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INFORMATION
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LLMS

Evolutionary
Tree

%)
7
g
m

(4)

s

G

s ChatcPTI®
S

fT-NLG
k‘\ (Jurassic-142!

BardG [GPT-4/@ | Durassic-2)a2 [Claude
LLaMATAN
Anthropic
OPT-IML[0N i M vas3) BN
o femmmooms.. |
PaLM
©
(BLOOV[#
ZIQ Minervd G
OPT[0\]
PalMG
[Chinchﬂlal@
[InstructGPT|® GPT-NeoX(@]
DCMD G
: GLaMG\_ (Gopher|© [I_ERNIE3.q'@:ﬂ

GPT-3S
XLNet[<] open source
closed source
GPT-2[&)
(Y
Decoder-Only @
5
7
7 8

i

11
i3

= &

@36 0OEO"

Prof. dr. E. Kanoulas — University of Amsterdam



WHAT I—LMS 0.6 BLOOM Model
DO NOT s

0.5 3B

KNOW 1.78

1.1B
=@ 560M

QA Accuracy
o o
w e

o
N

0.1

0.0

100 10! 102 103 104 10° 10°
Number of Relevant Pre-training Documents

Kandpal, Nikhil, et al. "Large language models struggle to learn long-tail 3
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RETRIEVAL
AUGMENTATION

Retrieval augmentation helps
when the LLM has not seen
enough ...

Prof. dr. E. Kanoulas — University of Amsterdam
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Mallen, Alex, et al. "When not to trust language models: Investigating
effectiveness of parametric and non-parametric memories." In ACL 2023.



R ET R I EVA I_ Se&? reh results: Dx Retriever

[1]: Search results:

A U G IVI E N TATI O N 12l [1]: Search results: D,
121 [1]: ... \@Q
[2]: ...

Retrieve when the LLM is not
confident enough

Input

X Generate a summary about Joe Biden. — 1

Y1 Joe Biden attended

q:
q2 [Search(Joe Biden University)]

Y2 the University of Pennsylvania, where he earned

q3 [Search(Joe Biden degree)] q3

Y3 alaw degree.

Jiang, Zhengbao, et al. "Active retrieval augmented generation." arXiv preprint
arXiv:2305.06983 (2023).
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RETRIEVAL
AUGMENTATION

Retrieval augmentation helps
when the LLM has not seen
enough ... but if the LLM has
seen enough it may even harm
performance.

1 Memorized in parameters
1 = don't use retrieval

What is Kathy " (What is the capital of |
Saltzman's occupation? Louisiana?
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Mallen, Alex, et al. "When not to trust language models: Investigating
effectiveness of parametric and non-parametric memories." In ACL2023.
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ARE NEURAL
RANKERS ROBUST?

Robustness of
ranking modelsin IR

Performance Variance:

The performance variance under
the I.1.D. setting

Varg, a.y)~oM(m(a, de, f), yt)

OOD Generalizability:
The generalizability to OOD examples

Edd.y)gM(m(g, di, ), ¥1)

Defensive Ability:
The ability to defend against
adversarial operations

E[Q‘r,mJ:)“QM(Tr[a(qf: df;]: f}v :I'rf:l

Unforeseen query type:
The generalizability to unforeseen

query type

Unforeseen corpus:
The generalizability to unforeseen
corpus

Query attack:
The ability to defend against the
query attack

Document manipulation:
The ability to defend against the
document manipulation

Prof. dr. E. Kanoulas — University of Amsterdam

Wu, Chen, et al. "Are neural ranking models robust?." ACM Transactions on 7

Information Systems 41.2 (2022): 1-36.



MODEL UNCERTAINTY

Bert L2 Mean Relevance to Variance per Document
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. Hamed Zamani and Michael Bendersky. 2023.
Cohen, Daniel, et al. "Not all relevance scores are equal: Multivariate Representation Learning for Information
Efficient uncertainty and calibration modeling for deep Retrieval. In SIGIR ’23.

retrieval models." In SIGIR 2021
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ADVERSARIAL ATTACKS

Original Document Candidates Original Ranking Results
d d

::—_IT :_B]Queryq \_, ::—_j :—_B‘
... Enhanced bibliography Rank position 1 2 3 9 10 "

for this entry at phil papers ...

