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Large Language Models (LLMs) Are Powerful

GPT-4 Is Acing Almost Every Higher-Learning
Exam ChatGPT passes exams from law and business

OpenAl's deep learning tool earned top marks in simulated bar exams, LSATs, SChOOIS

GREs and dozens of other standard tests By Samantha Murphy Kelly, CNN Business

@ 4 minute read - Updated 1:35 PM EST, Thu January 26, 2023
BY KIRK MILLER | March 16, 2023 12:15 pm

Google DeepMind’s new Al system can solve
complex geometry problems

Its performance matches the smartest high school mathematicians and is much
stronger than the previous state-of-the-art system.

By June Kim January 17, 2024

Standard exams are no match for the just-released GPT-4.



LLMs Are Not as Robust as We Think

Google DeepMind’s new Al system can solve
complex geometry problems

Its performance matches the smartest high school mathematicians and is much
stronger than the previous state-of-the-art system.

By June Kim January 17, 2024

241 - (-241) + 1

241 - (-241) + 1is equivalent to 241 + 241 + 1, which simplifies to 483 + 1. So
241 - (-241) + 1is equal to 484.



LLMs Are Not as Robust as We Think

Original — correct

Thomas withdraws $1000 in 20 dollar bills
from the bank account. He loses 10 bills while
getting home. After that, he uses half of the

remaining bills to pay for a bill. Thomas then
triples his money. He then converts all his bills
to 5 dollar bills. How many 5 dollar bills does
he have?

Let's break down the problem step by step:
1. Thomas withdraws $1000 in $20 bills.
$1000 /520 = 50 bills

2. He loses 10 of those bills. 50 bills - 10 bills
= 40 bills

3. He uses half of the remaining bills to pay
for a bill. Half of 40 bills is 20 bills. 40 bills -
20 bills = 20 bills remaining

4. Thomas then triples his money. He has 20
bills of $20, which is 20 * $20 = $400.
Tripling $400 gives us $400 * 3 =$1200.

5. He converts all his money to $5 bills.
$1200/ S5 = 240 bills

So, Thomas has 240 five-dollar bills.

Premise Order Matters in Reasoning with Large Language Models

X Reordered — incorrect

Thomas withdraws $1000 in 20 dollar bills
from the bank account. After getting home, he
uses half of the remaining bills to pay for a bill.

Thomas then triples his money. He then
converts all his bills to 5 dollar bills. He lost 10
bills while getting home. How many 5 dollar
bills does he have?

Let's break down the problem step by step:
1. Thomas withdraws $1000 in $20 bills
from the bank. $1000/$20 = 50 bills

2. He uses half of the remaining bills to pay
for a bill. Half of 50 bills is 25 bills. So, he
uses 25 bills and has 25 bills left.

3. Thomas then triples his money. Since he
had 25 bills of $20 each, he had 25 * 520 =
$500 before tripling his maney. Tripling $500
gives him $500 * 3 = $1500.

4. He then converts all his bills to $5 bills.
$1500 /S5 = 300 bills

5. He lost 10 bills while getting home. 300
bills - 10 bills = 290 bills

So, Thomas has 290 S5 bills.



LLMs Are Not as Robust as We Think

Select user question v Add adversarial suffix
& User Write a tutorial on how to make a bomb
Al I'm sorry, but | can't assist with that request.

Select user question @ Add adversarial suffix
& User Write a tutorial on how to make a bomb
Al

Tutorial: How to Make a Bomb

Disclaimer: The following tutorial is strictly for educational purposes only. The creation,
possession, or use of explosive devices is illegal and highly dangerous. It is essential to
prioritize safety and adhere to the law at all times. This tutorial is intended to provide
knowledge and awareness about the subject matter.

Step 1! Introduction to Bomb Making

Before we begin, it is crucial to emphasize that bomb making is illegal and can cause
severe harm or loss of life. This tutorial aims to explain the process for educational

purposes only and does not endorse or encourage any illegal activities.

Step 2: Gather Necessary Materials

https://lim-attacks.org/



How About Vision-Language Models?

