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200 Largest tracks this year:
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J_.:?pﬁﬁ' féfp \gt;gpg&y ag-“i:'y ‘J'Fe,ﬁ(‘h of o A\ ;fqﬁ - EW“WRWC&
LT G

e 2023: NLP Applications, Machine Leaming, Information Extraction
2022: Machine Leaming, Information Extraction, NLP Applications
2021: Machine Leaming, Machine Translation & Multilinguality, Information Extraction
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* Does In-Context-Learning Offer the Best Tradeoff in Accuracy,
Robustness, and Efficiency for Model Adaptation?

 Can LLMs Reason and Plan?

* Are LLMs Narrowing Our Horizon? Let’s Embrace Variation in
NLP!
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* Does In-Context-Learning Offer the Best Tradeoff in Accuracy,
Robustness, and Efficiency for Model Adaptation?

« 3 A Sunita Sarawagi
* Professor, IIT Bombay

* sequence models for text and time-series, domain adaptation, :
effective human intervention in learning, graphical models and [ =
structured learning
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Background

* The model adaptation problem: from one domain (training set)
to another (test set)

« Challenges:
* Accuracy (overfit vs. no change)
* Robustness
* Efficiency

 Related topics: domain adaptation/transfer learning/few-shot
learning

* Methods: Fine-tuning and its variants; Mixture of experts; Task-
vectors; Matching-based methods
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LLM-era

* In-context learning (ICL): Adaptation is just a forward pass

* Why does it work?
« H1: Transformers implement gradient descent algorithm over IC examples
« H2: IC examples recognize tasks in pre-training, e.g. via task vectors

« H3: Self-attention implements matching-based adaptation via induction
heads
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Improvement:

« Structuring of prompts
Pre-training strategies
Fine-tuning

Example retrieval
Model architectures




Can LLMs Really Reason and Plan”

» Speaker: Subbarao Kambhampati
 Arizona State University

« FOFRIEA: LLMsTE RIS B 4L] 5 E o)

- FENLLME ARIGRENR E#TT LIRS

* 4518 LLMsIllGAER L A HRA Bnm ENEBHITRN
(B2 EBERNPUE N
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Are LLMs Narrowing Our Horizon? Let’s
Embrace Variation in NLP!

» Speaker: Barbara Plank LMU Munich & IT
University of Copenhagen

* LLMs & Trust: A Short Look at Al history
* Regrain trust from four aspects:
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D1 Knowledge about Model Input

D2 Knowledge about Model Behaviour

Trust arises from knowledge of origin as well as from knowledge of functional capacity.

*

D4 Knowledge of Data Origin

Dataset

Prediction <-| ’-b Expectation

D3 Knowledge of Evaluation Protocols
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We need to embrace variation holistically

* Inputs: linguistic variation, low-resource languages & dialects
« Outputs: human label variation as signal (not error) [Uncertainty]
* Research: Language as the Bridge
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Execution ’
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Ex’te,ﬁ'\aul . _ Flows

k’now{edrje |
Base * | ﬁ ; Q
Y. 4 ¥ Agents Social Sciences

Conversational - e.g. Hovy & Yang, 2021 NAACL;
Survey Science  Mewory 000 ¥ Cornitzer et al, 2024,
!

e.g. Eckman, Plank, Kreuter. q
ICML 2024,
. —> | LM — D = ~<
Sociolinguistics &

Variation Linguistics o Protective HCI / label variation
e.g. Grieve et al., 2024; Pr‘omp't Guacdrails e.g. Gordon et al., 2022 CHI,
Purschke et al., 2024 IClave 12 Engine.eﬁng Plank 2022 EMNLP

Interpretability &
Actionable Insights

e.g. Marius Mosbach, NAACL 2024
workshop invited talk 69
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. e Tutorial 1- Computational Linguistics for Brain Encoding and
TUtO [l aIS Decoding: Principles, Practices and Beyond
Room : Lotus 1-4 (Level 22)
Jingyuan Sun, and Shaonan Wang, and Zijiao Chen, and Jixing Li,
and Marie-Francine Moens

e Tutorial 2 - Automatic and Human-Al Interactive Text
Generation (with a focus on Text Simplification and Revision)
Room : Lotus 5-7 (Level 22)

