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Long Context Language Modeling (LCLMing)

Every LLM has a rated context length!

Evolution of LLM Context Window Sizes (2018-2025)
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ChatGPT 40 > @

Hi, can we continue?

(&) Of course! What would you like to talk about

or do today?

Recap me on our conversation
so far.

Certainly! Here's a quick recap of our
conversation so far:

You enjoy visiting the Ivy House for its quaint
and old atmosphere, and you appreciate it as
a place to relax and enjoy good food. You are
English and interested in creating a D&D
character with an ethereal feel, inspired by
The Witness from Destiny. Your character is
a melancholic Cleric, driven by a vision of an
inevitable, unstoppable event. You have a
friend who recently graduated, and you are

Specialized Models

Documents, Tables, Images,..

l

EE".EE
}

Output: The answer is
pound sterling.

Q: Beth bakes 4, or 2 dozen batches of
cookies in a week. If these cookies are
shared amongst 16 people equally, how
many cookies does each person consume?
R: Beth bakes 4 2 dozen batches of
cookies for a total of 4x%x2 =<<4x%x2=
8 >> 8 dozen cookies. There are 12
cookies in a dozen and she makes 8 dozen
cookies for a total of 12x8 =<< 12%8 =
96 >> 96 cookies. She splits the 96
cookies equally amongst 16 people so
they each eat 96/16 =<< 96/16 = 6 >>
6 cookies.

A: 6




Issues with LCLMing

What do 1M and 500K context windows have in common? They are both actually 64K.

e Attention scales very poorly with context length
e Context Engineering: are models using their contexts properly?
e Poor benchmarking
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Context Engineering 1: Context Rot

Vibes: The more you use an LLM, the worse it gets!
Hong, et al. (2025)

Distractor Conditions

e istractor
arXiv haystack, PG essay needle/question - Distractor Analysis by Context Window and Performance Level == 1 Distractor (Averaged)
. - actors
.
Needle-in-a-haystack (NIAH):
igh performance (2 models) >500k tokens, medium performance (3 models) >500k tokens, low performance (3 models)
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relevant “needle” -

2. Distractors i
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needle from the
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Context Engineering 2: Positional Biases

Claim: Pretraining introduces biases towards certain context positions

Layer 2 Head 0 20 Total Retrieved Documents (~4K tokens)

Accuracy

10

12

il Ist  5th 10th 15th 20th

e 2 4 6 g 30 22 13 Position of Document with the Answer
Attention sinks (Xiao, et al. 2023) Lost-in-the-middle (Liu, et al. 2023)
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Context Engineering 3: Positional Encodings

Long-term decay
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Recap: Retrieval Augmented Generation

Reference II ¥ LM
d embedding

ocuments

embeddings

Vector database

retrieve context

from relevant
documents

User query g LLM

embedding

Wikimedia

find relevant

N Query documents by
yeer comparing
embeddings

Augmented
query eg.

Answer the above,

Context
chunks

based on:
<chunk 1>,
<chunk 2>,
<chunk 3>,

generation



Can Long-Context
Language Models
Subsume

Retrieval, RAG, SQL,
and More?



Motivation 1: Retrieval with Long Contexts?

. . Long-Context Language Models
Problem: RAG pipelines suffer from (e.g. Gemini 1.5 Pro, GPT-40)

cascading errors

Hypothesis: Do it all with the
language model?

ID: 21 ID: 22

Support:

- We’Ve gOne frOm 8k I’Gted Corpus-in-Context gggz;enizngn;eﬁ\s’g«::
(CiC) Prompting "] the question based
context lengths to 1M! | on the documents.
- Give the language model as Biipis Doowas 10 suye Bl Wlies
. . died in Belfast, and Document 35
mUCh |nfo as pOSS|ble says Belfast uses pound sterling.
So the answer is pound sterling.




Motivation 2: Benchmark Quality

Existing Benchmarks are way too easy!

Text Haystack
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Level 3: Can the model perform well on real-world tasks?
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Contributions

Benchmark (LOFT): Evaluation:

1. Retrieval (Visual, Audio, text) 1. Frontier models
2. RAG 2. Existing Baselines
3. “sSqQL’ 3. Ablations

4. Many-many-shot ICL

13



(Text) Retrieval

Simplify: place corpus directly in LCLM’s context, removing need for encoder

Enables: better reasoning, multihop QA, few-shot tasks, etc.

Avg. Cand. # Cand.

Task Dataset Description Length  (128k) Candidates Input Target
ArguAna Argument Retrieval 196 531
FEVER Fact Checking 176 588
FIQA Question Answering 196 531
MS MARCO  Web Search 77 1,174
NQ Question Answering 110 883

Text Quora Duplication Detection 14 3,306

Retrieval SciFact Citation Prediction 301 357 Passages Query Passage ID(s)

Touché-2020  Argument Retrieval 330 329
TopiOCQA Multi-turn QA 149 680
HotPotQA Multi-hop QA 74 1,222
MuSiQue Multi-hop QA 120 824
QAMPARI Multi-target QA 132 755
QUEST Multi-target QA 328 328



RAG

Simplify: pipeline complexity, e.g. query decomposition

Enables: Better reasoning

Corpus: Shared across all queries, subset to fit 128k context limit

- Gold/random documents are shuffled to minimize positional bias

Avg. Cand. # Cand.

