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1 N-Gram Model:
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Witten-Bell smoothing
BB 8 Absolute discounting smoothing
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2. A Neural Model

The training set is a sequence wy ---wr of words w; € V, where the vocabulary V is a large but
finite set. The objective is to learn a good model f(wy,--- ,wy_n11) = P(w;|w/™!), in the sense that
it gives high out-of-sample likelihood. Below, we report the geometric average of 1/ lﬁ(wt|w"1_1 :
also known as perplexity, which is also the exponential of the average negative log-likelihood. The

only constraint on the model is that for any choice of w’l_1 : El‘;'l (I,Wi—1,++ yWi_ns1) = 1, with
f > 0. By the product of these conditional probabilities, one obtains a model of the joint probability

of sequences of words.
: //—¢WQM%

/f(ith—la” ) 7Wt—n—|-1) — g(i,C(Wt—l),' e 7C(wt—n—|—l))
i B N EATERES

Bengio, Yoshua, et al. “A neural probabilistic language model”’. Journal of machine learning research 3.Feb (2003)
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A neural probabilistic language model
Y Bengio, R Ducharme, P Vincent, C Jauvin - Journal of machine learning ..., 2003 - jmir.org

.. A goal of statistical language modeling is to learn the joint probability function of sequences
of words in a language. This is intrinsically difficult because of the curse of dimensionality: a ...

Y R D9 EIE  WoIERE:[12936 | H%EXE  Fid 65 MEA 9

Bengio, Yoshua, et al. "A neural probabilistic language model." Journal of machine learning research
3.Feb (2003): 1137-1155.

LB - AFHE oc FRs FRSC (351E: Yoshua Bengio, 19643 B5R"—) 2—%&mn
SATENRYR, BEEATHZNENRESIAENARmaa2sY ghe
hEZWIELB2MRE=ER0] ReLUCHEE NS, MESISFIRASITEN
RIS AT EY RIBUS AR SIS FI/R S S B RS T,

& B 5730 B - SRS T E—ReiRiE 2018 EME R, URSMIIERESLIAE
B, X AR “ABR” M SRE R g v elelholinzins] 18
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X, EYSHRNRZHE. Yoshua Bengiold: fH
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nature

Explore content v About the journal v Publish with us v Subscribe

nature > news > article

NEWS 12 November 2025

‘Godfather of AI’ becomes first
person to hit one million citations

The milestone makes machine-learning trailblazer Yoshua Bengio the most cited
researcher on Google Scholar.

By Davide Castelvecchi
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i-th output = P(w; = i| context)

softmax
(eoe X0 (XX D)
7 ~
/ / . \
4 V4 most computatlon here \
/ / \
1 1 \
1 1 \
1 I 1
,' ! tanh '
. “ Coeoeo . . ®0) I'
\N= /) ]
(1) FomiEIEaE N /
. . 1 /
(distributed feature vectors) | v o
[0.8480, -0.4750, -0.1357, 0.4134] ['0-483\2, -1.4191, 0.62383, 0.0977]

C(Wrt—n+ S C(wi—2) C(wi1)

shared parameters
across words

index for w;_, 11 index for w;_» index for w;_;

& - -R ¥ 20



1L

Q‘-’EL_‘— 7,EJ:FJ

IfA v —
i-th tput = =] context

68 Ya 7 RR7

> Unive sity of Chinese Academy of Sciences

05)=0.075

) WRHhIVHIERE

(dlstrlbuted feature vectors)
[0.8480, -0.4750, -0.1357, O 4134] [-0. 4832 -1.4191, 0.62383, 0.0977]
~ C(Wt 2)

~
----------

index for w;_, 11
iA
=)

C(W,« 1)

-
---------------------------------

shared parameters
across words

index for w;_,
-0
/\

index for w;_;
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E|3 Q-LD = %FJ

£8...— 0.075
zthoutput_zg\I #)

= l context

(3) HEiHEMERIERIAN &P 8ERYiA

J ('7} | ga---_/ \$)—0.000065
o(# | £5...—R3F)=0.000011 VTN ) (5 | £8...— R 3F)=0.000001

3 (eoo (X0 e )
(2) LML T 7 i N
matrix C whose row i is the feature vector C(i) for word i. The function g may be implemented by a

feed-forward or recurrent neural network or another parametrized function, with parameters w. The

overall parameter setis 6 = (C,w).
Training is achieved by looking for 0 that maximizes the training corpus penalized log-likelihood:

1
iaﬁj\ﬁ L= ?Elogf(wtawt—la'” awt—n+1;6)+R(e)a
(distributed fée

where R(0) is a regularization term. For example, in our experiments, R is a weight decay penalty
s Cwis)  Cwir)\ _[0.0887,0.0405, -0.1081, -0.2165]

-------------------------------------------

shared parameters
across words

index for w;_, 11 index for w;_» index for w;_;

& - -R ¥ »
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The main result is that significantly better results can be obtained when using the neural net-
work, in comparison with the best of the n-grams, with a test perplexity difference of about 24% on
Brown and about 8% on AP News, when taking the MLP versus the n-gram that worked best on the
validation set. The table also suggests that the neural network was able to take advantage of more