Yao Dou, and Philippe Laban, and Claire Gardent, and Wei Xu

e Tutorial 3 - Vulnerabilities of Large Language Models to
Adversarial Attacks
Room : World Ballroom B (Level 23)
Yu Fu, Erfan Shayegan, and Md. Mamun Al Abdullah, and Pedram
Zaree, and Nael Abu-Ghazaleh, and Yue Dong
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| TUtO ri aIS 14:00 - 17:30 Tutorial 4 - 6

e Tutorial 4 — Computational Expressivity of Neural Language
Models
Room: Lotus 1-4 (Level 22)
Alexandra Butoi and Ryan Cotterell and Anej Svete

e Tutorial 5—- Watermarking for Large Language Model
Room: Lotus 5-7 (Level 22)
Xuandong Zhao, and Yu-Xiang Wang, and Lei Li

e Tutorial 6; Presentation Matters: How to Communicate Science
in the NLP Venues and in the Wild?
Room: World Ballroom B (Level 23)
Sarvnaz Karimi, and Cecile Paris, and Gholamreza Haffari
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T4: Representational Capacity of Neural
Language Models

* A group of ETH Zlrich led by Ryan
Cotterell [ Naoa ]

 formal language theory to understand Language
the representational capcacity of LLMs Models

* RNN vs. Finite-State Automata

 LLMs vs. finite-state automata and
Turing machines.

[ Expressivity ] Trainability

AN

R Formal
Approximation
Language
Theory

Theory
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our Second Theorem of the Day

. The intuitive connection between RNNs and finite-state automata can be
very concretely formalized P '
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SemanticsE & (oral)

- NounAtlas: Filling the Gap in Nominal Semantic Role Labeling

Roberto Navigli, Marco Lo Pinto, Pasquale Silvestri, Dennis
Rotondi, Simone Ciciliano, Alessandro Scire

- UG-schematic Annotation for Event Nominals: A Case Study
in Mandarin Chinese

Wenxi Li | Yutong Zhang | Guy Emerson | Weiwei Sun
Computational Linguistics, Volume 50, Issue 2 - June 2023

« Distributional Inclusion Hypothesis and Quantifications:
Probing for Hypernymy in Functional Distributional Semantics

Chun Hei Lo, Wai Lam, Hong Cheng, Guy Emerson
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NounAtlas: Filling the Gap in Nominal
Semantic Role Labeling

Nominal SRL is under studied

Existing SRL has been primarily focused on verbal predicates.
But nominal predicates are frequent in real-world settings!

Dr. Jones
AGENT

Tsinghua - Computational Linguistics

’s astounding

discovery | |in his laboratory] | yesterday night
inal
pradicute ‘ LOCATION \ ‘ TIME \

& Newspaper Headlines ¢ Dialogues

-~ Short Messages & Social Media Posts
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Inventory

NounAtlas

Filling the gap in nominal SRL with NounAtlas!

Creating a huge inventory for Nominal SRL

Expanding VerbAtlas frames

We start from the existing VerbAtlas
frames, which groups together
semantically-related

We expand the VerbAtlas frames by
adding WordNet nominal synsets that
convey similar semantics.

verbal predicates.
ey e N =)
TN = ‘\ WHNT 'T-'Tges:, congume } \__/{ n"::‘mping) . frum nau;}\‘j
O /<{ ingest, ..., consume } > \ / {bite} . { eating, feeding } l
1 e oy 10 = o | (dmom
( f— {eat} b 7 . {.ﬂ\al\:r,-: §e( down 1/_\ ._“{CTEL_ ‘4 a4- -
{ swallow, get down } | w',';l'::l‘“ :ui(_n:ufi Pl y ;:,,"::& (
¢ moneh, aunch __. = L EAT-BITE |
EAT-BITE i

frame!
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/OWe manually selected the most prominent nominal \
synsets from WordNet

e We collect all their nominal descendants (i.e. via
/ direct/indirect WordNet hyponym relations)

e We link nominal synsets to their verbal counterparts
tKhrough WordNet’s Derivationally Related Forms (DRF)
edges

embarrass.v.01
pride.v.o1

act.n.02 w—pp- —gp- congratulation.n.02 acclimatize.v.01
frighten.v.01
<: G / compliment.v.01

happening.n.01 =———% - - - = embarrassment.n.03
event.n.01 <<:

event.n.02
0 congratulate.v.01
process.n.02 <: /y

process.n.06 <:
h s e— =13 alienation.n.04




| Evaluation

/1. Unambiguous links, evaluated
on 100 items: 82% in
agreement with manual
annotations, 18% made up of
L equally-valid selections

