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Language Models >>Large LMs (LLMs)

➢Definition: A language model aims to 

predict the probability of the occurrence of 

a token or a sequence of tokens. 

➢ The probability prediction of a language 

model is closely related to context and 

corpus information.

➢ Language model is not a new technical 

concept specially for LLMs, but has 

evolved with the advance of artificial 

intelligence over the decades. 

➢  Definition: LLMs have billions of 

parameters, trained on massive corpora.  

Zhao, W. X., Zhou, K., Li, J., Tang, T., Wang, X., Hou, Y., Min, Y., Zhang, B., 

Zhang, J., Dong, Z., Du, Y., Yang, C., Chen, Y., Chen, Z., Jiang, J., Ren, R., Li, 

Y., Tang, X., Liu, Z., . . . Wen, J. (2023). A Survey of Large Language Models. 

ArXiv. https://arxiv.org/abs/2303.18223



Evolution brings new abilities
Key Point: With the continuous iteration and updates of LLMs, the range of problems they can solve  has become 

increasingly rich, demonstrating some new abilities.

 Growing Complexity: Each new LLM version shows  improvements in reasoning, creativity, and context handling.

 Emergent Properties: Larger, more diverse training corpora lead to surprising capabilities (e.g., zero-shot translation,

chain-of-thought prompting).

 Broadening Applications: Beyond text generation, LLMs now assist in code completion, legal drafting, and even

scientific problem-solving.

BERT: 130 Billion



Scaling Law
Scaling Law: 

Empirical finding that language 

modeling performance improves 

continuously with larger model size,  

bigger datasets, and more compute.

 Context: Introduced prominently by 

OpenAI (2020) —“bigger is better” 

trend.

 Beyond a certain scale, emergent 

behaviors (complex reasoning, zero-shot 

skills) often appear.

Conducted large-scale experiments on Transformer-based models.

 Found that data and model size are equally crucial.

 Balanced approach: Sufficiently large dataset and model scale

are needed for robust performance across tasks.

 Reinforced the synergy: more data =model can generalize;

bigger model = can leverage that data better

Kaplan, J., McCandlish, S., Henighan, T., Brown, T. B., Chess, B., Child, R., Gray, S., Radford, A., Wu, J., & Amodei, D. (2020). Scaling Laws for Neural Language Models. ArXiv. https://arxiv.org/abs/2001.08361

Hoffmann, J., Borgeaud, S., Mensch, A., Buchatskaya, E., Cai, T., Rutherford, E., Casas, D. D., Hendricks, L. A., Welbl, J., Clark, A., Hennigan, T., Noland, E., Millican, K., Driessche, 

G. V., Damoc, B., Guy, A., Osindero, S., Simonyan, K., Elsen, E., . . . Sifre, L. (2022). Training Compute-Optimal Large Language Models. ArXiv. https://arxiv.org/abs/2203.15556
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The core of  LLMs --- Transformer

Transformer models have diversified into Encoder, 

Decoder, and Encoder-Decoder branches, driven 

by advancements from companies like Microsoft, 

Google, Meta, OpenAI, and Eleuther AI.

❖ Encoder models like BERT focus on language 

understanding.

❖ Decoder models like GPT are aimed at 

generation.

❖ Encoder-decoder models.

❖ Diffusion LLMs.

https://magazine.sebastianraschka.com/p/understanding-encoder-and-decoder



Encoder-only models —— BERT 
What is BERT?

BERT (Bidirectional Encoder Representations from 
Transformers) is a pre-trained language representation 
model with an encoder-only architecture based on the 
Transformer’s encoder module.

Key Features:

➢ Bidirectional Encoding:  Uses bidirectional attention 
to understand context from both directions. Suitable 
for understanding-based tasks like classification 
and question answering.

➢ Pre-training + Fine-tuning: Pre-trained on large-
scale unsupervised data (Masked LM and Next 
Sentence Prediction (NSP)), then fine-tuned on 
specific tasks.

Difference with OpenAI GPT 

GPT: Uses unidirectional attention to predict the next 
word in a sequence. Suitable for generation-based 
tasks like text completion and conversation.

