
CENG501 – Deep Learning
Week 9

Spring 2026

Sinan Kalkan
Dept. of Computer Engineering, METU



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.
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Direct Preference Optimization (DPO)
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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.
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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.
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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.
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Other LLMs: Gemma 4

CENG501

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

Previously
 on CENG501



Other LLMs: Gemma 4

CENG501

• p-RoPE – Low-frequency-pruned RoPE applied to the embeddings
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Material: https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-gemma-4
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Other LLMs: Gemma 4
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• p-RoPE – Low-frequency-pruned RoPE applied to the embeddings
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Material: https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-gemma-4
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Other LLMs: Gemma 4
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• 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
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Other LLMs: Gemma 4

CENG501

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

Previously
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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).
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In-context learning: 
Task vectors
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Hendel et al., "In-Context Learning Creates Task 
Vectors”, 2023.
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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.
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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

Previously
 on CENG501

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


Chain of Thought

CENG501

Wei et al., “Chain-of-Thought Prompting Elicits 
Reasoning in Large Language Models”, NeurIPS 2022.
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Zero-shot 
Chain of Thought
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Kojima et al., “Large Language Models are Zero-Shot 
Reasoners”, NeurIPS 2022.
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Self-consistency
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Wang et al., “Self-Consistency Improves Chain of 
Thought Reasoning in Language Models”, 2023.
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Automatic Prompt Engineer 
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Zhou et al., “LARGE LANGUAGE MODELS ARE 
HUMAN-LEVEL PROMPT ENGINEERS”, 2023.
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Tree of Thoughts Prompting

CENG501

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

Previously
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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
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Program-Aided LMs

CENG501

Gao et al., “PAL: Program-aided 
Language Models”, 2023.
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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
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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
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LLMs as Agents
a.k.a. Mechanism Engineering

CENG501

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

• Continue with Large-Language Models
• Retrieval Augmented Generation
• Finetuning LLMs
• Self-evolving Agents

• Vision Transformers
• ViT
• Swin v1, v2

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



Retrieval Augmented Generation

CENG501

https://www.promptingguide.ai/research/llm-agents
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Gao et al., “Retrieval-Augmented Generation for 
Large Language Models: A Survey”, 2024.

RAG



RAG
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Lewis et al., “Retrieval-Augmented Generation for
Knowledge-Intensive NLP Tasks”, 2021.



RAG
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Lewis et al., “Retrieval-Augmented Generation for
Knowledge-Intensive NLP Tasks”, 2021.



RAG
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Lewis et al., “Retrieval-Augmented Generation for
Knowledge-Intensive NLP Tasks”, 2021.
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Gao et al., “Retrieval-Augmented 
Generation for Large Language 
Models: A Survey”, 2024.
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Gao et al., “Retrieval-
Augmented Generation for 
Large Language Models: A 
Survey”, 2024.



Finetuning LLMs
Transfer Learning
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Finetuning an LLM

CENG501https://www.superannotate.com/blog/llm-fine-tuning



Finetuning an LLM

Can be helpful in
• specialized applications
• smaller LLMs

CENG501



Finetuning an LLM
• Instruction Finetuning

CENG501
https://www.superannotate.com/blog/llm-fine-tuning



Finetuning an LLM

• Parameter-efficient Finetuning (vs. Full Finetuning)
• Update a subset of parameters

• LoRA, LoRA+ 

• LASER (not finetuning actually)

CENG501



LoRA

CENG501Fig: https://magazine.sebastianraschka.com/p/practical-tips-for-finetuning-llms

Hu et al., “LORA: LOW-RANK ADAPTATION OF LARGE 
LANGUAGE MODELS”, 2021.

Target: Attention blocks



LoRA

CENG501
Fig: https://medium.com/@kailash.thiyagarajan/fine-tuning-large-language-models-
with-lora-demystifying-efficient-adaptation-25fa0a389075

Hu et al., “LORA: LOW-RANK ADAPTATION OF LARGE 
LANGUAGE MODELS”, 2021.



LoRA: Motivation

• Specific tasks occupy a lower-
dimensional space than the 
manifold of the original LLM.
• LoRA enables task-specific updates 

to have a low “intrinsic rank”.
• LoRA induces information 

bottleneck.
• Objective: ”Find the most efficient, 

low-rank update that adapts 
existing knowledge to the new 
task”.

CENG501
Fig: https://medium.com/@kailash.thiyagarajan/fine-tuning-large-language-models-
with-lora-demystifying-efficient-adaptation-25fa0a389075



LoRA
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Hu et al., “LORA: LOW-RANK ADAPTATION OF LARGE 
LANGUAGE MODELS”, 2021.
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LoRA+
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Hayou et al., “LoRA+: Efficient Low Rank Adaptation 
of Large Models”, 2024.



LASER
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Sharma et al., “The Truth is in There: Improving Reasoning in Language 
Models with Layer-Selective Rank Reduction”, 2023.



Parameter Efficient Fine Tuning (PEFT)

CENG501

Xu et al., “Parameter-Efficient Fine-Tuning 
Methods for Pretrained Language Models: A 
Critical Review and Assessment”, 2023.



Finetuning an LLM: Challenges
1. Overfitting: Fine-tuning can be prone to overfitting, a condition where the model becomes overly specialized on the training data and 

performs poorly on unseen data. This risk is particularly pronounced when the task-specific dataset is small or not representative of the 
broader context.

2. Catastrophic Forgetting: During fine-tuning for a specific task, the model may forget previously acquired general knowledge. This 
phenomenon, known as catastrophic forgetting, can impair the model's adaptability to diverse tasks.

3. Bias Amplification: Pre-trained models inherit biases from their training data, which fine-tuning can inadvertently amplify when applied to 
task-specific data. This amplification may lead to biased predictions and outputs, potentially causing ethical concerns.

4. Generalization Challenges: Ensuring that a fine tuned model generalizes effectively across various inputs and scenarios is challenging. A 
model that excels in fine-tuning datasets may struggle when presented with out-of-distribution data.

5. Data Requirements: Fine-tuning necessitates task-specific labelled data, which may not always be available or clean. Inadequate or noisy 
data can negatively impact the model's performance and reliability.

6. Hyperparameter Tuning Complexity: Selecting appropriate hyperparameters for fine-tuning can be intricate and time-consuming. Poor 
choices may result in slow convergence, overfitting, or suboptimal performance.

7. Domain Shift Sensitivity: Fine-tuning data significantly different from the pre-training data can lead to domain shift issues. Addressing this 
problem often requires domain adaptation techniques to bridge the gap effectively.

8. Ethical Considerations: Fine tuned large language models may inadvertently generate harmful or inappropriate content, even when 
designed for benign tasks. Ensuring ethical behaviour and safety is an ongoing challenge, necessitating responsible AI practices.

9. Resource Intensiveness: Fine-tuning large models demands substantial computational resources and time, posing challenges for smaller 
teams or organizations with limited infrastructure and expertise.

10.Unintended Outputs: Fine-tuning cannot guarantee that the model consistently produces correct or sensible outputs. It may generate 
plausible but factually incorrect responses, requiring vigilant post-processing and validation.

11.Model Drift: Over time, a fine tuned model's performance can deteriorate due to changes in data distribution or the evolving environment. 
Regular monitoring and re-fine-tuning may become necessary to maintain optimal performance and adapt to evolving conditions.

CENG501From: https://www.lakera.ai/blog/llm-fine-tuning-guide



Finetuning vs. RAG
Factors to consider:

• Nature of the task: Specialized tasks might benefit from finetuning. 
RAG is better for problems requiring external / up-to-date knowledge.

• Data availability: Finetuning requires a lot of data. RAG can utilize 
existing data.

• Resource: Finetuning can be expensive. RAG is easy to integrate.

CENG501Adapted from: https://www.datacamp.com/tutorial/fine-tuning-large-language-models



Self-Evolving Agents
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Material from: https://arxiv.org/pdf/2508.07407
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Material from: https://arxiv.org/pdf/2508.07407
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Material from: https://arxiv.org/pdf/2508.07407
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Material from: https://arxiv.org/pdf/2508.07407

Inspired by Isaac Asimov’s Three Laws of Robotics:
1. A robot may not injure a human being or, through inaction, allow a human being to come to 

harm.
2. A robot must obey the orders given it by human beings except where such orders would conflict 

with the First Law.
3. A robot must protect its own existence as long as such protection does not conflict with the 

First or Second Law.
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Material from: https://arxiv.org/pdf/2508.07407



System Inputs
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Material from: https://arxiv.org/pdf/2508.07407



System Inputs
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Material from: https://arxiv.org/pdf/2508.07407



System Inputs
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Material from: https://arxiv.org/pdf/2508.07407



System Inputs
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Material from: https://arxiv.org/pdf/2508.07407
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Material from: https://arxiv.org/pdf/2508.07407



Prompt Optimization
• Edit-based: 

• Combine predefined editing operations (e.g., insertion, deletion, substitution). 
• Treat the problem as a local search problem => preserves original task semantics.

• Generative-based:
• Use LLMs to generate entirely new prompts, conditioned on a base prompt.

• Text Gradient-based:
• Take the gradient wrt the text (the prompt) to find the prompt that maximizes the 

objective
• Evolutionary-based:

• Use evolutionary algorithms

CENG501

Material from: https://arxiv.org/pdf/2508.07407



LLM Behavior Optimization
• Training-based: SFT, RL

• Test-Time:
• Feedback-based: A verifier agent provides feedback
• Search-based: Chain-of-thought with self-consistency, Tree-of-thoughts, …

CENG501

Material from: https://arxiv.org/pdf/2508.07407



Memory Optimization
• Short-term Memory Optimization

• Managing contextual information within LLM’s working memory
• Includes recent dialogue turns, reasoning traces, and other task-relevant content
• Solutions: Summarization, selective retention, sparse attention, … 

• Long-term Memory Optimization
• Managing persistent and scalable storage that extends over a single interaction/chat
• Enable agents to retain/retrieve knowledge, task histories, user preferences, 

interaction trajectories over sessions
• Enables coherent reasoning and decision-making over time
• Memory can be unstructured or structured (tuples, databases, knowledge graphs…)

CENG501

Material from: https://arxiv.org/pdf/2508.07407



Tool Optimization
• Training-based: 
• Finetune LLMs to better use certain tools (SFT or RL)

• Inference-time: 
• Prompt-based: Refine the prompt about the tool info (documentation, 

instructions)
• Reasoning-based: Test-time strategies (CoT, ToT, ..) to better explore and use 

the tools.

CENG501

Material from: https://arxiv.org/pdf/2508.07407
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Material from: https://arxiv.org/pdf/2508.07407



CENG501

Material from https://arxiv.org/pdf/2507.21046
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Material from https://arxiv.org/pdf/2507.21046
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Limitations of LLMs
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Recommended Course

• CENG7880 - Trustworthy and Responsible AI
• Course webpage: https://metu-trai.github.io
• To be offered in the upcoming Fall term

CENG501

https://metu-trai.github.io/
https://metu-trai.github.io/
https://metu-trai.github.io/


Hallucination

• LLMs lack epistemic uncertainty 
(a measure of lack of 
knowledge)
• They can confidently fabricate 

data, even when they admit so 
when confronted
• LLMs struggle with negative 

constraints

CENG501

Fig: Unveiling Hallucination in Text, Image, Video, and Audio Foundation 
Models: A Comprehensive Survey, 2024.
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Trustworthiness and Robustness Issues

•Distribution shift
• An LLM will become obsolete if its training data becomes 

outdated
• Issues with Private Data
• LLMs can memorize sensitive data

•Bias issues
•Adversarial vulnerability
• Sycophancy

CENG501



Lack of Grounding

• LLMs are statistical pattern 
matchers trained for next-token-
prediction tasks

• When an LLM is used on a robot 
or talks about a physical concept, 
event, world, 
• it just does so without a physical 

grounding/understanding.
• it just estimates the next most likely 

tokens.

CENG501

LLM
“Bir sepette 12 

yumurta var, altı 
çıktı, kaçı kaldı?” 0   1  2  3  4  5  6
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Challenges with Causal, 
Logical Reasoning



Limits of LLMs
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Limits of LLMs
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Risks of LLMs

• Risk area 1: Discrimination, Hate 
speech and Exclusion
• Social stereotypes and unfair 

discrimination
• Hate speech and offensive language
• Exclusionary norms
• Lower performance for some 

languages and social groups

CENG501

2022



Risks of LLMs

• Risk area 2: Information Hazards
• Compromising privacy by leaking 

sensitive information
• Compromising privacy or security by 

correctly inferring sensitive information

• Risk area 3: Misinformation Harms
• Disseminating false or misleading 

information
• Causing material harm by 

disseminating false or poor information 
e.g. in medicine or law

CENG501

2022



Risks of LLMs

• Risk area 4: Malicious Uses
• Making disinformation cheaper and 

more effective
• Anticipated risks

• Assisting code generation for cyber 
security threats

• Facilitating fraud, scams and targeted 
manipulation

• Illegitimate surveillance and 
censorship

• Risk area 5: Human-Computer 
Interaction Harms

CENG501

2022



Risks of LLMs

• Risk area 5: Human-Computer 
Interaction Harms
• Promoting harmful stereotypes by 

implying gender or ethnic identity
• Anthropomorphising systems can 

lead to overreliance or unsafe use
• Avenues for exploiting user trust 

and accessing more private 
information
• Human-like interaction may amplify 

opportunities for user nudging, 
deception or manipulation

CENG501

2022



Risks of LLMs

• Risk area 6: Environmental and 
Socioeconomic harms
• Environmental harms from 

operating LMs
• Anticipated risks:

• Increasing inequality and negative 
effects on job quality

• Undermining creative economies
• Disparate access to benefits due to 

hardware, software, skill constraints

CENG501

2022



• Environmental & financial costs
• Require vast data

• Not necessarily diverse
• Includes bias
• Accountability/liability

• Stochastic Parrots

FaccT2021
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