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What you will learn today

• Today, we will cover: 

• Supervised Fine Tuning 

• Preference Policy Optimization to match user preferences 

• Policy Gradients methods to learn from a reward 

• Distillation and useful techniques for reusing your model.
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Post-Training: How a Raw LLM Becomes a Helpful Assistant 3

• Pretraining (base model): learns language + world knowledge via next-token prediction on 
huge corpora, but is unaligned, unsafe, format-inconsistent, and domain-blurry. 

• Post-training (behavior shaping): adds extra training to make the model follow 
instructions, match preferences, be safer, and perform on targeted tasks/domains. 

• Two main families: 

• Supervised demonstrations (input → target answer) 

• Preference-based alignment (“A is better than B”) 

• Reinforcement Learning from Verifiable Rewards (solving maths problems) 

• Many competing goals: post-training jointly pushes for helpfulness, safety, style, tool use, and 
domain adaptation, and these objectives can conflict. 

• Yet it can cause regressions (some abilities get worse) and forgetting of pretraining skills; 
behavior remains that of a huge black box. 

• Note: Post-training can be very cheap (<5% of pretraining compute) or quite large (up to 
50% in some systems, e.g. GROK-style models).



Disclaimer: Understanding LLMs

• High-dimensional statistical problems are hard: optimizing in very 
large parameter spaces has complex, poorly characterized geometry. 
 
 
 

• Neural nets are extreme cases: millions/billions of parameters, 
highly non-linear; the theory is limited so there is a classic curse of 
dimensionality. Post-training adds another layer of complexity. 

• Result: conflicting empirical findings: different setups lead to 
opposite-looking conclusions (some works say post-training learns new 
behaviors, others that it mainly amplifies pretrained one, e.g., "Echo 
Chamber: RL Post-training Amplifies Behaviors Learned in 
Pretraining")
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What Kinds of Tasks Does Post-Training Improve?
• Instruction following – do what you ask, not just continue text 

(follow steps, respect constraints, use tools). 

• Math & reasoning – structured problem solving, multi-step 
derivations, checking intermediate steps. 

• Code generation & debugging – write, refactor, and explain code; 
follow specs; generate tests. 

• Format-sensitive tasks – reliable JSON, API payloads, tables, style 
guides, report templates. 

• Dialogue & assistance – stay on topic, ask clarifying questions, 
remember context, be helpful. 

• Safety & preference alignment – avoid harmful outputs, follow 
policies, match desired tone/persona.
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How Do We Evaluate LLM Outputs at Scale?

• LLM outputs are hard to evaluate: quality depends on meaning, 
nuance, and context, not just exact string match. 

• Generation is often stochastic: the same prompt can yield 
different valid (or invalid) answers across samples. 

• Human eval is the gold standard, but it’s slow, costly, and hard to 
scale. 

• So we rely on automatic or semi-automatic evaluation: 
heuristics, model-based judges, and task-specific checks to measure 
quality at scale.

6



Approaches to Automatic LLM Evaluation

• Multiple-choice QA: compare model’s choice against the correct 
option 

• Exact answer matching: check whether the model’s answer 
matches a gold reference or unit tests 

• Constraint verification (e.g., regex and schema checks): validate 
format: JSON, email, dates, code style, etc. 

• Ad hoc ML tools or LLM-as-a-judge: rain a classifier to score 
correctness, toxicity, etc. or another LLM.
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Generating some text from LLMs
• Given a context                          , a model          outputs a distribution 

over next tokens where     is some temperature and a sigmoid   : 

• Decoding strategies: 

• Greedy: pick the most probable token at each step 

• Sampling: sample from the softmax distribution 

• Beam search: keep K best sequences, return highest log-prob one. 

• Generation loop: append the chosen token, update the context, and repeat 
until EOS, max length, or a stop sequence is reached. 

• We will study this in more detail during the next lecture.
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Type of datasets
• How they’re built: mix of public sources (chat logs, code, math, web, 

textbooks), heavily filtered and normalized (deduplicate, safety filters, 
format unification) and often converted into instruction → response 
pairs or preference pairs. 

• https://github.com/mlabonne/llm-datasets 

• https://meta-pytorch.org/torchtune/main/basics/
datasets_overview.html
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Dataset Category Size Short description

Nemotron-Post-Training-Dataset-v2 General-purpose SFT 6.34M Multilingual instructions

open-perfectblend General-purpose SFT 1.42M Mixed instructions

OpenMathInstruct-2 Math 14M Math reasoning

Ling-Coder-SFT Code 4.48M Multilingual code

luth-sft Multilingual 570K FR/EN instructions

WildChat-4.8M Real conversations 3.2M Clean chat logs

Skywork-Reward-Preference-80K-v0.2 Preference 77K Preference pairs

https://github.com/mlabonne/llm-datasets
https://meta-pytorch.org/torchtune/main/basics/datasets_overview.html
https://meta-pytorch.org/torchtune/main/basics/datasets_overview.html


SFT, RL, both?
• It’s still unclear what the right recipe is for our setting: SFT only, RL 

only, or a combination of both. 

• DeepSeek-R1-zero reports strong results using pure RL post training, 
suggesting SFT may not be strictly necessary for high performance. 

• However, their approach also highlights downsides in 
interpretability (human readability)… 

• We should treat the SFT vs RL (or hybrid) choice as an open design 
decision, not a settled best practice.

10



Outline of the lecture

• We will cover: 

• First: post-training via Supervised Fine-Tuning (SFT) 

• Then: how to leverage Reinforcement Learning (RL) 
for alignment and performance 

• Finally: Other post-training strategies useful for inference 
(e.g., continual learning, safety alignment) 

• Post-training is a big space: we’ll focus on the core ideas and 
standard building blocks.
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Supervised Demonstration 
Learning
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Supervised Fine-Tuning

• Provide task-specific examples tailored to your use case: Pairs of 
(input, desired output): prompts and target responses 

• Train the model to imitate these targets (minimize loss between 
prediction and target)
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Parameter-Efficient Fine-Tuning
• Fine-tuning is popular in research because it’s cheap and fast compared to full 

training from scratch. 

• You can adapt a base model to a domain, task, or style with relatively little data and 
compute. 

• Parameter-Efficient Fine-Tuning (PEFT) updates only a small set of parameters 
instead of the full model. 

