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Abstract

To address the limitations of large language models (LLMs) in handling long-tail knowledge for
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open-domain question answering tasks, this paper proposes SOFTRAG, a novel framework that in-
tegrates Retrieval-Augmented Generation (RAG) with soft prompt optimization. The framework
aims to enhance the utilization efficiency of low-frequency knowledge and mitigate the constraints
of traditional approaches. The study combines RAG with soft prompt optimization techniques, in-
troducing a Perceiver-based soft prompt adapter for extracting critical information and employing
the LoRAMOoE method for parameter-efficient fine-tuning. Evaluated on datasets including PopQA,
TriviaQA, PubHealth, and ASQA, the SOFTRAG framework demonstrates significant improvements
in accuracy, reasoning precision, and generalization capabilities compared to retrieval-free base-
lines and conventional RAG methods. Ablation experiments further validate the critical contribu-
tions of soft prompting, retrieval modules, and fine-tuning techniques to performance enhancement.
This approach effectively balances performance with computational resource requirements, sub-
stantially improving LLMs’ performance on long-tail knowledge tasks and offering new optimiza-
tion insights for open-domain question answering.
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1. 5|15

IR, KiFF B (LLM)E 2 R LS5 h R I 6, TR A OUBEE 4 BRI 2R, X EERR EL
RTFEMFLIN, A2 RRTERIES PRI T ORARL LI AHERLRE I [1] [2]. FETFBOKA
Z(Open-Domain QA) U, LLM [ R FIAMHES]) 1 HAR (I PRIE R e, B 9RIRERIIER AL 18 (¥ B B A0 5
%[3]. 5E AR % (Closed-Domain QA) AN, I sk il 2 AN S T4 5 A3 1 k1R BRITURE S i) 25
X, T A AR T BEA AR B A RS T (AR, IR AN RSO B R PR

Bt 70 A1 R T TSR i A 55 T Wi ) — S 1 Pk, RISk B iR R B R <), TR Z
B RBEIHR A A WA B S BIIAFATRE DL . LLM AEAE R REAE B & KRSk AR LIS R R, T
KRANR, BAHE LI AT A BaCAZ FE R [4]. KEMNEBER, 7ERF RS MIbr R h k545
EEMMEM, fla, EERES A, SRR SEAR TIARTEBN ARG AR, EIRAE R
PRECHE P BRI, (BAERE 75 T 2Oy S [5].

KR G584 U(RAG) A BB AR K R AR R BUA I R (it 1 — M AU k77 %8 . RAG i
MBS R A G SN RROR R SRR (PR e . XA IR AR m TR A K R ARG ERE ), R
FIRTE T B TF AR A B 55 LS AR RE 6] B4, FEAC TR — L8P K 5 Wi 44 SEAA BB ML AR ) 1)
AU, RAG JIVAREMGIE AT R B (ARG SCM, WRL R s ZEH T SRR, AR CEHERI B 2. K
Z K RAG TP A ARGIIAE 55 RIS, JCHAE KB R MR BRI T I03, (BAR 2 SOR
Fr BOAT REAL & IR 75 B WA SE AR SR IS 2 [7],  IXFT e RO AR R [ A RS R, T Ak K R
NT —ALEER . SELFRAG [84H 1l “ HAE” HIskng, (MR R as ARG 55 7o R SR L
B, IR LR VRS TR B SR G . ASCRAIRABLA 77 20, AR B B OHERL BE 0 K R
HISCREHEAT LA B, $RTT RAG HARL R A PN 7 o NI 8 Bk, I3 i FLAE AR S R AU 55 T K A A
HERTE -

