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SIGIR 2025 LiveRAG Challenge

« https://sigir2025.dei.unipd.it/live-rag-challenge.html
- RAG: Retrieval Augmented Generation

- Advance RAG research and compare the performance of their solutions
with other teams on a fixed corpus

{an)
SIGIR

SIGIR 2025 LiveRAG
Chdllenge

Organized by the Technology Innovation Institute (TII)

Al aWs &3 Pinecone



https://sigir2025.dei.unipd.it/live-rag-challenge.html

SIGIR 2025 LiveRAG Challenge

Date (2025) Details

Feb 24 Application submission deadline - SIGIR2025 easychair site (Select: SIGIR2025 LiveRAG Challenge track)

Mar 12 * Application submission notification to selected teams
¢ Opening of easychair site for short paper submission
« AWS and Pinecone resources and credits made available to selected teams together with detailed operational instructions

Mar 15 Training and testing tool (DataMorgana) made available to teams

May 8 "Dry" test for participants of live service on a small question set

May 12 Live Challenge Day - test questions shared and live service for answers submission opens

May 19 Short paper submission deadline - SIGIR2025 easychair site (Select: SIGIR2025 LiveRAG Challenge track)
May 29 Short paper notification and announcement of finalists

July 17 * LiveRAG Workshop at SIGIR'2025 in Padua, Italy

¢ Presentation of research by selected teams
¢ Announcement of winner and runner(s)-up

PRIZES

e First Prize: $5000
e Second Prize: $3000
e Third Prize: $2000



Lecture Plan

« Pre-Training
- Encoder-Only Pre-Training
- Encoder-Decoder Pre-Training

- Decoder-Only Pre-Training
- Model Distillation



Recap: Fine-Tuning with Pre-Training

Pre-training

General Goal
and Data
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Recap: Types of Pre-Training
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Recap: BERT — Masked Language Modeling

0.1% iAardvark

Possible classes: .- -
All English words 10% |mprovisation

Use the output of the
masked word’s position
to predict the masked word

0% Zyzzyva

f
FFNN + Softmax Stacked
Transformer Encoder
2 3 4 T *** 512
r
s
® o
BERT
Randomly mask Y
15% of tokens T T T T T T T T T
[CLS] Let's  stick to  [MASK] in this skit
Input rt++1 1111
[CLS] Let's stick to improvisation in this skit

http://jalammar.github.io/illustrated-bert/



Recap: BERT — Next Sentence Prediction

Predict likelihood
that sentence B
belongs after

1% | IsNext

99% NotNext

sentence A
FFNN + Softmax
T 2 3 4 *ee mzl
( g
® ©
Positive example: real next sentence BERT
Negative example: random sentence

| - i
Tokenized T T T T T T T T coe T

Input

[CLS) the man [MASK] to the store  [SEP]
InDUt [CLS] the man [MASK] to the store [SEP] penguin [MASK] are flightless birds [SEP]
Sentence A Sentence B

http://jalammar.github.io/illustrated-bert/



Recap: Other Encoder-Only Pre-Trained Models

« ROBERTa
« SpanBERT

Use the output of the 0-1% | Aardvark

masked word’s position
to predict the masked word

Possible classes:
All English words 10%  Improvisation

0% | Zyzzpva L(football) = Ly (football) + Lspo (football)

) = —log P(football | x;7) — log P(football | x4,xg, p3)

[ FFNN + Softmax

1 2 3 4
an  American football game

[ x| [ xe [ xa | [ | [ x5 [[ %o | [ x7 ][ x| [%][ %0 |[ xn][x0 |
- £ttt t t t t t t t 1
Transformer Encoder
Randomly mask cee T
15% of tokens (cts) [MASK] ‘Super‘ |BOW1|| 50 H was | |fMASK]| ‘[MASK]‘ ‘[MASK]‘ ‘[MASK]| ‘ to ‘ ‘determine” the ‘ |champion‘

Input
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Recap: Types of Pre-Training
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Recap: BART — Denoising Objective

Token Masking

« A CD F. > ABCDEF
Token Deletion

- ACDF. - ABCDEF.

