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Prompt	EngineeringLLMs	as	Agents LLM	Reasoning



Shanghai	is	the	largest	city	in	the	world

Iterative Refinement

Tokyo	is	the	largest	city	in	the	world
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Parallel Generation

Non-autogressive Text Generation

In a different “family” of p(x) than the autoregressive ones

https://iclr-blogposts.github.io/2024/blog/diffusion-theory-from-scratch/
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Non-autogressive Neural Machine Translation

Jiatao	Gu,	et	al.,	Non-autogressive	Neural	Machine	Translation,	ICLR	2018

“Modality Conflicts”

many	thanks	
thank	you thank	thanks



Diffusion Models
Forward-backward formulation 

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

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

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



Text Diffusion Models

Xiang	Lisa	Li,	et	at.,	Diffusion-LM	Improves	Controllable	Text	Generation,	NeurIPS	2022



Classifier Guidance

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



Sequence to Sequence Text Diffusion

“Seq2Seq” tasks: x→y

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



Sequence to Sequence Text Diffusion

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

Shansan	Gong,	et	at.,	DiffuSeq:	sequence	to	sequence	text	generation	with	diffusion	models,	ICLR	2023
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Statement: The Japanese yen is the o�cial and only currency recognized in Japan.
Question: What is the Japanese currency?

GPVAE-T5 NAR-LevT
* What is the japanese currency * What is the basic unit of currency for Japan ?
* What is the japanese currency * What is the basic unit of currency for Japan ?
* What is the japanese currency * What is the basic unit of currency for Japan ?

GPT2-large finetune Di↵uSeq
* What is the basic unit of currency for Japan? * What is the Japanese currency
* What is the Japanese currency * Which country uses the “yen yen” in currency
* What is the basic unit of currency for Japan? * What is the basic unit of currency?

Diversity Ensures Quality



Text Diffusion Models

Continuous Diffusion Discrete Diffusion



Discrete Diffusion - Forward Process
<latexit sha1_base64="OlK1uLIimk9tYaLdE8OBjG3RkVo="></latexit>

q(x0) = pdata(x)

<latexit sha1_base64="kZzCaYKo/040g9Pck1s+XuEQJ/0="></latexit>

q(xt | xt�1) = �txt�1 + (1� �t)qnoiseNoise:

Enjoys closed-form “marginal” distribution:
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“Multinomial” “Absorbing”



Discrete Diffusion - Learning
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Enjoys closed-form “marginal” distribution:



Sampling Reparameterization

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

Reveals a latent routing mechanism



Training RDMs

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

Trained with ELBO:

Evaluated at noisy tokensTime-dependent weighting Simple Cross-Entropy Loss
<latexit sha1_base64="TPCLAnE7t/j2owcxTqQsEHbv0pg="></latexit>

�(2)
t�1 = 1� t� 1

T

Router-agnostic



Decoding RDMs

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

Confident-based Router



Experimental Results of RDMs

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

Close the gap with autoregressive models (Machine Translation)



Experimental Results of RDMs

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

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



Autoregressive LLMs, what else?
Diffusion of Thoughts (DoTs)

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)? 

•Progress: What recipe do we have for building capable LMMs? 

◦ Architecture 

◦ Data 

◦ Training Recipe  

Future Directions: What we can do in the area of LMMs?

Slides for Multimodal LLMs  from Lei Li (https://lilei-nlp.github.io/), xhs ID: tobiaslee



Motivations: Why LLMs
Compression of AGI

LLaMa-2 Training Loss Qwen-VL-Chat (7B)

Image = 256 tokens 
Caption ~= 64  tokens  

~ 500B tokens -> ~1.8  

LLaMA-2-7B 500B tokens 
-> 1.9



Motivations: Why LLMs
Real-world applications are beyond text.

Embodied Robot

RT-2: New model translates vision and language into action 
SeeClick: Harnessing GUI Grounding for Advanced Visual GUI Agents

GUI Agent



Architecture Overview

Flamingo  
Images are integrated via 
Gated Cross-Attention

LLaVA / Qwen-VL-Chat / MiniGPT4 ..  
Images are treated as Word Embeddings  
More prevailing now



Architecture Design Space

• Large Language Model:  

◦ Use the best LLM available. 
• Vision Encoder:  

◦ Influence of the image resolution. 

◦ Which vision encoder shall we  use? 
• Modality Projector:  

◦ How to effectively represent the image in word embedding space? 



How might GPT-4v deal with high resolution?

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

GPT-4V Document
LLaVA-Next cuts image into grids to 
reduce the computation overhead



Vision Feature Types

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

GPT-4V Document

- Single CLIP Feautre is not 
comprehensive for grounding 
related tasks.  

- Combination of SigCLIP and 
DINOv2 (image SSL) leads to the 
best results across benchmarks.



Modality Projector

MM1: Methods, Analysis & Insights from Multimodal LLM Pre-training

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

- Avg Pooling v.s. Attn Pooling v.s C-
Abstractor (ResNet Pooling)  

- Findings:  
- Number of visual tokens and 

image resolution matters most, 
while the type of VL connector 
has little effect.



Data & Training Stage Overview

Stage 4: Alignment 
according to Feedback

VL Feedback data



General VL Datasets
• Stage 1: Large-scale Paired dataset for modality 

alignment 
◦ Scale & Quality 
◦ Raw datasets: Laion5B, Datacomp-1B  
◦ LLM (LMMs) rewrites dataset: Laion-COCO, 

Capsfusion, ShareGPT4V  

• Stage 2 & 3:  Instruction tuning datasets / Chatty 
Dataset 
◦ M3IT (Academic VL tasks, https://m3-it.github.io ), 

wide coverage. 
◦ LLaVA-Instruct (GPT-4/ChatGPT generated psuedo-

mutlimodal dataset) 
◦ Specialized Domain Datasets: AI2D, OCR-VQA, 

LLaVAR, ChartVQA, G-LLaVA 

ShareGPT4V: Improving Large Multi-Modal Models with Better Captions

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


Datasets for LLMs Math Reasoning

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



Multimodal ArXiv for LLMs Scientific Understanding

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



Feedback Dataset for LLMs

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

- 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 

◦ Note CLIP is also from OpenAI 
• Billion Scale (?) ChatGPT paraphrased detailed image-caption pairs for alignment 

training (inferred from DALLE & SORA practice) 
• Diverse vision-language tasks collected for SFT 
• OCR pipeline integrated (?)  
• Professional alignment team for eliminating bias 


