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Part 2: LLM-based Retrievers



LLM-based Retrievers

Overview

Neural Retrieval Background
- What is dense retriever
- How to train dense retriever
- How to evaluate
Large Language Model Retriever
- LLM backbone for robust dense retriever

- LLM data synthesis for general purpose embedding model
- LLM Reasoning for Deep Retrieval

- VLM for multimodal retrieval
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Background

Tasks of Document Retrieval

Given

® 3 query Q;

® 3 corpus C containing m documents {D1, ..., Dm}

The task of text retrieval is to

return n documents from the corpus that are most relevant to the query Q, where n « m.



Background
Traditional Retrieval: e.g., BM25/TF-IDF
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Background
Dense Passage Retriever: DPR (Karpukhin et.al., 2020)

[SIm(Q, D)]

Karpukhin, V., Oguz, B., Min, S., Lewis, P., Wu, L., Edunoy, S., Chen, D. and Yih, W. Dense Passage Retrieval for Open-Domain
Question Answering. EMNLP 2020.



Background
Dense Passage Retriever: DPR (Karpukhin et.al., 2020)
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Background

Late Interaction Retriever: ColBERT (Khattab et.al., 2020)

Query Document

Khattab, O. and Zaharia, M. ColBERT: Efficient and Effective Passage Search via Contextualized Late Interaction over BERT. SIGIR
2020.



Background
Learned Sparse Retriever: Deeplmpact/SPLADE/uniCOIL etc

SCOTe dot product
A of dim >30k

T ]
“tok3”: 0.5, “tok64”: 8.3,
“tok100”: 0.6, “tok100”: 10.2,

“tok20002”: 1.5 “tok20002”: 53.5

f f

BERT BERT
Question Passage

Mallia, A., Khattab, O., Suel, T. and Tonellotto, N. Learning Passage Impacts for Inverted Indexes. SIGIR 2021.
Formal, T., Piwowarski, B. and Clinchant, S. SPLADE: Sparse Lexical and Expansion Model for First Stage Ranking. SIGIR 2021.

Lin, J. and Ma, X. A Few Brief Notes on Deeplmpact, COIL, and a Conceptual Framework for Information Retrieval Techniques. arXiv preprint arXiv:2106.07545.



5(q,d) = ¢(n,(q), n/d))

@( -, ) is the similarity function
n( - ) is the encoding function



How to train dense retriever
InfoNCE Loss

Z(Q, D7, {Dy}) = —logp(D = D™ | Q)
exp(Sim(Q, D™))
exp(Sim(Q, D) + 2., ., , exp(SIM(Q, D))

= — log

Classity the most relevant document from the candidates for a query



How to train dense retriever

Training Data (MS MARCO)

Query

where is whitemarsh island

Positive Document

[

{
"docid": "5399011",

"title": "Whitemarsh Island, Georgia",

"text": "Whitemarsh Island, Georgia. Whitemarsh Island
(pronounced WIT-marsh) is a census-designated place
(CDP) in Chatham County, Georgia, United States. The
population was 6,792 at the 2010 census. It is part of the
Savannah Metropolitan Statistical Area. The communities
of Whitemarsh Island are a relatively affluent suburb of
Savannah."

}
]

Hard Negative Documents

[

{
"docid": "2670040",

"title": "What military strategy was used in the pacific?",
"text": "the strategy of island hopping was used by the
United States in the Pacific theater of world war two.
Thought of by Douglas MacArthur, island hopping was a
strategy that used the technique of jumping from island to
island on a chain to control the chain as a whole vs
attacking all the islands at once."

2

{
"docid": "4683145",

"title": "Whakaari / White Island",

"text": "For the island near Dunedin, see White Island,
Otago. Whakaari/White Island is an active andesite
stratovolcano, situated 48 km (30 mi) from the east coast of
the North Island of New Zealand, in the Bay of Plenty."

"docid": "4595226",

"title": "Jekyll Island",

"text": "Jekyll Island, at 5,700 acres, is the smallest of
Georgia's barrier islands. The island is located in Glynn
County, just southeast of the city of Brunswick, south of St.
Simons Island, and north of Cumberland Island.n 1886
Finney, as a representative of the newly formed Jekyll
Island Club, purchased the island from the DuBignons for
$125,000. Ground was broken on the clubhouse building in
mid-August 1886, and the club officially opened its doors in
January 1888."

[



How to train dense retriever

Training Process

H H H R H

Assume:

— Batch size = N

Each sample provides: (query, positive_doc, [hard_negatives])
D_hard 1s a list of lists, each with K hard negatives

Model encodes queries and docs 1into dense vectors

for epoch in range(num_epochs):
for Q, D pos, D hard in dataloader:
# Step 1: Encode queries and positive docs
Q_emb = model.encode(Q) # shape: (N, dim)
D pos_emb = model.encode(D_pos) # shape: (N, dim)

# Step 2: Encode all hard negatives (flatten first)
D hard flat = [doc for docs in D_hard for doc i1in docs] # total: N x K
D hard emb = model.encode(D _hard flat) # shape: (NxK, dim)

# Step 3: Combine positive docs and hard negatives
D all emb = concat([D_pos_emb, D_hard _emb], dim=0) # shape: (N + NxK, dim)

# Step 4: Compute similarity between each query and all docs
sim_matrix = similarity(Q_emb, D_all_emb) # shape: (N, N + NxK)

# Step 5: Create labels (each query's correct doc is at position 1)
labels = arange(len(Q)) # shape: (N,)

# Step 6: Compute contrastive loss (e.g., cross—entropy over similarity)
loss = cross_entropy(sim_matrix, labels) # softmax over rows

# Step 7: Backprop and update
loss.backward()
optimizer.step()
optimizer.zero_grad()



How to train dense retriever

Training Process

H H H R H

for

Assume:

Batch size = N

Each sample provides: (query, positive_doc, [hard_negatives])

D_hard 1s a list of lists, each with K hard negat
Model encodes queries and docs 1into dense vectors

epoch in range(num_epochs):

for Q, D_pos, D_hard in dataloader:
# Step 1: Encode queries and positive docs
Q_emb = model.encode(Q)
D pos_emb = model.encode(D_pos)

# Step 2: Encode all hard negatives (flatten
D hard flat = [doc for docs in D_hard for doc
D hard emb = model.encode(D _hard flat)