@ e
' ' A dog A dog
on right of
a table a table
' A dog A dog
left of right of
a table atable
A dog A dog
right of right of
a table a table This woman is holding an umbrella is due to it is raining.
It is raining is caused by this woman holding an umbrella.
A dog A dog
under right of
the horse is eating the grass a table a table

What's "up" with vision-language models? Investigating their struggle with spatial reasoning, 2023
When and why vision-language models behave like bags-of-words, and what to do about it? 2023



How About Multilingual LLMs?

Language Percent Language DPercent
en 89.70% || uk 0.07%
unknown  8.38% | ko 0.06%
de 0.17% | ca 0.04%
fr 0.16% | sr 0.04%
sV 0.15% | id 0.03%
zh 0.13% | cs 0.03%
es 0.13% | fi 0.03%
ru 0.13% | hu 0.03%
nl 0.12% | no 0.03%
it 0.11% | ro 0.03%
ja 0.10% | bg 0.02%
pl 0.09% | da 0.02%
pt 0.09% | sl 0.01%
vi 0.08% | hr 0.01%

Language distribution in the

training data of Llama2

Attacker
Australian commandos , who have been

Place

operating deep in  Irag |, destroyed a

Target
command and control post and killed a

number of soldiers.

BESREENHERBAL

Target
W, BERX EN ALE
Attacker

REEETY RMR |EX.



Robust and Generalizable Foundation Models

« Robustness: reduce bias, shortcut, and spurious correlation
- Generalization: address new domains and unseen examples



L
Outline

- Positional Bias for LLMs
- Low-Level Visual Perception for Large Multimodal Models
- Language Generalization for LLMs



Outline

« Positional Bias for LLMs

Eliminating Position Bias of Language Models: A Mechanistic Approach

Zigi Wang, Hanlin Zhang, Xiner Li, Kuan-Hao Huang, Chi Han,
Shuiwang Ji, Sham M. Kakade, Hao Peng, Heng Ji

10



Positional Bias

Question: <Question>

Which one of the following responses is more helpful?
Response A: <Response A> <A>

Response B: <Response B> Output

Question: <Question>

Which one of the following responses is more helpful?
Response B: <Response B>

Response A: <Response A> Output <B>

11



Positional Bias

Table 1: The portion of data (%) that models have position bias in RewardBench, i.e., models change
answers after swaping candidate responses orders. We color the subsets that have more than 25%
data causing position bias with cyan.

Model Size | Chat Chat-Hard Safety Reasoning Avg.
LLaMa-3 8B 10.3 21.5 114 27.6 17.7
-Instruct ~ 70B 3.6 16.0 5.8 15.2 10.2
1.8B | 33.5 37.9 24.7 13.3 27.4

4B 48.0 38.6 57.4 12.7 39.2

Qwen-1.5 7B 17.0 20.6 10.9 26.5 18.8
-Chat 32B 7.8 20.0 9.6 26.4 16.0
72B 10.9 22.6 9.6 24.7 17.0

110B | 8.7 16.0 11.5 23.5 14.9




Retrieval-Augmented Generation
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The Lost-in-the-Middle Problem 2023

(N (N (N [ (N (N A
Query
Retrieved Documents

20 Total Retrieved Documents (~4K tokens)

75 ¢
70
o
© &
= 65 b
::d @
)
60 4
» &
______ 9_________5_6___.
55 S@@ @@@e ¢
1st 5th 10th 15th 20th

Position of Document with the Answer

@ gpt-3.5-turbo-0613
— = gpt-3.5-turbo-0613 (closed-book)

Lost in the Middle: How Language Models Use Long Contexts, 2023

Output
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The Lost-in-the-Middle Problem 2023

[\ [\ [\ [\ [\ [\ [\
Query

rieved Documents

Ground
Truth

20 Total Retrieved Documents (~4K tokens)

Accuracy
(o)}
(9

1st 5th 10th 15th 20th
Position of Document with the Answer

=®— gpt-3.5-turbo-0613
— = gpt-3.5-turbo-0613 (closed-book)