Task Dataset Description Length  (128Kk) Candidates Input Target
NQ Question Answering 110 883
TopiOCQA Multi-turn QA 149 680
HotPotQA Multi-h A 74 1,222 A

RAG M?IS 10Q3 A Mﬁlti-hgg 8 A 120 824 Passages Question Answer(s)
QAMPARI Multi-target QA 132 55
QUEST Multi-target QA 328 328




SQL

Simplifies: text-to-SQL, structured data processing
Enables: expressive querying, handling of noisy data, unified processing
Corpus: associated database of tables

- The chosen database is the largest possible that fits into the context

. e Avg. Cand. # Cand. :
Task Dataset Description Length  (128k) Candidates Input Target

SQL Spider Single-turn SQL 111k 1 SQL
SParC Multi-turn SQL 111k 1 Database

Question Answer




How do we actually handle the data in-context?

Corpus in Context Prompting:

Task specific instructions

Corpus Formatting: ID/Content/ID
Examples

Query Formatting

> W

Prefill friendly - query is placed at the end

Carefully curated for rated context length
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CIC Example

OQ)
<
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&
2
&

You will be given a list of documents. You need to read carefully and understand all of them. Then you
will be given a query that may require you to use 1 or more documents to find the answer. Your goal is
to find all documents from the list that can help answer the query.

»ID: @ | TITLE: Shinji Okazaki | CONTENT: Shinji Okazaki is a Japanese .. | END ID: @

ID: 53 | TITLE: Ain't Thinkin' 'Bout You | CONTENT: "Ain't Thinkin' 'Bout You" is a song .. | END ID: 53
»ID: 54 | TITLE: Best Footballer in Asia 2016 | CONTENT: .. was awarded to Shinji Okazaki .. | END ID: 54

J

Which documents are needed to answer the query? Print out the TITLE and ID of each document. Then format
the IDs into a list.

query: What year was the recipient of the 2016 Best Footballer in Asia born?

The following documents are needed to answer the query:

“TITLE: Best Footballer in Asia 2016 | ID: 54

~TITLE: Shinji Okazaki | ID: @

Final Answer: [54, 0]

-\

====== Now let's start! ======

Which documents are needed to answer the query? Print out the TITLE and ID of each document. Then format
the IDs into a list.

query: How many records had the team sold before performing "aint thinkin bout you"?

The following documents are needed to answer the query:

-

Instruction

Corpus
Formatting

Few-shot
Exemples

Query
Formatting



LCLMs on Text Retrieval

Dataset Gemini 1.5 Pro GPT-40 Claude 3 Opus | Specialized
ArguAna 0.84 0.85 0.74 0.75
FEVER 0.98 0.96 0.94 0.97
FIQA 0.79 0.82 0.61 0.83
MS MARCO 0.95 0.87 0.93 0.97
NQ 1.00 0.99 0.96 0.99
Quora 0.93 0.93 0.94 1.00
Text SciFact 0.88 0.88 0.73 0.85
Retrieval Touché-2020 0.91 0.88 0.71 0.88
TopiOCQA 0.49 0.30 0.42 0.36
HotPotQAT 0.90 0.82 0.83 0.92
MuSiQue' 0.42 0.10 0.27 0.29
QAMPARIT 0.61 0.18 0.20 0.57
QUESTJr 0.30 0.19 0.18 0.54
Average 0.77 0.67 0.65 0.76
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LCLMs on Text Retrieval 2

o o o =
N o oo o

Task Specific Metrics

O
N

Text Retrieval

—o— Gemini 1.5 Pro
| —®- Specialized Model

105 108

Baseline: Gecko, dual-encoder
Gemini 1.5 performs well, but
context rot becomes a problem
past 128k

20



What if we move key documents around?

0.98 -
'l.\ —e— Test Documents Hypotheses:
0.96 - LY --+-  Few-Shot Documents 1. Attention sinks +
N —m-- Test & Few-Shot Documents . .

& L Lost-in-the-middle effect
= 0.941
o 2. Few-shot docs actually
% 0.921 impact position
©
>
< 0.90-

0.88 1

0%  20%  40% 60% 80% 100%

Normalized Position in Corpus 2t



LCLMs on RAG

Dataset Gemini 1.5 Pro GPT-40 Claude 3 Opus | Specialized
NQ 0.84 0.89 0.85 0.71
TopiOCQA 0.34 0.33 0.37 0.35
HotPotQA 0.75 0.72 0.74 0.70
RAG MuSiQue 0.55 0.47 0.45 0.45
QAMPARI 0.44 0.27 0.25 0.55
QUEST 0.28 0.20 0.15 0.35
Average 0.53 0.48 0.47 052

22



LCLMs on RAG

Task Specific Metrics

O

O
0o

I~
o

I~
N

O
N

RAG

1.