PR S IR S IE R R s BT BB BRI 1 ORIE S AR A SE PR AT RIS E[9], (HE B SR K
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RESZ IR TR SCAR R 7 5 IS BRI R . WHIER M, 24 LLM TR (BRI, AR {h ] - 35 s
oE R, TR AL T3 TR R4 145 B [10] o X RIS BLR AR A (5 BB, 12—k Ek
SN, AR T ) T VRS R I TF Sk 2 R4y, To6S i R 40 RS B AR BRAE R AN o X PRI A
SEFRK SRR IO, BIAITE KRR % SORAE BRSO BT 45, AT BE 2 IR S B
FEAER A B TR thAh, KB RHEE BAA T DR EE I R SUE R, (AR AL 2]
T SRR A A S T U B B U P PR 1 R SR A B RS . DR, ] S b N KRS AR08 5 SR TR
— P R S SRS . AR ST, RN BORAE NN 2 2] (W B B Ty n), i« n s ST i e
BREGCARIES, UMESRE 7 A, SR A OAE BB 00T, e AR % [ 11].
Bxr BRI, ARSCHEH T SOFTRAG HEZE . ZAELLF| FHAEAY [ B XA 2% B SOk AT . 202 e Ak
B, FEFIF Perceiver &AL 43K 2 M8 J5 1 SCAHR N 7] & 5540 N mT IR 8CER 7S (soft prompt),  PABEFRER H ST
AR OERE B B2, BRSSO R PHE NGRS FRIE S B, 4454 LoRAMOE [12]77
T SECR A, IIT3E SR A R AR 22 ST B 7, [FIRBR AT A5 @ e . 2 8m A0 (PEFT)
(13N IS SOFBEBRE r Z 48, R RR T iF ARG AR, R OREE 1 ORTE & A Y Rl R,
HA BEAR ARG M I, SRS Sk AR vz AL RE T
ARSCH) T EETTRRA T -
o ARIUHEH SOFTRAG HEZE, 4 RAG 5HSEni bl &, it 24 m aom s B fE s il K
BRI ST I [RI,  $859RAT 45 & id e
o ARNHINFIERIERA, WEE R VIR R R ROCRE R, BEEIEIIRERE, R
5y TAbEE EAE RN “HIRRT .
o RAEZAFEMEHIEE LR BRI T AT VP, B 2 Rl srI6 5 B I UE A ok, JEX A
RRIVHATIRN T

2. RAG SERRMALHIIRRIESR

AT EAR I FFHELE . iZHERIG ARG R BSOS BN R &,  E R R
RS RE AT I, SRR AT S A, R GRY BE TR 402 S K R R R B SO S s R AR [
S

2.1, [ERRE X SHA

ST IR B AT S5, 4 — AW T =(g,a) , BT RS Retrieve A Wikipedia 15 kL 62
H K ARSI D ={d,,d,, -, d, } o R M KPR ZR )1 SRS D A N T JEAT LM A 2R, AR pf
MHERE R ={r,1,, .0} o RS ABITRIE RS R AN ERIE R P={p,, P+, Py} o

AR H AR AR R P AT S I S HORR TGS € 8 g FIER S a, i01E p,(ala,P) - BLAE
0 EZHRERAE T AR K R A0, R 75 B OE A AT SEAR RN ISR M5 B, IS i af 2
%o [AR, Al RAG Jriki e T4, HIE RS, KITE R B0 ST E N I BN
RAT IR PR E B HE T, DA KPR R AT (1) H & AT R BE T
2.2. EZHHR

K1 R T BAMELRM SR, B 1) R R, 2) AN, 3) BILRER; 4) M
O o ZHELL 1 SR SCRIAS R SIN MR R0, P ik B AR b A 2R 4 SRk AT a0 e, RS
SEA AN IE R HE B A ST IR 4, e i AR R AT S 3 n 45 B N K0 5 BT S 80 U
W, B AR K BTSRRI,
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Figure 1. SOFTRAG framework: 1) Document retrieval; 2) Reasoning generation; 3) Soft prompt ad-
aptation; 4) Model fine-tuning
B 1. SOFTRAG #EZE: 1) M5 %FR; 2) HEREM; 3) TiRTIEAL; 4) HARA

2.2.1. HEKBE

FESCRIR R B, A8 IR 22 2% Retrieve M Wikipedia BT SCRIW = {w, Wy, -+, w, } HF3RIL L i) e A O
KA D={d,,d,, -, d,} . BATE, Retrieve 1 5eillid SCR S s 3% Rdoc(-)fﬁnﬁw’ajqﬁﬁ%ﬁ Ryery (+) 1
SCRYA ] AT GRS, PRI SR 6 J2 1 Transformer, (HSEURILE, HECPHibiE A&
FoRs BV IS ORI A AR TZ AR, AT SR gt Top-K /N5 ] A BB 5t v PR SCAY
KR fE e SN