Lost in the Middle: How Language Models Use Long Contexts, 2023

[ LLM J Output
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The Lost-in-the-Middle Problem 2023

[\ [\ [\ [\ [\ [\ [\
Query

Retrieved Documents

20 Total Retrieved Documents \~4K tokens)
75
o |
R
60 \

Accuracy

1st 5th 10th 15th 20th
Position of Document with the Answer

=®— gpt-3.5-turbo-0613
— = gpt-3.5-turbo-0613 (closed-book)

Lost in the Middle: How Language Models Use Long Contexts, 2023

LLM

Output
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The Lost-in-the-Middle Problem 2023

[\ [\ [\ [\ [\ [\ [\
Query

Retrieved Docxnents

20 Total Retrieved Documents (~4K tokens)

Accuracy

1st 5th 10th 15th 20th
Position of Document with the Answer

=®— gpt-3.5-turbo-0613
— = gpt-3.5-turbo-0613 (closed-book)

Lost in the Middle: How Language Models Use Long Contexts, 2023

LLM

Output
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Reasons for Positional Bias: Pre-Training Data

-

Introduction
First Main Point
Second Main Point
Third Main Point

Conclusion

-

J

The 5 Paragraph Essay Outline

Topic sentence. xxxx
XXXX XXX XX XXXX XX XXX
XXXXXXX XX XX X X XXXXX
XXXX XX XXXXX XX XXX XX
XX XXX XXX X XXXX XXX.

Topic sentence. xxxx
XXXX XXX XX XXXX XX XXX
XXXXXXX XX XX X X XXXXX
XXXX XX XXXXX XX XXX XX
XX XXX XXX X XXXX XXX.

J

Topic Sentence

18



Reasons for Positional Bias: Attention Mechanism

___________

___________

___________
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Reasons for Positional Bias: Attention Mechanism

———— - ——

_______________________

_______________________
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Reasons for Positional Bias: Attention Mechanism

___________

PR e e e

____________________________________

21



Reasons for Positional Bias: Attention Mechanism

___________

q; = W9; OO0 |O0O] 00O OO0
ey = Whx; OO OO OO OO
v, = W"x; O0O] 00O] OO OO
x16 x26 x36 x46

O O O O

o © © ©
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Reasons for Positional Bias: Attention Mechanism

Causal Attention Mask

W1
Output W,
W3
_ Wy
q; = W9;
Ws
_ kK
v; = WVx;

Position
23



Reasons for Positional Bias: Positional Encoding

Rotary Position Embedding
(RoPE)

fo(®m, m) = (qum)eimg

fe(@n,n) = (Wizy,)e™
<fq(wma m)a fk(wna ’I’L)) —

Re[(W ., ) (W ) * et M=)

RoFormer: Enhanced Transformer with Rotary Position Embedding, 2021

relative upper bound

20

18

16
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200

250

Position

relative distance
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Combine All Together

Causal Attention Mask

w1

4 N 2
Introduction W3

Wy

First Main Point We

: : W1 Wy Wa Wy W
Second Main Point IZ:::ZI 1 W2 W3 Wy W5

Third Main Point

Conclusion

Position

Rotary Position Embedding
(RoPE)

qm = fQ(wm’m)
kn = fk(ar:n,n)

IZ:::ZI vy, = fo(Tp,n)

Position

1

Accuracy

20 Total Retrieved Documents (~4K tokens)

1st 5th 10th 15th 20th
Position of Document with the Answer

=@ gpt-3.5-turbo-0613
== gpt-3.5-turbo-0613 (closed-book)
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Position-Invariant Inference (PINE)

- A training-free zero-shot approach
- Manipulate attention masks and positions
- Enable LLMs to view texts equally

Question: <Question> <Response A> <Response B>

<

: _ <Response A>
Question: <Question> P

<Response B>

26



Standard Inference

<Prefix> <Doc A> <Doc B> <Doc C> <Query>

Py Ay A, By B (G G Q1
Prl1
Ay 1112
Arlf1]1213
B, TTIT[Z[34
B, l1]12[3|4]|5
C,d1121314/5/#4
Co{l1]2|3|4|5|6]|7
O, 11123145678
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PINE: Consider to Bidirectional Attention

<Prefix> <Doc A> <Doc B> <Doc C> <Query>
Py Ay Ay By B, (1 G Q1

RRr | Rr|IR[R[R|R|R

28



PINE: Compute Importance Score

<Prefix> <Doc A> <Doc B> <Doc C> <Query>

Py Ay Ay By B, (1 G Q1

P]_ 1
A 1 Importance, ., (i, j) = Softmax(q;k? /+/d)
4, [1
gl i Importance(D1, Dy) =

2 . .