1
P(wl,wQ,...,

N
Perplexity(W) = v ) = H P(w;|wy, ..., wi_1)
WN i=1

MLP9 5 100 [ 30| no | no | 175| 280 | 276
NNLM { MLP10 5 100 | 30 | no | yes 265 | 252
Del. Int. 3 31| 352 336
- Kneser-Ney back-off | 3 334 | 323
Kneser-Ney back-off | 4 332 | 321
. Kneser-Ney back-off | 5 332 | 321
Tr1-Gram 4 (¢ based backoft |3 | 150 348 | 334
class-based back-off | 3 200 354 | 340

| class-based back-off | 3 | 500 326 | 312 23
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e S=(5,5450)..._

Perception

— sensory'area
: a=0y,€"& e
Action T

- motor regions
l In these virtual worlds, each cyborg mini-brain

actsasif itis the paddle that hits the ball,

— Pred!ct!on RIS s . o Emg a=0,67¢ &
—» Predictions SERSSTRsRiaRass Action

100 5 MHLMBEEAREIGE "Bl gk, & 7 8Bk
Kagan B J, Kitchen A C, Tran N T, et al. In vitro neurons learn and exhibit sentience
when embodied in a simulated game-world[J]. Neuron, 2022, 110(23): 3952-3969. 8.
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i-th output = P(w; = i| context)
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GPT-1:
GPT-2:
GPT-3:
GTP-4:

SnvibiA Snvibia

L1724, EiESEFER1AEABRIBookCorpus, 25(21F

15(2&8, BUEN40GBHYWebText

1750285, HIREIECC(4TF(ZiT)+WebText2(1904Zi5)+Book Corpus(670{Zi5)+Wiki(30{Zi3)
1-1.7T51{28# oo
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A Brief History of LLMs

2017 2018 2018 2019 2019 2020 2021 2022 2022 2023 2023 2024 2024 2024 2025

JUN JUN OCT FEB OCT MAY SEP MAR NOV FEB MAR MAR APR DEC JAN
GPT FLAN LLaMA LLaMA-3.1
405B
BERT | GPT-3.5 OpenAl-ol
GPT-2 InstrutGPT GFIS DeepSeek-V3
J GPT- I
Transformers GPT-3 ChatGPT DeepSeek-R1
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ANEsRE (LLM) EFPXEK

BASBRENINE—RFN, BRAMOISVIFANRER, HACKRNBIE, MRENFREBEHBAE, NOEBMEERZ ORE IR
¥, BEMETERFRIENRS, BREXNOBLEEASZENKEHEZHE, REMALC, —IHES.

GPT-3.5 4K/16K tokens (1token=1.5-1.8;N=)

GPT-4 Turbo 128K tokens

Claude 3.7 200K tokens

Kimi Chat (B2ZIB@E) 588K tokens

Llama-2 4K/32K/64K tokens

DeepSeek V3 64K tokens (={&I_ II_ IIILE, £71£25F180[0))
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https://www.cluebenchmarks.com/static/superclue.html
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& &z, y AT, BHRE sinz + siny = sin(z + y). K cosz + cosy KIFFE ATREEVE.

EREE: AEAXNBA=ARSRANAXNNEMFKMRITHE, REETIRKRAESARMECos T + cos yi)
BEERE.

o HBW—: Msinz + siny = sin(z + y) #ITHHE
RiIEMmAM/ARsin(A + B) = sin Acos B + cos Asin B, ¥sinz + siny = sin(z + y) &
FaE:

sinz + siny = sinzcosy + coszsiny

« Ysin(*Y) = OR:
WS =nr, n€ Z, Blz+y=2nw, n € Z, P4y = 2nm — z,
By = 2nm — zf Acosz + cos yAJf§:

COS Z + cosy = cos & + cos(2nm — x)

BIEES AR cos(2km — a) = cosa, FJf§cosz + cos(2nm — ) = cosx + cosT =
2cosz,
BR-1<cosz <1, FiA—2 < 2cosz <2, BI-2 < cosz + cosy < 2,
SZAULE=MIER, cosz + cos yWRETBER[-2,2],
FRIX, &:H [-2,2] ]
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from typing import List

def task func(matrix: List[List[int]]) ->
List[List[int]]:

HE—NPmxnWERE, XRTFENET
BWEE, ZEERR-—IMARBHFE
8

“Jevkir” BEmAEMS ER, “WE
B OEMEENTL,

ARREBLEAF W (£, T £,
B ) —AETTR K EREAF W
A48 T

R i N W R S S g
B oy B TTAE AT

XK.
- R BB A AR T R N % — T HE B
(FAEEA. NEEITHIUFHS) o

nmn

BEEE:
from typing import List
def task func(matrix: List[List[int]]) -> List[List[int]]:
if not matrix or not matrix[0]:
return []
m, n = len(matrix), len(matrix[0])
# € SUFT DA 1] AL vk o A B0 0 R A
can_flow_to north = set()
can_flow_to_south = set() return False
if ju[2] <= 0:
return False
for i in range(3):
if ju[i] == 0:
continue
max_amount = math.floor(ju[i] / 2)
res = math.ceil(target / max_amount)
if res > 0:
return True
return False

# TR T B RT DUSR 0 b ok i e B B 3 ey B TE AR

result =]

for i in range(m):

for j in range(n):
if (i, j) in can_flow_to_north and (i, j) in
can_flow_to_south:
result.append([i, j])
return result

University of Chinese Academy of Sciences
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GPT-4.5-Preview OpenAl
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» Bengio, Yoshua, et al. "A neural probabilistic language model”.

Journal of machine learning research 3.Feb (2003): 1137-1155.
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