WSRA
... Heightened bibliography
to that entries at phil papers ... Rank positon 1 2 3 9 10
e NE= 4952
dadv dadv
Adversarial Document Candidates A Neural Ranking Model Adversarial Ranking Results

Wau, Chen, et al. "Prada: practical black-box adversarial attacks against neural
Prof. dr. E. Kanoulas — University of Amsterdam ranking models." ACM Transactions on Information Systems 41.4 (2023): 1-27. 9



UNCERTAINTY

» Estimate uncertainty/confidence
 Attribute uncertainty

* Develop remedies
* Augment data
» Transfer knowledge across domains

 Learn to defer

* Express/pass uncertainty

Prof. dr. E. Kanoulas — University of Amsterdam



(Attack) Typos and ASR mistakes Emmm=) Contrastive learning and data augmentation.
(Attack) False memories mms) Uncertainty estimation and attribution.

(OOD) Conversational questions E) Domain transfer and data generation.

Prof. dr. E. Kanoulas — University of Amsterdam 11






== Random

« Inserts, deletes, swaps, or substitutes a
random character

mm Kecyboard

A

Au L » Swaps a random character with those
” g y close to each other on the QWERTY

keyboard

ommon misspellings

» Replaces words with misspelled ones,
defined in a dictionary of common user-
generated misspellings

Sidiropoulos, Georgios, and Evangelos Kanoulas. "Analysing the robustness
Prof. dr. E. Kanoulas — University of Amsterdam of dual encoders for dense retrieval against misspellings." In SIGIR 2022. 13



METHODS

| Dense Retriever (DR) is a dual-encoder BERT-based modd used for
scoring question-passage pairs:
eSm(g.p7)

l—l

L1(qi7 p;l-y p;-'f1: S Jp;fn) = # Im (1)

eSm@p) + T 1 gim@pl;)’

Sidiropoulos, Georgios, and Evangelos Kanoulas. "Analysing the robustness
Prof. dr. E. Kanoulas — University of Amsterdam of dual encoders for dense retrieval against misspellings." In SIGIR 2022. 14



Original: Where was Obama born? Typo: Where was Obama 2

‘TTIITITITIT (]

+ B0EODENN «
2 @ N

Natural Questions (Test)
Original Typos in Random Words
AR@5 AR@5
Dense Retrieval 67.31 49.52
26% drop

Sidiropoulos, Georgios, and Evangelos Kanoulas. "Analysing the robustness
Prof. dr. E. Kanoulas — University of Amsterdam of dual encoders for dense retrieval against misspellings." In SIGIR 2022. 15



Original: Where was Obama born? Typo: Where was Obama 2

‘TTIITITITIT (]

+ B0EODENN «
2 @ N

MSMarco (Dev)

Original Typos in Random Words
MRR@10 MRR@10

Dense Retrieval 28.11 15.11 4 6(y0 dl‘Op

Sidiropoulos, Georgios, and Evangelos Kanoulas. "Analysing the robustness
Prof. dr. E. Kanoulas — University of Amsterdam of dual encoders for dense retrieval against misspellings." In SIGIR 2022. 16




METHODS

| Dense Retriever (DR) is a dual-encoder BERT-based modd used for
scoring question-passage pairs.
eSm(q.p7)

* 5
l—l

LA(q, P, P01, B ) = # log

(1)

esm@pl) + 1 1_, eim(a.p};)’

| Data Augmentation (DR + Data augm.) is one of the traditional
approaches for robustifying neural models. By exposing DR on questions with
and without typos, the modd learns to be invariant to typos.

Sidiropoulos, Georgios, and Evangelos Kanoulas. "Analysing the robustness
Prof. dr. E. Kanoulas — University of Amsterdam of dual encoders for dense retrieval against misspellings." In SIGIR 2022. 17



Natural Questions (Test) MSMarco (Dev)
Original Typos in Random Original Typos in Random
Words Words
AR@5 AR@5 MRR@10 MRR@10
DR 67.31 49.52 28.11 15.11
DR + Data augm. 66.45 60.69 28.26 22.00