Text Infilling
. A D F > ABCDEE Bidirectional
| «_Encoder
Sentence Permutation
Frifs
« FG. ABC. DE. =2 ABC. DE. FG. A B E
Document Rotation P —

- E.FG. ABC. D > ABC. DE. FG.

Generate original input

ABCDE
4 £44

y

:> Autoregressive
Decoder
Frrrt

<s>A B

10



Encoder-Decoder: T5

« Text-to-Text Transfer Transformer (T5)

Exploring the Limits of Transfer Learning with a Unified
Text-to-Text Transformer

Colin Raffel”
Noam Shazeer*
Adam Roberts*
Katherine Lee*
Sharan Narang
Michael Matena
Yanqi Zhou
Wei Li

Peter J. Liu

Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer, 2020

CRAFFEL@QGMAIL.COM
NOAM@GOOGLE.COM
ADAROB@GOOGLE.COM
KATHERINELEEQGOOGLE.COM
SHARANNARANG@GOOGLE.COM
MMATENA@GOOGLE.COM
YANQIZ@QGOOGLE.COM
MWEILIQGOOGLE.COM

PETERJLIUQGOOGLE.COM
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Motivation: BART

ABCDE label
$ £ 4414
Bidirectional |:> Autoregressive Pre-trained [:> Pre-trained
P Encoder s Decoder - Encoder . Decoder
Freed EEEE R EEEE
VW XY Z <s>ABCD ABCDE <sSABCDE

Different ways when considering classification and seg2seq generation
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Convert Everything to Text-to-Text Tasks

ABCDE
RREY!

Bidirectional Autoregressive
Encoder Decoder

TFE EEBE
VWXY Z <ss>SABCD

[ "translate English to German: That is good."

"Das ist gut."]
course is jumping well.”

[ "cola sentence: The

"not acceptable"]

on the grass. sentence2: A rhino

"stsb sentencel: The rhino grazed
is grazing in a field."

"six people hospitalized after
a storm in attala county."

"summarize: state authorities
dispatched emergency crews tuesday to

]

survey the damage after an onslaught
of severe weather in mississippi.."
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Masked Span Reconstruction (Seg2Seq Version)

Original text

Thank you fef inviting me to your party last week.

- D >

Thank you <X> me to your party <Y> week.

Targets
<X> for inviting <Y> last <7>
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Multi-Task Learning

- Convert everything to text-to-text tasks
- Jointly fine-tune them together
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Multi-Task Learning

D.7 SST2
Original input:

Sentence: it confirms fincher ’s status as a film maker who artfully bends
technical know-how to the service of psychological insight .

Processed input:| sst2 sentence: |it confirms fincher ’s status as a film maker
who artfully bends technical know-how to the service of psychological insight

Original target: 1

Processed target: positive
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Multi-Task Learning

D.4 MRPC

Original input:

Sentence 1: We acted because we saw the existing evidence in a new light ,
through the prism of our experience on 11 September , " Rumsfeld said .

Sentence 2: Rather , the US acted because the administration saw " existing
evidence in a new light , through the prism of our experience on September

11 n
Processed input:|mrpc sentencel:|We acted because we saw the existing evidence
in a new light , through the prism of our experience on 11 September , " Rumsfeld
said . sentence2: Rather , the US acted because the administration saw "

existing evidence in a new light , through the prism of our experience on

September 11 "

Original target: 1

Processed target: equivalent
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Multi-Task Learning

D.16 WMT English to German

Original input: "Luigi often said to me that he never wanted the brothers to end
up in court," she wrote.

Processed input:| translate English to German:| "Luigi often said to me that he
never wanted the brothers to end up in court," she wrote.

Original target: "Luigi sagte oft zu mir, dass er nie wollte, dass die Briider
vor Gericht landen", schrieb sie.

Processed target: "Luigi sagte oft zu mir, dass er nie wollte, dass die Briider
vor Gericht landen", schrieb sie.