BERT uses a bidirectional Transformer. 

OpenAI GPT uses a left-to-right Transformer.

Devlin, J., Chang, M., Lee, K., & Toutanova, K. (2018). BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. ArXiv. 

https://arxiv.org/abs/1810.04805





BERT Training Methods —— Pre-training

➢Task1: Masked Language Model (MLM)

• Randomly masks the input words and predicts the 
original words.

• 80% of masked tokens are replaced with [MASK], 
10% are replaced with a random word, and 10% 
remain unchanged to reduce pre-training and fine-
tuning mismatch.

https://magazine.sebastianraschka.com/p/understanding-encoder-and-decoder

➢Task2: Next Sentence Prediction (NSP)
Predicts whether two sentences are consecutive: 50% of examples are actual consecutive sentences (IsNext), 
50% of examples are randomly chosen, non-consecutive sentences (NotNext).
Helps the model learn textual coherence and is particularly useful for tasks like Question Answering (QA) and 
Natural Language Inference (NLI).



Same architecture, different tasks: A simple output layer is added for tasks such as classification, question

answering (QA), and Named Entity Recognition (NER).

BERT Training Methods —— Fine-tuning

Radford A, Narasimhan K, Salimans T, et al. Improving language understanding by generative pre-training [J]. 2018.

(i) Transformer architecture and training objectives used in this work. (ii) Input transformations for fine-

tuning on different tasks. We convert all structured inputs into token sequences to be processed by our pre-

trained model, followed by a linear+softmax layer.



Application: Knowledge graph

Unstructured literature
(such as free text and tables)

diabetes

positively_correlates_with 

cardiovascular diseases 

Structured knowledge units: 
triples [head, relation, tail]

Medical Knowledge Graph- a powerful tool for organizing and utilizing vast, heterogeneous biomedical data





Decoder-only models GPT family
GPT: Uses unidirectional attention to predict the next word in a sequence. Suitable for generation-based tasks like 
text completion and conversation. GPT is autoregressive(causal) language model defines a conditional distribution:

GPT pretraining: Let 𝜃 be all the parameters of large language models. Let D be the training data consisting of a 
set of sequences. We can then follow the maximum likelihood principle and define the following negative log-
likelihood objective function:

There’s more to say about how to efficiently optimize this function, but that’s all there is for the objective.

BERT uses a bidirectional Transformer.  GPT uses a left-to-right Transformer.



Large-Scale Data for Pretraining

Data preprocessing 

pipeline

What data do LLMs use?

Typical data sources 

include text from the 

internet, books, scientific 

data,  code repositories, and 

more.

Zhao, W. X., Zhou, K., Li, J., Tang, T., Wang, X., Hou, Y., Min, Y., Zhang, B., Zhang, J., Dong, Z., Du, Y., Yang, C., Chen, Y., Chen, Z., Jiang, J., Ren, R., 

Li, Y., Tang, X., Liu, Z., . . . Wen, J. (2023). A Survey of Large Language Models. ArXiv. https://arxiv.org/abs/2303.18223
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Optimizing LLMs for Downstream Tasks

1. No Training Required (Prompt Engineering)

Pros: Low computational cost, easy to implement.

Cons: Limited capability

2. Training Required (Fine-Tuning)

➢ Supervised Fine-Tuning: Adjusting all model parameters for task specificity.

➢Alignment: Align model behavior with human goals and ethical standards, ensuring the model is useful, safe, 
and reliable. 

➢RLVR: Enhance the reasoning ability of LLMs.

➢On-Policy Distillation

Pros: Higher capability, better task adaptation.

Cons: Requires computational resources.



Training-free methods – Prompt engineering

OpenAI: Prompt engineering means writing precise instructions that guide AI models like ChatGPT to

produce specific and useful responses. It involves designing inputs that an AI can easily understand

and act upon, ensuring the output is relevant and accurate.

In fact, whenever we use LLMs in our daily 
lives, we are essentially engaging in prompt 
engineering—refining our inputs to receive 
responses that better align with our needs.







