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Abstract: Retrieval-augmented generation (RAG), which integrates large language model (LLM) with retrieval sys-
tems, has become a mainstream solution for LLM deployment due to its advantages in traceability, interpretability, and low
cost for knowledge updates. However, before deployment, RAG systems require rigorous evaluation: developers must con-
struct large-scale knowledge bases and conduct comprehensive tests with thousands of queries, involving intensive retrieval
computations and repeated LLM calls. This results in extremely time-consuming evaluation processes, severely hindering
the development and iteration of enterprise-level Al systems. To address this bottleneck, we propose RGE-Pipeline (Retriev-
er-Generator-Evaluator Pipeline), a high-throughput, scalable, and fast evaluation framework for LLM-based RAG algo-

rithms. We first conduct preliminary experiments to quantitatively analyze the performance bottlenecks in typical RAG sys-
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tems, identifying the retriever as the initial bottleneck. By replacing the traditional BM25 algorithm with BM25S, we reduce
the retrieval time proportion to below 4%, shifting the bottleneck to the generation and evaluation stages. Building on this,
RGE-Pipeline performs system-level optimization from three aspects: (1) decoupling the evaluation workflow into three
modules—retriever, generator, and evaluator—and introducing a pipeline parallel architecture to eliminate serial waiting
and repeated model loading overhead; (2) designing a fine-grained hardware resource management scheme based on the
vLLM inference framework to support concurrent deployment of multiple LLM instances on the same set of GPUs; (3) con-
structing a mathematical model that reveals the quantitative relationship between the memory allocation ratio of the genera-
tor and evaluator and the overall system throughput, proposing three GPU resource allocation strategies—shared VRAM,
full-card allocation, and hybrid partitioning—to maximize throughput by balancing the computational load between the two
stages. Experiments conducted on the CRUD-RAG dataset, which covers tasks such as text continuation, summarization,
multi-document question answering, and hallucination modification with a total of 6 400 queries, demonstrate the signifi-
cant acceleration achieved by RGE-Pipeline. Under the fixed configuration using BM25S and Qwen2.5-7B for both the gen-
erator and evaluator, the hybrid partitioning scheme reduces the total evaluation time from approximately 95 hours (original
serial workflow) to 1.3 hours, achieving a speedup of 71.7X, and from approximately 10.8 hours (model-preloading work-
flow) to 1.3 hours, achieving a speedup of 8.2X. Furthermore, extensibility experiments confirm that RGE-Pipeline main-
tains strong adaptability across different knowledge base sizes (ranging from 18 KB to 60 MB) and on small-scale query

sets. In summary, RGE-Pipeline not only significantly reduces the validation cost of RAG algorithms but also provides a ref-

erence design for system optimization in multi-LLM parallel inference scenarios.
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Figure 1 Bottlenecks in the RAG evaluation process and the scope of this work
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Figure 2 Top-level architecture of a typical RAG system
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Figure 3  Preliminary experimental results
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Figure 4 A simple diagram illustrating the RGE-Pipeline architecture

B 200 DA S 4 . AR b T T AR R UG, K 269
Mk KK T REMRCE , B ) ik 5 4% query
N\ R 485 #RRE P A= % 18] & I PEAl RAG I RICR
[Fi] B, i A 7 R U AR 1 R 45 SR A

1 4R W Y RGE-Pipeline 3R T X RAG
AP 158 2E A7 A e Ak 4] 4 DL KR B O 7K 26 947 4k
PR Ty 20k SC BB 4, {HIE & 4 14 “ 4. 90 4R iR RGE-
Pipeline” f 7 , 763X F &l 43 75 20F, A 44 95 U5 88 TG
AR E SR R F R R | 33X — ] DR AR AR 55 19 5 2k
WA AR — 2D e g e .
3.2 RG#H—TMRAKF @R

