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Non-autogressive Text Generation

Tokyo is the largest city in the world
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In a different “family” of p(x) than the autoregressive ones

https://iclr-blogposts.github.io/ 2024,



Non-autogressive Neural Machine Translation

Models WMT14
En—De De—En

NAT 17.35 20.62
NAT (+FT) 17.69 21.47
NAT (+FT + NPD s = 10) 18.66 22.41
NAT (+FT + NPD s = 100) 19.17 23.20
Autoregressive (b = 1) 22.71 26.39
Autoregressive (b = 4) 23.45 27.02
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Diffusion Models

Forward-backward formulation

The forward process gradually injects noise to the input
The backward process denoises to recover the original data

Forward diffusion process (fixed)

Data Noise

Reverse denoising process (generative)

“Creating noise from data is easy; creating data from noise 1s generative modeling” (Song et al., 2021)

CVPR 2022 tutorial on Denoising Diffusion-based Generative Modeling: Foundations and Applications



Text Diffusion Models
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Classifier Guidance
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Sumanth Dathathri, et at., Plug and Play Language Models: A Simple Approach to Controlled Text Generation, ICLR 2020



Sequence to Sequence Text Diffusion
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(a) Unconditional Gaussian diffusion process in continuous space
(b) Classifier-guided diffusion process (Diffusion-LM)

(c) Classifier-free diffusion guided by points in space (DiffuSeq)

“Seq2Seq” tasks: x—y

Shansan Gong, et at., DiffuSeq: sequence to sequence text generation with diffusion models, ICLR 2023



Sequence to Sequence Text Diffusion
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Sequence to Sequence Text Diffusion

Diversity Ensures Quality

Question Generation

Text Simplification Paraphrase 0.16
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Statement: The Japanese yen is the official and

only currency recognized in Japan.

Question: What is the Japanese currency?

GPVAE-T5
* What is the
* What is the
* What is the

<

<

<

japanese currency
japanese currency
japanese currency

NAR-LevT

* What is the basic unit of currency for Japan ?
* What is the basic unit of currency for Japan ?

€

* What is the basic unit of currency for Japan ?

GPT2-large finetune

* What is the basic unit of currency for Japan?

* What is the Japanese currency

* What is the basic unit of currency for Japan?

DiffuSeq

* What is the Japanese currency

* Which country uses the “yen yen” in currency
* What is the basic unit of currency?

Shansan Gong, et at., DiffuSeq: sequence to sequence text generation with diffusion models, ICLR 2023



Text Diffusion Models
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Discrete Diffusion - Forward Process
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Discrete Diffusion - Learning

Goal: pe(l‘t—l | CE’t) ~ Q(l‘t—l\l‘t)
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Sampling Reparameterization

| Reveals a latent routing mechanism|
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Lin Zheng et at., A Reparameterized Discrete Diffusion Model for Text Generation, 2023



Training RDMs

Trained with ELBO:

N
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Lin Zheng et at., A Reparameterized Discrete Diffusion Model for Text Generation, 2023



Decoding RDMs
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Experimental Results of RDMs

Close the gap with autoregressive models (Machine Translation)

Model

# Iterations

IWSLT14 DE-EN

WMT16 EN-RO

WMT14 EN-DE

Vanilla Reparam. | Vanilla Reparam. | Vanilla Reparam.
. o CDCD .
Continuous Diffusion (Dieleman et al.. 2022) 200 — — 20.0
2 23.05 28.01 26.61 30.16 4.28 21.43
Multinomial Diffusion 4 24.24 30.57 27.81 31.70 431 24.05
(Hoogeboom et al., 2021) 10 21.28 LY 25.25 33.00 6.94 25.63
16 20.59 32.58 24.36 33.11 6.07 25.64
Discrete Diffusion 25 20.06 32.84 23.94 33.31 3.69 26.04
2 25.24 27.60 27.24 30.72 16.46 21.00
Absorbing Diffusion 4 26.93 31.47 29.16 32.60 19.48 24.26
(A;mtin ot al 2621) 10 28.32 33.91 30.41 33.38 21.62 26.96
“ N 16 28.38 34.41 30.79 33.82 22.07 27.58
25 28.93 34.49 30.56 33.99 22.52 27.59
Auto-regressive Models | ransformer-base n.a. 34.51 34.16 27.53

(Vaswani et al., 2017)

Lin Zheng et at., A Reparameterized Discrete Diffusion Model for Text Generation, 2023



Experimental Results of RDMs

Fix previously made errors in where vanilla discrete diffusion models get stuck

Source: 1 have only 2 months for my ca cpt exams how do 1 prepare?
Reference: 1 want to crack ca cpt in 2 months. how should 1 study?

