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1. BRIGHT

0. Overview

* Problem Statement

. 7|Z IR #IX|0}3 (BEIR, MSMARCO, NQ S)= F2 <7tchst Zlof>-« 24> HZnte Q3

o 2|2} Z2 H|O|EAIL |lexical Z2& semantic-based IjAIS E81 &S 7] 42

o Contribution

« 77l StackExchange(X[4! {RL|E|) £0F + 57 =st/2H E0f > & 1271 sub dataset, 1,384 queries

.+ CHash 7|9lS.o|0) fA O Afe] 2 THHO| SOH B 2AMS Y| 02 GAIS T M

—

« Ut Ho, XA SOTA ZAM 2 (SFR, GritLM, Qwen &) ZX nDCG@100 M W2 M4~(X|10 24FN)E 715
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1. BRIGHT
0.9

Level 1: Keyword-based Retrieval

Query
[Who sang the song | Think We're Alone Now?

)

Level 2: Semantic-based Retrieval

Query

)

LHow human activities influence climate system?

Positive Document

Relevance:
Keyword matching

Positive Document -

Relevance:
Semantic matching

Level 3: Reasoning-based Retrieval - BRIGHT

Query

Sustainable Living - post =
At home, after | water my plants, the
water goes to plates below the pots.

Can | reuse it for my plants next time?

=

Code - issue

| have this table and need to transform it
to ... | don’t like UNPIVOT. Is there a
better function in snowflake for this?

MATH - question LY

Let k=2008"2+2"2008. What is the units
digit of k"2+2"°k?

.\

Positive Document

4-'"'"_-_-_-_______-_'_"‘1
Relevance:
Risk of using recycled

plant water.

4“‘"_-_-_-_____-_-_"'""#
Relevance:

Alternative function.

4-"'"_-_-_-_______-_""‘-1
Relevance:
Uses the same theorem.

LN

>,

\

"I Think We're Alone Now" is a song ... released by
the American recording artists Tommy James and the
Shondells ...

A

.

Matural Question, Kwiatkowski et al. (2019)

Deforestation and urbanization result in increased
emissions, urban heat island effects and changes in
natural water cycle.

r
MS MARCO, Bajaj et al. (2018)

"~

Sustainable Living - post
Soluble salts are commonly found in soils.
When they build up, they destroy the soil
structure and cause direct damage to roots ..

Code - issue
The function FLATTEN flattens (explodes)
compound values into multiple rows ...
FLATTEN( INPUT = <expr> ...

MATH - question
Determine all positive integers relatively
prime to all the terms of the infinite
sequence a_n=2"n+3"n+6"n -1...

Natural Language Processing
& Artificial Intelligence
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1. BRIGHT

1. GO E{All AFA|

| Total Number | Avg. Length | Source | Examples
Dataset | Q D Dt Q D Q D |
StackExchange
Biology 103 57,359 3.6 | 1152 83.6 Tab. 20
Earth Science 116 121,249 53 | 109.5 132.6 Web pages: Tab. 21
Economics 103 50,220 8.0 | 181.5 120.2 StackExchanee article, Tab. 22
Psychology 101 52835 7.3 | 1496 1182 ¢ g tutorial, Tab. 23
Robotics 101 61,961 55 | 8189 121.0 pos news, blog, | Tab. 24
Stack Overflow 117 107,081 7.0 | 478.3 704.7 report ... Tab. 25
Sustainable Living | 108 60,792 5.6 | 148.5 107.9 Tab. 26
Coding
LeetCode 142 413,932 1.8 | 497.5 482.6 | Coding question | Coding Q&Sol | Tab. 27
Pony 112 7,894 225 | 102.6 98.3 | Coding question Syntax Doc Tab. 28
Theorems

AoPS 111 188,002 4.7 | 117.1 250.5 | Math Olympiad Q | STEM Q&Sol | Tab. 29
TheoremQA-Q 194 188,002 3.2 | 934 250.5 | Theorem-based Q | STEM Q&Sol | Tab. 30
TheoremQA-T 76 23,839 2.0 | 91.7 354.8 | Theorem-based Q Theorems Tab. 31

éj@bﬁ Natural Language Processing
=5 & Artificial Intelligence
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1. BRIGHT

Stack Exchange Q&A communities are different. Here 's how:
M L - v
& : -
® A ° Expert communitios The rght answer. Right o tap.

1.

257 Natural Language Processing
& Artificial Intelligence

StackExchange=

Share knowledge. Earn trust

StackExchange Dataset (7 domains)

A.

High-Quality DocumentM#&

ERs@YOI

. AIO|EOM EF Ho|of CHdl, EHHO[ accept=|7LE, 571 O| 49| EH S 211,

. SL} O|AtO] URL LinkE Eetst= HL

Query(Q), Positive Document(D*) construction

« MZAHTI Document?] title+contentE query= MH

o HMEEl yrlof 22310 Annotator?t ™ 211 &&=l pargraphS positive documentz MH
« Annotator: 1 C.S. student -> 2 PH.D. students -> 2 Expert reviewers
Hard Negative Documents(D ™) construction

« DocumentZ £H LLMS &8% keyword ¥4 -> AM -> Annotator’t hard negative Z|C 574 MH

9 /40
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1. BRIGHT

1. CIOJE{ A &hA|

StackExchange= Query @ -

. -III'III'II-I‘-II"II'.II'III'III'II-I'-II'I'II'III'III'II‘I‘-IIIII'III'...'II‘I‘-II'III'III'I. title_l keywﬂrds

How good is it to reuse water from plant pots?

