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1. Warm-Up: Select Historical Musings
(Stephan Oepen)

H P 2. Common Crawl vs. Internet Archive
(Nikolay Arefev)

3. FineWeb-Style Ablation Studies

L T (Farrokh Mehryary, Elaine Zosa)

4. LLM Evaluation for Norwegian
(Vladislav Mikhailov, David Samuel)







NLDL

Network of language technology researchers in Northern Europe;
six university research groups (Denmark, Finland, Sweden, Norway);
national e-infrastructure providers in Finland and Norway;
allocations on Abel and Taito; discipline-specific software & data;
funding from NelC, matching in-kind contributions from all partners.



So, What'’s in it for me?

Collaboration Infrastructure
e Distributed team of 25 or so (very) part-timers; mostly a self-help initiative;
e cross-border sharing: everyone can get access to same two superclusters;

e HPC best practices: teaching each other, and also the general support staff.

NLPL — 4-FEB-19 (0e@ifi.uio.no)
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So, What'’s in it for me?

Collaboration Infrastructure
e Distributed team of 25 or so (very) part-timers; mostly a self-help initiative;
e cross-border sharing: everyone can get access to same two superclusters;

e HPC best practices: teaching each other, and also the general support staff.

Virtual Laboratory
e Community-maintained repository of discipline-specific software and data;
e modularity, interoperability, uniformity, reproducibilty: modules setup;

e common (large) data sets: corpora, embeddings, parsing, translation, ...

Meeting Place
o Kick-off meeting (2017); Annual winter school; maybe NoDaLiDa workshop.
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Community Formation: Annual NLPL Winter Schools
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Is the end of academic NLP
research in sight?

A discussion moderated by Marco Kuhlmann and Joakim Nivre

With contributions from Ivan Vulié, Emily M. Bender, and Oskar Holmstrom



Scenario 1: Back to the ivory tower

Academic NLP research in 2050 is confined to
research topics that are uninteresting to big tech
companies. This includes the use of NLP to
understand human language — what some people
used to call “computational linguistics”, as
opposed to NLP — as well as practical applications
of NLP under commercially non-viable conditions,
such as historical language processing and
language technology support for endangered
languages.




Scenario 2: NLP as a social science

Academic NLP research in 2050 is primarily
concerned with understanding the application of
large language models (and other Al artifacts
invented since 2023) in society, partly from a
technological perspective but mostly from
sociological, psychological and philosophical
perspectives. NLP in academia has become a
truly interdisciplinary endeavor and most
academic NLP groups are now based in social
science faculties.




Scenario 3: Return of the Jedi

In 2050, the development of new models and
algorithms in NLP is dominated by research
groups in academia, with big tech companies
suffering brain drain as a result. This
development was triggered by two important
events: the Open Al Act adopted by the United
Nations in 2032, requiring all organizations that
develop Al models to share both models and
training data, and the Universal Turing Machine,
the world’s largest computer center, sometimes
referred to as the CERN of Al, co-founded and
jointly owned by all the universities in the world.




LUMI — “The Queen of the North”
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https://www.lumi-supercomputer.eu/


https://www.lumi-supercomputer.eu/

Many of us are Members of the LUMI Consortium $

Countries which have signed
the EuroHPC Declaration

B oM consortium countries

[

CSC Datacenter in Kajaani



LUMI: BERT in an Hour,
GPT in a Week

David Samuel and Risto Luukkonen
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HPLT Data Sources:

Internet Archive vs. Common Crawl

Nikolay Arefyev, Andrey Kutuzov, Stephan Oepen
University of Oslo




Volunteers who inspected data

Laurie Marta Proyag Ona David Stephan Erik Barry Sampo
Bhavitvya Hanna-Mari Nikita Otto Petter Maryam Mateusz
Nikolay Jindra Arnisa Tsz Kin Pavel Risto



HPLT v2 Crawl Sources

4.45 PB of crawls (compressed WARCSs):

Compare contributions of different
crawls to our monolingual datasets:

Final goal: select additional crawls for

years 2012-2023

18% from CC, 82% from IA

the amount of text extracted
the quality of these texts

HPLT v3!

