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The Language Modeling Problem

B Setup: Assume a (finite) vocabulary of words
Y = {the, a, man, telescope, Beckham, two, Madrid, ...}

B We can construct an (infinite) set of strings
Vi = {the, a, the a, the fan, the man,the man with the telescope, ...

B Data: given a training set of example sentences z € V1
B Problem: estimate a probability distribution

p(the) = 10712
Z p(x) _ 1 p(a) — 10—13
zeVvt p(the fan) = 10712
and p(xz) > 0 for all z € Vi p(the fan saw Beckham) =2 x 107

p(the fan saw saw) = 107 1°



The Noisy-Channel Model

 We want to predict a sentence given acoustics:

w* = arg max P(wla)
w

 The noisy channel approach:

w* = arg max P(wla)
= arqunax P(alw)P(w)/P(a)

o arg max P(a|w)P(w)
w

/ \
Acoustic model: Distributions Language model:
over acoustic waves given a Distributions over sequences

sentence of words (sentences)



Acoustically Scored Hypotheses

the station signs are in deep in english
the stations signs are in deep in english
the station signs are in deep into english
the station 's signs are in deep in english
the station signs are in deep in the english
the station signs are indeed in english
the station 's signs are indeed in english
the station signs are indians in english
the station signs are indian in english
the stations signs are indians in english
the stations signs are indians and english

-14732
-14735
-14739
-14740
-14741
-14757
-14760
-14790
-14799
-14807
-14815



ASR System Components

Language Model Acoustic Model
source channel
» W > >
P(w) P(alw)
K/\ ;o -
best observed
W decoder |« 5

argmax P(wl|a) = argmax P(a|w)P(w)
W W



MT System Components

Language Model Translation Model
source e channel
> > —>
P(e) P(fle)
K/\ ;o -
best observed
e decoder |« £

argmax P(e|f) = argmax P(f|e)P(e)
e e



Probabilistic Language Models: Other Applications

 Why assign a probability to a sentence?

* Machine Translation:
 P(high winds tonite) > P(large winds tonite)
e Speech Recognition

* P(I saw a van) >> P(eyes awe of an)

e Spell Correction

* The office is about fifteen minuets from my house
* P(about fifteen minutes from) > P(about fifteen minuets from)

* + Summarization, question-answering, etc., etc.!!
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Probabilistic Language Modeling

e Goal: compute the probability of a sentence or
sequence of words:

P(W) = P(w,,W,,W3,W,,We...W,)
* Related task: probability of an upcoming word:
P(wg | W, W,,Ws,W,)
A model that computes either of these:
P(W) or P(w,|wy,w,..w_ ) is called a language model.



How to compute P(W)

 How to compute this joint probability:
 P(its, water, is, so, transparent, that)
P(“its water is so transparent”) =

P(its) X P(water]its) X P(is|its water)
X P(so|its wateris) X P(transparent|its water is so)



How to estimate these probabilities

 Could we just count and divide?

P(the |its water is so transparent that) =

Count(its water 1s so transparent that the)

Count(1ts water 1s so transparent that)

* No! Too many possible sentences!
 We’'ll never see enough data for estimating these



Markov Assumption

* Simplifying assumption:

Andrei Markov

P(the |1ts water 1s so transparent that) [] P(the | that)

* Or maybe

P(the |1ts water 1s so transparent that) L] P(the | transparent that)



Markov Assumption

POspw, - w,) = [T POW, 1wy W)

* |[n other words, we approximate each
component in the product

P(Wi | Wwiw, - 'Wi—l) ~ P(Wi | Wik - Wi—l)



Simplest Case: Unigram Models

Simplest case: unigrams

P(ww, - w,) = | | P(w)

* Generative process: pick a word, pick a word, ... until you pick </s>

Graphical mode'i@ @ ............. @ @

 Examples:
e fifth, an, of, futures, the, an, incorporated, a, a, the,
inflation, most, dollars, quarter, 1in, 1s, mass

e thrift, did, eighty, said, hard, 'm, july, bullish
e that, or, limited, the

* Big problem with unigrams: P(the the the the) >> P(l like ice cream)!



