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Course Project

- Each team should have 3—4 members of your choice
- Two possible tracks of projects

- Research Track
« Application Track

- Application track will present first at the end of semester



Course Project — Research Track

- Example topics

- Choose a topic by selecting an existing problem discussed in class and
developing new ideas around it

- |dentify any unresolved challenges from a published paper and improve the
proposed approach

 Participate in ongoing shared tasks at SemEval, CoNLL, Kaggle, or relevant
workshops, and present and discuss the techniques you apply

- |f you are not sure whether your proposed topic is appropriate, please
come to office hours to discuss it



Course Project — Application Track

- Example topics

- Design a system with a user interface that applies NLP techniques to solve a
real-world problem

- Build a Chrome extension that applies NLP techniques to assist users in real
time
- Develop an App with compelling features that requires NLP techniques

- |f you are not sure whether your proposed topic is appropriate, please
come to office hours to discuss it



Course Project — Proposal

« Due: Mar 6

- Page limit: 2 pages (excluding reference)

- Format: ACL style

- More detailed requirements will be released closer to the due date



https://2023.aclweb.org/calls/style_and_formatting/

Computational Resources

« Texas A&M High Performance Research Computing (HPRC)

« https://hprc.tamu.edu/resources/

System Name:

Host Name:

Operating System:

Total Compute Cores/Nodes:

Compute Nodes:

Composable GPUs:

FASTER

faster.hprc.tamu.edu

Rocky Linux 8

11,520 cores
180 nodes

180 64-core compute nodes, each with 266GB RAM

200 T4 16GB GPUs
40 A100 40GB GPUs
8 A10 24GB GPUs

4 A30 24GB GPUs

8 A40 48GB GPUs

System Name:

Host Name:

Operating System:

Total Compute Cores/Nodes:

Compute Nodes:

Grace

grace.hprc.tamu.edu

Linux (CentOS 7)

45,376 cores
940 nodes

800 48-core compute nodes, each with 384GB RAM

100 48-core GPU nodes, each with two A100 40GB GPUs and 384GB RAM

9 48-core GPU nodes, each with two RTX 6000 24GB GPUs and 384GB RAM
8 48-core GPU nodes, each with 4 T4 16GB GPUs

15 48-core GPU nodes, each with two A40 48GB GPUs and 384GB RAM

8 80-core large memory nodes, each with 3TB RAM


https://hprc.tamu.edu/resources/
https://hprc.tamu.edu/resources/

Team Sign-Up

« https://docs.google.com/spreadsheets/d/1qUZPFl4wciToJsXye8-
WN4L7xVG38IWdAS2GCCzmu84A/edit?usp=sharing



https://docs.google.com/spreadsheets/d/1qUZPFI4wciToJsXye8-WN4L7xVG38IWdS2GCCzmu84A/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1qUZPFI4wciToJsXye8-WN4L7xVG38IWdS2GCCzmu84A/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1qUZPFI4wciToJsXye8-WN4L7xVG38IWdS2GCCzmu84A/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1qUZPFI4wciToJsXye8-WN4L7xVG38IWdS2GCCzmu84A/edit?usp=sharing

Team Match

Track

Research
Research
Research
Research

Research
Research

Research

Research

Broad Topic (feel free to add new ones!)

LLM Hallucination

In-Context Learning with LLMs

Cross-Lingual Transfer Learning

LLM Reasoning

Math and Logical Reasoning

Model Self-Correction

Model Editing

Adversarial Attacks for NLP Models

The following are proposed by students.

Track Topic

Related Readings

Related Readings

https://arxiv.org/abs/2305.13534
https://arxiv.org/abs/2303.08896
https://arxiv.org/abs/2407.07071

https://arxiv.org/abs/2202.12837
https://arxiv.org/abs/2402.05403
https://arxiv.org/abs/2311.00237

https://arxiv.org/abs/1901.07291
https://arxiv.org/abs/1911.02116
https://arxiv.org/abs/1912.07840

https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2305.10601
https://arxiv.org/abs/2501.19393
https://arxiv.org/abs/2410.05229
https://arxiv.org/abs/2405.18357
https://arxiv.org/abs/2410.15580

https://arxiv.org/abs/2203.11171

https://arxiv.org/abs/2303.17651
https://arxiv.org/abs/2211.00053
https://arxiv.org/abs/2310.01798

https://arxiv.org/abs/2202.05262
https://arxiv.org/abs/2310.20138
https://arxiv.org/abs/2308.08742

https://arxiv.org/abs/1804.07998
https://arxiv.org/abs/2004.09984
https://arxiv.org/abs/2305.14710

Interested! (Name) Interested! (E-mail)

Interested! (Name)

Interested! (E-mail)



Questions?