D = Retrieve(T,W,K) = {d(j)| i= T{OpK (sim(Rdoc (W), Rogery (T )))} @
ic(L,...N}

HoAp T AKX, sim(-) R RIZHBUE.
2.2.2. #EEBER

Input: Read the following documents relevant to the given question:{q}
Document [1] (Title:...):
{contents of d; }

Document [i] (Title:...):
{contents of d;}

Task-specific Instruction:
Remove irrelevant details and only retain paragraphs that directly describe the given
question: {q}

Output:
{rationale 1 }

{rationale r;}

Figure 2. Example of reasoning generation prompt

2. HERRAE AR TR
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A FFIH UG SRR “ B fey, KinE g SR BSOS D={d, d,,---,d | FLFEHA
KRIGEFHAM , FFMIMES R TR |, AR S5, X SORREAT RIS . i 2 o, 4T
AR R e D, W RESHAM R, AR SR R ={n, 1, n} o HEIA BT
y\j:

=M (d,T,1),Vie{l2 k| @)

| MRS RFE RN, I THRALE A EMR(E S, BRI R A TS I Zg e

2.2.3. FIRRER

AHFFUf# A Sentence-T5 [1414E N UL &% » {EALFEKSCAKS, Sentence-T5 W@t 73 g s FE Al &
() SRS (o R N 5 P XAk, 76 TSV IR AT PRI A AR B e Bl U2, 38 S BN S 8038 Uik . i
RAE o AL A R HE 1 %\ 2] Sentence-T5 4% 4% (STS)H, A R &4 TN . FEE RN
FFET Perceiver B [15] L RIERLES A H, RGN —HKIE R R P o PIRERISFEA:

P= Zk: A(Sentence—TS(ri ) (3)

WILN AR P AR THEE PSR, AN PR NGRS, ([F T SSRGS, e s

R IR EE SRR BN Top-K U E—E.

Weights shared

Figure 3. Perceiver-Adapter architecture
3. Perceiver-Adapter 2244

T B HREUGR R AL, A 78R I3 T Perceiver A5HR [ 4 HE 75 1 FiC 2% A0 31 e 4 50040 . Perceiver
I X AN, SRR i AR P B A RIE R SOR I H B Sy, H 28081 ) Rk AL 3
BEHRITREE, REEESHRIICEEHE, &K X MK M EELS NS T %R HER
RN “HEHEYITRT o REBSORRE TRMAZERFOCRE R, RN BRI TR R R, JEEE
G H TR S RN e N7 IR, G T R PRI K R A A T R ) BB G R R RS B

Perceiver-Adapter E&RZLR N 3 Fran, HHES 17 24 Perceiver 3, HA Perceiver L& 1758 X
R NE. BES I EEE DERARIRMNEZ(FFN). BAARSEREN T, B4 Sentence-T5 #{ F—
A~ Perceiver Hufi H (1 Hx AFARTAG 10 IR [ 250 0038 78 I RN B R D)2, IRBCREE R, FFTEH
WAE & . 42 FORE I M BRSBTS B BRI, @ B s L@ v R A A & (A
IR R, B D IRURRIE 3R B R SUE R R BER IR G, e M E a4 — AN Fi 5 M 4% (FFN)..
FEN HH P J2 21 45 2 FI0E R A (ReLU) LR, FH T3 — P38 0B /2 () B () R IB R T iU 0 4 R A FH
FINARL AT e, 5 A AY o G A IR B A RHE . B S 40T 2 )2 Perceiver HUARER 5, T AE M =16 5
NEHR IR ZIRRHIE R IR . 82 T2k, WERESE — N2 2, K FLmUR BT 55 M S i fa H 25 ] .
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2.24. RBINA
TR, BMEMRER={r,r, | 2LR)BANHILRAEP ={p,p,, - P} FTHEFFEIRR Task
Pz, RGN x o PHESREE SUN:
x=[py P,i-+ P Task] (4

