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Abstract

With the explosive growth of medical data, traditional monolithic architectures struggle to balance
massive data management with real-time intelligent analysis. This paper examines distributed sys-
tems in complex medical Al application scenarios and reports on a comprehensive design and perfor-
mance optimization practice: presenting a complete engineering case of a distributed medical data
management and intelligent analysis system that adopts microservices and gateway aggregation. The
system serves doctors, patients, and administrators with data collection and annotation, multi-crite-
ria search, asynchronous batch jobs, and real-time messaging. Five deep-learning inference micro-
services are deployed under a single naming scheme: chest X-ray disease diagnosis, chest X-ray report
generation, echocardiogram segmentation and ejection-fraction estimation, urinalysis-based kidney
function diagnosis, and intelligent tongue diagnosis in traditional Chinese medicine, plus a LangChain-
based retrieval-augmented generation (RAG) assistant over an institutional knowledge base. The
stack combines Nacos, Sentinel, API gateways, and OpenFeign with Redis, Kafka, and MySQL; Ten-
sorRT serves production inference. Following a layered optimization plan, we realize seven concrete
strategies: multi-level caching, distributed locks and idempotency, database access and pagination,
asynchronous messaging, high availability and governance, inference deployment, and JVM tuning. On
athree-node Docker Compose cluster, a ~1.2 x 107-row table, and JMeter workloads, we report among
others: keyset paging and composite indexes cut deep-pagination mean latency from ~2.41 s to 16 ms
and P99 from ~3.86 s to 43 ms, and scanned rows from tens of millions to thousands; in read-heavy,
write-light scenarios under 200 concurrent users, Redis lifts QPS from 428 to 3265 and reduces P99
from 318 ms to 84 ms (~91.6% hit rate); ~105 bulk deletions average ~58.7 s synchronously versus
~0.28 s for Kafka-backed submission; TensorRT FP16 achieves ~14 ms mean and ~26 ms P99 per re-
quest; the model gateway reaches ~331 stable QPS before saturation under async scheduling versus
~126 for a synchronous pool; gateway-to-business CPU rises from ~24% to ~89% across six load lev-
els, with JVM heaps near 4.0~4.4 GB.
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Bk 1 BT MR KA BB T T 4)

B\: Redis 4 key ; iR 5 N IBEHL 4 KE token s B RONTTL s Ze813RRIE S (CURARFdr < & B fl R 8:00);
BWB K At
while Mk 55 4E 45 & 58 i and 24 BT 2B R A B key do
if Redis iR [B] (1 B R AEAZRT B < & (BUAS AT 132 HAR K 1 )
A EVAL U7 Lua [14: % GET (key)=token , UJ PEXPIRE key TTL; #5jrhiba:iirdiis
end if
sleep (At) {f Thread.sleep s fF & iy [ LR, Gt}

BREFEAR: ) BEEERRL
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AT 4%

TET IR L, 2 5 208G B e wT SR BT E R 51, #ilan (patient_id, exam_time, id) LA
SCERG B S RS L IR A B4R 47 T (Seek Method) B XK OFFSET 43T ; & Ak B — % Jit I 7R
WSCHR[22]. % A] 7 o R 5 A R R 51 564 FHEICP)RAD I3 Giih ST RIS TR S
KRB R, BARELEEAM. BEELT MySQL 18 H &5 EXPLAIN ANALYZE #4208, %iE
PAT IR type. rows. filtered 55 Extra, 0 5GIH FR s XS HET 5 R LH G o B U500 PR 2 i %
e, WE G wait_timeout, FFLERN NG B B I S5, PEAREE 2R 3 AU

WEHRE: (4) FEH BT

fLEMIER. 2EFH . BETEHES KRR 5 RMIK 170 #HFiEid Kafka [23] 5704 2 AR S5 2
5N Topic JE g A, JH &G0 XIEATALIE, 5EBhH RF ALK . BT TS ID. &
. HERIRESEUER (R 9 P A AR SR EE RS, RGN E K Topic BFE(E PAFI DAE
AME L Bt B DO P (lag) S HERR, VRN A0 O B BN . REEIRE S S .

