55244 5 1240 LGRS Vol. 24 No. 12
20254F 12 H Software Guide Dec. 2025

BT o KM T P imil 5 e BXFP 18 3= 15
& R HE SR

kAN AR, W, KNER,RAR

(M wiE@IE BAH A TRAE, S & S M 510555)

H ERAZIERENBAERNDE RN ATEARRY T 5H Xl RRAET A L2, A2 @15 Ak 5 2
BRACK P, 1B —FE T3 ERACE P st D ey BRAA & 3852 A RAER DFRAG, i it % 4 B P Rl AL S uk 42
TR G B, A, R A THENGMANE P BTk, RERIRAREEITH; Lok, @l sh HAEE
RHF B iR s 2 )M 64 A 2 iJ-fiF Lﬂ%f?ﬁ%éﬁﬁﬂéé‘%&%é\' , RERIMES AR, %% £ Natu-
ral QuestlonsﬁUTrlmaQA BlAKIESE LT, R A, DFRAGIRIT T RI AL S5 EHREF B F R T NLELE,3
ANEACARFe AL IR 2 Tk, B uET BIRF T B R IR A RAER W F 3 SRACKY TAT M, B RBRY T
Taysmit B EAESRET —H S TH R Ry %,

KB RRFE T R RAEBGADESE P i, SR RAT;HE L URS e
DOI: 10. 11907/rjdk. 251426 RAEZ ’ﬁ%lﬁluéi O
FE 225 :TP391.1 XERARIRED : A X E4H S :1672-7800(2025)012-0161-07

Federated Retrieval-Augmented Generation Framework Based on
Dynamic Optimization of Client Training
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(GRG Banking Equipment Co. ,Ltd , Guangzhou 510555, China)

Abstract: The synergistic architecture combining federated learning with retrieval-augmented generation provides an effective approach for
privacy—preserving distributed knowledge expansion, while still facing challenges in performance and efficiency optimization. This study pro-
poses DFRAG, a dynamically optimized client training—based federated retrieval-augmented generation framework that enhances overall sys-
tem performance through multidimensional collaborative optimization strategies. First, a dynamic training loss—based client selection algorithm
is designed to significantly reduce communication overhead. Second, dynamic retrieval quantity substantially enhances complex problem—solv-
ing capability. Finally, a loss—based dynamic parameter aggregation algorithm improves task accuracy. Experimental results on Natural Ques-
tions and TriviaQA datasets demonstrate that DFRAG improves question—answering accuracy while significantly optimizing training efficiency ,
with all three optimization modules showing differentiated contributions. This research validates the feasibility of collaborative dynamic optimi-
zation between federated learning and retrieval—augmented generation frameworks, providing an efficient and scalable solution for knowledge—
intensive tasks in privacy—sensitive scenarios.
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Fig. 1 Horizontal federated learning iterative process
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Table 3 Baseline comparison

*3 B3I
5 EM F1 fif 8] /b
Local RAG 26.76 33.48 10.0
FRAG 29.68 36.49 12.0
CoRAG-IRR 30.44 - -
CoRAG-SPLIT 40.06 - -
DFRAG 41.46 49.62 8.0
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Table 4 Effectiveness analysis on Natural Questions dataset

%4 Natural Questions #IE & _ B MES T

FE4L EM F1 it ] /h
DFRAG 41.46 49.62 8.0
wlo Bl HERE 39.43 47.88 12.0
wlo ZASALE 36.92 44.86 8.0
wlo Bk % 40.24 48.02 8.5
with B LR 37.12 46.27 8.5
with B AL E 39.10 47.54 12.0
with KR 32.68 41.82 11.0
FRAG 29.68 36.49 12.0

Table 5 Effectiveness analysis on TriviaQA dataset

£S5 TriviaQA HIEE FHEES

FEAL EM F1 it ] /b
DFRAG 59.06 69.32 10.0
wlo Bl HERE 56.75 65.86 14.0
wlo BASALE 53.85 63.43 10.0
who Bk % 56.03 64.89 10.5
FRAG 51.63 60.05 14.0
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Table 6 Influence of hyperparameter combination

®6 BSEAAHEM

HEZ5 M @ B EM F1 s ] /b
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TR 4R KT, DFRAG HEZR 1l 25U & (M=6, o=
11, B=1.5) TERBCR AR Lk 8] 1 R fiF-85 . BRI
TS, B e MOAE AR ] B ROV, 2 M=4 ] P
FA R FEFL TR, M M=8 B AEH RSV T, (HAL 1S A
TR & P S U, BTSN R] AR SN T 25% ()L 8 h
WEE 10 h) ; Hk  AGE R o RN REME B 2, Yo
=1.2 M DR o 8 il 5 B0 O s A B e A, HE A R T
22 UESE T R VO ARG B 06 B f i, R R AN B
il B 7 [ 1.2-2.0 ] IX 0] 22 3l i HE 8 R B sh B/, {H I B=2.0
I Hy TR ARG 3 O, AT RE 2 B Al JE SR
i 22 MR A O, BB RG22 o fEARTE R AR, R
SR G RO ORI T3 3 i SRR, Kk
T DFRAG 2B BRI LA & b