• Common PEFT methods: 

• Adapters / LoRA: add small trainable matrices/modules; base weights stay frozen. 

• Prompt tuning / Prefix tuning: learn a small set of “virtual tokens” or prefixes 
prepended to the input. 

• Benefits of PEFT: 

• Lower GPU memory + faster training 

• Store and swap many task variants cheaply (one base model + small adapter 
files) 

• Often comparable quality to full fine-tuning for many tasks.
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Example 1: QLoRA. Efficient Finetuning of Quantized LLMs

• Objective: fine-tune large LLMs on a single GPU while keeping quality close 
to full fine-tuning. 

• Key idea: freeze the base model and train only a small number of 
parameters. 

• Step 1 — 4-bit quantize the pretrained weights: store the model in 4-bit 
to cut memory drastically (base weights stay frozen). 

• Step 2 — add LoRA adapters           to linear layersW: for a weight 
matrix the adapters are typically small rank with few trainable parameters. 

• Training: forward pass uses dequantized weights (typically into bf16/fp16) 
for compute, but gradients update only the LoRA adapters (not the frozen 4-
bit base weights). 

• One gets the memory savings of 4-bit storage + the flexibility of LoRA updates, 
enabling practical fine-tuning on limited hardware.
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Example 2: Assistant with Instruction Fine tuning
• Assistant SFT is still supervised fine-tuning — the main difference is how you 

design the dataset, not the optimization algorithm. 

• Data is formatted as multi-turn conversations with explicit roles (system / 
user / assistant). 

• Training target is the assistant’s messages only (user/system tokens are 
context). 

• Typical prompt format:  
<s>[INST] <<SYS>> {{ system_prompt }} <</SYS>> 
{{ user_message }} [/INST] 

• Often includes: 

• multiple turns (follow-ups, clarifications) 

• safety and style constraints in the system message 

• curated “good” assistant behavior (helpful, concise, refuses when needed)
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Reinforcement Learning 
Basics
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General idea of RL-HF (here PPO)
• RLHF (Reinforcement Learning from Human Feedback) aligns a model to human 

preferences. Typical pipeline: 

• (Optional) SFT warm-start: supervised fine-tune the base model on high-quality 
instruction/assistant data. 

• Reward model training: collect human preference comparisons (A vs B) and train a 
model to score responses. 

• RL fine-tuning: optimize the main model to maximize reward (often with a KL 
constraint to stay close to the SFT/base model).
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Crash Course in RL 19

• Let x be a prompt and y a completion. 

• View the LLM as a policy             : it generates tokens sequentially, 
parameterized by    . 

• Assume a reward signal              that scores the completion (learned from human 
preferences or defined by rules). 

• RL objective: find a policy that maximizes expected reward 
 
 
often with a KL regularization term to keep the policy close to a reference model       
.     (stability / preserving language quality). 

• Key questions (RLHF): 

• How do we learn the reward model      from comparisons? 

• How do we optimize the policy       to improve the expected reward (e.g., 
PPO/DPO-style methods)? 

• Note: RL is one framing for “optimize toward preferences,” but other solutions 
might exist.
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Preference Optimization
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From Rewards to Preferences
• We model evaluation as preferences between two completions for the same 

prompt. Let x be a prompt and            two candidate answers. 

• Humans tend to prefer the answer with higher latent “utility”          .  

• We turn utilities into probabilistic comparisons: the chance that      is 
preferred increases with the utility gap 

• Consequence: only differences within a prompt are observable → the 
reward is not identifiable in absolute value. 

• Adding any term that depends only on the prompt x cancels out in pairwise 
comparisons, which motivates the following equivalence relation. 

• In particular (but the induced equivalence relation would be too weak): 
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r(x, y)  r(x, y) ) r0(x, y)  r0(x, y)

<latexit sha1_base64="xY/UpZ1ZSkRqmwfTaHp3zip/8Dc=">AAAB/nicbVDLSsNAFL2pr1pfVZduBotQQUoioi6LblxWsA9oQ5lMJ+3YySTMTMQYCn6CW/0Ad+LWX3Htjzhts7CtBy4czrmXe+/xIs6Utu1vK7e0vLK6ll8vbGxube8Ud/caKowloXUS8lC2PKwoZ4LWNdOctiJJceBx2vSG12O/+UClYqG400lE3QD3BfMZwdpIDVl+PEmOu8WSXbEnQIvEyUgJMtS6xZ9OLyRxQIUmHCvVduxIuymWmhFOR4VOrGiEyRD3adtQgQOq3HRy7QgdGaWH/FCaEhpN1L8TKQ6USgLPdAZYD9S8Nxb/89qx9i/dlIko1lSQ6SI/5kiHaPw66jFJieaJIZhIZm5FZIAlJtoENLNFs+HTyKTizGewSBqnFee84tyelapXWT55OIBDKIMDF1CFG6hBHQjcwwu8wpv1bL1bH9bntDVnZTP7MAPr6xcGsZYx</latexit>

r(x, y)

<latexit sha1_base64="BaEb7cHXfHt8t/9mKG0Tb2D0Tbc="></latexit>

Pr(ya � yb | x) depends on r(x, ya)� r(x, yb).

<latexit sha1_base64="5Fnl7FqiJuE42YbT+UV4osD+GhY="></latexit>

r ⇠ r0 () 9f : 8x, y, r(x, y) = r0(x, y) + f(x).