BTN X BN BIRGE SR M AR TR0 . SO R FARRR R (LoRA) [16]1 0t )72 Lo-
RAMOE, {5 B A 4 5 2 HEAT 2 8 = R0&E BC - LORAMOE i I 24> LoRA 1 N4 5%, i it % i1 %% (Router)
AR T K IPERE . INEAT LIS B IRME G A sm R0 ZR, EReSHIER B E LS, M
BE— R TR MR RE . TR R AR FEW e R™" , LORAMOE 4N SR R4 A i ARk
HiFE AeR™ FIBeR™, Hrfr<<min(m,n) RE#4EE. K LORA MEUE w, 3 A:

w; = Softmax (xw; ) (5)
Horh wy 9 8% (Router) AT I 254 . LORAMOE JZHURAE 4t FEN 210 IE )i 7 i) LA R Ay -
W'(x)=w0+aiwi~BiA (6)

Hrpwy 28 TS EIEN, o 2% EESH, EUET %53, BEHBER S RBALEE A =5
HRRARRRAER, F PRI

Py (ay| @y, X) = Softmax (W, -h+b) )
Horbh SRR AR W (X) TSR], W b A RKINSEL, a, £ m AN, a, FoRATm-1
ANl AL AR SR ME A S R a B E VAR &’ Z RIS BB AT AL, Bk R R

L:—Emﬂw[EmeJa;&wPW»} ®

3. SCOEgIT
3.1 HiRE

NARAEZ ARG A PEAA R, SRR T =M iR R R 4R, Bl =M U T
FH—ANRKIEAERAESS, LIl SOFTRAG 7E L FEAUAESS PRI, N HEEBHREN .

3.1.1. EERERMES

PopQA [17]: —AMFFHUR IR & 55, B EVEAS AL IRAT SCHU BRI S R 66 77 . BUd 4RI 25 FL R
B, & R4 N SR ), DA Bt TR R, W R R BRI R AR )2 B Rl A A
SEAREEIE, BIaANG. B AER4, Helgad 2 EmER.

TriviaQA [18]: — MMM M B HAREE, &AL AT T LM SR ) 250 . )@k T trivia
R I ENIR S5 28, 2752 TT A Web B Wikipedia &5 585 L. ZE0E 46 10 il s S 4, W 2 AR
MIAE, FEZGHE, ZRNFEMELARSEE.

PubHealth [19]: — A&y T AP F AU AU B 4, B TEVEAS I B PR AR W R 2 SR 2R
A AT HIIRE S o ZBR AL T 3 & ROAIERAN IR, ) ORI PubMed %5 i o3 it AR WIS 24 SCRiR
AR 2 BRI TE . AEVIEARE S AT, FEniE G SRR A b AN R R I

3.1.2. KERERIES
ASQA [20]: E AN JERDRI L i @l KL N B85, SEAKIEAEZEIREAR, A
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PIbRiE 7 K 302 28 Bk 7 S B il e, 3 4 o 2 06 I B F A R B (B85 o ] AR 285 2 45 5k
JET Wikipedia 35, #dE=+'E H 2 M.

32. RERZE

SeB e A Wikipedia 1EAMBEIREE, RS2 PGS % AR A, A B R R SO
(Top-K), LVAVEAfRS 2203 S0 B PR RE R R mA o R P Al B SRR R AR W0 T

Contriever [21]: —FIETXT L )RR RS, EH T RRERRES . X PopQA Fl TriviaQA
XA AT 55, N Wikipedia H 28 -5 ) dUAH 5G 1 SCRY S, Contriever REf4 At = T & T R 45

GTR [22]: —FidtT T5 MMM RS, B AERARRR, 1ERRE PR R BANH SO . ST
ASQA MK IEAA AT S, GTR REMS R G AL HE 2 2 SRR M8, JFPR L s R & 3.

3.3. &R

AT S ERAIERE, SEIGK 2 M TEAr . 75 ASQA fE55, HHE 7 SCHIUERAPE (str-em).
IEFAYE(rg) RO % B2 (mau) [231F8 A5 o X T HARAESS, KRR P AR B R AT B & BB R A,
5l N7 LLM-as-a-judge [24] (GPT-4o)E N Al T H, 5 EEIE LM M DL L TE A T I PEAE 45 51 .