A2 K& A7 53 B A IR R 5
HEAT E A 2] DU SRR H R T k&b i
IR R A E AT, R R
By s [a] o BE T BB R 404, 7 5 BM25S ok
B BM25 1T §E T, KR g AN RS R G, AR
B2 LEPEAL 28 B A AT REAE 28 B 2 (I TR) . AR AR AT
T S A0 R 225 ) ANER RN UZE ) B840 (G Bk 5
Ky BR300 , I DATE VRAL 8 AU o 45 M A A A8 K
SINFH B, A s A A 7 2 K B B (R R AT AR

R, B 4 R T 36 31X — 3 kg g i — Fb
LU B3 B P A SR, BIDRE T A 28 A4 B UL Ak P A AR
REAR , F B AN HE o3 o 85 T AT /NE FHER, XA
EHEL A LAY A T 2 AR R (R A S D L iR
G AT LA LA K A RO AT IO . T T 4
FE KL B IEH i 5 TG 5 2 — D RGN
TR Z AU, DT U FC S 2R 2 A0 A e ) 3 ek
JE o 3 BLAY R A5 A b AR B RS ELRE 2 T
252 I 110 ) B JOr 4 20 1 Ak S8 3, (R4 7 T T AR i
B TR AL 2 o T k7K 26 &R G2 1 ik SR e KAk, AR S
B FE VA A A NPT S AR R T o A U
3.3 EESH

AT B AR R A% D TORE H AR B KAk
RGE-Pipeline R Gt (B AATT LR T, o T E4E 00
XEEFR MR R R AR L, A5G0 R 5T R R
28 NN RSN i R S N (5P (1B F
R RN N R 2 AR AR BRI iE TAE T
M F, 1 B TR A AT S5 M (EH . AR AR
W R AF A BUAE R S & 5T LU R S 2k
0, I LLM #EHHESE (40 vLLM) T, B AF A



% o2 W P SELATE 55« HE T RAEAY (1Y) RAG B3k B DL P4, R 45 . RGE-Pipeline 757
b TG/ 2 B T A O R S L R et

A GE A S A A 25 77 A S e, (ELTE 45 58 (Y A
PEPR 5 AR RS S0 T 38 0ok 8 A7 T A ) R 1 Ak
B, S 45 1l 2% W BeRH X 3 2 e B4 oA R T
7 & — T kA O, RO R 2% 2 CPU
B BR, TT AE g A A g U GPU i 3R .
W, Sy S AT AR S AR ARG A0 2 BT AR AR S A LA
TOCHES R B M, 5 M, 53 R 3 T 4 A s LA
LAY GPU W A7 o AH N Hb , A2 B PP AR 4% 09 &
nk 2 AT %R b 4 B A O B RC L B T,(M,) 5
T,(M,), 2 G0 R ARAT ik 2%y i 1 1) B B R 7E
T,=min(T,,T,(M,).T,(M,)) (3)

Hop, T2 RS R AR R BT AT,
GG, RS R 2 A S IR B B
4 DI Al TR AT 234 8 - 7 2 B AR YR (M, + M, <
M) FUEAR B AF T R (M, >M™ B M, >MM™)F, 3
Fem M WA (M, M) e RAC AR A k5

TECBE LR J e AP A A5 8 /N AR UL LLM, £ T
A PR A A IO B SOR R BT AT 45 W i
8 BE A B P AR L RS LR L T, R T T, 02— LA
WAL . X FEIE T, fie B 09 Jr 20002 ) 5
GPU (%I 73 BT , 1k A Al H 3E 22 GPU B B2 U8,
L PPAR #6850 0 GPU B W U6 . TR1 S R 11 gk
I bR R A B AR LR A7 ) S L ) S =
M /M, A BB B A 0 4 A8 ik T LR B AR iR
T T, M T, RNKHR, — LA SPEL. fFol1H
S B AT =R T, TR R R N AR
v VD 28 G0 R ST A7 AE 3N L3 5 R AR R R
o fEA—DRAGHITRH , MIXRZREASLD
2231 TR, B T, 3% 448 107 & L 5 5, 0
2RO L AL 3 L A IS S . LR,
Wt 7 12 1) A S AR T, R AN BB 0, L 1 3k B 4R K
H. 52, T, M KREHE T,S) M T,(8) X M4
ZLIIZE R

Case 1: Case 2: Case 3: Case 4: Case 5:
Tr
T, T L T T,
\/ r
r>< LX I — 7 = :
T T A, : & . " :
s s=1 S, S, S s=1 S s sl S, s s=1 Seq
T.,1<8<S.) A . -
T.=T.S=D) o {f;’,(s,gsé’q,g) 7, = {055,
T,8=8,) = L7,5=8,)
S =8 I VAL SR ] 0% B PR AR e — A B AL, IR T3 MBI A # i JE R IE R B 17 .

