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RL Basics for LLM Alignment
Pre-Requisite

📄 “Training Language Models to Follow Instructions with Human Feedback” (OpenAI, NeurIPS2022)

• InstructGPT
- GPT + RLHF + PPO à ChatGPT

Step 1. supervised fine-tuning (SFT)
Step 2. reward model (RM) training
Step 3. reinforcement learning via PPO

- For any arbitrary, non-differentiable 
reward function R(s), we can train 
LM to maximize expected reward.
• human-in-loop is expensive
• human judgements are noisy & miscalibrated.

3
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Fine-tuning language models using human preferences 
significantly improves performance over a broad range of tasks.
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RL Basics for LLM Alignment

Policy Model Reward Model Policy Optimzation

Reinforcment Learning
The model determines the 
actions an agent takes in a 
given state to maximize 
cumulative reward.

The model is used to train policy 
models where an agent learns by 
receiving feedback from the 
environment in the form of 
rewards or penalties.

Adjust the policy model to 
maximize the expected 
cumulative reward

RL used in 
LLM Alignment Learning

The language model generates 
responses based on the current 
context or input it receives

The reward model assesses the 
language model's outputs based 
on predefined criteria and assigns 
rewards accordingly.

Fine-tune the LM’s responses 
based on feedback (=score)

Terminology
• Policy Model: LLM Dist.
• Agent: LLM itself
• Action: Generated text
• State: Gitven Context

• Reward: human feedback
e.g. 

BoN, policy gradient, 
actor-critic, PPO, …

Alignment Learning: Focuses on aligning the model’s behavior with human values and 
specific objectives, including RL, supervised learning, and human feedback.

RL used in AL

LLM Alignment 
Learning

Reinforcement 
Learning

Pre-Requisite
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RL Basics for LLM Alignment

• Key Terms in LLM Alignment
- Agent: learner. LLM.
- Policy: the LLM’s strategy for choosing actions

- LLM distribution 𝑝(𝑦|𝑐𝑜𝑛𝑡𝑒𝑥𝑡)
- State: current dialogue context (prompt, …)
- Environment: external world gives a reward, penalty, … to the policy

- The users it interacts with, a simulated scenario set up for it
- Action: the choices the LLM can make in the environment

- generated response by LLM

- Reward: feedback the environment gives to the policy
- after it takes an action
- scalar feedback for action 

- Trajectory: a full interaction sequence (multi-turn)
- Episode: One complete multi-turn dialogue session

Pre-Requisite

https://huggingface.co/learn/llm-course/chapter12/2
https://cameronrwolfe.substack.com/p/online-rl
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📄 “Direct Preference Optimization: Your Language Model is Secretly a Reward Model” (Stanford Univ. & CZ Biohub, NeurIPS2023)

Direct Preference Optimization (DPO)
Pre-Requisite

6

Optimize Policy

Aligned  
Policy 𝝅𝜽

SFT Policy

Policy 𝝅𝜽𝟎

Web corpus
unlabeled data

Instruction data
labeled data (𝒙; 𝒚)

Optimization data
labeled data (𝒙, 𝒚, 𝒓; 𝜽)

Train RM

< on-policy >

Reward 
Model 𝒓𝝓

PPO, …

Preference data
labeled data (𝒙, 𝒚!, 𝒚"; 𝒓)

∇!𝐽 𝜋! 	= 	𝔼[	𝐴 𝑥, 𝑦 ∇!log	𝜋! 𝑦 𝑥 	]
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📄 “Direct Preference Optimization: Your Language Model is Secretly a Reward Model” (Stanford Univ. & CZ Biohub, NeurIPS2023)

Direct Preference Optimization (DPO)
Pre-Requisite

7

Optimize Policy

Aligned  
Policy 𝝅𝜽

SFT Policy

Policy 𝝅𝜽𝟎

Web corpus
unlabeled data

Instruction data
labeled data (𝒙, 𝒚; 𝜽𝟎)

Optimization data
= Preference data
labeled data (𝒙, 𝒚!, 𝒚"; 𝜽)

Train RM

Preference data
labeled data (𝒙, 𝒚!, 𝒚"; 𝒓)

roll out

Reward 
Model 𝒓𝝓

roll out

< off-policy >

ℒ"#$(!)