Name

IA full crawls
wide5
wide6
widel0
widell
widel2
widel5
widel6
widel7
survey3

CC full crawls
CC-MAIN-2022-40
CC-MAIN-2022-49
10 random CC crawls

partial crawls

1% of WARCSs from the
rest 83 CC crawls

7% of items from
IA ArchiveBot

Years
2012-2020
2012-2012
2012-2013
2014-2014
2014-2014
2015-2015
2016-2017
2017-2018
2018-2020
2015-2016
2014-2022
2022
2022
2014-2022
2013-2023
2013-2023

2013-2023

WARCsize,TB

3390

743

317

365
204

91
420
449
358
768
641

94

83
93
567

46

271



Group of crawls

Splitted crawls by source (ia/cc) and age
(old/medium/new/recent). The Survey crawl
and the sample from ArchiveBot — separate
groups.

cc o CC 2013-2014
cc_m CC 2015-2016
cc_n CC 2017-2020
cc_r CC 2021-2023
ia_o IA WIDE 2012-2014
ia_m IA WIDE 2015-2016
ia_n IA WIDE 2017-2020

la_survey  survey3
ia_archivebot archivebot



Manual quality inspection

Inspected documents from the deduplicated&cleaned version.
21 languages, 4 groups: ia_o, ia_n, cc_o, cc_n (pilot study)

e 4 groups cover 52% of the whole dataset
e be careful when generalizing results beyond 4 groups or 21 languages

random samples stratified by language and group

e 50 documents per language and group = 200 documents per language
e for Russian: 150 documents per language and group = 600 document



Annotation task

Show:

e only the extracted text
e 500/500 characters from the beginning of the fist/second half of each text
e annotators didn’t know which group each text comes from

We asked to provide 3 binary labels for each example:

« porn? empty/1: if the text looks like porn put 1, otherwise leave empty

« unnatural? empty/1: if the most text looks unnatural (e.g. word lists for SEO, mostly
boilerplate) put 1, otherwise leave empty

« lang correct? 0/1: always fill this field (otherwise we will not distinguish labeled and
unlabeled examples), put O if most of the text is not in the target language,
otherwise put 1.



Manual quality inspection

porn? empty/1: if the text looks like porn put 1,
otherwise leave empty

unnatural? empty/1: if the most text looks
unnatural (e.g. word lists for SEO, mostly
boilerplate) put 1, otherwise leave empty

lang correct? 0/1: always fill this field (otherwise
we will not distinguish labeled and unlabeled
examples), put 0 if most of the text is not in the
target language, otherwise put 1.

Language Name

porn unnatural lang correct
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Arabic
Asturian
Bengali
Catalan
Czech
Dutch
English
Finnish
German
Hindi
Iranian Persian

Marathi

Modern Greek (1453-)

Norwegian Bokmal

Norwegian Nynorsk
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Russian
Scottish Gaelic
Slovak
Spanish

Turkish
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Unnatural? s _—

cat_Latn

For most individual languages (among annotated) cc_n seems ...
to give much lower prop. of unnatural texts ... but within the deu_Latn
95% CI = no reliable conclusions for individual languages. thk
But if we merge all annotated data together = the difference fin_Latn
is stat. sign. gla_Latn

o hin_Deva
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Proportions of data from different crawls

CC contribution is much higher:
~20% of source crawls give ~60% of final texts (measure in chars or docs)

group
BN cC n
2:raw text, chars BN cc_m
BN CC O
m .
o 2:raw text, docs — a..h
£ Em ia_m
3:deduped&cleaned, chars . ia_o
ia_archivebot
3:deduped&cleaned, docs - la_survey

0 0.2 0.4 0.6 0

Proportion

0. 8 1.0



Yields of different crawls

Yields from the new and recent CC crawls (2017 and later) are

e 2-3x larger than the old CC crawls,
e 4-8xlarger than most IA crawls
e 32x larger than the |A ArchiveBot crawl

quantity = chars quantity = docs

ccr @ ® @ @

cc_n ® ® @ [ ]
cc_m ® @ ® ®

cc_o ® ® 9 ®

ia n ° ® @ L) stage
i _m " . 2 e 2:raw text
ia— 5 . ~ o A ® 3:deduped&cleaned

ia_archivebot ® ° ® o
ia_survey ® ° ° °
220 222 224 226 228 28 210 212 214 216
yield yield

Chars / docs per 1 GB of raw compressed web crawls (WARC files)



Looks like IA gives much fewer texts with a higher proportion of unnatural texts
than the new CC crawls.