Few-shot prompting

Zero-shot prompting means that the prompt used to interact with the model won‘t contain examples or

demonstrations. The zero-shot prompt directly instructs the model to perform a task without any

additional examples to steer it.

Few-shot prompting can be used as a technique to enable in-context learning where we provide demonstrations 

in the prompt to steer the model to better performance. The demonstrations serve as conditioning for subsequent 

examples where we would like the model to generate a response.

Wei, J., Bosma, M., Zhao, V. Y., Guu, K., Yu, A. W., Lester, B., Du, N., Dai, A. M., & Le, Q. V. (2021). Finetuned Language Models Are Zero-Shot Learners. ArXiv. https://arxiv.org/abs/2109.01652

Brown, T. B., Mann, B., Ryder, N., Subbiah, M., Kaplan, J., Dhariwal, P., Neelakantan, A., Shyam, P., Sastry, G., Askell, A., Agarwal, S., Krueger, G., Henighan, T., Child, R., 

Ramesh, A., Ziegler, D. M., Wu, J., Winter, C., Hesse, C., . . . Amodei, D. (2020). Language Models are Few-Shot Learners. ArXiv. https://arxiv.org/abs/2005.14165

Cheese can be translated to xxx.





Chain of  thought prompting
Standard few-shot exemplars provide information on the final solution format, but not the 

rationale to derive the solution.

Wei, Jason, et al. "Chain-of-thought prompting elicits reasoning in large language models." Advances in 

neural information processing systems 35 (2022): 24824-24837.

Chain-of-thought (CoT) prompting enables complex reasoning capabilities through intermediate

reasoning steps. You can combine it with few-shot prompting to get better results on more 

complex tasks that require reasoning before responding.

Cited by 

36481

https://scholar.google.com/scholar?cites=4478103128423899805&as_sdt=40000005&sciodt=0,22&hl=en
https://scholar.google.com/scholar?cites=4478103128423899805&as_sdt=40000005&sciodt=0,22&hl=en


Kojima, Takeshi, et al. "Large language models are zero-shot reasoners." Advances in neural information processing systems 35 (2022): 22199-22213.



Madaan, Aman, et al. "Self-refine: Iterative refinement with self-feedback." Advances in neural information processing systems 36 (2023): 46534-46594.



Chain-of-Thought shows that model performance is not 

determined only by its parameters. It also depends on 

how much computation the model is allowed (test 

time computation budget) to perform before 

answering. More computation at inference time can 

produce a better answer.

If additional test-time computation helps, how should we 

allocate it?

1. Think Deeper (Sequential Scaling)

◆ Chain-of-Thought: extend one reasoning trajectory.

◆ Self-Refine: critique and revise the current answer.

2. Think Wider (Parallel Scaling)

◆ Self-Consistency: sample many paths and vote on 

final answers.

◆ Best-of-N: sample many candidates; select with a 

verifier.

Madaan, Aman, et al. "Self-refine: Iterative refinement with self-feedback." Advances in neural information processing systems 36 (2023): 46534-46594.

Zhang, Qiyuan, et al. "A survey on test-time scaling in large language models: What, how, where, and how well?." arXiv preprint arXiv:2503.24235 (2025).

Test time Scaling



Self-Consistency & BoN 
Self-Consistency is designed to improve upon the naive greedy decoding typically used in chain-of-thought 
(CoT) prompting. Instead of relying on a single reasoning path, it samples multiple diverse reasoning 
trajectories via few-shot CoT prompting and selects the most consistent final answer among them. 

Best-of-N similarly samples N candidate responses, but selects the highest-scoring candidate using a verifier 
or reward model rather than majority voting.

Wang, Xuezhi, et al. "Self-consistency improves chain of thought reasoning in language models." arXiv preprint arXiv:2203.11171 (2022).





Adaptive Self-Consistency
While Self-Consistency significantly enhances LLM accuracy, it incurs substantial computational overhead due 
to the sampling process. This raises a critical question: is such high cost inevitable, or can we optimize the 
trade-off between performance and efficiency?