26% — 10% drop

46% — 21% dl‘Op

Prof. dr. E. Kanoulas — University of Amsterdam

Sidiropoulos, Georgios, and Evangelos Kanoulas. "Analysing the robustness
of dual encoders for dense retrieval against misspellings." In SIGIR 2022.
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METHODS

| Contrastive learning (DR + CL) of representations works by maximizing
the agreement between differently augmented views of the same object. We
propose a contrastive loss that compares the smilarity between a question and
its typoed variations and other distinct questions:
Sm(a.g")

- at d. L) = 5
LZ(q/,ql ’ ql,1’ ’ ql,n) 7 |09 eSim(qi,Cl,-Jr) N Hj'.7=1eSim(Cli’q?fj). (2)

The final loss is a weighted average of the two losses:
L =wi-Lqi+ wy-Lo. (3)

Sidiropoulos, Georgios, and Evangelos Kanoulas. "Analysing the robustness
Prof. dr. E. Kanoulas — University of Amsterdam of dual encoders for dense retrieval against misspellings." In SIGIR 2022. 19



Natural Questions (Test) MSMarco (Dev)
Original Typos in Random Original Typos in Random
Words Words
AR@5 AR@5 MRR@10 MRR@10
DR 67.31 49.52 28.11 15.11
DR + Data augm. 66.45 60.69 28.26 22.00
DR + Data augm. 67.47 62.13 29.14 22.84

+ CL (ours)

26% — 7% dl‘Op

46% — 18% dl‘Op

Prof. dr. E. Kanoulas — University of Amsterdam

Sidiropoulos, Georgios, and Evangelos Kanoulas. "Analysing the robustness
of dual encoders for dense retrieval against misspellings." In SIGIR 2022.
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DO ALL TYPOS MATTER EQUALLY?

Natural Questions (Test)
Original Typos in Random Typos in Discriminative
Words Utterances
AR@5 AR@5 AR@5
DR 67.31 49.52 38.89
DR + Data augm. 66.45 60.69 51.68
DR + Data augm.
+ CL (ours) 67.47 62.13 53.15

Sidiropoulos, Georgios, and Evangelos Kanoulas. "Analysing the robustness
Prof. dr. E. Kanoulas — University of Amsterdam of dual encoders for dense retrieval against misspellings." In SIGIR 2022. 21



WHAT DOES THE MODEL LEARN?

DR
DR (+ Delete words with typos)
0.8 - DR + Data augm. + CL (ours)
0.6 1
o=
g)
©
a
0.4 1
0.2
0.0 T

00.1)  [0.1:0.2)  [0.2-03)  [0.304)  [0.40.5)  [0.5-06)  [0.6-0.7]
Importance of typoed words

Sidiropoulos, Georgios, and Evangelos Kanoulas. "Analysing the robustness
Prof. dr. E. Kanoulas — University of Amsterdam of dual encoders for dense retrieval against misspellings." In SIGIR 2022. 22
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SYNTHETIC
QUESTIONS

Sidiropoulos, Georgios, Svitlana Vakulenko, and Evangelos Kanoulas. "On the impact of
speech recognition errors in passage retrieval for spoken question answering." In CIKM 2022

Prof. dr. E. Kanoulas — University of Amsterdam
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SIGNIFICANT DROP IN PERFORMANCE

Natural Questions (Test)
Original ASR
AR@5 AR@5
DR 66.26 41.91

37% drop

Sidiropoulos, Georgios, Svitlana Vakulenko, and Evangelos Kanoulas. "On the impact of
speech recognition errors in passage retrieval for spoken question answering." In CIKM 2022

Prof. dr. E. Kanoulas — University of Amsterdam 25



DATA AUGMENTATION FOR THE WIN

Natural Questions (Test)
Noise Original ASR
AR@5 AR@5
DR 66.26 41.91
DR + Data augm. Typos 67.47 46.75

29% drop

Prof. dr. E. Kanoulas — University of Amsterdam

Sidiropoulos, Georgios, Svitlana Vakulenko, and Evangelos Kanoulas. "On the impact of
speech recognition errors in passage retrieval for spoken question answering." In CIKM 2022 26



DATA AUGMENTATION FOR THE WIN

Natural Questions (Test)
Noise Original ASR
AR@5 AR@5
DR -- 66.26 41.91
DR + Data augm. Typos 67.47 46.75
DR + Data augm. ASR 66.67 54.84