18



Relative Position




Fine-Tuning: Text-to-Text For Everything

ABCDE
RREY!

Bidirectional Autoregressive
Encoder Decoder

TFE EEBE
VWXY Z <ss>SABCD

[ "translate English to German: That is good."

"Das ist gut."]
course is jumping well.”

[ "cola sentence: The

"not acceptable"]

on the grass. sentence2: A rhino

"stsb sentencel: The rhino grazed
is grazing in a field."

"six people hospitalized after
a storm in attala county."

"summarize: state authorities
dispatched emergency crews tuesday to

]

survey the damage after an onslaught
of severe weather in mississippi.."
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Promising Results

QQP QQP MNLI-m  MNLI-mm QNLI RTE WNLI
Model F1 Accuracy Accuracy  Accuracy  Accuracy Accuracy Accuracy
Previous best ~ 74.8°  90.7° 91.3% 91.0° 99.2° 89.2% 91.8°
T5-Small 70.0 88.0 82.4 82.3 90.3 69.9 69.2
T5-Base 72.6 89.4 87.1 86.2 93.7 80.1 78.8
T5-Large 73.9 89.9 89.9 89.6 94.8 87.2 85.6
T5-3B 74.4 89.7 91.4 91.2 96.3 91.1 89.7
T5-11B 75.1 90.6 92.2 91.9 96.9 92.8 94.5
SQuAD SQuAD SuperGLUE BoolQ CB CB COPA
Model EM F1 Average Accuracy F1  Accuracy Accuracy
Previous best ~ 90.1° 95.5° 84.6 87.1%  90.5%  95.2¢ 90.6*
T5-Small 79.10 87.24 63.3 76.4 56.9 81.6 46.0
T5-Base 85.44 92.08 76.2 81.4 86.2 94.0 71.2
T5-Large 86.66 93.79 82.3 85.4 91.6 94.8 83.4
T5-3B 88.53 94.95 86.4 89.9 90.3 94.4 92.0
T5-11B 91.26 96.22 88.9 91.2 93.9 96.8 94.8
MultiRC MultiRC ReCoRD ReCoRD RTE WiC WSC
Model Fla EM F1 Accuracy Accuracy Accuracy Accuracy
Previous best 84.4¢ 52.5¢ 90.6¢ 90.0¢ 88.2¢ 69.9¢ 89.0¢
T5-Small 69.3 26.3 56.3 55.4 73.3 66.9 70.5
T5-Base 79.7 43.1 75.0 74.2 81.5 68.3 80.8
T5-Large 83.3 50.7 86.8 85.9 87.8 69.3 86.3
T5-3B 86.8 58.3 91.2 90.4 90.7 72.1 90.4

T5-11B 88.1 63.3 94.1 93.4 92.5 76.9 93.8




Use T5

T5-small:

« # parameters = 60M
T5-base:

« # parameters = 220M

- T5-large:

« # parameters = //0M
« T5-3B: #

« parameters = 3B
« 15-11B:

« # parameters= 118

Hugging Face
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Types of Pre-Training
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https://www.sciencedirect.com/science/article/pii/S2095809922006324
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Decoder-Only: GPT

- Improving Language Understanding by Generative Pre-Training, OpenAl
2018

- Generative Pre-trained Transformer (GPT)

- Language Models are Unsupervised Multitask Learners, OpenAl 2019
« GPT-2

- Language Models are Few-Shot Learners, OpenAl 2020
« GPT-3

24



Language Modeling

- Next word prediction
« Trained with large corpus

ABCDE
b4 £ 44

Autoregressive
Decoder

TN

<s>A B
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Comparison: Masked Language Models

Use the output of the ' 0.1% | Aardvark

masked word’s position
to predict the masked word

Possible classes:
All English words 10% Improvisation

0% | Zyzzyva

f
FFNN + Softmax
2 3 4 T *** 512
r G
® O
BERT
Randomly mask ceoe )
15% of tokens T T T T T T T T T