For instance, we have n=10 samples generated, with m=3 unique elements. Let v = [v1, v2, v3] be the

counts of each element and pi =
vi

n
 frequency of the 𝑖-th unique element.

If v = [8, 1, 1], then we can be more confident that 1-th element will be the final majority voting answer if we 

sample e.g. 30 more. On the other hand, if v = [4, 4, 2], then more samples need to be generated.

let p1 = max(pi), the frequency of current 
majority class. We want to assess the stability of 
class of p1 as the majority answer.

Bayesian Optimal Stopping

Aggarwal, Pranjal, Aman Madaan, and Yiming Yang. "Let’s sample step by step: Adaptive-consistency for efficient reasoning and coding with 
llms." Proceedings of the 2023 Conference on Empirical Methods in Natural Language Processing. 2023.



The probability vector p = (p1 … pm) follows a uniform distribution over the (m-1)-simplex, i.e a Dir(1) prior.

Adaptive Self-Consistency

Prior

Posterior

Estimated Via Monte Carlo

1. In terms of LLM, the m is not fixed, increase 

with n -> Chinese Restaurant Problem

2. Simplify the Dirichlet with Beta distribution by 

considering only top 2 class.

3. Related to Sequential Posterior Probability Ratio 

Test if we consider the p1 being largest as 

Alternative Hypothesis.

Aggarwal, Pranjal, Aman Madaan, and Yiming Yang. "Let’s sample step by step: Adaptive-consistency for efficient reasoning and coding with 
llms." Proceedings of the 2023 Conference on Empirical Methods in Natural Language Processing. 2023.



Aggarwal, Pranjal, Aman Madaan, and Yiming Yang. "Let’s sample step by step: Adaptive-consistency for efficient reasoning and coding with 
llms." Proceedings of the 2023 Conference on Empirical Methods in Natural Language Processing. 2023.

Adaptive Self-Consistency

Subsequent work adding signals such as model confidence, response length etc



Wan, Guangya, et al. "Reasoning aware self-consistency: Leveraging reasoning paths for efficient llm sampling." Proceedings of the 2025 Conference of the 

Nations of the Americas Chapter of the Association for Computational Linguistics: Human Language Technologies (Volume 1: Long Papers). 2025.
Taubenfeld, Amir, et al. "Confidence improves self-consistency in llms." Findings of the Association for Computational Linguistics: ACL 2025. 2025.

Adaptive Self-Consistency
Subsequent work adding signals such as 
model confidence, response length etc



Li, Yiwei, et al. "Escape sky-high cost: Early-stopping self-consistency for multi-step reasoning." ICLR 2024

Batched Adaptive Self-Consistency
Adaptive Self-Consistency is statistically efficient, but inherently sequential: after observing each new answer, it 
decides whether another sample is needed.
That sequentially sampling have a drawback, latency. The process cannot be paralleled.

A natural compromise is Batched Adaptive Self-Consistency. Instead of generating one sample at a time, we generate 
a small batch in parallel and update the stopping decision only at batch boundaries.

Rather than design a test time method based on heuristic rules or rely on distribution 
assumptions, can we model and deal with the trade-off in a more principled way?



RL-Guided Adaptive Sampling

Dai, Runpeng, et al. "Small RL Controller, Large Language Model: RL-Guided Adaptive Sampling for Test-Time Scaling." arXiv preprint arXiv:2606.03102

The framework is highly flexible, we also 
experimented adding additional available 
information such as the confidence of each 
answer class, average length of reasoning 
chain into state can further improve the 
trade-off.

We model the test time scaling as a multi-
objective Markov decision process. In this 
MDP setting, we train a four-layer MLP 
controller via RL to learn a policy that 
optimizes the performance-cost trade-off.



• Batched sampling methods partially addressed the latency of adaptive sampling, but it is still sequential fundamentally.
• How to enhance efficiency in a fully parallel setting? Any signals to use?

Adaptive Self-Consistency - Problems



Probing: We can probe the reasoning process of a 50k-token CoT by interleaving <answer> tags every 1,000 tokens, allowing for a granular 

inspection of the model's trajectory.

