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State Space Models (SSMs)

https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-mamba-and-state

• Convert discrete signal to a continuous signal
• Obtain a continuous output
• Convert the continuous output to a discrete signal

Zero-order 
Hold

∆: Hold interval -- Learnable
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State Space Models (SSMs)

https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-mamba-and-state

For more on this: https://srush.github.io/annotated-s4/
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Mamba

https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-mamba-and-state
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Mamba

https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-mamba-and-state

In Mamba, the matrices are 
different for each time step:
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Mamba
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Mamba block
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Pre-training in NLP

CENG501Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf



Pre-training in NLP
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Pre-training in NLP

CENG501Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf
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GPT-1

• 12 layer decoder-only 
transformer
• Unsupervised 

pretraining
• BookCorpus dataset

• Supervised finetuning
• Textual alignment
• QA & commonsense 

reasoning
• Semantic similarity
• Classification

12Sinan Kalkan
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Bidirectional Encoder 
Representations from 
Transformers (BERT)

13Sinan Kalkan

2018
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GPT-2

14Sinan Kalkan
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GPT-3

CENG501Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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16Sinan Kalkanhttps://openai.com/index/chatgpt/
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CENG501Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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CENG501Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf

Pulls towards new, better 
answers/behavior! Ensures new 

answers/behaviors 
stay/are appropriate!

Ensures the model 
does not forget its 
prior information!
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Today

• Continue with Large-Language Models
• Alternatives to RLHF
• In-Context Learning
• LLMs as Agents
• Retrieval Augmented Generation
• Finetuning LLMs

CENG501



Administrative Notes

• Project next steps:
• Milestones:

1.Milestone (April 10, midnight):
• Read & understand the paper
• Download the datasets
• Prepare the Readme file excluding the results & conclusion

2.Milestone (May 4, midnight)
• The results of the first experiment

3.Milestone (June 1, midnight)
• Final report (Readme file)
• Repo with all code & trained models

CENG501



Direct Preference Optimization (DPO)

• Disadvantages of RLHF: 
• requires 

• separate models, 
• complex training pipeline, 
• careful hyperparameter tuning, 
• constant monitoring. 

• Small errors in the reward signal 
or a shift in the data degrades the 
results.

• DPO bypasses the reward 
model and RL

CENG501

Direct Preference Optimization: Your Language Model is Secretly a 
Reward Model, NeurIPS 2023.



Direct Preference Optimization (DPO)

CENG501

Figure: https://medium.com/@joaolages/direct-preference-optimization-dpo-622fc1f18707



Direct Preference Optimization (DPO)

CENG501

Direct Preference Optimization: Your Language Model is Secretly a 
Reward Model, NeurIPS 2023.

π!"#: The SFT model.
𝑦$: Preferred response (𝑤: win).
𝑦%: Dispreferred response (𝑙: lose).log &!((	|	+)

&"#$((	|	+)
: Effectively acts as the reward.



PPO vs. DPO

• With PPO, we have a reward 
model with which we can 
finetune an LLM for an 
unlimited amount of data.

• With DPO, we are just limited to 
the human preference data!

CENG501

However,
• If you continue to finetune your LLM with 

automatically generated inputs and 
outputs, at some point, your LLM can 
generate noisy text (OOD data), which can 
lead to high rewards.
• Your LLM can then cheat/hack your 

reward model by generating gibberish 
text

• Reward Hacking!
• Goodhart’s Law: When a measure 

becomes a target, it ceases to be a good 
measure.



Group Relative Policy Optimization (GRPO)

• PPO requires a value 
(critic) network
• GRPO 
• Uses a group of 

answers for the same 
input
• replaces the role of the 

value (critic) network 
by comparing group 
outputs to the group 
mean

CENG501

DeepSeekMath: Pushing the Limits of Mathematical
Reasoning in Open Language Models, 2024.



RL from AI Feedback

CENG501 Fig: https://www.anthropic.com/news/claudes-constitution

Constitutional AI: Harmlessness from AI 
Feedback, Antropic, 2022.



Other LLMs

CENG501
https://medium.com/@raniahossam/chinchilla-scaling-laws-for-large-language-models-llms-40c434e4e1c1

2023



Other LLMs
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Other LLMs: Gemma 4

CENG501

Material: https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-gemma-4



Other LLMs: Gemma 4

CENG501

Root-Mean-Squared Norm (RMSNorm): 

Benefits: 
• Less operations compared to layer norm. This can add up to 

significant increase in a large Transformer.
• Centering (as in LayerNorm) appears to be less critical 

compared to scaling. Scaling appears to be sufficient.