Baseline: Gecko retrieves top
40 docs and feeds to Gemini
Strong performance by Gemini
even at scale

Claim: more documents leads
to better chain-of-thought, but
context rot is still a problem
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Quick Takeaways

1. Existing benchmarking for LCLMs is mediocre, “let’s do better”
2. Focusing on retrieval/RAG eval gets to the heart of what LCLMs do best: retrieve
and generate

BUT

1. Theactual benchmark is quite limited due to context size limitations (scalable)

2. Context scaling seems to be quite hard
a. The paperis motivated by rated, not “real” context length
b. Lot of intermediate problems that need to be addressed first

3. Isgiving the model more information a good idea?
a. Intuitively makes sense, but long context has its issues... more in the next paper

24



Long-Context LLMs
Meet RAG:
Overcoming
Challenges for Long
Inputs in RAG



How to better combine Retriever with LLM?

Prior research: [R B Ho@@@}

e Tuning LLM for RAG on small retrieval set o)
(usually <10 passages). T

e Monotonic gain: more passages, better [ — ]
performance. l

Key question: [ B _ s

Does retrieving more passages always yield O vy

better performance? | passages

[ Output }

26



Contributions

1. Performance Analysis on Long-Input RAG
2. Robust Long-Input Methods
a. Retrieval reordering
b. Implicit fine-tuning with retrieval augmentation
c. Explicit fine-tuning with reasoning
3. Fine-Tuning Strategy Analysis
a. Data mixing
b. Retriever transferability
c. Retrieval-number ablation

27



Is stronger retriever always better?

0.60

0.55 T

0.60

0.55

= h
w
w

)

RAG Accuracy
o o o
3

o
w
A N
w

RAG Accuracy
o o o
3

0.30{ —— Gemma-7B-Chat 0.30 —*— |Gemma-7B-Chat
—=— Gemma-2-9B-Chat —e— |Gemma-2-9B-Chat
0.251 —*— Mistral-Nemo-12B-Instruct 0.25 —¥— Mistral-Nemo-12B-Instruct
—— Gemini-1.5-Pro —— Gemini-1.5-Pro
0.20 0.20
10° 10! 102 103 10° 10t 102 103
# Retrieved Passages # Retrieved Passages
(@) RAG performance with e5 retriever (b) RAG performance with BM25 retriever

BM25: sparse TF-IDF embedding; lexical match;
no training.

e5: dense transformer embedding; cosine similarity;
supervised contrastive training,.

“Inverted-U”
performance trend
Stronger retriever:
higher peak,
sharper drop

28



False promise of recall and precision

1.0 1.0
0.54 —e— RAG accuracy —e— RAG accuracy - =%« Recall
il | D Y < D B B Sy v G i 0.425 —— Precision
0:53 W 0.400 o8
c | A i Lssesemspaeneex E
>0.52 A=) > ° H H
el Foars irrelevant retrieved
30.51 o =) 9]
o (V] .
- B S B | £ | passages are defined
O 047 9 0,325 047
(5] . [v] (13 Q »
2 uapl Stk | i B | ¢ | as“hard negatives”.
gaalll 1 [ | T Ty 0.2 ' 0.2
=<+ Recall 0275 T i e ey
0.47{ == Precision
0.0 0.0
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
# Retrieved Passages # Retrieved Passages
(a) Retrieval with e5 retriever (b) Retrieval with BM25 retriever

Conflict A: more passages - higher recall «-> lower RAG acc
Irrelevant retrieved passages distract the LLM even with more relevant
information present

Conflict B: less irrelevant passages > higher precision «- lower RAG acc
Type of irrelevant passages harms more than quantity. 29



Hard negatives hurts more than random samples

dataset construction (#k passages): [gold document] + (k-1)[retrieved document

without answer]

—— g5
0.5] —— BMm25 0.75 T~ —— random 0.75] ~ —— random 0.80/ =~ —— random
- —— contriever > — BM25 > —— BM25 > —— BM25
c 0.4 L 0.70 —— contriever & 0.70 —— contriever & 0.75 —— contriever
@ 50.65 —— €5 5 —— e5 5 —— &5
o} o] 0 0.65 0 0.70
) 0.3 O Q O
et < 0.60 < <
& Q © 0.60 (9 0.65
0.2 < 0.55 < <
0.50 0.55 0.60
0.1
0.45 0.50 0.55
0.30.40.50.60.70.80.9 5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 40
Recall # Passages # Passages # Passages
(a) Retrievers (b) Gemma2-9B-Chat (¢) Mistral-12B-Instruct (d) Gemini-1.5-Pro

Two types of “hard negatives” (irrelevant retrieved passages):

1. Related but Irrelevant (most distracting! portion-wise: E5 > bm25 > random)
2. Not Related 30



Simplest fix: reordering

“Lost in the middle” phenomenon in RAG What if we make use of that:
amplify bias towards the end and
Root cause: positional bias in attention suppress insure%idr:f‘;rmation in the
mil e/

20 Total Retrieved Documents (~4K tokens) S T e AT o tavo

U-shape RAG performance beginning and end

75
§
70 £
] £
9 & L
® 3
=] 65 s
(o}
o
< 60 Gold doc position in prompt Position in prompt
(c) Gold doc attention overwhelmed (d) Found-in-the-middle: Surface gold
when placed in the middle doc by calibration (c) - (b)

55
5 8
1st 5th 10th 15th 20th € Bl 0 e
Position of Document with the Answer El O\ e kS A
° °
=@®- gpt-3.5-turbo-0613 2 g . .
== gpt-3.5-turbo-0613 (closed-book) FO u n d | n the M |d d le
Position in prompt Position in prompt

[Hsieh, et al. 2024]
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Simplest fix: reordering

[1,d1,d2,...,dk,q]>[l,d1,d3,...,d4,d2,q] order@d) =

‘U-shape’ of retrieval score

0.545

50.540 Pt
© ]
s 0.535

o
© 0.530
<

(9 0.525
—— original order

0520 ___. reordering

0.44

>

& 0.42

=

3 0.40

go.