BABRER: (5) ahEHSREEHE

VENHS RN & 2277 TR AR, AR IRSSVEN . BB S B S nidE 4y &R S S e B
FEWTRAVE B0k, R S b, R G I A PR 6] OB TS S AR B Ay 44
[, CREBIASRIE S KE. AR B, WS i 8818 K7 K 2 1R — IR 55 1) 2 5241l
gian . ARRE IR SIRHORE, FFICBER MR 3 S8R E . 75/ G5 IR 55 St QPS/ZEFE4L
BRI 12U A LA SRR HERAARY, BB S NS EORG: S T i R FH 15 2 e 17 5 2% A7
JUR, PRIEROEETTH

FRUENSBITHNE: (6) HETEMRML

GPU #EFE K42 K TensorRT 25 5] 452 s . PyTorch/ONNX F| 5] 82 [ #5 # . FP16/INTS 2545 B AL v
H5Rr50t; LM BOmE s I I TAEX, a0 05 WA S 3T 8[18]. R/ NS IF K H
AR ESIEE BAREA LW CPU MIITALEE S GPU HEFE R /K 26 1 & AR - At o [A]— #5204 22 il A i
I B A S K R AT IEAE, T IR X

RUENEBTIRE: (7) IVM W

Java MRS — R GL kR Bl #E, S8 S 3 S35 -Xmsdg -Xmx4g -XX:+UseG1GC -
XX:MaxGCPauseMillis = 200 -X X:InitiatingHeapOccupancyPercent = 45 2, i#id GC Hi&. jstat 5 APM M
% Young/Mixed GC R ¥, fFH#iif (A 5 HE 5 HEH, HHIME Mixed GC 85 FHE M, F i[5
MaxGCPauseMillis. ConcGCThreads Bi}EZS & . FRUENAESL, L. HTTP % 7 iiiE 4t 15 Netty H4%
WAESFHESN SR — I N e SRRV, e “HE 78 R M EFE OOM” ik .

5. LI 5

NTRIERGTERE SF2EE, 1E Docker P45 N IMeter HEAT 23757 5. & 4~-8 VL E E &
PEAEbR; 5] 6 45tk S5 BEHE I b T i CPU AR BB A P B L i % . RAG X1 R4 5 i
BN, SRR SR BB [ i B FEIR , WA 5.2 /M

51. SERIRSHE

32GBRAM; AR S5 fEd 4 NVIDIARTX 4080, 16 GB .77). M55 K MySQL 8.0, gL
1.2 x 10717; JMeter ZEF£4H Ramp-up 120 s, FF4EE 300 s. L3678 7 : MySQL IR Er T 5 R AL HT
JaxTLt; Redis ZE/7%1 15245 1 QPS SR 52, + i it EMIBR7E R DI %E 5 Kafka 525 T4 14
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HiTfE 4%

s GPU #EFETE PyTorch 5 TensorRT FASEIR f = F & FISCE s LR 558 B 76 AN R 3 & A 7 5
T CPU HH 5 VM HE{E FH %

5.2. RAG X}1E AR % 14 563

PR EpR: A5 3 TR RAG XifiIRSS, X EERIER AR B UAERIF D R R B (E i
Gt ) R S EHE) S5 AR B BLORE S REALAD), o Gt o W BGRER Ak S3GEt HTTP i ®)
Uiy L A R LI ]

ERRBS 58R: X RAG X1l HTTP 45 LG BIAL R . 565 RIS EEAE 32~256 7 [f] |
HZH AR R P SCE W, [ iR Top-K MR (K = 5) 55K 256 #T token i AR HEoREE
500 RERIOWRRL, 25/ ep AT RIE . ERE]) 0, EIATEF 10 IRFFGER AT A G . FE SN
RN PET B2, 555 B Rl AEFRAOR 25 I B AT, 8 GPU 4+ .

G KRNy 384 0] m & + FAISS WRIZR S + BEFHEHE: Ay R SLI0 IR B A A 4y
$ bR 7B ZR A B bit BHAk), HOAN Lo MERRMICSERER SR, ¥ token 4 SCE RN EL: &
F A HTTP & R I [ Ak, SR NIFMRZE <5%.