Bigram Models
Conditioned on previous single word

Pw, |ww, .. w_)=P(w |w_)

Generative process: pick <s>, pick a word conditioned on previous one,
repeat until to pick </s>

Graphical model: e 0 __,

Examples:

* texaco, rose, one, in, this, issue, is, pursuing, growth, in, a,
boiler, house, said, mr., gurria, mexico, 's, motion, control,
proposal, without, permission, from, five, hundred, fifty, five,
yen

* outside, new, car, parking, lot, of, the, agreement, reached

* this, would, be, a, record, november



N-Gram Models

 We can extend to trigrams, 4-grams, 5-grams

 N-gram models are (weighted) regular languages

« Many linguistic arguments that language isn’ t regular.

 Long-distance effects: “The computer which | had just put into the
machine room on the fifth floor  .”

e Recursive structure
* We often get away with n-gram models
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Evaluation: How good is our model?

* Does our language model prefer good sentences to bad ones?
 Assign higher probability to “real” or “frequently observed” sentences
e Than “ungrammatical” or “rarely observed” sentences?

* We train parameters of our model on a training set.

 We test the model’s performance on data we haven’t seen.

e Atestsetis an unseen dataset that is different from our training set,
totally unused.

* An evaluation metric tells us how well our model does on the test set.



Extrinsic evaluation of N-gram models

e Best evaluation for comparing models A and B
e Put each model in a task
« spelling corrector, speech recognizer, MT system
* Run the task, get an accuracy for A and for B
« How many misspelled words corrected properly
 How many words translated correctly
e« Compare accuracy for Aand B



Difficulty of extrinsic (in-vivo) evaluation of N-
gram models

e Extrinsic evaluation
* Time-consuming; requires building applications, new data
* So
« Sometimes use intrinsic evaluation: perplexity
e Bad approximation
* unless the test data looks just like the training data
e So generally only useful in pilot experiments
e But is helpful to think about.



Intuition of Perplexity

e« The Shannon Game: ("~ mushrooms 0.1

« How well can we predict the next word? pepperoni 0.1

< anchovies 0.01
| always order pizza with cheese and

d |
The 33" President of the USwas fried rice 0.0001

| saw a
 Unigrams are terrible at this game. (Why?)  \_ 5nd 1e-100

* A better model of a text
e is one which assigns a higher probability to the word that actually occurs




Perplexity

The best language model is one that best predicts an unseen test set

* Gives the highest P(sentence)

1
= N
Perplexity is the inverse probability of PPOV) = P(ww,...wy)

the test set, normalized by the number 1
of words: = ]</P(w1w2...wN)
hain rul -
Chain rule: PP(W) = | EP(WI_‘WL”W”)
For bigrams: N
W zam
1P wl\wI 1)

Minimizing perplexity is the same as maximizing probability



The Shannon Game intuition for perplexity

From Josh Goodman

 How hard is the task of recognizing digits ‘0,1,2,3,4,5,6,7,8,9’
* Perplexity 10

 How hard is recognizing (30,000) names at Microsoft.
* Perplexity = 30,000

e If a system has to recognize

e Operator (1in4)

* Sales(1in4)

* Technical Support (1 in 4)

* 30,000 names (1in 120,000 each)

* Perplexity is 53

* Perplexity is weighted equivalent branching factor



Perplexity as branching factor

e Let’s suppose a sentence consisting of random digits

 What is the perplexity of this sentence according to a model
that assign P=1/10 to each digit?

PP(W) = P(wiwy.. .WN)_F}?

IN
(15
1—1
10
= 10

1
N



Another form of Perplexity

1 m
1 o '
27" where | = — E_l log p(s;)

Lower is better!
1
Example: V| =N and q(w]...) = ~
¢ uniform model = perplexity is N

Interpretation: effective vocabulary size (accounting for statistical regularities)

Typical values for newspaper text:
e Uniform: 20,000; Unigram: 1000s, Bigram: 700-1000, Trigram: 100-200
* Important note:

 Its easy to get bogus perplexities by having bogus probabilities that sum to
more than one over their event spaces. Be careful!