17% drop

Sidiropoulos, Georgios, Svitlana Vakulenko, and Evangelos Kanoulas. "On the impact of
Prof. dr. E. Kanoulas — University of Amsterdam speech recognition errors in passage retrieval for spoken question answering." In CIKM 2022 27



... BUT HOW MUCH AND WHAT KIND

# Additional training

. : : AR@5
questions with ASR noise @
40K 54.84
4K 48.69 Data hungry
400 44.29
0 41.91

Sidiropoulos, Georgios, Svitlana Vakulenko, and Evangelos Kanoulas. "On the impact of
Prof. dr. E. Kanoulas — University of Amsterdam speech recognition errors in passage retrieval for spoken question answering." In CIKM 2022 28



... BUT HOW MUCH AND WHAT KIND

Data augm. test AR@5

en-US en-US 54.84 D X . ,
en-US en-IN  46.37

Sidiropoulos, Georgios, Svitlana Vakulenko, and Evangelos Kanoulas. "On the impact of

Prof. dr. E. Kanoulas — University of Amsterdam speech recognition errors in passage retrieval for spoken question answering." In CIKM 2022 29



NATURAL
QUESTIONS

Natural Questions (Test)
Noise Original ASR Synthetic ASR NAtural
AR@5 AR@5 AR@5
DR -- 66.26 41.91 16.64
DR + Data augm. Typos 67.47 46.75 24.82
DR + Data augm. ASR Synthetic 66.67 54.84 29.98

Sidiropoulos, Georgios, Svitlana Vakulenko, and Evangelos Kanoulas. "On th 5 4 /O drop
Prof. dr. E. Kanoulas — University of Amsterdam speech recognition errors in passage retrieval for spoken question answering." in Cusvi zuzz 30



END-TO-END SPEECH-TO-TEXT RETRIEVAL

HHBEIQT 7;“'.”;""3 Prace“" Alternate between two cteps

CTEP 1: Diccover "hidden units” targets m STEP 2: Predict targets at masked positions
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Hsu, Wei-Ning, et al. "Hubert: Self-supervised speech representation learning by masked prediction
Prof. dr. E. Kanoulas — University of Amsterdam  of hidden units." IEEE/ACM Transactions on Audio, Speech, and Language Processing 29 (2021 31



END-TO-END SPEECH-TO-TEXT RETRIEVAL

—i —i

sim(g,p) = q"

/\
T i

./

31

HuBERT BERT

spoken question: q textual passage: p

Sidiropoulos, Georgios and Evangelos Kanoulas, Multimodal Dense Passage Retrieval
Prof. dr. E. Kanoulas — University of Amsterdam For Speech-based Open-Domain Question Answering. Preprint. Under Review. 32



END-TO-END SPEECH-TO-TEXT RETRIEVAL

—i —i

sim(g,p) = q"

Natural

T T Question

£ —* N

31

HuBERT BERT AR@S
T DR + ASR 68,36
spoken question: q textual passage: p MDR 57,25

Sidiropoulos, Georgios and Evangelos Kanoulas, Multimodal Dense Passage Retrieval
Prof. dr. E. Kanoulas - University of Amsterdam For Speech-based Open-Domain Question Answering. Preprint. Under Review. 33



END-TO-END SPEECH-TO-TEXT RETRIEVAL

=T —a

sim(g,p) = q"

/\

p MS Marco
HuBERT BERT DR + ASR 17.74
MDR 15.77
spoken question: g textual passage: p

Sidiropoulos, Georgios and Evangelos Kanoulas, Multimodal Dense Passage Retrieval
Prof. dr. E. Kanoulas — University of Amsterdam For Speech-based Open-Domain Question Answering. Preprint. Under Review.
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END-TO-END SPEECH-TO-TEXT RETRIEVAL

sim(q,p) =q" P
P MS MS
T T Marco Marco
(L N Seen Unseen
HuBERT BERT

MMR MMR
| DR + ASR 16.69 13.45

spoken question: q textual passage: p
MDR 15.47 18.52

o

Sidiropoulos, Georgios and Evangelos Kanoulas, Multimodal Dense Passage Retrieval
Prof. dr. E. Kanoulas — University of Amsterdam For Speech-based Open-Domain Question Answering. Preprint. Under Review.
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END-TO-END SPEECH-TO-TEXT RETRIEVAL