# Step 3: Combine positive docs and hard nega
D _all emb = concat([D_pos_emb, D_hard_emb], d

# Step 4: Compute similarity between each que
sim_matrix = similarity(Q_emb, D_all_emb)

# Step 5: Create labels (each query's correct
labels = arange(len(Q))

# Step 6: Compute contrastive loss (e.g., cro
loss = cross_entropy(sim_matrix, labels)

ives

# shape: (N, dim)
# shape: (N, dim)

first)
in docs] # total: N x K
# shape: (NxK, dim)

tives
im=0) # shape: (N + NxK, dim)

ry and all docs
# shape: (N, N + NxK)

doc is at position 1)
# shape: (N,)

ss—entropy over similarity)
# softmax over rows

# Step 7: Backprop and update
loss.backward()
optimizer.step()
optimizer.zero_grad()



How to train dense retriever

Training Process

Contrastive Learning: Query-Document Similarity Matrix
0 1 2 3 4 5 6 7 8 9 10 11

0 In-bateh In-batch In-bateh In-bateh In-batch In-bateh t-batch In-bateh In-batech
1 |-In-batch In-batch In-bateh In-batch In-bateh In-batech i-batch In-bateh In-batch
U
0,
-
0,
-
O
2 |-In-batch In-batch In-batech In-batch In-bateh In-batech In-batch In-bateh In-batch
3 |-In-batch In-batch In-batch In-batch In-bateh In-batech In-batch In-batch in-batch
| l | | | | l | |

Documents (Positives + Hard Negatives)



How to evaluate dense retriever

Metrics How it works Why useful

nDCG@10 Assigns higher weight to relevant documents

Captures both relevance and ranking

(Normalized Discounted at higher ranks. Discounts the gain
position.

Cumulative Gain) logarithmically as rank increases.
MRR@10 Calculates the reciprocal rank (1/rank) of the

Measures early precision

(Mean Reciprocal Rank) first relevant document.

Computes the ratio of retrieved relevant

Recall@100
documents in the top 100 to the total Evaluates coverage
number of relevant documents.
TOP-k Accuracy For each query, check if any of the top-k

| Simple for QA tasks
documents contain the gold answer span.



Background

Dense Retrieval in BERT Era

Dense retrieval is successful in-domain
effectiveness, e.g., Natural Questions

Method NQ (top-20 Acc.)
BM25 59.1
DPR (Karpukhin et.al., 2020) 79.4
+34%

Example Query:

big little lies season 2 how many episodes

Example Doc:

series garnered several accolades. It received
16 Emmy Award nominations and won eight,
including Outstanding Limited Series and
acting awards for Kidman, Skarsgard, and
Dern. The trio also won Golden Globe Awards
in addition to a Golden Globe Award for Best
Miniseries or Television Film win for the series.
Kidman and Skarsgard also received Screen
Actors Guild Awards for their performances.
Despite originally being billed as a miniseries,
HBO renewed the series for a second season.
Production on the second season began in
March 2018 and is set to premiere in 2019. All
seven episodes are being written by Kelley



Background

Dense Retrieval in BERT Era
Example Query:

® \\Ve do not want a retriever jUSt for one task 0-dimensional biomaterials lack inductive properties.

® How about zero-shot? Example Doc:
Nanotechnologies are emerging platforms that could

: o be useful in measuring, understanding, and
® Eg app‘y DPR trained on Wiki to other manipulating stem cells. Examples include magnetic

: : . - » nanoparticles and quantum dots for stem cell labeling
taSkS hke SCIeﬂtIfIC paper retrleva‘ ) and in vivo tracking; nanoparticles, carbon nanotubes,

and polyplexes for the intracellular delivery of genes/
oligonucleotides and protein/peptides; and engineered
nanometer-scale scaffolds for stem cell differentiation
and transplantation. This review examines the use of
nanotechnologies for stem cell tracking, differentiation,
and transplantation. We further discuss their utility and
the potential concerns regarding their cytotoxicity.
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BEIR: A Heterogenous Benchmark for Zero-shot Evaluation of Information Retrieval Models

Thakur et. al., 2021

Thakur, N., Reimers, N., Ricklé, A., Srivastava, A. and Gurevych, |. BEIR: A Heterogeneous Benchmark for Zero-shot Evaluation of Information Retrieval Models. NeurlPS 2021.
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Background

Dense retrieval struggles in out-of-domain generalization

Method NQ (top-20 Acc.) BEIR (nDCG@10)
BM25 59.1 40.4
DPR (Karpukhin et.al., 2020) /9.4 241
+34% -40%

Thakur, N., Reimers, N., Ricklé, A., Srivastava, A. and Gurevych, |. BEIR: A Heterogeneous Benchmark for Zero-shot Evaluation of Information Retrieval Models. NeurlPS 2021.



Efforts for Improving Zero Shot Retriever in Pre-LLM Era
(2021-early 2023)
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Lin, S.-C., Asai, A., Li, M., Oguz, B., Lin, J., Mehdad, Y., Yih, W. and Chen, X. How to Train Your DRAGON: Diverse Augmentation
Towards Generalizable Dense Retrieval. Findings of EMNLP 2023.



Motivation

® Open-source LLMs like Llama came in 2023

® | | Ms are generalizable for generation tasks

® How can we use LLM to build more effective and robust retrieval system?

® | et retrieval grows with the advancement of LLM



What Change Does LLM brings to IR?

Backbone Training Data



Observation: PromptReps
Are LLM naturally a retriever?



PromptReps

&

Next token logits
LM head
Dense vector > ANN
Index
Last hidden state
v

o

<User> Passage. “[text]”. Use one word to represent the passage in a
retrieval task. Make sure your word is in lowercase.
<Assistant> The word is: “

Zhuang, S., Ma, X., Koopman, B., Lin, J. and Zuccon, G., 2024. PromptReps: Prompting Large Language Models to Generate Dense
and Sparse Representations for Zero-Shot Document Retrieval. arXiv preprint arXiv:2404.18424.

20



MRR@10

PromptReps

25
18.75 Combining Dense & Sparse
e HtReps (Dense) representation allows effective
ptReps (Sparse)  zero-shot retrieval (no training of
tReps (Hybrid .
6.25 Pifeps (Rybnd) representations)
0

MS MARCO

Zhuang, S., Ma, X., Koopman, B., Lin, J. and Zuccon, G., 2024. PromptReps: Prompting Large Language Models to Generate Dense
and Sparse Representations for Zero-Shot Document Retrieval. arXiv preprint arXiv:2404.18424.

27



What it we directly fine-tune LLM as dense retriever?



RepLlama: Fine-Tuning LLaMA for Dense Retrieval

¢ Embedding  Embedding > = Score
?
a e 0 _
LLaMA LLaMA
- e G

Q1 Qn EOS D1 Dn EOS

Ma, X., Wang, L., Yang, N., Wei, F. and Lin, J. Fine-Tuning LLaMA for Multi-Stage Text Retrieval. SIGIR 2024.