Parallel-Probe: 2D View

By extracting internal signals during the reasoning process, we can implement dynamic pruning within a parallel 
framework.

Zheng, Tong*, Runpeng Dai* , Chengsong Huang* et al. “Parallel-Probe: Towards Efficient Parallel Thinking via 2D Probing.” ICML 2026



Parallel-Probe: 2D View

Zheng, Tong*, Runpeng Dai* , Chengsong Huang* et al. “Parallel-Probe: Towards Efficient Parallel Thinking via 2D Probing.” ICML 2026



LLM Agents (LLMs + Harness)
We want LLMs to act as the brain, using tools to accomplish specific tasks.

They can plan ahead, and use different tools to accomplish hard tasks. 

They also remember past conversations through memory system.

Weng, Lilian. (Jun 2023). “LLM-powered Autonomous Agents”. Lil’Log. https://lilianweng.github.io/posts/2023-06-23-agent/.



RAG & Tool use

While prompt engineering can improve how we interact with LLMs, prompting alone often falls short when 
the model needs 
• Up-to-date knowledge, specialized data
• Ability to take real-world actions

To overcome these limitations, techniques like Retrieval-Augmented Generation (RAG) and tool use have 
been developed, allowing LLMs to access external information and perform tasks that go beyond the 
scope of simple prompting.

Database
Tools

RAG Tool use



Retrieval-Augmented Generation (RAG)
LLMs showcase impressive capabilities but encounter challenges like hallucination, outdated knowledge, and 

non-transparent, untraceable reasoning processes. RAG has emerged as a promising solution by incorporating 

knowledge from external databases.

1) Indexing. Documents are 

split into chunks, encoded 

into vectors, and stored in a 

vector database. 

2) Retrieval. Retrieve the 

Top k chunks most relevant 

to the question based on 

semantic similarity.

3) Generation. Input the 

original question and the 

retrieved chunks together 

into LLM to generate the 

final answer.



Tool use
Tool-augmented LLMs address the limitations of standalone models—such as inability to perform 

real-time computations, access up-to-date data—by leveraging APIs, web search, and software tools to 

dynamically retrieve information and execute complex tasks beyond their internal knowledge.



Memory

• Short-term memory: All the in-context 
learning (i.e prompting) as utilizing short-term 
memory of the model to learn. May include 
few show examples, previous conversation 
context.

• Long-term memory: This provides the agent 
with the capability to retain and recall 
(infinite) information over extended periods, 
often by leveraging file system or RAG.

Weng, Lilian. (Jun 2023). “LLM-powered Autonomous Agents”. Lil’Log. https://lilianweng.github.io/posts/2023-06-23-agent/.



LLM agents Examples - Coding Agent 

Lu, Yuchen, Run Yang, Yichen Zhang, Shuguang Yu, Runpeng Dai, Ziwei Wang, Jiayi Xiang et al. "Stateval: A 
comprehensive benchmark for large language models in statistics." arXiv preprint arXiv:2510.09517 (2025).



LLM agents Examples – Auto Research

Zheng, Tong, et al. "LLMs Improving LLMs: Agentic Discovery for Test-Time Scaling." arXiv preprint arXiv:2605.08083 (2026).



LLM agents Examples – Auto Research



LLM agents Examples - STATEval

• Large language models excel at mathematical reasoning, 

and a wide range of math-specific benchmarks have been 

developed to evaluate this ability. 

• How can we curate knowledge from the statistical 
literature, construct benchmarks, and validate whether 
LLMs can handle statistical problems?

Lu, Yuchen, Run Yang, Yichen Zhang, Shuguang Yu, Runpeng Dai, Ziwei Wang, Jiayi Xiang et al. "Stateval: A 
comprehensive benchmark for large language models in statistics." arXiv preprint arXiv:2510.09517 (2025).



Lu, Yuchen, Run Yang, Yichen Zhang, Shuguang Yu, Runpeng Dai, Ziwei Wang, Jiayi Xiang et al. "Stateval: A 
comprehensive benchmark for large language models in statistics." arXiv preprint arXiv:2510.09517 (2025).