2 E Search L)

generated by LLM

’ I'm living i d after | | h Humans/LLMs select
o m living in an apartment, and a terl water my p ants the water goes 1o . irrelevant results
E plates belﬂw the pﬂ,ts ThE p'DtS ErE |n a mEtaIlIc structure ahDUE the E I..,I-Ill-llllll:l-l-lll-llrlllllllllllll-.ll-llllllllllll-ll-Ill-lllllllll-Il-lllllllll-ll_l-ll-.ll-llllllll.,.I
: plates, so | can take the plates to reuse the water (throwing itatthe : :  Wikipedia Blog Article :
E lants again}l : Water garden or Self-watering pots Water reuse can
_'ID 3 * aguatic garden, is a are convenient to provide alternatives
(A R A R R R R R R R R R R R A R R A R R R R R R R R R R R N R R A R R R R R AR R R R R A R R T R R AR RN R RN R R R R R AR E tEm'I Wmeﬂmes UEE and prﬂvlde T‘G Errs"ng wa.i‘er E
2 Answers * used for gardens ... water supply ... supplies ... .
a In my experience plants suffer in the long term from accumulation of “E‘I.It "—"
, salts in the soil, so fresh water would be better than reusing the water. Ealub_hea%are >Pll ‘_(Negatwe]___"______‘
Even better would be to get hold of fresh rain water ... for watering i e - - -
! commonly found in : BQi JD‘,;,2 DQ.:} :
v them, as that won't contain the salts that tap water does. soils. When they split ’% . . :
e memmenos build upl the‘f des_ AEES III..I-IIIiIII-‘I-I EESEE
I More detall here , troy thzsnil struc-  Humans/LLMs . Positive  aaceaeniae,
H{ T AL L L L i CD”EET- IlnkEd dGEUITIEF'I'tS tL:lrE and cause select relevant E + 4 E
drectdamage®  passages : Doy Do Doy
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1. BRIGHT

1. GIO|E{All AFA|

2. Coding Dataset (2 domains)

_,_
o

A. Pony 210f &t 2| (317 A0 Pony2| EX 12, 2 Bf+E Hoiof ot A E)

OI-

» Pony g1ofof] &et o[t Pony & &M (& /T Z/ZHA/HME S)E 7H424A 0HE.

EI

+ H2("0] AO{OI K EHBOILL ifS O{FH MLIQ?") & 'I'S MO ST} 4.

+ 0% 87| 21012 AFBH 0| R, C/Python/Javat 2| BEnt HEF 2 A 7 “IEHA Tof"7} 79| o Fx|7| 2
> EPH jH0RE 7| 0

B. LeetCode 2| (H|=tt LNE|E/AIRTLTE M= CHE 2X[QF SHMS 51| $IEh

- e.g. E2i 2l /IE(F E2IH 0|8) <> =[] A2t Hl0|(F £l 0[8)
> EH 4ORE YEtT, SYYNES LR Y
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1 . B Rl G H T Example positive document

1 I } # Control Structures
1 E o E * L A To do real work in a program you have to be able to make decisions, iterate

through collections of items and perform actions repeatedly. For this, you need

control structures. Pony has control structures that will be familiar to programmers who have
used most languages,

such as ‘if’, ‘while” and ‘for’, but in Pony, they work slightly differently.

## Conditionals

2. Coding Dataset (2 domains) K| A| hesimplet contolseucare s h god o4 . llows s o perfor some ction oy

when a condition is true.
In Pony it looks like this:

if condition then
control_body
end

Here is a simple example:

if a> b then
env.out.print("a is bigger")
end
Query " » e
Often the condition may be composed of many sub conditions connected by ‘and’ and ‘or’.
Given the lengths of a triangle’s sides, write a pony program to classify it as equilateral,
isosceles or scalene. Example negative document

# Classes

Just like other object-oriented languages, Pony has __ classes__.

A class is declared with the keyword ‘class’, and it has to have a name

that starts with a capital letter, like this:

class Wombat

Do all types start with a capital letter?

Yes! And nothing else starts with a capital letter.

So when you see a name in Pony code, you will instantly know whether it's a type or not.
## What goes in a class?

A class is composed of:

1. Fields.
2. Constructors.

3. Functions. 12 / 40
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1. BRIGHT

1. GIO|E{All AFA|

2. Theorem-based (3 domains)
o b/t 28| siZ0| M # o] Eli= FE|(theorem)Lt OIO|L|01E SR3t= 2ME R
. 3l0|Lt 22| 2H| F, of7ich “Ta|of W o|LL "IIES 2l2|"E AFHOL st 2RI CHLL,
1. TheoremQA-Q

* TheoremQAS| Zf ZES GPT-4= "EHXNQI Fe[ES 0 L LH-2EX AlLI=|2 2 [Zd.