<

0038

§ y —— original order
0.36 -==- reordering

5 10 15 20 25 30 35 40
# Retrieved Passages

(@) NQ: Gemma2+e5

5 10 15 20 25 30 35 40
# Retrieved Passages

(b) NQ: Gemma2+BM25

054
> 4
v 7
©053

3
Jos2

(o051

—— original order
0.50{ ——-. reordering

5039
2038
5

3037
1)

<036
goas

—— original order
0.34 -=-- reordering

5 10 15 20 25 30 35 40
# Retrieved Passages

(e) PQA: Gemma2+e5

5 10 15 20 25 30 35 40
# Retrieved Passages

(f) PQA: Gemma2+BM25

“a

(9 0.46
§ 0.44{ —— original order
0.42{ -==- reordering

—— original order
-=-- reordering

0 25 50 75 100125150175200
# Retrieved Passages

(c) NQ: Mistral+e5

0 25 50 75 100125150175200
# Retrieved Passages

(d) NQ: Mistral+BM25

0.550 P —
—— original order E

5,0.525/ 4 _ s,

g 0.500 S el reordering % 0.40

o e Sioss

$ 0.450 3

g 0425 g 036

é g:gg § 0:34 —— original order
0-350 0.32 ~==- reordering \

0 25 50 75 100125150175200
# Retrieved Passages

(g) PQA: Mistral+e5

0 25 50 75160135150175200
# Retrieved Passages

(h) PQA: Mistral+BM25

ikl if mod(i, 2) =

2
(k+1)-% if mod(i, 2)

Simple reordering
improve the
performance
Consistency across
dataset
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More fundamental fix: fine-tuning

Training data

Testing data

short-form
long-form
true/false
close-set

Dataset the number of instances

Natural Question 12,500

Wizard of Wikipedia 12,500

FEVER 12,500

MMLU 12,500
Dataset Task the number of instances
TriviaQA QA 11,313
PopQA QA 14,267
WebQuestions QA 2.032
HotpotQA Multi-Hop QA 7,405
2WikiMultiHopQA | Multi-Hop QA 12,576
Bamboogle Multi-Hop QA 125
ASQA Long-form QA 948
T-REx Slot filling 5,000
Zero-shot RE Slot filling 3,724 33




Fine-tuning as the norm before large LMs

Before LLMs: fine-tune retriever and generator (small LM) on domain specific task

Define "middle ear" (x) o lelear = s
End-to-End Backprop through q and pg SRIstble EEaEy o
Question Ar ing: the three ossicle; )
Question Query ( Query Retriever pn Document \ (Generator pe\ %e;tigp é\en:::::ii g
T Encoder (Non-Parametric) d Index (Paramef tric)
born in Hawaii.(x) q(x) (Z) 24 SUBpOTLS TY)
Fact Verification: Fact Query P N Margin- I_F:bcél\g;'::::gon
22" 2) alize
The Divine &= - g
— MIPS <% a] > This 14th century work RAG f N L P t k
Semsey (&) o — [ is divided into 3 or as
Jeopardy Question ~ sections: "Inferno",
Generation: "Purgatorio” & N
Answel Query _— "Paradiso" () [ LeW I S ) et a l. 2 O 2 O]
Question Generation
— ) AN Y,

After LLMs: fine-tunes large language models to ignore irrelevant information
within retrieved passages (top-1 retrieval). [Yoran et al., 2023]

What’s new here?: make use of context window of LCLM to handle large-scale
retrieval (40 or more) during fine-tuning
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Implicit retrieval augmented fine-tuning

Notation: Instruction I, query q,
retrieved passages [d], target answer o

.750

a go72sl . )

30.700| |
£0.675 j/

e Implicit RAG-specific ity
fine-tuning: |
Input: [I,d1,d2,...,dk,q] > # Retreved Fassages
Output: a @ TriviaQA

0425
>,0400{ /

e SFT baseline (simple Q&A): B
lnPUt: [I, q]9 OUtpUt: a Soas) /

é 0.27577)/
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7
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(b) PopQA
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RAG Accuracy
a
- \\.\EE:

Lo I5 10 15 20 25 30 35 40
# Retrieved Passages

(e) Bamboogle
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# Retrieved Passages

() ASQA

More robust to hard negatives — cmzsan

—« Gemma-2 RAG FT
--- Gemma-2 Direct FT
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Explicit fine-tuning with reasoning

0.80 S 055
30.75 5’ o s i i S | >0'6 5,0:50
8 e 3 @045
2 or0l 57 Cos @ E/
S 3 oo |
K 0.6514 Z 04 <035
Qosoi | Qo3 2 o0.301//

