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Dataset: TREC-COVID

Query

Relevant Document (ID: Odurj95f)

o = ~

/... filtration efficiencies for various fabrics when a single layer was

3

|

used ranged from 5 to 80% and 5 to 95% for particle sizes of <300 nm
and >300 nm, respectively, the efficiencies improved when multiple

what are the best
masks for preventing fabrics. Filtration efficiencies of the hybrids (such as cotton-silk,

layers were used and when using a specific combination of different

s b Covid- 197 cotton-chiffon, cotton-flannel) was >80% (for particles <300 nm) and
Y >90% (for particles >300 nm). We speculate that the enhanced
performance of the hybrids is likely due to the combined effect of

mechanical and electrostatic-based filtration. Cotton ... performs better

_A

\at higher weave densities ...”
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Query Relevant Document (ID: 0durj95f)

/... filtration efficiencies for various fabrics when a single layer was \‘

used ranged from 5 to 80% and 5 to 95% for particle sizes of <300 nm

and >300 nm, respectively, the efficiencies improved when multiple

what are the best layers were used and when using a specific combination of different

masks for preventing fabrics. Filtration efficiencies of the hybrids (such as cotton-silk,
infection by Covid=19? cott:m-chlffon,. cotton-flannel) was >80% (for particles <300 nm) and
>90% (for particles >300 nm). We speculate that the enhanced

performance of the hybrids is likely due to the combined effect of
mechanical and electrostatic-based filtration. Cotton ... performs better

‘n at higher weave densities ..." /

4 A

wee g g o] to 0 ...
l single layel was Used ran ed fr m 5 80%

Example Chunks

“... 5 to 95% for particle sizes of <300 nm and >300 nm ..."

i3 -

“... multiple layers were used ..."

o \ Fragmented evidence
“... hybrids (such as cotton-silk, cotton-chiffon,

cotton-flannel) ..." Lower score

/

@ Key information is split across multiple tiny pieces.
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Query Relevant Document (ID: 0durj95f)

/... filtration efficiencies for various fabrics when a single layer was \‘

used ranged from 5 to 80% and 5 to 95% for particle sizes of <300 nm

and >300 nm, respectively, the efficiencies improved when multiple

what are the best layers were used and when using a specific combination of different

masks for preventing fabrics. Filtration efficiencies of the hybrids (such as cotton-silk,
infection by Covid=19? cott:m-chlffon,. cotton-flannel) was >80% (for particles <300 nm) and
>90% (for particles >300 nm). We speculate that the enhanced

performance of the hybrids is likely due to the combined effect of
mechanical and electrostatic-based filtration. Cotton ... performs better

‘n at higher weave densities ..." /

4 A

. \ Retrieval Result
Too Large
Example Chunk S——— A 5

Ol

Relevant evidence
buried in noise

Lower score

*2 lIrrelevant content overwhelms the evidence.
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Relevant Document (ID: 0durj95f)

/... filtration efficiencies for various fabrics when a single layer was

used ranged from 5 to 80% and 5 to 95% for particle sizes of <300 nm

Query

and >300 nm, respectively, the efficiencies improved when multiple

what are the best
masks for preventing fabrics. Filtration efficiencies of the hybrids (such as cotton-silk,

layers were used and when using a specific combination of different

nfactioniBi Covil-492 cotton-chiffon, cotton-flannel) was >80% (for particles <300 nm) and
Y : >90% (for particles >300 nm). We speculate that the enhanced
performance of the hybrids is likely due to the combined effect of

mechanical and electrostatic-based filtration. Cotton ... performs better

‘n\ at higher weave densities ..." /

/

NG A
GOOd Chunk “... a single layer was used ranged from 5 to 80% and el 4l
Example Chunk 5 to 95% for particle sizes of <300 nm and >300 nm ... - *
multiple layers ... hybrids ... >80% (for particles <300 nm) * +
and >90% (for particles >300 nm) ... Cotton ... performs -) &
better at higher weave densities ..." Focused, Complete
evidence

Higher score

@ Good chunk captures the complete evidence.