© (ex) "E|EEZ H2|E AE AG8h= A" > "AR HEFL| 7L 24 R FoA LR FE ot E 0|0 357" E2 Ao= HY,

* AoPS Wiki(==5t SZII[0OIE)0l|A] "He2|/ZX| o8 AZ"(ex. H 2O 2HE|, Pick’s theorem §)= 20},

« 0] AZio| Mol of2{ 27|(242t BRI+ S2N)

uin

5, AZo| 22 BAl2ls YYo= UF
3. TheoremQA-T
» TheoremQA &2 Jti2 £1, ProofWiki(4:2 &2] Cll0|E{t0|A)0fl M “2x]| sligoll M| ALSE Ha|"S Hof oy,

- "Feo| o] Fa|"7t ool ER0HH +, OtL|H -, 13 /40
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1. BRlGHT Query (from 2015 AMC 10B Problem 15)

The town of Hamlet has 3 people for each horse, 4 sheep for each cow, and 3 ducks for each

person. Which of the following could not possibly be the total number of people, horses,
1 E o E *1' } A sheep, cows, and ducks in Hamlet?

(A) 41 (B) 47 (C) 59 (D) 61 (E) 66

Chain-of-thought reasoning to find documents

We can use the Chicken McNugget Theorem to solve this problem. We can find other solutions
that also apply this theorem.

2. Theorem—based (3 dOmalnS) O:”Al Example positive document

Find the sum of all positive integers n such that, given an unlimited supply of stamps of
denominations 5, n, and n + 1 cents, 91 cents is the greatest postage that cannot be formed.
By the Chicken McNugget theorem, the least possible value of n such that 91 cents cannot be
formed satisfies 5n — (5 + n) = 91 = n = 24, so n must be at least 24.

For a value of n to work, we must not only be unable to form the value 91, but we must also
be able to form the values 92 through 96, as with these five values, we can form any value
greater than 96 by using additional 5 cent stamps.

Notice that we must form the value 96 without forming the value 91. If we use any 5 cent
stamps when forming 96, we could simply remove one to get 91. This means that we must
obtain the value 96 using only stamps of denominations n and n + 1.

Recalling that n > 24, we can casﬂhy figure out the working (n, n + 1) pairs that can used to
obtain 96, as we can use at most ;7 = 4 stamps without going over. The potential sets are
(24,25), (31,32), (32, 33), (47, 483, (48,49), (95, 96), and (96, 97).

The last two obviously do not work, since they are too large to form the values 92 through
94, and by a little testing, only (24, 25) and (47, 48) can form the necessary values, so

n € {24,47}. 24 + 47 =71}

Example negative document

Alice has 24 apples. In how many ways can she share them with Becky and Chris so that each
of the three people has at least two apples?

(A)105 (B)114 (©190 (D210 (E)380

Note: This solution uses the non-negative version for stars and bars. A solution using the
positive version of stars is similar (first removing an apple from each person instead of 2).
This method uses the counting method of stars and bars (non-negative version). Since each
person must have at least 2 apples, we can remove 2 * 3 apples from the total that need to be
sorted. With the remaining 18 apples, we can use stars and bars to determine the number of
possibilities. Assume there are 18 stars in a row, and 2 bars, which will be placed to separate
the stars into groups of 3. In total, there are 18 spaces for stars 42 spaces for bars, for a total
of 20 spaces. We can now do {22“) This is because if we choose distinct 2 spots for the bars
to be placed, each combo of 3 groups will be different, and all apples will add up to 18. We
can also do this because the apples are indistinguishable. (220) is 190, therefore the answer is

(C) 190 | 14 / 40
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1. BRIGHT

2. Experiments & Results

» Baseline
* Sparse: BM25
* Dense (small): Sentence-BERT(109M), BGE(335M), Instructor-Large(335M)
* Dense (large): Instructor-XL(1.5B), E5(7B), SFR(7B), GritLM(7B), gte-Qwen1.5(7.7B)

» Proprietary API: Cohere, OpenAl, Voyage, Google

 Metric

« nDCG@10, Precision@10, Recall@10

15 /40



1. BRIGHT

2. Experiments & Results

StackExchange | Coding |

Theorem-based

| Avg.

| Bio. Earth. Econ. Psy. Rob. Stack. Sus.|Leet. Pony | AoPS TheoQ. TheoT. |
Sparse model

BM25 \18.9 272 149 125 136 184 15.0\ 244 79 \ 6.2 10.4 4.9 | 14.5
Open-sourced models (<1B)

BGE 11.7 246 166 175 11.7 10.8 13.3]26.7 5.7 6.0 13.0 6.9 13.7

Inst-LL |15.2 212 147 223 114 133 135|195 1.3 8.1 20.9 0.1 14.2

SBERT |15.1 204 166 2277 82 11.0 153|264 7.0 5.3 20.0 10.8 | 14.9
Open-sourced models (>1B)

E5 186 260 155 158 163 11.2 18.1|28.7 49 7.1 26.1 26.8 |17.9

SFR 19.1 267 178 19.0 163 144 192|274 20 7.4 24.3 26.0 |18.3

Inst-XL |21.6 343 224 274 182 212 19.1|275 5.0 8.5 15.6 5.9 18.9

GritLM (24.8 323 189 198 17.1 136 17.8|29.9 220 8.8 25.2 21.2 |21.0

Qwen [30.6 364 178 246 132 222 148|255 99 | 144 278 329 |225

Proprietary models

Cohere [18.7 284 204 216 163 183 17.6|268 1.9 6.3 15.7 7.2 16.6

OpenAl (233 267 195 27.6 128 143 205|236 24 8.5 23.5 11.7 |17.9

Voyage [23.1 254 199 249 108 168 154|306 1.5 7.5 27.4 11.6 |17.9

Google (227 348 196 27.8 157 20.1 17.1(29.6 3.6 9.3 23.8 159 |20.0

2%, Natural Language Processing
& Artificial Intelligence
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1. BRIGHT

2. Experiments & Results

ry

« LLM-generated reasoning pathO| AM M58 SAA|ZICH?

« GPT-4, GritLM, Llama-3-70B-InstructZ query?} £0{Zl 2, reasoning pathE 4-&st1, 1 pathE query= ALE5H0f Z M

“(1) Identify the essential problem in the post.
(2) Think step by step to reason about what should be included in the relevant documents.

(3) Draft an answer.”

271 =] Original
-~ E= GritLM
E= Llama3-70B
323- B GPT-4
@] %
821 %
0 19 . A ]
- N % N ¢
17/ N N
N N 7
15{ [N N ¢
[7'\ N
13 D | | N -
BM25 SBERT Inst-xI Qwen Google

Models 17 / 40
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1. BRIGHT

2. Experiments & Results

o (HHSHAH ) M Al query rewriting = ZM perf. 37t = RAG ds &7t

Table 4: Question-answering results with different retrievers. We use Claude-3.5-sonnet as the
generation model and evaluate the answers with Claude-3.5-sonnet. We find that stronger retrieval
typically results in better QA results, indicating the helpfulness of the annotated documents for
addressing the posts in StackExchange.

Retriever | Bio. Earth. Econ. Psy. Rob. Stack. Sus. | Average
None | 794 823 75,6 745 76.7 81.8 735 | 7717
BM25 782 826 763 782 763 83.0 736 78.3
SBERT 79.6 825 75.8 80.6 77.0 834 74.1 79.0
Qwen 80.2 835 770 811 77.2 858 726 79.6

Oracle | 824 84.5 78.3 824 785 87.9 786 | 818

18 / 40



1. BRIGHT

3. Analysis

3-1. RERANKING WITH LLMS ENHANCES RETRIEVAL PERFORMANCE

Retriever Reranker k£ nDCG@10

None - 14.3
MmiLM 10 13.1
MmiLM 100 8.3
BMZ5 Gemini 10 15.7
GPT-4 10 17.4
GPT-4 100 17.0
None - 19.5
MmiLM 10 16.0
Google Mini_LM 100 0.4
Gemini 10 20.1
GPT-4 10 21.5
GPT-4 100 22.6

2%, Natural Language Processing
& Artificial Intelligence
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1. BRIGHT

3. Analysis

3-2. ROBUSTNESS AGAINST DATA LEAKAGE FROM PRETRAINING

o

« 2t HAM DES2 dataleakage ZHIE 2l & 2OIRS

L& US)

fjo

=
(A mtebQ| ZL, IIm 7|Ete| QH|Z 20| LLM pretrain A| SHE HIO|E{E &2 A7t U

o [f2tM, O|H U SS HAES|E IXt GritLM 22 & 2| AT 0f] 3k2=0{, StackExchange SH|A

1) positive, negative documentZ LM CPT, 2)Query-Answer pairg 425l -] Contrastive train

=
StackExchange Que]ry Q
. L L T LR B O R e TR RO TR O title, keywords G Search .
How good is |t to reuse water from plant pots? ! generated by LLM
: : Humans/LLMs select
Im living in an apartment, and after | water my plants the water goes to : irrelevant results
plates below the pots The pots are in a metallic structure above the : _.~------°:-_-----:--------------i- memtresnasean,
: plates, so | can take the plates to reuse the water (throwingitatthe : |  Wikipedia @5@ “Article :
- : Water garden or Self-watering pots Water reuse can
i plants again) .. o i : - y :
. * aquatic garden, is a are convenient to provide alternatives =
L U Qg icqmt e’ use and provide to existing water
2 Answers *  used for gardens ... water supply ... supplies ...
- Inmy experience plants suffer in the long term from accumulation of e .'%“ - : I .I' Trosmmmmsimanniosrnasarsssnees
salts in the soil, so fresh water would be better than reusing the water. SOIub_l?%are Spiit | Negative | ranersaenn,
Even better would be to get hold of fresh rain water ... for watering commonly found in iD= D-. Do
*  them, as that won't contain the salts that tap water does. soils. When they split H Gl Q : Q 3
build up, they des- [Pt
ore detail hare™ _ troy the sail strue-  Hymans/LLMs JPositive  Jecsieannan,,

