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Motivation
+ Transformer-based Language Model2| Long-context Capabilities= 0i? S2¢
extremely-long context2 £E| 23 Ql= HHE HE5| 714 = 531} 0| & 28510 214 O & downstream tasksE

ofl &ot= UE S

« E35|, Y0 02 LHE Z 2 Y= HEE AHEIT, 1 A EES 7|90 2 multi-step reasoningS = 85H= S240]| CH510,
How do these model acquire such long-context capabilities ?

= Large Language ModelQ| L & LiFL| &S X AfotZUCH
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¢ Retrieval Head Mechanistically Explains LLong-Conte

Hypothesis

CopyNet! (Guetal., 2016):

YUY RS YA YEE MM AT = AT

Induction Heads? (Olsson et al., 2022):
“Transformer LHE0j|= 0| contextl| I{ES 20} S AY Of| 20]| &L5t= attention headsZ} ULCt.”

2HFA =210 OfL 2}, Q20| A T O3 M EE 20t T AR SH=

= “LLME| long-context capability = th#=5t = 244!
2 AQICPL7 %—Ig A| 2t

E 2 attention mechanismQ 2 AHE £ Q!

1) Gu, Jiatao, et al. "Incorporating copying mechanism in sequence-to-sequence learning." Proceedings of the 54th Annual Meeting of the Association for Computational Linguistics. 2016.

2) Olsson, Catherine, et al. "In-context learning and induction heads." arXiv preprint arXiv:2209.11895 (2022)
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¢ Retrieval Head Mechanistically Explains Long-Context Eaci
Detecting Retrieval Head
Attention distribution of retrieval head Q: What is the the best thing
to do in San Francisco?
-1
A:toeat...
Once upon a time The best thing to do in San Francisco is to eat a sandwich live happily ever after
+—— 100K context | Needle sentence | 100K context —— |

+ Needle-in-a-Haystack (NIAH) A& 7|4t
- question gand its corresponding answer k (the “needle”) > insert kinto a context x (the “haystack”)
- The language model is tasked with answering g based on the haystack with the inserted needle
- The needle kis semantically irrelevant to the context x
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Detecting Retrieval Head

Attention distribution of retrieval head Q: What is the the best thing
to do in San Francisco?
-1
A:toeat...
Once upon a time The best thing to do in San Francisco is to eat a sandwich live happily ever after
+—— 100K context Needle sentence 100K context ——

* Retrieval Score for Attention Heads:
the current token being generated as w and the attention scores of a head as a € R/
- An attention head h copy-paste operation for a token w from the needle if it satisfies two conditions:
1. Token Inclusion: The token w must belong to the needle sentence, i.e.,
2. Maximal Attention: The token w must correspond to the input position j,
i.e., x; = wwherej = argmax(a)andj € i,, meaning that the highest attention score aligns withw.

« Let g, represent the set of tokens copied from the needle, The retrieval score for head h is then defined as:
- Retrieval score for head h = | g,| /Il
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¢ Retrieval Head Mechanistically Explains Long-ContextiEae
Detecting Retrieval Head
Attention distribution of retrieval head Q: What is the the best thing
to do in San Francisco?
-1
A:toeat...
Once upon a time The best thing to do in San Francisco is to eat a sandwich live happily ever after
+—— 100K context Needle sentence 100K context ——

+ Let g, represent the set of tokens copied from the needle, The retrieval score for head h is then defined as:

- Retrieval score for head h = %

+ B.E attention headsOll CHSH0 retrieval score A4t
- 2+ 2 2loj| CHalf 2F 6007H2| NIAH instances (CHst 20|, Q1| =& of CH5Ho] Al At
- Zt head?| retrieval scoreE |45 5|, QIAB AE 0| LI WHS W > 2t head?| W retrieval score
- threshold: @ retrieval score ) 0.1 A2 sH{E headE retrieval head2 2%
(2| A 10%2] AL2|0f| A copy-paste S&t2 4&)
- retrieval head A8 2|3l 2F 60071 QIAHATLIEHQ
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¢ Retrieval Head Mechanistically Explains Long-Contextiiag
Detecting Retrieval Head

Base Model Variant Variation Type

Ilama-2-TB Llama-2-7B-80K Length Extension via Continue Pretrain
Llama-2-13B-64K Model Scaling and Length Extension

Mistral-7B-v0.2 M%stral-7B-Instruct-vO.2 SFT and RLHF .
Mixtral-8x7B-v0.1 Sparse Upcycling to Mixture of Experts

Yi-6B Yi-6B-200K Length Extension via Continual Pretraining
Yi-34B-200K Model Scaling and Length Extension

Qwenl.5-14B Qwenl.5-14B-Chat SFT and RLHF

« context length extension®| CHZt continued pretrainingl| & =4
+ Mistral/Qwen: alignment 2| 21}0j [HE retrieval head &4
+ Mixtral: MoE architectureOf A{ Q] &4

co

.. 5= 23t Ot model variation 1124

%1'5# M
4
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Basic Properties of Retrieval Heads: (1) University and Sparsity