€15  RGE-Pipeline ZGEA7 ik 5C 2R AY 5 FiF 0 LS REAF B2 U8 3 O SR W ok B A 00T 7T S B A B R A I it ) S 1

Figure 5 Five scenarios regarding throughput in the RGE-Pipeline system, and the impact of hardware resource allocation strategies on the maximum

achievable throughput in each scenario
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Figure 6 Based on the modeling analysis presented in this paper, three methods for partitioning GPU hardware

resources are proposed: shared VRAM, full-card allocation, and hybrid partitioning
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Table 3 The acceleration effect of the RGE-Pipeline under three GPU resource allocation methods
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R4 ERERA ChatGLM3-6B-32k By RAG BT R
Table 4 Evaluation results of the RAG algorithm using the ChatGLM3-6B-32k model

S SLTh IR
BLUE-AVG | BLUE-1 BLUE-2 BLUE-3 BLUE-4 | ROUGE-L | QA_avg_F1 | QA_recall .
tokens
AL 5.2 29.0 7.8 45 3.4 14.3 20.9 423 373.653
il A 7.3 22.0 8.4 6.8 5.8 20.8 27.4 31.9 68.225
QA-FACAY 3.5 10.3 4.1 3.1 2.5 10.2 21.2 30.2 376.392
QA-XL3CHY 2.7 14.5 3.7 23 1.6 9.8 17.9 25.6 516.381
QA-=30kY 3.6 17.5 5.0 3.0 2.0 10.6 19.1 31.9 332.985
FATR LT 15.4 39.3 18.4 12.7 9.7 235 36.9 29.4 338.893
x5 HERERAQwen2.5-7B-BF16 B RAC BRTEfH 4R
Table 5 Evaluation results of the RAG algorithm using the Qwen2.5-7B-BF16 model
X AR
BLUE-AVG | BLUE-1 BLUE-2 BLUE-3 BLUE-4 | ROUGE-L | QA_avg F1 | QA_recall §
tokens
UARLE 52 31.7 7.9 4.1 2.9 18.9 22.5 52.4 326.356
THEE A 415 64.1 47.1 38.7 32.4 60.9 58.1 80.3 42.487
QA-FCAY 222 35.3 25.0 19.9 16.2 40.9 50.9 77.6 154.624
QA-BULHY 17.3 35.8 20.2 14.2 10.8 35.3 46.6 83.7 277.567
QA-=30hY 15.5 36.1 18.5 12.1 8.8 32.9 40.6 79.4 300.636
1wt fE ek 21.7 473 24.1 16.8 12.7 34.7 53.5 68.1 209.570
F6 HRESFH DeepSeek-R1-Distill-Qwen-7B-BF16 B RAG BiX P45 R
Table 6 Evaluation results of the RAG algorithm using the DeepSeek-R 1-Distill-Qwen-7B-BF16 model
SRt g
BLUE-AVG | BLUE-1 BLUE-2 BLUE-3 BLUE-4 ROUGE-L | QA_avg_F1 | QA_recall 5
tokens
AL 2.5 18.5 4.4 1.7 0.9 13.6 20.9 57.6 1130.742
A Y 6.3 13.4 7.6 5.8 4.7 16.8 422 60.8 1083.489
QA-FLICAY 3.3 9.7 4.4 2.8 2.0 11.5 30.8 46.0 709.366
QA-BLSCHY 2.7 11.7 3.9 2.1 1.3 11.5 25.5 52.8 941.867
QA-=3CHY 2.7 12.8 4.0 2.0 12 12.1 25.6 55.0 970.162
ZIHEAB U 5.7 28.9 7.9 4.1 25 18.9 27.1 37.1 331.970
K7 HEFERBQwenl 5-14BHIRACERITHER
Table 7 Evaluation results of the RAG algorithm using Qwen1.5-14B model
NSl N
BLUE-AVG | BLUE-I BLUE-2 BLUE-3 BLUE-4 ROUGE-L | QA_avg F1 | QA_recall 5
tokens
AL 1.4 20.5 3.4 1.0 0.4 14.7 18.7 52.1 534.228
LA B 6.9 21.7 10.0 6.0 3.9 26.2 45.7 73.6 123.020
QA-FRICHY 14.3 26.7 16.8 12.4 9.7 31.9 46.2 60.1 160.000
QA-BUSCHY 11.6 32.1 14.6 8.9 6.1 29.0 38.9 75.9 256.984
QA-=3CHY 11.1 34.1 14.3 8.2 5.4 28.2 35.1 71.3 273.962
AR T 11.1 31.0 13.1 8.0 5.5 26.1 48.7 66.8 368.080