O _____ The right chunking strategy preserves context, keeps evidence intact, and improves retrieval quality. |
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Lumberchunker: Long-form narrative document segmentation. [1]
- - ~ 4. LLM Detects Shift
( 2. Build Sequential Boundary 5. Create Chunk
Group Gi Y, and Continue
1. Split Document
into Paragraphs [ . Ve Px N ok
P, f ) 3. Send Group to LLM ] p ewechun
e\ R \
P | | |
e |
1 | |
| 1 |
iRk I I N [ ) S =S
i III i P; < shift point : 5 :
1 | -1 |
Py ; | P N )
document P B ’ Next group starts
n Tokencount>6 from shift point P
Paragraphs Pm
inorder
Repeat the process with the next groups starting from P;
{’ ————————————————————————— \‘
! N N N I
6. Document Fully : + + + I
chunked | :
N e e e e e e e Y e 2 /7
[1] André V Duarte, Joao DS Marques, Miguel Graga, Miguel Freire, Lei Li, and Arlindo L Oliveira. 2024. Lumberchunker: Long-form narrative document segmentation. In Findings of the Association for Computational Linguistics: 6/15

EMNLP 2024. 6473-6486.
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Late chunking: contextual chunk embeddings using long-context embedding models. [2]

£ i.i.d. embeddings @ conditional embeddings
g
l Chunk embedding ] Chunkl Chunk2 Churnikh
ambaddlng embeadding | | embedding

é é + <+—— mean pooling

ade [‘chuna |[chunia |[chunka |
2090550
N
\ Embedding
del
[chunit| [crunkz] [chursa] -
[ Long document Long document ]
NAIVE CHUNKING LATE CHUNKING

[2] Michael Gunther, Isabelle Mohr, Daniel James Williams, Bo Wang, and Han Xiao. 2024. Late chunking: contextual chunk embeddings using long-context embedding models. arXiv preprint arXiv:2409.04701 (2024 ). 7/15
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* LumberChunker focuses on how to segment .

» Late Chunking focuses on how to encode.

» All are evaluated in isolation, using different tasks, datasets, and model.

—————————————————————————————————————————————————————————————————————————————————————————————
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o Embedding order

9 Segmentation method

decides whether chunks are
encoded independently or in

document context

When to encode

——————————————————

I
: —>» Contextualized Chunking |
I - -~ -» Pre-Embedding Chunking '

_________________

Yes,
embed!
@ _>

Contextualized
Document(s)

Chunking

Embedded

Tokens

( token emb 1 @)

( token emb 2 @)

~

. No
\R‘ ’J

( token emb n @)

7

Raw

Document(s)

decides where boundaries are.

How to segment

Segmentation
Methods

y Fixed-size

o
- Sentence

@ Proposition

LumberChunker

Pooling!

leJele]

4 Embedded \
Chunks

-
” ~

'Embed!’

( chunk emb 1 @)

( chunk emb 2 @)

( chunk emb 3 @)

( chunk emb n @)

N /

Evaluation Tasks

In-corpus retrieval

In-document retrieval

; In-Document ‘

‘ Retrieval |
Retrleve ’ 0 !
In-Corpus B @ |

\ﬁﬁ

Ranking Result
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Original Claim 1: LumberChuker wins in-document retrieval

Model: text-embedding-ada-002 - GutenQA (DCG@10)

0.7
I Original (paper) best in both studies
0.610 0.595
0.6 1 M Reproduced (ours) .
4 0.488
0.5 0.477 0457 0.469
= 0.4-
©
8 0.3
=0
0.2
0.1
0.0-
Paragraph Semantic Proposition LumberChunker
(Jina-v2)

Q Reproduced Overall close alignment with the original paper
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B =

A nDCG@10 (Con-C — Pre-C)

0.100 1

0.075 1

0.050 1

0.025 A

0.000

—0.025 1

—0.050 1

—0.075 1

—0.100 1

T Con-C better

®
Original Claim 2: Late chunking helps in-corpus retrieval

Model: jina-embeddings-v2-small-en - BEIR (nDCG@10)

Original (paper) B Reproduced (ours)