055 | g 2 025

0501 02| 0.20] ¢

0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40

# Retrieved Passages # Retrieved Passages # Retrieved Passages . . . .

(@) TriviaQA r— T Explicit fine-tuning
consistently perform
0.55 . o e

Zoso| | e better than implicit
goasi—i—)——+———\H S i1 | | | | 7 | Gemma- 2 RAG FT w. Int - .
e 0.401-E4 ---- Gemma-2 Direct FT fl n e—tu n I n g
o | & —— Gemini-1.0-Pro
§ 0.351 i/ —« Gemini RAG FT
030+ *—~—§— 71— —F—F—+|  o3H——A————T——T—] e Gemini RAG FT w. Int
~--- Gemini Direct FT
0255 1o 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
# Retrieved Passages # Retrieved Passages
(d) 2wikimultihopga (e) ASQA (f) Legend

Notation: Instruction |, query q, retrieved passages [d], target answer
a, reasoning paragraphr

Explicit fine-tuning:

Input: I, d1, d2, ..., dk, q] » Output: [r, a] .



Fine-tuning data strategy

Pt B e s = o Each dataset size is 50k

gz:z ;‘ﬁ——:\,_t\__: Mixed data: 12.5k from each

gzzz T ey Test set: Hotpot QA

2 025 /——-——\: ety Datas diversity is important for RAG
0.20 =R o generalization

5 10 15 20 25 30 35 40
# Retrieved Passages

- - Total samples count

Number of Retrieval Passages 5k 20k 50k 200k ] )

10 0.5942 0.5925 0.6058 0.6277 in mixed dataset

20 0.5909 0.5925 0.6078 0.6294  |ncreased training dataset size
30 0.5787 0.5792 0.6072 0.6150 ves bett ¢

40 0.5582 0.5582 0.5859 0.5983 gIVES DELLEr periormance
Avg. 0.5805 0.5806 0.6017 0.6176
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Does fine-tuning generalize across retrievers?

0.8 —— BM25
— NO FT os : :c;ntriever
>0.7/ ™= FT w. BM25 ' —— bge
i B FT w. e5 0]
- i .
8 0.6 B FT w. mix E
&) §0'3_ \
(D 0.5 - \\
E;E . -..~.~.~""‘,\\\\~\\\\‘\~\\\‘\‘~.\\\‘\~
0.4 0.11
0.3 0.4 0.5 0.6 0.7 0.8 0.9

BM25 contriever bge e5 Avg
Inference retriever

1. Mixing of retrievers during training gives the best performance.

Recall

2. Retriever similarity matters for generalization:
E5 & bge; BM25 & contriever
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Should we use full context window in training?

0.61

o
o
=

o
0
s

2% —— 50% max
| —— 100% max

RAG Accuracy
o o
[S; BT
~ o

o
n
o

| —— 50-100% max

. 25% max

—— 0-100% max

5 10 15 20 25 30 35 40
# Retrieved Passages

Fine-tuning with maximal
input length is necessary.

Evaluation on Gemma-2-9B (maximal input length: 8192 tokens)

25% max: 10 retrieved passages
50~100% max: Dynamic 20 ~ 40 passages
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Main Takeaways

More retrieved passages doesn’t always yield better results:

e “Hard-negative” passages is distracting LLM.
e Stronger retrievers fetch more related but irrelevant passages
with larger retrieval sizes, causing sharper performance drops.

There are ways to fix:

e Hide less relevant context in the middle (reordering).
e Train LLM to ignore hard negatives (implicit fine-tuning).
e Train LLM to identify relevant passages (explicit reasoning

fine-tuning).
40



Broader Impacts

Connections: Both papers explore how RAG and long-context LLMs complement
each other.

e Paper 1: LCLMs have the capacity to process huge contexts and rival
retrieval-based systems.

e Paper 2: performance actually declines as context grows: fine-tuning is
needed to keep the model focused.

Best viewpoint:
Retrieval gives efficient coverage of a large external corpus.

LCLMs bring deep understanding and reasoning over the given context.
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Long Context and Retrieval

Critics

Sidhika Balachandar & Prasann Singhal

10/21




Issue #1: Their naming sense

To address this, we introduce the Long-Context Frontiers (LOFT) benchmark, a suite of six tasks
consisting of 35 datasets which span text, visual, and audio modalities, to push LCLMs to their limits

context window. This unlocks a novel prompting-based appfoach for golving new and existing tasks,
which we call Corpus-in-Context prompting (CiC, pronounced "seek").
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Issue #2: Unfair comparisons w/ retrieval

- Long-context models aren’t actually long enough to handle more than small
fractions of data-stores
- Thisisn’t accounting for the much higher inference-time costs / time

All queries in each retrieval and RAG dataset share a single
corpus, mimicking real retrieval applications. To create this
shared corpus, we first include all gold passages from few-shot, s
development and the test queries, and then sample passages uni- 5
formly until reaching the desired context size (Figure 2). This
construction ensures smaller corpora (e.g., 128k) are subsets of Tast
larger ones (e.g., IM). Gold and random passages are shuffled
to avoid positional biases. For fair comparison, specialized = s

retriever models also use the same corpora for the evaluation. 3% to 1M Tokens

Gold
Passages

Queries
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Issue #2: Unfair comparisons w/ retrieval

- More context lead to pretty big downgrades in performance

Text Retrieval

s
o

o
o

What might happen

if you scale context

—e— Gemini 1.5 Pro more?
|~ Specialized Model

10° 10°

Task Specific Metrics
o o
o o

o
N
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Issue #2: Unfair comparisons w/ retrieval

e Leeetal. onlylook at random negatives
e Jinetal. find that hard negatives reduce RAG accuracy

0.75

30.70

©

[ .