RepLlama: Fine-Tuning LLaMA for Dense Retrieval
Technical Details

® Directly replace original dense retrieval paradigm with decoder-only LLM (i.e.
Llama?2)

® Training on MS MARCO with LoRA fine-tuning

® 1 positive document paired with 1 positive document and 15 hard negative
documents

Ma, X., Wang, L., Yang, N., Wei, F. and Lin, J. Fine-Tuning LLaMA for Multi-Stage Text Retrieval. SIGIR 2024.



RepLLaMA v.s. Pre-LLM-Era Neural Retrievers on Zero-Shot Evaluation
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| LM retriever is more robust than BERT-era retriever



s decoder-only LLM (sub-)optimal for encoding task?



LLM2Vec: Make Decoder model Strong Text Encoder

Enabling Bidirectional Attention Masked Next Token Prediction Unsupervised Contrastive Learning

(L= Pluswrwnw) ) (£ —SEED

BehnamGhader, P., Adlakha, V., Mosbach, M., Bahdanau, D., Chapados, N. and Reddy, S., 2024. LiIm2vec: Large language models are secretly powerful text encoders.
arXiv preprint arXiv:2404.05961.



LLM retriever is robust across domains.

Can we make it generalizable across embedding tasks?



s Clustering A MTE B g Classification h

ArxivP2P ArxivS2S BiorxivP2P BiorxivS2S AmazonCounterfactual AmazonPolarity

MedrxivP2P | MedrxivS2S Reddit RedditP2P Banking77
StackExchange StackExchangeP2P 8 Tasks Massivelntent

58 Datasets MTOPDomain MTOPIntent
p \ TweetSentimentExtraction
4 N % J

Bitext Mining STS
( )

BUCC BIOSESS SICK-R Pair Classification
\ J
[ ~N STS11 STS12 STS13 SprintDuplicateQuestions TwitterSemEval2015
Retrieval Egir_j h
- STS14 § STS15 STS16 TwitterURLCorpus

Massive Text
Embedding Benchmark

TwentyNewsgroup

- J

ClimateFEVER DBPedia ~ o
STS17 | STS22 | STSB p N
CQADupstackRetrieval FEVER FiQA2018 - / Reranking

4 )

Summarization

HotpotQA IMSMARCOR NFCorpus m AskUbuntuDupQuestions MindSmallReranking
SCIDOCS Touche2020 @@ TRECCOVID SciDocsRR StackOverFlowDupQuestions
N\ J - Y

BEIR: A Heterogenous Benchmark for Zero-shot Evaluation of Information Retrieval Models

Muennighoff et. al., 2022

Muennighoff, N., Tazi, N., Magne, L. and Reimers, N. MTEB: Massive Text Embedding Benchmark. arXiv preprint arXiv:2210.07316.



Towards General Purpose Text Embedding

Data is the Key

® The “query intent” can be different for same query.

® Diverse data collection

® £ .g BGE embedding



Towards General Purpose Text Embedding

Data is the Key

® Synthetic Data Generation for LLM Retriever Training
® Query, Positive Document, Negative Documents
1. Directly generation tfrom LLM

2. Use real document as seed to generate query



ES with LLMs

® Firstly, let LLM brainstorm retrieval tasks

® Then, let LLM generate query, positive document, hard negative document all
together

You have been assigned a retrieval task: {task}
Your mission is to write one text retrieval example for this task in JSON format. The JSON object must
contain the following keys: L

- "user_query": a string, a random user search query specified by the retrieval task.

- "positive_document": a string, a relevant document for the user query.

- "hard_negative_document": a string, a hard negative document that only appears relevant to the query.
Please adhere to the following guidelines:

- The "user_query" should be {query_type}, {query_length}, {clarity}, and diverse in topic.

- Alldocuments should be at least {num_words} words long.

- Both the query and documents should be in {language}.

... (omitted some for space)

Y&uroutput must always be a JSON object only, do not explain yourself or output anything else. Be crey
\

{"user_query": "How to use Microsoft Power Bl for data analysis",
"positive_document": "Microsoft Power Bl is a sophisticated tool that requires time and practice to
master. In this tutorial, we'll show you how to navigate Power Bl ... (omitted) ",
“hard_negative_document”: “Excel is an incredibly powerful tool for managing and analyzing large
\amounts of data. Our tutorial series focuses on how you...(omitted)” } )

Wang, L., Yang, N., Huang, X., Yang, L., Majumder, R. and Wel, F., 2023. Improving text embeddings with large language
models. arXiv preprint arXiv:2401.00368.

39



ES with LLMs

® | everage LLM’s generation capability to create diverse embedding task
training data, for multiple languages.

distribution of task types distribution of languages

short-long

Polish

Japanese English

Italian

Russian

long-short

Indonesian
German

Persian

Spanish

short-short Chinese

long-long French

Portuguese

Dutch
Arabic Others

bitext

Wang, L., Yang, N., Huang, X., Yang, L., Majumder, R. and Wel, F., 2023. Improving text embeddings with large language
models. arXiv preprint arXiv:2401.00368.



ES with LLMs

Use instruction in query:
"Instruct: {task_definition} \n Query: {g}"

(2) append [EOS] token to end of query and document; feed them
into LLM to get embeddings by taking last layer ot [EOS] vector

Wang, L., Yang, N., Huang, X., Yang, L., Majumder, R. and Wel, F., 2023. Improving text embeddings with large language
models. arXiv preprint arXiv:2401.00368.

41



ES with LLMs

4 of datasets — Class. Clust. PairClass. Rerank Retr. STS Summ. Avg
12 11 3 4 15 10 1 56

Unsupervised Models

Glove (Pennington et al., 2014) 573  27.7 70.9 433 216 619 289 420
SIMCSEpert-unsup (Gao et al., 2021)  62.5  29.0 70.3 46.5 203 743 31.2 455
Supervised Models

SIMCSEpert-sup (Gao et al., 2021) 67.3 334 73.7 475 21.8 79.1 233 48.7
Contriever (Izacard et al., 2021) 66.7 41.1 82.5 53.1 419 765 304 56.0
GTR,4 (N1 et al., 2022b) 674 424 86.1 567 485 784 30.6 59.0
Sentence-TS544 (N1 et al., 2022a) 734  43.7 85.1 564 422 82.6 30.1 59.5
E5jarge-v2 (Wang et al., 2022b) 752 445 86.0 566 50.6 82.1 30.2 623
GTEjarge (Li et al., 2023) 73.3  46.8 85.0 59.1 522 834 31.7 63.1
BGEjarge-en-v1.5 (Xiao et al., 2023) 76.0  46.1 87.1 60.0 543 83.1 31.6 642

ESmiStral_7b + fllll data
w/ synthetic data only
w/ synthetic + msmarco

78.2
78.3

50.5
49.9

86.0
87.1

59.0
59.5

46.9
52.2

81.2
81.2

31.9

32.7

63.1
64.5

Wang, L., Yang, N., Huang, X., Yang, L., Majumder, R. and Wel, F., 2023. Improving text embeddings with large language

models. arXiv preprint arXiv:2401.00368.