<latexit sha1_base64="We/XguKim7Lxv3JdqEg6r6B8zoQ=">AAACAHicbVDLSgNBEOyNrxhfUY9eBoPgQcKuiHoMevEYwTwgWZbZyWwyZPbBTK+whlz8BK/6Ad7Eq3/i2R9xkuzBJBY0FFXddHf5iRQabfvbKqysrq1vFDdLW9s7u3vl/YOmjlPFeIPFMlZtn2ouRcQbKFDydqI4DX3JW/7wduK3HrnSIo4eMEu4G9J+JALBKBqpnXn0jGSe75UrdtWegiwTJycVyFH3yj/dXszSkEfIJNW649gJuiOqUDDJx6VuqnlC2ZD2ecfQiIZcu6PpvWNyYpQeCWJlKkIyVf9OjGiodRb6pjOkONCL3kT8z+ukGFy7IxElKfKIzRYFqSQYk8nzpCcUZygzQyhTwtxK2IAqytBENLcFxfBpbFJxFjNYJs3zqnNZde4vKrWbPJ8iHMExnIIDV1CDO6hDAxhIeIFXeLOerXfrw/qctRasfOYQ5mB9/QK2R5ck</latexit>ya, yb

<latexit sha1_base64="EYk9Ep/S7wzpFmufZfhYj0r0hqM=">AAAB+3icbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6rHoxWNFWwttKJvtpl262YTdiRBDfoJX/QHexKs/xrN/xG2bg219MPB4b4aZeX4suEbH+bZKK6tr6xvlzcrW9s7uXnX/oK2jRFHWopGIVMcnmgkuWQs5CtaJFSOhL9ijP76Z+I9PTGkeyQdMY+aFZCh5wClBI92nfdKv1py6M4W9TNyC1KBAs1/96Q0imoRMIhVE667rxOhlRCGnguWVXqJZTOiYDFnXUElCpr1sempunxhlYAeRMiXRnqp/JzISap2GvukMCY70ojcR//O6CQZXXsZlnCCTdLYoSISNkT352x5wxSiK1BBCFTe32nREFKFo0pnbgnz8nJtU3MUMlkn7rO5e1N2781rjusinDEdwDKfgwiU04Baa0AIKQ3iBV3izcuvd+rA+Z60lq5g5hDlYX7+LrZVs</latexit>ya



Training Reward Models
• Data setup (pairwise preferences): For each prompt x, we collect a 

preferred response      and a rejected response      to form a dataset     .  

• Then we model the probability to prefer      over      via 

• It gives a smooth, well-behaved binary classification objective 
(preferred vs rejected) via logistic regression: 

• Note that              give the same preference model. 

• This is the Bradley–Terry model:      is a latent “strength”, and 
preferences depend on score differences; with multiple answers it extends 
to Plackett–Luce (ranking) models.
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<latexit sha1_base64="wHcebryaYl9K+QqcYmwAFdD8cas=">AAACAHicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rj04jGCeUCyhNnJbDJkdnaZ6RXikouf4FU/wJt49U88+yNOkj2YxIKGoqqb7q4gkcKg6347K6tr6xubha3i9s7u3n7p4LBh4lQzXmexjHUroIZLoXgdBUreSjSnUSB5MxjeTvzmI9dGxOoBRwn3I9pXIhSMopVautvBAUfaLZXdijsFWSZeTsqQo9Yt/XR6MUsjrpBJakzbcxP0M6pRMMnHxU5qeELZkPZ521JFI278bHrvmJxapUfCWNtSSKbq34mMRsaMosB2RhQHZtGbiP957RTDaz8TKkmRKzZbFKaSYEwmz5Oe0JyhHFlCmRb2VsIGVFOGNqK5LSiGT2ObireYwTJpnFe8y4p3f1Gu3uT5FOAYTuAMPLiCKtxBDerAQMILvMKb8+y8Ox/O56x1xclnjmAOztcviMWXqA==</latexit>r✓

<latexit sha1_base64="9QXqdDT/fbUNcCtLIX+d19mgmfg=">AAACEnicbVDLSsNAFJ3UV62vqBvBzWARXZVERF0W3bisYB/QhDCZTtqhkwczN0IN9Sv8BLf6Ae7ErT/g2h9x0mZhWw9cOHPOvdy5x08EV2BZ30ZpaXllda28XtnY3NreMXf3WipOJWVNGotYdnyimOARawIHwTqJZCT0BWv7w5vcbz8wqXgc3cMoYW5I+hEPOCWgJc88kJ4DAwbEUTzE0sumr5OxZ1atmjUBXiR2QaqoQMMzf5xeTNOQRUAFUaprWwm4GZHAqWDjipMqlhA6JH3W1TQiIVNuNrlgjI+10sNBLHVFgCfq34mMhEqNQl93hgQGat7Lxf+8bgrBlZvxKEmBRXS6KEgFhhjnceAel4yCGGlCqOT6r5gOiCQUdGgzW4APH/NU7PkMFknrrGZf1Oy782r9usinjA7RETpFNrpEdXSLGqiJKHpCL+gVvRnPxrvxYXxOW0tGMbOPZmB8/QJzpZ6g</latexit>r✓ ⇠ r✓0

<latexit sha1_base64="cMcpQJKyxOAHBYbidBVCuTHzH4s=">AAAB+3icbVBNS8NAEJ3Ur1q/qh69BIsgCCURUY9FLx4r2g9oQ9lsN+3SzSbsToQY+hO86g/wJl79MZ79I27bHGzrg4HHezPMzPNjwTU6zrdVWFldW98obpa2tnd298r7B00dJYqyBo1EpNo+0UxwyRrIUbB2rBgJfcFa/uh24reemNI8ko+YxswLyUDygFOCRnpIe2e9csWpOlPYy8TNSQVy1Hvln24/oknIJFJBtO64ToxeRhRyKti41E00iwkdkQHrGCpJyLSXTU8d2ydG6dtBpExJtKfq34mMhFqnoW86Q4JDvehNxP+8ToLBtZdxGSfIJJ0tChJhY2RP/rb7XDGKIjWEUMXNrTYdEkUomnTmtiAfPY9NKu5iBsukeV51L6vu/UWldpPnU4QjOIZTcOEKanAHdWgAhQG8wCu8WWPr3fqwPmetBSufOYQ5WF+/Nj+VNg==</latexit>y+
<latexit sha1_base64="eJc3Pjqn6G/+aii9WUoKepfhIHM=">AAAB+3icbVBNS8NAEJ3Ur1q/qh69BIvgxZKIqMeiF48V7Qe0oWy2m3bpZhN2J0IM/Qle9Qd4E6/+GM/+EbdtDrb1wcDjvRlm5vmx4Bod59sqrKyurW8UN0tb2zu7e+X9g6aOEkVZg0YiUm2faCa4ZA3kKFg7VoyEvmAtf3Q78VtPTGkeyUdMY+aFZCB5wClBIz2kvbNeueJUnSnsZeLmpAI56r3yT7cf0SRkEqkgWndcJ0YvIwo5FWxc6iaaxYSOyIB1DJUkZNrLpqeO7ROj9O0gUqYk2lP170RGQq3T0DedIcGhXvQm4n9eJ8Hg2su4jBNkks4WBYmwMbInf9t9rhhFkRpCqOLmVpsOiSIUTTpzW5CPnscmFXcxg2XSPK+6l1X3/qJSu8nzKcIRHMMpuHAFNbiDOjSAwgBe4BXerLH1bn1Yn7PWgpXPHMIcrK9fOWmVOA==</latexit>y�

<latexit sha1_base64="crgkum7sBmNN5yq48RalGRKl9IQ=">AAACA3icbVDLSgMxFM3UV62vqks3wSK4KjMi6rKoC5cV7APaoWTSTBuaSYbkjlCHLv0Et/oB7sStH+LaHzHTzsK2HggczrmXe3KCWHADrvvtFFZW19Y3ipulre2d3b3y/kHTqERT1qBKKN0OiGGCS9YADoK1Y81IFAjWCkY3md96ZNpwJR9gHDM/IgPJQ04JWKnTjQgMKRHp7aRXrrhVdwq8TLycVFCOeq/80+0rmkRMAhXEmI7nxuCnRAOngk1K3cSwmNARGbCOpZJEzPjpNPIEn1ilj0Ol7ZOAp+rfjZRExoyjwE5mEc2il4n/eZ0Ewis/5TJOgEk6OxQmAoPC2f9xn2tGQYwtIVRzmxXTIdGEgm1p7grw0VPWirfYwTJpnlW9i6p3f16pXef9FNEROkanyEOXqIbuUB01EEUKvaBX9OY8O+/Oh/M5Gy04+c4hmoPz9Qvh5Zj1</latexit>D

<latexit sha1_base64="nlJ5og0MmhQABlmLlXAshTOPBfQ=">AAACHHicbZDLSsNAFIYn9VbrLerSzdAiVMSSiKgboejGZQV7gSaWyXTSDp1cmDkRasjep/AR3OoDuBO3gmtfxOllYas/DPz85xzOmc+LBVdgWV9GbmFxaXklv1pYW9/Y3DK3dxoqSiRldRqJSLY8opjgIasDB8FasWQk8ARreoOrUb15z6TiUXgLw5i5AemF3OeUgI46ZtFRvBeQMhzgC+z4ktDUzlIbH2J2lx5BllUKHbNkVayx8F9jT00JTVXrmN9ON6JJwEKggijVtq0Y3JRI4FSwrOAkisWEDkiPtbUNScCUm47/kuF9nXSxH0n9QsDj9PdESgKlhoGnOwMCfTVfG4X/1doJ+OduysM4ARbSySI/ERgiPAKDu1wyCmKoDaGS61sx7RMNBDS+mS3ABw+ZpmLPM/hrGscV+7Ri35yUqpdTPnm0h4qojGx0hqroGtVQHVH0iJ7RC3o1now34934mLTmjOnMLpqR8fkDqzugkg==</latexit>

�(t) =
1

1 + e�t
.

<latexit sha1_base64="cMcpQJKyxOAHBYbidBVCuTHzH4s=">AAAB+3icbVBNS8NAEJ3Ur1q/qh69BIsgCCURUY9FLx4r2g9oQ9lsN+3SzSbsToQY+hO86g/wJl79MZ79I27bHGzrg4HHezPMzPNjwTU6zrdVWFldW98obpa2tnd298r7B00dJYqyBo1EpNo+0UxwyRrIUbB2rBgJfcFa/uh24reemNI8ko+YxswLyUDygFOCRnpIe2e9csWpOlPYy8TNSQVy1Hvln24/oknIJFJBtO64ToxeRhRyKti41E00iwkdkQHrGCpJyLSXTU8d2ydG6dtBpExJtKfq34mMhFqnoW86Q4JDvehNxP+8ToLBtZdxGSfIJJ0tChJhY2RP/rb7XDGKIjWEUMXNrTYdEkUomnTmtiAfPY9NKu5iBsukeV51L6vu/UWldpPnU4QjOIZTcOEKanAHdWgAhQG8wCu8WWPr3fqwPmetBSufOYQ5WF+/Nj+VNg==</latexit>y+
<latexit sha1_base64="eJc3Pjqn6G/+aii9WUoKepfhIHM=">AAAB+3icbVBNS8NAEJ3Ur1q/qh69BIvgxZKIqMeiF48V7Qe0oWy2m3bpZhN2J0IM/Qle9Qd4E6/+GM/+EbdtDrb1wcDjvRlm5vmx4Bod59sqrKyurW8UN0tb2zu7e+X9g6aOEkVZg0YiUm2faCa4ZA3kKFg7VoyEvmAtf3Q78VtPTGkeyUdMY+aFZCB5wClBIz2kvbNeueJUnSnsZeLmpAI56r3yT7cf0SRkEqkgWndcJ0YvIwo5FWxc6iaaxYSOyIB1DJUkZNrLpqeO7ROj9O0gUqYk2lP170RGQq3T0DedIcGhXvQm4n9eJ8Hg2su4jBNkks4WBYmwMbInf9t9rhhFkRpCqOLmVpsOiSIUTTpzW5CPnscmFXcxg2XSPK+6l1X3/qJSu8nzKcIRHMMpuHAFNbiDOjSAwgBe4BXerLH1bn1Yn7PWgpXPHMIcrK9fOWmVOA==</latexit>y�

with

<latexit sha1_base64="5QOTeBb0t3UcljCNceA2hcNaY48="></latexit>

Pr(y+ � y� | x) = �
⇣
r✓(x, y+)� r✓(x, y�)

⌘

<latexit sha1_base64="ZZu9hK5k7RRHgS2i+Vy/lCSWvos="></latexit>

LR(✓) = �E(x,y+,y�)⇠D

h
log �

�
r✓(x, y+)� r✓(x, y�)

�i
.



RL Fine-Tuning Phase
• Recall that the KL divergence between    and        is given by 

 
 

• Policy optimization (RLHF): Once we have a reward model, we fine-tune 
the LLM policy      by maximizing reward while staying close to a reference 
policy       (the supervised/SFT model), via a KL-regularized objective. 
 

• The KL penalty prevents       from drifting too far from       , providing 
essential regularization and stabilizing training. 