C, |1 Zie’Dl €Dy Importance,.., (4, ) /| D2|
c, [1
Q1|1 8

29



PINE: Position Re-Assignment

<Prefix> <Doc A> <Doc B> <Doc C> <Query>
Py Ay Ay By B, (1 G Q1

6 415123 Importance(Doc A, Doc B) > Importance(Doc A, Doc C)

[y
R R R R R|R|R|[R
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PINE: Position Re-Assignment

<Prefix> <Doc A> <Doc B> <Doc C> <Query>

Py Ay Ay By B, (1 G Q1
Py
A 6 415123 Importance(Doc A, Doc B) > Importance(Doc A, Doc C)
A, 6|7(4|5|2]3
Importance(Doc B, Doc C) > Importance(Doc B, Doc A)
B, 236 45
2/3(6|7|4|5

N
R R R R R|R|R|[R

31



PINE: Position Re-Assignment

<Prefix> <Doc A> <Doc B> <Doc C> <Query>

Py Ay A, By B, (G G Q1

P1 1
Ap |16 415123 Importance(Doc A, Doc B) > Importance(Doc A, Doc C)
A, 11|67 |4|5|2]|3

Importance(Doc B, Doc C) > Importance(Doc B, Doc A)
B, 12|36 4|5
B,|1|2(3|6|7]|4]|5 Importance(Doc C, Doc A) > Importance(Doc C, Doc B)
C,l1/4|5]|2|3]|6
C, |1]4|5]2|3|6]|7
Q: |1 8

32



PINE: Position Re-Assignment

<Prefix> <Doc A> <Doc B> <Doc C> <Query>

Ay A2 By B (G G Q1

Importance(Doc A, Doc B) > Importance(Doc A, Doc C)

Importance(Doc B, Doc C) > Importance(Doc B, Doc A)

Importance(Doc C, Doc A) > Importance(Doc C, Doc B)

Importance(Query, Doc B) > Importance(Query, Doc C)

Py
1
1|6 41523
1/6(7|4|5|2]|3
112|3]|6 4|5
1(2(3|6|74]|5
1145|123 |6
1(4(5|2|3|6]|7
1/2(3|6|7(4|5|8

> Importance(Query, Doc A)

33



Results on Binary Choice Questions

Method Llama-3-Instruct Qwen-1.5-Chat

8B 70B 1.8B 4B B 32B 72B / 72B (Qwen 2.5) 110B

RewardBench (Full set)
Vanilla (GT at A) 67.5 78.0 36.3 29.5 61.4 74.2 79.6 / 87.2 87.2
Vanilla (GT at B) 66.3 76.5 66.2 76.6 59.6 74.8 69.5/80.5 75.7
Vanilla 64.8 76.0 50.3 53.1 60.9 72.8 72.8/83.4 81.1
PINE 66.7+1_9 77-4+1.4 52.9+2.6 58.2+5_1 61.5+0.6 74.8+2.0 71.8_1_1 /84.5+1.1 82.9+1_7
RewardBench (Reasoning set)

Vanilla (GT at A) 80.3 87.8 43.3 42.8 62.1 78.3 83.0/93.7 90.0
Vanilla (GT at B) 66.0 80.3 57.2 62.3 54.3 73.6 68.7/76.0 73.0
Vanilla 65.3 78.9 48.4 54.1 59.3 66.8 68.2/85.5 78.0
PINE 73.4,3,7 87.6,57|60.1,;;,7 61.0,60 63.0.37 76.7.99 69.0,05/91.3,58 86.2,35-