42



ES with LLMs

E5-mistral-7b + full data

O
o

Bl original
| ™ w/ cont. pre-train +0.2

(0 0)
o

~
o

+0.1

(o))
o

+0.0

Performance
(§ )
o

H
o

w
o

Observation 1: contrastive pre-training has
negligible impact on model quality.

N
o

Retrieval Classification MTEB All

+ pre-training on filtered
text-pairs

Fine-tuning with LLM
synthetic data + MS MARCO

Wang, L., Yang, N., Huang, X., Yang, L., Majumder, R. and Wei, F., 2023. Improving text embeddings with large language
models. arXiv preprint arXiv:2401.00368. 43



ES with LLMs

Finetunin Retrieval
J NDCG@10
Observation 2: LoRA fine-tuning is even better Ful 52.2
than full fine-tuning. e
LoRA 53.0

Wang, L., Yang, N., Huang, X., Yang, L., Majumder, R. and Wei, F., 2023. Improving text embeddings with large language
models. arXiv preprint arXiv:2401.00368.

44



Gecko Embeddings

LLMs used to generate a Few-shot Prompted Retrieval dataset (FRet) for
knowledge distillation from LLM into embedding through 2 tasks:

(1) diverse query generation, (2) positive & negative mining

Task: Given a query, find a passage Query:
that answers the question. who made the atomic bomb?
Phastos, a character blessed with Large
e the power of invention, helps ) nguage
humanity create the atomic bomb. MO del
Task: Given a query, find a passage Query:

that allows you to check whether |—

the query is true or not. Phastos created the atomic bomb.

The film follows the story of
American scientist J. Robert

Oppenheimer and his role in the Positive
Task: Given a query, find a passage development of the atomic bomb.
that answers the question. La rge
Retriever g Language -
.4 Model
who made the stomic homb¢ ... will hold a digital exhibsition in T—

New York to convey the
testimonies of A-bomb survivors
on the sidelines ...

Lee, J., Dai, Z., Ren, X., Chen, B., Cer, D., Cole, J.R., Hui, K., Boratko, M., Kapadia, R., Ding, W. and Luan, Y., 2024. Gecko:
Versatile text embeddings distilled from large language models. arXiv preprint arXiv:2403.20327.

45



Gecko Embeddings

Phastos, a character blessed with
the power of invention, helps
humanity create the atomic bomb.

Task: Given a query, find a passage
that answers the question.

Query:
who made the atomic bomb?

Language

American scientist J. Robert
Oppenheimer and his role in the
development of the atomic bomb.

Retriever

... will hold a digital exhibition in
New York to convey the
testimonies of A-bomb survivors
on the sidelines ...

Task: Given a query, find a passage Query:
that answers the question. who made the atomic bomb?
Large
Model
Task: Given a query, find a passage Q .
that allows you to check whether  |— Phastos createdL thel ¥ .atomic bomb
the query is true or not. ’
The film follows the story of

Positive
Large
Language >
Model
Negative

(1) Query/task generation

Prompt for task generation:
* “Given a query, find a passage

that has the answer to the query”

[question answering]

* “Given a query, find a passage
that allows you to check whether
the query is true or not” [fact
checking)]

Lee, J., Dai, Z., Ren, X., Chen, B., Cer, D., Cole, J.R., Hui, K., Boratko, M., Kapadia, R., Ding, W. and Luan, Y., 2024. Gecko:
Versatile text embeddings distilled from large language models. arXiv preprint arXiv:2403.20327. 46



Gecko Embeddings

Phastos, a character blessed with
the power of invention, helps
humanity create the atomic bomb.

----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Large

Language
Model

Task: Given a query, find a passage Query:
that answers the question. who made the atomic bomb?
Task: Given a query, find a passage Q ,
that allows you to check whether  |— Phastos createdl thel ¥ .atomic bomb
the query is true or not. ’

Task: Given a query, find a passage
that answers the question.

The film follows the story of
American scientist J. Robert
Oppenheimer and his role in the
development of the atomic bomb.

Retriever

Query:
who made the atomic bomb?

... will hold a digital exhibition in
New York to convey the
testimonies of A-bomb survivors
on the sidelines ...

Language

(2) Pos/Neg Mining

Use initial model trained with (g, pseed)

pairs to retrieve top passages

Use an LLM to rank

Top ranked: p+; others p-

Lee, J., Dai, Z., Ren, X., Chen, B., Cer, D., Cole, J.R., Hui, K., Boratko, M., Kapadia, R., Ding, W. and Luan, Y., 2024. Gecko:

Versatile text embeddings distilled from large language models. arXiv preprint arXiv:2403.20327.
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Qwen3-Embedding

Scaling synthetic training data & Multi-Stage training with synthetic data

150 million pairs”

| |
Stage 1 ( e

I Weakly Supervised Pre- —> —> Qwen3-Embedding

[ Qwen3 Training with Large-Scale — Stage 2 Stage 3 ~
Synthetic Pair Data _ _ , . .
Supervised Fine-Tuning Model Merging Using
with High-Quality Synthetic Sampled Checkpoints -
[ T } S and Labeled Data N from Stage 2 | Qwen3-Reranker

\

Zhang, Y., Li, M., Long, D., Zhang, X., Lin, H., Yang, B., Xie, P,, Yang, A., Liu, D., Lin, J., Huang, F. and Zhou, J. Qwen3
Embedding: Advancing Text Embedding and Reranking Through Foundation Models. arXiv preprint arXiv:2506.05176.