> 0.65

@]

& 0.60

% 0.55
0.50
0.45

T~ —— random
—— BM25
—— contriever"’

5 10 15 20 25 30 35 40
# Passages

(b) Gemma2-9B-Chat

*—— —— random

—— BM25
—— contriever
—— @5

=

5 10 15 20 25 30 35 40
# Passages

(c) Mistral-12B-Instruct

0.80

0.75

L 0.70

Accuracy

(9 0.65

é 0.60

0.55

~— " —— random
—— BM25
—— contriever
—— e5

—

5 10 15 20 25 30 35 40
# Passages

(d) Gemini-1.5-Pro



Issue #2: Unfair comparisons w/ retrieval

e Duetal. (2025): Even when the model can perfectly retrieve
evidence, accuracy still drops as context length increases

Context Length Alone Hurts LLM Performance Despite Perfect Retrieval

Yufeng Du !*, Minyang Tian '*, Srikanth Ronanki 2, Subendhu Rongali 2,
Sravan Bodapati 2, Aram Galstyan >3, Azton Wells*,
Roy Schwartz®, Eliu A Huerta* ¢, Hao Peng'
!University of Illinois at Urbana-Champaign, 2Amazon.com Inc.,
*USC Information Sciences Institute, * Argonne National Laboratory,
5The Hebrew University of Jerusalem, *University of Chicago
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Issue #2: Unfair comparisons w/ retrieval

e Duetal. (2025): Even when the model can perfectly retrieve
evidence, accuracy still drops as context length increases

Var Sum GSM8K MMLU HumanEval
100\ ““-# o T “—— T——ﬂ ’—*ﬁ
50

0

.
ha e

Llama3

Mistral

0

0 30k 0 30k 0 30k 0 30k
—8— Accuracy -®- Retrieval
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Issue #3: 2/4 core contributions unconvincing

SQL SParC 0.36 0.13 0.21
Average 0.38 0.13 0.20

0.91
* SQL: We explore LCLMs’ 081 /.\’—4t

database querying and byy
potentially enables more e

Spider 0.40 0.14 0.19 l 0.74

Importantly, it can also be go,é |
Way worse tha n other types of structured da 3 S
chea per baseline graphs that often require be <os ®  BBH-tracking
® BBH-web
e Many-Shot ICL: LCLMs 0.4 ® DialogRE

o
w

context learning setup to hu

of few-shot examples to use 1 *\/r_'___—‘
0 2|0 4’0 6|0 8'0 1(50

N (0] C lea r ReS u lt? % of Examples Used for Prompting

Prior work has Figure 7: ICL Performance as
already shown ICL we scale the percentage of exam-

is helpful. + missing ples used up to 100%.
error bars 49

o
o




Issue #4: Limited Evaluation

# Queries Supported .
Task Dataset (Few-shot / Development / Test) Context Length # Candidates
ArguAna 5/10/100 32k / 128k /1M  123/531/3,891
FEVER 5/10/100 32k / 128k /1M 154/588 /6,031
FIQA 5/10/100 32k / 128k /1M 148 /531/4,471
MS MARCO 5/10/100 32k / 128k /1M 302/1,174/9,208
NQ 5/10/100 32k / 128k /1M 214 /883 /6,999
Text Quora 5/10/100 32k / 128k /1M 820/3,306 /25,755
Rétddeval SciFact 5/10/100 32k/ 128k /1M  86/357/2,753
Touché-2020 5/10/34 32k / 128k /1M 77/329/2,843
TopiOCQA 5/10/100 32k / 128k /1M 170/680/5,379
HotPotQA 5/10/100 32k / 128k /1M 319/1,222 /10,005
MuSiQue 5/10/100 32k / 128k /1M 210/ 824/ 6,650
QAMPARI 5/10/100 32k / 128k /1M 186/755/5,878
5/

QUEST

32k / 128k / IM

87/328/2,858

Tiny test sets and
no error bars!

Everything w.r.t 1
closed model
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Issue #4: Limited Evaluation

e Compare this with Jin et al. who evaluate across different
LLMs, retrievers, and evaluation datasets
o 3different LLMs (Gemma, Mistral, Gemini)
o 3different retrievers (BM25, Contriever, e5)

o Multiple large evaluation datasets (TriviaQA, PopQA,
HotpotQA, etc.)
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Issue #5: Role of Closed-Book Priors

Titles

Only Close-book is Dataset  Dev (32k)  Test (128k)
031 worse, but st HoPolQA 060 (030 033 (042
o pretty good! MuSiQue  0.20 (-0.60) 0.10 (-0.45)
0.09 Contamination? Are

00 we really measuring ~ Table 3: Gemini’s closed-book perfor-
e text processing, or mance on RAG. Red indicates the per-
8.83 just elicitation of fc'?iréna:}:rer:l c{ﬁlrflference compared to the
30 prior knowledge prompung.