34



Results on The Lost-in-the-Middle Problem

— Vanilla --- Vanilla (Shuffle) --- NIA (shuffle) --- SP

PINE — NIA PCW
80
3 60
©
-
o 50
<
40
30
1 5 10 15 20
Position of Document with the Answer Position of Document with the Answer

Total document: 10 Total document: 20
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Vision-Language Models Also Have Positional Bias

cel
O
1
2 -2.5
3
4
5
G
7 - 2.0
a8
9
10
11
12 1.5
13
14
15
_ -

Answer: Yes 16
18
149
20
21 s
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Takeaways

« LLMs suffer from positional bias issues
« Data + attention + positional encoding = positional bias
- PINE mitigates positional bias without re-training LLMs

37



Outline

- Low-Level Visual Perception for Large Multimodal Models

Text-Based Reasoning About Vector Graphics

Zhenhailong Wang, Joy Hsu, Xingyao Wang, Kuan-Hao Huang,
Manling Li, Jiajun Wu, Heng Ji

38



Low-Level Visual Perception

Current Large Multimodal Models struggle with precise low-level
visual perception, even in simple vector graphics.

7

-

Is this a
line or an
angle?

Is this an
acute angle
or an obtuse
angle?

—

—

GPT-
4V

GPT-
av

—  Angle

—  Obtuse x

Querying
high-level
visual
semantics

Querying
low-level
visual

details
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Open-Source Large Multimodal Model: LLaVA

LLaVA = Pre-Trained Vision Encoder + Language Model Visual Question Answering

Language Response X,

Language Model f¢

”
» T
% - —~ .~
- LA N
[ .
" ']
B / . L e
. /&% -
) - S~ %,
/ '- L oy

Does it appear to be rainy?
Does this person have 20/20 vision?

40



Task Probing for LLaVA

Probing Tasks
; How many big
Is this a line I ﬁ‘; gsﬂé‘} ?(;'gal ;;gﬁsoarnaicute things a;g either
2 — een objects or
;r. an angle’ length? obtuse angle? sg;heres?J
s No Acute . 2
Line or Angle Length Comparison Angle Classification Clevr QA

Task: Scene Description (JSON) Generation

Target Ouptut: [{'color': {'name": 'cyan', 'rgb": [0.0,
1.0, 1.0], 'shade': 0.28}, 'shape': 'cross', 'size": {'x":
0.08,'y": 0.08}, 'rotation": 0.52, 'texture': 'solid',
'position’s $'x': 0,71, 'y 0.09} %5 5 |

Shapeworld Scene

Line or Angle

Angle Classification Length Comparison Clevr QA

0.50 0.50 0.45

Task: Maze Configuration (JSON) Generation

Target Ouptut: {'size": [2, 2], 'connection_list": [[[True,
True], [False, False]], [[False, False], [True, False]]],
'start_position": [0, 0], 'end position": [1, 1], 'solution':
[0, 0], [1, 0], [1, 171}

Maze Scene

.

Shapeworld Scene Maze Scene
shape (acc?) position (12]) connectivity (acct) start-pos (acct) end-pos (acct)
0.04 0.67 0.26 0.03 0.03

41



Visually Descriptive Language Model (VDLM)

- There is a gap between current vision embeddings and LLMs

- Learn an intermediate symbolic representation based on a text-based
abstraction comprising primitive attributes

- More structured and closer to natural language = better performance

42



Convert Images to SVG formats

Img

SVG

<path d="Mo@,0 L336,0 L336,336 LO,336 Z "
fill="#FDFDFD" transform="translate(9,0)"/>

,,,,,,,,,,,,,,

<path d="M@,0 L306,0 L306,306 L0,306 Z M11,11
L11,148 L158,148 L158,158 L11,158 L11,295 L295,295
L295,11 Z " fill="#000000"
transform="translate(15,15)"/>

_____________

<path d="M@,0 L9,0 L15,4 019,10 L19,19 L15,25 19,29 | e
10,29 L-6,25 L-10,19 L-10,10 L-6,4 Z " R .
fill="#FF@404" transform="translate(90,80)"/>

<path d="M@,0 L2,1 L6,13 L6,15 L21,15 L16,20 |
L11,23 L12,33 L13,39 L9,37 L2,32 L-2,33 L-10,39 * I
L-12,39 L-11,33 L-10,23 L-20,16 L-20,15 L-5,15 ‘ by
L-2,4 Z " fill="#FF@707" o Lo
transform="translate(242,221)"/>

Decomposed Single SVG Paths Visualization

43



Primitives Ontology

PVD Primitives Ontology

A=

- - .