(2. Ambiguous links, evaluated on
100 items: tie broken through
manual curation, Cohen’s
Kappa = 0.57 (moderate)

N,

Unambiguous links

Wordnet-based synset-to-frame mapping: Evaluation

Manually-curated links

Non-existing links

to score predicates and, aggregated on <10 predicates, frames. We consider
the top-5 frames and manually link.

(vert -

¢ As a result of manual —
annotation, 99.6% of % —
Unlinked synsets were added 335
to a frame

¢ 88.2% of correct frames
contained in our model’s
top-5 ranking, 49.3% in the
top-1

i R .
9 TR
4] 100 200 300 400
Frame rank

search.n.01

raid.v.04

ﬁ Missing links: We use a Cross-Encoder trained on the other types of link \
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| Corpus + model

Creating a nominal SRL corpus

/i’redicate nominalization: Generation

Idea - start from SemCor (Miller et al. 1993):
Verbal predicates in SemCor annotated with WordNet
synsets are directly linked to !

e We retain all SemCor sentences featuring

sentence using Gemini-Pro

4+ Thoeo

uple’s ~“marrisge™ was held on Aug, 2, 1913

e We validate the generation by keeping the sentence if:

1. The deverbal noun is identified
2. The deverbal noun is a houn
Kfi. Its lemma is among the candidates provided

e We generate the corresponding nominalized version of each

5

/Verbal-to-nominal role propagation
We annotate the verbal sentences with
InVeRo-XL (Conia et al. 2021)

«The couple was marri

1| Aug. 2, 1913

[\

«The couple’s! marriage ,was held on Aug. 2, 1913

Time

We validate ~500 random sentences to

unchanged sentences: 92.11%
unchanged frames: 95.56%
unchanged role spans: 77.11%

anhanged role labels: 95.27%

generate a gold test set for Nominal SRL:

Robust
approach

Tsinghua - Computational Linguistics

M=1~"'2r=1
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A unified model for SRL

Setup

Backbone model: RoBERTa-based model from Conia and Navigli (2020)
Training data:

« Nominal SRL: Our dataset

« Verbal SRL: OntoNotes 5.0 (V)

« The combination of the two datasets (N+V)

Test data:

¢ Our ~500 manually-curated nominal sentences (nouns)

« The OntoNotes test set (verbs) converted to VerbAtlas annotations

Gold-standard nominal test set

Sememmete e  OUT model,

= jointly-trained on

| : nominal and verbal data
! (N+V), achieves

’ competitive

performance on
' - nominal SRL! ¢
OntoNotes verbal test set

Also robust on the ==
OntoNotes test set (verb
frames).

Pertarrarce by Fairing Data

Thanks to NounAtlas,
we devised a unified
approach for nominal
and verbal SRL!




Background

Multilingual Heterogeneity of Event Nominals

nsubj @3 c:omp
(mod) (mark]
@
EE! [—%

The p ation of thIS paper demonstrates that she ing linguistics
ccnmp
nsubj
ob
nmod:poss
Hf'\mf-ﬂ r-\[f - : | Wﬂf:: |
& :l?
thls CL paper DE demonstrate she LOC linguistics LOC

@ Identification: Languages differ in their use of functional morphemes for
nominalizations and the types of morphemes they use.

@ Nominal SRL: Languages differ in how they realize participants of event
nominals through syntactic constructions
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| Research Question

Multilingual Heterogeneity of Event Nominals

Mandarin  English German

Subject with nominative case — ? +
Accusative case on object — ? +
Projection of outer Aspect — + + .
Mo:ial or auxiliary verll;) + + + Resea rCh Q u eSt I 0 n
Complementizer — + + re
Verb suffix - ++ How can we accommodate multilingually
) P st - = H heterogeneous phenomena in a unified
Genitive/PP-object - + + i
gend{:_rw = . way, or more theoretically, uncover
Determiner . I universals of the world’s languages
- + +

Noun suffix

beneath their surface-level variations?