Lecture Plan

- Transformers
- Encoder
- Decoder
- Encoder-Decoder
- Transformers Variants
- Longformer
- Relative Positional Encoding

« RoFormer



Recap: Transformer

Updated Word Vector

Different context words O - 0 X O
have different O — l O
attention weights Q i Q
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Recap: Transformer

Attention Scores

Query q; = W9x;
Key ki = Wle-

Value  v; = WVx;

q1 - k1 q1 - ks
O O

00]: (00)

00)ii(00

00) (0O
x16 x26
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o ©
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Recap: Transformer

a4 ; = softmax 9 ki
Lt JVd Vector dimension
Normalized
Attention Scores O Q Q Q Q
Query  q; = W%, OO OO (OO OO OO
Key Ky = WKz, (00)ii{00])ii(00]!i[00]:[00]
Value — v; = WVx; :OO: :QO: OO OO OO
x1 | O x; |O X3 O x4 | O X5 O
O O O O O
o1 e © 9 ©
| like cats a lot




Recap: Transformer

Weighted Sum Z1 = z a1,iVi

i
Normalized ;T VT VT VT VT N
Attention Scores . O 1 O 1 O O o
Query  q; = W; 00| O00] O0O] ©00O] OO
Key ki =Wy 00| ([OO0] OO 00| OO
Value vy =WV 00]i{{00]:i{00]!i[00]I00O]:
x| O x; |O x3|O x4 | O x5 | O
O O O O O
o199 © © ©
| like cats a lot




Recap: Word Order?

Weighted Sum

Normalized
Attention Scores

Query q; = W9x;
Key ki — WKXi

Value  v; = WVx;

o O o
00]|l00] (00
00| [00] (00
00]|(©0): /(00
O] |x[0] =[O
O O O
o | © ©
I like cats
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Recap: Word Order?
Weighted Sum Z1 = z A1,iVi

Normalized ;T N Fabhhh VT B VT N
Attention Scores . O 5 O O i O i O

______________________

_________________________________

Query  q; = W%, OO | 1O00O]
Key — ky=W"x; OO 00

e w=w'x,  (00)]|(00)}[00)|(©0)![00)
x16 x36 x26 x46 x56
o | lo|] o [lol o
o 1e © |9 ©




Recap: Positional Encoding

P1

- 000 +

x; < x; + PE;
P2 P3 D4
+ + +
X2 6 X3 6 X4 6
O O O
o © ©
like cats a
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Recap: Sinusoidal Positional Encoding

https://www.inchcalculator.com/unit-circle-calculator/

PE(pos,2i) = S’in(pos/l()()()QQ’i/dmodel)
PE(pos,2i+1) = Cos(pos/l()()()()%/dmodel)

PE(3) Y lwn PE(2)

PE(4)

PE(1)
(—1,‘0) . | (110)
PE(5) | X

(0, -1)

17



Recap: Transformer Encoder with Positional Encoding

N x

r

\

N\

Add & Norm

Feed
Forward
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\

Add & Norm

Multi-Head
Attention

At

.
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Positional
Encoding

O

Input
Embedding

T

Inputs
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Transformer as Token-Level Encoder
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Transformer as Sentence-Level Encoder
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Transformer as Sentence-Level Encoder
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Transformer as Sentence-Level Encoder

Tﬁ@@ Tﬂ@@ Qd]ﬂ@@jﬂ@&ﬂ@é‘
w=wx |{fgoleo\feo\ Yoo oo\ foo
ki = Wi, ,oj (oo lfo0]
v =W | (Go){foo ool oo oo oo
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Transformer as Decoder?

cats
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Transformer as Decoder?

_ Q
di VI/]' Xi

_ K
kl = VV] Xi
v, = W'

How to compute
attention from the token
we are going to generate?

rﬁ@@ Tﬂ@@ OE)]@OOIK O\Ojﬂe\d
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Transformer Decoder
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Transformer Decoder
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Transformer Decoder
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Transformer Decoder
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Transformer Decoder
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Transformer Decoder
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Transformer Encoder vs. Transformer Decoder

like cats a lot <eos> like cats a lot <eos>
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Transformer Encoder vs. Transformer Decoder

like cats a lot <eos> like cats a lot <eos>
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Transformer Encoder vs. Transformer Decoder

like cats a lot <eos> like cats a lot <eos>
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Transformer Encoder vs. Transformer Decoder

- When computing attention for one word
- Encoder: can see the words before and after this word
- Decoder: can see the words only before this word

34



Masked Attention for Transformer Encoder
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Masked Attention for Transformer Decoder
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Masked Attention for Transformer Decoder
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Masked Attention for Transformer Decoder
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Masked Attention: Implementation
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Masked Attention: Implementation
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Transformer Decoder
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How About Encoder-Decoder (Sequence-to-Sequence)?