(-0.30)
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Issue #6: Is Naive Context Scaling the right focus?

Close source / open source sort of in same ball-park? Both plateau / stop getting
better at a pretty low number of documents. May want to focus on something else...

0.60
0.55 /h_/\__

0.30{ —— Gemma-7B-Chat 5 —»— Gemma-7B-Chat
—+— Gemma-2-9B-Chat —e— Gemma-2-9B-Chat
0.25{ —*— Mistral-Nemo-12B-Instruct i —+— Mistral-Nemo-12B-Instruct
—— Gemini-1.5-Pro —— Gemini-1.5-Pro
20

o

S,
[E Y
o o

Drowning in Documents: Consequences of Scaling
Reranker Inference

Mathew Jacob"?f, Erik Lindgren’, Matei Zaharia’, Michael Carbin’, Omar Khattab’ and
Andrew Drozdov™*

o o o o
w B ' w
w o v o

o
w
o

0.25
0-20475% 10! 102 10° 0-20 756 10! 102 10°
# Retrieved Passages # Retrieved Passages
(a) RAG performance with e5 retriever (b) RAG performance with BM25 retriever
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Issue #6: Is Naive Context Scaling the right focus?

e Jinetal. propose solutions for LCLMs other than just naive
scaling;
o Retrieval reordering
o Implicit fine tuning (RAG FT)
o Explicit reasoning (RAG FT w. Intermediate Reasoning)
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Issue #6: Is Naive Context Scaling the right focus?

Jin et al. also provides advice on how to run the fine tuned models

What data to use? What retriever to use? How many passages to retrieve?
0.50 0.8 0.61
ol I s s e g E NoFT
] s S = >0.7/ ™ FT w. BM25 5 UiB0
@ fei — 1 B FT w. e5 o
0 0.40 © < 0.59
o e S T FTw. mix 5
9035 —  —+ Mixed data g 2 S >5% hax
< 0.30 —— NQ only < <0581 . 50% max
R —— Wow only Q0.5 % 0571 — 100% max
025( .~ —— Feveronly = 7| —— 0-100% max
0.20 —— Mmluonly 0.4 0.56{ —— 50-100% max
5 10 15 20 25 30 35 40 BM25 contriever bge e5 Avg 5 10 15 20 25 30 35 40
# Retrieved Passages Inference retriever # Retrieved Passages

(@) Analysis of training data distribu- (b) Influence of retriever variations on (c) Investigation of the optimal num-
tion. (Test: HotpotQA) fine-tuning effectiveness. (NQ) ber of passages for training.
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Defend for “Can Long-Context
Subsume RAG"

Yichuan Wang




Contribution #1: Systematically compare RAG w LCLM

Dataset Gemini 1.5Pro GPT-40 Claude 3 Opus | Specialized
ArguAna 0.84 0.85 074 075
FEVER 0.98 0.96 0.94 0.97
FIQA 0.79 0.82 0.61 083
MS MARCO 0.95 0.87 093 0.97
NQ 100 0.99 0.96 0.99
Tt Seifact 088 088 073 085 1. Constructin ialized pipelin
Rt Tochi 200 i ois on ok . construcring a specidiizea pipeiline
op1 . . . . . .
HotPotQA' 0.90 0.82 0.83 0.92 d b y
Bt = o= B | for each task is tedious, but the
QAMPARI 0.61 0.18 0.20 0.57
QUEST' 0.30 0.19 0.18 0.54 md nage o cover Thel N G”,
Average 0.77 0.67 0.65 0.76
Flickr30k 0.84 0.65 - 075
Visual ISR VTT 076 07 : 064
Retrieval  GypN 0.93 0.89 - 0.79 H
Aversge bm o om 2. And the dataset they built can be
FLEURS en 10 - - 058
it REURSE  om : S reused annually to benchmark the
=3 B b e
Aerge o : o5 progress of long-context capabilities
No 084 0.89 083 ont . .
Bk o om o om | om versus advances in embedding models
KA OAMBARI 0 027 023 035 . .
gUEST 0.28 020 0.15 035 Clnd |ndeX|ng |||eThOdS.
Average 0.53 0.48 0.47 0.52
Spider 0.40 0.14 0.19 074
SQL  SParC 0.36 0.13 021 0.55
Average 0.38 0.13 0.20 0.65
BBH-date 0.88 081 092
BBH.salient 078 0.64 0.69
Many-Shot BBH-tracking7 0.33 0.81 0.54
ICL  BBH-web 0.67 057 083
LIB-dialogue 0.76 0.67 072 -
Average 0.68 0.70 0.74 = 57