Also used in Llama 2/3, Mistral, Gopher.

Material: https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-gemma-4



Other LLMs: Gemma 4

CENG501

Gemma 4 “interleaves layers of local attention (also called “sliding window 
attention”) with global attention (which is regular or “full” attention)”

Material: https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-gemma-4



Other LLMs: Gemma 4

CENG501

K=V – The Keys are set to be equivalent to the Values only for the global 
attention

• Reduces memory load significantly without significant reduction in 
performance

• Enables larger input size (256K) while remaining efficient enough for 
on-device use

Material: https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-gemma-4



Other LLMs: Gemma 4
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• p-RoPE – Low-frequency-pruned RoPE applied to the embeddings
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Other LLMs: Gemma 4

CENG501

• p-RoPE – Low-frequency-pruned RoPE applied to the embeddings
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Other LLMs: Gemma 4

CENG501

• p-RoPE – Low-frequency-pruned RoPE applied to the embeddings

RoPE only on the first %p of the pairs

Material: https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-gemma-4



Other LLMs: Gemma 4

CENG501

• A large FFNN is replaced 
by a set of smaller 
FFNNs.

• The same performance 
is achieved with less 
number of calculations.

• Cons: Requires more 
RAM to fit all experts.

• Load balancing losses 
required to ensure that 
a single expert does not 
dominate (”routing 
collapse”)

Material: https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-gemma-4



Other LLMs: Gemma 4
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Material: https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-gemma-4



In-Context Learning
(Prompt Engineering)
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In-context Learning 
(Prompt Engineering)

CENG501Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf



In-context Learning

• Simplifies providing examples 
(from human experts)
• As opposed to updating the 

weights of the network via 
finetuning

• “Example-based Specification”, 
Programming by example.
• Provides on par performance 

with supervised models
• More params, better in-context 

learning

CENG501

https://ai.stanford.edu/blog/understanding-incontext/



In-context Learning: How/Why Does it Work?

CENG501

Xie et al., “An Explanation of In-context Learning as Implicit Bayesian Inference”, ICLR 2022.



In-context Learning: How/Why Does it Work?
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Xie et al., “An Explanation of In-context Learning as Implicit Bayesian Inference”, ICLR 2022.

A Bayesian interpretation:

• During pretraining, the network learns a latent concept space.
• With the prompt, we provide sufficient examples to estimate the most relevant 

concept – p(concept | prompt).



CENG501
Xie et al., “An Explanation of In-context Learning as Implicit Bayesian Inference”, ICLR 2022.

“We can think of the training examples as providing a signal for Bayesian inference. In particular, the transitions
within training examples (green in the figure above) allow the LM to infer the latent concept they all share. In a
prompt, the green transitions come from the input distribution (the transitions inside the news sentence), the
output distribution (the topic word), the format (syntax of news sentence), and the input-output mapping
(relation between the news and the topic) all provide signal for Bayesian inference.”

In-context Learning: How/Why Does it Work?

Not an easy task since examples might be unrelated to each other!



In-context learning: 
Task vectors

CENG501

Hendel et al., "In-Context Learning Creates Task 
Vectors”, 2023.



In-context Learning: 
Important Factors

CENG501

Min et al., “Rethinking the Role of Demonstrations:
What Makes In-Context Learning Work?”, 2022.
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In-context Learning: 
Important Factors
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Min et al., “Rethinking the Role of Demonstrations:
What Makes In-Context Learning Work?”, 2022.

They conclude that
(1) “the label space and the distribution of the 

input text specified by the demonstrations are 
both key to in-context learning (regardless of 
whether the labels are correct for individual 
inputs)”

(2) “specifying the overall format is also crucial, 
e.g., when the label space is unknown, using 
random English words as labels is significantly 
better than using no labels”

(3) “meta-training with an in-context learning 
objective (Min et al., 2021b) magnifies these 
effects—the models almost exclusively exploit 
simpler aspects of the demonstrations like the 
format rather than the input-label mapping.”



In-context Learning: Important Factors
In-context Learning (ICL) can be unstable:

• Min et al. (https://arxiv.org/abs/2202.12837):
• “LLMs rely strongly on superficial cues. ICL acts more as a pattern recognition procedure, than as an 

actual "learning" procedure: the input-output mappings that are provided allow a model to retrieve 
similar examples it has been exposed to during training, but the moment you start flipping labels or 
the template model performance breaks.”