1.0
ASR+ DR
ASR D h)-Robu.sf.
ASR + Char DR popysr
0.8 - MDR(Ours)
S 0.6
g
®
)
Q
o 0.4
0.2 A
[]U T T T T T
0 ‘ (0, 0.2] (0.2, 0.333] (0.333, 0.545] (0.545, -)
Avg. len q: 6.2 Avg. len q: 7.4 Avg. len q: 6.1 Avg. len q: 5.2 Avg. len q: 4.3
WER

Sidiropoulos, Georgios and Evangelos Kanoulas, Multimodal Dense Passage Retrieval
Prof. dr. E. Kanoulas - University of Amsterdam For Speech-based Open-Domain Question Answering. Preprint. Under Review. 36



Typos and ASR mistakes mmmmm) Contrastive learning and data augmentation.

False memories ) Uncertainty estimation and attribution.

Conversational questions EE) Domain transfer.

Prof. dr. E. Kanoulas — University of Amsterdam
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RIGHT ON
THE TIP OF
MY TONGUE

Prof. dr. E. Kanoulas — University of Amsterdam
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IT'S ON THE TIP
OF MY TONGUE

Prof. dr. E. Kanoulas — University of Amsterdam

Ok so I don'’t really remember anything but one scene, so I will try to give as much detail as I can. I saw this movie
when I was very young and only remember this scene because (from what I remember) I don’t think I actually watched
most of the movie because I found it pretty scary, so it is probably not a children/family movie. I think I watched it in
2006 (mid-end of the year probably) and it was on a tv in someone’s house, so it was old enough to be released on
tv/dvd (not still in cinemas). It was in English and colour I'm pretty sure. So this scene: There was a (or multiple) giant
robot-like things and I think they were sort of sphere shaped. It was destroying a city and going around picking people
up (possible killing them?) in giant net-like things i think. There was a father and daughter (i think it was a daughter)
and they ended up getting separated because the father got picked up by the robot thing. When the robot thing was
picking people up there was a lot of red liquid stuff (quite possibly blood, but maybe something else?). In the end I
think the father made it back to the daughter. And that is all I remember, sorry if it is vague, but really hope someone
can help.

39



COMPLEXITY

Social nieces

Contextual episodic memories

Semantic memories about metadata, scenes,
plots, etc.

Exclusion criteria

Multi-hop reasoning (comparisons)

Ok so I don’t really remember anything but one scene, so I
will try to give as much detail as I can. I saw this movie
when I was very young and only remember this scene
because (from what I remember) I don’t think I actually
watched most of the movie because I found it pretty scary,
so it 1s probably not a children/family movie. I think I
watched it in 2006 (mid-end of the year probably) and it
was on a tv in someone’s house, so it was old enough to be
released on tv/dvd (not still in cinemas). It was in English
and colour I'm pretty sure. So this scene: There was a (or
multiple) giant robot-like things and I think they were sort
of sphere shaped. It was destroying a city and going
around picking people up (possible killing them?) in giant
net-like things 1 think.

Prof. dr. E. Kanoulas — University of Amsterdam
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COMPLEXITY

Social nieces

Contextual episodic memories

Semantic memories about metadata, scenes,
plots, etc.

Exclusion criteria

Multi-hop reasoning (comparisons)

Ok so I don't really remember anything but one scene, so I
will try to give as much detail as I can. I saw this movie
when I was very young and only remember this scene
because (from what I remember) I don’t think I actually
watched most of the movie because I found it pretty scary,
so it 1s probably not a children/family movie. I think I
watched it in 2006 (mid-end of the year probably) and it
was on a tv in someone’s house, so it was old enough to be
released on tv/dvd (not still in cinemas). It was in English
and colour I'm pretty sure. So this scene: There was a (or
multiple) giant robot-like things and I think they were sort
of sphere shaped. It was destroying a city and going
around picking people up (possible killing them?) in giant
net-like things 1 think.

Prof. dr. E. Kanoulas — University of Amsterdam
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COMPLEXITY

Social nieces

Contextual episodic memories

Semantic memories about metadata, scenes,
plots, etc.