Ideally: take all CC and all 1A, improve filtering=extract only clean data from
everything

Limited budget: just throw |IA away and use more CC crawls? Or maybe I|A still
contributes a lot for some of our languages?




kan Knda cc_r
ayr Latn
szl Latn == —
» bjn Latn
- === -
S s tgk Cyrl —
Mmaliest (le argest (Il otmom), |© o ————— =
] ] gle Latn
gla Latn —
. . . oci Latn [ e - a0
intermediate (rlght top) Iangs B
npi Deva ' la_survey
mya Mymr
yor Latn
mar Deva
hau Latn
tir Ethi
cym Latn
scn Latn
khk Cyrl
mal Mlym
i = swh Latn |
stage = 2:raw text stage = 3:deduped&cleaned Itz Latn
hye Armn
knc Arab - I imo Latn
taq Tfng urd Arab
kaz Cyrl
dyu Latn is! Latn
sat Olck mll|<g Lcam
tzm Tfng kat Geor
kon Latn mag Deva
mni Beng kab Latn
fur Latn
kam Latn vec Latn
nus Latn ?:Il LCavtrr:
cjk Latn stp Cyrl
umb Latn prs Arab
fon Latn i
bjn Arab pap Latn
kmb Latn
heb Heb
kas Arab cat Latn
kas Deva benl'!tBLev:g
it Latn
e o
n est Latn
tum Latn k:ru:‘glr/‘”
ace Arab nob Latn
lua Latn slk Latn
mai Deva som Latn
ukr Cyrl
dzo Tibt fin Latn
kik Latn fanian
dik Latn ron Latn
tso Latn ces Latn
bho Deva =maan |
kbp Latn ara Arab
fij Latn vie Latn
ho Hant
mos Latn il
asm Beng tur Latn
ind Latn | I I
ssw Latn pes Arab
ewe Latn pol Latn I S
bod Tibt ita Latn N |
por Latn | I M 0 I —
nso Latn jon Jpan | I R 5 E—
lao Laoo nid Latn NI s
azb Arab fra Latn N I ) I |
spa Latn | NS I N —
shn Mymr deu Latn I S 0 | ——
war Latn 2ho Hans | I M
rus Cyrl | I N | —
smo Latn eng Latn | IS I 0 I N
orv Orva 00 01 02 03 04 05 06 07 08 09 00 01 02 03 04 05 06 07 08 09

Chars proportion Chars proportion




15 languages with the largest contribution of |A

3:deduped&cleaned

Deduplication&cleaning shift the proportions

in favour of CC.
E.g.: langs with >70% of texts from IA:

e 49 langs before dedup&cleaning
e 7/ langs after
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ia_archivebot
ia_survey



Conclusions

Quality vs. source crawls.
For the 21 inspected language:

1. New CC crawls (2017-2020) give ~2x lower proportion of unnatural texts
compared to old CC crawls (2012-2014) and both old and new |IA crawils.

2. Low proportion of LID errors for most inspected languages (except for
Norwegian Nynorsk, Auturian, Scottish Gaelic). For Low proportion of porn.
Couldn’t observe consistent dependencies from the source crawls.

Quantity vs. source crawls.

1. Yields from new CC crawls are 2-3x larger than old CC crawls, 4-8x larger
than most IA crawls (32x larger than the IA ArchiveBot crawl).
2. For some languages |IA contributes a lot of texts.



Correct language?

Language Name

Arabic
Asturian
Bengali
Catalan
Czech
German

Modern Greek (1453-)

English

Finnish

Scottish Gaelic
Hindi

Marathi

Dutch

Norwegian Nynorsk
Norwegian Bokmal
Iranian Persian
Polish

Russian

Slovak

Spanish

Turkish
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=)
o
[N
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lang correct

o
®
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0.4 0.6
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o
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Labeling interface

File Edit View Insert Format Styles Sheet Data Tools Window Help

H-O-B-lD 8 RIXDEB-& LZ[9-C~-Q AB-B-|4Y iy &

FETio-=colnElz

Liberation Sans viitopt v B 7 U~[Is-0 - i | B3 6 @~ % 00 @] 00 o
A6 f« Ev = A
B |c D
1 porn? unnatural lal
lempty/1 empty/1 0/1 |text_show
Ha pmcyHKe fokasaHa cxema npocToro 38yKOBoOro curdana. Ha D1 MynbT paTop He P et y. OTKPLIBAKOT TMPUCTOP, & TOT B CBOK OYepeab NPONyCKaeT Tok Yepes knakcod F1. F1 — nyuwe Bcero noaoiaet ot asTomobuns BA32108, o camblit T
2
1| WA MarHUTHOTO WYHTMPOBAHWA, NPUMEHEH!Ee MarasiHoB akTUBHbIX BannacTHbix conpomaneuum v peocTaros. K Hea TaKoit.... - Mobi CB-paguocTaHums - T 1 B MOLLUHOCTb NepeaaTumka Npu HanpsixeHun nutaHua 12B Ha Harpyske 75 Om - 3B°
MATHUCTLIA ONeHb MATHUCTLIA oneHb[1] (nat. Cervus nippon) — ujee u3 (Cevvldae) Ci [ | npasuTL ] Netom okpacka KpaCHO-pI:DKaSl € GenbiMu NATHaMK, 3UMON TyCKHeeT. [ininHa Tena 160—180 cm, BbicoTa B Xonke 95—
3
1 epEorn oneHéHka B 2—3 roga. OBbINHO pOXAASTCA OAMH eTEHbIW, MHOrAa ABa. P | npasuThL 7] B Mpumopbe, Ha AnTae, Ha KaBkase B OKPECTHOCTAX Hanbuuka u B Ka:ﬁexosckom paitoHe [larectaHa, ero pazaogm Ha thepmax paAw naHToB. OBbIYHO /1MHA POroB He
- Cnaiig 1 1 Mp LMI0 NOAroToBMAM YueHuku 11 A knacca OLU Ne 67 Bacunenko EkatepuHa, Kogak Onbra, p Yyiko , NlbbkuHa Kcenus. - Cnaig 2 - Xupop AOP P -ADEK-B1,
4
1frca ycrowumsoc'rb BuTamuHoB B1, B2, A, E, i i Kucnor. C BaxeH ANA pocTa v BOCCTAHOB/IEHUA KNETOK TkaHeil, AeceH, KPOBEHOCHBIX COCYA0B, KocTeit u 3y6os, ByeTy opr Xenesa, yCKOpsieT Bbi3jopoBnieHue. - Cnaiig 31 Hanbonee (
PACTOPXXEHUE TPYA0BOIO 4OrOBOPA MO I/IHMLUAATI/IBE PABOTOJATENA OrNABNIEHVE BBEAEHWE Mnaga 1. Mpekpalyexie TpyA0BOro 40roBopa: obline 0CHoBaHUA U nopaaok 1.1 MoxaTue u ™ PYA 0 forosopa 1.2 O6uyuit NopagoK othopmaeHus pac
5
1 1 e)KAeH 06 yBONbHEeHUM. 3T0 ycnosue He Gyaer . Cnn Npeaynpexas 6b110 oCywy . K npumepy, Ha obujem cobpanuu. MpegynpexaeHne JomKHO GbiTb NOATBEPKAEHO MUHOA POCTIUCKI0 COTPY/AHUKA. MPU 3TOM, COrNacHo N. 2 CT. 25 ®3 ot 19 anpens 1991 r. Ne 1032-1 -
LiTO MOKHO BEO3WTS 1 UTO HENb3A BLIBO3NTL U3 ErWNTa B POCCHI0 2014 EruneT Gbin 1 0CTAETCS N0 Ceit [ieHb OFHUM U3 CaMbIX NOMYNAPHLIX Y TYPUCTOB MECT oTAbIXa. Kaxaoe nyTelwecTaue B 3Ty TENAYK roc CcTpaHy, thep ", c noucti
| 1 pyme npoAynu NUTaHWA, HAXOARLMECH B PYYHOR KNaAW, NOITOMY UX Nyulle cAaBate B Garax. T: HE HYXHO b Ha KOCMETUYECKME CPE/ICTBA, NPOAYKThI NUTAHWUS 1 NEKaPCTBEHHLIE NPenapaTkl INYHOrO N0Mb30BaHNA. YTO MOXHO U HE/b3sA BBO3WTL U3 POCCHN E
. OueHb MHOTUE N0/1b30BaTENN MOGWIbHLIX TENEOHOB B NOCNEAHEE BPEMS HIt TONkKO He MoryT npoxuTh 6e3 cBoux ra/PKeToB, HO 1 ene BbDKMBAKT, ene Abiuar 6e3 MHTepHeTa B TenedoHe. Mpi 3ToM uToGbI He NepennauMBaTh 3a VIHTEPHET, XOUETCS HailTi He0pOoroi
7
1 MHTepNeTa WTaK, utoBbl NOAKMOUNTE GE3NMMUTHBIA VIHTEPHET Ha KOMNLKTEP UK HoyTE'yK HyXHO: - B ochuce npogax MTC npuobpecTtu «MTC KOHHEKT» — CneLuasibHbii KOMNIEKT NS JOCTyna B VIHTEpHEeT. B Hero BXOAUT MOAEM, CUM-KapTa U MHCTPYKLMK, - [loMa pacnakyiiTe CBOK MOKYMKy,
CnaBHas ABTOMOGUAM - Hiccan Nissan Sunny (Huccad CaHnu) 1991-1997 r.B. - ACTBO No y 1 PEMOHTY MOWCK No caiTy coaepxanue .. 200 201 202 203 204 205 206 207 208 209 .. HuccaH CaHHW. CucTema Bnpbicka Tonausa Huccad CaHHu. Cuctema Bnpbick
8
1|Bka pexuma camoguardocTuki MOPAAOK BbIMOMHEHWNA 1. CHumuTe Kpbiuky Gnoka npeg . B KOTOPOM Ji{ pasbem 610Kka ynpaBneHus. 2. BKIOUUTe 3axuraHue, Tem cambim 610K y B pexum 1. 3. C i BbiBOAbI IGN 1 CHK aunar
B.M. TpaBuHKa. TPONUHKa K 340p0BLI0 Mouemy 0 Hac BeCnOKOUTCA Mapua anekceesHa (h'pauuqm |sce| | 01 |02|03|04|05]||06|07|08|09|10||11]12|13|14|15(||16]17|18|19]|20||21| 22 | 23|24|25 | | 26 127128|29|30]|31] 32 133] 34 | Hemano gepeseHcKux NpocTbiX u
ol | ] |
1 1farano 3geck gena. OHa NPUHMManack CKpecTit CBouM ,qoﬁena YXOXeHHbIe MOMLI, CTUpana uyTh Gense, Nenke ky u3 ﬁmog Kakoe noHpaBuTcs. Kasanock, oHa berana no CKoLeHHoR onywke u sce 6o;|nacn= uTO BOTBOT GpbI3HYT 13 HabexXaBLwelt Tyun Kpyn
10 1[MexkomHaTHan ABepb BeHepa OTgenka: Hatyp wnoH. fisepu y P cTeknom B TexHuke "Tutbchann". Liget:b 7t Ay6 Mo, ABEpU col e u3 Y i COCHbI N0 nep! Py (c pa BPe3Ku 3amka) n Ha
CeroAHn 31 OkTAbGps MaThuua Kpacasuua Lapnus TepoH y-To y6exa 4TO ee CHor b P HU NPy Yem, Konb CKOPO peub 3axoauT ob ee ycnexe B Monnusyae. Mpasga, uc'ropvm A0Ka3bIBAET, UTo He U3 BCex ¢ A y TCA Np aKTf
1
1 ke eé aywy. .... Owubka B TekcTe [ Yunnu MapcoH ] Hukakoit owmbku. https://en.wikipedia. ongW|k|lGroundhog Day_(film) Stephen Tobolowsky .... KBaptupa B [laudom [ Enena floenatoea ] [1oGpblit geHb! HOACKa)KMTe noxn-Ta, rge xuwna Enexa [loenarosa B JleHuHrpage 4o sHakomctea ¢ Ce|
12 1[Wrpa Tponnq:emc KnuKep OHllaMH Moxoxwe thnew Mrpbl (ronocoB 6, CpeAHﬂR oquK 56 P , OHVW C/IOBHO BUPYC, Ly W NopTAiLL e HaCTpoeHMe. B AaHHOM Wrpe Bbl NpeepaTuTech B 69306pa3




Ablation study for HPLT English data

TURMKUNLP Farrokh Merhyary, Ville Komulainen, Sampo Pyysalo:

» B TurkuNLP, University of Turku, Finland
Elaine Zosa
AMDZ1 AMD Silo Al (Silo Al)

SILO Al




About TurkuNLP group (https://turkunlp.org/)

About AMD Silo Al (https://www.silo.ai/)

TurkuNLP + AMD Silo Al collaboration:
-  FInBERT (TurkuNLP)
- FInGPT (TurkuNLP)
- GPT 3.5 technical report release — TurkuNLP + Silo Al
(extreme scale call - CSC Lumi)


https://turkunlp.org/
https://www.silo.ai/
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Megatron framework
on 16 nodes on the
LUMI cluster, where
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MI250X GPUs.

For evaluation, we
use the HuggingFace
LightEval in a
zero-shot setting with
the tasks ARC (Easy
and Challenge),
Hellaswag, PICA, and
OpenbookQA.



About LLMs:
- Poro Model
- Viking Models
- Europa Models



Ablation studies on NorEval

Preliminary results for Norwegian

David Samuel and Vladislav Mikhailov
Language Technology Group (LTG)
University of Oslo



Background

Benchmarks for Norwegian

Text embedding evaluation NLU evaluation
Scandinavian Embedding Benchmark (SEB) NorBench / ScandEval

10 tasks for Norwegian Bokmal & Nynorsk 8 / 4 tasks mostly for Norwegian Bokmal

NLG evaluation

NLEBench

9 tasks mostly for Norwegian Bokmal



Background

Benchmarks for Norwegian

Text embedding evaluation NLU evaluation

Scandinavian Embedding Benchmark (SEB) NorBench / ScandEval

10 tasks for Norwegian Bokmal & Nynorsk 8 / 4 tasks mostly for Norwegian Bokmal
NLG evaluation Limitations

NLEBench (no) coverage of Norwegian Nynorsk

9 tasks mostly for Norwegian Bokmal standard NLP tasks, with a high overlap

machine-translated data &#



NorEval

A Norwegian language understanding and generation evaluation suite

Large-scale multi-task evaluation

Zero- and few-shot evaluation on 24 tasks
across 10 categories, ranging from
Norwegian-specific knowledge to rewriting

Diverse evaluation design

17 novel tasks, higher coverage of Norwegian
Nynorsk, and a pool of 100+ prompts

Reliable data quality

Only human-annotated, -translated, and
-localized examples

Fully open & public leaderboard

Benchmarking 20+ Norwegian language
models against one another and human
baselines



Ablation studies

Experimental setup

Norwegian-specific tokenizer

* We train a new tokenizer for Norwegian

* realistic fertility, higher efficiency, no “dead”
embedding vectors

* A single shared tokenizer trained on equal
number of random samples from the
evaluated corpora

* Byte-level BPE with 50K tokens

LM pretraining

* Separate training runs for 5 evaluated
corpora:

e HPLT v1.2

« HPLT v2.0

e FineWeb 2.0
* CulturaX

« mC4

 1.8B Llama-like models trained on 30B
tokens (a corpus is repeated if necessary)



Ablation studies

Experimental setup

Zero-shot evaluation of 150 LM checkpoints NorCommonsenseQA (Bokmal)

on 12 tasks using a single prompt Spersmal: {{question}}\n\nSvar:

* Ranking sentence pairs (knowledge of the

. Hvis statsministeren onsket a forby slanger, hvor
Norwegian language)

ville han foreslatt lovforslaget?

: Sentenc_e completion (knowledge of the If the prime minister wanted to ban snakes, where would he
Norwegian language) issue such a decree?

« Multiple-choice QA (Norwegian-specific & world

: Pa gata (In the street
knowledge, commonsense reasoning, truthfulness) gata (i )

| en tropisk skog (In a tropical rainforest)
* Generative QA (machine reading comprehension) | Edens hage (In the garden of Eden)
Pa Eidsvoll (At Eidsvoll)

| Stortinget (At the parliament)

moowx>



Ablation studies

Preliminary results

=@= CulturaX =3= FineWeb *@lle* HPLT 1:2 == HPLT 2.0 == MC4

& .-
+ _ g +-/ : P g -+' .+J
30.0 ~g=F P + %‘X’ 9 "R ¥
e L A
. H\.’U M“QH‘S),‘i’
N\ =
o 25.0
—
@
Q
o))
D 20.0
A
[
P
S 50
(b
o
©
3 10.0
é .
5.0
0.0
0 2000 4000 6000 8000 10000 12000 14000

Training steps

14



Ablation studies

Other considerations

 Prompt sensitivity — “noise”

* There is no single best prompt for LMs, even of the same pretraining corpus
composition but of different size

e [ask selection sensitivity

 What happens if we add or discard “fine” tasks, which do not pass stricter criteria
choices?

 Rank aggregation methods

* [here are various aggregation methods besides Borda and multi-stage rank
aggregation procedures



