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TA intro

● Daniel Kim

● 4th-year CSE PhD student advised 

by Prof. Hanna Hajishirzi

● Working jointly at Meta (FAIR / 

Meta Superintelligence Labs)

● Research areas: reasoning, agents, 

post-training, test-time scaling
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Evolution of LLMs (2022 → now)
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Early Years of Language Modeling (2017 – 19)
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Scaling Laws with GPT-3
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Scaling Laws with GPT-3
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Language Models are Few-Shot Learners (OpenAI, 2020)
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Scaling Laws with PaLM / OPT
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PaLM: Scaling Language Modeling with Pathways (Google, 2022) OPT: Open Pre-trained Transformer Language Models (Meta, 2022)
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Scaling Laws (OpenAI)
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Scaling Laws for Neural Language Models (OpenAI, 2020)
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Scaling Laws (OpenAI)
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Scaling Laws for Neural Language Models (OpenAI, 2020)
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Scaling Laws (DeepMind)
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Training Compute-Optimal Large Language Models (DeepMind, 2022)
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Scaling Laws (Meta)
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The Llama 3 Herd of Models (Meta, 2024)
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GPT-3 Hinted at Emergent Capabilities
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Language Models are Few-Shot Learners (OpenAI, 2020)
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Emergence
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Emergent Capabilities of Large Language Models (Wei et al., 2022)
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Emergence – Chain of Thought
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Chain-of-Thought Prompting Elicits Reasoning in Large Language Models (Wei et al., 2022)
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Emergence – Chain of Thought
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Emergent Capabilities of Large Language Models (Wei et al., 2022)



NLP and LMsLuke Zettlemoyer

Instruction Tuning
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Finetuned Language Models are Zero-Shot Learners (Wei et al., 2022)
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Instruction Tuning
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Finetuned Language Models are Zero-Shot Learners (Wei et al., 2022)
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Scaling Post-Training Data
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Finetuned Language Models are Zero-Shot Learners (Wei et al., 2022) Cross-Task Generalization via Natural Language 
Crowdsourcing Instructions (Mishra et al., 2021)
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Advancement of LLM Capabilities (-mid 2024)
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Training Data Bottlenecks Reasoning
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Embers of Autoregression: Understanding Large Language Models Through the Problem They are Trained to Solve (McCoy et al., 2023)

Faith and Fate: Limits of Transformers on Compositionality (Dziri et al., 2023)
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Training Data Bottlenecks Reasoning
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Embers of Autoregression: Understanding Large Language Models Through the Problem They are Trained to Solve (McCoy et al., 2023)
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Metacognitive Skills (e.g., search) missing
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The Reversal Curse: LLMs trained on "A is B" fail to learn "B is A” (Berglund et al., 2024)
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Metacognitive Skills (e.g., search) missing
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Chain of Thoughtlessness? An Analysis of CoT in Planning (Stechly et al., 2024)
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Metacognitive Skills (e.g., search) missing
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On the Self-Verification Limitations of Large Language Models on Reasoning and Planning Tasks (Stechly et al., 2024)
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A New Scaling Axis was Needed
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https://www.reuters.com/technology/artif icial-intelligence/openai-rivals-seek-new-path-smarter-ai-current-methods-hit-limitations-2024-11-11/



NLP and LMsLuke Zettlemoyer

Things moved from here…
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To here.. How?

27



NLP and LMsLuke Zettlemoyer

Reinforcement Learning – an overview
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Markov Decision Process (MDP)

- State 𝑠𝑡
- Action 𝑎𝑡
- Transition Dynamics 𝑃 𝑠′ 𝑠, 𝑎
- Reward Function 𝑟(𝑠, 𝑎)

- Discount factor 𝛾

Policy 𝜋 𝑎 𝑠 : maps states to 

distributions over actions

At each timestep, record 𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡

Gain 𝐺𝑡 = Σ𝑘≥0𝛾
𝑘𝑟𝑡+𝑘

Value function 𝑉𝜋 𝑠 = 𝔼𝜋[𝐺𝑡|𝑠𝑡 = 𝑠]
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Reinforcement Learning – an overview
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Q-function 𝑄𝜋 𝑠, 𝑎  measures the expected 

return starting from 𝑠 after committing to action 𝑎

Definition: 𝑄𝜋 𝑠, 𝑎 = 𝔼𝜋[𝐺𝑡|𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎]

Relationship to value function:

𝑉𝜋 𝑠 = ෍

𝑎

𝜋 𝑎 𝑠 𝑄𝜋 𝑠, 𝑎 = 𝔼𝑎~𝜋[𝑄
𝜋 𝑠, 𝑎 ]

Advantage 𝐴𝜋 𝑠, 𝑎 = 𝑄𝜋 𝑠, 𝑎 − 𝑉𝜋 𝑠

Adaptation to policy gradients (REINFORCE):