Exclusion criteria

Multi-hop reasoning (comparisons)

Ok so I don't really remember anything but one scene, so I
will try to give as much detail as I can. I saw this movie
when I was very young and only remember this scene
because (from what I remember) I don’t think I actually
watched most of the movie because I found it pretty scary,
so it 1s probably not a children/family movie. I think I
watched it in 2006 (mid-end of the year probably) and it
was on a tv in someone’s house, so it was old enough to be
released on tv/dvd (not still in cinemas). It was in English
and colour I'm pretty sure. So this scene: There was a (or
multiple) giant robot-like things and I think they were sort
of sphere shaped. It was destroying a city and going
around picking people up (possible killing them?) in giant
net-like things 1 think.

Prof. dr. E. Kanoulas — University of Amsterdam
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4} i r/tipofmytongue - Posted by u/Mr_Jack_Frost_ 15 hour

14 [TOMT] [MOVIE] Dialogue from a movie I cannot remember.

@ Solved
I just had dialogue from a movie randomly pop into my head. The format of the dialogue I remember

.

is“Tam s " asin, “I am Jane's favorite sweater” but I cannot for the life of me remember actual
dialogue or what movie it is from. It's killing me, and any help is very much appreciated. My gut says it
was an artsy, introspective film, but I could be completely wrong.

I'm grasping at straws here, so if anyone is able to help me it would be shocking and wonderful.

_‘f_/_] 8 Comments /9 Share D Save @ Hide L‘\,‘] Report 90% Upvotec

This thread has been locked by the moderators of r/tipofmytongue

New comments cannot be posted

L] /I'/TipOfMYTOngue Reddit Sort By: Old (Suggested) v
Communlty .' TipOfMyCircuitBoard @ 15hr.ago -

)

Click here for a link to the answer!

G Vote\'_'/ Share Report Save Follow

ﬁ Mr_Jack_Frost_ OP - 15 hr. ago

Hopefully I did this all properly, if I've messed something up please let me know and I'll correct it!

{F 3 \} Share Report Save Follow

i blixawerk - 15 hr. ago
69

“I.am Jack’s complete lack of surprise” from Fight Club?

/\_I\ 41@ Share Report Save Follow

@ jakeinator21 - 15 hr. ago
: 17

Definitely Fight Club, or at least some other movie referencing Fight Club.

o Bhargav, Samarth, Georgios Sidiropoulos, and Evangelos Kanoulas. "'It's on the tip of mg
Prof. dr. E. Kanoulas — University of Amsterdam tongue' A new Dataset for Known-Item Retrieval." In WSDM 2022.



300k 300k
B Solved I Movies
250k |1 W Open 250k | W Books
[ Unknown mm Other
T . Removed o
3 150k 4 3 150k 4
g g
P Pl
“~ 100k - “~ 100k -
50k A 50k A
0 - 0-
2017 2018 2019 2020 2017 2018 2019 2020
Years Years
(@) Submission Satus (b) Category

Subset No. queries No. positive documents No. other candidates No. negatives Total documents

Books 2319 1910 710 - 2620
Movies 13469 8845 4797 1221 14863
Total 15788 10755 5507 1221 17483

Table 2: Overall statistics of Reddit-TOMT .

o Bhargav, Samarth, Georgios Sidiropoulos, and Evangelos Kanoulas. "'It's on the tip of my
Prof. dr. E. Kanoulas — University of Amsterdam tongue' A new Dataset for Known-Item Retrieval." In WSDM 2022.



COMPLEXITY

Dataset Query Length Lexical Overlap
MSMarco (Campos et al., 2016) 7.68 0.55
Natural Questions (Kwiatkowski et al., 2019) 10.35 0.52
Bi1oASQ (Tsatsaronis et al., 2015) 14.82 0.58
TREC-COVID (Roberts et al., 2020) 15.94 0.41
SciFact (Wadden et al., 2022) 19.52 0.50
HotPotQA (Yang et al., 2018b) 22.78 0.45
TOMT (Bhargav et al., 2022) 136.50 0.25

Kevin Lin, Kyle Lo, Joseph E. Gonzalez, Dan Klein. Decomposing Complex
Prof. dr. E. Kanoulas — University of Amsterdam Queries for Tip-of-the-tongue Retrieval. In EMNLP Findings 2023 45