+0.078
+0.0

+0.031
+0.035 +0.034

| —_—
-0.037
Reproduction anomaly
(Llamalndex version difference) -0.080
1 Pre-C better
Fixed Sent. Sem. Fixed Sent. Sem. Fixed Sent. Sem. Fixed Sent. Sem.
SciFact NFCorpus FiQA TREC-COVID

Q Mostly reproduced Late Chunking shows consistent gains
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Average effectiveness by segmentation method

0.500 A
o
0 0.475 A
()]
n
© 0.450 1
o
©
C.é) 0.425 - » Best average methods are structure-based across all four models.
§ 0.400 - * Proposition segmentation consistently is the worst.
c
9 0.375 1 .
! l - - - -
< 0.350 : _‘O’_ Practitioner rule: Start with simple structure
T T T T ' , ‘ - - - -
Jina-v2 Jina-v3 Nomic E5-Large : ~ (Paragraph or fixed-size) for in-corpus retrieval.
Embedding model R
Structure-based Semantic / LLM-guided
—&— Paragraph Semantic f 7\ @
—— Fixed-size -~ LumberChunker Higher accuracy Lower cost Low latency
—f— Sentence —&= Proposition

12/15
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Segmentation-method ranking reverses between retrieval tasks

Jina-v3 Nomic E5-Large
R 11 _ 11 1 _- |
0 21 2- 2 .
2 =
—
— - /
4 4 4 _ oA
c -
) TN e 5 =
7’ -
6 7'¢ 6 6 K
In-cdrpus In-doclument In-cdrpus In-doclument In-cdrpus In-doclument In-colrpus In-doclument
(BEIR Avg) (GutenQA) (BEIR Avg) (GutenQA) (BEIR Avg) (GutenQA) (BEIR Avg) (GutenQA)
Structure-based Semantic / LLM-guided
—8— Paragraph  —l— Fixed-size  =—#&— Sentence Semantic == LumberChunker —&— Proposition

The best segmentation method changes when retrieval within a single long document.
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RQ3: contextualized chunking helps in-corpus but hurts in-document

In-corpus (BEIR avg) In-document (GutenQA)
Jina-v2 Jina-v3 Nomic E5-Large Jina-v2 Jina-v3 Nomic E5-Large
=+30
Paragraph +0.1 +0.1 -0.0 +0.1 -10.8 9.7
3 & Helps in-corpus
Sentence +4.2 +4.6 +1.3 +3.7 -5.4 -10.9 O
F+15 ot
o
@]
Fixed-size ~ +7.2 +1.8 0.6 +3.2 2.9 +0.0 X A Hurts |n_document
I
0 &
[
Semantic -0.5 2.1 -1.9 2.5 +4.6 +1.9 2
2
()
[
-15 =
LumberChunker +4.7 +4.8 +2.4 +4.3 -10.4 3.1 ©
2
Proposition +22.9 +27.1 +15.6 +26.9 6.1 -1.2
=-30

* In-corpus retrieval: mostly positive +2.78% to 6.41%, Proposition gains most +15.62% to +27.11%

* In-document retrieval: mostly negative -3.83% to0 -53.17%

o e e e e E Em M e Em e E Em R e E e Em Em M e Em e Em M e Ee e E Em M e mm e Em Em M M e M M M e Em e E e M e mm e Ee e M e Em e Em Em M e mm M Em e M e me e Em e M e e e Ee e M e Ee e e e M e e e e M e e Ee e e e e e e e e e e e

Takeaway: Contextualized chunking is task-dependent. Use it for in-corpus retrieval;
< avoid it for in-document retrieval.
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'Q‘ Three simple rules:
o Searching across documents? Use Paragraph or Fixed-size
e Searching within one long document? Use LumberChunker

e Using contextualized chunking? Use for in-corpus; avoid for in-document

Presenter: Yongjie Zhou
yongjie.zhou@ug.edu.au

https://zhouyongjie.github.io/

Code Paper
https://github.com/ielab/Reproduce-chunking-2026
https://dl.acm.org/doi/10.1145/3805712.3808575 15715
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