Level 1: Keyword-based Retrieval

Q Positive Document ~
. The part of highway 401 that passes through Toronto
What is the widest highway in North America?j Relevance: - e : ,
L Keyword matching |s'North America's busiest highway, and one of the
widest.
. /
Level 2: Semantic-based Retrieval Natural Question, Kwiatkowski et al. (2019)
Positive Document ~
QL:-'ery " ios it i ?] “~ Relevance: | Deforestation and urbanization result in increased
ow human activities influence climate system? " ieai i i
L y Semantic matching emissions, urban heat island effects and changes in
natural water cycle.
. /
Level 3: Reasoning-based Retrieval - BRIGHT MS MARCO, Bajaj et al. (2018)
Query ~ Positive Document ~
Sustainable Living - post = |*“ Relevance: *| Sustainable Living - post
At home, after | water my plants, the Risk of using recycled Soluble salts are commonly found in soils.
water goes to plates below the pots. plant water. When they build up, they destroy the soil
Can | reuse it for my plants next time? structure and cause direct damage to roots ..
Code - issue = | — ———, | Code -issue
| have this table and need to transform it Relevance: The function FLATTEN flattens (explodes)
to ... | don't like UNPIVOT. Is there a Alternative function. compound values into multiple rows ...
better function in snowflake for this? FLATTEN( INPUT = <expr> ...
MATH - question B | — ——,| MATH - question
Let k=200822+222008. What is the units Relevance: Determine all positive integers relatively
digit of k*2+2"k? Uses the same theorem. prime to all the terms of the infinite
sequence a_n=2"n+3"n+6"n -1...
. J \ J

BRIGHT: A Realistic and Challenging Benchmark for Reasoning-Intensive Retrieval
Su et. al., 2022

Su, H., Yen, H., Xia, M., Shi, W., Muennighoff, N., Wang, H., Haisu, L., Shi, Q., Siegel, Z. S., Tang, M., Sun, R., Yoon, J., Arik, S. O., Chen, D. and Yu, T. BRIGHT: A Realistic and
Challenging Benchmark for Reasoning-Intensive Retrieval. ICLR 2025.



ReasonlIR

(24.4,970)

\_ .

LLM
L - Varied-Length Query (167 tokens) —
ﬂ Sarah, is suing her ex-employer ... Sarah claims she

was fired after reporting a supervisor's unethical
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?

‘O — {query, positive document} — '

LLM

— { hard negative document }

~

- Positive Document

In the landmark case ... the Supreme Court of the United States addressed the issue of retaliation

after reporting workplace misconduct ... The court also established that employers cannot
terminate an employee in response to a protected activity, such as reporting workplace

harassment, without facing potential liability for retaliation.

y,

- 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 ...

Ay

Shao, R., Qiao, R., Kishore, V., Muennighoff, N., Lin, X. V., Rus, D., Low, B. K. H., Min, S., Yih, W., Koh, P. W. and Zettlemoyer, L. ReasonIR: Training Retrievers for Reasoning

Tasks. arXiv preprint arXiv:2504.20595.
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ReasonlIR

(100,521)

\_

LLM
Initial Seed (Positive)
Documents Documents
Hard Query (41 tokens)

.

('
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

~

LLM

” \ > — | —>{ query } — & —>{hard negative document}

x

- Positive Document
A circadian rhythm (/ser'kerdisn/), 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 rnythmically co-ordinate biological processes so they occur at the
correct time to maximise the fitness of an individual ...

J

- 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.

1

Shao, R., Qiao, R., Kishore, V., Muennighoff, N., Lin, X. V., Rus, D., Low, B. K. H., Min, S., Yih, W., Koh, P. W. and Zettlemoyer, L. ReasonIR: Training Retrievers for Reasoning

Tasks. arXiv preprint arXiv:2504.20595.
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ReasonliR

® Train by mixing VL and HQ, with public retrieval
datasets

Average Performance by Selected Models
25

of

Average Score
-
(9]

[
o

D

Shao, R., Qiao, R., Kishore, V., Muennighoff, N., Lin, X. V., Rus, D., Low, B. K. H., Min, S., Yih, W., Koh, P. W. and Zettlemoyer, L. ReasonIR: Training Retrievers for Reasoning
Tasks. arXiv preprint arXiv:2504.20595.
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Synthetic data for LLM retrieval training
® [mprove the generalizability

® Adapt to specitic tasks / domains

~



® Single round search is limited for complex query

® Multi-round search, with interleaved searching,
reflecting, and query rewriting process can be
dynamic, hard to create target supervision.

® Recent advancement on reinforcement learning with
veritiable rewards is promising

54



Search-R1: RL for Search

GRPO KL T

Reference ( ‘ ( )
. Model

[ q Policy 0, " Reward T, Group , A, \
Model —— | Model | — Computation |~ /

J\L
p
-

Rollout Module 01 k| Aq

Reward , N , _

[ Search ] . 1 Model
[ q ]_‘ Engine R 0, { ) k (&) J _’{ Group. ]_’ AZ
1 =+ ) ’ rReference1 Computation ) ’
[ Policy ] L LLM )
#) (o (] (o]

KL

Jin, B., Zeng, H., Yue, Z., Yoon, J., Arik, S., Wang, D., Zamani, H. and Han, J. Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning.
arXiv preprint arXiv:2503.09516.



Search-R1: RL for Search

Reasoning over

<think> | need to determine if Jed Hoyer or John William Henry Il is older. I'll search for their ages. </think>

<search> Jed Hoyer or John William Henry Il </search>

<information> Doc 1(litle: "Jed Hoyer") career saves record wi am Elias and Nick Miceli. During his time at Wesleya HUSEL query’ to
was also initiated into and is a brother of Delta Kappa Epsilon. He spent Summer 1995 on the roster of the Waterbury B plan the search
England Collegiate Baseball League seeing innings on the mound and at shortstop. Hoyer worked in the admissions off
alumni/development office, and was also a baseball coach at the university after graduating. He worked in the admissions department of
Kenyon College before joining the Red Sox at 28. He married Merrill Muckerman in June 2010 in ... </information>

<think> | found out that Jed Hoyer is a person. Now | need to find his age and compare it to John William Henry Il's age. </think>
<search> John William Henry Il </search>

<information> Doc 1(Title: "John W. Henry") the firm's management had fallen from \$2.5 billion in 2006 to less than \$100 million as of
late 2012. As of July 2017, ""Forbes"" estimated his net worth to be \$2.6 billion. John William Henry Il was born on September 13, 1949
in Quincy, lllinois. His parents were soybean farmers, and he split his time growing up between lllinois and Arkansas. His asthmatic
condition at the age of 15 prompted his family to move to Apple Valley, California. After his graduation from Victor Valley High School in
Victorville, he attended Victor Valley College, then the University of California (at Riverside, ... </information>

<think> | found out that John William Henry Il was born on September 13, 1949. Now | need to find Jed Hoyer's birth year to compare. </
think>

<search> Jed Hoyer birth year </search>

<information> Doc 1(Title: "Jed Hoyer") career saves record with Sam Elias and Nick Miceli. During his time at Wesleyan University he
was also initiated into and is a brother of Delta Kappa Epsilon. He spent Summer 1995 on the roster of the Waterbury Barons of the New
England Collegiate Baseball League seeing innings on the mound and at shortstop. Hoyer worked in the admissions office and then the
alumni/development office, and was also a baseball coach at the university after graduating. He worked in the admissions department of
Kenyon College before joining the Red Sox at 28. He married Merrill Muckerman in June 2010 in ... </information>

<think> | found out that Jed Hoyer was born on December 7, 1973. Now | can compare his birth year to John William Henry lI's birth
year. </think>
<answer> John William Henry |l </answer>

Jin, B., Zeng, H., Yue, Z., Yoon, J., Arik, S., Wang, D., Zamani, H. and Han, J. Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning.
arXiv preprint arXiv:2503.09516.



