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Prediction / Generation / 
Reinforce / Reasoning / … 

2D Grid / 1D Grid / 3D Grid / 
Graph / Set / Codes / … 

Different network topology 

New optimization / Search for 
optimizer / distributed  e.g. 

Asynchronous SGD

New Loss / New Learning 
formulation

weights, bias / Accuracy / F1 
/ robustness / interpretability 
/ safety / trust / software 2.0

GPU / TPU / many Edge devices 
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Task 

Representation 
(DNN Topology) 

Score Function 

Search/Optimization 

Data  

Models, Parameters

Hyperparameter, Metrics 

Hardware



Related:A Quick Survey on 10 
Advanced DNN Trends

https://github.com/qiyanjun/2025Fa
ll-UVA-CS-
MachineLearningDeep/blob/main/L
ectures/S3-deepNNSurvey.pdf 
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A Quick Survey on 10 Advanced DNN Trends

Dr Yanjun Qi / UVA CS

1. DNN on graphs / trees / sets

2. NTM 4program induction 

1. Deep Generative models/ DeepFake 

2. Deep reinforcement learning

3. Few-shots / Meta learning / AGI?

1. CNN / Residual / Memory

2. RNN / Attention / Seq2Seq / Transformer … 

1. Autoencoder / self supervised training

2. Generative Adversarial Networks (GAN)

3. Learning to optimize /Learning to search 

architecture (AutoML)

1. Validate / Evade / Test / Verify 

2. Understand DNNs 

1. Model Compression / Efficient Net 

Task 

Representation f() 

Score Function 

Search/Optimization 

Data  

Models, Parameters

Hyperparameter, Metrics 

Hardware

Module I 

Module II 

Module 
III: 

Training 
Workflow 

Module 
IV: On 

Deploym
ent



Last Review Session: DNN for Text, then Beyond

Raw Data Encoder Decoder
Prediction / 
Generation

Text
Images
Audio
Discrete/continuous values
Structured/unstructured
Clean/noisy labels

Low dimensional embedding
Category
Generated text, image, audio

Target 
LabelsLoss / Feedback

Loss / Feedback

GPT: Generative Pretraining Models for Language
CLIP: Contrastive Language-Image Pretraining for Vision
BERT: Bidirectional Encoder Representations from Transformers.



This Session Roadmap: 

• GPT1 / 2/ 3 

• Emergent Abilities of Large Language Models

• Scaling Instruction-Finetuned Language Models

• On the Opportunities and Risks of Foundation Models

https://medium.com/@YanAIx/step-by-step-into-gpt-70bc4a5d8714



Transformer Models

Transformers are efficient, multi-modal 
data processors



GPT1 (Radford et al. 2018) - Improving Language 
Understanding by Generative Pre-Training

• Pre-training: Maximize data likelihood as a product of conditional probabilities, trained on Books Corpus
• Predict each token based on the k tokens (the “context”) that came before



GPT-2 (Radford et al. 2019) - Language Models are 
Unsupervised Multitask Learners

We would like to move towards more general systems which can perform many tasks – eventually 
without the need to manually create and label a training dataset for each one.

“Our suspicion is that the prevalence of single task training on single domain datasets is a major 
contributor to the lack of generalization observed in current systems. Progress towards robust systems 
with current architectures is likely to require training and measuring performance on a wide range of 
domains and tasks.”

• A general systems learn to model 𝑃(𝑜𝑢𝑡𝑝𝑢𝑡|𝑖𝑛𝑝𝑢𝑡, 𝐭𝐚𝐬𝐤)
• Task can be specified in natural language
• Aims to general purpose language learner



GPT-2 Architecture and Model Sizes

• Architecture similar as GPT-1 and BERT

• GPT-2 is generatively trained on WebText data and not fine-tuned on 
anything else 
• 8 million documents (40GB text)

GPT-1 Size

BERT Size

GPT-2 Size



GPT-2: Zero shot Excellent Performance

• SOTA in many tasks 
without tuning for them

Perplexity (PPL); lower is better

“The diversity of tasks the model is able to perform in a zero-
shot setting suggests that high-capacity models trained to 
maximize the likelihood of a sufficiently varied text corpus 
begin to learn how to perform a surprising number of tasks 
without the need for explicit supervision.”