# Iter. Decodes

0 o <M> <M> <M> <M> <M> <M> <M> <M> <M> <M> <M> <M> <M> <M> <M>
20 l o <M> <M> <M> <M> <M> ca <M> ca <M> <M> ca <M> <M> <M> <M>
S 2 o <M> <M> <M> <M> <M> ca <M> ca <M> <M> ca <M> <M> <M> <M>
_% 3 <M>ca ‘ ch <M> <M> exam <M>
< 4 fa <M> ##t exam ?

5 exam ?
o0 0 o <M> <M> <M> <M> <M> <M> <M> <M> <M> <M> <M> <M> <M> <M>
£ ] o how <M> 1 <M> <M> <M> <M> <M> <M> <M> <M> <M> <M> ?
_% 2 o how <M> i prepare for ca <M> ##t <M> <M> <M> <M> <M> ?
= 3 o how <M> i prepare for ca cp ##t <N ‘ " \ | 1S 7
g 4 o how <M> i prepare for ca cp ##t exam in two months <M> ? )
- S o how can 1 prepare for ca cp ##t exam in two months left ? ;,_

Lin Zheng et at., A Reparameterized Discrete Diffusion Model for Text Generation, 2023



Autoregressive LLMs,what else?

Diffusion of Thoughts (DoOTSs)

AR T Thouol
a Input ) — Outout Thought Thought
( ) ( P ) C P ) O in text in hidden

Diffusion of Thoughts

No chain-of-thought ——%»  Reasoning path % Questions:
When Freda cooks canned tomatoes into sauce, they lose
(b) (lnpuD Q AR O : C()utpuD half their volume. Each 16 ounce can of tomatoes that
she uses contains three tomatoes. Freda's last batch of
With chain-of-thought tomato sauce made 32 ounces of sauce.

How many tomatoes did Freda use?

(c) <:IHPU€> (d) (:IHPU€> @ CoT Decoding:

Neural Network y Diffusion Model
(.- ) 4 -y ) T DoT Decoding:
layer 1 =T
. W 9 <<32/16=2>> <<12/12=2%3 ## *2=2= HE####
o]+ - ’ .
| | " |layer n =0 MP-DoT Decoding
. ) — ) <<32===2>>
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Implicit chain-of-thought Diffusion-of-thought (DoT)

Jiacheng Ye, Shansan Gong, Liheng Chen et at., Diffusion of Thoughts: Chain-of- Thought Reasoning in Diffusion Language Models, 2024



Mutilmodal LLMs

« Motivation:Why do we need a versatile large multimodal models (LMMs)?

e Progress: What recipe do we have for building capable LMMs?
o Architecture
o Data
o Training Recipe

Future Directions: What we can do in the area of LMMSs?
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Slides for Multimodal LLMs from Lei Li (https:/lilei-nlp.github.i0/), xhs ID: tobiaslee



Motivations: Why LLMs

Compression of AGI
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Motivations: Why LLMs

Real-world applications are beyond text.
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Architecture Overview

Output: text
. Pretrained and frozen

Trained from scratch a very serious cat.
during Flamingo training
| . S
Perceiver Perceiver - n-th GATED XATTN-DENSE
Resampler Resampler ! |

Language Model f</>

S— 066 a66

L >

1st GATED XATTN-DENSE . .
: Projection W H, fH
Processed text [ V . E d ZV
ISION ENcoder .
<image> This is a very cute dog. <image> This is X-V |mage Xq Language Instruction
| v Input: text and visual . .
N ¥ data interleaved ‘ Figure 1: LLaVA network architecture.
‘ i This is a very cute dog. This is
Visual data L
processing 4

Flamingo LLaVA / Qwen-VL-Chat /MiniGPT4 ..
Images are integrated via Images are treated as Word Embeddings
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Architecture Design Space

« Large Language Model:
o Use the best LLM available.
« Vision Encoder:
o Influence of the image resolution.
o Whichvision encoder shall we use?
« Modality Projector:
o How to effectively represent the image in word embedding space?



How might GPT-4v deal with high resolution?

Here are some examples demonstrating the above.

* A1024 x 1024 square image in detail: high mode costs 765 tokens

* 1024 is less than 2048, so there is no initial resize.