[CLS] Let’s stick to [MASK] in this skit

Input rrtr+t1 111

[CLS] Let’s stick to improvisation in this skit



Comparison: Causal Language Models

ABCDE
b4 K44

Autoregressive
Decoder

TN

<s>A B
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—
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e N N\ N
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N 7 N N\
J \ /J \ J

B
_
Causal Masking
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GPT-3: From Fine-Tuning to Few-Shot Learning

- Even larger training data, even larger model size

12 decoders

117M

512 token size

48 decoders

1.5B

GPT-2

1024 token size

175B parameters

96 decoders

2048 token size
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GPT-3: From Fine-Tuning to Few-Shot Learning

Solve entirely new tasks by few-shot learning (in-context learning)

Circulation revenue has increased by 5%
in Finland. // Positive

Panostaja did not disclose the purchase
price. // Neutral

Paying off the national debt will be
extremely painful. / Negative

The company anticipated its operating
profit to improve. //

N |

Positive

Circulation revenue has increased by
5% in Finland. // Finance

They defeated ... in the NFC
Championship Game. // Sports

Apple ... development of in-house
chips. // Tech

The company anticipated its operating
profit to improve. // ________

mUN |

Finance
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Large Language Models

c ~
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Types of Pre-Training
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Use GPT

o a
A4
« GPT-2-small
« #parameters=11/M
« GPT-2-medium
« H# parameters = 345M
- GPT-2-large
« # parameters= /62M
« GPT-2-x

« H# parameters=1.5B

Hugging Face
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Lecture Plan

« Pre-Training
- Encoder-Only Pre-Training
- Encoder-Decoder Pre-Training

- Decoder-Only Pre-Training
- Model Distillation
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Model Distillation

- Distill knowledge from a large model to a small model while maintaining
similar capability
- Large model: teacher model
- Small model: student model

« Train a student model to mimic the behavior of the teacher model
« Reduce the number of parameters

Why don’t we train a student model directly from data?
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Model Distillation

!/ Teacher model
|

\_________-_____/

f Stdnt (distilled) model

Mimic teacher’s behavior

distillation
loss

\_---___—_-___—_/

(ground truth)

Learn from data

https://onedreame.github.io/2020/12/10/%E6%A8%A1%ES %I E%8B%E8%92 %B8% EI%AE %8F %E 6% E%A2%E7%B4%A2(Bert)/




Model Distillation /T

q; = softmax

! Teacher model \ /
I |
sen : E P = .,,,.»'.», = _‘. \ = |
.m distillation
loss

Z] er/T

ezi/T

Z] er/T

Distillation Loss

Lgp = T* - KL(qlp)

p; = softmax

(ground truth)

https://onedreame.github.io/2020/12/10/%E6%A8%A1%ES %I E%8B%E8%92 %B8% EI%AE %8F %E 6% E%A2%E7%B4%A2(Bert)/
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Model Distillation

!/ Teacher model
|

distillation

SEEE BN I BN DI BESN  GEE NN DEEE NN DEEE BEaS  aS  Bae aas . e o 3 cOT
| - L R
t SO AX (] = {] = ;

Cross-Entropy Loss

1
r =__E r Y
CE mZ CE(yl yl)
l

ezi/T

. = softmax| ————=
Pi Zj eZilT

(ground truth)

https://onedreame.github.io/2020/12/10/%E6%A8%A1%ES %I E%8B%E8%92 %B8% EI%AE %8F %E 6% E%A2%E7%B4%A2(Bert)/
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Model Distillation

!/ Teacher model
|

\
|

\__-__-_-_______/

{ student (distilled) model

distillation
loss

\_--____—_______/

Final Loss

Lrotar = aLgp + (1 —a)Lcg

(ground truth)

https://onedreame.github.io/2020/12/10/%E6%A8%A1%ES %I E%8B%E8%92 %B8% EI%AE %8F %E 6% E%A2%E7%B4%A2(Bert)/
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DistilBERT