..
« More detail here® g’
v tremeemeeee collect linked documents IS el GEITE select relevant| :
direct damage to D+ D Dt :
roots .. pesseges L8t 20 /40



1. BRIGHT

3. Analysis

3-2. ROBUSTNESS AGAINST DATA LEAKAGE FROM PRETRAINING

Epoch Bio. Earth. Econ. Psy. Rob. Stack. Sus. | Avg.
0 (GritLM) | 25.0 32.8 190 199 173 11.6  18.0 | 20.5
1 222 254 176  28.1 11.1 9.8 19.6 | 19.1
2 18.7 23.8 135 193 107 102 165 | 16.1
3 20.9 236 169 252 11.1 8.5 16.6 | 17.5
4 243  28.0 183 269 134 133 20.0 | 20.6
5 23.1 285 184 26.1 146 11.7 21.6 | 20.6
6 199 264 160 279 9.6 9.3 19.3 | 18.3
7 243 254 165 28.1 11.0 9.8 17.0 | 189
8 21.6  28.7 192 28.7 11.1 11.8 224 | 20.5
9 21.3  29.0 200 28.7 114 143 22.0 | 21.0
10 21.1 255 18.8 30.7 127 12.1 219 | 204

257 Natural Language Processing
& Artificial Intelligence
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1. BRIGHT

3. Analysis

| Total Number | Avg. Length | Source | Examples
Dataset | Q D Dt Q D Q D |
StackExchange
Biology 103 57,359 3.6 | 1152 83.6 Tab. 20
Earth Science 116 121,249 53 | 109.5 132.6 Web pages: Tab. 21
Economics 103 50,220 8.0 | 181.5 120.2 StackExchanee article, Tab. 22
Psychology 101 52835 7.3 | 1496 1182 ¢ g tutorial, Tab. 23
Robotics 101 61,961 55 | 8189 121.0 pos news, blog, | Tab. 24
Stack Overflow 117 107,081 7.0 | 478.3 704.7 report ... Tab. 25
Sustainable Living | 108 60,792 5.6 | 148.5 107.9 Tab. 26
Coding
LeetCode 142 413,932 1.8 | 497.5 482.6 | Coding question | Coding Q&Sol | Tab. 27
Pony 112 7,894 225 | 102.6 98.3 | Coding question Syntax Doc Tab. 28
Theorems

AoPS 111 188,002 4.7 | 117.1 250.5 | Math Olympiad Q | STEM Q&Sol | Tab. 29
TheoremQA-Q 194 188,002 3.2 | 934 250.5 | Theorem-based Q | STEM Q&Sol | Tab. 30
TheoremQA-T 76 23,839 2.0 | 91.7 354.8 | Theorem-based Q Theorems Tab. 31

2%, Natural Language Processing
S5 g Artificial Intelligence

22 /40



257 Natural Language Processing
& Artificial Intelligence

1. BRIGHT

3. Analysis

3-3. LONG-CONTEXT RETRIEVAL WITH A REDUCED SEARCH SPACE IS CHALLENGING

. AIH| Application0ll A= long document retrievalo| &S| £2. 0|2{¢t 52 WI1617| |8 StackExchange H|O|

E{AlS long-context retrieval setting@ 2 2t (7| £0]| Annoator’t passage tHeIE positive document =2 XHEHRM
oA HE

M 22 long document XHKIZ positive = Kl EH)

o O|=H ZA H}L| HA| pool H{X|7| 20| (few hundreds) Recall@12 WIK|EE ALE

o

Table 6: Long-context retrieval performance where retrievers retrieve from unsplit web pages.

The results are reported as the average recall@1 score of StackExchange and Pony datasets. More
detailed numbers can be found in Table 39.

BM25S BGE Inst-. SBERT ES SFR Inst-XLL GritLM Qwen Cohere OpenAl Voyage Google

11.4 14.8 18.2 17.4 25.5 26.0 17.8 26.0 27.8 18.4 21.9 24.6 224
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1. BRIGHT

4. Conclusion

« 'AMO)|E reasoning0]| ER5}Ct, 2|10 SiCl 4 RHS2 sl EjATE F £AMSHX| Lo}V E SdF:= HX|ot=

rlo

o Chefet Algu WoL o3 2452 FMAISHH BRIGHTZH 20t challenging®t ENAZRIX| U E

- HIX|0F3 I 0|mHe| E2 KAIXZ R AES2 @ sl = K| OfsHi7} 2|7 | = &
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2. ReasonlIR

0. Overview

* Problem Statement

FQ-*

1. $CH HAM REE0| Reasoning-Intensive IRY| 2

- J|E

- 2ol B ZO|oME

ClOJE] - T+ MES =0{E = EH2| / BRIGHT - A&

Simple Query

Positive Document
)‘ Keyword Matching |

Where did Yellowstone National Park get its name?

I ,

Reasoning-intensive Query

Imagine you're organizing a massive event that will be
attended by 1000 guests. Given that there are only 365
days in a year, what is the minimum number of guests
who must have been born on the same day of the year?