* The shortest side is 1024, so we scale the image down to 768 x 768.

* 4 512px square tiles are needed to represent the image, so the final token costis 170 * 4 + 85 = il
765 . LLM
* A2048 x 4096 image in detail: high mode costs 1105 tokens
* We scale down the image to 1024 x 2048 to fit within the 2048 square. resize
* The shortest side is 1024, so we further scale down to 768 x 1536. /
* 6 512px tiles are needed, so the final token costis 170 * 6 + 85 = 1105 . lllustration of dynamic high resolution scheme: a grid configuration of 2 X 2

* A4096 x 8192 imagein detail: low most costs 85 tokens

* Regardless of input size, low detail images are a fixed cost.

LLaVA-Next cuts image into grids to

GPT-4V Document ,
reduce the computation overhead

LLaVA-NeXT:Improved reasoning, OCR, and world knowledge



Vision Feature Types

Ensembling DINOv2 + CLIP Ensembling DINOv2 + SigLIP

POPE

VizWiz POPE VizWiz

- Single CLIP Feautre 1s not
comprehensive for grounding

VQAv2 VQAv2

related tasks.
- — - Combination of SigCLIP and
DINOV2 (image SSL) leads to the
best results across benchmarks.
GPT-4V Document

Prismatic VLMs: Investigating the Design Space of Visually-Conditioned Language Models



Modality Projector

- Projector can be utilized to
compress the visual tokens as well,
R s which one shall we use?

% % - Avg Pooling v.s.Attn Pooling v.s C-

Abstractor (ResNet Pooling)
224px, 336px, 336px, 224px, 336px, 336px, 224px, 336px, 336px,

- Findings:
64tks 64tks 144tks 64tks 64tks 144tks 64tks 64tks 144tks

- Number of visual tokens and
Image resolution matters most,
while the type of VL connector

has little effect.

[0 Avg. Pool ] Att. Pool [§] C-Abstractor

58.7 59.1

57 38.2 57.4
.| 555 55 56
o 52.8
bt =

33.4 |

0-shot
= 8 5\%‘.‘!3?5}3.’;:'.

~ 4shot
- 8-shot

Fig. 4: 0-shot, 4-shot, and 8-shot ablations across different visual-language connectors
for two image resolutions, and two image token sizes.

MM 1:Methods, Analysis & Insights from Multimodal LLM Pre-training



Data & Training Stage Overview

Stagel: Pretraining
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General VL Datasets

. Stage 1:Large-scale Paired dataset for modality
alignment
o Scale & Quality
o Raw datasets:Laion5B, Datacomp-1B
o LLM (LMMs) rewrites dataset: Laion-COCO,
Capsfusion, ShareGPT4V

Young children standing on a platform waiting for a train to arrive.
Adults and children watching a train slowly leave.
A family near a railroad track watching the train pass.
People waiting on a platform as a train pulls up.
A train station with a green chain on the tracks and children waiting for it to go by.

At a train station, a group of people, including both young children and adults, are
standing on a platform waiting for a train to arrive. The train is already present on the
tracks, partially visible on the right side of the image. Some of the people watch the train
closely, while others seem to be patiently anticipating its departure.

There is a total of eight individuals waiting for the train, with one child in the middle of
the platform and the others scattered around. A backpack can be found on the far left
side of the platform, suggesting that someone may have set it down while waiting.

ShareGPT4V: The image captures a moment at a train station. A green train is on the
tracks, moving away from the platform labeled "Platform 2". The train's motion is observed
by people standing on the platform, their attention drawn to the departing vehicle.

« Stage 2 & 3: Instruction tuning datasets/ Chatty
Dataset

o M3IT (Academic VL tasks, https:/m3-it.github.io),
wide coverage.

o LLaVA-Instruct (GPT-4/ChatGPT generated psuedo- ) Compartzen of Captions Quelty
mutlimodal dataset)

o Specialized Domain Datasets: AlI2D, OCR-VQA,
LLaVAR, ChartVQA, G-LLaVA

A red signal stands on the tracks, its vibrant color contrasting with the green of the train.
Signs are prominently displayed around the platform. One warns “"Beware of Trains", a
cautionary reminder of the powerful machines that frequent these tracks. Another sign
advises "Please Use The Footbridge To Cross The Line. If You Require Assistance Please
Ask The Station Staff", guiding passengers to safely navigate the station.