Lower perplexity = better model

e Training 38 million words, test 1.5 million words, WS

N-gram Bigram Trigram
Order

Perplexity 962
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Neural Language Models
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Sequence Decoder



Neural Language Model

(POS ) (POSZ) p(POS3) (POS4) (POSS) (POS ) POS7)

AAASAALA

This movie should never have been made



Neural Language Model

(POS ) (POSZ) p(POS3) (POS4) (POSS) (POS ) POS7)

AAASAALA

This movie should never have been made



Neural Language Model

POS ) (POSZ) p(POS3) (POS4) (POSS) (POS ) POS7)

AAASsAASAA




Neural Language Model

(POS ) (POSZ) (POS_:,) (POS4) (POSS) (POS ) POS7)

AAASAASAA




Neural Language Model

p(w,) p(w,) p(ws) p(w,) p(Ws) p(Wg) p(w;)
|V|-way T T T T T T
softmaxé} 4& 4& 4& 4& 4&
Y1 Y2 Y3 Y4 Ys Ye Y7

How do we get the actual sentence from a sequence of probability
distributions?



Language Modeling Head

p£V1) p(:’Z) ... PV Word probabilities 1 x V]
LS
/ 1 1 Dj:H:D 1
[ .-nn ] Softmax over vocabulary V
Logits 1x V|
Unlzr;et;ezdcéTg Qnembedding IaEDd x V|
f J
w 1xd Weight Tying:

LSTM

Often transpose of
embedding matrix E



Neural Language Model

Rama killed Ravana using his arrow and...
2 2 - VB Y - 12 N - 12
W p(W2) W3 p(W4) p(W5) p(W6) W

AAAsAAAA

Can you think of a fundamental problem in this design?



Neural Language Model

Sita killed Ravana using his arrow and...
V& B v 2 - v 2 v
W p(W2) W3 p(W4) p(W5) p(W6) W

AAAsAAAA

Can you think of a fundamental problem in this design?



Neural Language Model
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Neural Language Model
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Neural Language Model

e Use LSTMs not BiLSTMs
 Why?

 When does it stop?

* Define the probability distribution over the next itemin a
sequence (and hence the probability of a sequence).
P(wy.,) = P(wy)P(wy | wy) P(ws | wy.g) P(wy | wys) ... P(w, | wy.,—y)

P(fwl,...,'wn) = Hp(t?; = fwz-|w1, ...,'wz-_l)

=1



Neural Language Model

A

p(wf|w1)

A

i

abducted

&,

v

p(W3)

\

™

p(W4)

Xabducted

Xfrom

7

EOS



Neural Language Model
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Neural Language Model
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Neural Language Model: Inference Time

p(w;) p(w,) p(ws) pP(wy) p(Ws) p(We)

<S> USita Uwas anbducted Xfrom bxher
7

EOS




Neural Language Model: Inference Time

Sit wa abducted\ fro her hom EOS
- —\ ) ) =

p(w,) p(w,) p(ws) p(w,) p(ws) p(wWg) p(w,)

<S> USita Uwas anbducted Xfrom Uher uhome
7



Neural Language Model: Greedy Decoding

What is the function we actually wish to compute?

e argmaxP(wy.,)
Win

 Computing this expression is prohibitive.
* Greedy Approach: approximation can be bad because

 model will never begin a sentence with a low probability word
* model will prefer many common words to one rare word

 Solution: Beam Search



Beam Search @ N
@/®
0.15
/’

>@ ...
\ Nl
0.0

.03

X x

Instead of picking one
greedy path, maintain
multiple greedy paths

Upto a constant beam of b

Example for beam size =2



Neural Language Model Training
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Neural Language Model° Training
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Neural Language Model: Training (Teacher Forcing)
Sita as abducted avana her...

/ S|t za Aucted /ro / m EOS

AV VY
AN LKA AT A

3
<S> USita Uwas Xabducted be Uher Uhome
7



Neural Language Model: Training (Teacher Forcing)

Sita

/ s
\

<S$>

as abducted avana her...

Ka Aucted /rom\ / m EOS
@% % CE ¢
(W,) (W3) (Wy) (w5) (w6) W)

3
USita Uwas anbd ucted be URavana Xfrom
\./ v



How to Train this Model?

Loss function: sum(cross entropy at each prediction)

Issues with vanilla training
* Slow convergence. Model instability. Poor skill.

Simple idea: Teacher Forcing
» Just feed in the correct previous tag during training

Drawback: Exposure bias
* Not exposed to mistakes during training



Solutions to Exposure Bias

* Scheduled Sampling (Bengio et al. 2015)

« With some probability, decode a token and feed that as
the next input, rather than the gold token.