SR L 13 ILERR. AR mERTEIE. RN BT A2 EA, AR Boh R A
R 33 PP GL: wmBEE P99 SIME Y 1.7, KEFERAAMKES KV ZFAREER, SEL
FHEEE AR 55 (0 UL — 2
Table 1. RAG retrieval stage latency (n =500, Top- K =5)

#F# 1. RAG I ZM ELFERT(n =500, Top- K =5)

gt Eif gD AEARE + = WEAET
Sy 38 ms 54 ms 92 ms
P99 61 ms 118 ms 176 ms

Table 2. RAG generation stage throughput (n =500, max. 256 new tokens)
%2 2. RAG £ B{MEZIERE (n =500, & A# token # 256)

it & T token ZEIR(TTFT) fERD R 47 5 AR R T
Sy 241 ms 35.8 tokens/s 3.04s
P99 428 ms - 5.12s

Table 3. End-to-end latency of RAG dialogue HTTP API (n =500, serial, think time 0)
%2 3. RAG JHE HTTP IR EIHEIR(n =500 , $1T, BERE 0)

izt T4 RT P99 RT

it 1) it 3.35s 5.74s

5.3. &R5 5

X SQL A% (patient_id, exam_time) 2 25/ 0k J 4% L #HE P IO 8 . ¢ 4 K9, fENHECE R
5| 5EES TG, X KImFE OFFSET H %, HUrdBHITBHA T HEEETHER, EHEIRH
Fb 2 b 25 22 A0 2
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AT 4%

Table 4. Comparison of deep-pagination query latency (page size k=20)
F 4. RESTEBEIRIL(BRTA/NKk=20)

S FH RT P99 RT FHATH
KAW#% OFFSET + L& EHE S RTI 241s 3.865s ~1200 /i
BAERT + BHEST 16 ms 43 ms ~1800

B2 H/DRO(EAREME R, AEFIR)ENGE MySQL 5190 Redis — 2% 2247 Wi Ml & 6 HLtn 2
5. ZEAFEE TTL B0 300s, AiFEit uESs TS, [EIIIAE] Redis iy A 2 Fa € 7E 87%~94% X [i]; i+
R I B B R T R e R 35~42 BEE 7~11, EL QPS HIEiR BB i3 .

Table 5. Read API performance with and without Redis cache (200 concurrent users)
# 5. 5|\ Redis ZFRIERIEEORIGEL 200 AF)

ok QPS 15 RT P99 RT ZAF R
FT%AF, HiE MySQL 428 142 ms 318 ms
Redis 2577 + 2R3 3265 31 ms 84 ms 91.6%

XHE 34y 10° SRIRMIBRAESS, FIP 3R e S5 5 AT PSS Rk S e s b T RIVEA
Kafka JFPRIERIE], 56 2 F L8t (%0 16, 0k 32, BASIKEZ 2000)h B 3R A . 4% 6 X EL i Al
BN DURERT s DR T R4 Kafka $idJa i e it LS5 18] MySQL, 4 I BRI [A]

Table 6. Interface-side latency for batch deletion tasks (order ~10° rows)

3 6.+ RHEMPRMES A O MIFERIEL

[E5Y BOFY RT M 45 5E B (8]
[0 [H 2& 58.7 s HEO—
Kafka 4 0.28s JG B4 156 s I 7Rk

5 Z5th Kafka 0 LR MHERBERR I P o0 &R A DRIERIE SRIBZ 2L 55 APL A, APLHSAESS
THEBN Kafka Jf LRI [ 78 2% 2 Mo XCRLHGH B, RS0 2200 2 AT SR BOZ 4R, HTTP 4%
R R AN S AR 00 P ik A B 4

| [wzae] [ Kafka | ELzd

LSRN

Produce
—_— >

PRIZE M

Poll/ %%

Y

fitESQL

FEAZHHIN

Figure 5. Sequence diagram of asynchronous batch-deletion path

5. HtEMIFRR DU FE
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N R E 5E 512 x 512, #tK/NA 1; PyTorch Jy FP32 #h#& Kl#% 4%, TensorRT Jy FP16 514 (1%
HEREA 500 5K). % 7 A -RAEIR,; miFR FRHZERL LA 118~135 req/s HBLHEBA S &5, BN
MM 5H RH G, Fa Bl 4EREE 2] 312~348 req/s (.4 8).

