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- Words that are used and occur in the same contexts
tend to purport similar meanings

2 J

\a

* Harris, Z. (1954). "Distributional structure". Word. 10 (23):

146-162.

- A word is characterized by the company it keeps

-+ Firth, J.R. (1957). "A synopsis of linguistic theory 1930-
1 955", Studies in Linguistic Analysis. Oxford: Philological
Society: |-32. Reprinted in F.R. Palmer, ed. (1968).

Selected Papers of J.R. Firth 1952-1959. London: Longman.
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Ak & Bk

|. RREALLTADHFEERNSB LI ISLTVET, =< [-
2. ZOLRAMS>TRBTENTEFE > -HELARTT. iﬂmmﬁ - """
3. BDOHIBETHBLTFE 2L TAEVE L,

4, HERIBRFIZRVOT, 435Ik RYARTVWET, ct 2 TE[‘*O)
5. MEIBFEEHTYERRNLVOT, KENS L 2AHCERTT, . =

6. BTHEERTHORELVTTA, FX%H %
7. SROIBICIIABENHEEFE--A -T2 FETT,

8. BLIIHETREEMMETAEDIT, ALV —IIHFEEEL{XAMTVET,

q. ﬂwb&*AHV7tﬁﬁEF<*kﬁvtﬁﬂiﬁv1<ﬂ§¢o

10.2DRA=/"—DHFEIBVDLIHFHT, SRAHNVEETT. --7
| . FEERNDZE, BB LET,

2. FHABICHFEOANI *HAS L0, —HIcHETHEATVWET,
I 3.HFEPCHOREFTEHEDTH S, BENFB - BLET,

|4 BERET ISR RSAFEELOT, GBROBFIRIEECA, riﬂ)féﬁ_,
IS.HBIIBFEEVDHI0NBET, WOHE%RLWVWTT,

|6 BKISMTNBES S BEF I HBLHLELELAIILTVET, ~N 7 |~ "/i
17 FHEOBLRABRAEERII LT, BREAL- LY T,
I8.HEELLTACLREIR, F11vy ML HEHTT.

19.FFEEYBIE, BEYEYOFETW-IEWTY, {‘F’&T 6

O.5HIIHFF*FE->HLWLIEICHEL THET,

Examples generated by ChatGPT

ﬂlllt

ENEREHBERTIRAS7=DITIE?

XARNR 7 b IL B -SSP TEEREL B ?
. Fx=(5300, 4400, 3100, T PTTTTPTTIIPTIE)
(: 39/ ’r”N% 15

Bl. B¥=(2300, 2200, 1100, cseeereeeerneenasaneannnnccss)
#l. KA =(2900, 3200, 100, soeereremeceranncnienanneees)

5 |B’X3 |53

B3 - | 5300 | 4400 [3100 FEkAIF

Ri 2300 [2200 | 1100 | = Pz F LA T B |

AR 2900 | 3200 | 100
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BT 531 |3
Daniel Loureiro, etal. “Analysis and Evaluation of Language
Models for Word Sense Disambiguation.” Computational

Linguistics (2021) https://arxiv.org/abs/2008. | | 608
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... rollers pressing together * j\?
... the present genus with the aid of a spring . - e o
occurs in spring , and st ot
sometimes cave or ) o Coqe g
groundwater ... ... spring strip which Device =
... underground suspends the pendulum . 2 wh
water spring ... : v’. ? . =
| Water sprin : Hp
(1 H ” a) A ,". ; kel ; the industry of the bl
S p rin g AL \ x town is represented by 7/ b
Vel ! ? the spring factory ... =
Bkic & B Zb & R =
- 2 o lee L w2 . the villages onthe ' =
I~ "l LCRR 4 , spring line below. ... curly fries are ;3
« 0S8 & characterized by their
~ e I | spring - like shape .
b P TR *
» »
'.‘"l" nd as S00N as spring starts , their
...near the springof % * color is changes to green ...
the river sammaro . ... the present genus
occurs in spring , and /
sometimes cave or 2
groundwater ... b -+ in spring 2005 ...
h o 2w i )
N e 5
. % s et
after the death of his mother, oy . . |aet ‘ot i
he comes face to :‘ace wi!:ha k '.' "'_ Seas_on l‘ i ,_I" 'l.‘ .* E
spring that turns him white . ; gt .’_ - -. ¥ 3 the 2009 g
=0, Y. e " - '-.‘ ... 5pring 1943 ... spring season ...
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creatinine
=244
creat inine

HE

4057 153854
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k=2 44—

BA3E

GPT-40Db—0+4 X

https://tiktokenizer.vercel.app/

REE

Hew“ mildly elevated, but she
did n any known renal disease,

thereby ruling out uraemic encephalopathy.

Token count

26

Her creatinine was mildly elevated, but
she did not have any known renal diseas
e, thereby ruling out uraemic encephalop
athy.