Search-R1: RL for Search

<think> | need to determine if Jed Hoyer or John William Henry Il is older. I'll search for their ages. </think>

Reasoning over
<search> Jed Hoyer or John William Henry |l </search> user query. to
<Information> DocC Itle: "Jed Hoyer") career saves record wi am Elias and Nick Miceli. During his time at Wegeya ’
was also initiated into and is a brother of Delta Kappa Epsilon. He spent Summer 1995 on the roster of the Waterbyry B plan the search
England Collegiate Baseball League seeing innings on the mound and at shortstop. Hoyer worked in the admissiorg off
alumni/development office, and was also a baseball coach at the university after graduating. He worked in the admgssio -

Kenyon College before joining the Red Sox at 28. He married Merrill Muckerman in June 2010 in ... </information> Reasonlng over
the search results

to write new

<think> | found out that Jed Hoyer is a person. Now | need to find his age and compare it to John William Henry ll'sjage
<search> John William Henry Il </search>

O dllC JO c. JU VV. F1eTITy C dl 1dJeIlTIE dd 1dIlE C 2.0 DIIC JUO 10 IE s \$1
late 2012. As of July 2017, ""Forbes"" estimated his net worth to be \$2.6 billion. John William Henry Il was born on Sep
in Quincy, lllinois. His parents were soybean farmers, and he split his time growing up between lllinois and Arkansas. His asthmatic
condition at the age of 15 prompted his family to move to Apple Valley, California. After his graduation from Victor Valley High School in
Victorville, he attended Victor Valley College, then the University of California (at Riverside, ... </information>

<think> | found out that John William Henry Il was born on September 13, 1949. Now | need to find Jed Hoyer's birth year to compare. </
think>

<search> Jed Hoyer birth year </search>

<information> Doc 1(Title: "Jed Hoyer") career saves record with Sam Elias and Nick Miceli. During his time at Wesleyan University he
was also initiated into and is a brother of Delta Kappa Epsilon. He spent Summer 1995 on the roster of the Waterbury Barons of the New
England Collegiate Baseball League seeing innings on the mound and at shortstop. Hoyer worked in the admissions office and then the
alumni/development office, and was also a baseball coach at the university after graduating. He worked in the admissions department of
Kenyon College before joining the Red Sox at 28. He married Merrill Muckerman in June 2010 in ... </information>

<think> | found out that Jed Hoyer was born on December 7, 1973. Now | can compare his birth year to John William Henry lI's birth
year. </think>
<answer> John William Henry |l </answer>

Jin, B., Zeng, H., Yue, Z., Yoon, J., Arik, S., Wang, D., Zamani, H. and Han, J. Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning.
arXiv preprint arXiv:2503.09516.



Search-R1: RL for Search

<think> | need to determine if Jed Hoyer or John William Henry Il is older. I'll search for their ages. </think>

Reasoning over
<search> Jed Hoyer or John William Henry Il </search> user query to
<Information> DocC Itle: "Jed Hoyer") career saves record wi am Elias and Nick Miceli. During his time at Wesdleya ’
was also initiated into and is a brother of Delta Kappa Epsilon. He spent Summer 1995 on the roster of the Waterbdry B plan the search
England Collegiate Baseball League seeing innings on the mound and at shortstop. Hoyer worked in the admissions off
alumni/development office, and was also a baseball coach at the university after graduating. He worked in the admissio -

Kenyon College before joining the Red Sox at 28. He married Merrill Muckerman in June 2010 in ... </information> Reasonlng over
the search results

to write new

<think> | found out that Jed Hoyer is a person. Now | need to find his age and compare it to John William Henry ll'sjage
<search> John William Henry Il </search>

OTTTTAaUlC O c. JOU VV. F1eTIry C dlNdgerrie dd 1dile O pZ.O DIMO JUO 10 1€ \$1
late 2012. As of July 2017, ""Forbes"" estimated his net worth to be \$2.6 billion. John William Henry Il was born on Sept
in Quincy, lllinois. His parents were soybean farmers, and he split his time growing up between lllinois and Arkansas. His asthmatlc
condition at the age of 15 prompted his family to move to Apple Valley, California. After his graduation from Victor Valley High School in
Victorville, he attended Victor Valley College, then the University of California (at Riverside, ... </information>

<think> | found out that John William Henry Il was born on September 13, 1949. Now | need to find Jed Hoyer's birth year to compare. </
think>

<search> Jed Hoyer birth year </search>

<information> Doc 1(Title: "Jed Hoyer") career saves record with Sam Elias and Nick Miceli. During his time at Wesleyan University he
was also initiated into and is a brother of Delta Kappa Epsilon. He spent Summer 1995 on the roster of the Waterbury Barons of the New
England Collegiate Baseball League seeing innings on the mound and at shortstop. Hoyer worked in the admissions office and then the
alumni/development office, and was also a baseball coach at the university after graduating. He worked in the admissio .

Kenyon College before joining the Red Sox at 28. He married Merrill Muckerman in June 2010 in ... </information> Reasonlng over the

gathered information
<think> | found out that Jed Hoyer was born on December 7, 1973. Now | can compare his birth year to John William He .
year. </think> and summarize the

<answer> John William Henry Il </answer> answer

Jin, B., Zeng, H., Yue, Z., Yoon, J., Arik, S., Wang, D., Zamani, H. and Han, J. Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning.
arXiv preprint arXiv:2503.09516.