Contribution #2:Multimodal Coverage

4.2 Visual Retrieval

‘We employ CLIP-L/14 [47], a widely used text-to-image retrieval model, as our specialized model.
For Flickr30k and MS-COCO, CLIP performs text-to-image retrieval. For MSR-VTT, it performs
text-to-video retrieval by averaging scores across frames. For OVEN, due to the lack of suitable open-

source image-to-text models, we approximate image-to-text retrieval by using CLIP’s text-to-image Method RetVQA  VQAV2 GQA  TextVQA POPE MMB MMB-CN MME  SEED MM-Vet

retrieval. Evaluation of Claude 3 Opus on this task was not feasible due to the current limitation of

20 images per API request. GPT40 34.6 712 - 78.0 872 - - 1614.2 - -
Gemini v1.5 Pro 322 732 - 735 882 - - 15624 - -

Results  Gemini 1.5 Pro outperforms GPT-40 across all four visual benchmarks (Table 2). Notably, LLaVA-v1.5-7B 30.6 785 62.0 582 859 643 583 15107 586 31.1

as shown in Figure 5, Gemini 1.5 Pro maintains a performance advantage over CLIP across all visual LWM < 55.8 448 18.8 752 ) i s o 96

benchmarks and context lengths. y - - s &

43 Audio Retrieval MIRAGE-8.3B (Ours) 67.6 76.6 59.1 56.2 854 69.2 66.9 14379 59.0 334

‘We choose PalLM 2 DE [19] as a specialized model, which is a dual-encoder trained to maximize
the similarity between audio and their transcription and has achieved previous state-of-the-art on the
FLEURS datasets. Currently, GPT-40 and Claude 3 Opus do not support audio input.

7 A: Itis black.
LLM (Llama-v3.1-88)

Number of Images/Question: 0~30
Number of Relevant Images/Question: 1~3

Data Components
- (L. oA
1.2M —(Sele mage oA
((Fext E"T-”M Training Set : E&:rb\'}:;‘j"rl\:oe QA with distractors)
What color is the :":?’A‘” :|
Results Gemini 1.5 Pro demonstrates comparable performance to PaALM 2 DE across all 5 languages :I"."’:o"':".‘:"' 408K Data for Multi-Image Reasoning
(Table 2). We notice that Gemini 1.5 Pro notably surpasses PaLM 2 DE in Hindi; this advantage

likely stems from differences in pre-training data between Gemini and PaLM. Figure 5 further (A)mms:mM LMM framework with
confirms Gemini 1.5 Pro’s robust performance across various context length, highlighting the current
capabilities of LCLMs while also indicating the need for more challenging audio datasets.

Visual Haystacks
https://arxiv.org/pdf/2407.13766

58


https://arxiv.org/pdf/2407.13766

Contribution #3: Practical advice

® Insight 1: LCLMs can replace retrieval/pipeline systems in many cases — but still struggle

with deep compositional reasoning
o When dealing with tasks requiring complex SQL-like reasoning (multiple operators, inequality,
aggregation) the LCLMs still lagged significantly behind specialized pipelines. For example, in the
SQL tasks the average accuracy for LCLMs was ~0.38 vs ~0.65 for the specialized pipeline
m  Challenge here: maybe the comparison is unfair
e Insight 2: Prompt structure and placement matter significantly when working with very long
contexts
o  Similar to the second paper

Exploiting this "lost-in-the-middle" behavior, we consider a simple and effective strategy: reordering
the retrieved passages based on their relevance scores calculated by the retriever. Given a query q and
a set of retrieved passages di, da, ..., dx With decreasing relevance scores, the standard input sequence
construction for an LLM with instruction I would be: [I,d1,ds, ...,dk-1,dk, q]. Retrieval reordering
modifies this to prioritize passages with higher scores at the beginning and end: [I,d1, ds, ..., ds,d2,q]

G% 2% 0% eo%  won 00w where the position of passage d; is determined by
Normalized Position in Corpus
Figure 4:  Positional Analysis. i+l 0 ; =
‘We vary gold document positions Order(d;) = 2 . if mod(;, 2) =1 (€))
of queries within the corpus (0% = (k+1) -3 ifmod(i,2) =0

beginning, 100% = end). 59



Critic for “Long-Context Meets
RAG”




Proponent: Critic for paper 2

e Demonstration of differences in different models. We might be able
to distill the long context ability from the better models.

e Example, they may have reasoning patterns that is designed for
integrating multiple sources.

e Notenough discussion

0.60

0.55

0.50

10t 102 103
# Retrieved Passages

(a) RAG performance with e5 retriever

—— Gemini-1.5-Pro

I
=1
3 0.40
<<
g 035
0.30 —— Gemma-7B-Chat
—e— Gemma-2-9B-Chat
—— Mistral-Nemo-12B-Instruct

10t 10?
# Retrieved Passages
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(b) RAG performance with BM25 retriever



Proponent

e Different turning points for different retrievers. Need to dig deeper

e Thisreveals more interesting patterns. Maybe BM25’s accuracy
turning point comes later because it is not very accurate so adding
more passages still increases total amount of relevant documents
retrieved?

B ..
all / Precision

N » D os
Recall / Precision

RAG accurac;
© o o o o
> B B [*3 w

10 15 20 25 30 35 40
# Retrieved Passages 62

(a) Retrieval with e5 retriever (b) Retrieval with BM25 retriever
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