GPT-3 (Brown et al. 2020): few shot 
generalization



Models and Architectures



Training

Rough compute 
price to train GPT-3 
175B: ~$4.5M



Few-shot “In 
Context 
Learning”

Larger GPT models trained on even 
more data are good at many tasks, 
especially text generation, and can 
be “trained” at inference time with 
in-context examples



GPT-2 scale



[Submitted on 15 Jun 2022 (v1), last revised 26 Oct 2022 (this version, v2)]

Emergent Abilities of Large Language Models

Jason Wei, Yi Tay, Rishi Bommasani, Colin Raffel, Barret Zoph, Sebastian Borgeaud, Dani Yogatama, Maarten 
Bosma, Denny Zhou, Donald Metzler, Ed H. Chi, Tatsunori Hashimoto, Oriol Vinyals, Percy Liang, Jeff 

Dean, William Fedus

Scaling up language models has been shown to predictably improve performance and sample efficiency on a wide 
range of downstream tasks. This paper instead discusses an unpredictable phenomenon that we refer to as 
emergent abilities of large language models. We consider an ability to be emergent if it is not present in smaller 
models but is present in larger models. Thus, emergent abilities cannot be predicted simply by extrapolating the 
performance of smaller models. The existence of such emergence implies that additional scaling could further 
expand the range of capabilities of language models.

Published in Transactions on Machine Learning Research (08/2022) 
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https://arxiv.org/search/cs?searchtype=author&query=Metzler%2C+D
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https://arxiv.org/search/cs?searchtype=author&query=Fedus%2C+W


An ability is emergent if it is not present in smaller 
models but is present in larger models. 

qualitative change is also known as a phase 
transition—a dramatic change in overall behavior 
that would not have been foreseen by examining 
smaller-scale systems (Huberman & Hogg, 1987). 



One example of few-shot promoting





Few Shot Prompting many different NLP tasks 

• BIG-Bench. Selecting  four emergent few-shot prompted tasks from BIG-Bench, a crowd-sourced suite of 
over 200 benchmarks for language model evaluation (BIG-Bench, 2022).

• TruthfulQA. This benchmark is adversarially curated against GPT-3 models, which do not perform above 
random, even when scaled to the largest model size. 

• Grounded conceptual mappings. language models must learn to map a conceptual domain, such as a 
cardinal direction, represented in a textual grid world (Patel & Pavlick, 2022)., performance only jumps to 
above random using the largest GPT-3 model. 

• Multi-task language understanding. Figure 2G shows the Massive Multi-task Language Understanding 
(MMLU) benchmark, which aggregates 57 tests covering a range of topics including math, history, law, and 
more (Hendrycks et al., 2021a). 

• Word in Context. Finally, Figure 2H shows the Word in Context (WiC) benchmark (Pilehvar & Camacho- 
Collados, 2019), which is a semantic understanding benchmark. 

•  



Analysis



Analysis



What about other metrics



Augmented prompting strategies 

• prompting and finetuning strategies to further augment the abilities of language models. 

• Multi-step reasoning. Reasoning tasks, especially those involving multiple steps, have been challenging for language 
models and NLP models more broadly (Rae et al., 2021; Bommasani et al., 2021; Nye et al., 2021). A recent prompting 
strategy called chain-of-thought prompting enables language models to solve such problems by guiding them to 
produce a sequence of intermediate steps before giving the final answer (Cobbe et al., 2021; Wei et al., 2022b; Suzgun 
et al., 2022). 

• Instruction following. Another growing line of work aims to better enable language models to perform new tasks 
simply by reading instructions describing the task (without few-shot exemplars). By finetuning on a mixture of tasks 
phrased as instructions, language models have been shown to respond appropriately to instructions describing an 
unseen task (Ouyang et al., 2022; Wei et al., 2022a; Sanh et al., 2022; Chung et al., 2022). 

• Program execution. Consider computational tasks involving multiple steps, such as adding large numbers or executing 
computer programs. Nye et al. (2021) show that finetuning language models to predict intermediate outputs 
(“scratchpad”) enables them to successfully execute such multi-step computations. 

• Model calibration. Finally, an important direction for deployment of language models studies is calibration, which 
measures whether models can predict which questions they will be able to answer correctly. Kadavath et al. (2022) 
compared two ways of measuring calibration: a True/False technique, where models first propose answers and then 
evaluate the probability “P(True)” that their answers are correct, and more-standard methods of calibration, which use 
the probability of the correct answer compared with other answer options. 









Why Elbow shape / emergent pattern? 