DistilBERT, a distilled version of BERT: smaller,
faster, cheaper and lighter

Victor SANH, Lysandre DEBUT, Julien CHAUMOND, Thomas WOLF
Hugging Face
{victor,lysandre, julien,thomas}@huggingface.co

DistilBERT, a distilled version of BERT: smaller, faster, cheaper and lighter, 2020
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DistilBERT

Smaller Size
BERT-base
Model # param.  Inf. time . 12 layers, hidden size = 768, 12 attention heads
(Millions) (seconds) o

EL Mo 120 205 DistilBERT

BERT-base 110 668 6 layers, hidden size = 768, 12 attention heads

DistilBERT 66 410

Almost similar performance

Model Score CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B WNLI
ELMo 68.7 44.1 68.6 76.6 71.1 86.2 534 91.5 70.4 56.3

BERT-base = 79.5 56.3 86.7 88.6 91.8 896 693 927 89.0 53.5
DistilBERT  77.0 51.3 82.2 87.5 89.2 885 599 913 86.9 56.3




MobileBERT

MobileBERT: a Compact Task-Agnostic BERT
for Resource-Limited Devices

Zhiqing Sun'*, Hongkun Yu?, Xiaodan Song?, Renjie Liu?, Yiming Yang', Denny Zhou?

1Carnegie Mellon University {zhigings, yiming}@cs.cmu.edu
?Google Brain {hongkuny, xiaodansong, renjieliu, dennyzhou}@google.com

MobileBERT: a Compact Task-Agnostic BERT for Resource-Limited Devices, 2020
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MobileBERT

- Instead of less layers, reduce the hidden size

BERTLARGE BERTB ASE IB-B ERTLARGE MobileBERT MObﬂcBERTTINY
hembedding 1024 768 128
embedding no-op no-op 3-convolution
hinter 1024 768 512
Linear | Dineu ( 512 ) T [ (512) T (512) ]
houtput 1024 128 128
g | [ ( 1024 ) ] ( 768 ) ( 512 ) ( 512 ) ( 128 )
MHA | #Head 16 12 4 4 4
houtput 1024 768 1024 128 128
body b ( 1024 ) x4 ( 768 ) x12 ( 1024 ) x4 ( 128 ) x24 ( 128 ) x24
FFN heen 4096 3072 4096 512 | x4 512 | x2
howput | L\ 1024 /| 768 1024 128 128
, Binpur 1024 128 128
Linear | o ( 512 ) ] (512 ) | (512 ) |
#Params 334M 109M 293M 25.3M 15.1IM
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MobileBERT

CoLA SST-2 MRPC STS-B QQP MNLI-m/mm QNLI RTE

#Params #FLOPS Latency| o o c7v 37k 57k 364k 393k 108k 2.5k |CCUF
ELMo-BiLSTM-Attn | - i T 336 904 844 723 631 74.1/745 798 589| 70.0
OpenAI GPT 109M i ~ | 472 931 877 848 701 80.7/80.6 872 69.1| 76.9
BERTpasz 100M 225B 342ms| 521 935 889 858 712 84.6/83.4 905 664| 783
BERTpase-6L-PKD* | 665M 113B - ~ 920 850 - 707 815810 890 655| -
BERTpase-4L-PKDT* | 522M  7.6B ~ | 248 894 826 798 702 799/793 851 623 -
BERTpasp-3L-PKD* | 453M  5.7B i . 875 807 - 681 767/763 847 582| -
DistlBERTgass-6LF | 622M  113B - ~ 920 850 707 815810 89.0 655| -
DistlBERTgass-4Li | 522M  7.6B ~ | 328 914 824 761 685 789/780 852 54.1| -
TinyBERT* 145M  1.2B _ | 433 926 864 799 713 8251818 877 629 75.4
MobileBER Ty 15IM  3.1B 40ms | 467 917 879 801 689 815816 895 651 758
MobileBERT 253M 57B  62ms | 505 928 888 844 702 833/82.6 90.6 662| 77.7
MobileBERT w/o OPT| 253M  5.7B  192ms | 51.1 926 888 848 705 843/83.4 916 70.4| 785
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