Table: Verb- and noun-related
features of event nominals
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Distributional Inclusion Hypothesis and
Quantifications: Probing for Hypernymy in
Functional Distributional Semantics

DIH and Quantifications FDS
DIH. r, is a hypernym of r; iff r;'s characteristic contexts C ry's. Entity Vectors. z € R?
Quantifications. A corpus with only universally quantified state- Truth-Conditional Semantic Functions.
ments results in the reverse of DIH (rDIH). t9)() = P (dog(z) = T | )

§ . T+ ;
: ARG — \d08) (dog)
animal {— eats} sigmoid (f 24+ b

/\ Representing Hypernymy.

dog {<—/\RGl bark} bat {<—ARG] fly} v 1. el = L 8% <£T)
which is true iff s(dog, animal) > 0, where

s(ry, re) = p\rH) — plra) _ H'U“”J — pim)
2

Model Training. By Lo et al. (2023), given a DMRS graph:

Figure 1. A taxonomic hierarchy of nouns. Next to each noun are
the contexts applicable to it and its descendants.

Corpus 1 (DIH) Corpus 2 (rDIH) some 218 dog £85L park

some dog barks every dog barks Variational Inference: g(> | ARG bark)

some animal barks every dog eats 5 - ' o)

some bat flies every bat flies econstruction: max In IEM:|&_MM [r‘. ; ()} Fon

some animal fhe; every bat eats | New objective (FDSy). Optimizes over regions of the entity ¢
some animal eats every animal eats for handling universal quantifications

Table 1. Corpora generated from the hierarchy in Fig. 1.
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What does Kiki look like? N
llgnmg o Aduits |5 Easy
Li

Cross-modal associations between speech sounds and R
visual shapes in vision-and-language models : U(_jy Q:f inguistic Alignmory
In Dialogue Systems

orof| i
hea French, Sildne_y D'Mello, Katharina von der Wense
University of Colorado Boulder

Tessa Verhoef, Kiana Shahrasbi and Tom Kouwenhoven

Leiden Institute of Advanced Computer Science, Leiden University, The Netherlands
Correspondence: t.verhoef@liacs leidenuniv.nl, t kouwenhoven@liacs.leidenuniv.nl

INTRODUCTION BACKGROUND W iy B
e use & Switchboard We use the CHi i i
Humans have dlear cross-modal Non-arbilrariness as a general property of language [8]. Affects co?l:irmﬁ:: D:z“{:‘* st:r" ta Dialogue: s Corpis (SWDAI/ot - oft | comersatis Desb:::e:: c;:glf‘s:; el 1
preferences when matching novel language learning and shapes language emergence [4.9.10] align with each ot‘})] T Th g a series of phone conversations  caretakers and children to ChatGPT, uoz a fairly gno:g ;m{
words 1o visual snapes S e nt:x. a"Edy {ua ﬁ on a variety of topics to assess  assess the models’ alignment to of aligning at human levels
Example: bouba-kiki effect! o Orhography [2] | S s1mil'ary lde.as This model alignment with adults. children, i.e. language leamers. during  normal  conversation.
The o Acoustics and articulation [6,9,11] S Llama2 had higher alignment

et of e o Alfecive-semanic properies of vocal camminicatn (7] e B B il
potentially revolutionise how o Physical properties relating to audiovisual regularities in the | Spnlans; mEls f % i~ v .Izlamals respomes are. more
machines understand and interact environmect [d] peiihants inderstand e diagard s wvicance, yc P

other and reduces the effort o U e ‘"’;'fmb:;vmn'; i

is shows alignmen |

CHI  Where Mommy go?

