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1. Abstract & Introduction
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1. Abstract & Introduction

« Open-domain extractive downstream task(z&= 7|8rQ| A EH 20| O A RF H L=
o d

* Encoder-Only 7+29| BERT 7[%F, 57§ corpus 20M ¥5= B8 FEof= YH2E Open-QA tasks
- 20| & YUZPor Hedofs Hl= SH0| UAIT, O| S HIT2E AALE A MEE HLEF 4dot= 752 Aty

 Hybrid Parametric memory2} Non-Parametric memory& seq2seq(A| H A-F-A|H L) L3O 48
* Retrieval-Augmented Generation(Z A 7|8I 4/d), H-E fine-tuning ¥&tH

* Pre-trained, parametriccmemory generation models®| non-parametric memory& A&

Define "middle ear™ (x) (‘ ----------------------------- The middle ear includes
End-to-End Backprop through q and py e Shupar it ity .ar(x-:'j)
Question Answenng. the three ossicles. (y
Question Query /" Query Retriever p, Generator pg |  Quesion Answering
- " ) . = e
Enrndor L 0 HIAdEe)
Sarack Chana was
'zs:;rrr :n\ '-;.:h'.'.i?.l (x) d(z) /,_\l‘ SUPPArty (oY)
Fact Veritication: Fact Query - -y - o~k Margin- {:bc;\gg::::t?gn
The Divine ."'"i‘ —tn —
1 35 - - {
< P — inis 14th century work
Comegy (x) Mlps ~ \_/"5‘ . = ..._xl.-:' )tr_ z?n Ury wWor
is divided into 3
Jeopardy Question R 7y sections: "Inferno®,
Generation: "Purgatorio" &
Answer Query N “"Paradiso™ (y)
k } Question Generation
N .//

Figure 1: Overview of our approach. We combine a pre-trained retriever (Query Encoder + Document
Index) with a pre-trained seq2seq model (Generator) and fine-tune end-to-end. For query x, we use
Maximum Inner Product Search (MIPS) to find the top-K documents z;. For final prediction y, we
treat z as a latent variable and marginalize over seq2seq predictions given different documents.



1. Abstract & Introduction
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2. Methods

2.1 Models
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Figure 1: Overview of our approach. We combine a pre-trained retriever (Query Encoder + Document
Index) with a pre-trained seq2seq model (Generator) and fine-tune end-to-end. For query x, we use
Maximum Inner Product Search (MIPS) to find the top-K documents z;. For final prediction y, we
treat z as a latent variable and marginalize over seq2seq predictions given different documents.



2. Methods

2.1 Models
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2. Methods

2.5 Decoding
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3. Experiments
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3. Experiments

3.2 Abstractive Question Answering (
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3. Experiments

3.3 Jeopardy Question Generation
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3. Experiments

3.4 Fact Verification (AfA! A X)
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4. Results

4.1 Open—-domain Question Answering

N

« RAGE H|2f¥ (Closed-Book) G ¥~ ¥d |F 8L L5
S8R 2
« 7| F8 REALMO|L} T5+5SM R HEIZ2 Salient Span Maskingil Z2 S Ard af50| T R5HX| 2, RAGE
O[2{ot 7%l At shg GO0l = 423 85
- BERT 7|8 A2 A QAL E ZME A& (re-rank)of= DPR QA A| AR Hlwet M= FAHMH = d55
2=
- RAGZI 2|HE 55 48

(Open-Book) A 7|dt 4 2 HEAIO|

rlo
w

)..
ol
~
10
=t
PN
o
]
410
Rl
r
AN
M
oot
1
in
)
at
R
Q
Q
<
D
IR}
D
Q
o
D
.l
N
B
[o
o
R
ol
Ojo
fujo
O|N
od

228 4 FOOIE, Y YA ALt e HH
Y EYO| QE{RE TME BESHE BMES Y8501 YT M40 7|0 Ths

L=k
= "1 (@)
ME M0 50| 2L UR| = 70 RAGE §5= 5010 48 7=

Table 1: Open-Domain QA Test Scores. For TQA.
left column uses the standard test set for Open-
Domain QA. right column uses the TQA-Wiki
test set. See Appendix |D|for further details.