The sky above is a clear blue, providing a serene backdrop to the bustling activity of the
station. In the distance, trees can be seen, adding a touch of nature to this man-made
setting. The image is a snapshot of everyday life at a train station, capturing both its
routine operations and its inherent charm. )

ShareGPT4V:Improving Large Multi-Modal Models with Better Captions


https://m3-it.github.io/

Datasets for LLMs Math Reasoning

Geometric Description Generation via Information Recovery Generate Contrastive QA Pairs for Basic Elements
4
C
4 QA Examplel ) Logic Form /\
Q: © O is the circumscribed circle - Similar(Triangle(A,B,C),Triangle(C,B,D)) » N\,
of AABC, ... ZABO=30.0, then P 5 A 0 8
the size of ZACB is ? - h
Image Description
A: In triangle AOB, OA=OB The diagram consists of a triangle ABC Info Items Contrastive QA pairs
2 ABO=30°: Therefore ’ inscribed within a circle O. Points A, B, and . L ' . .
/ AOB=180°- 22 ABO=120°- C are the vertices of the triangle, and they 1. Triangle A?C is similar Q: Is point D the lies on line BC?
Therefore. ZACB=1/2 2 AOl,3=60° lie on the circumference of the circle. The to triangle CBD. J A: No, ..., point D lies on the line
\_ ’ /| center of the circle is marked as point O. segment AB.
A
Q /
[ Diagram Representation Uniqueness ] [ Logic Structure Uniqueness ]

___________________________________________________________

— - [T e \ \'\\\
[ \
[Geometric Solution GeneralizabilityJ [ Geometric Scalability J [ Conditional Uniqueness ] [ Reasoning Diversity ]
/ T
[ \
v v 5 v
Variable Substitution and Equation Solving Value Scaling Re-Formulating Condition as Unknown Sentence Paraphrase
QA Example2

Q: Point B is in line AC, line AB is

1, line AC is 3, line BC is ? QA Example2 QA Example2 QA Example?

A: Line BC is 2.
(o i 1 . ) e N\ N (o N : N

Q: Point B is in line AC, line AB is Q: Point B is in line AC, line Q: Point B is in line AC, line AB Q: Given that Point B lies on line segment

x (x=1), line ACis y (y=3), line BC AB is 2, line AC is 6, line BC is ? is u, line AC is 3, line BC is 2. AC, with AB=1 unit and AC=3 units, what

is ? A: The length of BC is 4 units, What is the value of u? is the length of segment BC? _

A: Denote BC as z, we can build the obtained by subtracting AB (2 A: Denote AB as u, we can A: BC can be determined by subtracting the

equation x+z=y, therefore z=y-x, units) from AC (6 units). determine u by solving u+2=3. length of segment AB from the length of

which simplifies to z=3-1=2. Thus, Therefore, u equals 1. segment AC. Since AB is 1 unit and AC is 3
. BCis 2. ) \ ) \_ ) \units, BC = AC - AB, which equals 2 units./

: Generate data using text-only LLM : Multimodal Geometric Alignment Data : Multimodal Geometric Instruction Data

G-LLaVA: Solving Geometric Problem with Multi-Modal Large Language Model



Multimodal ArXiv for LLMs Scientific Understanding

1. ArXiv Paper Source Files 3. Figure-Caption Pair Extraction 5. GPT-4 Vision Prompting
- P -0— ArXivCap |
d I‘X]_V — \\s ' SEMANTIC SCHOLAR ——> —_— —0- —_— @ — ArXivQA
—_——
2. Paper Filtering 4. Rule-based Cleaning

Dataset Image Number Paper Number Image Category Domain Real Data
FigCAP (Chen et al., 2020) 219K N/A Bar, Line and Pie Charts N/A X
SciCap (Yang et al., 2023Db) 2.1M 295K Open-Category Computer Science and Machine Learning v
M-Paper (Hu et al., 2023) 350K 48K Open-Category Mainly "Deep Learning”" v
ArXivCap (Ours) 6.4M 572K Open-Category Open-Domain v
FigureQA (Kahou et al., 2017) 140K N/A Bar, Line and Pie Charts N/A X
DVQA (Kafle et al., 2018) 300K N/A Bar Charts N/A X
ArXivQA (Ours) 32K 16.6K Open-Category Open-Domain v

Multimodal ArXiv: A Dataset for Improving Scientific Comprehension of Large Vision-Language Models



Feedback Dataset for LLMs

N

and Tables.

Q: What is in the image?
A: Menu from Roly’s Café, Chairs

J

-
RM Data | ~

— & <

Captions

4-» @ me> | This image shows the menu of a

coffee chop called Roly’s Café.

GPT-4

(a) Misaligned Supervised Fine-Tuning (SFT) Data contains Hallucination

=/

(b) Collect Human Preference (More Helpful & Less Hallucinated) Data for Reward Models (RM)

o

PPO Data ! ~

~

Q: What is in the image? ]

= /
Captions |

Javier's Tacos — Mexican Fast J

Food — Open 24 hours

© sampled Output

[
S-S

[The sign is not very clear, so perhaps]

A: American Fast Food

LMM-RLHF

A

[The RL model’s output is clearly
contradictory to the image captions]

Reward Score: 0.0

LMM-RM

‘IIIIIIIIIIIIIIIIIIIIIIIII

Prompt: Please describe
the image in detail.

MLLM outputs

its sides ... The clocks on the tower
display the time as 11:50. The
tower is adorned with orange and
pink flags, adding a festive touch ...

(1) Human Feedback Collection

Fine-grained Correctional

side ... The clock on the tower
displays the time as 15:26. There
are red, green, yellow and blue
flags, adding a festive touch ...

[g Sampled Output (A) Human Feedback

] \

> Q =P A ‘I(’:)i::‘esgc%::\t/';r:r;;eﬁtgr;the — 8 — [ Human Preference The image shows a clock tc?wer The image shows a clock tower ... : :

comfortable and cozy space to rest. Output (A) is better The clock reads approximately The clock reads approximately : !

LMM-SFT Human with less hallucinations. 11:20 ... There are also some flags 15:26 ... There are also some flags " :

a A flying in the top left corner of the flying in the top right corner of the I |

. image ... There are several people image ... There are trees in the 3 ’
. scattered throughout the scene... : p background behind the buildings...

. | 2 sampled Output () S Dense Direct Preference
[Q: How does the sleeping - A: The cat is resting on a black o Optimization (DDPO)

environment benefit the cat? LEERERY couch with its front paws The image features a large clock The image features a large clock
W\ tucked under its chest. tower with a clock face on each of tower with a clock face on its front

Final MLLM

e

(2) Human Preference Learning ———|

(c) Factually Augmented Reinforcement Learning from Human Feedback (Fact-RLHF)

Aligning Large Multimodal Models with Factually Augmented RLHF
RLHF-V: Towards Trustworthy MLLMs via Behavior Alignment from Fine-grained Correctional Human Feedback



VLFeedback:Preference Distillation for LLMs

Instruction Source

———
’—— -—

/

/' $7; Qwen-VL-Chat
|

\ 4> LLaVA
\. €2 IDEFICS

—~—
—— - ——

Comparison Pairs

- — — — —

Does the tent in the
picture have a red and

on the top?

M e e e e S e R S e e e e e e e e

Model A: Yes, the tent in the picture has a red and black

checkered pattern on the top.

Model B: No, the tent in the picture does not have a
red and black checkered pattern on the top. It appears to
have a yellow and white striped pattern. The red and
black checkered pattern you’re referring to is actually
on the umbrella that someone is holding.

Model C: Yes.

Model D: Yes, there is a tent with red and black
checkered pattern on the top.

black checkered pattern

1
1
1
1
|
|
1
!

GPT4-V Preference Annotation

Helpfulness

B>A=D>C
Text A incorrectly states that the
tent has a red and black checkered
pattern, which is not the case.

Visual Faithfulness

B>A=C=D
Text B is highly faithful to the
visual content of the image,
correctly identifying the actual
pattern on the tent and the umbrella.

Ethical Considerations

A=B=C=D
While the Text C is brief and
incorrect, it does not raise
ethical concerns directly.

e e e e e e e e e e e e e e e e e e e e e e

- We build a GPT-4V annotated
vision-language feedback dataset,
consists of 80K instructions
decoded by various models,
regarding three aspects.



A Guess of GPT-4V Recipe

« ChatGPT/GPT-4 as backbone LLMs for instruction following & reasoning

« Close-sourced Vision Encoders with 512px with tiling mechanism
o Note CLIPis also from OpenAl

« Billion Scale (?) ChatGPT paraphrased detailed image-caption pairs tfor alignment
training (inferred from DALLE & SORA practice)

« Diverse vision-language tasks collected for SFT

« OCRpipeline integrated (?)

« Professional alignment team for eliminating bias