• 1. For certain tasks, there may be natural intuitions for why 
emergence requires a model larger than a particular threshold scale. 
For instance, if a multi-step reasoning task requires L steps of 
sequential computation, this might require a model with a depth of 
at least O (L) layers

• 2. more parameters and more training enable better memorization 
that could be helpful for tasks requiring world knowledge. 
• As an example, good performance on closed-book question-answering may 

require a model with enough parameters to capture the compressed 
knowledge base itself (though language model-based compressors can have 
higher compression ratios than conventional compressors (Bellard, 2021))



LLM for All (plus promoting) vs. 
Task specific model 



https://github.com/google/BIG-bench/blob/main/bigbench/benchmark_tasks/keywords_to_tasks.md#big-bench-lite

The Beyond the Imitation Game 
Benchmark (BIG-bench) is 
a collaborative benchmark 
intended to probe large language 
models and extrapolate their 
future capabilities. The more than 
200 tasks included in BIG-bench 
are summarized by keyword here, 
and by task name here. A paper 
introducing the benchmark, 
including evaluation results on 
large language models: 

https://arxiv.org/abs/2206.04615 

https://github.com/google/BIG-bench/blob/main/bigbench/benchmark_tasks/keywords_to_tasks.md#summary-table
https://github.com/google/BIG-bench/blob/main/bigbench/benchmark_tasks/README.md
https://arxiv.org/abs/2206.04615


Many Large Scale PreTrained Language Model

• Basics (GPT, BERT, T5)

• PaLM 
• (decoder-only trained with next-token prediction)

• BLOOM 
• BLOOM is essentially similar to GPT3 (auto-regressive model for next token 

prediction), but has been trained on 46 different languages and 13 
programming languages.

• Flan-PaLM  / Flan-T5

• Many many new recent LLMs on huggingface: Llama3, Mistral



Build a Large Language Model (From Scratch)

Book by Sebastian Raschka



[Submitted on 20 Oct 2022 (v1), last revised 21 Oct 2022 (this version, v2)]

Scaling Instruction-Finetuned Language Models

Hyung Won Chung, Le Hou, Shayne Longpre, Barret Zoph, Yi Tay, William Fedus, Eric Li, Xuezhi Wang, Mostafa 

Dehghani, Siddhartha Brahma, Albert Webson, Shixiang Shane Gu, Zhuyun Dai, Mirac Suzgun, Xinyun 
Chen, Aakanksha Chowdhery, Sharan Narang, Gaurav Mishra, Adams Yu, Vincent Zhao, Yanping Huang, Andrew 

Dai, Hongkun Yu, Slav Petrov, Ed H. Chi, Jeff Dean, Jacob Devlin, Adam Roberts, Denny Zhou, Quoc V. Le, Jason Wei
Finetuning language models on a collection of datasets phrased as instructions has been shown to improve model 
performance and generalization to unseen tasks. In this paper we explore instruction finetuning with a particular focus on 
(1) scaling the number of tasks, (2) scaling the model size, and (3) finetuning on chain-of-thought data. We find that 
instruction finetuning with the above aspects dramatically improves performance on a variety of model classes (PaLM, T5, U-
PaLM), prompting setups (zero-shot, few-shot, CoT), and evaluation benchmarks (MMLU, BBH, TyDiQA, MGSM, open-ended 
generation). For instance, Flan-PaLM 540B instruction-finetuned on 1.8K tasks outperforms PALM 540B by a large margin 
(+9.4% on average). Flan-PaLM 540B achieves state-of-the-art performance on several benchmarks, such as 75.2% on five-
shot MMLU. We also publicly release Flan-T5 checkpoints, which achieve strong few-shot performance even compared to 
much larger models, such as PaLM 62B. Overall, instruction finetuning is a general method for improving the performance 
and usability of pretrained language models.

FLAN
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Chain-of-thought prompting is highly effective but having to 
write few-shot exemplars can be tedious and zero-shot CoT 
doesn’t always work well. Our CoT finetuning significantly 
improves zero-shot reasoning abilities, such as on 
commonsense reasoning.









Building FM based GenAI 
Platforms 



https://huyenchip.com/2024/07/25/genai-
platform.html#ai_pipeline_orchestration 

https://huyenchip.com/2024/07/25/genai-platform.html#ai_pipeline_orchestration
https://huyenchip.com/2024/07/25/genai-platform.html#ai_pipeline_orchestration
https://huyenchip.com/2024/07/25/genai-platform.html#ai_pipeline_orchestration
















https://arxiv.org/pdf/2412.17686 

https://arxiv.org/pdf/2412.17686


Many new 
LLMs in 
2022-2023
->2024 -> 
now

https://levelup.gitconnected.com/the-brief-history-of-large-language-models-a-journey-from-eliza-to-gpt-4-and-google-bard-167c614af5af



Timeline of some of the most representative LLM 
frameworks



LLMs Size changes 

https://levelup.gitconnected.com/the-brief-history-of-large-language-models-a-journey-from-eliza-to-gpt-4-and-google-bard-167c614af5af