Llama-2-7B-80K Yi-6B-200K Qwenl.5-14B Mistral-7B-v0.2 1 . University
model variationsOf| A2 @10],
70.2% 20.7% o3 55.0% - 25%~52%: copy-paste behavior 2t%
- | - osxBl - 45%~73%2| attention heads= retrieval score/} 0
26% as% 3.2% 37% - 3~6%2] attention heads: retrieval score > 0.1
2“’% w V y - 0.1~0.8%: retrieval score > 0.5
32 x 32 heads 32 x 32 heads 40 x 40 heads 32 x32 heads 2. Sparsity: depend on the task
Llama-2-13B-64K Yi-34B-200K Qwen1.5-14B-Chat Mixtral-8x7B-v0.1 - retrieval-head tasks - higher level sparsity
- model’s internal knowledge tasks > low level sparsity
73.2% s 7L1% e
0.4% 0.1% 0.7% o
1.7% 4.2% 5.5%
0.1-0.5
40 x 40 heads 60 x 56 heads 40 x 40 heads 32 x 32 heads = 0.5-1
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Basic Properties of Retrieval Heads: (2) Dynamic Activation

Llama-2-7B-80K Yi-6B-200K

1.0
vol b jﬁ/
M)\ [ | 0.9
!

0.8 | ||| ' 0.7
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‘ +/ - ) ‘ |
i iy
lf“ i

I "
H‘ I

0.4
i |l}'l1‘ 16-19 11-15 8-26 69 7-12 17-22 11-2 6-16 19-15
oafl} T “\ oafll
"1 Ao

0.2
" HiM —— Retrieval Score

N Aqtivated Frequency

= — (]
Layer-Head Id 0.0 Layer-Head Id

- Activation Frequency: “§78 attention head”} 0Tl 20| A MO = ot EZ0f Cis 2otk =7t2"0f C
(Bt MEZ0|A S head?t oF EZ 0|2t copy-paste %’S.FE —1‘—°“°P'3| 1 MENAM head= 83t &l Ao 2 |7_|'ZIS)
- Head9| M2t o|=- & 74: 1) Retrieval Score”?} H 11, 2) Activation Frequency/t == 42
> £ EZ/contextsO| M Bt E7 head”| 2 d2t &2 2|0/
- Llama-2-7B-80K (left)0i Al = 127} attention heads= 2= M E 0f| A| activation frequency = 1
- Yi-6B-200K (right)0ll A= 367l attention heads7t 2 & 2 Z 0f| A activation frequency = 1
- &, 9H retrieval heads= context-agnosticStH M HH O 2 SAHSHX|0H(XE F Mt o2t T M0| & Ct 52 E ),
A retrleval heads= context-dependentd}#| & 7‘* oy’ HEL M OF SAISH(XE FH2 oLt Ot 5M0 4<) 10

C
rlo
N
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Basic Properties of Retrieval Heads: (3) Intrinsic Nature (ef) mode achitecureol 112 revieval heacsl ayers #2

(right) model variants@t Spearman correlation (first row vs. second row)

Llama-2-7B Qwenl.5-14B Mistral-7B-v0.2 -10
- N " - - Llama-2-7B-hf - 1 -0.022  0.00087 H -0.021  -0.0013
- - - I = - -
- - - - -
- - - . - - - - - — -
" - - --"__- . - = mm ™ -ﬁ—- -I_-- -0.8
-— - -— - R - - - . = — ' - — Qwenl.5-14B -ENipP] 1 0.038 -0.021 0.87
] - B} = o= = - = - - ke |
B - - mh - 2 = ""s "= Boam -
_ F - - < - - . L o - _' -_ - -— - B
N B B ol = 0= - - - - - . -. - = |
o s TR ml.e S e - 06
2 = "= = m=m - = - i, = - |.1. — LIEIER LRGP R 0.00087  0.038 FN 0.00051  0.044 :
N u - . * S -_- e =n R - " -1: 2 - - - - :
@ - - - ® - = . - " = - - —
e ) ! w B m * S ’ ! ! - n = oo wo s Llama-2-7b-80K - 0.84  [EEVEPI VKL 1 -0.022  0.00036 - 0.4
e - LIam:-z-?B-zoK - gwanl.s—ldB—Chat ) Mixtral-8x7B-v0.1 3 ' i E : h
5 - S m - - - - = -
. -
- - = -
- - - Qwenl.5-14B-Chat 0.87 0.044 -0.022
J . - -m- - - I - - - - - 0.2
s B - ™ = - . = = R | =-™" - - -
— - -— - - e - -
- | - u B - *
- = = mm L8 3 %" " - L B Mixtral-8x78-v0.1 0.036 [GKSEN 0.00036 0.043 1
- Moo . Y = - - 0.0
: o 5 = e T . - " : ' '
- - - “ M
x - "= - - i el g - M g - U £ @ 9 3 @ o
— Cam om TE w L m = = 2 Iy 2 e 5 >
= — — — - o =m - = - & : 'oe ~ 3 E
- - - -m- "= - © c A & pA x
2 2 2 0 8 @ © ) ) 0
o . 0 12 18 n £ 2 0 4 s 12 ® ®n u @ m x 0 4 0 u 1 2 m ] E ¢ g ] A i
B & @ o o
Head Ids = = 3 § =
3 =