Model NQ TQA WQ CT
Closed TS-11B[52] 345 - /501 374 -

Book  T5-11B+SSM[52] 36.6 - /60.5 447 -

Open REALM [20] 404 -/ - 40.7 46.8

Book DPR [26] 41.5 57.9/ - 41.1 50.6
RAG-Token 44.1 55.2/66.1 45.5 50.0
RAG-Seq. 44.5 56.8/68.0 45.2 52.2




4. Results

4.2 Abstractive Question Answering

« RAG-Sequence+= Open MS-MARCO NLG 2t 0|A BARTE BLEU &4 2.61F ROUGE-L 84 2.6 2{0| 2 57}

+ RAGE LIS 72 Mg T3S W37t &4l

1. G2 24l REHE= dE ++E(gold passages)=

2. 2470 48 14 G0l =B =~ 8=

3. 2E A 20| WikipediaTte 2= HHE £~ S
Table 2: Generation and classification Test Scores.

MS- MARCO SotA 1s [4], FEVER-3
FEVER-2 is [57] °
Best model without gold access underlined.

318 [68] and
“Uses gold context/evidence.

Model Jeopardy MSMARCO FVR3 FVR2
B-1 QB-1 RL B-1 Label Acc.
SotA ~ - 49.8% 499 768 922"
BART 151 197 382 416 640 811
RAG-Tok. 17.3 22.2 401 415
RAG-Seq. 147 214 408 442 '2° 3822

Table 3

2 Q1A 0l A1t
= E =
o Lo EY HEE 0|8

: Examples from generation tasks. RAG models generate more specific and factually accurate
responses. 7" indicates dellldl]} incorrect responses, * indicates partially correct responses.

Task [nput Model Generation

define middle BART 'The middle ear is the part of the ear between the middle ear and the nose.

ear RAG-T The middle ear is the portion of the ear internal to the eardrum.
MS- RAG-S5 The middle ear includes the tympanic cavity and the three ossicles.
MARCO what currency BART The currency needed in Scotland is Pound sterling.

needed in RAG-T Pound is the currency needed in Scotland.

scotland RAG-S5 The currency needed in Scotland is the pound sterling.

BART 'This state h|;1!-; the largest number of counties in the U.5.

Jeopardy Washington  RAG-T It's the only U.S. state named for a U.S. president
(Juestion RAG-5 It’s the state where you’ll find Mount Rainier National Park
{r:'FT"EI . BART This epic poem by Dante is divided into 3 parts: the Inferno, the Purgatorio & the Purgatorio
-ation The Divine s " _ o -

Comedy RAG-T Dante’s "Inferno” is the first part of this epic poem

Omed RAG-5 This 14th century work is divided into 3 sections: "Inferno”, "Purgatorio” & "Paradiso”




4. Results

4.3 Jeopardy Question Generation

Table 2: Generation and classification Test Scores.
MS-MARCO SotA is [4]. FEVER-3 is [68]] and
FEVER-2 is [537] *Uses gold context/evidence.
Best model without gold access underlined.

Model Jeopardy MSMARCO FVR3 FVR2
B-1 QB-1 R-L B-1 Label Acc.
SotA - - 49.8% 499* T76.8 92.2*%

BART 15.1 19.7 382 416 640 81.1

RAG-Tok. 17.3 222 40.1 415
RAG-Seq. 147 214 408 442 '2° 893

Table 4: Human assessments for the Jeopardy
Question Generation Task.

Factuality  Specificity

BART better T1.1% 16.8%
RAG better 42.7 % 37.4%
Both good 11.7% 11.8%
Both poor 17.7% 6.9%
No majority 20.8% 20.1%

Table 3: Examples from generation tasks. RAG models generate more specific and factually accurate
responses. 7" indicates factually incorrect responses, * indicates partially correct responses.