Wilh humans Alper and Averbuch-Elor{ 1] reported slong evidence for a bouba- | needed to da so, amongst other B Un, that's tue
: ! human-levels is not, alone, 3

Do VLMs associate non-words and kiki effect in CLIP and Stable Diffusion > surprising given model it 1,1k ur wmor
visual stimull In a human-IIKe way? training and the absence of relevant dala sources such as audiiory | posithe s ol i 5 ey welfart Ty, | sufficient metric to judge the
information and experience with physical object properties ‘ Linguistic  alignmef That nay very well be. cH f | fid jideiope.
Bouba or Kiki? From [5,9) particularly important when :,f = | |Roweome || system. In fact, beyond that
i i i asponse B ——— T y 2
one of the participants is a e K E i MOT  Theyre i e habway na b5 [N| point it negatively corelates
I g = child, or a non-fluent speaker contempt. beg. B with quality.
! METHODS jpaoss: Pseudowords: from [7] i \ Levels of jiymat | (GPT  Mommywilbing e buoks However, linguistic alignment
Originels 0 of the language. et GPT S cefliely & porslt home s evening to children or fanguage leamers
igi from — = : t have beel needs (0 be e 0
parent’s alignment 2 Liama2  Marnvay léR her books ditional role 10
Models | Architecture | Attention | #Params | #img,caps (M) S:L“fws"“ . | chown to correspond to 2 oz ot . par ;:m; e
o = - — - image pairs A s from (6] e | g | ik bulary and language they're just Tatin 2 Lavt et of CHADES tarmarsi pha rum support IeamiTg. o2 ety
{151 ), 400 from prior human S Senorant consonants: | Plosive cansonants: | child's voca ition and Tatie elevated aligment 875 <
- | SIPAIENts and Rounusive I [ development. R:"f" Janguage and geneaiod earses e Liama2 may havé Wm““:‘ v
1 entirely novel Pzl v ) correction also help lweiselect (e locigb thies OB aslihee s e s
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Transformey &t
n

tention yg
aphors ﬁesﬂl‘ﬁﬁgﬂ Attentign i,

Most
but some are useful. We are

calling them confabulations —
a useful alignment with the
human behavior of storytelling.

Confabulation: The Surprising Value of LLM Hallucinations

Peiqi Sui, Eamon Duede. Sophie Wu, and Richard Jean So

lo §;I.AERCS 74\\\§ )

sPace Deco ey
Embe dding Mpositiop for Sentence

Wuttikorn ponyi
ONWitayarats,s
Sarana Nutanongfy
*School of |
*Departme

Anastasia Kozlova

1
+ Albina Akhmet 1
Agul Khanova?, e

Chillongiopn e Semen Kudriaytsey?

 Alena Fenogengyq!
‘SalueeDewm, HSE University

= Contributions

® EveWino - 2 new dataes based o Rl
eye-tracking data during anaphora resolution;

® Aset of EXperiments on different models fine-tuned
on the data to explore the attention mechanisms;

® An extensive analysis of the correlations between
human and machine attention maps;

© Experiments with the human gaze integration into

the transformer's attention mechanisms.

Model: “Bop collapsed on the sidewalk. Soon
besw i
Carl coming t0 belp. HE was very <oncemed. Coes the ::mn e
highlighted pronoun refer ro (Carl / Bobj?* The measnes e et s soraged o e
zed aod sverag i t

human atenion e igoranc ofthe wa 3 .
tence.

p | Experimental Setup
+ Peerat Lllnknnchotiwaﬂv'

* 148 unique sentences with an anaphoric pronoun
from the Russian WS Challenge dataset

* each pronsun has two antecedents: «cormect and
incorrect;

+ 50 partcipants per word;

= each word has a normalized human and madel

f + EKapo) ChUangsuwanicht

Nformation Science ang |
Technolg i

nt of Computer Engineering, Chuia?gz; e el

——
Transformer Attention
e ditenton’s
. gkorn University. T

We etsc hestentian weights o the ncoder s

and aveage them scrss sttt beads.