COMPLEXITY

Dataset Query Length Lexical Overlap
MSMarco (Campos et al., 2016) 7.68 0.55
Natural Questions (Kwiatkowski et al., 2019)  10.35 0.52
Bi1oASQ (Tsatsaronis et al., 2015) 14.82 0.58
TREC-COVID (Roberts et al., 2020) 15.94 0.41
SciFact (Wadden et al., 2022) 19.52 0.50
HotPotQA (Yang et al., 2018b) 22.78 0.45
TOMT (Bhargav et al., 2022) 136.50 0.25
WhatsThatBook 156.20 0.19

Kevin Lin, Kyle Lo, Joseph E. Gonzalez, Dan Klein. Decomposing Complex
Prof. dr. E. Kanoulas — University of Amsterdam Queries for Tip-of-the-tongue Retrieval. In EMNLP Findings 2023 46



Dataset Method MRR@10
Books BM25 0.197

DR 0.278
Movies BM25 0.167

DR 0.193
MSMarco BM25 0.240

DR 0.311

o Bhargav, Samarth, Georgios Sidiropoulos, and Evangelos Kanoulas. "'It's on the tip of m;
Prof. dr. E. Kanoulas — University of Amsterdam tongue' A new Dataset for Known-Item Retrieval." In WSDM 2022. 4



Dataset Method MRR@10
Books BM25 0.197

DR 0.278
Movies BM25 0.167

DR 0.193
MSMarco Dev | BM25 0.240

DR 0.311

Prof. dr. E. Kanoulas — University of Amsterdam

Bhargav, Samarth, Georgios Sidiropoulos, and Evangelos Kanoulas. "'It's on the tip of
tongue' A new Dataset for Known-Item Retrieval." In WSDM 2022.
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COMPLEXITY

Hi there, \
From what | remember, the main
character is nicknamed "Mouse" and she rides a
big chestnut horse in jumper shows. | think this ‘
book may have been Australian. The cover just Query Decomposer
showed a chestnut horse and rider in mid jump. |
think the title was one word--it may have been

the name of the horse. | cannot remember the
name or the author of this book. | have googled

everything | can think of but | cannot to find this Retriever

book and its driving me crazy! I'd be grateful for Cover Retriever
any help on this! Thank you! / Retriever

Retrieval Experts ‘

Scarlet I The Macintyre [
! Royal | family - Margo,
Il — — — a4, Connie, Molly and !
I

[

[

l their mother - love

[ horses and |
| everything about I
| horses...

Semi-Structured Document

Decomposing Complex Queries for Tip-of-the-tongue Retrieval Kevin Lin,
Prof. dr. E. Kanoulas — University of Amsterdam Kyle Lo, Joseph E. Gonzalez, Dan Klein EMNLP Findings 2023 49



HEDGING

I don’t think I actually watched most of the movie because I
found it pretty scary, so it is probably not a children/family
movie. I think I watched it in 2006 (mid-end of the year
probably) and 1t was on a tv in someone’s house, so it was old
enough to be released on tv/dvd (not still in cinemas). It was
in English and colour I'm pretty sure. So this scene: There
was a (or multiple) giant robot-like things and I think they
were sort of sphere shaped. It was destroying a city and going
around picking people up (possible killing them?) in giant net-
like things 1 think.

S

TOM CRUISE

-WAHPJEW[IRLSJ
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FALSE MEMORIES

The only things that I remember are that there was something
to do with water, and by this, I mean like an ocean, or maybe
it was something like a submarine or an oil rig, and I think
that the main character was a guy, who was either a ghost, or
a silvery liquid metally alien/liquidy thing, that looks a bit
like the T-1000 1n Terminator 2. Sorry for the lack of detail,
and please help me remember this!
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FALSE MEMORIES

The only things that I remember are that there was something
to do with water, and by this, I mean like an ocean, or maybe
it was something like a submarine or an oil rig, and I think
that the main character was a guy, who was either a ghost, or
a silvery liquid metally alien/liquidy thing, that looks a bit
like the T-1000 1n Terminator 2. Sorry for the lack of detail,
and please help me remember this!

The average rank of the correct item
drops from position 10 to position 15.