4 HiE

ASCHE H ) DFRAG HEZR B8 M ot sh S e Ak ALl 51
ABIBR R 5w AR G, W sh S K P um £  sh K
RECRABESERE N =4 R, A 8k T 1545
D7 ¥EAE AR R SR A AL PE e L A n) A, 26 3%
I HESRAE LR B B RA RO B i S B T T s 5
RN %

AR GG — 2 AR R IR IR 2 > WA A R4 o 2B Al
PR TRIZ R T 5 R0 IZRESL Y i 2= AR 57 [R) 43 A o
SR S R A Zrda e MR, DL e A 2 AT 55
Tz AR PR BE AT 0 Sk, HE S BRRA T 5 iR TR A R

R
S E 30k :

[1] MINAEE S, MIKOLOV T, NIKZAD N, et. al. Large language models: a
survey[DB/OL]‘ https : //arxiv. org/abs/2402. 06196v3.
[2] MCMAHAN B, MOORE E, RAMAGE D, et al. Communication—efficient



5512 3

RO, BURERE , 5

A8 TS AL P S R I 2R I R A AHE 28 - 167

(3]

[4]

[9]

[10]

[11]

[12]

learning of deep networks from decentralized data [ C]//Proceedings of the
20th International Conference on Artificial Intelligence and Statistics,
2017:1273-1282.
LEWIS P,PEREZ E,PIKTUS A, et al. Retrieval-augmented generation for
knowledge—intensive nlp tasks [J]. Advances in Neural Information Pro-
cessing Systems,2020,33:9459-9474.
MAO Q, ZHANG Q, HAO H, et al. Privacy—preserving federated embed-
ding learning for localized retrieval-augmented generation [ DB/OL].
http ://arxiv. org/abs/2504. 19101.
JUNG J,JEONG H,HUH E N. Federated learning and RAG integration: a
scalable approach for medical large language models[ C /2025 Internation-
al Conference on Artificial Intelligence in Information and Communication
(ICAIIC),2025:0968-0973.
MUHAMED A, DIAB M, SMITH V. CoRAG: collaborative retrieval—-aug-
mented generation[ DB/OL . http: //arxiv. org/abs/2504. 01883.
WU P, LIK, NAN J, et al. Federated in—context LLM agent learning[ DB/
OL]J. http://arxiv. org/abs/2412. 08054.
ZHANG R L, DU J H, YIN H. Client selection algorithm in cross—device
federated learning [J7. Journal of Software,2024,35(12) :5725-5740.
Rk, AR A P AR ] P B P AR k] SR
54R,2024,35(12) :5725-5740.
GOETZ J, MALIK K, BUI D, et al. Active federated learning [ DB/OL].
http ://arxiv. org/abs/1909. 12641.
CHO Y J, GUPTA S, JOSHI G, et al. Bandit—based communication—effi-
cient client selection strategies for federated learning[ C1//2020 54th Asi-
lomar Conference on Signals, Systems, and Computers, 2020: 1066—
1069.
DENG Y,LYU F,REN J, et al. AUCTION: automated and quality—aware
client selection framework for efficient federated learning[ ] ]. IEEE Trans-
actions on Parallel and Distributed Systems,2022, 33(8):1996-2009.
IZACARD G,LEWIS P, LOMELI M, et al. Atlas: few—shot learning with

[14]

[16]

[20]

[21]

retrieval augmented language models [J]. Journal of Machine Learning
Research,2023,24(1) :43-76.
KWIATKOWSKI T, PALOMAKI J, REDFIELD O, et al. Natural ques-
tions: a benchmark for question answering research [J]. Transactions of
the Association for Computational Linguistics,2019,7:452-466.
JOSHI M, CHOI E, WELD D, et al. TriviaQA: a large scale distantly su-
pervised challenge dataset for reading comprehension [ C ]//Proceedings of
the 55th Annual Meeting of the Association for Computational Linguis-
tics,2017:1601-1611.
MCMAHAN H B, MOORE E, RAMAGE D, et al. Federated learning of
deep networks using model averaging[ C]//Florida: The 20th International
Conference on Artificial Intelligence and Statistics,2017.
GAO Y, XIONG Y, GAO X, et al. Retrieval-augmented generation for
large language models: a survey [DB/OL]. http://arxiv. org/abs/
2312.10997.
JOHNSON J, DOUZE M, JEGOU H. Billion—scale similarity search with
GPUs[J]. IEEE Transactions on Big Data,2021,7(3) :535-547.
LIN X, HUANG Z,ZHANG Z, et al. Explore what LLM does not know in
complex question answering[ C 1//Proceedings of the AAAT Conference on
Artificial Intelligence, 2025:24585-24594.
RAFFEL C, SHAZEER N, ROBERTS A, et al. Exploring the limits of
transfer learning with a unified text—to—text transformer[ J |. Journal of Ma-
chine Learning Research,2020,21:1-67.
WENZEK G, LACHAUX M A, CONNEAU A, et al. CCNet: extracting
high quality monolingual datasets from web crawl data [ C]/Proceedings
of the Twelfth Language Resources and Evaluation Conference, 2020:
4003-4012.
IZACARD G, CARON M, HOSSEINI L, et al. Towards unsupervised
dense information retrieval with contrastive learning[ DB/OL]. https : //arx-
iv. org/abs/2112. 09118.

FAELG BT A7)