Training methods 



Training methods – SFT

Prompting methods are inherently limited by the capabilities and biases of the base model. 

Supervised Fine-Tuning (SFT) is the most basic training approach for aligning large language 
models with human intentions. It involves fine-tuning a pre-trained model on a dataset of input-output 
pairs to follow instructions or perform specific tasks. The data can be from human or stronger models.



SFT – Example
Among all the training methods, SFT is the most direct one. There have been many works use SFT at the early stage.

Transform unstructured orthodontic progress notes into high-quality 
structured data. Outperforming  commercial frontier model while 
preserving patient privacy.

Easily fine-tune 100+ large language models 
with Web UI

Dumont P, et al. High-Fidelity Clinical Information Extraction via Full-Parameter Fine-Tuned LLMs. In: Proceedings of the 2026 

IEEE Engineering in Medicine and Biology Conference (EMBC)

Key Limitation: Very limited generalization

https://github.com/hiyouga/LLaMA-Factory#fine-tuning-with-llama-board-gui-powered-by-gradio


Alignment

3H principles:
➢ Helpful (Improves usability)

➢ Honest (Enhances trustworthiness)

➢ Harmless (Mitigates harmful outputs)

RLHF allows models to learn from comparative feedback—for example, choosing one response over 
another—so that the model can generalize better to unseen situations and generate outputs that are 
more aligned with human preferences.

Challenges
1. Human in the loop is expensive

2. Human judgments are noisy and miscalibrated.





Alignment – Bradley Terry model

Instead of asking labelers to assign scores, 
we collect their preferences through 
pairwise comparisons.



Alignment - RLHF

Use RL algorithm to train optimize the LLM 𝜋

How do we get feedback for the reward while training our RL model?

Train a Reward Model (RM) on preference data to predict preferences!



Alignment  - Improvements

• The reward model is hard to train and large.

• Human labeling remains costly.



Learning to Reasoning with LLMs

The secret behind the success - Reasoning

We achieved this year’s result using an advanced 
version of Gemini Deep Think – an enhanced reasoning 
mode for complex problems that incorporates some of 
our latest research techniques, including parallel 
thinking. This setup enables the model to 
simultaneously explore and combine multiple possible 
solutions before giving a final answer, rather than 
pursuing a single, linear chain of thought.



Learning to Reasoning with LLMs

Reasoning refers to the process of thinking through a problem or situation in order
to form a logical conclusion or make a decision. It involves using evidence, facts, and
logic to arrive at a solution or answer. 

How can LLM Reasoning?

Generate sequence of tokens representing 
intermediate steps in the reasoning process.

Why Reasoning is important?

What is reasoning?

Even for humans, problems like math or complex question answering are difficult to solve with direct 
answers alone, as they often require multi-step reasoning or integrating diverse pieces of information.



Learning to Reasoning with LLMs
How can we guide LLMs to perform reasoning?

Or some other prompting methods:
1. Least-to-Most Prompting
2. Self reflection/ verification

Zhou, Denny, et al. "Least-to-most prompting enables complex reasoning in large language models." arXiv preprint arXiv:2205.10625 (2022).

Weng, Yixuan, et al. "Large language models are better reasoners with self-verification." arXiv preprint arXiv:2212.09561 (2022).

Can we go beyond prompting?



Learning to Reasoning with LLMs

Lightman, Hunter, et al. "Let's verify step by step." The Twelfth International Conference on Learning Representations. 2023.

Reward guided decoding



Learning to Reasoning with LLMs

Hao, Shibo, et al. "Reasoning with language model is planning with world model." arXiv preprint arXiv:2305.14992 (2023).

Reward guided planning



DeepseekR1 and RLVR

Reinforcement learning with verifiable reward

Instead of training a separate reward model or explicitly assigning credit 
to each reasoning step, we allow the model to discover effective 
reasoning strategies through trial and error, guided by verifiable rewards.

1. Reduce the computational burden of training a separate reward model.
2. Eliminate the risk of reward hacking.



DeepseekR1 and RLVR

During the training process, they observe the increase in reasoning length and “aha moment” where 
the model learns to self-reflection and verify.