- Model variants (first row vs. second row)%| [F2}A consistency in retrieval patterns
= contionued pretraining (Llama-2-7B), chat fine-tuning (Qwen1.5-14B), Architecture variant (Mistral vs. Mixtral)
O 2t A retrieval patterns #3t7F 72| 10| consistent &t

- Al Spearman correlation (right figure)= Z-2 family (LLama2 vs. Llama2-80K) Ll fine-tuned counterpart2t
MES| =2 correlations E 11

= Retrieval Heads= Model Pre-training IFY 0| Al XFHA A 2lSHE Intrinsic Nature &2 7HAICHD g = QU
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Retrieval Heads and Factuality in NIAH

2 W, top-K retrieval headsE masking out S0 NIAH

- retrieval score 7| =22 HH

*+ Prunning 0| 20{7}= 50| Y= |A|7+ = (~10Masking K Heads)
=> retrieval heads 7|2| &S &

+ Masking out Random head 2L} Masking out Retrieval Head7} NIAHO||A{ 2|

= =
dsdLEEY

= 24| long-context scenariolilA] in—context retrievaldi 204
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{aACt

b A A N

Sh=s St

Average Score

] Yi-6B-200K o
Retrieval Head
=-=-=- Random Head

——
™
——

Llama-2-7B-80K
Mixtral-8x7B-v0.1

025 101520 30 50 100
Masking K Heads

12
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¢ Retrieval Head Mechanistically Explains Long-Context Eactus

et

Retrieval Heads and Factuality in NIAH

- Masking out Top-K retrieval headsO| 01t O & E0[|=7}7: fail case &4

Case 1: Incomplete Retrieval Case 2: Hallucination
Go to Dolores park on a sunny day Golden Gate Bridge
Attention of top Retrieval Heads: Attention of top Retrieval Heads:

[ 16-19 | [11-15”17-22”19-15] (16-19] [ 11-15 | [17-22 | [ 19-15 |
' Z

|« Needle Sentence —» | | «——Haystack————»|
* Incomplete retrieval (left): 225t ZHO| UL E U retrieval, 25 S5t LHE retrieval fail
+ Hallucination/wrong extraction (right) : Initial tokens0i| retrieval heads?} attention= Sk= $14f

= The most effective retrieval heads (Top-K)7} 10| weaker headsPt 5942 W, partial informationZt
BIRSP7LL, A2 E I E B RSl = TR Of+ B
£5/ retrieval score ) 0.49! retrieval heads?} masking out=l Z-2 0/21 2.5 28/0] A= B}, Iof B2

LS

retrieval headsZf masking out& +Z Bl=7f 2617 &7fof= &3 !0/ &f 13
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Impact on Extractive Question Answering

- Retrieval heads?} CH2 downstream tasksOfl O HetS F=X| 24 (extractive QA)
o
o

- Model internal parametric knowledge2| 7§ 22 ZX[5t7| 2|51 %2 news articlesZ extractive QA H|O[Ef T+

* Masking out Random heads= Extractive QA €50l 42| Jgkg 4| 2oLt (No Masking2t ExtractQA
H|=), Retrieval HeadsE Maskingst 4% &s0| 3A Zagt 60 567
(9.2% for 50 and 23. 1% for 100 g4 s | : 55.7 55.4
> Retrieval Heads?} Real-world long-context QA tasksO|A = 012 S35t Hgta 5t 501 47.5
. —— No Masking
= 45 4 Retrieval Head
Random head

40

357 32.3

30 . ,

50 100

Mask Num.

14
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Chain-of-Thought Reasoning Also Requires Retrieval Heads

- Retrieval heads”| reasoning tasksOll &
A 5H
T o

- MMLUE model's parametric knowledge

(Math)£ CoT7t Za3% d&e & A Y
CoT 7} 82 W= (w/o COT) masking out retrieval head/randomOl|
430 %"% HO| A %=
CoTE Ar2&H I (upper, first row) = Retrieval Heads7} Task £~&i0]] 42
ks = ASE

ds7t QS A A2

(copy-

HIM7t EX0|E2, CoT reasoning

A=

o S
=2 2

GSMBK (w/ COT)
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MMLU (w/ COT)
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AFS 24M: Mistrial-7B-Instruct-v0.2 on MMLU, MuSiQue, and GSM8KO]| Ci50d CoT reasoning

Z40|1, MuSiQue (Multi-hop QA)2t GSM8K

MuSiQue (w/ COT)