ො𝑔 = 𝔼[∇ log 𝜋 𝑎 𝑠 𝐴𝜋 𝑠, 𝑎 ]
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Deep Q-Networks – Introduction of DL to RL
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Playing Atari with Deep Reinforcement Learning (Mnih et al., 2013 (DeepMind))
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Parametrization of the Q-function
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Parametrization of Actor-Critic Networks
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Asynchronous Methods for Deep Reinforcement Learning (Mnih et al., 2016 (DeepMind))
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Proximal Policy Optimization
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Proximal Policy Optimization Algorithms (Schulman et al., 2017 (OpenAI))
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AlphaGo: Parametrization of Policy and Value
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AlphaGo: Search Enables Better Outcomes
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AlphaGo Zero: 0 → 1 (Search + Self-Play + RL)
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(1) Single network predicts action probability and state value

(2) No explicit rollouts conducted – estimation at leaf node

(3) MCTS as the policy improvement operator

Mastering the game of Go without human knowledge (DeepMind, 2017)
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All Signs Pointed to Search and Learning
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Concluded that search and learning are the only two methods that seemed to scale arbitrarily with more computation!
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What is the search space for LMs?
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Evaluating Large Language Models Trained on Code (OpenAI, 2021)

Competition-Level Code Generation with AlphaCode (DeepMind, 2022)
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What is the search space for LMs?
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Large Language Monkeys: Scaling Inference Compute with Repeated Sampling (Brown et al., 2024)
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Extending to Language Models…

40

AlphaZero LLM (phase 1) LLM (phase 2)

Policy Pre-trained LLM, token 

distribution

Pre-trained LLM, multiple 

reasoning step candidates

Value Value Model, Verifier PRM, Value Model, Verifier

MCTS Autoregressive generation Autoregressive generation, 

optionally with environment 

feedback

Self-Play generates (state, 

improved-policy, outcome) targets

Rollouts generate (prompt, 

trajectory, reward) targets

Rollouts generate (prompt, 

trajectory, reward) targets

Policy distillation from MCTS 

targets

PPO update on reward-

weighted trajectories

PPO/GRPO update on reward-

weighted trajectories

Simulator (game rules) Token concatenation Depends (whether external 

environment exists)
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InstructGPT – Reinforcement Learning 
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Training language models to follow instructions with human feedback (OpenAI, 2022)
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ChatGPT 3.5 release (Nov 2022)
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Rewards from Model-Generated Judgments
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Constitutional AI: Harmlessness from AI Feedback (Anthropic, 2022)
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Do RMs provide reliable reward signals?
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Scaling Laws for Reward Model Overoptimization (OpenAI, 2022)
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Using Ground-Truth for Reasoning
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STaR (Self-Taught Reasoner): Bootstrapping Reasoning With Reasoning (Zelikman et al., 2022)
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Using Ground-Truth for Reasoning
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Beyond Human Data: Scaling Self-Training for Problem-Solving with Language Models (DeepMind, 2023)
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Using Ground-Truth for Reasoning
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A Systematic Examination of Preference Learning through the Lens of Instruction-Following (Kim et al., 2024)
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A Misguided Understanding of Ground-Truth
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Solving math word problems with process and outcome-based feedback (DeepMind, 2022)

Teaching Large Language Models to Reason with Reinforcement Learning (Meta, 2024)
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RL for Reasoning – OpenAI o1
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https://openai.com/index/learning-to-reason-with-llms/
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RL for Reasoning – DeepSeek R1
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DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning (DeepSeek, 2025)
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Search Behavior in Thinking Traces
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Towards System 2 Reasoning in LLMs: Learning How to Think With Meta Chain-of-Thought (Xiang et al., 2025)
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What is Needed to Unlock Thinking? (1)
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Cognitive Behaviors that Enable Self-Improving Reasoners, or, Four Habits of Highly Effective STaRs (Gandhi et al., 2025)
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What is Needed to Unlock Thinking? (1)
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What is Needed to Unlock Thinking? (1)

54



NLP and LMsLuke Zettlemoyer

What is Needed to Unlock Thinking? (2)
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How Much Backtracking is Enough? Exploring the Interplay of SFT and RL in Enhancing LLM Reasoning (Cai et al., 2025)
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What is Needed to Unlock Thinking? (3)
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ASTRO: Teaching Language Models to Reason by Reflecting and Backtracking In-Context (Kim et al., 2025)
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What is Needed to Unlock Thinking? (3)
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What is Needed to Unlock Thinking? (3)
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What is Needed to Unlock Thinking? (4)
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OctoThinker: Mid-training Incentivizes Reinforcement Learning Scaling (Wang et al., 2025)
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What is Needed to Unlock Thinking? (4)
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What is Needed to Unlock Thinking? (4)
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What is Needed to Unlock Thinking? (4)
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Demystifying Long Chain-of-Thought Reasoning in LLMs (Yeo et al., 2025)

LLMs Can Easily Learn to Reason from Demonstrations Structure, not content, is what matters! (Li et al., 2025)
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Does RL really improve intelligence?