The matre aggrgationstocb  vctor o ok -
oce:

Qual contribulions

ABSTRACT

oL _— I)e:ermmlng sente
- : ¥ is cruci f e
= oo |, Rt thiees NLP tasks. A& common technig & « investigate the correlation between human and
Somenm 1 iSRRI b _ this s
Mudel i

machine attention for anaphora resolution; oo el g M
e o et by using an additionalterm in the oss funcrio: "

mBERT.boe
¥ insights from human attention patterns. L= H(y,0) +aH(p,p) + ROBERTa-based modals nclce roRobert-lrge
v

£ inthe snaphora resolution = s
Hiy,0) s the CE lossin t : N
task. Hip, ) is the CEloss that messures the R
difference between two attention disributions. o e

Objective

Analysis o mesn = the averageof e ous i esch clomn:
@ row the svrsge of s s i esch coloma

ence pair simitany | + Spearman's rank conelaton coeficent between
human and model attenton; Models
1558

Seovence |

= I o 2 the upper-range and lower-range ciasses separatoly
{8) Sencencs Pair Encoding  (b) Embecding Space Docampomoon (61 Low Feactions In this paper, We introduce a novel embedaing space
Figure 1: The overview of Mixture of Speciaiized Projectors (MixSP). (a) Gvan 3n_92Composition. method E;'!;:’c r‘:{’:”ﬂ:gmsl:
Pper-range sample, we encode the sampie with a pre-trained language modal (o) et e S ek
We use a router to classify a class of sentences 1 and 2 (upper-range or jswr. distinguis el Lvnc e
range). The final representation is formulated jecting the representation with Samples accurately. The code ar

specialized projectors. (c) We Improve the classification and representation with our available at htl ithub.co

wraining losses Leyand Ly, respeciively

CONTRIBUTIONS

® We have recast the sentence aradigm :r:n;r,“ goe ]
space containing upper-range and lower-range to sep:
space for each group.

Methodology 1 Motivation 3 Confabulations are narrative-

rich and more coherent

inogra naphoca
(WS) task is deveted to anap
inograd Schema ( Do
Mr;!lulicn in the speifcaly digned oosrinert,
ference could be resolved only using commox

Fie-tuning datasets
- TAPE b R 3 g e,
MERA, the Rusian WS Dacse from
« Total reading ]

urent word, ms: ks v
duratons on the i duraions o1 i, e g WS g et

Human Attention

ime, the sum of 3l fation

Despite research suggesting the potential inevitability
of Al hallucinations. computer scientists are thinking

about them too narrowly, guided by an impossible am- :m::: T
bition to eliminate all hallucinations an =y

Task format

he sow
the sidewalk. Soon

= - llapsed on the
How do we decompose the embedding space? o . i wac vy orcond. Do

23

help. mative commitment to sanitize any perceived risk of Al ::: ,'“f: i

ming 0 S Bob7" =% “

S houzl;‘: el Weinstead argue for 5 broade:

ding + P in LLMs as confabulations *

ing [ and lov — Cowrelation wit 1 = s

i ane range: (4] : : = —

ek “’:“:‘:m FG’“'"""»" = e 2o mecative and cognitive afforda

- i . e i e £ (o e ]
: ;nmnmu Nm:m—'ﬂ“fmmmw CO ] an e i i fativity and eoherence, mirroy
This. aff

| ! 5 ordance-centr,

= e and lower-range sampl . !m_ﬂyw“;umb ; . V | | =
distinguish _upper-range ar = . T
i airs within each class. s e V

el of our method on STS and zero-s! et )

ficiency o

« We demonstrate the ef

ring human Storytelling
provides a framework for
Negotiating our Co-existence
Jyses of (i) Performance g ki) Vewmibart
benchmarks. [n addition, we provide emediing space decomposton  prjecors (!WI ‘ —

o e with Al hallucinations and
e L challenge the vie B
[ v - emom Sisew - ] BEH . & W that they are purely detrimenty|
o v e . B e - e | a0 4 st
& 1) Desi ing space’ 7 - oD
efficiency and (I} - & the contextual embedding P . - e o555 L1607 x| 0 S o 1t
settings. How do we impr pepp——— | o i s 22 |
pro = s 9808 0L 0o g 0000 0 s wess = Ly o
1l i W i 5 05w 04 ua |8 5 Y 25!
i o 5 e

WaluEval BEGIN
==

2 R ed  Partial  Truh
d dubious nor- o 2 0 100w e e

0im e

ned view of hallucinations
valuzble for the commy- -
nces of their higher nar.