50

45.1

50

40

43.6 35
40 40 37.6
34.4 30
29.3 25
30 30
g g 26.1 24.8 -
B 22.1 21.3 < w20
20 20 15 14.2
11.4 11.3
10 9.3 9.9
10 10
2.0 3
0 v v 0 y v 0 v v
50 100 50 100 50 100
Mask Num. Mask Num. Mask Num.
= GSM8K (w/o COT) 0 MMLU (w/o COT) w0 MuSiQue (w/o COT)
—— No Masking
25 35
60 57.2 Masking Retrieval
55.6 2+257.0 (00 1o 30 Maskl
20 asking Random
50 25
v} 15 vl T 20
< << w 14.9 16.017.16 146
40 15 : 12.5
10
10
5 30
1.8 28 25 23 23 5
0 T r 20 v T 0 v T
50 100 50 100 50 100
Mask Num. Mask Num. Mask Num.
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Chain-of-Thought Reasoning Also Requires Retrieval Heads

Question 1: Question 2:
Mishka bought 3 pairs of shorts, 3 pairs of pants, and 3 pairs of shoes. James decides to run 3 sprints 3 times a week. He runs 60 meters
One pair of shorts costs $16.50. One pair of pants costs $22.50 and one  each sprint. How many total meters does he run a week ?
pair of shoes costs $42. Masking Top 100 Retrieval Heads:
How many dollars did Mishka spend on all the clothing items? Let's think through this step by step:
Masking Top 100 Retrieval Heads: 1. James runs 3 times a week for each sprint session.
Let's calculate the cost of each type of clothing for Mishka: 2. During each session, he covers a distance of 60 meters (3 times
1. For shorts, there are 3 pairs, so the total cost is 3 * $16.5 = $59.10. the length of a standard football field goal post).
2. For pants, the cost is the same, so 3 pairs cost $3 * $22 = $66. 3. Therefore, the total distance James covers in a week is:
3. In total, Mishka spent $59 + $66 = $125. 6 (sessions in a week) x1 (number of sprints in session)
So, the answer is $125. x 60(meters in a sprint)= 360 meters.
Misunderstood Information So, James runs a total of 360 meters every week.
+ Left: Masking out retrieval heads 0|%, pants, shoes0i| CHigt costs& *+ Right: “3 sprints, 3 times a week”& retrieve 5| &gt
retrieve AIf > hallunication &4 = new rulesE hallucination g (6 sessionsina week, 1 sprints)

16
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¢ Query-Focused Retrieval Heads Improve Long-Context Re

Query-Focused Retrieval Heads Improve
Long-Context Reasoning and Re-ranking

Wuwei Zhang® Fangcong Yin® Howard Yen® Dangi Chen® Xi Ye®
# Princeton Language and Intelligence, Princeton University
¢ The University of Texas at Austin
xi.ye @princeton.edu

® {wuwei.zhang,hyen,dangic}@cs.princeton.edu
¢ fangcongyin@utexas.edu

H}2 ZIX0f 2 E35} Retrieval Head =20| 22 Cf LLM Behavior0f| 21Z3HCHH,

0| =22 1) Retrieval Head 2| G &31Z{Ql Al=n}
2) Information Retrieval (Reranking) 2+0f| G 2 55t0] &3S +8list 1 A

17
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Motivation

» 0|7 Retrieval Heads ¥ 312| &= 7tA| 2X|1 A A| A

IQ
MO

2. NIAH A|LI2| 0] 7|tk Synthetlc data setting@ & Retrieval Head set2 Al#5t= -

- Real-world tasks 2 2|7} &
> AA| o0 ZEO| o —?—01;.‘_| =AM e S5t YEE AEHoH= ALIZ| 29 UA| 42

18
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Two key changes and findings

+ A query-context scoring function:

- input query0i| i 35tH= 2 A3t context spansofl &= attention massg SH5HEE & Original Retrieval Heads (Wu et al., 2025)
[ |
0.1
1 NNNNAENNCERECEE AN
* More natural data from real-world tasks: ]
- Synthetic dataZ} O}, question answering over long texts2t 22 i I |' I.'“. i |= a
A real-world tasks0i| 7|5t Cf| O|E{ £ 28510 Retrieval HeadsE A/E5t=E & os I IIII i | IIII
+ 0| ¥79] in-domain scenario®! NIAHO|A Original Retrieval Heads/QRHeadZS 09
masking out3!S I More natural data (out-domain)Oi|lA{ A/t head set2 g
Ar28H0| = &35t1, Original Retrieval Heads 2Ct I 2 F3k2 B S (2 Figure) e

QRHeads (Ours)
0.1

0.5

0.9

50K 100K
Context Length

19
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QRHead: Identifying Query-Focused Retrieval Heads
Retrieval Heads (Wu et al., 2025) ®Data: synthetic (i.e., NIAH)
Heads that assign max attention ® Objective: copy-pasting
scores to copy-pasted tokens
I I I I I I I I Q: What is the best thing
IJ to do in San Francisco? A: to eat
Once upon a time .. The best thing ... eat a sandwich. ... happily ever after.
%Irrelevant conlext%l(— Needle sentence —)l(—lrrelevam context—)
QRHeads (Ours) & Data: realistic w/ distracting context
Heads that allocate attention mass to G Objective: query-context attention
gold context given a query | | | T |
I I I I Q: who proposed evolution as the
I | | I - I I I I basis of biological development?
During the 1930s and 1940s ... 1858 — Charles R. Darwin and ... In evolutionary biology, ... o — ) _
|¢— pistracting context —| [€-Distracting context—3] 64 srs e s e S socomem ™"
« Original Retrieval Heads: Decoding CHAl0l| A A A4S target tokenO| 1) Needle 0f| 4= token 0|11, 2) attention head i A
7t 00| attend St= tokenQ! A RE X719 2 Retrieval HeadsE AlH