• Nice property: this KL-regularized objective admits a closed-form 
optimal policy given by 
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<latexit sha1_base64="/5e4Pqrm8lXgGpbBU/h1K3wV1dM="></latexit>

max
�

Ex⇠D, y⇠⇡�(·|x)

h
r✓(x, y) � �KL

�
⇡�(· | x) k⇡ref(· | x)

� i
.

<latexit sha1_base64="g7cO0tdihDC1Z8Fe2MTowhu12I0="></latexit>

KL(⇡(· | x) k⇡ref(· | x)) = Ey⇠⇡(·|x)


log

⇡(y | x)
⇡ref(y | x)

�
=

X

y

⇡(y | x) log ⇡(y | x)
⇡ref(y | x) .

<latexit sha1_base64="YLoW+Abs5OwQhoRJZjpwJidl1Ik="></latexit>

⇡⇤(y | x) / ⇡ref(y | x) e r✓(x,y)/� .

<latexit sha1_base64="+3J8LHYdHmtFnKDQpX5oesr58yg=">AAACAHicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rj04jGCeUB2CbOT2WTI7Owy0yvEkIuf4FU/wJt49U88+yNOkj2YxIKGoqqb7q4wlcKg6347K6tr6xubha3i9s7u3n7p4LBhkkwzXmeJTHQrpIZLoXgdBUreSjWncSh5MxzcTvzmI9dGJOoBhykPYtpTIhKMopVafio6ftoXnVLZrbhTkGXi5aQMOWqd0o/fTVgWc4VMUmPanptiMKIaBZN8XPQzw1PKBrTH25YqGnMTjKb3jsmpVbokSrQthWSq/p0Y0diYYRzazphi3yx6E/E/r51hdB2MhEoz5IrNFkWZJJiQyfOkKzRnKIeWUKaFvZWwPtWUoY1obguKwdPYpuItZrBMGucV77Li3V+Uqzd5PgU4hhM4Aw+uoAp3UIM6MJDwAq/w5jw7786H8zlrXXHymSOYg/P1C2vql5Y=</latexit>⇡�
<latexit sha1_base64="v5FzSFBFhOrZAuurlOgzlQC+Qhg=">AAACCnicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdVl047KCfUATymR60w6dTMLMpFBD/8BPcKsf4E7c+hOu/REnbRa29cCFwzn3cg8nSDhT2nG+rdLa+sbmVnm7srO7t39gHx61VJxKCk0a81h2AqKAMwFNzTSHTiKBRAGHdjC6y/32GKRisXjUkwT8iAwECxkl2kg92/YS1vMioocyyiSE055ddWrODHiVuAWpogKNnv3j9WOaRiA05USprusk2s+I1IxymFa8VEFC6IgMoGuoIBEoP5sln+Izo/RxGEszQuOZ+vciI5FSkygwm3lGtezl4n9eN9XhjZ8xkaQaBJ0/ClOOdYzzGnCfSaCaTwwhVDKTFdMhkYRqU9bCF81GT3kr7nIHq6R1UXOvau7DZbV+W/RTRifoFJ0jF12jOrpHDdREFI3RC3pFb9az9W59WJ/z1ZJV3ByjBVhfv7jhm5Q=</latexit>⇡ref

<latexit sha1_base64="+3J8LHYdHmtFnKDQpX5oesr58yg=">AAACAHicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rj04jGCeUB2CbOT2WTI7Owy0yvEkIuf4FU/wJt49U88+yNOkj2YxIKGoqqb7q4wlcKg6347K6tr6xubha3i9s7u3n7p4LBhkkwzXmeJTHQrpIZLoXgdBUreSjWncSh5MxzcTvzmI9dGJOoBhykPYtpTIhKMopVafio6ftoXnVLZrbhTkGXi5aQMOWqd0o/fTVgWc4VMUmPanptiMKIaBZN8XPQzw1PKBrTH25YqGnMTjKb3jsmpVbokSrQthWSq/p0Y0diYYRzazphi3yx6E/E/r51hdB2MhEoz5IrNFkWZJJiQyfOkKzRnKIeWUKaFvZWwPtWUoY1obguKwdPYpuItZrBMGucV77Li3V+Uqzd5PgU4hhM4Aw+uoAp3UIM6MJDwAq/w5jw7786H8zlrXXHymSOYg/P1C2vql5Y=</latexit>⇡�
<latexit sha1_base64="v5FzSFBFhOrZAuurlOgzlQC+Qhg=">AAACCnicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdVl047KCfUATymR60w6dTMLMpFBD/8BPcKsf4E7c+hOu/REnbRa29cCFwzn3cg8nSDhT2nG+rdLa+sbmVnm7srO7t39gHx61VJxKCk0a81h2AqKAMwFNzTSHTiKBRAGHdjC6y/32GKRisXjUkwT8iAwECxkl2kg92/YS1vMioocyyiSE055ddWrODHiVuAWpogKNnv3j9WOaRiA05USprusk2s+I1IxymFa8VEFC6IgMoGuoIBEoP5sln+Izo/RxGEszQuOZ+vciI5FSkygwm3lGtezl4n9eN9XhjZ8xkaQaBJ0/ClOOdYzzGnCfSaCaTwwhVDKTFdMhkYRqU9bCF81GT3kr7nIHq6R1UXOvau7DZbV+W/RTRifoFJ0jF12jOrpHDdREFI3RC3pFb9az9W59WJ/z1ZJV3ByjBVhfv7jhm5Q=</latexit>⇡ref