RLVR – More Applications

Medical Reasoning

Use of Search engine

Use of smart phone



RLVR – Example R1-RE

Relation extraction is a critical step in knowledge graph 
construction.

Existing method focus on learning a 
mapping from sentence to triplet, which 
cannot generalize to OOD.

Human annotators are generalizable 
across tasks because they can reason on 
the requirements.

Dai, Runpeng, et al. “R1-RE: Cross-Domain Relation Extraction with RLVR.” ACL 2026 (Oral Presentation)



RLVR – Example R1-RE

Dai, Runpeng, et al. “R1-RE: Cross-Domain Relation Extraction with RLVR.” ACL 2026 (Oral Presentation)



RLVR – The Entropy Mechanism

Without intervention, LLM tend exploit trade entropy for accuracy.



RLVR – Exploration and Exploitation

Exploitation: Take advantage of the best 

option we know. 

Exploration: Take some risk to collect 

information about unknown options.

A fundamental trade-off in RL, whether 

choosing the best action (token) each step 

or explore new actions.A real-life example of the exploration 
vs exploitation dilemma: where to eat?



RLVR – CDE (Curiosity Driven Exploration)

Curiosity-driven exploration is rooted in intrinsic motivation: just as children’s natural curiosity drives them to 

explore the unknown, discover, and learn, fostering curiosity in artificial agents can similarly drive meaningful 

exploration and growth.

Optimism In face of Uncertainty: Try things out—you might find something better!

In reinforcement learning, we can encourage curiosity by rewarding 
exploration that signals learning potential. Common measures include:

• State Nolvelty/Visitation (Count based)
• Agent’s Uncertainty. (Prediction based)

Dai, Runpeng, et al. "CDE: Curiosity-Driven Exploration for efficient reinforcement learning in large language models.” ICLR 2026.



Main Idea: Increase the reward of trajectories with higher Perplexity(PPL).

Main Idea: Bootstrap to capture the uncertainty of value estimate.

Actor Curiosity

Critic Curiosity

Dai, Runpeng, et al. "CDE: Curiosity-Driven Exploration for efficient reinforcement learning in large language models.” ICLR 2026.



RLVR – Other Debates

Even random reward works?

https://neurips.cc/virtual/2025/loc/san-diego/invited-talk/109603



Recap: SFT and RLVR

Off-policy training (SFT) relies on target outputs from external source that 
the student learns to imitate. 

• Off-policy learns contexts frequented by the teachers, not ones the 
student itself will often find itself in. If the student makes an early 
mistake that the teacher never makes, it finds itself diverging ever 
farther from the states it observed in training.

On-policy training (RLVR) samples rollouts from the student model itself 
and assigns them some reward. 

• On-policy training methods such as RLVR often rely on sparse, delayed 
rewards, making credit assignment difficult and optimization slow or 
unstable. Their performance may also plateau when the current policy 
cannot explore sufficiently.



https://thinkingmachines.ai/blog/on-policy-distillation/ Thinking Machine Labs

                                      

                  

teacher s conditional per token probability

The core idea of on-policy distillation is to sample trajectories from the student model and use a high-
performing teacher to grade each token of each trajectory. Returning to our math example above, on-
policy distillation would score each step of the solution punishing the mistakes that caused the 
student to arrive at the wrong answer while reinforcing the ones that were executed correctly.

https://thinkingmachines.ai/blog/on-policy-distillation/
https://thinkingmachines.ai/blog/on-policy-distillation/
https://thinkingmachines.ai/blog/on-policy-distillation/
https://thinkingmachines.ai/blog/on-policy-distillation/
https://thinkingmachines.ai/blog/on-policy-distillation/


On-Policy Distillation

On-policy distillation can use a variety of loss functions for grading the 
student’s trajectories. Per-token reverse KL — the divergence between 
the student’s and teacher’s distribution for each token conditioned on the 
same prior trajectory:

If we look at SFT, it is forward KL
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   p i =    v i n


   p 1 = max (  p i )
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  p = (  p 1 …    p m )  
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