* Increase probability over the course of training
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Neural Language Model
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Transformer Language Model

Sita\ was\ abducted\ from\ her\ hom\ EOS

p(w,) p(w,) p(ws) p(w,) p(ws) p(wWg) p(w,)

NIV VNN PN

Y1 Y2 Y3 Y4 Ys Ye Y7
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4 4
(b( Add & Normalize )

3 3

( Feed Forward ) ( Feed Forward )

ENCODER #1
I
|
|
|
|
1
|
|

-
1
1
1
1
1
1
1
1
]
1
1
1
1
1
1
1
]
]
]

>

POSITIONAL
ENCODING

X1 X2
Thinking Machines

Images from https://jalammar.github.io/illustrated-transformer/



Challenge for Transformer Encoder = Decoder

e All pair attention is not meaningful. Why?

e Solution: all pair attention only for the past

« Self-attention only on words generated uptil now, not on whole sentence.

82



Attention is left-to-right

Self-Attention
Layer

) () () () ()

.

attention

A

X4

attention

X3

attention

X4

attention
A

(%5 )




A

Transformer Decoder

e Need to ensure we don’t “look at the

future” when predicting a sequence

softmax (mask (

QKT
Vi

))¥

Repeat for number
of encoder blocks

ql-k1| —00 | —00 | —0o0
q2:-k1 (q2:k2| —oco [ —oo
q3°k1(g3-k2|q3:-k3| —oco
q4-k1(q4-k2(g4-k3 |g4-k4

Probabilities

Softmax
N
Linear
N

Add & Norm
N

Feed-Forward

Add & Norm
A

Masked Multi-
Head Attention

Block

Add Position
Embeddings

Embeddings

Decoder Inputs



Transformer Language Model

Next token long and thanks for all
) 1 1 1 1

Language [

Modeling ogits logits logits ogits ogits
Head :A: :‘\:

Stacked

Transformer
Blocks

Input

Encoding

|
Input tokens So long and thanks for
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Goal

* Generate text based on (varied) inputs

« Examples

Machine Translation: Language = Language
Summarization: Language -2 Language

Dialogue Systems: Language = Language

Speech Recognition: Speech = Language

Image Captioning: Image > Language

Video Captioning: Video - Language

Speech Recognition in Videos: Video+Speech = Language



Goal

* Generate text based on (varied) inputs

« Examples

Machine Translation: Language = Language
Summarization: Language = Language

Dialogue Systems: Language = Language

Speech Recognition: Speech = Language

Image Captioning: Image > Language

Video Captioning: Video - Language

Speech Recognition in Videos: Video+Speech = Language



Seq2Seq



Idea 1: Encoder-Decoder

 Encode the input
* Pass the representation as starting state (s,) to neural language model

* Decode the output Rama killed Ravana _ EOS
'\"rﬁ‘! ‘Y’:é% ‘vggf \ —1),%*
p(wy) p(w) ptwy) | p(w,)

I I I I
Ly PN NS
- - 1 1 1 1
LSTM ]4——’[ LSTM = LSTM ],—_»[ LSTM ,: LSTM — LSTM H LSTM ]—5"[ LSTM H LSTM ]
Q'ITT[ ETT ﬂlﬂﬂ EITOAI II'IT?T <!> U {n bu d UR, ana
Encoder Decoder
(Bi-LSTM) (LSTM)




Idea 2: Encoder-Decoder

e Pass encoder output as input to each decoder unit
* Input at decoder = concat(z, x

L[ LSTM ]4——’[ LSTM [

LSTM ]zl

ol LSTM LSTM ) :
f | f 1 t
M El BEL| A ART

prev word)

Rama killed Ravana EOS
p(w,) p(W,) p(w;) p(w,)
; ; i 1
Y1 Y2 Ys Ya
1 1 ] 1
c S S S
LSTM LSTM LSTM LSTM

I‘

U:m‘ L‘

Ufmf




Seq2Seq without Attention

Rama killed Ravana EOS
- ,f) ®, -
-\{J&}‘f “{),:é% -v,ﬁﬁ wﬁ*

p(w,) p(W,) p(ws) p(w,)

L ]
" | e

Y Y Y Y
) { R ' c I T I T
LSTM ],—_>[ LSTM = LSTM™ ],—_-[ LSTM f= LsT™ — —Sﬂo[ LSTM J—S‘-[ LSTM ]—Sh[ LSTM H LSTM ]