<latexit sha1_base64="zrL9LFPRYfNt7/I6ohXG8076F3Q=">AAAB+3icbVBNT8JAEJ3iF+IX6tHLRmLiibTGqEeiF48YBUmgIdtlCxu222Z3aoKkP8Gr/gBvxqs/xrN/xAV6EPAlk7y8N5OZeUEihUHX/XYKK6tr6xvFzdLW9s7uXnn/oGniVDPeYLGMdSughkuheAMFSt5KNKdRIPljMLyZ+I9PXBsRqwccJdyPaF+JUDCKVrrvJKJbrrhVdwqyTLycVCBHvVv+6fRilkZcIZPUmLbnJuiPqUbBJM9KndTwhLIh7fO2pYpG3Pjj6akZObFKj4SxtqWQTNW/E2MaGTOKAtsZURyYRW8i/ue1Uwyv/LFQSYpcsdmiMJUEYzL5m/SE5gzlyBLKtLC3EjagmjK06cxtQTF8zmwq3mIGy6R5VvUuqt7deaV2nedThCM4hlPw4BJqcAt1aACDPrzAK7w5mfPufDifs9aCk88cwhycr1+FMJVo</latexit>⇡ <latexit sha1_base64="v5FzSFBFhOrZAuurlOgzlQC+Qhg=">AAACCnicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdVl047KCfUATymR60w6dTMLMpFBD/8BPcKsf4E7c+hOu/REnbRa29cCFwzn3cg8nSDhT2nG+rdLa+sbmVnm7srO7t39gHx61VJxKCk0a81h2AqKAMwFNzTSHTiKBRAGHdjC6y/32GKRisXjUkwT8iAwECxkl2kg92/YS1vMioocyyiSE055ddWrODHiVuAWpogKNnv3j9WOaRiA05USprusk2s+I1IxymFa8VEFC6IgMoGuoIBEoP5sln+Izo/RxGEszQuOZ+vciI5FSkygwm3lGtezl4n9eN9XhjZ8xkaQaBJ0/ClOOdYzzGnCfSaCaTwwhVDKTFdMhkYRqU9bCF81GT3kr7nIHq6R1UXOvau7DZbV+W/RTRifoFJ0jF12jOrpHDdREFI3RC3pFb9az9W59WJ/z1ZJV3ByjBVhfv7jhm5Q=</latexit>⇡ref



Proof
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<latexit sha1_base64="cOdGyaxP/6mI0/eC1FodCzmEE7c="></latexit>

Ey⇠⇡(·|x)

h
r(x, y)� �KL

�
⇡(· | x) k⇡ref(· | x)

�i
=

X

y

⇡(y | x) r(x, y)� �
X

y

⇡(y | x) log ⇡(y | x)
⇡ref(y | x)

• We can minimise point wise in x the following:

<latexit sha1_base64="2IYUv2OXIh3x6blk3Q2wBf11R40="></latexit>

log ⇡(y | x) = log ⇡ref(y | x) + 1

�

�
r(x, y) + �x � �

�
=) ⇡(y | x) / ⇡ref(y | x) e r(x,y)/� .

• Use KKT conditions and the Lagrangian multiplier:
<latexit sha1_base64="OcoG1E1Rl0nlUkN6QVCTpN2P+LQ="></latexit>

@Lx

@⇡(y | x) = r(x, y)� �(log ⇡(y | x)� log ⇡ref(y | x) + 1) + �x = 0.

• It’s easy to see that the right term is concave in           , so we introduce 
the Lagrangian:

<latexit sha1_base64="DQmGePpjxf3Vtf/Dmniag0eOXRQ="></latexit>

Lx(⇡,�) =
X

y

⇡(y | x) r(x, y)� �
X

y

⇡(y | x) log ⇡(y | x)
⇡ref(y | x) + �

 
X

y

⇡(y | x)� 1

!

<latexit sha1_base64="YJIdDPmHceGMf0p4ugZkRFBk53w=">AAACAHicbVDLSgNBEOz1GeMr6tHLYBDiJeyKqMegF48RzAOSJcxOJsmQ2QczveK65uIneNUP8CZe/RPP/oiTZA8msaChqOqmu8uLpNBo29/W0vLK6tp6biO/ubW9s1vY26/rMFaM11goQ9X0qOZSBLyGAiVvRopT35O84Q2vx37jnistwuAOk4i7Pu0HoicYRSM125EoJU8PJ51C0S7bE5BF4mSkCBmqncJPuxuy2OcBMkm1bjl2hG5KFQom+SjfjjWPKBvSPm8ZGlCfazed3Dsix0bpkl6oTAVIJurfiZT6Wie+Zzp9igM9743F/7xWjL1LNxVBFCMP2HRRL5YEQzJ+nnSF4gxlYghlSphbCRtQRRmaiGa2oBg+jkwqznwGi6R+WnbOy87tWbFyleWTg0M4ghI4cAEVuIEq1ICBhBd4hTfr2Xq3PqzPaeuSlc0cwAysr18Jd5dY</latexit>

⇡(y|x)



Direct Policy Optimization
• Parameterize the optimal policy: given a reward function the KL-regularized 

optimum has an explicit form: 
 
The partition function normalizes this distribution. 

• Rewrite reward via the optimal policy: This relationship can be inverted 
to express the reward (up to an additive constant) in terms of the log-ratio: 

• Plugging this parameterization into the reward-model preference loss shows it is 
equivalent to training the policy directly from preferences: 
 
 
 

• Outcome: We eliminate the need for an ad-hoc standalone reward model: 
we learn     from preference pairs while        acts as the anchor (regularizer).
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<latexit sha1_base64="IO6a4TpS4+zevnjGl73bDv39NxY="></latexit>

⇡✓(y | x) = Z(x, ✓)⇡ref(y | x) e r✓(x,y)/� .

<latexit sha1_base64="nVApIHpUTns8asQNE3S+bycpomc="></latexit>

Z(x, ✓) =

Z

y
⇡ref(y | x) exp

✓
1

�
r✓(x, y)

◆
dy.

<latexit sha1_base64="goG7nt14Y0SB/+n7ZxZefry6L/A="></latexit>

r✓(x, y) = � log
⇡✓(y | x)
⇡ref(y | x) + � logZ(x, ✓).

<latexit sha1_base64="ZZu9hK5k7RRHgS2i+Vy/lCSWvos="></latexit>

LR(✓) = �E(x,y+,y�)⇠D

h
log �

�
r✓(x, y+)� r✓(x, y�)

�i
.