TR o AR SCHY S 2.3 1 HISE 58 19 J7 5, L CRUD-
RAG £ 48 45 i B T 9 4~ K/ MK 18.2 KB~60.2 MB A~
SERY SR PE T 4E |, IT 7E RGE-Pipeline A9 3 i 96 5 fic &
7R, M b 34 EE 6 400 4545 1) Y BURE T, 45 510
R8I/ 41 HrEk 8 £ 4l Al A1, B 5, RGE-Pipeline 7£
ST AR PR RLARE T B A8 S R W 2 N L, VR A R

7 S8t AR 5 doe D0 BE 5 LUK, B 3 AR LA 3
K, 2 77 SR BRI R i 2 B0 7 2%, DR IR
BT H”T7 R B FERS i AR E , X UE W] RGE-Pipeline
B4 0 AT BE AT 800 X 1 TP LA 7 g af ok 1) T3
FJ1, B RIFR T i i

55 U 5L 5 B 7E 50 IiE RGE-Pipeline 7£ 8 /)N FL A



762 G + =W 2026 4F
£8 THANSRBERMER Blis 5 gEEE
Table 8 Relationship between file size and latency unit: s .
- TP R A RAG 2R Ge A8 92 b H 3
ST VERTIRR | oy | s | mans S e DR 03 D7) 0, 4R 85 RAG 396 S8 8, K SC 4
KB | #EHOTAEN - o . o '
182 | 2312333 | 7565.14 | 464120 | 431272 fh 1 —FE R RGE-Pipeline ;H% * i’jﬁ iﬂ[] JE £7
160.6 | 3157243 | 910978 | 4922.14 | 4421.98 L‘LM & RAG‘”%é“E@%\ﬁEﬁEO 44 TEHY S g D] T
10164 | 3376729 | 933828 | 5002.85 | 459281 VTR HAT P, T LUK SR 5615 59 332 i THACT £
29988 | 3401266 | 9472.15 | 509278 | 4643.90 (TR« 5y 4 5 01 52 5 o T 15 ok 252 466 H A 7 2
60555 | 3428245 | 944532 | 503473 | 4662.52 FH BM25S {1 9 i 510 462 5% 20 19 BT 42 & EAT, PO L
100229 | 3644167 | 971772 | 5087.31 | 4679.32 f1 B2 41 T OR 42 045 45 T RGE-Pipeline HEZRAS &
200137 | 3789232 | 981668 | 509225 | 4672.83 I AW KAy BM25 5 4y BM25S 3 — A Bt 7 o 1Y
30053.8 | 3742917 | 982771 | 510284 | 4724.02 Hgs) o X —HESRM B A T XEA RAG WAL T
602113 | 3809231 | 985641 | 517276 | 4775.39 VE W 16 380 i I K RN AT A Ak 38, o A 956 %