34. E&%

SEAG LAFR A AR Llama3-Instruct8B [251F s TS, JExf b 2 P26 55, BAREFE DL 2.

TR BRI Pl T 2R R AFF 2R KB, 46 Llama2 7B 1 13B [26]. Llama3-
Instruct8B [25]. ChatGPT [27]. SAIL-7B [28] LA &4 LA Alpaca-7B 1 13B [29]. i T-45 4 L1
LM, SEIGE F A RS 1) B 7 RGP R EidE 2 2o X SRR AR 4 B S L R R AT A i, B
BNASHINABEIR I e

AR R FELAAL . PEAL T AENNFIUIZRR B g AR R R A, 3 B FEFRiE RAG H4 A 2 Fh
TRE R R BNE SR, f14% Llama2 7B #11 13B [26]. Alpaca-7B A1 13B [29]. ChatGPT [27]. [A}, i&iF
il 7 —LE AR B R IR R A IG5 7, B TR PR AR R B B SCAREEAT 1RO, L HE SELFRAG [8].
OPEN-RAG [17]. X SeAR R ER {5 F [FIF (104G 2R A AR 4 7 10 DL Ak 2 380 1) TH0 4 SCRY AR R H o

I ISR LR (X L, AT 4TI R SOFTRAG FEANFIMESS A& R I BE A 35

4. SKEERS5H
4.1. SREFROELBITHB S

Table 1. Overall experimental results for four tasks, categorized into retrieval and non-retrieval methods

1 MESHSHIRER, BESARRMIFREME

Short-form Long-form
PopQA TriviaQA PubHealth ASQA
(acc) (acc) acc (em) (rg) (mau)

Baselines w/o Retrieval

Llama2 7B 14.7 305 34.2 7.9 15.3 19.0
Alpaca 7B 23.6 545 49.8 18.8 294 61.7
Llama2 13B 14.7 385 294 7.2 12.4 16.0
Alpaca 13B 24.4 61.3 555 22.9 320 70.6
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ChatGPT 29.3 74.3 70.1 35.3 36.2 68.8
Llama3-Instruct8B 23.9 67.9 60.5 30.6 35.1 68.5

Baselines with retrieval

Llama2 7B 38.2 425 30.0 15.2 15.2 32.0
Alpaca 7B 46.7 64.1 40.2 30.9 33.3 57.9
Llama2 13B 38.2 425 30.0 15.2 22.1 32.0
Alpaca 13B 46.1 66.9 511 34.8 36.7 56.6
Self-RAG 7B 54.9 66.1 72.0 30.2 35.7 74.9
Self-RAG 13B 56.0 67.5 76.3 31.6 35.9 69.7
RAG-ChatGPT 50.8 65.7 54.7 40.7 39.9 79.7
OPEN-RAG 7B 58.3 66.3 75.9 31.9 36.7 84.3
OPEN-RAG 13B 59.5 69.6 77.2 36.3 38.1 80.0
SOFT-RAG 8B (n =8) 59.7 72.2 79.4 40.8 39.9 66.8

1 ()RR T R R LA IV RER I . A SCHEH 1) SOFT-RAG J7iETEATA 1155 H 1 W BAL
THBMIAN LLM, EETER TS AFebs L T A E R, 4G ChatGPT. 7ERIE M BT
% PopQA. TriviaQA A1 PubHealth ¥4 4E |-, SOFT-RAG 8B FIHERAZ /> HIiAF] T 59.2%.75.2%41 79.4%,
EEMT Llama2 7B 1 Alpaca 7B 2585, i, 7E PopQA a4+, SOFT-RAG 8B [HERZR JLT- =&
Llama2 7B (14.7%)F1 Alpaca 7B (23.6%) )% fi% .