QRHead: For all doc € DOJ| L3t Query - doc attention massE A At5t
A context documents = Gold context0]| 7t= attention mass”

=2 attention headsE A'E5I0] retrieval headsZ AFE

20
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¢ Query-Focused Retrieval Heads Improve Long-

QRHead: Identifying Query-Focused Retrieval Heads

Retrieval Heads (Wu et al., 2025) ® Data: synthetic (i.e., NIAH)

Heads that assign max attention ® Objective: copy-pasting
scores to copy-pasted tokens

Q: What is the best thing
to do in San Francisco? A: to eat

Once upon a time .. The best thing ... eat a sandwich. ... happily ever after.

I%Irrelevantconlext%l(— Needle sentence Hl(—lrrelevam context—)l

QRHeads (Ours) & Data: realistic w/ distracting context
~ . . o .

Heads that allocate attention mass to & Objective: query-context attention

gold context given a query |

|| 8 |
I _ I I I I I I I I Q: who proposed evolution as the

basis of biological development?
During the 1930s and 1940s ... 1858 — Charles R. Darwin and ... In evolutionary biology, ...

. ) . . Distracting context: Hard negatives in open-domain
I& Distracting context %I Ie Distracting context )I QA or other texts within the same document

* QRHead: For all doc € DOJ| L3t Query - doc attention mass& 71|* kot 1,

4| context documents = Gold contextd| 7= attention mass?t =2 attention headsE A/&H5}10] retrieval headsZ AtE

Query-focused retrieval score: query tokens > document token501| CHSt attention weights2| &2 query Z0|2 Lz 2t

QRscorey(q,d;) = | z Z Atq_)td

tq€q tq€d; 21
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QRRetriever: Using QRHead to Build A General-Purpose Retriever

* Query - documentrelevancy: A selected set of QRHead = 3£ s¢te<t

1
W z QRscorep(q, d;)

he select

R(q,d;) =

+ Calibration: LM attention weights0i| CHSt intrinsic biasesS s 45t7| 2Is AIQHE o =,
R(q, d)OIM R(qunyuu, di) (qnuu CN/A”)) & = 2410 2 J 0| LHA|El attention biasesE H| 75tz W (Chen et al. 2025")

* Final Query-document relevancy:
R(q,d) — R(qnuu, i)

1) Chen, Shijie, Bernal Jimenez Gutierrez, and Yu Su. "Attention in large language models yields efficient zero-shot re-rankers." International Conference on Learning Representations. 2025. 22
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Experimental setup

« OH|0JE{Al: Long-Context Multi-Hop Reasoning

1. LongMemEval': LLM-based chat assistant?| &7| 4528 7| 55 HII5t7| 9ISt G[O[E{Al
- Information Extraction, Multi-Session Reasoning, Temporal Reasoning, Knowledge Update, Abstention 5= H7t
- AFEA-O{A|ARE [} O|H0| A evidenceE &0t & 20]| E5t= NIAH-style memory evaluation H[O[E{ Al
- B M J|& 2 2oJ= oF 115k tokens, 30-40 sessions2| ALEAt-0{A|AHE 3} S| AER|2 7Y

* head detection9 LongMemEvalSl 70 examplesE At ZHCH gt

2. CLIPPERZ: 240j| Cii gt Chapter '# outlines®t summariesE 7|22 2 8H4El claim (/71 2!) 0fl TS0, claimO] ZFIZ| HAIQIZ]
A MOl 8= ZrR5H0] THESHOFSH= Cl|O|E{ Al
- 19K #29| Book-Claim(&H/7{&) % 4o =,
- Zt example prompt= book textE Z & > I 90k tokens?2| long-context task
- Book-level claims= 2] book chapters2| AHAS Z3t6l0F SHE2, long-context multi-hop reasoning2 2+

1) Wu, Di, et al. "Longmemeval: Benchmarking chat assistants on long-term interactive memory." arXiv preprint arXiv:2410.10813 (2024).
2) Pham, Chau Minh, Yapei Chang, and Mohit Iyyer. "Clipper: Compression enables long-context synthetic data generation." arXiv preprint arXiv: 2502.14854 (2025). 23
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Experimental setup
+ BaselLMs

1. Llama-3.2 (3B)
2. Llama-3.1 (8Band 70B)
3. Qwen2.5 (7B)

+ 10BELCI &2 BHA2 Top-16 Attention Heads A, 70B 2 &2 Top-32 Attention Heads AH&
=> Approximately 1-2% of the total attention heads