Task [nput Model Generation
define middle BART “The middle ear is the part of the ear between the middle ear and the nose.
ear RAG-T The middle ear 1s the portion of the ear internal to the eardrum.
MS- RAG-S The middle ear includes the tympanic cavity and the three ossicles.
MARCO what currency BART The currency needed in Scotland i1s Pound sterling.
needed in RAG-T Pound is the currency needed in Scotland.
scotland RAG-S The currency needed in Scotland is the pound sterling.
BART 'This state h|ﬂ5 the largest number of counties in the U.S.
Jeopardy Washington  RAG-T It's the only U.5. state named for a U.S. president
Question RAG-S It's the state where you’ll find Mount Rainier National Park
GPT"EF - BART This epic poem by Dante is divided into 3 parts: the Inferno, the Purgatorio & the Purgatorio
-ation The Divine RAG-T Dante’s "Inferno” is the first part of this epi
Comedy - ante’s "Inferno” is the first part of this epic poem o o o
RAG-5 This 14th century work 1s divided into 3 sections: "Inferno”, "Purgatorio” & "Paradiso
g

Document 1: his works are considered classics of American
literature ... His wartime experiences formed the basis for his novel
“A Farewell to Arms" (1929) ...

Document 2: ... artists of the 1920s "Lost Generation” expatriate
community. His debut novel, “The Sun Also Rises”, was published
in 1926.

Do 1 7
Doc 2
Do 3
Doc 4
Doc 5

] ] ] ] | ] ] ] ]
Q§31 ‘Qﬁ%c_ﬁ"}?‘\;\;‘cqr-@1 _‘-E:\. i J é&ﬂﬁlﬁcﬁ E&é‘k L 1‘-'_.., _,;5- Eﬁc§§@1

iy '3"1'..';
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Figure 2: RAG-Token document posterior p(z; |z, y;. y—;) for each generated token for input “Hem-
ingway" for Jeopardy generation with 5 retrieved documents. The posterior for document 1 1s high
when generating “A Farewell to Arms" and for document 2 when generating “The Sun Also Rises".



4. Results

4.4 Fact Verification
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Table 2: Generation and classification Test Scores.
MS-MARCO SotA 1s [4]. FEVER-3 1s [68]] and

FEVER-2 1s [5/] *Uses gold context/evidence.
Best model without gold access underlined.

Model Jeopardy MSMARCO FVR3 FVR2
B-1 QB-1 R-L B-1  Label Acc.

SotA - - 49.8% 49.9* 7T76.8 02.2%
BART 15.1 197 382 4l.6 640 81.1

RAG-Tok. 17.3 222 40.1 415
RAGSeq. 147 214 408 442 '2° 52




4. Results

4.5 Additional Results

 Generation Diversity

« Retrieval Ablations

Table 5: Ratio of distinct to total tri-grams for
generation tasks.

MSMARCO Jeopardy QGen

Gold 89.6% 90.0%
BART 70.7% 32.4%
RAG-Token T7.8% 46.8%
RAG-Seq. 83.5% 53.8%

Table 6: Ablations on the dev set. As FEVER is a classification task, both RAG models are equivalent.

Model NQ TQA WQ CT Jeopardy-QGen MSMarco FVR-3 FVR-2
Exact Match B-1 QB-1 R-L  B-1 Label Accuracy
: RAG-Token-BM25 297 415 321 331 | 17.5 223 55.5 48.4 .
* Index hot-swapping RAG-Sequence-BM25  31.8 44.1 366 33.8 | 1.1 195 565 469 | > 916
. DrQA°l 20164 12¥ Wikipedia dump®l OICl A2 At 5H= RAG-Token-Frozen 378 50.1 37.1 SL1| 167 217 55.9 49.4
< = o= P pe] AR2Z AfEots RAG-Sequence-Frozen 412 52.1 418 526 | 11.8  19.6 567 473 | &9 894
L= 2| = ol A= oF A
RAGSF 20181 12F z| 4l QIEAE AFESF Zuf H| W RAG-Token 435 548 465 519 | 17.9 226 562 494 | oo o0
RAG-Sequence 440 558 449 534 | 153 215 572 475 - '

. 20164 Qe A

- 20187 QHEIA

mi ujn

« Effect of Retrieving more documents
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K Retrieved Docs K Retrieved Docs K Retrieved Docs
Figure 3: Left: NQ performance as more documents are retrieved. Center: Retrieval recall perfor-

mance in NQ. Right: MS-MARCO Bleu-1 and Rouge-L as more documents are retrieved.
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6. Discussion
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