Ay gE LA . AR SCEEER T RAGAS PPAGHE 42
i FH 1 WikiEval 508 4828 0 A7 08 . 22 8030 4 4 iy
B i /> F CRUD-RAG, i 7R SCLES R G2 6 MK B 2%
MMitEZ ST TR TE O, SR RME9
B 7R o A0 M 3¢ 9 Bt vl i, BIVAl o A i) B2 AR A /N 1Y
WikiEval 54 £ |-, RGE-Pipeline & 2 fE 45 3k fa £ 19
PR, “IRA 87 Ir R R AW, B
Ry A A R K 2T AT S AL HE AT L SR he S
B 785y KA T LA 48 X) in  i BEAS JfE CRUD-RAG
FRROR B X415 RGO AR R
Y RESE T IE 7 R dE R K 2 Ak R R Rk
R E SIS
%9 RGE-Pipeline 7 WikiEval #{#E 5 F AKX 45 R
Table 9 Test results for RGE-Pipeline on the WikiEval dataset

AL | PRSI JIBIN R/
SEERRGE | AR BERST AFEl/s | (query+s™)
JE e T AR 1 1 2451.02 | 0.0203
VA
. N 20 20 373.13 0.134 0
HE TARG
BTN T
. 20 20 402.72 0.124 0
=
RGE-Pipeline
o 20 20 253.89 0.197 0
BAFIEE
RGE-Pipeline
20 20 168.22 0.297 0
BARATIC
RGE-Pipeline
. 20 20 143.87 0.3480
A5

ZEAA TR ZH S 1Y 25 AT A, RGE-Pipeline 1EJy—
AR VAL R G, X T[] B AR R S A i) A R
By B & R 0938 B PR 5 R G T o RESIETE Ak 9
RAG R GEITAl (1 LAY 37 56T, BRI e K A3 i 1
SR B, FLU K 2 AT 50k 40 Ak 9 A 2 %) A # g
5 BB B A 4, DA RS B Ry I 3 A RO

ARG R U R A L Rl 42 T —Fh
BB 9 GPU BF 1F BT IRUIR & 7 BO WS o BR T W T
RAG R G0, 1% K W A8 FAth 9 B 22 4> OB Y 5 47 #f B
R A NS SCEREERAERKT
VR Ak e TR AN ST, DL EL 2 B4 i 22 A bk, AT
R E T AE R 55 T KRBT H FOT A

AR THREZL B 58 £ V5 SCHIE A SR AR R
PAR B4R 7 [ TRAE BT 9T . — R iR 5t T
BB L o 25 AT 7 2R £ T (Rl R A 2R ) 8 - 167
RAANG TR A AR5 VAL SR 7B 0 SR A
(] (RIS ) I A 30 285 B 6020 I6C 3w, DA Xof B A2 2%
P18 592 B T 2 e o T i O A A 8 S A A
Ao YA TR AW, T — 2P0t SR e
Uit A I B9 A0 A8 38 SE IS ATAl AL , i RGE-Pipeline fig
5 ST e i T O 5 2 RV I B 5 5 4 6 A 4 ) 2R B
Aok, X 28 T AR B RGE-Pipeline M — A4~ i &4 1
fiti Z G v Bk Dy — R o Bl A 3 R ) 2 RO
TIKEMESE

S Sk

[1] Huang X J, Liu Z Y, Zhang M, et al. Towards a compre-
hensive understanding of the impact of large language
models on natural language processing: Challenges, oppor-
tunities and future directions[J]. Scientia Sinica Informatio-
nis, 2023, 53(9): 1645.

[2] Lyu YJ,Li ZY, Niu S M, et al. CRUD-RAG: A compre-
hensive Chinese benchmark for retrieval-augmented gener-
ation of large language models[J]. ACM Transactions on
Information Systems, 2025, 43(2): 1-32.

[3] Chang S C, He T, Hu X K, et al. RAGChecker: A fine-
grained framework for diagnosing retrieval-augmented
generation[C]//Advances in Neural Information Processing
Systems 37. Neural Information Processing Systems Foun-
dation, Inc. (NeurIPS), 2024: 21999-22027.