1) Wu, Di, et al. "Longmemeval: Benchmarking chat assistants on long-term interactive memory." arXiv preprint arXiv:2410.10813 (2024).
2) Pham, Chau Minh, Yapei Chang, and Mohit Iyyer. "Clipper: Compression enables long-context synthetic data generation." arXiv preprint arXiv: 2502.14854 (2025). 24
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Experimental setup

» Baselines

« RankGPT'
- LLMZ list-wise reranker2 &-835}= training-free reranking 2
- Query2t candidate documentsZ &7 °'E4oh_ LLMO| A &=ME2 ZM 2 AES HHEZ (HM 7|8
- H - 5k4 10| &St reranking 852 E0|A|2H generation 7|2t0| B2 inference cost7t &

+ In-Context-Re-ranking (ICR)?
- LLM Li & attention weightsE& &-83}+= training-free zero-shot reranking 2
- Query®f candidate documentsE StLt2| contextE Y=
- Query-to-document attention massE EA A M52 S
- Generation 210] attention score?t2 2 candidate documentsE& M&Z
- QRHead®}t2| }0|H 2 retrieval headsE 41E5t= W2 8111, attention heads& 25+ AHEE

« 11 2| Contriever3, 1.5B Stella V54 52| dense Retriever

1) Sun, Weiweli, et al. "Is ChatGPT good at search? investigating large language models as re-ranking agents." Proceedings of the 2023 conference on empirical methods in natural language processing. 2023.

2) Chen, Shijie, Bernal Jimenez Gutierrez, and Yu Su. "Attention in large language models yields efficient zero-shot re-rankers." International Conference on Learning Representations. 2025.

3) Izacard, Gautier, et al. "Unsupervised dense information retrieval with contrastive learning " arXiv preprint arXiv:2112.09118 (2021).

4) Zhang Dun, et al. "Jasper and stella: distillation of sota embedding models." arXiv preprint arXiv: 2412.19048 (2024). 25



ﬂ a LH gllim é:% Natural Language Processing

KOREA UNIVERSITY & Artificial Intelligence

4 Query-Focused Retrieval Heads Improve Long-Context Reasoningein

Experimental Results

LongMemEval CLIPPER + QRRetriever= long contextd| Al retrieval / end-to-
R E E R E E
ETRIEVAL ND-TO-END ETRIEVAL ND-TO-END = L. O

RETRIEVER RECALL@K  PERFORMANCE RECALL@K PERFORMANCE end Performances BRoA ZEs S Bl

k=5 k=10 Top5 Topl0 k=3 k=5 Top3 Top5 - LongMemEval, CLIPPER 250{A Z&ot 5 (retrieval
Base LM: Llama-3.2-3B-Instruct ) ) 281 o 252 recall and end-to-end performance)
BM25 575 675 461 449 746 8.7 200 228 - -2 1-9R- =
Contriever 627 792 486 465 602 789 126 184 Llama-3.1 0 8B-Instruct Full context 7= both
Stella 639 716 449 477 833 900 213 251 tasksOi|A] 10% O[&9| end-to-end performance 7§44
RankGPT 18 34 235 233 168 273 36 88
RankGPTBubble 21 38 240 244 170 274 38 88 . . .
ICR 687 788 465 451 728 836 194 236 * QRRetriever generallzes across domains.
QRRETRIEVER (Ours) 77.6  86.6 474 477 855 934 234 26.9 — QRRetrieverE Oﬁ_the_shehc dense retrievers
Dase LM: Llama-3.1-8B-Instruct 165 L . (Contriever and Stella)& =8t )
googs m e e sp oo’y - HCSISQOIE dense retrieversBC o I A
Stella 639 776 509 584 833 900 388 396 H0jIM cross domain generalizationO| ZoHCHI a4
RankGPT 21 40 267 242 300 394 159 194
RankGPTBubble 83 90 281 270 367 443 197 204 . . .
ICR o 7o s 03 Sl 893 947 43 as e QRRetriever scles with model sizes.
ERREL;';'EL‘;E“( ;’f’ml ——— : : s % 6 4 - RankGPTL} ICR2| Z? model scaledi| [2tA 445 2f0[7t
F:]s]econte.xt amas mnstrue - - 342 - - 63.9 A:!6l_|- Ifl_l-l?_:i, QRRe’[I’IeveI’E mOdel S|Ze7|‘ 7H}|jEEI /\—| AO-|%O|
BM25 575 675 528 530 746 8.7 601 665 JHA0] &l
Contriever 627 792 537 605 602 789 385 497 b=
Stella 639 776 563 623 833 900 659 712
RankGPT 18 35 212 274 570 634 447 504
RankGPTBUHble 479 490 440 426 743 788 584 615
ICR 321 465 365 398 862 931 689 716 26

QRRETRIEVER (Ours) 804 885 667 617 950 982 742 7133
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Experimental Results