1 1 1 / ! [
?'ITT[ 9 TIL'UT A 1:I'IT?T <S>‘ XRama‘ billed‘ URavaf
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Seq2Seq with Attention ™’
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Multiple Encoded Vectors = Single Summary

C:2ai.hi

T
=1

a,.7 = softmax(aq, @y, ..., A7)
C

a; = ¢ (q, hy)
&, hy 1 G, he
agl, hs
az, hz * a4,, h4,
—’l LSTM Izl LSTM =1 LSTM L—_’I LSTM =] LSTM

1 | f 1 1
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23

S,
s
'\ﬁ,@éﬁ

Seq2Seq with Attention ™’

C_ZZJ h2

C

@y, hy 7'1‘% as, hs
/ C_ZBi h3 \

4 Ay, Py

LSTM |<_

LSTM LSTM k= LSTM LSTM |
1 | t I t
I q g LAl ART



Rama
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Seq2Seq with Attenti

LSTM t={ LSTM |={ LSTM™ LSTM k=] LST™m
1 | t I t
I q g LAl ART
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Seq2Seq with Attention
hy.r = bILSTM gy (x1.7)

~J _ gpatt
a; = ¢ (sj-1, hy)

j — ~J =J ~J
a) = softmax(cxl,a2 ...,aT)
T

| J
c/ = Z a;. h;
—

l

Sj = LSTMdeC(Sj_l, Xz[j-1]» Cj)

pj(w) = softmax(MLP"“t(sj))
z|j] ~ pj (w)



Encoder-Decoder with Attention

* Encoder encodes a sequence of vectors, h,,...,h;

e At each decoding stage, MLP ¢ assigns a relevance score to
each Encoder vector.

* The relevance score is based on h; and the state s,

 Weighted-sum (based on relevance) is used to produce the
conditioning context for decoder step j.



Encoder-Decoder with Attention

 Decoder "pays attention" to different parts of encoded sequence at each
stage.

e The attention mechanism is "soft" -- it is a mixture of encoder states.

 The encoder acts as a read-only memory for the decoder
 The decoder chooses what to read at each stage

 Complexity
* Encoder Decoder: O(n+m)
e Encoder Decoder w/ Attention: O(nm)
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Transformers
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Encoder-Decoder

One key difference from
decoder:

e Additional encoder-decoder
attention layer where keys,
values come from last
encoder layer.

t

Feed Forward

4

Encoder-Decoder Attention

A

Self-Attention

t




Full architecture with
Attention reference
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Full architecture with
Attention reference
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Full architecture with
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Full architecture with
Attention reference
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Encoder-Decoder

* we process the source sentence
with a bidirectional model and
generated the target with a
unidirectional model.

e For this kind of seq2seq format,
we often use a Transformer
Encoder-Decoder.

e We use a hormal Transformer
Encoder.

e Our Transformer Decoder is
modified to perform cross-
attention to the output of the
Encoder.
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Cross-Attention Details

We saw that self-attention is when keys,
queries, and values come from the same
source.

In the decoder, we have attention that
looks more like standard key-value attention
Let A4, ..., hy, be output vectors from the
Transformer encoder; x; € R?

Let z4, ..., Z,, be input vectors from the
Transformer decoder, z; € R?
Then keys and values are drawn from the
encoder (like a memory):

e k; =Kh;, v; = Vh;.
And the queries are drawn from the
decoder, q; = Qz;.
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The Revolutionary Impact of Transformers

¢ Almost all current-day leading language models use Transformer building blocks.
e E.g.,GPT1/2/3/4,T5, Llama 1/2, BERT, ... almost anything we can name
® Transformer-based models dominate nearly all NLP leaderboards.

® Since Transformer has been popularized in = e raue
lpﬁ

language applications, computer vision also —'U—

adapted Transformers, e.g., Vision o

Transformers.

i ttention
1x1 conv Mip
] Self-attended
we
Q [ l .. l cature aps
- HH

1%1 con  E ®_‘H_'
¥ xlco

[Khan et al., 2021]

What's next after

Transformers?




Transformer Examples

Microsaft DeBERTa (2020}

Eleuther Al

Original transformer

CodeX (2021)
InstructGPT (2022

OPT (2022
Meta Galactica (2022)

LLaMA (2023

Mata BART (2020

Encoder-Decodear Flan-T5 (2022
Google /" Flan-UL2 (2023)

T5 (2022

https://magazine.sebastianraschka.com/p/understanding-encoder-and-decoder



Do Transformer Modifications Transfer Across

Implementations and Applications?