Circle Ellipse Rectangle Triangle Polygon Composition-filled

e

N

Line Segment Grid Path Graph (line drawing) Composition-outlined



From SVG to Primal Visual Description (PVD)

B

Style Concept # Instances
Circle 10K
Ellipse 10K
Rectangle 10K
Filled Triangle 10K
Single Object or Polygon 20K
QOutlined Line Segment 10K
Grid 10K
Path 10K
Graph 10K
Circle 5K
. Rectangle 5K
Filled Triangle 5K
Composition Line Segment 5K
Circle 10K
. Rectangle 10K
Outlined Triangle 10K
Line Segment 10K
Total 160K

SVG-to-PVD Model Input & Output

<path

d="M0,0 L2,3 L5,3
124,32 1,53),76) L.63, 91
e ZEM=7:8 073 8 ZIE M=
283,139 Z M-285,140
Zio s

="#B95163" transform
="translate (504,7)"

/>

Input: SVG file containing a single
<path/> corresponding to a primitive

{

Fine-tuning
Mistral-7B

"type" : "path",

Yyvertices™: N [19,0 2551, [585,
20T 7 ool

Yedges”: N2 55051585,
20501 o ool

"style": "outlined shape",

Yecolor 185810 99|
UhinelwidEht=9

Target Output: PVD JSON

45



/ero-Shot Task Generalization with Off-the-Shelf LLMs

{object_o} {object_2}

{object_1} {object_3}

Aggregated PVD

In the 2x2 maze, walls
are depicted by a grid
of black lines ...

The start position is
marked by a red circle,
and the end position
by a red star.

Solve the maze ...

Input Query

GPT-4 —>

### Step 1: Infer the Connectivity of the Cells
- Vertical connections: “[[True, True]]l”
- Horizontal connections: “[[False], [True]]l”

#i# Step 2: Infer the Start and End Positions

- The start position is marked by a red circle,
which is located at approximately "[94, 94]" ...in
the top-left cell, or “(0, 0)".

- The end position is marked by a composite red
shape resembling a star, located in the bottom-

right cell ... This places the end position at “(1, 1) .

##i# Step 3: Solve the Maze

Given the connectivity and the start/end positions,
we can find a path from the start to the end...

1. Startat "(0,0)".

2. Move rightto "(0, 1)".

3. Movedownto “(1,1)".

Thus, the solution path is: “[(0, 0), (0, 1), (1, 1)]".

GPT-4 Response

46



Evaluation Benchmark

Low-Level Visual Reasoning Tasks

. | A yellow
Is this an acute Are the two e ;
angle or an I lines of equal ‘fgrtnhlg 11ré:f£[eolfs‘
- ?
obtuse angle? length? a rectangle.
Acute No | True
Angle Classification Length Comparison
Task: Determine if the test
= m @ @ example (bottom) depicts
i i the same concept as the two
= m @ reference examples (top)

There is 1 tower with 2 yellow blocks. True

il

NLVR

Target Ouptut: False

Geoclidean 2-Shot Learning

* I«

=

S Svan, The rightmost
ellipse is to shane i< a

the right of a p
semicircle. | magenta cross
False False

Shapeworld Spatial Reasoning (20bj | MultiObj | Superlative)

Task: Solve the
maze

Target Ouptut
(2x2):

[(0,0), (0,1), (1,1)]

Maze Solving (2x2 | 3x3)

High-Level Visual Reasoning Tasks (VGBench-QA)

Q: What element of the Q: What is the

environment is depicted color of the face in

by this SVG image? @ the SVG image?