Reasoning Matching

Iru

2. Query rewriting= Sdll querys 2

257 Natural Language Processing

—lol O-Ijl [[H_'_Oll:l'

XtO|7} AL} (21 tokens vs. 194 tokens)

Yellowstone National Park The park contains the
headwaters of the Yellowstone River, from which it takes
its historical name...

Positive Document

Natural Questions (Kwiatkowski et al., 2019)

Arbitrarily place 19 points in a unit square and cover as
many of these points as possible with a circle of diameter
$\frac{\sqrt 2{3}$ ... by the Pigeonhole Principle, at least

one of these smaller squares ...

27| information-richd}A| ©

BRIGHT (Su et al., 2024)

shevote 4450| SHAMEIt

=

S0

&

rtificial Intelligence
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2. ReasonlIR

0. Overview

* Problem Statement

(i

1. #CH A BEIE0| Reasoning-Intensive IRM| et 0|Q=, J2{3tC

I

- 7|ZOI0|H - EHx HES S0{E= E2| / BRIGHT -

AHL X2HS Q3

. Eolo|

o+ Z0|0| = XtO|7} AL} (21 tokens vs. 194 tokens)

Positive Document

Yellowstone National Park The pe
» headwaters of the Yellowstone River,
its historical name..

Simple Query

Keyword Matching

Where did Yellowstone National Park get its name?

Natural Questions (K

Positive Document
Arbitrarily place 19 points in a unit sqg
many of these points as possible with
$S\frac{\sqrt 2¥3}$ ... by the Pigeonhoi
one of these smaller squi

Reasoning-intensive Query
Imagine you're organizing a massive event that will be
attended by 1000 guests. Given that there are only 365
days in a year, what is the minimum number of guestsJ‘

_Reasoning Matching

who must have been born on the same day of the year

BF
=

2. Query rewriting= Sl queryE 27|, information-richdtA| BHS0

2%, Natural Language Processing
S5 g Artificial Intelligence

28
o 24
-
@
9
A 20
c
=
T -===- W/ original query
D 16 — W/ Reason-query
E -.4 GRIT-7B -
—8— Nomic
—8— BMZ
12 ===== 2 -

—&— Reasonl|R-8B

6 256 10242048
Reason-query Length
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2. ReasonlIR

0. Overview

e Contribution

1.
2.

Reasoning-Intensive IRS &&A|7]7] 2/ REASONIR-SYNTHESIZER (/A H|O|E| Io|Z2l2l) Bt5

2rA0[0|E + SIHH|O[EZ Llama3.1-8B SFT = REASONIR-8B &2 & 7H{2t
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2. ReasonlIR

2. REASONIR-SYNTHESIZER

1. Public Data - NQ, MSMARCO®2 Z2 ut st& H|0|H

2. VL (Varied-Length) Data
+ (E5-Mistral XI2) 1A} 2 £ Task Brainstorming

« O] 8l task 7|Hst0d 21 query@} positive, hard negativeS =AHOZ MMSI-E TETE|

3. Hard Query (HQ) Data = documentZ 7|9t 2 query2t hard negative 4
« BRIGHT HIX|0t=30]| = document poolZ, FineWeb-Edu Classifier2 84 &8

o A7 28 0|42l documentE F2[0|2t document2 THEHSHH, SIS documentE 7[EC 2 LLMO|AH| H2{2 queryE Y &5tE= ¢t

rlot

of £F4 IjE ME2(7] [ 3) H ALIE|R &&f5t7] 1 4) 2XM2 EF 0f%E U= WeX] 27

—

« Query MM Al promptZ 1) HHE 7H4 H2| / 2)

[ 210] HO|X| B EHS SHX= Rot= RS MASIEE QF

kJ

« HN MM A|, MMEl query2t positive docsE =10 LLMO|AH| "2 E7|0fl=

r

o [MAMEIQ]-[HX[OIZZEE P2 D] - [4MEl HN] triplet2 2 contrastive learning =2

. 24| 0| X|&! Of:I7} 222

30 / 40



2. ReasonlIR

2. REASONIR-SYNTHESIZER

(a) ReasonIR Training Data

\

behavior to human resources. The corporation
argued that the termination was due to
restructuring, but Sarah argues this was a pretext
for retaliation. ... Can the court hold the corporation
liable for wrongful termination in this scenario?

4 . Real-World Simple Query (13 tokens) Positive Document
PUbllC Web Search ) . . Yellowstone National Park The park contains the headwaters of
Where did Yellowstone National Park get its name? " o i
(1 383 877) @ the Yellowstone River, from which it takes its historical name...
L) L]
\ Q Natural Guestions (Kwiatkowski et al., 2019) /
/f
O — { query, positive document } — O — { hard negative document }
LLM LLM
Varied-Length Query (167 tokens) ____ ~ Positive Document
—_ ( In the landmark case ... the Supreme Court of the United States addressed the issue of retaliation
VI— Sarah, is suing her ex-employer ... Sarah claims she after reporting workplace misconduct ... The court also established that employers cannot
(244 970) was fired after reporting a supervisor's unethical terminate an employee in response to a protected activity, such as reporting workplace
L]

. J

\\

harassment, without facing potential liability for retaliation.