<latexit sha1_base64="6WzQKGUPO40cpzfdrNZl74xaqxU=">AAACAnicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6rHoxWMF+4FNKJvtpl262YTdiVBDb/4Er/oDvIlX/4hn/4jbNgfb+mDg8d4MM/OCRHCNjvNtFVZW19Y3ipulre2d3b3y/kFTx6mirEFjEat2QDQTXLIGchSsnShGokCwVjC8mfitR6Y0j+U9jhLmR6QvecgpQSM9eAnvejhgSLrlilN1prCXiZuTCuSod8s/Xi+macQkUkG07rhOgn5GFHIq2LjkpZolhA5Jn3UMlSRi2s+mF4/tE6P07DBWpiTaU/XvREYirUdRYDojggO96E3E/7xOiuGVn3GZpMgknS0KU2FjbE/et3tcMYpiZAihiptbbTogilA0Ic1tQT58GptU3MUMlknzrOpeVN2780rtOs+nCEdwDKfgwiXU4Bbq0AAKEl7gFd6sZ+vd+rA+Z60FK585hDlYX78N55h/</latexit>⇡✓
<latexit sha1_base64="v5FzSFBFhOrZAuurlOgzlQC+Qhg=">AAACCnicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdVl047KCfUATymR60w6dTMLMpFBD/8BPcKsf4E7c+hOu/REnbRa29cCFwzn3cg8nSDhT2nG+rdLa+sbmVnm7srO7t39gHx61VJxKCk0a81h2AqKAMwFNzTSHTiKBRAGHdjC6y/32GKRisXjUkwT8iAwECxkl2kg92/YS1vMioocyyiSE055ddWrODHiVuAWpogKNnv3j9WOaRiA05USprusk2s+I1IxymFa8VEFC6IgMoGuoIBEoP5sln+Izo/RxGEszQuOZ+vciI5FSkygwm3lGtezl4n9eN9XhjZ8xkaQaBJ0/ClOOdYzzGnCfSaCaTwwhVDKTFdMhkYRqU9bCF81GT3kr7nIHq6R1UXOvau7DZbV+W/RTRifoFJ0jF12jOrpHDdREFI3RC3pFb9az9W59WJ/z1ZJV3ByjBVhfv7jhm5Q=</latexit>⇡ref

<latexit sha1_base64="P0elv3fVsuJpHNrFPwfgJDwuKR8="></latexit>

LDPO(✓) = �E(x,y+,y�)⇠D

"
log �

⇣
� log

⇡✓(y+ | x)⇡ref(y� | x)
⇡✓(y� | x)⇡ref(y+ | x)

⌘#
.

or, equivalently



• Recall that the likelihood of a preference is given by 
 
 
and the implicit reward is given here by 

• So that DPOs gradient write 

• Updates are largest when the reference ratio doesn’t clearly separate 
winner vs loser, and shrink when the preference is already strongly 
satisfied 

• If the model is sure i.e.                           , then the gradient vanishes. 

• If the model is unsure                               , the the update is 
moderate. 

• If the model strongly disagrees                              , then the gradient 
is huge.
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<latexit sha1_base64="goG7nt14Y0SB/+n7ZxZefry6L/A="></latexit>

r✓(x, y) = � log
⇡✓(y | x)
⇡ref(y | x) + � logZ(x, ✓).

Increase likelihood 
of 

Decrease likelihood 
of <latexit sha1_base64="cMcpQJKyxOAHBYbidBVCuTHzH4s=">AAAB+3icbVBNS8NAEJ3Ur1q/qh69BIsgCCURUY9FLx4r2g9oQ9lsN+3SzSbsToQY+hO86g/wJl79MZ79I27bHGzrg4HHezPMzPNjwTU6zrdVWFldW98obpa2tnd298r7B00dJYqyBo1EpNo+0UxwyRrIUbB2rBgJfcFa/uh24reemNI8ko+YxswLyUDygFOCRnpIe2e9csWpOlPYy8TNSQVy1Hvln24/oknIJFJBtO64ToxeRhRyKti41E00iwkdkQHrGCpJyLSXTU8d2ydG6dtBpExJtKfq34mMhFqnoW86Q4JDvehNxP+8ToLBtZdxGSfIJJ0tChJhY2RP/rb7XDGKIjWEUMXNrTYdEkUomnTmtiAfPY9NKu5iBsukeV51L6vu/UWldpPnU4QjOIZTcOEKanAHdWgAhQG8wCu8WWPr3fqwPmetBSufOYQ5WF+/Nj+VNg==</latexit>y+

<latexit sha1_base64="eJc3Pjqn6G/+aii9WUoKepfhIHM=">AAAB+3icbVBNS8NAEJ3Ur1q/qh69BIvgxZKIqMeiF48V7Qe0oWy2m3bpZhN2J0IM/Qle9Qd4E6/+GM/+EbdtDrb1wcDjvRlm5vmx4Bod59sqrKyurW8UN0tb2zu7e+X9g6aOEkVZg0YiUm2faCa4ZA3kKFg7VoyEvmAtf3Q78VtPTGkeyUdMY+aFZCB5wClBIz2kvbNeueJUnSnsZeLmpAI56r3yT7cf0SRkEqkgWndcJ0YvIwo5FWxc6iaaxYSOyIB1DJUkZNrLpqeO7ROj9O0gUqYk2lP170RGQq3T0DedIcGhXvQm4n9eJ8Hg2su4jBNkks4WBYmwMbInf9t9rhhFkRpCqOLmVpsOiSIUTTpzW5CPnscmFXcxg2XSPK+6l1X3/qJSu8nzKcIRHMMpuHAFNbiDOjSAwgBe4BXerLH1bn1Yn7PWgpXPHMIcrK9fOWmVOA==</latexit>y�

<latexit sha1_base64="uALLkKd8VrP+Qr5i+l1jwyVdZoo=">AAACHHicbVDJSgNBEO2JW4zbqEcvTYKQoIYZEfUY9OIxglkgMww9nU7SpGehu0YcQ+5+hZ/gVT/Am3gVPPsjdpaDSXxQ8Hiviqp6fiy4Asv6NjJLyyura9n13Mbm1vaOubtXV1EiKavRSESy6RPFBA9ZDTgI1owlI4EvWMPvX4/8xj2TikfhHaQxcwPSDXmHUwJa8sy89BzoMSDFh+PUOyo5QuAZ6aTkmQWrbI2BF4k9JQU0RdUzf5x2RJOAhUAFUaplWzG4AyKBU8GGOSdRLCa0T7qspWlIAqbcwfiXIT7USht3IqkrBDxW/04MSKBUGvi6MyDQU/PeSPzPayXQuXQHPIwTYCGdLOokAkOER8HgNpeMgkg1IVRyfSumPSIJBR3fzBbg/cehTsWez2CR1E/L9nnZvj0rVK6m+WTRAcqjIrLRBaqgG1RFNUTRE3pBr+jNeDbejQ/jc9KaMaYz+2gGxtcvCtuhZg==</latexit>

r✓(x, y+) ⌧ r✓(x, y�)

