, IterateFor-
eignScan API NTENiL 7. #HfiZ =V TiX ORDERS £
XU LINEITEM £ZMR L LTW2 Z 225, ORDERS #£
B LU LINEITEM K2 44FR e L THANS create $5. 2
W&, SRR T 2 EE2 V% PostgreSQL £ ¥ X —
Tz =R (I/F) B ANT 2, BUBEEREERTT S
FDW (Approximate FDW) 23RN Hi & L 2 B-12 L 7.

FHMHNCIE, H—RIIHT BMERITH LT, Native Post-
greSQL 12 & % B't-tree 8% (PG-orig), FDW % W7z B*-
tree I & 23K (Baseline-FDW) ¥ SAS, ¥ Xk O HHEIREE
B SASHI X 2MRELLE L, =5 —% [18] BX UM
BRICET 2ETREZHOTRES 5. F/2, B—REZ5U
CHEEZBDRIIN L TEES ) T AR MHALRG DY —7
J— NEg, PR — REERERIL, ¥ T RIABIZ L B R
P —=IF ==~y RZMFET 5. 7B, 2TOERIE, OS
¥ Amazon Linux release 2 (Karoo), PosgreSQL (3 N—2 =
¥ 14.4 W, 2CPU 27, 14GB X E Y, 640GB 2 kL —
Y OBREE N7 o 7.

5.2 RBRER

G112, PostgreSQL 238 DBEFD Bt -tree % F\ 7z IEfRE
23R 5 &N (PG-orig) &, 4MiB#E (FDW) a0 L THE
KD Bf-tree & VW IEfME%Z MR T % /1% (Baseline- FDW
(Nosyn)) &, ZHBIHLT, Bf-tree Z5iC Syn2 O/
T 2EFHEL, SAS % FDW(Approximate_ FDW) % FivT
F175 57310 (SAS) L MHEIRREE M L 7277\ (SAS+) D%
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6l s PG-orig
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