~Hard Negative Document
The issue of corporate restructuring has become a recurring theme in the modern business
world. As companies continue to adapt to the ever-changing market, restructuring has become a
common strategy to stay competitive ...

Y4

HQ
(100,521)

. I ‘
I! L -®.
LLM
Initial Seed (Positive)
Documents Documents

Hard Query (41tokens)

—r{ query }  —

A researcher is studying the sleep patterns of a group of

individuals who work night shifts. The researcher notices

that these individuals tend to have difficulty falling asleep

during the day and experience fatigue during their work

hours. What could be the primary factor contributing to
this phenomenon ...7

1/
ﬂ
n@-

—»{ hard negative document}
LLM

~ Positive Document

A circadian rhythm (/ser'kerdien/), or circadian cycle, is a natural oscillation that repeats

roughly every 24 hours ... Circadian rhythms are regulated by a circadian clock whose

primary function is to rhythmically co-ordinate biological processes so they occur at the
correct time to maximise the fitness of an individual ...

- Hard Negative Document

During the night shift ... an increase in body temperature ... However, the night shift ... does
not exhibit the same variations between individuals as natural temperature regulation might.
Revealing a correlation, rather than a causality between high body temperatures during night

shifts and the subjective experience of discomfort with day-time sleep.

Density

;“'): Natural Language Processing
& Artificial Intelligence

(b) Query Length Distribution

0.03
W
3 HQ
0.02 7 1 Public
0.01 -
0.01 -
0.01 -
0.{]0_ T T T T
0 200 400 600 800 1000
Query Lengths
(c) Difficulty Measure
O > O > O
HQ VL Public
BM25 Error 3.0 373 251
GRIT-TBError 423 1.3 39
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2. ReasonIR
2. REASONIR-Embedding

. UM SEBHHOEMOR DY ot
« Base model: Llama3.1-8B (changed to bidirectional attention)

* Training Dataset
- Public: 1,383,877
« Varied-Length(VL): 244,970
« Hard Query(HQ): 100,521

Evaluation: BRIGHT benchmark for retrieval, MMLU, GPQA for RAG
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2. ReasonIR
2. REASONIR-RERANKER

o AUl RED =0 010l rerankerZ7tX| gHHO|| 7H

I

« 7|Z= Naive LLM-based Rerankers (query doc F0{X| 11 0~58 MEGSHA| ot= HA) Q| 450| ReasonIR EfAI A HE HUS

« J2iM O|H0f| JHE=E| AT Rank1 model€ LRM (Large Reasoning Model)E 282 distillation Bf0tS

ox

HIMICH! - Naive LLM-based rerankers2| & X5t &l 1

_I
> SHO| == 37/t L F B7| t=0[Ck

- Sl Z5t7| 2/l retriever®| scoreZ interpolation X1

7|Z Naive LLM-based reranker?| = OUZ = K, retrievere| ATt LSl F (Tie-breaking Method)

x| 2= AL
}"G ;EIIT — (X * Sretriever 1 (1 _ O‘f) * SLLM
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2. REASONIR-RERANKER

« ==0|M= O|FA scoreE gt AESH= WAIS REASONIR-Reranket ! &gt (0[Z L A2 & 4= QULE?)
st
o

A0 = Qwen2.5-32B-IT 22 7|29 2 Retriever score interpolation® X £35}0] QwenRerankzt1 &
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2. ReasonlIR

3-1. Evaluation Results - IR

BRIGHT nDCG@10

Basic W/ Query Rewrite W/ LLM reranker
40.0 ReasonlR-8B
36.9
- "‘:u. 6
35.0 - .
-—
™
ReasonlR-8B —
29.9 -
- >200x cheaper 29.4
30.0 R =
g 215 211 Ranki-32B
ReasonlR-8B 2:5 - [ |
24.4 » Ranki1-TB
25.0 P 254
22‘5‘ GRIT-TB
20.9 Contriever
2.0 A GRIT-TB B
® Nomic-v15
14.8
15.0| & BM25
121
Nomic-v1.5 B =cscline reronkers (reported scores)
l'DU 111 Cﬂntrle'ﬁfar Saseline retrievers W' our reranker
107 10! 107 10° 10*

Test-time Compute (102 FLOPs)

(a) IR Performance.

23
e 2o
GPT-4 REASON-QUERY

+ Qwen Rerank

REASONIR-8B

244

29.9

36.9

\5’5 Natural Language Processing
& Artificial Intelligence

GRIT-7B Rank1-32B (LLM rerank)
20.9 -
23.4 29.4
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2. ReasonlIR