Search-R1: RL for Search

<think> | need to determine if Jed Hoyer or John William Henry Il is older. I'll search for their ages. </think>

Reasoning over
<search> Jed Hoyer or John William Henry |l </search> user query to
<Information> DocC Itle: "Jed Hoyer") career saves record wi am Elias and Nick Miceli. During his time at Wegeya ’
was also initiated into and is a brother of Delta Kappa Epsilon. He spent Summer 1995 on the roster of the Waterbyry B plan the search
England Collegiate Baseball League seeing innings on the mound and at shortstop. Hoyer worked in the admissiorg off
alumni/development office, and was also a baseball coach at the university after graduating. He worked in the admgssio -

Kenyon College before joining the Red Sox at 28. He married Merrill Muckerman in June 2010 in ... </information> Reasonlng over
the search results

to write new

<think> | found out that Jed Hoyer is a person. Now | need to find his age and compare it to John William Henry ll'sjage
<search> John William Henry Il </search>

OTTTTAllC JO c. JU VV. F1eTITy C dl 1dJeIlTIE dd 1dIlE O 2.9 DIMC JUD 1O 1E \$1
late 2012. As of July 2017, ""Forbes"" estimated his net worth to be \$2.6 billion. John William Henry Il was born on Sept
in Quincy, lllinois. His parents were soybean farmers, and he split his time growing up between lllinois and Arkansas. His asthmatlc
condition at the age of 15 prompted his family to move to Apple Valley, California. After his graduation from Victor Valley High School in
Victorville, he attended Victor Valley College, then the University of California (at Riverside, ... </information>

<think> | found out that John William Henry Il was born on September 13, 1949. Now | need to find Jed Hoyer's birth year to compare. </
think>

<search> Jed Hoyer birth year </search>

<information> Doc 1(Title: "Jed Hoyer") career saves record with Sam Elias and Nick Miceli. During his time at Wesleyan University he
was also initiated into and is a brother of Delta Kappa Epsilon. He spent Summer 1995 on the roster of the Waterbury Barons of the New
England Collegiate Baseball League seeing innings on the mound and at shortstop. Hoyer worked in the admissions office and then the
alumni/development office, and was also a baseball coach at the university after graduating. He worked in the admissions department of
Kenyon College before joining the Red Sox at 28. He married Merrill Muckerman in June 2010 in ... </information>

Reasoning over the
gathered information

<think> | found out that Jed Hoyer was born on D

Compute the rewards

If EM, then 1,
otherwise 0

is birth year to John Willia

and summarize the
answer




Search-R1: RL for Search

HotpotQA Performance Comparison

0.4

Score

0.2

0.0 Direct RAG Search-R1

Jin, B., Zeng, H., Yue, Z., Yoon, J., Arik, S., Wang, D., Zamani, H. and Han, J. Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning.
arXiv preprint arXiv:2503.09516.
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LM backbone makes retriever robust
LLM data synthesis makes LLM general purpose embedding

LLM-Reasoning makes search agent smart



However, Information is not just text...



Rethink Document Retrieval Pipeline
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Gap in Document Processing
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Gap in Document Processing

Trace LCFS on a search graph

Traiming Retriever Top-20 Top-100

|NQ TrivisQA WQ TREC SQuAD l NQ TrivisQA WQ TREC SQuAD

SIGIR 2025

Padova

ITALY

THE 48TH INTERNATIONAL ACM SIGIR CONFERENCE ON RESEARCH AND DEVELOPMENT IN INFORMATION RETRIEVAL
JULY 13-17, 2025 | PADUA, ITALY
FOLLOWED BY , THE 11TH ACM SIGIR / THE 15TH INTERNATIONAL CONFERENCE ON INNOVATIVE CONCEPTS AND THEORIES IN INFORMATION RETRIEVAL
JULY 18, 2025 | PADUA, ITALY

IMPORTANT DATES

WARNING: We strongly advise booking your hotel rooms as soon as possible! An Iron Maiden concert is scheduled in Padua for the first day of conference (Sunday,
July, 13, 2025). Accommodations are expected to fill up quickly.

JOIN

SIGIR is the premier international forum for the presentation of new research results and for the demonstration of new systems and techniques in information retrieval.
The conference consists of five days of full papers, short papers, resource & reproducibility papers, perspectives papers, system demonstrations, doctoral consortium,
tutorials, and workshops focused on research and development in the area of information retrieval.

SIGIR 2025 is an in-person conference. Despite the challenges it may pose, we believe that an in-person conference is more beneficial in terms of direct engagement and
networking opportunities, more dynamic exchange of research ideas, and welcoming and nurturing newcomers.

Ma, X., Lin, S.-C., Li, M., Chen, W. and Lin, J. Unifying Multimodal Retrieval via Document Screenshot Embedding. EMNLP 2024.

If there is a tie, remove nodes from the frontier in alphabetical

order.
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13 / 84

None BM25 | 59.1 66.9 550 M09 688 | 137 76.7 TL1 8411 80.0
Single DPR T84 M4 732 8 632 854 85.0 £1.4 891 2
ol BM25 +DFPR | 76.6 98 710 852 715 838 845 0S5 927 813
Mult DPR 794 88 750 891 516 86.0 847 529 939 67.6

BM25 + DPR | 780 799 747 B85S 662 819 844 23 %M1 78.6

Table 2: Top-20 & Top-100 retricval accuracy on test scts, measured as the percentage of top 20/100 retrieved
passages that contain the answer. Single and Muiti denote that our Dense Passage Retriever (DPR) was trained
using individial or combined training datascts (all the datasets excluding SQuAD). See text for more details.,

traditional retrieval methods, the effects of different
training schemes and the run-tume efficiency.

The DPR model used in our main experiments
1s trained using the in-batch negative setting (Sec-
ton 3.2) with a batch size of 128 and one additional
BM25 negative passage per question. We trained
the question and passage encoders for up to 40
epochs for large datasets (NQ, TriviaQA, SQuAD)
and 100 epochs for small datasets (TREC, WQ),
with a learning rate of 10~ * using Adam, lincar
scheduling with warm-up and dropout rate 0.1.

While it is good to have the flexibility to adapt
the retriever (o cach dataset, it would also be de-
sirable to obtain a single retriever that works well
across the board. To this end, we train a mudti-
dataset encoder by combining training data from
all datasets excluding SQuAD.* In addition to DPR,
we also present the results of BM2S, the traditional
retrieval method” and BM25+DPR, using a linear
combination of their scores as the new ranking
function. Specifically, we obtain two initial sets
of 1op-2000 passages based on BM25 and DPR,
respectively, and rerank the union of them using
BM25(g.p) + A - sim(g, p) as the ranking function.
We used A = 1.1 based on the retrieval accuracy in
the development set.