= − log𝜎(𝛽 log
𝜋! 𝑦' 𝑥
𝜋()* 𝑦' 𝑥

− 𝛽 log
𝜋! 𝑦+ 𝑥
𝜋()* 𝑦+ 𝑥

)
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# From TACT to ACT
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📄 “Beyond Task-Oriented and Chitchat Dialogues: Proactive and Transition-Aware Conversational Agents” (Yoon et al., 2025.11)

Why This Paper? : From TACT to ACT 
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Conversational Agents need to decide when to operate in task vs. chitchat mode.
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Why This Paper? : From TACT to ACT 

A. Problem States:
When to switch? → No single gold answer

No fixed answer for
- TACT: Task ↔ Chitchat transition
- ACT: whether to Clarify in ambiguous queries

B. Framing as Action Choice:
Can be framed as a policy learning problem

Action space for
- TACT: = {Task, Chitchat}
- ACT: = {Clarify, Answer}

C. Measurement:
Trajectory-level success is what matters

- TACT: Managing Task ↔ Chitchat transitions 
à Natural and successful?

- ACT: Clarify à (User) response à Answer 
à Goal achieved?

D. Beyond Supervised Labels: 
Pure supervised learning is insufficient

Gold labels
–this moment must be Clarify ACT / Switch TACT
do not always exist

11
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à Focus is not response accuracy but action choice à When should the agent choose which mode?

à Requires a multi-turn perspective à Workarounds: preference learning, heuristic evaluation
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TL; DR

• Background: 
- In real dialogue, the crucial skill is deciding whether to Clarify or Answer when facing ambiguous queries.
- Models often Guess (commit to one interpretation) or Hedge (respond vaguely), instead of clarifying.

• Problem States: No fixed label for whether Clarify is needed in ambiguous queries.
- Not a problem of gold answers but of action choice.
- Response accuracy is insufficient; the key challenge is choosing the right action.

• Suggestions: 
1. Action-contrastive learning: action space = {Clarify, Answer}
2. Quasi-online contrastive self-training (ACT)
3. Evaluation on trajectory-level

• Effects: 
- ACT improves action choice and success across QA, MRC, and SQL tasks, showing strong data efficiency.
- Pseudo-labeling and ablations confirm the method’s robustness and key contributing factors.

Pre-Requisite
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Problem States
Problem States

• Simplified example of ambiguity
- Ambiguity: user queries that are underspecified, unclear, or subjective, requiring clarification

- Guess: Incorrect Assumtion à User’s need not met
- Hedge: information overload

Guessing risks being wrong, Hedging overwhelms the user, 
but Clarifying ensures the agent converges to the correct outcome.

Ambiguity == Multi-intent 
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Problem States
Problem States

• Problem Definition
- Background: LMs tend to Guess or Hedge, rather than asking for Clarification.

- Response accuracy is not sufficient; the key is making the right action choice.
- Need to decide when to Clarify vs when to Answer in multi-turn dialogue.

- Goal: Train LLMs to act as mixed-initiative agents
- User-initiative: The user asks, the system only answers.
- System-initiative: The system proactively asks questions or controls the flow.
- Mixed-initiative: The system can also ask (Clarify, follow-up) when needed, and then respond to the user’s input.

- In this paper: 
- ACT does not simply answer, it decides whether to Clarify or Answer by itself. 
- The system does not always defer to the user but can proactively take the lead through a Clarify action.

A mixed-initiative agent proactively takes actions (e.g., Clarify questions) when needed.
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Key Concept
Problem States

• Action-level 
- Gold answers often do NOT exist in ambiguous queries.
- The key is choosing the right action: Clarify vs Answer.
- Action-level alignment ensures the model learns appropriate strategies instead of just guessing or hedging.