• Weber et al. (https://arxiv.org/abs/2310.13486): 
• “Previous research has also shown that ICL is highly unstable. For example, the order of in-context 

examples (Lu et al., 2022), the recency of certain labels in the context (Zhao et al., 2021) or the 
format of the prompt (Mishra et al., 2022) as well as the distribution of training examples and the 
label space (Min et al., 2022) strongly influence model performance. Curiously, whether the labels 
provided in the examples are correct is less important (Min et al., 2022). However, these findings are 
not uncontested: Yoo et al. (2022) paint a more differentiated picture, demonstrating that in-context 
input-label mapping does matter, but that it depends on other factors such as model size or 
instruction verbosity. Along a similar vein, Wei et al. (2023) show that in-context learners can acquire 
new semantically non-sensical mappings from in-context examples if presented in a specific setup.”

CENG501



In-context Learning: Important Factors
In-context Learning (ICL) can be unstable:

• Kossen et al. (https://arxiv.org/pdf/2307.12375v4): 
• Random labels might work with classification problems
• They significantly impact performance on reasoning/generation tasks

CENG501

https://arxiv.org/pdf/2307.12375v4


In-context Learning: Limitations

• Model Parameters and Scale: Scale helps!
• Training Data Dependency: Dataset size matters!
• Domain Specificity:

• ”While LLMs can generalize across various tasks, there might be limitations when 
dealing with highly specialized domains. Domain-specific data might be required to 
achieve optimal results.”

• Model Fine-Tuning:
• ”Even with ICL, there might be scenarios where model fine-tuning becomes 

necessary to cater to specific tasks or correct undesirable emergent abilities.”
• Ethics and Fairness
• Privacy and Security

CENG501
https://www.lakera.ai/blog/what-is-in-context-learning



Chain of Thought

CENG501

Wei et al., “Chain-of-Thought Prompting Elicits 
Reasoning in Large Language Models”, NeurIPS 2022.



Zero-shot 
Chain of Thought

CENG501

Kojima et al., “Large Language Models are Zero-Shot 
Reasoners”, NeurIPS 2022.



Meta Prompting

CENG501

Zhang et al., “Meta Prompting for AI Systems”, 2024.

Standard 
Prompting

Meta 
Prompting



Chain of Symbol

CENG501

Hu et al., “Chain-of-Symbol Prompting Elicits 
Planning in Large Language Models”, 2023.



Chain of Symbol

CENG501

Hu et al., “Chain-of-Symbol Prompting Elicits 
Planning in Large Language Models”, 2023.

NLVR: Natural Language Visual Reasoning



Generated knowledge 
prompting

CENG501

Liu et al., “Generated Knowledge Prompting for 
Commonsense Reasoning”, 2022.

PLM: Pre-trained Language Model



Generated knowledge prompting

CENG501

Liu et al., “Generated Knowledge Prompting for 
Commonsense Reasoning”, 2022.



Self-consistency

CENG501

Wang et al., “Self-Consistency Improves Chain of 
Thought Reasoning in Language Models”, 2023.



Automatic Prompt Engineer 

CENG501

Zhou et al., “LARGE LANGUAGE MODELS ARE 
HUMAN-LEVEL PROMPT ENGINEERS”, 2023.



Tree of Thoughts Prompting

CENG501

Yao et al., “Tree of Thoughts: 
Deliberate Problem Solving with Large 
Language Models”, 2023.



Tree of Thoughts Prompting

CENG501

Yao et al., “Tree of Thoughts: 
Deliberate Problem Solving with Large 
Language Models”, 2023.



Test-Time Compute and 
Test-Time Training

• Test-Time Compute (Inference):
• Use many smaller LLMs to 

estimate multiple 
paths/solutions in parallel
• LLM weights are frozen

• Test-Time Training
• Perform some self-supervised 

update/adaptation based on the 
input/task

CENG501
https://openreview.net/pdf?id=asgBo3FNdg



Program-Aided LMs

CENG501

Gao et al., “PAL: Program-aided 
Language Models”, 2023.



Other Types of Prompting

• Least-to-most prompting
• Complexity-based prompting
• Self-refine
• Maieutic prompting
• Using gradient descent to search for prompts: "prefix-tuning”, 

"prompt tuning" or "soft prompting”
• Prompt injection

CENG501



Reasoning Models

1. Base Model (e.g., GPT-3)

2. Supervised finetuning 
• with standard input-output pairs
• with chain-of-thought input-output pairs
• When asked a math/logic question, LLMs are trained to first 

output a <thinking> tag, break the problem down into steps, and 
only then output the <answer>.