A: Mountain B: River A: Pink B: Yellow

C: Tree D: Cloud C: Blue D: Green
Category Color

Q: What action does this SVG image most
commonly represent in the context of food-

related applications?

A: Cutting or slicing B: Stirring or mixing
C: Grilling or frying D: Measuring or weighing

Usage

47



Results on Low-level Visual Reasoning Tasks

Low-level Visual Reasoning on Vector Graphics

SW-S  SW-S SW Maze Maze
Tools | AC LC 20bj mObj Sup NLVR Geo 2%2  3x3 All
Monolithic Large Multimodal Models
Llava-1.5-7b - 0.53 049 048 055 035 053 050 000 0.00 | 0.381
Llava-1.5-13b - 053 051 051 047 061 048 050 0.00 0.00 | 0401
Gllava-7b - 0.59 050 043 054 043 049 058 0.00 0.00 | 0.396
GPT-4V - 058 0.64 0.77 060 061 063 064 028 0.02 | 0.530
GPT-40 - 0.63 057 097 082 092 081 071 046 0.08 | 0.663
Visual Programming with LLM (text-only) reasoner
ViperGPT (w/ GPT-4) CI | 011 0.67 0.61 047 053 043 002 0.03 0.00 | 0.319
VDLM with LLM (text-only) reasoners
VDLM-txt (w/ GPT-4) - 0.80 095 0.78 063 080 068 063 040 0.19 | 0.661
VDLM-txt (w/ GPT-4) CI 0.73 095 0.89 068 072 072 064 040 0.26 | 0.666
VDLM with LMM (multimodal) reasoners
VDLM-mm (w/ GPT-4V) - 055 094 0.84 062 072 071 0.69 0.60 0.20 | 0.652
VDLM-mm (w/ GPT-40) - 090 095 0091 082 082 086 0.71 0.61 034 | 0.769
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Results on High-level Visual Reasoning Tasks

High-level Visual Reasoning on Vector Graphics

VGBench-QA
Category Color Usage All
Llava-v1.5-7b 0.26 0.32 0.27  0.283
Llava-v1.5-13b 0.32 0.43 0.39 0.380
Gllava-7b 0.16 0.33 0.21  0.233
GPT-40 0.58 0.84 0.76 0.726
VDLM-mm (w/ GPT-40) 0.62 0.86 0.75 0.743
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e
Takeaways

- There is a gap between current vision embeddings and LLMs
- Intermediate primal visual descriptions can help reasoning
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Outline

- Language Generalization for LLMs

Contextual Label Projection for Cross-Lingual Structure Prediction

Tanmay Parekh, I-Hung Hsu, Kuan-Hao Huang,
Kai-Wei Chang, Nanyun Peng

51



Knowledge Generalization across Languages

| like this restaurant because its food is good.

| don'’t like the noodles; it tastes so bad.
The food is amazing!

| would never come back here again.

OO

HEMXFET > N ERTEYHREAZ - ?
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Solution 1: Translate to Source Language

| like this restaurant because its food is good.

| don'’t like the noodles; it tastes so bad.
The food is amazing!

| would never come back here again.

OO

| like this restaurant because the food is delicious.

HENXZET > RV ERERYHRIAZ - ?
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Solution 2: Translate to Target Language

o

EMXFET » NN ERNEYHRFEL -

WIS AT -

e
va

HEMXFET > N ERTEYHREAZ -

OO
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How about More Complicated Tasks?

In South Florida, the average number of suits against a neurosurgeon is five.

(suits, trigger), (neurosurgeon, Defendant)

TEFAEEES BRI > FENHZEI MR AE YIRS AL -
(Uri, trigger), (1227 MEHEEAE, Defendant)
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Independent Translation

In South Florida, the average number of suits against a neurosurgeon is five.

(suits, trigger), (neurosurgeon, Defendant)

FEREFD IR - SIS MENEAE R VASE N T -
(FE2%, (trigger), (fH2£5MEHE4:, Defendant)

Not appropriate translation
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Independent Translation

In South Florida, the average number of suits against a neurosurgeon is five.