5.1 Main Results

Table 2 compares different passage retnieval sys-
tems on five QA datasets, using the top-k accuracy
(& € {20.100}). With the exception of SQuAD,
DPR performs consistently better than BM25 on
all datasets. The gap is especially large when £ is
small (e.g., 78.4% vs. 59.1% for top-20 accuracy
on Natural Questions). When training with mul-

"SQuAD is limited 10 & small set of Wikipedia documents
and thus introdeces unwanied bias. We will discuss thas 1sue
more in Section 5.1

YLucene implementation. BM2S parameters b = 0.4 (doc

ument length normalization) and ky = 0.9 (term froquency
scaling) are tuned using development sets

yp—p—t=

z I
> e

Y, -

B 70

-] 4

o . P

2wl ? e —— BM25

- i / e & Train: 1k

g - & Traln: 10
= ,/ wa & Train: 20k

—a— & Train: 40k
d —w— @ Train: all {39k

20 40 60 80 100
k: # of retrieved passages

Figure 1: Retricver top-k accuracy with different num-
bers of training examples used in our dense passage re-
triever vs BM25. The results are measured on the de-
velopment set of Natural Questions. Our DPR trained
using 1,000 examples already outperforms BM2S,

tiple datasets, TREC, the smallest dataset of the
five, benefits greatly from more training examples.
In contrast, Natural Questions and WebQuestions
improve modestly and TriviaQA degrades slightly.
Results can be improved further in some cases by
combining DPR with BM25 in both single- and
multi-dataset settings.

We conjecture that the lower performance on
SQuAD is due to two reasons. First, the annota-
tors wrote questions after secing the passage. As
a result, there is a high lexical overlap between
passages and questions, which gives BM2S a clear
advantage. Second, the data was collected from
only 500+ Wikipedia articles and thus the distribu-
tion of training examples is extremely biased, as
argued previously by Lee et al. (2019).

52 Ablation Study on Model Training

To understand further how different model training
options affect the results, we conduct several addi-
tional experiments and discuss our findings below.




Gap in Document Processing
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Ma, X., Lin, S.-C., Li, M., Chen, W. and Lin, J. Unifying Multimodal Retrieval via Document Screenshot Embedding. EMNLP 2024.



Gap in Document Processing

Document Processing are prone to errors and information loss
® |t breaks original look which can aftects users relevance preference

® OCR etc. can have errors

Ma, X., Lin, S.-C., Li, M., Chen, W. and Lin, J. Unifying Multimodal Retrieval via Document Screenshot Embedding. EMNLP 2024.



DSE: Unifying Multimodal Retrieval with Document Screenshot Embedding

The best document processing is “Do Not Process”

Use “Screenshot” as unified input

Ma, X., Lin, S.-C., Li, M., Chen, W. and Lin, J. Unifying Multimodal Retrieval via Document Screenshot Embedding. EMNLP 2024.



DSE: Unifying Multimodal Retrieval with Document Screenshot Embedding

Ma, X., Lin, S.-C., Li, M., Chen, W. and Lin, J. Unifying Multimodal Retrieval via Document Screenshot Embedding. EMNLP 2024.
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ColPali: A multi-vector document screenshot retrieval model

.//- —‘\—,

// Standard Retrieval il 0.66 NDCG@5 \\
offline online
E | Similarity score
S <« What |
; “ » Text B > Text
> = MaxSim( ’ ) E.::;:‘:"— e
’ Nax O | <«— ViTs?
\ Layout
\ @ 7.22s/ page OCR detection @ 22ms / query
ColPali (ours) 41 0.81 NDCG@5 Similarity score
offline Vision LLM | H online
i : : E | MaxSlm( Hy ) "" | <«— What
) ! 1 I |
Sl Lo ! >
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Faysse, M., Sibille, H., Wu, T., Omrani, B., Viaud, G., Hudelot, C. and Colombo, P. ColPali: Efficient Document Retrieval with Vision Language Models. ICLR 2025.



GME: Improving Universal Multimodal Retrieval by Multimodal LLMs

Single-modal Retrieval

Textual Query Textual Candidate Visual Query Visual Candidate

Why do I only === In 1895, a

breathe out of German nose
one nostril? specialist ...

Cross-modal Retrieval

Textual Query Visual Candidate Visual Query Textual Candidate
What is the — W

P /N =P The Tesla

Cybertruck is
a electric ...

o

Cybertruck
looks 1like?

Owverview
facturar  Tasla

Fused-modal Retrieval

Fused-Modal Query C N ( A Fused-Modal Candidate
What's the s =p Candidate Query | 1t uses
max torque I SETELIE alt
. E suspension
on this car?
\ / \ j ......

Zhang, X., Zhang, Y., Xie, W., Li, M., Dai, Z., Long, D., Xie, P, Zhang, M., Li, W. and Zhang, M. GME: Improving Universal Multimodal Retrieval by Multimodal LLMs. arXiv
preprint arXiv:2412.16855.



® Can visual-based input get comparable effectiveness as text retriever in text-
intensive retrieval tasks?

® Can visual-based retriever outpertorm text-based retriever in mixed-modality
retrieval tasks?



100 1eXt-Intensive Performance (Top 20 NQ) Mix@d Modality Performance (nDCG@10 SlideVQA-open)

Score
Score

0 .
RTVPT: Phi-3 DSE BM25 Phi-3 DSE

Ma, X., Lin, S.-C., Li, M., Chen, W. and Lin, J. Unifying Multimodal Retrieval via Document Screenshot Embedding. EMNLP 2024.



Tevatron 2.0: Towards Unified Document Retrieval across Domain, Language, and Modality

Modality Language
Method Base LLM BEIR(13) | ViDoRe | MIRACL(17)
BGE-M3 X-RoBERTa 50.0 66.1™ 69.9
MistralE5 Mistral0.1-7B 53.6 - 63.3
DSE-QWen2 Owen2vl-2B - 85.8 -
GME-2B Owen2vl-2B 55.4 87.8 -
Tevatron-WikiSS | Qwen2.5vI-3B 40.8 73.3 30.8
Tevatron-BGE QOwen2.5vI-3B C .£ '
Tevatron-Full Owen2.5v]l-3B 54.3 85.3

Ma, X., Lin, S.-C., Li, M., Chen, W. and Lin, J. Unifying Multimodal Retrieval via Document Screenshot Embedding. EMNLP 2024.



Summary

® || M backbone makes retriever robust
® | | M data synthesis makes LLM general purpose embedding
® | | M-Reasoning makes search agent smart

® /[ Ms enables information access beyond text



Search Anything, For Anyone



Q/A



End of Part 2