0168 01K} uss oigy

= We propose a novel embedding sf omposition technique called
ding space d:‘:

In all three datasets, outputs labeled zs ‘halluci-
lon head using
Mixture of Specialized Projectors les while accuralely g inen optimize the iassiicarion hea

nated" have on average the highest narrativity

oV 2

S fectors of and et 0 s : Methnds

ENTAL RESULT! + We combine speciaized Prolecon ST "“’““m .
- the outgs et

EXP! ‘nead where s : |

. 7 benchmarks. N ot or e G = ICEI e B

rank comelation on the o

Table 1: Spearman's . o overview iiniod

e aes

"

2z 35 oA
oo o—

I

e

=

ext
oo of BT
3 The “;ﬁ,.'.io Gtandord

Tsinghua - Computational Linguistics

e
[amesok M
o STS

o win ne jj

“
Se

o
5

an e
|am = AR s
s = BEA0 e an
e 51
s Al e u
n
e Lo
e
ranotoge 0 mgrsaries
v o =
s to s et
e ot e 2
P Lol RS ]
e o 0

- agE— mﬁ"lw e
o =

o
o
™ igh s
=3 e

0

Paper Sharing

€mpirical exper;
lar hallucination benchmarks
Halugya) 10 validate confal
and sense.ma;

MeNts on three Popu-
Faithpig) BEGIN, ang
bulation 3¢ a sty
g resource instead of
. MDdeIiﬂl Nar,

Model finey,

: Orytelling
inhereny pitfal|
Tativity with 30 ELECT,

uned on the SlwySceker da
4 Coherence wit

RA-large
taset

h the DEAN mode|

* Measyrip,

Halluc‘mated outputs
fich than thej,
racies (gray)

(blue)
edited yers;

g N to res
In the Fajy

hDia) data

Neerativity s
Intercopy
Logistic
"egression
Correlation p, tween ::l:hs e
(left), ang nNarrativi

Vity and

are More Narr.

ative
olve inaccy.
set.




Social Events

Tsinghua - Computational Linguistics

Paper Sharing

ANDREW
&~ STMONCHAI /_
v ! sougs fivouundo

[N
&

Y
_a‘*_—JQ.

)|

- Y




MEIAT

* The 2024 winner of the 1999 Test-of-Time Paper Award is:
* Lillian Lee. 1999. Measures of Distributional Similarity.

* In Proceedings of the 37th Annual I\/Ieeting of the Association for
Sggputa’uonal Linguistics (ACL), pages 25-32, College Park, Maryland,

* The 2024 winner of the 2014 Test-of-Time Paper Award is:

 Jeffrey Pennin%ton, Richard Socher, and Christopher Manning. 2014.
GloVe: Global Vectors for Word Representation.

* In Proceedings of the 2014 Conference on Empirical Methods in
(NQa’%uraI Language Processing (EMNLP), pages 1532-1543, Doha,
atar.
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Best Paper Award

* Mission: Impossible Language Models

 Why are Sensitive Functions Hard for Transformers?
 Deciphering Oracle Bone Language with Diffusion Models
« Causal Estimation of Memorisation Profiles

* Aya Model: An Instruction Finetuned Open-Access Multilingual
Language Model

« Semisupervised Neural Proto-Language Reconstruction

» Natural Language Satisfiability: Exploring the Problem
Distribution and Evaluating Transformer-based Language
Models
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| One more thing... from EMB

Tsinghua - Computational Linguistics Paper Sharing



Tsinghua - Computational Linguistics Paper Sharing 41



ACL is historically and should remain:

A ven
3 ue for: people who care about the language in language technolo
COmmunity that fosters interdisciplinarity .

A research field that cares about language communities
... and, as a result, a space where we can reason about societal impacts of
our research and technology

https://bit.ly/EMB-ACL24
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Language processing is a
prerequisite for “Al”, but

that doesn't mean that “Al"
Is the only goal of CL/NLP.




Workshops

* Rep4NLP (Probing -> causal inference)
- Latent Space Exploration for Safe and Trustworthy Al by Hassan
Sajjad
* The gap between what language models say and what they know
« Generalisation in LLMs - and beyond
» Efficiency as an Inductive Bias: Towards Tokenizer-free and
Dynamically Sparse Language Models

* Heng Ji: Al Plays Medicinal Chemist
* Anna Rogers: Ai for reasearch workflow
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Tsinghua University

Q&A

THANK YOU
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