Params Ops Step/s Early loss Final loss SGLUE XSum WebQ | WMT EnDe

Vanilla Transformer 1117 350 21824 0,005 1.838 T1.66 17.78 26.62
GeLU nar 2179 £ 0.003 1.838 75.79 17.86 26.47
Swish nar 2186 + 0.003 1847 7397 177 26.75
ELU 1mnar 16.73 26.08
GLU nar 17.42
GeGLU 1mnar 18.27
ReGLU nar 18.36
* Genera no!
LU 1mnar 18.20
) ° LiGLU 11T 1707
igmoid 1mnar 17.51
Softplus 1117 07 £ 0.011 72.45 17.65
RMS Norm ar 67 £ 0.008 1.821 75.45 17.94
PY (Na ra ng et al 2021) Resero nar 660 1561
ezero + LayerNorm 1mnar T0.42 17.58
ezeto + RMS nar 70.: 17.32
Fixup nar 2382+ 0.012 58.56 14.42
24 layers, dy = 1536, H = 6 nar 2.200 + 0.007 1843 T4.89 17.75
18 lavers, dy = 2048, H =8 1mnar 2 76.45 16.83
8 layers, dg = 4608, H = 18 mar 169 2 T4.58 17.69
6 layers, dg = 6144, H = 24 1mnar 170 2 73.55 17.59
Block sharing 1mnar 101 6450 14.53 21.96 2548
+ Factorized embeddings 94T 121 60.84 14.00 19.84 2627
+ Factorized & shared em- 91T 53.95 11.37 10.84 2
beddings

69.60 1623 23.02
6793 1613 2381

©

Encoder only block sharing  170M ar 3.68
Decoder only block sharing 1440 1117 370

@

3
94T 280 2208 + 000G
91T 20 & 0.010

041 1502
65.69 1633

i

Factorized Embedd

ing

Factorized & shared embed-

dings
Tied encoder/decoder in- 2480 1mnar 2192 + 0.002 1.840 TLT0 17.72 24.34 26.49
put embeddings

Tied decoder input and out-~ 248M 11T 2U87+0007 1827 TA86 1771 2487 26.67

put embeddings

Untied embeddings M 11T 1834 7299 1758
Adsptive input embeddings  24M 92T 16.21
Adaptive softmax W4M 92T 2.364 £ 0.005 16.67
Adaptive softmax without 10.8T 20 £ 0,000 17.10
projection
Mixture of softmaxes 16,97 97 £ 0.017 17.62
Transparent attention 1mnar 2181 + 0.014 10.40
Dynamic convelution L1LET 12.67
Lightweight convolution 1047 14.86
Evolved Transformer 99T 10.76
Synthesizer (dense) 14T 14.27
ynthe r (dense plus) 1267 2 + 0,010 16.96
Synthesizer (dense phus al- 12,67 2,180 £ 0.007 17.02
pha)
Synthesizer (factorized) 01T 384 234140017 1968 62L7R 1530 28.55
Synthesizer (random) W0IT 408 260012 2000 5427 1035 19.56
Synthesizer (random plus) 1207 363 218040004 1842 7332 17.04 2487
uthe: r (random plus 1201 342 86 £ 0.007 1.828 75.24 17.08 24.08
alpha)
Universal Transformer BAM a00T 2406+£0036 2. 1408 19.05 2301
5 GASM 17T 2,148 + 0.006 1.785 18.13 24.08 26.94
er 1o0M 1177 L0007 L758 18.02 2619 26.81
Funnel Transformer 19T 22880008 1918 1626 2275 2
Weighted Transformer TLOT 78 + (.0 1.989 16.98 20
Product key memory 386.6T + 0,003 1.798 1704 26.




Transformers (2017) Made Many Changes at Once!

e Delete all RNN components = Position encodings
* Residual connections

* Interspersing of Attention and MLP layers
 LayerNorms

* Multiple heads

e Carefully tuned hyperparameters

* Most original choices have stuck
* sinusoidal embeddings!



What is missing in Transformers?

* Long sequence length

e External memory

e Better human controllability

e Align with language models of brain
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