ChatGPT: Optimizing Language 
Models for Dialogue” by OpenAI

•No  paper / Just a blog / Released Nov 30 2022

•It took 5 days to reach 1M users



Concepts that ChatGPT builds on

ChatGPT / InstructGPT

Reinforcement 
Learning

GPT3

Large Language 
Models

Transformer 
nets



Family of GPT-3.5

Blog: How does GPT Obtain its Ability? Tracing Emergent Abilities of Language Models to their Sources

https://yaofu.notion.site/How-does-GPT-Obtain-its-Ability-Tracing-Emergent-Abilities-of-Language-Models-to-their-Sources-b9a57ac0fcf74f30a1ab9e3e36fa1dc1


CLIP: Contrastive Language-
Image Pretraining for Vision



CLIP: Learning Transferrable Visual Models from 
Natural Language Supervision (Radford et al. 2021)

use a text encoder as a classifier



Related: Stable diffusion (Proposed 2022-08) 

• High-Resolution Image Synthesis with Latent Diffusion Models 
CVPR’22 Rombach et al.  

• Code and models released Open Source 

• The CreativeML OpenRAIL M license 

• by Stability AI and Runway

https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2112.10752
https://github.com/CompVis/stable-diffusion
https://github.com/CompVis/stable-diffusion
https://huggingface.co/spaces/CompVis/stable-diffusion-license
https://huggingface.co/spaces/CompVis/stable-diffusion-license


History of Image Generation 

2012

ImageNet w. 
CNN

2014 2015 2017 2018 2020 2021 2021 2022

DCGAN 

GAN 

Transformer 

Style-GAN 

ViT 
(VQGAN) DALL-E GLIDE  

DALL-E 2

2022 2022 2022

Stable 
Diffusion

Imagen 

DreamBooth

Blog: Ten Years of Image Synthesis

2023

DALL-E3 

https://zentralwerkstatt.org/blog/ten-years-of-image-synthesis?utm_source=substack&utm_medium=email
https://zentralwerkstatt.org/blog/ten-years-of-image-synthesis?utm_source=substack&utm_medium=email
https://zentralwerkstatt.org/blog/ten-years-of-image-synthesis?utm_source=substack&utm_medium=email
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	Slide 1: UVA CS 4774: Machine Learning    S3: Lecture Extra: Recent LLM - A Quick Overview
	Slide 2
	Slide 3: Related:A Quick Survey on 10 Advanced DNN Trends  https://github.com/qiyanjun/2025Fall-UVA-CS-MachineLearningDeep/blob/main/Lectures/S3-deepNNSurvey.pdf 
	Slide 4
	Slide 5: Last Review Session: DNN for Text, then Beyond
	Slide 6: This Session Roadmap: 
	Slide 7: Transformer Models
	Slide 8: GPT1 (Radford et al. 2018) - Improving Language Understanding by Generative Pre-Training
	Slide 9: GPT-2 (Radford et al. 2019) - Language Models are Unsupervised Multitask Learners
	Slide 10: GPT-2 Architecture and Model Sizes
	Slide 11: GPT-2: Zero shot Excellent Performance
	Slide 12: GPT-3 (Brown et al. 2020): few shot generalization
	Slide 13: Models and Architectures
	Slide 14: Training
	Slide 15: Few-shot “In Context Learning”
	Slide 16
	Slide 17
	Slide 18: An ability is emergent if it is not present in smaller models but is present in larger models.  
	Slide 19: One example of few-shot promoting
	Slide 20
	Slide 21: Few Shot Prompting many different NLP tasks 
	Slide 22: Analysis
	Slide 23
	Slide 24
	Slide 25: Augmented prompting strategies 
	Slide 26
	Slide 27
	Slide 28
	Slide 29: Why Elbow shape / emergent pattern? 
	Slide 30
	Slide 31
	Slide 32: Many Large Scale PreTrained Language Model
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39: Building FM based GenAI Platforms 
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49: Many new LLMs in 2022-2023 ->2024 -> now
	Slide 50: Timeline of some of the most representative LLM frameworks
	Slide 51: LLMs Size changes 
	Slide 52
	Slide 53: ChatGPT: Optimizing Language Models for Dialogue” by OpenAI  
	Slide 54: Concepts that ChatGPT builds on
	Slide 55
	Slide 56: CLIP: Contrastive Language-Image Pretraining for Vision 
	Slide 57: CLIP: Learning Transferrable Visual Models from Natural Language Supervision (Radford et al. 2021)
	Slide 58
	Slide 59: History of Image Generation 