%

2

P SELATE 55« HE T RAEAY (1Y) RAG B3k B DL P4, R 45 . RGE-Pipeline

763

[4]

[10]

(11]

[12]

[15]

[16]

Sakar T, Emekci H. Maximizing RAG efficiency: A com-
parative analysis of RAG methods[J]. Natural Language
Processing, 2025;31(1):1-25.
Lu X H. BM25S: Orders of magnitude faster lexical search
via eager sparse scoring[PP/OL]. V1.arXiv (2024-07-04)[2025-
05-10]. https://doi.org/10.48550/arXiv.2407.03618.
Kwon W, Li Z H, Zhuang S Y, et al. Efficient memory man-
agement for large language model serving with PagedAtten-
tion[C]//Proceedings of the 29th Symposium on Operating
Systems Principles. New York: ACM, 2023: 611-626.
Kaddour J, Harris J, Mozes M, et al. Challenges and applica-
tions of large language models[PP/OL]. V1.arXiv (2023-07-
19)[2025-05-10]. https://doi.org/10.48550/arXiv.2307.10169.
Minaee S, Mikolov T, Nikzad N, et al. Large language
models: A survey[PP/OL]. V3.arXiv (2025-03-23) [2025-
05-10]. https://doi.org/10.48550/arXiv.2402.06196.
VRl A, sk AR, 45 ET LLM /Y H SR 2 W ).
244, 2025, 53(4): 1123-1141.
Xu Ting, Xiao Tong, Zhang Shenlin, et al. Log fault diag-
nosis based on large language models[J]. Acta Electronica
Sinica, 2025, 53(4): 1123-1141. (in Chinese)
Radford A, Narasimhan K, Salimans T, et al. Improving
language understanding by generative pre-training[R].
San Francisco: OpenAl, 2018.
Radford A, Wu J, Child R, et al. Language models are un-
supervised multitask learners[R]. San Francisco: OpenAl,
2019.
Brown T B, Mann B, Ryder N, et al. Language models
are few-shot learners[C]//Proceedings of the 34th Interna-
tional Conference on Neural Information Processing Sys-
tems. New York: ACM, 2020: 1877-1901.
Achiam J, Adler S, Agarwal S, et al. GPT-4 Technical Re-
port[R]. San Francisco: OpenAl, 2023.
Guo D, Yang D, Zhang H, et al. DeepSeek-R1 incentiviz-
es reasoning in LLMs through reinforcement learning[J].
Nature, 2025, 645(8081): 633-638.
ZERI b AR, R, 55 . fLS EHRS SOARRHIE R AL
BRI ). TR, 2025, 53(2): 558-567.
Qin Yushu, Yang Lianghuai, Zhu Yanchao, et al. A com-
bined retrieval method by fusing image and text features[J].
Acta Electronica Sinica, 2025, 53(2): 558-567. (in Chi-
nese)
Gao Y F, Xiong Y, Gao X Y, et al. Retrieval-augmented
generation for large language models: A survey[PP/OL].
V5. arXiv (2024-03-27)[2025-05-10]. https://doi.org/10.48550/

[17]

[19]

[20]

[22]

(23]

[24]

[26]

[27]

arXiv.2312.10997.

Hu Z B, Wang C, Shu Y F, et al. Prompt perturbation in
retrieval-augmented generation based large language
models[C]//Proceedings of the 30th ACM SIGKDD Con-
ference on Knowledge Discovery and Data Mining. New
York: ACM, 2024: 1119-1130.

Sparck Jones K. A statistical interpretation of term speci-
ficity and its application in retrieval[J]. Journal of Docu-
mentation, 1972, 28(1): 11-21.

Robertson S, Zaragoza H. The probabilistic relevance
framework: BM25 and beyond[J].
Trends® in Information Retrieval, 2009, 3(4): 333-389.
Mandikal P, Mooney R. Sparse meets dense: A hybrid ap-

Foundations and

proach to enhance scientific document retrieval[PP/OL].
V1.arXiv (2024-03-27)[2024-01-08].https://arXiv.org/abs/
2401.04055.