• Trajectory-level
- Correct actions alone do not guarantee task success.
- Need to check if a sequence of actions (Model’s Clarify à User’s Response à Model’s Final Answer) actually 

reaches the goal.
- Trajectory-level evaluation captures true multi-turn success beyond single-turn correctness.

Action-level teaches strategy, but trajectory-level ensures those strategies lead to successful outcomes.
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Method Setup
Method: ACT

• Method setup with notation
- Goal: Train an LLM 𝜋#  as a mixed-initiative agent that decides whether to Clarify or Answer.

- Conversation state at turn	𝑖: 
- 𝑝): prompt (context + user query at step 𝑖)
- 𝑟): reference answer (system-side ground truth)
- 𝑔): information goal (final correct outcome)
- 𝑎): action chosen from action space 𝑆	 = CLARIFY, ANSWER

- Trajectory: sequence of states 𝑡$, 𝑡%, … , 𝑡&  ending when the goal g is resolved.

- System components:
- 𝑀: controllable LLM for response generation; learner
- 𝐴: Action classifier (few-shot LLM)
- 𝑈: User simulator (LLM-based)

21
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Method Setup
Method: ACT

• Method setup with notation

Phrase 1 on-policy response sampling à Phrase 2 trajectory simulation
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ACT: Action-based Contrastive Self-Training

• Motivation

1. Standard DPO aligns models with response-level preference pairs (good vs bad answers).

2. But in ambiguous dialogue, 
the crucial factor is the action taken (Clarify vs Answer), not just correctness of a response.

3. ACT == Extends DPO to action-level and trajectory-level contrastive learning.

Method: ACT

Natural Language Processing Lab.,
Hanyang University. 23
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ACT extends DPO by learning from action-level contrast and trajectory-level outcomes, 
enabling LLMs to decide when to Clarify vs Answer without gold labels.
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ACT: Action-based Contrastive Self-Training

• How Preference Pairs Are Maintained in ACT

Method: ACT

- 𝑝,: prompt (context + user query at step 𝑖)
- 𝑟,: reference answer (system-side ground truth)
- 𝑔,: information goal (final correct outcome)
- 𝑎,: action 

𝑡': 𝑝', 𝑟'
𝑎'

𝑎’'

𝑦(" = 𝑟'

𝑦)" = 𝑃*(⋅ |𝑝', 𝑎'+)

𝑡': 𝑝', 𝑟'

𝑝', 𝑎', 𝑦(" = 𝑟', 𝑎'+, 𝑦) = 𝑃*(⋅ |𝑝', 𝑎'+)

𝑝', 𝑎', 𝑦(" = 𝑟', 𝑎'+, 𝑦) = 𝑦'

𝑝', 𝑎', 𝑦(" = 𝑦', 𝑎'+, 𝑦) = 𝑃*(⋅ |𝑝', 𝑎'+)

Action 
Classifier 𝑨

𝑦' = 𝑃##(⋅ |𝑝')

𝐴 𝑦' = 	𝑎'

𝐴 𝑦' = 𝑎′'

𝑦(" = 𝑦'

𝑦)" = 𝑦'

Policy 𝝅𝜽𝒋
User 

Simulator 𝑼

[ Phrase 1 ]

[ Phrase 2 ]
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ACT: Action-based Contrastive Self-Training

• Phrase 1: Constructing Preference Data

- Goal: Collect offline (winning, losing) action-response pairs à build 𝐷,-./

- For each turn 𝑡':
- Winning action 𝑎): correct choice 

- e.g., Clarify when ambiguity exists
- Winning response 𝑦*. =	𝑟)  (reference, ground-truth)

- Rejected action 𝑎’): opposite choice
- Losing response 𝑦+.: generated by model M under 𝑎’)

Method: ACT

Natural Language Processing Lab.,
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By constructing initial {winning, losing} pairs from references (Phrase #1), 
provide the contrastive signal needed to start self-training (Phrase #2) .
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ACT: Action-based Contrastive Self-Training

• Phrase 2: Self-training using On-policy Conversation Trajectory Simulation

- Goal: Perform quasi-online self-training by updating preference pairs during training.