52
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TREC 2024 TIP-OF-THE-TONGUE (TOT) TRACK

Task 1: Movie identification Task 2: ToT known-item search for new domains
(same as 2023) with ToT query elicitation
* Test Queries: 150 new queries sampled from * New ToT queries elicited from crowd workers
MS-ToT dataset  Domains: movies, landmarks, celebrities, recipes,
* Train/Dev Queries: 450 queries from 2023 ToT everyday objects, etc.
Track
* Corpus: Wikipedia Corpus (~230K articles) .
» Task: Given a ToT query, rank Wikipedia Do you recognize it?
articles N Y
Continue Do you recall its name?
N Y

Prof. dr. E. Kanoulas — University of Amsterdam Continue



Typos and ASR mistakes mmmmm) Contrastive learning and data augmentation.

False memories ) Uncertainty estimation and attribution.

Conversational questions EE) Domain transfer.

Prof. dr. E. Kanoulas — University of Amsterdam
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CONVERSATIONS




CONVERSATIONS

What are the alternatives to cow milk?

Commercially available almond milk is often enriched
with vitamins A and D, as well as calcium, to make it
seem more like regular milk. (Almonds provide some
calcium, but not as much as cow’s milk.) Almond milk
is low 1n calories compared to other milk substitutes
and contains some heart-healthy monounsaturated fat.
You might also try oat, hemp or rice milk. Oat milk
provides more fiber than other milk substitutes and was
shown in a Swedish study to help lower LDL (“bad”)
cholesterol and total cholesterol. Hemp milk, made by
pulverizing the seeds, blending them with water and
straining out the solid residue, provides both omega-6
and omega-3 essential fatty acids in a healthy three-to-
one ratio.

2 Which is healthiest?

Prof. dr. E. Kanoulas — University of Amsterdam 56



LATE INTERACTION

Query Encoder, f;, Document Encoder, f

MS MARCO

Query Document

Khattab, Omar, and Matei Zaharia. "Colbert: Efficient and effective passage
Prof. dr. E. Kanoulas — University of Amsterdam search via contextualized late interaction over bert." In SIGIR 2020.



ZERO-SHOT QUERY CONTEXTUALIZATION

2
§
£
2
| ~ J | ~ J Passage
turn_1 v turn_i

Krasakis, Antonios Minas, Andrew Yates, and Evangelos Kanoulas. "Zero-

Prof. dr. E. Kanoulas — University of Amsterdam shot query contextualization for conversational search." In SIGIR 2022 58



ZERO-SHOT QUERY CONTEXTUALIZATION

turns
turny

ZRe_soIﬂion (R){

tell me about lung cancer.

what are |i{t2} symptoms?

Anaphora (A)

Sim(A/ast_turny R)
Sim(AZeCOZ: R)
Asim(A! R)
ARecall

0.13
0.47
0.34
+0.24

Prof. dr. E. Kanoulas — University of Amsterdam

Krasakis, Antonios Minas, Andrew Yates, and Evangelos Kanoulas. "Zero-
shot query contextualization for conversational search." In SIGIR 2022
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WIZARD OF 0Z

DALL*E

Abbasiantaeb, Zahra, et al. "Let the LLMs Talk: Simulating Human-to-Human
Prof. dr. E. Kanoulas — University of Amsterdam Conversational QA via Zero-Shot LLM-to-LLM Interactions." To appear in WSDM 2024. 61



WIZARD OF 0Z

Annot. level Metric answergyac answers;, Tie
Correctness 11.31% 38.6% 50.0%
Question Naturalness 7.1% 42.1% 50.7%
Completeness 5.26% 53.8% 40.8%
Conversation Preference 6.12% 87.7% 6.18% DALL*E

Abbasiantaeb, Zahra, et al. "Let the LLMs Talk: Simulating Human-to-Human
Prof. dr. E. Kanoulas — University of Amsterdam Conversational QA via Zero-Shot LLM-to-LLM Interactions." To appear in WSDM 2024. 62
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Dataset
(a) Topic coverage

Abbasiantaeb, Zahra, et al. "Let the LLMs Talk: Simulating Human-to-Human
Prof. dr. E. Kanoulas — University of Amsterdam Conversational QA via Zero-Shot LLM-to-LLM Interactions." To appear in WSDM 2024.63
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(b) Conversation flow

Abbasiantaeb, Zahra, et al. "Let the LLMs Talk: Simulating Human-to-Human
Prof. dr. E. Kanoulas — University of Amsterdam Conversational QA via Zero-Shot LLM-to-LLM Interactions." To appear in WSDM 2024. 64



BROKEN
TELEPHONE
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