Lewis M, Liu Y H, Goyal N, et al. BART: Denoising se-
quence-to-sequence pre-training for natural language gen-
eration, translation, and comprehension[C]//Proceedings
of the 58th Annual Meeting of the Association for Com-
putational Linguistics. Stroudsburg: ACL, 2020: 7871-
7880.

Colin R, Noam S, Adam R, et al. Exploring the limits of
transfer learning with a unified text-to-text transformer[J].
Journal of Machine Learning Research, 2020, 21(140):
1-67.

Chen J W, Lin H Y, Han X P, et al. Benchmarking large
language models in retrieval-augmented generation[J].
Proceedings of the AAAI Conference on Artificial Intelli-
gence, 2024, 38(16): 17754-17762.

Kwiatkowski T, Palomaki J, Redfield O, et al. Natural ques-
tions: A benchmark for question answering research[J].
Transactions of the Association for Computational Lin-
guistics, 2019, 7: 453-466.

Wang Z R, Yu Q H, Wei S D, et al. QAEncoder: Towards
Aligned Representation Learning in Question Answering
Systems[PP/OL]. V1.arXiv (2024-09-30)[2025-05-10].
https://arXiv.org/abs/2409.20434.

Wang R B, Zhao Q F, Yan Y K, et al. DeepNote: Note-
centric deep retrieval-augmented generation[PP/OL]. V2.
arXiv (2025-04-07) [2025-05-10]. https://doi. org/10.48550/
arXiv.2410.08821.

ZhaoJ H,JiZ Y, Feng Y C, et al. Meta-chunking: Learn-
ing text segmentation and semantic completion via logi-
cal perception[PP/OL]. V1.arXiv (2024-10-16)[2025-05-



764 H, ¥

2026 4F

10]. https://doi.org/10.48550/arXiv.2410.12788.
[28] Es S, James J, Anke L E, et al. Ragas: Automated evaluation

Bum 93,1996 4F7 H A TR o8
Mo 2018 4R AR EE L F g 5t K¢l f TR L
A, 2025 A AL TR R TR 5 T
R BE , IR R B KUE R AR AR B AR AT B
SR, EEAFSE T NLP R 4 ATl
o FHA R AR

E-mail: sylu@smail.nju.edu.cn

MRE-FEERIER  5,19984E4 H ik
TR AR R BRI ARG 5% 5w R M T T
N R IR R S TR B T A
FEWFGE T 0 R R A N S Ak

E-mail: erpan.tohtiyar@smail.nju.edu.cn

KREEME 20,2001 4 6 J i A THiLAA N
o DA RUR S S S Y UL A F 5
Ao EEWFETT I A PG SR AN E A
N TR REH AN
E-mail: zhuyuyelh@163.com

of retrieval augmented generation[PP/OL]. V2. arXiv (2025-
04-28)[2025-05-10]. https://arXiv.org/abs/2309.15217.

MEA  H,199745 H HE T T4k
io 2019 4F el FRE mt K b2 5 TR
L. AR RAE B SR TR L
WFFTAE . FBERFTE 5 1) hg TR A 22 I 245 1) v 4
GREST R S AN TR B R A A
(AIGC) By 5k 5 i e b ) 18 11

E-mail: shiyubo@smail.nju.edu.cn

FEH A, 19954 1 H HAETFILVEA M
i BN o LK 2 4 B P 2 B ) 2 . 2
WEFE I 1) A T 1) T8 B 04 = 2800 0k A
%58 e R G RAERYHLAS AR A Ak in
WA,

E-mail: wangmq53@mail.sysu.edu.cn

FhR B ,19634E 10 H 4L TRl %
K. B2 AA IEEE Fellow F1 AATIA
Fellow, Iy 50 K2 ML F R 5 TR 2 P b
TSP T S, H L A A A R 2 B e
KBz WA T, BT A B A
FERS LTSS R R RS R
JEE 2 > Tk R IR 4

E-mail: zfwang@nju. edu. cn