LongMemEval CLIPPER + Compact LMs2| |3zl generation abilities0f| =
RETRIEVAL END-TO-END RETRIEVAL END-TO-END = — 7 = * Ao L. O
RETRIEVER RECALL@K PERFORMANCE RECALL@K PERFORMANCE E75t1, Z=5t Retrieval 452
k=5 k=10 Top5 Top-10 =~ k=3 k=5  Top-3 Top5 - Llama-3.2-3B-Instruct 7= Recall@10
Base LM: Llama-3.2-3B-Instruct 2
Full context - - 28.1 - - 252 (LongMemEval) 86.63
BM25 575 675 461 449 746 837 200 228 = [ lama-3.1-70B-Instruct®| 88.541t S A}
Contriever 627 792 486 465 602 789 126 184 . !
Stella 639 776 449 477 833 900 213 251 - 2Lt Llama-3.2-3B-Instruct= Generation
RankGPT 18 34 235 233 168 273 3.6 8.8 abilities?t £&3liA, End-to-End performance= Top-10
RankGPTBubble 21 38 240 244 170 274 38 8.8 7|2 47.72 (vs. 67.72 70B)
ICR 687 788 465 451 728 836 194 236 T &/ T
QRRETRIEVER (Ours) 716 866 474 477 855 934 234 269 D Ms 2510 & 012 o EZ /2 M7 ZQ3H|
. - - - =| - | - _ o

Base LM: Liama:3.1-8B-Instruct ) ] i6s _ ] . J;!tg gé 3_101196)1 = Z10| 0H.|Eh ;@;? 22 H/;I_:éMOHJgE
BM25 575 675 48.8 50.9 746  83.7 37.9 37.9 C o= C 1
Contriever 627 792 526 554 602 789 282 311 il )Hu = r'g ) gg‘frag?g Ol 2UCH S o
Stella 639 776 509 584 833 900 388 396 > A2 A0 DESHETHE 2| retriever2
RankGPT 21 40 267 242 300 394 159 194 iFﬁoh_ A2 EH' = generatorz ME _f |£Ef9_|0|
RankGPTPubble 83 9.0 28.1 27.0 36.7 443 197 204 Szl 7
ICR 770 844 593 561 803 947 438 425 as4
QRRETRIEVER (Ours) 855 917 598 602 938 969 476 419
Base LM: Llama-3.1-70B-Instruct
Full context - - 34.2 - - 63.9
BM25 575 675 528 530 746 837 601 665
Contriever 627 792 537 605 602 789 385 497
Stella 639 776 563 623 833 900 659 712
RankGPT 18 35 212 274 570 634 447 504
RankGPTBubble 479 490 440 426 743 788 584 615
ICR 321 465 365  39.8 86.2 93.1 689 716 27

QRRETRIEVER (Ours) 804 885 66.7 67.7 95.0 98.2 742 733
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COVID NFCorpus FiQA Scifact Scidocs FEVER Climate DBPedia Robust04 News Avg

Passage Re-Ranking: BEIR' benchmark - g

M25 305 59.5 322 236 679 149 65.1 16.5 318 407 395 384
. [ Base LM: Llama-3.2-3B-1)

* QRRetriever= IR Benchmark A= ICR/RankGPT, ase LM: Llama atruct
. RankGPT 300  59.5 32.2 236 679 149 65.9 17.1 31.8 407 395 385
J2|1 Dual- and Cross-Encoder baselines EC} RankGPTBubE 332 618 320 24 661 148 658 17.1 348 405 402 39.0

M — =] - |y -] o ——

consistently s7I5t= 452 EUS ICR 092 73 338 318 733 174 826 242 347 472 447 465
QRRETRIEVER (Ours) 549 774 35.1 351 747 183 83.7 24.5 36 497 451 486

Base LM: Llama-3.1-8B-Instruct

. . Eq ]

> Infor.matlon Retrieval Benchmark 2 g7 |'°HE RankGPT 300  59.5 322 236 679 149 65.9 16.8 31.8 407 395 384
QRRetrievere| BtH=20| A2t o2 ZCH RankGPTBUe 537 755 343 314 693 174 615 238 2.9 478 462 463
ICR 540 733 348 356 755 190 85.8 24.8 36.9 490 445 485
QRRETRIEVER (Ours) 58.6 77.5 353 391 762 194 85.3 23.9 372 514 462 500

Base LM: Qwen-2.5-7B-Instruct
RankGPT 300 595 322 236 619 149 65.9 16.8 318 407 395 384
RankGPTBubble 427 705 34.1 295 693 166 70.5 19.7 3.1 464 436 436
ICR 431  66.1 327 270 711 164 792 19.6 35.3 430 400 43.0
QRRETRIEVER (Ours) 49.9  67.7 33.1 292 71 153 80.7 20.1 35.7 437 398 442

Base LM: Liama-3.1-70B-Instruct
RankGPT 454 627 33.6 286 713 161 74.2 18.9 37.6 413 398 427
RankGPTBbIe 584  8l2 36.1 41.0 761 202 80.0 25.1 45.5 59.0 485 519
ICR 579 723 342 389 746 194 86.4 22,0 383 426 404 479
QRRETRIEVER (Ours) 62.1  73.9 347 438 768 204 85.9 23.1 35.7 516 435 501