1. On-policy Roll-out: sample response 𝑦'  from current policy 𝜋#
- Detect action with classifier 𝐴.
- If action is correct, simulate user 𝑈 reply, 

continue trajectory until reaching goal.
- Successful trajectory → winning
- Failed trajectory → losing

- If action is wrong, directly losing.
2. Update Preference Pair

- The model continuously accumulates 
data that reflects its most recent policy.

3. Training usage
- These pairs are directly 

fed into the DPO loss to update 𝜋,.

Method: ACT
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ACT: Action-based Contrastive Self-Training

• Phrase 2: Self-training using On-policy Conversation Trajectory Simulation

- Goal: Perform quasi-online self-training by updating preference pairs during training.

- DPO Objective 

- ACT training
- Phrase 1: Cold Start

Method: ACT

ℒ"#$(/!;/"#$) = −𝔼(#,2% ,2&)~𝒟 log 𝜎(𝛽 log
𝜋! 𝑦' 𝑥
𝜋()* 𝑦' 𝑥

− 𝛽 log
𝜋! 𝑦+ 𝑥
𝜋()* 𝑦+ 𝑥

)

Optimize Policy

Aligned 
Policy 𝝅𝜽

Policy 𝝅𝒓𝒆𝒇

roll out

< quasi-on- policy >

Optimization data
= Preference data
labeled data (𝒙, 𝒚!, 𝒚"; 𝜽)

Phrase 1
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ACT: Action-based Contrastive Self-Training

• Phrase 2: Self-training using On-policy Conversation Trajectory Simulation

- Goal: Perform quasi-online self-training by updating preference pairs during training.

- DPO Objective 

- ACT training
- Phrase 1: Cold Start
- Phrase 2: 

DPO adaptation

Method: ACT

ℒ"#$(/!;/"#$) = −𝔼(#,2% ,2&)~𝒟 log 𝜎(𝛽 log
𝜋! 𝑦' 𝑥
𝜋()* 𝑦' 𝑥

− 𝛽 log
𝜋! 𝑦+ 𝑥
𝜋()* 𝑦+ 𝑥

)

Optimize Policy

Aligned 
Policy 𝝅𝜽

Policy 𝝅𝒓𝒆𝒇

roll out

< quasi-on- policy >

New action -based
Preference data
labeled data 𝒙,𝒚!, 𝒚"; 𝜽 by 𝑈

User 
Simulator 𝑼

Action 
Classifier 𝑨

Optimization data
= Preference data
labeled data (𝒙, 𝒚!, 𝒚"; 𝜽)

Phrase 1Phrase 2
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Experiment Setup
Evaluation

• Dataset
- PACIFIC (Finance QA, ambiguous subset): Conversational QA for Tabular Data

- DROP-style evaluation (F1)
- Abg-CoQA (ambiguous CoQA subset for MRC): Conversational QA for Machine Reading Comprehension

- Semantic similarity metric

- AmbigSQL (new dataset, derived from Spider): Ambiguous Conversational Text-to-SQL Generation
- 3 ambiguity types: Information / Population / Presentation
- SQL execution accuracy metric

Experiments use three ambiguous datasets: PACIFIC, Abg-CoQA, AmbigSQL

Type Definition Example SQL Query-level

Information Attribute or information needed is unclear Show students with high grades. Which subject? What threshold? SELECT, WHERE

Population Target group or table is ambiguous How many users are there? All users? Users of which service? FROM

Presentation Expression/condition is underspecified List large cities. Large by population or by area? ORDER/GROUP BY, HAVING



Natural Language Processing Lab.,
Hanyang University.