Decoder
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Transformer Encoder-Decoder (Sequence-to-Sequence)
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Cross-Attention
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Cross-Attention
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Cross-Attention
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Cross-Attention
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Cross-Attention
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Transformer

Output
Probabilities

[ Softmax )

[ Linear )

4 N
[ Add & Norm Je=
Cross-Attention Feed
Forward
e 1 R | Add & Norm J<=~
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N— -
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Multi-Head Multi-Head
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At it
— J . ——,
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Input Output
Embedding Embedding
Inputs Outputs
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Transformer on Machine Translation

Attention Is All You Need, 2017

Model BLEU Training Cost (FLOPs)
oce EN-DE EN-FR EN-DE EN-FR

ByteNet [18] 23.75

Deep-Att + PosUnk [39] 39.2 1.0 - 1020
GNMT + RL [38] 24.6 39.92 2.3-101%  1.4.102%°
ConvS2S [9] 25.16  40.46 9.6-10% 1.5-.102%°
MoE [32] 26.03  40.56 2.0-101% 1.2.1020
Deep-Att + PosUnk Ensemble [39] 40.4 8.0 - 1020
GNMT + RL Ensemble [38] 2630  41.16 1.8-10%° 1.1-10%
ConvS2S Ensemble [9] 2636  41.29 7.7-101°  1.2.102%
Transformer (base model) 27.3 38.1 3.3.10'8
Transformer (big) 28.4 41.8 2.3-10%
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A General Framework for Text Classification

Feature

—
lextx (Representation)

\_

J

« Teach the model how to make prediction y

Classifier
(Model)

—> Label y

- Logistic regression, neural networks, CNN, RNN, LSTM, Transformers

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations

Self-Attention O(n? - d) 0(1) O(1)

Recurrent O(n - d?) O(n) O(n)

Convolutional O(k-n-d?) O(1) O(logk(n))
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Lecture Plan

- Transformers
- Encoder
- Decoder
- Encoder-Decoder
- Transformers Variants
- Longformer
- Relative Positional Encoding

« RoFormer
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Computation in Transformer

- All-pair attention scores
. Complexity O(length?)
- When the input is long =2 slow
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LongFormer

- Don’t compute all-pair attention score
- Manipulate attention mask

- Capture local information to reduce computational load

« |deais similar to convolutional neural network

Longformer: The Long-Document Transformer, 2020
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Transformer Encoder
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Sliding Window Attention Masking
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Sliding Window Attention Masking
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Sliding Window Attention Masking
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Sliding Window Attention Masking
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Sliding Window Attention Masking
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Sliding Window Attention Masking

Jo

,O\ OO0

= | #

e
Q00O

i

e

o) @oe

= <

o) me®

& e

o) mes

S =

O

o) ©69)
<

I like cats a lot

<bos>

Sliding Window Attention Masking

63



Sliding Window Attention Masking
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Different Types of Attention Masks

(a) Full n? attention

(b) Sliding window attention

(c) Dilated sliding window

(d) Global+sliding window
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LongFormer Results on Language Modeling

Longformer: The Long-Document Transformer, 2020

Model #Param Dev  Test
Dataset text8

T12 (Al-Rfou et al., 2018) 44M - 1.18
Adaptive (Sukhbaatar et al., 2019) 38M  1.05 1.11
BP-Transformer (Ye et al., 2019) 3OM - 1.11
Our Longformer 41IM 1.04 1.10
Dataset enwik8

T12 (Al-Rfou et al., 2018) 44M - 1.11
Transformer-XL (Dai et al., 2019) 41M - 1.06
Reformer (Kitaev et al., 2020) - - 1.05
Adaptive (Sukhbaatar et al., 2019) 39OM 1.04 1.02
BP-Transformer (Ye et al., 2019) 38M - 1.02
Our Longformer 41M  1.02 1.00
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Lecture Plan

- Transformers
- Encoder
- Decoder
- Encoder-Decoder
- Transformers Variants
- Longformer
- Relative Positional Encoding

« RoFormer
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Absolute Positional Encoding

xX; < x; + PE;
P1 P2 D3 D4 -
+ + N N N
X1 X2 X3 X4 Xs
| like cats 3 lot

PE(pos,2i) = sin(pos /100002i/dmodel)
PE(pos,Zi-l—l) — COS(pOS/]_O()O()Zi/dmodel)
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Absolute Position




Relative Position




Why Relative Position?