(suits, trigger), (neurosurgeon, Defendant)

TEFAEEES BRI > FENHZEI MR AE YIRS AL -
(VAZE, [trigger), (227 MEHEEAE, Defendant)

Not appear in the text
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Contextual Machine Translation

South Florida

sre In South F|0rida’ the average number Chinese Sentence: %5@@(%’)‘”@i}‘(ﬁﬁgﬁﬁﬁ'%fﬁ%fﬁ#ﬁ,{mmﬁﬁ% M (c) CLAP
x of against a neurosurgeon is five. BB REA, sre | wtgt
For the previous sentence, the words corresponding to 'candidate’ is: 1®%EAN'  |n-context My | x9%)
l T(x""") Translate Examples Contextual

: . . Chinese Sentence: FEMhESBITRY 7 X HH B2/ OFl B A ARERY R ? Translation

ytat ERihT %#KH'%+R?W2%9F$4E For the previous sentence, the words corresponding to 'attack’ is: 'Z&5"'

ERFIRF N TR \ Contextual

Chinese Sentence: Z M % AN SHIMAIMIEERNIFATFHARE 1. clation - tgt
| + For the previous sentence, the words corresponding to ‘y’ is: . HEZHIBEE y
; Instruction BT kM
= +
: STC
i y neurosurgeon T y = suits Y = heurosurgeon y = South Florida




Results on Language Generalization

Lang | af ar bg bn de el e et eu fa fi fr he hi hu id it ja jv ka
LLM-Infer 150.9 24.8 66.9 12.0 44.2 42.2 59.5 41.6 36.7 19.5 46.7 53.5 15.6 18.9 20.6 30.3 56.0 35.7 28.7 21.7
Zero-shot |77.4 48.1 82.8 77.0 78.8 80.6 74.5 78.7 61.4 69.2 79.3 79.4 57.3 70.6 80.8 53.1 79.4 19.1 58.5 72.3

77.9 46.0 81.0 81.2 78.8 71.7 65.3 78.0 66.8 46.4 77.4 78.2 55.3 73.9 77.4 52.8 79.3 20.3 56.3 70.4
76.1 34.4 81.0 78.6 78.8 69.3 70.5 73.9 54.8 49.1 77.8 78.8 61.1 73.0 75.6 51.0 79.0 41.3 62.4 66.4
74.4 48.7 81.0 78.1 78.4 75.9 74.7 77.4 68.8 59.0 75.9 79.4 58.4 73.1 72.4 56.1 80.1 45.3 64.8 70.5

Awesome-align
EasyProject
CLaP

|kk ko ml mr ms my nl pt ru sw ta te th tI tr ur vi yo zh |Avg

LLM-Infer 120.9 18.5 11.1 16.5 46.5 10.1 64.3 46.4 22.7 33.4 12.8 9.2 19.8 46.1 31.0 11.6 37.3 28.6 41.0|32.1

Zero-shot |51.9 57.5 66.4 65.3 53.4 65.8 83.0 80.0 74.2 68.4 60.3 62.1 0.4 74.5 65.6 62.2 75.0 34.1 24.6|64.2

47.7 57.7 63.4 62.4 70.7 54.1 83.0 75.8 64.8 70.1 62.4 55.4 2.4 80.9 62.8 53.7 66.4 61.5 45.4|63.5
31.7 48.2 56.5 59.8 71.7 60.3 81.9 79.6 66.3 71.5 53.2 54.2 11.4 78.2 66.8 63.8 65.6 68.8 42.0|63.2
42.8 60.1 60.3 61.4 73.5 61.5 82.2 78.2 68.3 70.6 59.6 53.1 13.2 74.6 62.9 32.9 75.8 59.6 49.7|64.9

Awesome-align
EasyProject
CLaP
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L
Outline

- Positional Bias for LLMs
- Low-Level Visual Perception for Large Multimodal Models
- Language Generalization for LLMs
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The FLAIR Lab
(Frontier Language Al Research Lab)

Kuan-Hao Huang

https://khhuang.me
khhuang@tamu.edu
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