63

Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base Model? (Yue et al., 2025)

Reinforcement Learning with Verifiable Rewards Implicitly Incentivizes Correct Reasoning in Base LLMs (Wen et al., 2025)
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Does RL really improve intelligence?
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ProRL: Prolonged Reinforcement Learning Expands Reasoning Boundaries in Large Language Models (Liu et al., 2025)
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Does RL really improve intelligence?
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On the Interplay of Pre-Training, Mid-Training, and RL on Reasoning Language Models (Zhang et al., 2025)
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Does RL really improve intelligence?
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Does RL really improve intelligence?

67

https://ai.meta.com/blog/introducing-muse-spark-msl/ (Meta, 2026)
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Can we squeeze more capabilities?
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https://ai.meta.com/blog/introducing-muse-spark-msl/ (Meta, 2026)
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Aggregate across parallel generations!!

69

Self-Consistency Improves Chain of Thought Reasoning in Language Models (Google DeepMind, 2023)
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Majority Voting does not always work
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Large Language Monkeys: Scaling Inference Compute with Repeated Sampling (Brown et al., 2024)
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Verification is not a trivial task
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Large Language Monkeys: Scaling Inference Compute with Repeated Sampling (Brown et al., 2024)
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Training for Verification
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Generative Verifiers: Reward Modeling as Next-Token Prediction (Google DeepMind, 2025)
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Another Dimension – Sequential Refinement
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Self-Refine: Iterative Refinement with Self-Feedback (Madaan et al., 2023)
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Training for Self-Correction
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Training Language Models to Self-Correct via Reinforcement Learning (Google DeepMind, 2024)
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Putting it Together…
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Scaling LLM Test-Time Compute Optimally can be More Effective than Scaling Model Parameters (Snell et al., 2024)
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Mix Parallel and Sequential Dimensions
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Scaling LLM Test-Time Compute Optimally can be More Effective than Scaling Model Parameters (Snell et al., 2024)
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Scaling Test-Time Reasoning
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Scaling Test-Time Reasoning
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Scaling Test-Time Reasoning
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Parallel Aggregation + Sequential Refinement
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Rethinking Thinking Tokens: LLMs as Improvement Operators (Meta, 2025)
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Parallel Aggregation + Sequential Refinement
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Parallel Aggregation + Sequential Refinement
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Recursive Self-Aggregation Unlocks Deep Thinking in Large Language Models (Venkatraman et al., 2025)
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Parallel Aggregation + Sequential Refinement
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Agentic Test-time Scaling
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Scaling Test-Time Compute for Agentic Coding (Kim et al., 2026)
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Agentic Test-time Scaling
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Scaling Test-Time Compute for Agentic Coding (Kim et al., 2026)
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Supervised Fine-Tuning on Complex Scaffolds
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Learning to Refine: Self-Refinement of Parallel Reasoning in LLMs (Wang et al., 2025)
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Reinforcement Learning on Complex Scaffolds

Recursive Self-Aggregation Unlocks Deep Thinking in Large Language Models (Venkatraman et al., 2025)
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Reinforcement Learning on Complex Scaffolds

Learning to Reason Across Parallel Samples for LLM Reasoning (Qi et al., 2025)
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RL on Multi-Agent Scaffolds
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DEBATE, TRAIN, EVOLVE: Self Evolution of Language Model Reasoning (Srivastava et al., 2025)
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RL on Multi-Agent Scaffolds
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MAPoRL: Multi-Agent Post-Co-Training for Collaborative Large Language Models with Reinforcement Learning (Park et al., 2025)
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RL on Multi-Agent Scaffolds
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LLM Collaboration With Multi-Agent Reinforcement Learning (Liu et al., 2025)
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Multi-Agent Orchestrators
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Open Research Questions

● Verification for Open-ended Problems: Current reinforcement learning methods 

are mostly designed for verifiable tasks (e.g., math, coding). Can we leverage 

the models / agents for verification, and what are the verification scaling laws?

● Agent Scaffold Architecture: Current agentic scaffolds are mostly designed by 

humans. Can the agentic scaffold itself be constructed by the model using the 

task description / environment as input, and the compute allocated accordingly?

● Credit Assignment for Multi-Agent RL: Existing multi-agent RL methods assign 

uniform credits across agents that contribute to the same scaffold output. How 

do we assign fine-grained credit to different agents during multi-agent RL?
93
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