HCC Lab

< 9

)
— =
g o
-

)
S >
c O
o Q
> &
A.l
nlwm
o &
= Q
O &
T2
<C

Heo Dong Seok




Retrieval Augmented Generation

- LM 's big problem : Hallucination / Imaginary content

Causes and Types of LLMs Hallucination

Causes of LLMs Hallucination Types of LLMs Hallucination

\

o /
/ Source-Reference Divergence / Sentence Contradiction

/ Exploitation through Jailbreak /

Prompt Contradiction
/ Prompts /

.
PO DG

‘ Reliance on Incomplete or / Factual Contradiction
/ Contradictory Datasets /
N
/’ . / Nonsensical Output
/ Overfitting and Lack of Novelty //
(
/ Guggswork from Vague or /) Irrelevant or Random Hallucinations
/ Insufficiently Detailed Prompts /
C _J

masterofcode.com

P master.of.code f "

https://masterofcode.com/blog/hallucinations-in-llms-what-you-need-to-know-before-integration



Retrieval Augmented Generation

- RAG : Uses external docs/knowledge to generate output

Define "middle ear" (x) b3 ol e bt s el el e el el el o The middle ear includes
End-to-End Backprop through g and pe the tympanic cavity and
Question ing the three ossicles. (y)
Question Query ﬂ)uery Retriever pn Document \ fGenerator pe\ Question Answering:
Encoder Index Answer Generation
(Non-Parametric) (Paramet
Barack Obama was
born in Hawaii. (x) q(x) supports (y)
Fact Verification: Fact Que Margin- Fact Verification:
i - g Label Generation
25 > alize
The Divine z= q
e ) W MIPS<* b This 14th century work
2 ) is divided into 3
Jeopardy Question sections: "Inferno",
Generation: > "Purgatorio” &
Answer Query "Paradiso" (y)
\ + Question Generation
- N\ J

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 z, we use
Maximum Inner Product Search (MIPS) to find the top-K documents z;. For final prediction y, we
treat 2 as a latent variable and marginalize over seq2seq predictions given different documents.

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks (2020)
https://arxiv.org/abs/2005.11401



Retrieval Augmented Generation

- Step 1 : Retrieval

- Retrieve top k passages for given query from external knowledge base (Wiki,
Bing, etc)

- (ex) MIPS / BM25 / DPR
- Step 2 : Generation
- (Generate answer output with (query + passages) input

. (ex) LLM (BART /GPT /LoRa ...



Retrieval Augmented Generation - Step 1

BM25 : sparse retriever
=i DM q;8] term frequency

f(qiD)*(ky+1) 24 poj 210
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f(qi, D)+k1/«(l—b +b = avgdl)
n}2}0jEq 4 244 2igte| HF 24 20|
DPR : dense retriever (o .
[ Query Encoder (BERT) ] [ Passage Encoder (BERT) ]
[CL3] Query [cLs) Passage
pn(2|z) o exp (d(z) "q(z)) d(z) = BERT,4(z), q(z) = BERT,() Figure 5: Representation Model for Initial Retrieval
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Re2G (2022)




Re2G

Retrieve, Rerank, Generate

RAG + Reranker Network

Re2G: Retrieve, Rerank, Generate (2022)
https://arxiv.org/abs/2207.06300



Re2G
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Figure 3: Re?G Architecture

Rerank (BM25 passage ; ANN(DPR) passage)



Retrieval Augmented Generation - Step 1

BM25 : sparse retriever ; good at out of domain data
_ZM DOJIA ¢;2] term frequency
f(qi,D) = (ky +1) 244 poj 210

score(D,Q) = zn IDF(q;) *
i=1

D
f(qi.D) +ky * (1—b +b = m'}g'(u)
mape s 24 2Ee BF 24 Zo|

DPR : dense retriever ; good at semantic info &3 n

[ Query Encoder (BERT) J [ Passage Encoder (BERT) J

e (IEEEN oo MREELD

pn(2|z) o exp (d(z) "q(z)) d(z) = BERT4(z), q(z) = BERT,(z) Figure 5: Representation Model for Initial Retrieval




Re2G

Figure 4: Interaction Model Reranker

Reranker architecture



Re2G - Training Scheme
- Training with Data <q, t, Prov> : query, target output, Provenance
- 1. Training DPR : <q, p+, p-> triplet (p+: positive Prov, p-: negative Prov)
- 2. Training Generator (BART) : <q, t>
- 3. Training Reranker : <q, P, Prov> (P = BM25(qg) U DPR(Q) loss:—iE;)vlog(SOftmaw(zr)i)

- 4. Training end-to-end : <q,t> z_r: reranker logit



Re2G - Training Scheme
- Training end-to-end
- Using reranker passage instead of DPR passage : can't train query encoder
- (does not use query encoder embedding in re-ranker)