Dual Encoder and Cross Encoder
Contriever 446 675 32.8 284 671 189 64.2 28.0 39.5 457 417 435
GTR-t5-base 514 748 325 347 621 158 729 26.8 37.1 461 428 452
BGE-Reranker-base 552  66.4 31.0 317 708 157 88.6 36.5 2.5 39.9 370 468
msmarco-MiniLM 558 743 35.2 351 685 175 80.4 25.5 45.3 479 430 480

1) Thakur et al., “BEIR: A Heterogeneous Benchmark for Zero-shot Evaluation of Information Retrieval Models,” Neurl PS, 2021. 28
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Impact of Head Selection

BEIRsyurmer LONGMEMEVAL

1. QRHead NDCG@10 RECALL

2. All Attention Heads 2 RANDOM HEADS 37.5 59.8

3. Original Retrieval Heads g E:;EIEEQE%EAD j%-g’ ;}'g

4. Randomly Selected Heads 5 QRHEAD 475 85.5
m RANDOM HEADS 19.9 57.2

+ BEIR and LongMemEval % FULL HEADS 22.6 67.1

e = ool gfela|oli It IR =S ©  RETRIEVAL HEAD 27.4 70.7

1) Thakur et al., “BEIR: A Heterogeneous Benchmark for Zero-shot Evaluation of Information Retrieval Models,” Neurl PS, 2021. 29
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Generalizability Across Lengths

32K context length0flA] QRHead & 415t 12, 128K (or 64K) 0| 4 E5t=
42 ME=l heads?t longer context lengthsOilA| generalize &2|? (E2 1
Qi)

- short-to-long and long-to-short

short-to-longer 0| A generalizable,
. long-to-short0| I & generalize &= 38 US

ﬂ a LH gllfm é:% Natural Language Processing

& Artificial Intelligence

KOREA UNIVERSITY

Model: LLama-3.1-8B-Instruct

NQ+FEVER LongMemEval
32K 128K 32K 128K
ICR 66.7  56.5 852 782
QRRETRIEVER*  70.1 639 89.2 85.2
QRRETRIEVER'®K 688  67.2 89.2 856
Model: Qwen-2.5-7B-Instruct
NQ+FEVER LongMemEval
32K 64K 32K 64K
ICR 400 174 834  67.1
QRRETRIEVER** 519 253 9.2 779
QRRETRIEVER* 541  29.1 90.1 77.0
30

1) Thakur et al., “BEIR: A Heterogeneous Benchmark for Zero-shot Evaluation of Information Retrieval Models,” Neurl PS, 2021.
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Ablations on Scoring Function and Task Selection For Head Detection

«  Twokey factors2| 242 H7I5t7| 2IsHA, (query-context attention objective and using realistic data)
1) NIAH (using Synthetic data) 0l Al QRscore 2 head detection £ 8ol =

BEIR LONGMEM
NDCG@10 RECALL

Model: LLama-3.1-8B-Inst

Data

« NIAHZ detected head?} Original Retrieval Head 2.C} consistently improved

= Synthetic dataOll A= QRscore?} & 2f58t. &, query-context attention QRHEAD NQ 475 830
objectiveZt Iff S35t factor@d2 &2 QRHEAD LongMem 47.1 85.6
QRHEAD NIAH 46.8 83.4
_ RETRIEVAL HEAD NIAH 434 81.5

. :LE1Lj NQ/ LongMemEll/aI E1|0IE1E A5 head setO| NIAH (synthetic) 0| A Model: Qwen-2.5-7B-Inst
Al#SH head set2Ct 4S0| H & QRHEAD NQ 31.9 80.2
o " o5t QRHEAD LongMem 321 83.2
= “using realistic data” factorE = Q0! QRHEAD NTAR 30,9 v
RETRIEVAL HEAD  NIAH 27.4 70.7

+ &, QRHead& 7+d35t=two key factors 25F 3 42

31
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Head Detection Data2] Sensitivity0l Llio}0i

* head detection process2| robustnessE H7I5t7| ¢|3li, M 2 CIE random samplesE 83510 52 716 =

« "= 2= Table?| Overlap 22 EH, 50 heads 0|40| Top 64 heads0i| A Overlap (Top 64) BEIR
overlapO| &S &g Set0  Setl  Set2 nDCG@10
Model: LLama-3.1-8B-Inst
. — — Set0
- AHCp , different subset A0|2| BEIR 0| 72| H|&&H2 gI+0| QRHEAD 64 51 51 49.8
|Ci7t tol2] BEIR A150| 742 H|£3+S 540l QEmo & a w3
L - e _ Lo _ QRHEAD>? 51 53 64 49.9
= QRHead<= small samples of data2 S&5] A2 = U= 450 =2 = U4, Model: Owen-2.5-75Inst
2| 32| 941 reliables}CH! : Qwen-2.5-78-
dataset sensitivity = 1EH 2| 9411 reliableSHCH ORHEAD®® 64 50 53 442
QRHEAD®!! 50 64 57 44.4
QRHEAD®? 53 57 64 445

32
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