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How do you evaluate the fact

..l am unable to provide comments on

i
1
future events. Currently, | do not have :
any information regarding the dismissal
and rehiring of OpenAl's CEO ... !
e = = = == = - = ]
1

with RAG )

...... This suggests significant internal !
disagreements within OpenAl regarding,
the company's future direction and : :
strategic decisions. All of these twists | ;
and turns reflect power struggles and :
corporate governance issues within !
OpenAl... l

:i that OpenAl's CEQ, Sam Altman,
! went through a sudden dismissal
, by the board in Just three days,

1 and then was rehired by the

i company, resembling a real-life
i version of "Game of Thrones” in
E terms of power dynamics?

s L

Question :
How do you evaluate the fact that the
OpenAls CEO, ... ... dynamics?

Please answer the above guestions
based on the following information :
Chunk 1:
Chunk 2 :
Chunk 2

Combine Context
and Prompts

Indexing
r—r_ | —
| > o
Documents
il B

Chunk 1: "Sam Altman Returns to
Openkl as CEO, Silican Valley Drama
Resembles the 'Zhen Huan' Comedy"

Chunk 2: "The Drama Concludes? Sam
Altman to Return as CEQC of OpenAl,
Board to Undergo Restructuring”

Churk 3: "The Personnel Turmoil at
OpenAl Comes to an End: Who Won
and Who Lost?"
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Sentence embedding
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Bill paid a visit to Eiffel Tower i
on_Sunday.
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Landmark embedding

< ME=>

<LMK> They, went to
Louvre Museum together. LMK
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Query embedding -;.
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It’s a long context ... The i-th span. <LMK> ... The n-th span. <LMK>

v
A

{eiLandmark EmbeddingZ&t4:

i A L TNXXHENEFEEK, BRAERRAL

TNORAAEHERNRER, MEESMTFHRE

EE—MFRRYRC, FRAFE (LMK) .

landmark i F SRR N A FRIREIENX, 59
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LE; + LLM(c1, ..., ¢c;; LMK).embed[—1],
Eq < LLM(query; LMK).embed[—1].
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It’s a long context ... The i-th span. <LMK> ... The n-th span. <LMK> LE; < LLM(Ci—h sy Ciy LMK).embed[—I],
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VBRI B AREEL (Position—Aware Objective)

XJTEIE (query) FIEMEXREF (sentences) ZIAIHYFE(LL
IEHITERET, MUEFETFAIBHNRNE, REZEE
MELTFXFRINE.
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FE-ZHERFEIEH S (Multistage Learning Algorithm)
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FE-ZHERFEIEH S (Multistage Learning Algorithm)
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FHiE-Z2MBFEIHE Y (Multistage Learning Algorithm) f‘j G ALST

Shuffle & Merge

Answer;
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Answer;
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Q.G. from a long-doc
Q: ETREEESanE, g 30R: SENBRERS BRI TR, XEERE
g span, MHEEBRRFESCH RSO E R XA R, FHE
@ _Jecsl FHChatGPT-3.5 APIZERRHRKIAIREAERY. SBPATREUERT

, | ERRIRERTERIMURA, FHEATRESHESCHFA SRS
: | ERTRE, (BT NIRRT 7 EE,

Qs [e==rs{ Spans | ! landmarkER NEEE RIS BEEIAZ TR ERE.

Q -"’Ln ;‘ Spang i




LR E

RBGRE . (EEISAH T LaMA-2-78 (ETFXEO4K) #
ChatGPT-3.5-turbo (LT EO16K) {ENSCIGAIENERETY,
S AHE B IEIN IS RIS,

#URESE . LWAEZ MK E TN OEREGESE LT, 81

NarrativeQA. Qasper. MultifieldQA, HotpotQA. 2WikiMQA
FAMuSiQuess, IXEHIEER SN AR AL ]
Z1ES, BEARKENLTY, FLREREEEREME.
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LLM Retriever Unit Len. NQA QASP MFQA HQA 2WIKI MSQ | Avg.

w/o retrieval - 3,500 18.7 19.2 36.8 25.4 32.8 9.4 23.7

Contriever chunk 2,275 18.3 23.8 41.8 33.6 34.5 [ I 4 28.2

OpenAl-2 chunk 2,015 20.0 257 40.3 34.7 34.4 173 28.7

BGE-large chunk 2275 17.6 217 45.4 34.3 36.9 19.9 29.3

Llama2-7B-chat ES mistral-Th chunk 2,275 21.6 24.1 42.2 37.6 31.4 20.7 29.6
Contriever sentence 2,190 16.2 20y 44.4 33.5 333 17.5 28.6

BGE-large sentence 2,190 17.9 24 .4 46.3 374 35.0 213 30.3

ES mistral-7o sentence 2,190 16.5 24.0 47.3 37.6 35.4 21.7 30.4

QOurs sentence | 2,190 21.3 2.7 47.6 40.2 36.3 21.7 | 325

w/o retrieval - 15,500 | 23.6 43.3 52.3 51.6 ATT 26.9 39.2

Contriever chunk 2.275 18.3 35.6 54.3 47.0 39.5 25.2 36.6

OpenAl-2 chunk 2,275 21.8 38.1 52.8 46.6 449 304 39.1

BGE-large chunk 2275 21.9 72 491 49.5 422 304 38.4

ChatGPT-3.5-turbo ES istral-Th chunk 2,275 21.0 41.2 49.2 54.0 43.7 212 39.4
Contriever sentence 2,190 17.5 41.0 50.2 46.2 41.9 24.1 36.8

BGE-large sentence 2,190 19.8 41.2 513 50.5 46.5 29.6 39.8

ES mistral-To sentence 2,190 20.0 39.0 494 55.4 459 31.1 40.1

QOurs sentence | 2,190 223 427 55.7 56.1 46.2 295 | 42.1




SCIGT : JERYSCIS
Train Objective Retrieval Unit NQA QASP MFQA HQA ZWIKI MSQ Avg.
w/0o Position-aware | Surround-k | sentence 19.1 29.8 46.8 40.2 34.2 17.0 31.2
w/o Position-aware Front-k sentence 19.4 28.5 46.5 38.5 33.8 19.0 31.0
w. Position-aware Surround-k | sentence 19.4 29.7 47.9 39.0 36.0 17.8 31.6
w. Position-aware* Front-k sentence 21.3 27.7 47.6 40.2 36.3 21.7 32.5
Stage 1. only Front-k sentence 18.9 27.0 45.0 35.5 33.2 17.2 29.4
Stage 11. only Front-k sentence 19.0 274 43.9 344 32.7 16.5 290
Stage III. only Front-k sentence 20.5 212 45.3 3932 34.3 15.3 30.3
Stage 1. + I1. Front-k sentence 19.2 26.5 47.0 36.2 32.8 16.8 29.8
Stage II. + III. Front-k sentence 19.4 26.7 46.8 39.8 35.4 18.3 31.0
All three stages* Front-k sentence 21.3 217 47.6 40.2 36.3 217 32.5
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