- Fix : Online knowledge distilation / Freezing query encoder



Re?2G - Result

KILT IR benchmarks

T-REx (Slot Filling)
R-Prec  Recall@5 | Accuracy F1 KILT-AC KILT-F1
Re?G (ours) | 80.70 89.00 87.68 89.93 75.84 77.05
KGI; [Glass et al., 2021] | 74.36 83.14 84.36 87.24 69.14 70.58
KILT-WEB 2 [Piktus et al., 2021] | 75.64 87.57 8134 8446  64.64 66.64
SEAL [Bevilacqua et al., 2022] 67.80 81.52 83.72 86.53 60.08 61.72
KGI [Glass et al., 2021] | 59.70 70.38 77.90 81.31 55.54 56.79
Natural Questions (Question Answering)
R-Prec  Recall@5 | Accuracy F1 KILT-AC KILT-F1
Re®G (ours) | 70.78 76.63 51.73 60.97 43.56 49.80
SEAL [Bevilacqua et al., 2022] 63.16 68.19 53.74 62.24 38.78 44.40
KGI [Glass et al., 2021] | 63.71 70.17 45.22 53.38 36.36 41.83
KILT-WEB 2 [Piktus et al., 2021] | 59.83 71.17 51.59 60.83 35.32 40.73
RAG [Petroni et al., 2021] 59.49 67.06 4439 52.35 32.69 3791
TriviaQA (Question Answering)
R-Prec  Recall@5 | Accuracy F1 KILT-AC  KILT-F1
Re?G (ours) | 72.68 74.23 76.27 81.40 57.91 61.78
SEAL [Bevilacqua et al., 2022] 68.36 76.36 70.86 7729 50.56 54.99
KILT-WEB 2 [Piktus et al., 2021] | 58.85 71.55 7273 7954 4555 49.57
KGIj [Glass et al., 2021] 60.49 63.54 60.99 66.55 42.85 46.08
MultiDPR [Maillard et al., 2021] | 61.49 68.33 59.60 66.53 42.36 46.19
FEVER (Fact Checking)
R-Prec  Recall@5 | Accuracy KILT-AC
Re®G (ours) | 88.92 92.52 89.55 78.53
SEAL [Bevilacqua et al., 2022] 81.45 89.56 89.54 71.28
KILT-WEB 2 [Piktus et al., 2021] 74.77 87.89 88.99 65.68
KGI [Glass et al., 2021] | 75.60 84.95 85.58 64.41
MultiDPR [Maillard et al., 2021] | 74.48 87.52 86.32 63.94
Wizard of Wikipedia (Dialog)
R-Prec  Recall@5 | Rouge-L F1 KILT-RL KILT-F1
Hindsight [Paranjape et al., 2021] | 56.08 74.27 17.06 19.19 11.92 13.39
Re?G (ours) | 60.10 79.98 16.76 18.90 11.39 12.98
SEAL [Bevilacqua et al., 2022] 57.55 78.96 16.65 18.34 10.45 11.63
KGIp [Glass et al., 2021] | 55.37 78.45 16.36 18.57 10.36 11.79
RAG [Petroni et al., 2021] 57.75 74.61 11.57 13.11 7.59 8.75
KILT-WEB 2 [Piktus et al., 2021] | 41.54 68.25 13.94 15.66 6.55 7.57

Table 1: KILT leaderboard top systems

R-Prec: Precision for R retrieved passages



Re2G - Conclusion
Improvement
BM25, DPR & retrieval method&2| ensemble 2 KA| 2 Ms SFAf
Limitation
- Very long training scheme

- Simple re-ranker network architecture
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FLARE

Foward-Looking Aware Retrieval augmented generation
In short-term knowledge intensive task, augmented LM works great

However, long-term knowledge intensive task augmented LM does not work
well as original LM.

Active Retrieval Augmented Generation (2023)
https://arxiv.org/abs/2305.06983




FLARE

- RAG retrieve passage only once.
- In long-term complex task, one retrieval is not enough.

Repeat (Retrieve - Generate) and model stops itself actively.

- Assumption : LLM tend to be well-calibrated (2 st METOt ALE) / low term
probability means lack of information. (2t &&0| 3 => HE £F 2|0))



FLARE - Model

rS;a—rc?m r-es-uﬁs:_ -D: ---------------------------- ‘l P _

. : E{;} ™ Search results: Dy, - m E % q_t - qry(x’ y(<t))
tri e g

cocuments | St i 3, | IQ D_t =ret(g_t)

- y_t=LLM(D_t, x, y(<t)

Generate a summary about Joe Biden.

Step1l 841 Joe Biden (born November 20, 1942) is the 46th president of the United States.

$1! Joe Biden (born November 20, 1942) is the 46th president of the United States.

if all y_t's term prob > threshold:
end retrieval, use y_t as final output

Joe Biden announced his candidacy for the 2020 presidential election on August

t+=1
18, 2019.

1
1
Joe Biden announced his candidacy for the 2020 presidential election on April repeat
25, 2019. !

Step 2 Joe Biden attended the University of Pennsylvania, where he earned a law

degree.

He graduated from the University of Delaware in 1965 with a Bachelor of Arts
in history and political science.

Step 3 3

Figure 1: An illustration of forward-looking active retrieval augmented generation (FLARE). Starting with the user
input x and initial retrieval results D, FLARE iteratively generates a temporary next sentence (shown in gray
italic) and check whether it contains low-probability tokens (indicated with underline). If so (step 2 and 3), the
system retrieves relevant documents and regenerates the sentence.



FLARE - Model

FLARE_instruct : generator?} [Search (*query)] & &2 A| 0|2 I 2 retrieveOl| A2,
(tend to not search than necessary : increase logit of “[“)
(excessive queries : after [Search (*query)], decrease logit of “[“ for next few tokens)

FLARE_direct : 2tA] BTN Z thad| y_tE g0l 2.
CHA O] AR 2=l y t MHTFEHZE = AU A, masking / self-ask QG with chatGPTEMN 2551 X}et
Search results: D, . Joe Biden attended the University of Pennsylvania,
Retriever

[1]: search results: Dy,

where he earned a law degree.
[2]:

[ — AN ‘ ‘ .
Search results: D [ explicit query by

[2]: 5 J— - . .
[1]: ... -~ ! ] question generation
[2]: ...

5 XA Joe Biden attended , where he earned .
2 x Generate a summary about Joe Biden. | |
B /
Y1 Joe Biden attended // Ask a question to which the answer is “the University of Pennsylvania”
qz / Ask a question to which the answer is “a law degree”
q2 [Search(Joe Biden University)] /
Y2 the University of Pennsylvania, where he earned
/ LM such as ChatGPT
q3 [Search(Joe Biden degree)] — 43
Y3 alaw degree. |
What university did Joe Biden attend?
Figure 2: An illustration of forward-looking active re- What degree did Joe Biden earn?

trieval augmented generation with retrieval instructions

(FLARE;sniet)- It iteratively generates search queries . i .. .. .
(shown in gray italic) to retrieve relevant information to Flgure 3: Imphc1t and €xp. licit query formulation. To-

aid future generations. kens with low probabilities are marked with underlines.



FLARE - Result

M Noret. M Single-time ret. Previous-window ret. M Forward-Looking Active REtrieval augmented generation (FLARE) Methods EM F 1 Prec. Rec.
i No retrieval 282 368 365 386
. Single-time retrieval 394 488 48,6 515
= Multi-time retrieval
o Previous-window 432 2.3 3L 545
00 vl : - Previous-sentence 390 492 489 5138
2WikiMultihopQA StrategyQA ASQA ASQA-hint WikiAsp QUCSti on de C ompositi on 478 56 4 561 586
. : G ] . . FLAREisstruct (0urs) 424 498 49.1 525
Figure 4: Comparision between FLARE and baselines across all tasks/datasets. We report the primary metric fo:
each dataset: EM for 2WikiMultihopQA, StrategyQA, and ASQA, and UniEval for WikiAsp. FLAREgirect (0urs) 51.0  59.7 59.1 62.6
MultihopQA / Commonsense reasoning / long-term QA (x2) /
open domain summarization Table 1: FLARE and baselines on 2WikiMultihopQA.
Previous-window (Borgeaud et al., 2022; Ram et al.,
EM: exact match UniEval : measure factual consistency. 2023), previous-sentence (Trivedi et al., 2022), and ques-
Used generator baseline : GPT3.5 tion decomposition (Press et al., 2022; Yao et al., 2022)

methods are reimplemented for fair comparisons.

Baseline : window ret / sentence ret / question decomposition



FLARE - Result

FLARE outperforms others.

® 2WikiMultihopQA @ StrategyQA

800 | - :
60.0 72.9 73.8 77.3 76.9 74.773.4 73.4 , , ,
400 Wmﬁ T %0 210 Mult|hopQA, long-term QA(w. hint) show big
- Improvements

0.0 25.0 50.0 75.0 100.0

%steps/sentences with retrieval

FLARE_ direct > FLARE_instruct

Figure 5: Performance (EM) of FLARE with respect
to the percentage of steps/sentences with retrieval on

e i - too many retrieval is worse.



FLARE - Conclusion

Improvement
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