Table 7. Single-request inference latency and throughput (single GPU)
7. BIEKHIBIEIRS &M (& GPU)

J Uity S IER P99 ZEIR S QPS LR (Hvi)
PyTorch (CUDA) 39 ms 67 ms ~25.6
TensorRT FP16 14 ms 26 ms ~71.4

Table 8. Model gateway forwarding throughput under high load (JMeter, think time 0)
8. BH KX TREM X %X Et(Meter, BEHTE 0)

(52 MR I K FRE QPS P99 RT FE R
5] 5 [ ZE 2R FE it 126 1.12s 0.12%
SO AEZE + BRI 331 0.89s 0.04%

W 5 220 55 IR 5% B B A 3 & ) P 8 150, 300, 450, 600, 750, 900 ANAYREE: 4 6 fEREHI/NRYIE K
Abeh AT 2 B RAE bR, BT s CPU R AR R KA 24%. 40%. 54%. 68%. 80%L 89%,
BE I RS A7 A ALl R B, KR CBRT R U X . 2R IEAR O Java MV 55 I R K T EE
GPU W%, fE%1900 Ffk . FIFH LT LT, CPU I A ZYEFE T H 7 &1 HTTP f##T. JSON J#5
5 RJFHI. Spring/Web 25 2% N DL 558 85 526 Rt i s BB 5 SRER T =, WAIZSTEM L 1)
Wik BEFRE KR LR U B G IR aTgE B ARSEIGARKAE perf KIEKE, ERfEREAE R
UCE — BN B, AHEBRAFE L BB e S IR R R . IVM HE 5 RS ETE 4.0~4.4 GB (B4 I
f 8 GB). A= 855 Java HEFEKH G1 [Mlids, SRS ShZ 50 R (15ik): -Xmsdg -Xmx4g -XX:+UseG1GC
-XX:MaxGCPauseMillis = 200 -XX:InitiatingHeapOccupancyPercent = 45,

A5 BRI CPUBH I AL NREREE
89%

100

80

60 A

B SCPUMAIE (%)

150 300 450 600 750 900
IR %
Figure 6. Load test (six levels): single-node CPU utilization vs. concurrent users

6. FEMREEGHE): BTm CPU FIAXMHARFRHTL

6. LRIE
AL 2T Al B R Ei e A o0 A 2 S MR R T 5 8 B 40 T R BRI 47 W s ik 5 Pk s
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AT 4%

SR T, BENFER TR EI, TSN RRER: 28 2 T ETE B SRS ST R
BRI TR A T B B 7EThEE DA SRR AR B A AMIGE S, BRI LU X St
Sl R XA p. HAE OSBRSS EoHE . SREE DhRRSET . B R R 12 TR
S5 S H5 T LangChain (1) RAG HITH A 2 SCH# I R Hl Bhififg s 7EHEmti it bR H Nacos. Sentinel. 2%
55 OpenFeign 25411 3L B MIRSS 63, 7454 Redis. Kafka 5 MySQL 56 B8 S5 B AE M, 55 3.4 /N
M TR AN TN SRS HTE S S S AP 22 AV b, 32 S5 b 52 it A 48 11
BRINE . KMS 3G . 55 4 3570 ZE M REILLEE 2R T I LI 5 HeM A A BLEDIE; 28 5.2 /1Y
i RAG KR 542 b BOREIN B B2 1 4838 . 324 % ] Docker 5 Docker Compose SZ#4 A &
W, AFEHERA Kubernetes ZiflE. JE2: TARMME T s dE ., REML. KAk R &S B RS% %
A BLRAE A4 B A7 J2E I 1 5 7 THT ) HRe e 3

SEEk
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