3-1. Evaluation Results - IR

StackExchange Coding Theorem-based Avg.
Bic. Earth. Econ. Psy. Reb. Stack. Sus. | Leet. Pony | AcPS TheeQ. TheeT.
Evaluate with original query
BM25 192 271 149 125 135 165 152 | 244 7.9 6.0 13.0 6.9 148
Contriever 92 13.6 105 121 95 9.6 BY | 245 147 72 10.4 32 11.1
GritLM-7B 250 328 190 199 173 116 18.0 | 29.8 22,0 B.E 25.1 211 209
OpenAl 237 263 2000 275 12% 125 203 | 236 25 B.5 23.8 12.3 17.8
Vovage 236 251 198 248 11.2 150 156 | 30.6 1.5 74 26.1 11.1 17.7
Google 230 344 195 279 160 179 17.3 | 29.6 3.6 9.3 21.5 14.3 19.5
ReasonlR-BB 262 314 233 30,0 180 239 205 | 350 105 | 147 31.9 27.2 | 244
Evaluate with LLAMA3.1-8B-INSTRUCT REASON-QUERY
ReasonlR-BB 378 396 296 353 241 311 274 | 288 145 9.2 26.6 323 28.0
+ BM25 (Hybrid) 519 506 240 406 269 310 285 | 262 178 9.2 22.3 225 29.3
Evaluate with GPT4 REASON-QUERY

BM25 536 536 243 386 188 227 259 | 193 177 39 20.2 18.9 26.5
Contriever 375 405 226 271 152 224 196 | 225 138 B.1 24.1 16.2 225
GritLM-7B 332 330 233 30s6 152 175 217 | 332 117 6.8 26.9 28.0 234
RankLLaMA-7B (top-1 00)* | 175 155 131 136 179 69 169 | B4 468 22 4.5 3.5 13.9
Rank1-7B (top-1 00)* 488 367 208 350 220 187 362 | 127 312 6.3 23.7 37.8 27.5
Rank1-32B (top-100)% 497 358 220 375 225 217 350 | 188 325 | 10.8 29 437 | 294
ReasonlR-BB 436 429 327 388 209 238 275 | 315 1496 74 331 357 | 299
+ BM25 (Hybrid) 559 549 296 429 230 279 298 | 279 258 72 337 258 | 32.0
+ QwenRerank (top-100)* B2 532 320 436 288 376 360 | 332 348 79 32.6 45.0 | 36.9

Natural Language Processing
& Artificial Intelligence
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2. ReasonlIR

3-2. Evaluation Results - RAG

Retriever Query Type MMLU GPQA
Closed-book - 71.1 31.3
Contriever Original question 72.0 36.4
GRIT-7B Original question 74.1 32.3
Search Engine  Original question - 33.8
ReasonlR-8B Original question 75.0 38.4
Contriever REASON-QUERY 72.8 31.3
GRIT-7B REASON-QUERY 74.7 30.8
Search Engine  REASON-QUERY - 36.4
ReasonlR-8B REASON-QUERY 75.6 354

;.'-’)= Natural Language Processing
& Artificial Intelligence
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2. ReasonlIR

3-3. Evaluation Results - Ablation

StackExchange
Bio. Earth. Econ. Psy. Rob. Stack. Sus.

Coding Theorem-based Avg.
Leet. Pony | AoPS TheoQ. TheoT.

Evaluate with original query

LLAMA3.1-8B | 12.5 6.5 7.7 77 39 7.5 86 | 220 171 | 105 74 2.0 9.5

Public 214 303 178 247 186 188 188 | 300 6.7 12.1 214 15.2 19.6
Public+HQ 21.0 313 184 251 157 184 143 | 34.1 5.2 9.5 33.7 244 20.9
Public+VL 284 358 225 284 184 195 187 | 345 123 | 114 244 23.6 23.2
Public+EQVL | 26.8 33.8 234 301 211 219 215 | 310 65 10.1 20.9 20.2 22.3
Public+HQVL | 262 314 233 300 180 239 205 | 350 105 | 147 31.9 272 | 244

Evaluate with GPT4 REASON-QUERY
LLAMA3.1-8B | 413 25.1 16.8 173 8.7 10.7 15.7 | 6.8 32.3 0.9 12.3 4.0 16.0

Public 403 421 260 377 208 226 227 | 323 135 7.0 29.5 30.4 271
Public+HQ 374 427 26.8 353 182 221 200 | 350 147 6.7 34.1 32.7 271
Public+VL 33.8 41.3 289 402 206 242 259 | 347 19.6 4.8 32.5 29.2 28.0

Public+EQVL | 379 421 306 400 221 256 274 | 318 155 6.1 27.3 28.7 27.9
Public+HQVL | 43.6 429 327 388 209 268 275 | 315 196 74 33.1 35.7 | 29.9

MIZH CF 271 > Public + VL > Public + HQ > Pubilic 38 / 40



2. ReasonlIR

4. Conclusion

« "ZAM7|7} Reasoning-Intensive IR HX|O} 30| M Y2 M52 B0|= 0|g= O3

- O|= sl &ot7| ?ls 271X B[Ol (VL, HQ) & IHo|Z2fel JHE

257 Natural Language Processing
& Artificial Intelligence

O

t CO|E{ & HX| Q47| W 20|CH” =&

r

. JiQIMOoZ HQ= X|Elo|2tT Azt ZH| L3l In-domain HIO|E{2t XIS 4= UZIX|2t 1Z7{H Reasoning-Intensive OOD #IX|O}

« O|&H O|O|E{ZE encoder R 20| Sh&dl| = HHE2 M52 HX| 22
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