Experiment Setup
Evaluation

• Baselines
- SFT: supervised fine-tuned policy
- DPO: standard Direct Preference Optimization
- ACT: proposed method (Phase 1 + Phase 2)
- zero-label ACT: 

pseudo-labels instead of gold action labels

• Evaluation Metrics
- PACIFIC; DROP F1 (span-based QA correctness)
- Abg-CoQA; Semantic similarity with references
- AmbigSQL; Execution accuracy 

(did the SQL run correctly?)
- Trajectory-level focus: measure success after 

Clarify à Answer, not just single response

• Models
- Backbone: LLaMA-2–7B (main)

- Some smaller experiments with 13B variant for 
ablations

- All experiments run on A100 GPUs

• Training Details
- Optimizer: AdamW
- Learning rate: 2	×1034

- Batch size: 64
- Max sequence length: 1024 tokens
- Epochs: ~3–5 

(same across SFT/DPO/ACT for fair comparison)
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Main Results
Evaluation

• PACIFIC
- SFT: baseline level; DPO: slight improvement, but limited in handling ambiguity.
- ACT: achieves the highest F1, strong data efficiency (maintains performance even w/ smaller training sizes).

Natural Language Processing Lab.,
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By effectively choosing the Clarify action, ACT improves final Answer accuracy and 
strengthens robustness in ambiguous situations.
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Main Results
Evaluation

• Abg-CoQA
- SFT/DPO: Single-turn answers look plausible, but they fall short in multi-turn coherence.
- ACT: Achieves the highest trajectory-level similarity to references.

Natural Language Processing Lab.,
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The flow Clarify >> User simulator >> Answer aligns more closely with the reference answers.
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Main Results
Evaluation

• AmbigSQL
- ACT: clear superiority in post-clarification accuracy compared to SFT/DPO.
- Improvements are observed across all three ambiguity types (Information, Population, Presentation).

Natural Language Processing Lab.,
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Not just about single-answer accuracy—Clarify à final SQL execution success increases, 
proving the importance of trajectory-level evaluation.
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Main Results
Evaluation

• ACT In-the-wild: Learning without Dialogue Action Supervision
- Backbone: Gemini 2.5 Pro
- Uses only classifier pseudo-labels (no gold action labels) achieves performance nearly identical to gold-

labeled ACT.

Natural Language Processing Lab.,
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Low dependence on labels and remains robust through self-training
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Main Results
Evaluation

• Data Efficiency

- ACT: High performance even w/ small data, 
and consistently best as data size grows.

- SFT: performance increases gradually w/ more data, 
but remains low in the small-data regime.

Natural Language Processing Lab.,
Hanyang University. 36

Natural Language Processing Lab.,
Hanyang University.

ACT achieves higher F1 scores than SFT, 
demonstrating strong data efficiency.
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Ablation Study
Evaluation

• Ablations

- Without action contrast: 
performance drops significantly 
à contrasting Clarify vs Answer is essential.

Natural Language Processing Lab.,
Hanyang University. 37

Natural Language Processing Lab.,
Hanyang University.

All 3 components — action contrast, trajectory simulation, and on-policy rollouts — 
are essential for ACT’s effectiveness.
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All 3 components — action contrast, trajectory simulation, and on-policy rollouts — 
are essential for ACT’s effectiveness.
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Ablation Study
Evaluation

• Ablations

- Without action contrast: 
performance drops significantly 
à contrasting Clarify vs Answer is essential.

- Without on-policy rollouts: 
improvement is restricted
à quasi-online updates are crucial.

- Without trajectory simulation: 
performance is limited 
when only single responses are considered 
à multi-turn outcomes matter.
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All 3 components — action contrast, trajectory simulation, and on-policy rollouts — 
are essential for ACT’s effectiveness.
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Conclusion
Conclusion

• Conclusion
- ACT extends alignment from response-level à action-level à trajectory-level.
- Consistently improves performance on ambiguous QA, MRC, and Text-to-SQL.
- Demonstrates data efficiency and works even without gold action labels (pseudo-label ACT).

• Discussion
- Clarifying questions are a key behavior for mixed-initiative agents.
- ACT shows that preference learning can be generalized beyond final answers to action choices.

• Limitations
- Simplified action space: only {CLARIFY, ANSWER}; real-world systems need richer actions.
- Simulator reliance: user simulator may not reflect real human responses à limits ecological validity.
- Dataset coverage: not all types of real dialogue ambiguity.
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Aligning LLMs at the action and trajectory level is both feasible and beneficial, 
but richer action spaces and real user feedback are key for future progress.
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