CENG501

https://www.ibm.com/think/topics/reasoning-model



Reasoning Models

3. Reinforcement Learning
• Outcome Reward: for questions involving math/logic/coding, the steps are 

verified with a program. the outcome is used as a reward
• Process Reward: since rewarding the outcomes only may not be sufficient, 

reward the correctness of the process. Generally another AI model is used.
• Self-Correction and Alignment: Models are rewarded for correcting their own 

miscalculations or switching to an incorrect domain (e.g., to a different 
language).

4. Distillation
• Train a smaller version mimicking the larger one.

CENG501

https://www.ibm.com/think/topics/reasoning-model



LLMs as Agents
a.k.a. Mechanism Engineering

CENG501

Figure: Wang et al., “A Survey on Large Language Model based Autonomous Agents”, 2024.



LLMs as Agents

CENG501
https://www.promptingguide.ai/research/llm-agents



LLMs as Agents

CENG501

Wang et al., “A Survey on Large Language Model based 
Autonomous Agents”, 2024.



Prompting LLMs with Personas

• Guiding an LLM with e.g. “You are a world-
class physician” 
• can improve alignment scores, 
• can produce responses more liked by 

humans
• can make the model more confident but less 

accurate

• With such a prompt, the LLM “adopts the 
tone, the vocabulary, the confidence, the 
authoritative register of someone who 
knows what they are talking about.”

• The knowledge-level may be different, but 
“boosted confidence” causes LLM to output 
a confident answer even in uncertainty

CENG501

https://arxiv.org/pdf/2603.18507



LLMs as Agents
• Prompting/Planning without feedback

CENG501

Wang et al., “A Survey on Large Language Model based 
Autonomous Agents”, 2024.



LLMs as Agents
• Prompting/Planning with feedback

CENG501

Yao et al., “ReAct: Synergizing Reasoning and 
Acting in Language Models”, 2023.



LLMs as Agents
• Prompting/Planning with feedback

CENG501

Shinn et al., “Reflexion: Language Agents with 
Verbal Reinforcement Learning”, 2023.



LLMs as Agents: LLMs and Tools
• MRKL, Toolformer, Function Calling, HuggingGPT, …

CENG501



LLMs as Agents
• Autogen, LangChain, AutoGPT, Langroid, OpenAgents, ….

CENG501

Autogen:



CENG501
https://www.promptingguide.ai/research/llm-agents



LLMs as Agents: 
Example: Claude

CENG501

https://www.youtube.com/watch?v=vH2f7cjXjKI



CENG501

https://www.deeplearning.ai/the-batch/how-agents-can-improve-llm-performance/



LLMs as Agents: Challenges

• Role-playing capability: LLM-based agents typically need to adapt a role to effectively 
complete tasks in a domain. For roles that the LLM doesn't characterize well, it's 
possible to fine-tune the LLM on data that represent uncommon roles or psychology 
characters.
• Long-term planning and finite context length: planning over a lengthy history 

remains a challenge that could lead to errors that the agent may not recover from. 
LLMs are also limited in context length they can support which could lead to 
constraints that limit the capabilities of the agent such as leveraging short-term 
memory.
• Generalized human alignment: it's also challenging to align agents with diverse 

human values which is also common with standard LLMs. A potential solution 
involves the potential to realign the LLM by designing advanced prompting strategies.

CENG501

From https://www.promptingguide.ai/research/llm-agents:



LLMs as Agents: Challenges

• Prompt robustness and reliability: an LLM agent can involve several prompts designed to power the different 
modules like memory and planning. It's common to encounter reliability issues in LLMs with even the slightest 
changes to prompts. LLM agents involve an entire prompt framework which makes it more prone to robustness 
issues. The potential solutions include crafting prompt elements through trial and error, automatically 
optimizing/tuning prompts, or automatically generating prompts using GPT. Another common issue with LLMs is 
hallucination which is also prevalent with LLM agents. These agents rely on natural language to interface with 
external components that could be introducing conflicting information leading to hallucination and factuality 
issues.

• Knowledge boundary: similar to knowledge mismatch issues that could lead to hallucination or factuality issues, 
it's challenging to control the knowledge scope of LLMs which can significantly impact the effectiveness of 
simulations. Concretely, an LLM's internal knowledge could introduce biases or utilize user-unknown knowledge 
that could affect the agent's behavior when operating in specific environments.

• Efficiency: LLM agents involve a significant amount of requests that are handled by the LLM which could affect 
the efficiency of agent actions because it would depend heavily on the LLM inference speed. Cost is also a 
concern when deploying multiple agents.

CENG501

From https://www.promptingguide.ai/research/llm-agents:


