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Last Week: RLVR
• RL methods power both RLHF and RLVR 

• RLHF: reward model scores subjective quality (human preference) 
• RLVR: verification function checks correctness (math, code) 

• Same policy gradient algorithms, different reward source
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Last Week: GRPO
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Last Week: GRPO Family
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Method What Changes? Key Idea Main Goal

PPO Uses a value model and GAE Actor-critic RL with clipping Stable RLHF
RLOO Removes the value model Uses leave-one-out group average as the 

baseline
Critic-free RL

GRPO Uses group-normalized 
advantage

Subtracts group mean and divides by group 
std

Value-free RL for 
RLVR

Dr. 
GRPO

Removes biased normalization 
terms

Uses group mean only; removes std and length 
normalization Less biased GRPO

GSPO Changes the importance ratio Uses sequence-level ratio instead of token-level 
ratio

Stable sequence-
level RL

DAPO Adds practical long-CoT 
training tricks

Dynamic sampling, clip-higher, token-level 
loss, soft overlong penalty

Exploration and 
scaling
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Lecture Overview
• Synthetic Dataset 

• Agentic System 

• Modern Post-Training
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Interesting Discussion
• Does RL discover new abilities? 
• [Yu+ 2025]: RLVR elicits reasoning already present in the base model 

• RLVR compresses pass@k → pass@1 
• Before RLVR: base model has many possible reasoning paths 

• Some are correct but low probability 
• After RLVR: rewarded paths become high probability
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Interesting Discussion
• Does RL discover new abilities? 
• [Liu+ 2025]: RLVR can discover genuinely new solution pathways 

• when given sufficient (prolonged) RLVR training time

7
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Interesting Discussion
• Does RL discover new abilities? 
• [Liu+ 2025]: RLVR RL can discover genuinely new solution pathways 

• when given sufficient (prolonged) RLVR training time

8



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Synthetic Dataset
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Revisit RLHF Dataset
• How do we get (good) pairwise feedback? 
• Labeling instruction of InstructGPT 
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Annotators in the AI Data

11

Scale AI and Oxford economics, 
The Economic Impact of the Data Annotation Industry
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Annotators in the AI Data
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Scale AI and Oxford economics, 
The Economic Impact of the Data Annotation Industry
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Annotators in the AI Data
• The limitations of crowdsourced data 

• Complexities of crowdsourcing 
• Hard to get really high-quality, verifiable annotators 
• Hard to get them to really check correctness 
• Have to be careful about AI use 
• Ethics issue
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Annotators in the AI Data
• Why data became central 

• Human demonstrations are expensive 
• Human preference labels are slower than model iteration 

• Frontier models can generate useful training candidates 
• Verifiers can filter at scale 
• Strong models can act as teachers for weaker models
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• Generate instructions, answers, rationales, critiques, and tool traces 
• Use a strong model as a data generator 
• Filter with: 

• heuristic rules 
• reward models 
• verifiers 
• LLM judges 
• human spot checks

Synthetic Data
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Distillation Collapse
• Beware: LLM can collapse when trained on recursively generated data 

• Train a language model from scratch on WikiText for one epoch 
• At each subsequent epoch, replace the training data with newly 

generated data, retaining only 10% of the original data 
• Result:

16

[Shumailov+ 2024]
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RLAIF
• RL from "AI" feedback 

• Replace or augment preference labels with model judgments

17

[Lee+ 2023]
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RLAIF
• RLAIF: How it works?
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[Lee+ 2023]

• Constructing proper prompts 
• Preamble, few-shot examples, ending cues, ... 
• Inducing rationale using CoT

• LLM generate rationale + response 
• Evaluator scores based on the given 

task + rational + response

• Train the reward/policy model 
from the AIF data
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RLAIF
• 👍 No human label but similar (better) performance 
• 👎 Misalignment between HF and AIF 
• 🤔 Key question: how to set up model prompt for AIF?

19

[Lee+ 2023]
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LLM-As-A-Judge
• Judging (evaluating) by using LLM

20

[Huang+ 2024]
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LLM-As-A-Judge
• Rubric-based evaluation: prompt-

specific AI feedback 
• Judges the candidate with 

multiple criteria, not a single one 

• e.g. "Rate the response across four 
categories: (1) Fluency, (2) 
Relevance, (3) Accuracy, (4) Style. 
Then provide an overall score"
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From RLHF to Post-Training

• What began as an RLHF recipe evolved into a complex series of steps 
to get the final, best model 
• Modern systems keep the same core idea but add more stages, 

more data, and more filtering
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Constitutional AI
• Align LLMs to ensure helpfulness and harmlessness

23

[Bai+ 2022]
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Constitutional AI

24

Human build a minimal set of constitution 
RL is performed with RLAIF

[Bai+ 2022]
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Constitutional AI
• 1. Prepare SFT + RLHF tuned model 
• 2. Prepare constitutions or principles by human 
• 3. Supervised-learning Phase 

• Critique → Revision → supervised learning

25

initial phase (helpful but harmful response)

[Bai+ 2022]
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Constitutional AI
• 1. Prepare SFT + RLHF tuned model 
• 2. Prepare constitutions or principles by human 
• 3. Supervised-learning Phase 

• Critique → Revision → supervised learning
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[Bai+ 2022]

Critique and Revision (iteratively) 
Based on the constitution, the model self-critiques and refines
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Constitutional AI
• 1. Prepare SFT + RLHF tuned model 
• 2. Prepare constitutions or principles by human 
• 3. Supervised-learning Phase 

• Critique → Revision → supervised learning

27

[Bai+ 2022]

SL fine-tune using final revision responses
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Constitutional AI
• 1. Prepare SFT + RLHF tuned model 
• 2. Prepare constitutions or principles by human 
• 3. Supervised-learning Phase 
• 4. RLAIF Phase 

• Evaluation → RM → RLAIF

28

SL fine-tuned model determines whether the given response is harmless 
If yes, put this into the RLAIF (preference) dataset 
Train RM and do RL training

[Bai+ 2022]
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Distillation & Self-Improvement
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STaR: Self-Taught Reasoner
• The model generates rationales for problems 
• Keep rationales that lead to correct answers 
• Fine-tune the model on those rationales 
• Key: self-generated reasoning data + filtering
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[Zelikman+ 2022]

Repeat the process 
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ReST: Reinforced Self-Training
• Grow step 

• Generate many rollouts from the policy model 
• Score (filter) them with a reward function 

• Improve step 
• Train policy model on high-reward rollouts 
• Iterate with the improved model 

• Looks like RL, but implemented through filtered 
supervised learning loops
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[Gulcehre+ 2023]
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Rejection Sampling Fine-Tuning (RSFT)
• Recap: the four stages in RLHF 

• 1. Select prompts and RM (reuse SFT prompts or curate new ones) 
• 2. Generate N completions per prompt from the current model 
• 3. Score all completions with RM 
• 4. Fine-tune on the top completions (same SFT loss) 

• In RLVR form: 
• 1. Sample many candidate reasoning traces 
• 2. Keep those that solve the problem 
• 3. Fine-tune on the accepted traces 
• Simple, powerful, and easy to scale when verification is available
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V-STaR: Training Verifier
• Add a verifier to self-training

33

[Hosseini+ 2024]
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Off-Policy Trace Distillation
• Teacher generates full solutions 
• Student trains on teacher traces with SFT 

• Efficient and simple 

• The teacher's trajectories are not the student's trajectories 
• The student may copy traces it would never naturally produce 
• Errors made by the student are not directly corrected 
• Distribution mismatch becomes worse for long-horizon agents
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DeepSeek-R1-Distill
• DeepSeek-R1 generates reasoning traces 
• The students (e.g. small Qwen or LLaMA) gain strong reasoning 

behavior without running the full RL recipe

35

[DeepSeek-AI 2025]

Image credit: https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-reasoning-llms
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LIMO: Less is More for Reasoning
• LIMO: small high-quality data can go far 

• Strong reasoning can emerge from a surprisingly small number of 
high-quality examples 

• Data quality matters more than raw volume 
• The teacher traces must be diverse, correct, and useful

36

[Ye+ 2025]
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On-Policy Distillation (OPD)
• Student generates its own rollouts 
• A teacher evaluates the student's actual tokens or actions 
• The student is trained where it currently makes mistakes

37

[Agarwal+ 2023]

Image credit: https://github.com/NVIDIA-NeMo/RL/discussions/1445

Forward KL

Reverse KL
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Forward KL vs. Reverse KL

38

[Song+ 2026]
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Multi-Teacher OPD (MOPD)
• Multi-teacher on-policy distillation is the pattern showing up across 

the 2026 frontier 

• 1. Train N domain-specialist teachers (each: SFT, then RL on the 
relevant domains) 

• 2. Train one general student by sampling its own trajectories 
(this is the final post-trained model) 

• 3. On each rollout, minimize reverse-KL to the relevant teacher's 
output distribution, token by token
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Multi-Teacher OPD (MOPD)
• Why MOPD, not RL on all domains at once? 

• RL got expensive and conflict-prone 
• Mixing math, code, and agentic RL in one run eventually trades 

capabilities off against each other 

• Specialists are cheap to make 
• SFT-then-RL on a single domain is well understood 

• On-policy distillation matured 
• Literature and know-how continued to emerge through RLVR
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MiMo Flash v2

41

[Xiao+ 2026]
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Nemotron 3 Ultra
• SFT → two rounds MOPD with many teachers (> 10)

42

[NVIDIA 2026]
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Nemotron 3 Ultra
• SFT → two rounds MOPD with many teachers (> 10)
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[NVIDIA 2026]
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Agents
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What is an Agent?

45

VLM on autonomous driving

[Wen+ 2023]
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What is an Agent?

46

[Xi+ 2023]
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What is an Agent?
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What is an Agent?
• A high-level picture

48

Action and feedback helps evolution of LLM agents
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What is a LLM Agent?
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https://lilianweng.github.io/posts/2023-06-23-agent/
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What is a LLM Agent? - Planning
• Subgoal and decomposition: The agent breaks down large tasks into 

smaller, manageable subgoals for efficient handling of complex tasks 

• Reflection and refinement: The agent can do self-criticism and self-
reflection over past actions, learn from mistakes and refine them for 
future steps, thereby improving the quality of final results
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What is a LLM Agent? - Memory
• Short-term memory: all the in-context learning is utilizing short-term 

memory of the model to learn 

• Long-term memory: this provides the agent with the capability to 
retain and recall (infinite) information over extended periods, often by 
leveraging an external vector store and fast retrieval
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What is a LLM Agent? - Tool Use
• Agent learns to call external APIs for extra information that is missing 

from the model weights (often hard to change after pre-training) 
• e.g. current information, code execution capability, access to 

proprietary information sources and more
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What is a LLM Agent? - Action
• Agent's ability to execute actions in the real or virtual world is crucial 
• This can range from performing tasks in a digital environment to 

controlling physical robots or devices 
• The execution phase relies on the agent's planning, memory, and tool 

use to carry out tasks effectively and adaptively
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LLM + Tool Use
• LLMs + tool use in executable language grounding tasks 
• Inputs 

• Language: user question/request 
• Toolkit: code, APIs, self-defined functions, expert models… 
• Environment: databases, IDE, web/apps, physical world… 

• Outputs 
• Grounded reasoning code/action sequence that can be executed in 

the corresponding environment 
• What tools to select, when and how to use the selected tools
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Program-of-Thoughts

55

[Chen+ 2022]
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ReAct
• Reason + Action

56

[Yao+ 2022] Reason only (CoT) can generate 
factual hallucination since it relies 
on its internal knowledge
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LLM + API: HuggingGPT
• Solving AI Tasks with ChatGPT and its Friends in Hugging Face

57

[Shen+ 2023]
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Training for Tool Use: ToolFormer
• Train the LLM to learn when and how to call external tools

58

[Schick+ 2023]
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Training for Tool Use: ToolFormer
• Train the LLM to learn when and how to call external tools 

• Insert API calls into text 
• Keep calls that improve likelihood of future tokens 
• Teach tool use without large human annotation 
• Early example of synthetic tool-use data

59

[Schick+ 2023]
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Modern Post-Training
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InstructGPT
• The canonical 3 steps: SFT → RM → RL with PPO

61

[Ouyang+ 2022]
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LLaMA 2
• Multi-stage RLHF: SFT then iterative RLHF over multiple rounds 

• Per round: RSFT (off-policy distillation for small model) → PPO 
• Two reward models: separate helpfulness and safety

62

[Touvron+ 2023]
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LLaMA 3
• A complex multi-stage recipe with DPO 

• Per round: RM → rejection sampling → SFT → DPO

[Grattafiori + 2024]
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Tulu 3
• Simple three-stage post-training 
• Curated prompts → SFT → DPO → RLVR

[Lambert + 2024]
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DeepSeek-R1
• RL as the centerpiece 
• R1-Zero: pure RL (GRPO) on the 

base (no SFT!); used to seed 
reasoning behaviors for the full 
run, not a separate product 

• R1:  cold-start SFT → reasoning RL 
→ RSFT → final RL → distill to dense 

• Big change: Large-scale RLVR as 
the primary driver, SFT to distill 
and refine RL behaviors

[DeepSeek-AI 2025]
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Qwen 3
• RLHF comes after RLVR 
• Teacher distillation to make lightweight models

66

[Qwen Team 2025]
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Qwen 3
• Thinking mode fusion: controlling the length of the CoT 

• Mix non-thinking and thinking data with tags 

• Early stopping termination via a special string
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[Qwen Team 2025]
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DeepSeek Evolution After V3
• V3 (Dec '24): SFT + GRPO RL 

• R1 (Jan '25): multi-stage RL; reasoning emerges 

• V3.1 (Aug '25): hybrid think / non-think in one model 

• V3.2 (Dec '25): 6 specialists via RL → SFT distillation → one mixed GRPO 

• V4 (Apr '26) 10+ domain experts → MOPD
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MiMo Flash v2

69

[Xiao+ 2026]
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Nemotron 3 Ultra
• SFT → two rounds MOPD with many teachers (> 10)
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[NVIDIA 2026]



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Kimi K2.5
• Agentic and multimodal 
• Kimi K2.5 Agent Swarm: self-directed parallel agent orchestration 
• Text-only SFT → joint text–vision RL across various agentic tasks

71

[Kimi Team 2026]
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GLM-5
• Staged RL by capability 
• Base → SFT → Reasoning RL → Agentic RL → General RL 

• with cross-stage distillation

72

[GLM-5-Team 2026]
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Summary
• Full understanding of LLM from scratch!
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