25614, 4057, 153854, 673, 151020, 49217, |1, 889,
1770, 2242, 625, 679, 1062, 5542, 758749, 11089, |1,
42469, 42842, 842, 190571, 60582, 90410, 79379,
84176, 364

GPT-4oDb—7+4 X

https://tiktokenizer.vercel.app/

B3

IJLTP7F_EIIBREICLER LD,
BMEOBEERNL WO, REFEMER
ﬁmﬂ%ﬁli%’l‘?ntf-o

Her creatinine was mildly elevated, but she
did not have any known renal disease,
thereby ruling out uraemic encephalopathy.

D)

FLUT7FZHERIBEC LR LY. BiEOBE
BHVIVCD, REBEMIMED TR IR N
2

7787, 12016, 10398, 19285, 20968, 4025, 69555,
5205, 113670, 8913, 5280, 4286, 2181, 229, 23085,
6632, 1395, 92055, 19565, 3385, 16512, 236,
1078449, 84443, 6632, 47592, 103912, 1395, 91854,
49299, 76062, 8360, 14598, 111, 76062, 3385,
42043, 8360, 5205, 18593, 10727, 188599, 3414

nt

Her creatinine was mildly elevated, but
she did not have any known renal diseas
e, thereby ruling out uraemic encephalop
athy.

25614, 4057, 153854, 673, 151020, 49217, 11, 8849,
1770, 2242, 625, 679, 1062, 5542, 75879, 11089, |1,
42469, 42842, 842, 190571, 60582, 90410, 793749,
84176, 364
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32KI32,768 h— 7> T v e :
Ahia+ “Do All Languuges Cost the Same? Tokenization in the Era of
Commercial Language Models.” http://arxiv.org/abs/2305.13707.
Ahia+ “Do All Languages Cost the Same?
% Tokenization in the Era of Commercial Language
M) Meodels.” http://arxiv.org/abs/2305.13707,
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Language In-context examples
Figure 5: Average cost of prompt + generated Lokem Figure 6: Percentage of test examples per language 3
i for XLSUM evaluations relative ( olish. ‘ in XLLSUM that do not successfully fit into the context g
S length of ChatGPT. We can fit more few-shot examples I~
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in Latin script languages than in other languages.
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GPT-40

1 H . 5
| constellation https://tiktokenizer.vercel.app/
- "'“'--_\_7_“.
— - i ‘\‘\""-a
con stella tion Token count

|
| Prefix (together) Latin: star Suffix (nominalization) 2
‘ construct t tellar tat

conference stellar transformation

conflict stellate civilization

congratulation tokenization

. constellation
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Hoffmann, Jordan, Sebastian Borgeaud, Arthur Mensch, Elena Buchatskaya, Trevor Cai,
S 4 i . = Eliza Rutherford, Diego de Las Casas, et al. 2022, “Training Compute-Optimal Large
https://lifearchitect.ai/the-sky-is-bigger/ Language Models.” arXiv [cs.CL]. arXiv. http://arxiv.org/abs/2203.15556.
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Token Crisis

- BARKBREERBETIVBEDL-OICIIRENDKEDT
FRAMHPYE

- Meta Llama 3: IS5k b—2 >

DI TERTIARY R B->TVWBEWHED

y {7;*?,1‘%'%': EET N> TABERLAETHF R M EIHRIC
J

* Microsoft Phi: B ELRNLOEDTHFA b+ (1354 -9
ETNIHLTO60RF— 7 »+GPT3.5TI0RNDAERK. 7=
FL77a2'54a3— FIz¥Mt)

*  https://ai.meta.com/blog/meta-llama-3/

*  Xue, Fuzhao, Yao Fu, Wangchunshu Zhou, Zangwei Zheng, and Yang You. 2023. “To Repeat or Not To Repeat: Insights
from Scaling LLM under Token-Crisis.” arXiv [cs.LG]. arXiv. http://arxiv.org/abs/2305.13230.

+  Gunasekar, Suriya, Yi Zhang Jyoti Aneja, Caio César Teodoro Mendes, Allie Del Giorno, Sivakanth Gopi, Mojan
Javaheripi, et al. 2023. “Textbooks Are All You Need.” arXiv [cs.CL]. arXiv. http://arxiv.org/abs/2306.1 | 644. -
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+ Discrimination, toxicity, and exclusion
(BEDTL—TIHT 2£5, BRNA TN, 21 F—LFEOER)
- Factual errors, misinformation, and
disinformation
(BE8R, 8- %8, BIES)
- Privacy violations
(T4 —2E)

,<$)~)'3" WILRTE - (RIBVICRIRES S S IERO LA, X AIERIESHRIER
o 4

Kumar, Sachin, Vidhisha Balachandran, Lucille Njoo, Antonios Anastasopoulos, and Yulia Tsvetkov. 2023. “Language
Generation Models Can Cause Harm: So What Can We Do About I+? An Actionable Survey.” In Proceedings of EACL-2023,
3299-332].
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 #IX : The advisor met with the
~advisee because she wanted to get
| advice” abouf j_ob gpplica'ri_ons.

- X838 She ‘O&£BEIL?
- Advisor
- Advisee

Brown, Tom, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D. Kaplan,

Prafulla Dhariwal, Arvind Neelakantan, et al. 2020. “Language Models Are
Few-Shot Learners.” Advances in Neural Information Processing Systems
33:1877-1901.
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Shangbin Feng, Chan Young Park, Yuhan Liu and Yulia Tsvetkov: “From Pretraining Data to
Language Models to Downstream Tasks: Tracking the Trails of Political Biases Leading to Unfair
NLP Models” ACL 2023 Best paper award.
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BERT-large

et HERLE#
o LLaMA (8)

RoBERTa-base B o ?
ROBERTa-large S 2
distilBERT — "’/aPT Y [ jﬁ g =
distilROBERT | gft e t_é;T:Bic zrieage (47) [“Smime (57
ALBERT-base

ALBERT-large e GPT-3-davinci m@
BART-base - % Chatcpk (%47)

BART-| % GPT 4 pE

Alpac’a GPT-J l:l ﬂl’:l %le th ; b T

Libertarian

BUEARZ bS5 AL
AR 3

FYVIFILTFXX bDIETTHEIRE

HAHEEE (Kiyomaru+, INLG 2024)
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ARG EDICEFEYULETFRAME2IBELTWVWEISLEYND S
cETILDRETICLBZEEDL

Kiyomaru, Hirokazu, Issa Sugiura, Daisuke Kawahara, and S. Kurohashi. 2024,

“A Comprehensive Analysis of Memorization in Large Language Models.”
International Conference on Natural Language Generation, 584-96.
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Spring ME&& (WordNet)

WordNet Search - 3.1

o
; 5
https://wordnet.princeton.edu/ <
Word to search for: Spring | Search WordNet ;‘3}
[
Display Options: | (Select option to change) v ' Change x
Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations =
Display options for sense: (gloss) "an example sentence” %
W
Noun
+» S: (n) spring, springtime (the season of growth) "the emerging buds were a sure
sign of spring”; "he will hold office until the spring of next year"
« S: (n) spring (a metal elastic device that returns to its shape or position when
pushed or pulled or pressed) "the spring was broken”
« S: (n) spring, fountain, outflow, outpouring, natural spring (a natural flow of ground N
water) =Y
» S: (n) spring (a point at which water issues forth) b
« S: (n) give, spring, springiness (the elasticity of something that can be stretched and €
returns to its original length) &

= 8: (n) leap, leaping, spring, saltation, bound, bounce (a light, self-propelled
movement upwards or forwards)
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https://pshapira.net/2024/03/3 | /delving-into-delve/

o
;,:
: n mn; H g
Papers with "delve" in title or abstract %
Source: Analysis of OpenAlex, type=articles i..i;
20000 0.900% 4
)
18000 0.800% 2
\ 2024, 0.79. z
16000 ’ 0.700% =
14000 ]
150 "delve”, count of 0.600% ~
2000 i)
articles 0.500%
10000
0.400%
8000 = “delve” (of annual S )
6000 article count) ebabriinin 0.300%
\0 0.200%
4000 2022, 0.05¢ N
2000 0.100% §
0 0.000% ke
=S-SR R = TN PN DD O N O DD DN N
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Analysis using OpenAlex by Philip Shapira, March 31, 2024.
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Llong, Weixin, Yaohui Zhang, Zhengxuan Wu, Haley Lepp, Wenlong Ji, Xuandong Zhao, Hancheng Cao, et al. 2024.
“Mapping the Increasing Use of LLMs in Scientific Papers.” arXiv fcs.CL]. arXiv. http://arxiv.org/abs/2404.01268.
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Training data / . _ =
i
To train the best | del, th tionof al high lity training d qumo 3T1Em-a-67$ ﬁ
o train the best language model, the curation of a large, high-quality training il
=] -] b | =
In line with our design principles, we invested heavily in pretrainirig data. Llama X I~ an ﬁﬁ&ﬁ%&@ = % | =
over 15T tokens that were all collected from publicly available sources. Our trai -"“ - l\:j
seven times larger than that used for Liama 2, and it includes four times more ¢ 9 i iﬁﬁ' -a- % r &) "‘ 1
upcoming multilingual use cases, over 5% of the Llama 3 pretraining dataset co LIQ ma 2 '& {Em L f: o ‘
quality non-English data that covers over 30 languages. However, we do not exp, J
of performance in these languages as in English. “/* P g
To ensure Llama 3 is trained on data of the highest quality, we developed a series of d,/ mﬁé
N
pipelines. These pipelines include using heuristic filters, NSFW filters, semantic dedy ,aallon o
approaches, and text classifiers to predict data quality. We found that previous generatlons of ‘g
Llama are surprisingly good at identifying high-quality data, hence we used Llama 2 to generate Eg‘

the training data for the text-quality classifiers that are powering Llama 3.



"Model Collapse

“We find that indiscriminate use of model-generated
content in training causes irreversible defects in the
resulting models, in which tails of the original content
distribution disappear. “
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“model collapse” ¥4

Shumailov, llia, Zakhar Shumaylov, Yiren Zhao, Nicolas
Papernot, Ross Anderson, and Yarin Gal. 2024. “Al Models
Collapse When Trained on Recursively Generated Data.”
Nature 631 (8022): 755-59,
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