HERIER A BT S ASQA ¥4 |, SOFT-RAG 8B (n = 8)7E em. rg Al mau 845 EHI7E0 705 A
41.8%-41.1%711 66.8%, 5 Tk 2 HIFE LR AR AYAR L S2 B 1 KIE ST . 14, Llama2 7B (5% B 155N 7.9%.
15.3%F1 19.0%. iXibst FR I SOFT-RAG TEAAERE . 5B H F N CHRME RN EA BERA.
SR1M, 7E mau F8h5 b, RAG ISCA R BERAR T IR AR, X AT RE& T 9] AR R IG SR H] 5618 5 4
BRI P A T — s R

42. 5 RAG HELHITEER S 2

F1LRM)ER T 5 RAG LML R, 715 RAG BRI ELH, SOFT-RAG 8B 4k 4L Bl Hi it
SHITERE. AR M BAES Y, SOFT-RAG £ PopQA. TriviaQA il PubHealth #5455 _F ki 22 43 71
N 59.7%. 75.2%F1 79.4%. AHET HE KAL) SELF-RAG 13B fil OPEN-RAG 13B, SOFT-RAG 8B 7£%
BT R IAE B, AT HAR T 7 RAG JEZARAY.,

KR ZATSS ASQA HidlE4E |, SOFT-RAG 8B 7£ em. rg F1 mau 545 L #7593 70 51 41.8%.
41.1%F1 66.8%. FHILZ T, Self-RAG 13B (X455 31.6%. 35.9%7F1 69.7%, OPEN-RAG 13B )15
53N 36.3%. 38.1%7#1 80.0%. H:%% SOFT-RAG 8B 7t mau #E45_- 1% 1T OPEN-RAG 13B, {HTE em fil rg
fabr DREHE—%, BRI TEANFMES R HZ AR ) S S . XL Bt —PIGHIE | SOFT-RAG 1E¥ 4
K25 BANA BAERA B T I RE J1, TRt 3R B TR AR SO I W P 5 T T3 5t 25 1]

B i SRR R JS B IR IR S 2 (A1 AE ol 2R Y | e DA KK R AR I 2 EAREALE
W25 . DL TriviaQA i, Hn) B & B K 22 A0 HE B 5 USR8 5, (At SOFTRAG HE4L s
ZAR S ARG R AR 1V R BRI N G, e AU AME G BUE R R R P A 2,
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M SEHLR 2 PEREIRTE. M 5, 7E PopQA Hrfiderh, HAABIREMER & B Friedt, (Hb 1
BOMfRI L, KEARIITREAL, SETHIRE A A R

4.3. jHR4SELE

Table 2. Ablation experiment results (“-” indicates missing data)

2. HAASCIGLER, 7 RRLIZMBE
PopQA (acc) Trainable Param

Training
Soft-RAG 59.7 0.57%
w/o soft prompt 59.4 0.57%
w/o Retrieval 28.6 0.57%
w/o LoRA 65.5 100%

Test

w/o soft prompt 54.6

w/o Retrieval 22.9

w/o LoRA 18.6

N T BHIE SOFTRAG HEZE A & 2H A A FH , AR SCBETH 7V b S8 , a3 7 % B B B2 7 (soft prompt)

K A (retrieval) 1 LORA S (LORA), RSt HT 1 SRR BRI DTk, Wi 2 Fivs. S840
GERRE, SBYONHIAERE BAG EEAEA . AR BRI E N, SOFTRAG 1t PopQA #i#i4E ik
WL F] 59.7%, HALT 0.57%M IS4, BT RIFMMERE SRRl . BRKITRE, IZHEr
HRESTCN 42 59.4%, EIIRERG R D AR E 54.6%, [FRHNFFEHIKE RIERIN, SEGHE SRR
B BT AREW, TR ACE RG> TR S, BRI TERRIZ AR T AR B AR,

LR RN, IZETRZE R A 28.6%, MIKHERIZR I — DS 22.9%. X —25 R K, mRE
P A R s A AR G R AR K e 7 TS 3 1 OGHE F o B2 k LORAMOE J& , IRtk % B4 T} 2 65.5%,
{EUE I ZR S5 LB 1S I %S 100%, B 4 25000 BEARE VI SR BEERE LAy, (HiZAbBE I EA R, H
PR TR BN, dhah, BT X GREAR SR, MR B TR 18.6%. LA iR
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Figure 4. Line chart showing the impact of soft prompt quantity on performance in short-form question answering tasks
(PopQA, TriviaQA, PubHealth)
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Figure 5. Line chart showing the impact of soft prompt quantity on performance in long-form question answering task (ASQA)
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