- More contextual awareness
- Position -4: 4 position before this word

- Position +3: 4 position after this word

- Generalization to longer sequences

71



Relative Position

ri,j

0 +1 +2 +3 +4 +5 +6 +7 +8 +9
i -1 0 +1 +2 +3 +4 +5 +6 +7 +8
-2 -1 0 +1 +2 +3 +4 +5 +6 +7
-3 =2 -1 0 +1 +2 +3 +4 +5 +6
v | J/ J J/ J/ | J/ \ J | J | J/ J
-4 ) -2 -1 0 +1 +2 +3 +4 +5
-4 -3 =) -1 0 +1 +2 +3 +4
|\ | | |\ \____/ |\ \ ______/ | \
-6 -5 -4 -3 =) -1 0 +1 +2 +3
= -6 -5 -4 -3 = -1 0 +1 +2
-8 -7 -6 -5 -4 -3 -2 -1 0 +1
-9 ] -8 -7 -6 -5 -4 [ -3 -2 ] [ -1 0 ]
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Relative Position with Clipping
J

Tij >

( ) ( ) ( ) ( ) ( ) ) ( ) ) ( )
0 +1 +2 +3 +4 +5 +6 +6 +6 +6
. J/ . J/ . J/ . J/ . J/ J/ . J/ J/ . J/
( ) ( ) ( ) ( ) ( ) ) ( ) ) ( )
[ -1 0 +1 +2 +3 +4 +5 +6 +6 +6
. J/ . J/ . J/ . J/ . J/ J/ . J/ J/ . J/
( ) ( ) ( ) ( ) ( ) ) ( ) \ ( )
= -1 0 +1 +2 +3 +4 +5 +6 +6
. J \ J \ J . J . J J | J J . J
( ) ( ) 4 ) ( ) 4 A ) ( ) )\ (
-3 =2 -1 0 +1 +2 +3 +4 +5 +6
v . J . J \ J \ J . J J (& J J . J
( ) ( ) ( ) ( ) ( ) ) ( ) \ ( )
-4 ) -2 -1 0 +1 +2 +3 +4 +5
. J . J . J \ J \ J J | J J/ . J
( ) ( ) ( ) ( ) ( ) ) ( ) ) ( )
-5 -4 -3 -2 -1 0 +1 +2 +3 +4
. J/ . J/ . J/ . J/ . J/ J/ . J/ J/ . J/
( ) ( ) ( ) ( ) ( ) ) ( ) ) ( )
-6 =5 -4 -3 -2 -1 0 +1 +2 +3
. J/ . J/ . J/ . J/ . J/ J/ . J/ J/ . J/
( ) ( ) ( ) ( ) ( ) ) ( ) ) ( )
-6 -6 -5 -4 -3 = -1 0 +1 +2
. J/ . J/ . J/ . J/ . J/ J/ . J/ J/ . J/
( ) ( ) ( ) ( ) ( ) ) ( ) ) ( A
-6 -6 -6 -5 -4 -3 = -1 0 +1
. J/ . J/ . J/ . J/ . J/ J/ . J/ J/ . J/
( ( ) ( ) ( ) ( ) ) )
-6 ] -6 -6 -6 -5 -4 [ -3 -2 ] [ -1 0 ]
. . J/ . J/ . J/ . J/ J/

Limited relative
positions
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Map Relative Positions to Embeddings

1 i
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Self-Attention

— soft (Ch ' ki)
aq ; = softmax N
Normalized

Attention Scores O O O O O

Query  q; = WOx (00])! (00] (00] (00] (00
ey k=w<%  (00])ii(00)ii(00]}{(00]!i(00];

Value v = WVx 00] (00] [00] [00] (0O
X1 6 X2 6 X3 6 X4 6 X5 6

O O O O O

o1 © © © ©
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Self-Attention

Vd
Normalized

Attention Scores O O O O O

Query  q; = WOx (00])! (00] (00] (00] (00
ey k=w<%  (00){(00)ii(00]!(00]ii(00]:

Value v, = WVx; 00| [00] [00] [00O] [0O

x16 x26 x36 x46 x56

O O O O O

o1 © © © ©

I like cats a lot




Self-Attention with Relative Position Embeddings

Normalized
Attention Scores

Query q; = W9x;
Key ki — WKXL'

Value Vi = WVXi

W%y - WK (x; + RE(rl,l-))>
Vd

ay; = softmax<

__________

0| 100 |[O0O] OO OO
GICIINICICIIHICICI CIOI O],
O] OO OO OO] OO
x16 ng x36 x46 x56
O O O O O
o1 © © © ©

I like cats a lot
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Self-Attention with Relative Position Embeddings

W, - WK (x; + RE(rz,l-)))
Vd

Ay = softmax(

Normalized
Attention Scores

__________

Query  q; = W9%; kOOJ OO QO OO OO
e k=wty,  {(00)i(00)!:[(00)ii(00)i(00)
Value v, = WVx; 00| [00] [00] [00O] [0O
x16 ng x36 x46 x56

O O O O O

o1 9l © © ©
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Relative Positions for Machine Translation

Model Position Information EN-DE BLEU EN-FR BLEU
Transformer (base) Absolute Position Representations 26.5 38.2
Transformer (base) Relative Position Representations  26.8 38.7
Transformer (big)  Absolute Position Representations 27.9 41.2

Transformer (big)  Relative Position Representations  29.2 41.5




RoFormer

- Improved version of relative positional encoding
- Rotary Position Embedding (RoPE)
- Most advanced large language models use RoPE
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Self-Attention with Relative Position Embeddings

W%, - W5 (x, + RE(rm,n)))
Vd

A = softmax(

Normalized
Attention Scores

__________

Query  q; = W9%; OO kOOJ QO OO OO
e k=wty,  {(00)i(00)!:[(00)ii(00)i(00)
Value v, = WVx; 00| [00] [00] [00O] [0O
x16 ng x36 x46 x56

O O O O O

o © © 9 ©
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Self-Attention with RoPE (In 2D Case)

Normalized
Attention Scores

Query q; = W9x;
Key ki — WKXL'

Value Vi = Win

A = softmax(

__________

00]Ji (0O
QOO0
(00) (00
x16 xza
O O
o  ©
I like

(Wme)eime . (WKxn)eirw)

Vd
OO0 OO OO
QOO0 OO0
O0O] OO OO
x36 x46 x56
O O O
o © ©
cats a lot

)
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Self-Attention with RoPE (In 2D Case)

(Wme)eimel . (WKxn)ein9>

U = Softmax

Equivalent to rotate W9%x,,, with angle m8 (k

Vd
Normalized
Attention Scores
Query q; = W9x; ele OO0 OO OO
ey  k; = WEx, 00]i{00]ii00]i00]:
Value Ui=WVXi (OO: (OO: OO OO
X1 Q x; |O X3 Q x4 | O
O O O O
o © © ©
I like cats a
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Self-Attention with RoPE (In 2D Case)

O = Softmax <(

1
Position Encoded Query / Key 1
1

Enhanced | | | | | A | | | | |

Transformer | | | | |"'| | | | |

with [T J---[ T[]

Rotary [ | [ [ J---[ T [T

position [ [ [ |-+« [ [T}

Embedding [T [ [ J++« [ [ [T}
Query / Key

Position Encoded Query / Key

(Wme)eimH . (WKxn)eintS?))
Vd

fo(Tm,m) = (qum)eime

fe(n,n) = (Wia,)e™

(fq(mm:m)a fk(mmn» — Re[(wqwm)(Wkwn)*ei(m_n)g]
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General Form of RoPE

_ d
fiaxy(@m,m) = Rg W (g k1 ®m Different base angle 64, 05, ..., 04>

4’ cosmf; —sinméb; 0 0 0 0 \
sinmf; cosmb; 0 0 0 0
0 0 cosmb, —sinmb, 0 0
RI — 0 0 sinmf,  cosmbs 0 0
e,m
0 0 0 0 o+ | cosmby,  —sinmbyo
\ 0 0 0 0 o+ | sinmbg;e  cosmbyo

q;rnkﬂ — ( d@qumm)T(Rg,anmn) — mTWqu@,n—kamﬂ

Similar to the idea of using different flipping frequency
for Sinusoidal positional encoding




RoPE Performance

Model

MRPC SST-2 QNLI

STS-B QQP MNLI(m/mm)

BERTDevlin et al. [2019]
RoFormer

88.9 93.5 90.5
89.5 90.7 88.0

85.8 71.2 84.6/83.4
87.0 864 80.2/79.8
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