<latexit sha1_base64="haQCQGQMnfCBc0+7VrH+uxhqDd0=">AAACIHicbVDLTgJBEJzFF+IL9ehlItFAVLJrjHokevGIiYAJbDazwwATZmc3M70GJPyBX+EneNUP8GY86tUfcYA9CFhJJ5Wq7nR3+ZHgGmz7y0otLC4tr6RXM2vrG5tb2e2dqg5jRVmFhiJU9z7RTHDJKsBBsPtIMRL4gtX87vXIrz0wpXko76AfMTcgbclbnBIwkpc9VF4DOgxIvnfc944KDRJFKuzhKfmk4GVzdtEeA88TJyE5lKDsZX8azZDGAZNABdG67tgRuAOigFPBhplGrFlEaJe0Wd1QSQKm3cH4nyE+MEoTt0JlSgIeq38nBiTQuh/4pjMg0NGz3kj8z6vH0Lp0B1xGMTBJJ4tascAQ4lE4uMkVoyD6hhCquLkV0w5RhIKJcGoL8O7j0KTizGYwT6qnRee86Nye5UpXST5ptIf2UR456AKV0A0qowqi6Am9oFf0Zj1b79aH9TlpTVnJzC6agvX9C6Cuo1A=</latexit>

r✓(x, y+) ⇡ r✓(x, y�)

<latexit sha1_base64="MXnQmOgsSomeVcEMevQvhIrxJFY=">AAACHHicbVDJSgNBEO2JW4zbqEcvTYKQoIYZEfUY9OIxglkgMww9nU7SpGehu0aMQ+5+hZ/gVT/Am3gVPPsjdpaDSXxQ8Hiviqp6fiy4Asv6NjJLyyura9n13Mbm1vaOubtXV1EiKavRSESy6RPFBA9ZDTgI1owlI4EvWMPvX4/8xj2TikfhHQxi5gakG/IOpwS05Jl56TnQY0CKD8cD76jkdLt4RjopeWbBKltj4EViT0kBTVH1zB+nHdEkYCFQQZRq2VYMbkokcCrYMOckisWE9kmXtTQNScCUm45/GeJDrbRxJ5K6QsBj9e9ESgKlBoGvOwMCPTXvjcT/vFYCnUs35WGcAAvpZFEnERgiPAoGt7lkFMRAE0Il17di2iOSUNDxzWwB3n8c6lTs+QwWSf20bJ+X7duzQuVqmk8WHaA8KiIbXaAKukFVVEMUPaEX9IrejGfj3fgwPietGWM6s49mYHz9AvpVoVw=</latexit>

r✓(x, y+) � r✓(x, y�)

<latexit sha1_base64="5QOTeBb0t3UcljCNceA2hcNaY48="></latexit>

Pr(y+ � y� | x) = �
⇣
r✓(x, y+)� r✓(x, y�)

⌘

<latexit sha1_base64="P0Sv0Q/2t0ffLpdMKTTsySubPD0="></latexit>

r✓LDPO = �� E(x,y+,y�)⇠D

h
�(r✓(x, y�)� r✓(x, y+))

�
r✓ log ⇡✓(y+ | x)�r� log ⇡✓(y� | x)

�i
.



Policy Gradients

27



Policy Gradient
• Policy-based RL: parameterize a stochastic policy           , that 

satisfies      
 
 
For LLMs: actions = tokens, state = prompt + prefix with a much more 
general scope than DPO. 

• Objective: maximize the expected return, obtained from generated 
samples                  by sampling actions from                    and 
maximise 

• Policy gradient (REINFORCE): 
 
 
where the advantage function is obtained from any baseline b:
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<latexit sha1_base64="Cqlpj2xefdqe7MiuPZcHrZT7AN8=">AAACEHicbVDLSsNAFJ34rPUVFdy4GSyCq5KIqMuiG5dV7AOaWCbTaTt0MgkzN0KN+Qk/wa1+gDtx6x+49kectF3Y1gMXDufcyz2cIBZcg+N8WwuLS8srq4W14vrG5ta2vbNb11GiKKvRSESqGRDNBJesBhwEa8aKkTAQrBEMrnK/8cCU5pG8g2HM/JD0JO9ySsBIbXvfgz4D4nGJvZBAPwjS2+y+07ZLTtkZAc8Td0JKaIJq2/7xOhFNQiaBCqJ1y3Vi8FOigFPBsqKXaBYTOiA91jJUkpBpPx3lz/CRUTq4GykzEvBI/XuRklDrYRiYzTyjnvVy8T+vlUD3wk+5jBNgko4fdROBIcJ5GbjDFaMghoYQqrjJimmfKELBVDb1BfjgMTOtuLMdzJP6Sdk9K7s3p6XK5aSfAjpAh+gYuegcVdA1qqIaougJvaBX9GY9W+/Wh/U5Xl2wJjd7aArW1y/Npp29</latexit>

✓ 2 Rd

<latexit sha1_base64="BE379/tLBje9UapGI5bf1LpRUwc=">AAACFHicbVDJSgNBEO1xjXGLetNLYxDiJcyIqBch6MVjBLNAJgw1nU7SpGehu0aIY8Cv8BO86gd4E6/ePfsjdpaDSXxQ8Hiviqp6fiyFRtv+thYWl5ZXVjNr2fWNza3t3M5uVUeJYrzCIhmpug+aSxHyCgqUvB4rDoEvec3vXQ/92j1XWkThHfZj3gygE4q2YIBG8nL7rk4CD6gbCy91scsRBgV41MeXjpfL20V7BDpPnAnJkwnKXu7HbUUsCXiITILWDceOsZmCQsEkH2TdRPMYWA86vGFoCAHXzXT0w4AeGaVF25EyFSIdqX8nUgi07ge+6QwAu3rWG4r/eY0E2xfNVIRxgjxk40XtRFKM6DAQ2hKKM5R9Q4ApYW6lrAsKGJrYprag6D0MTCrObAbzpHpSdM6Kzu1pvnQ1ySdDDsghKRCHnJMSuSFlUiGMPJEX8krerGfr3fqwPsetC9ZkZo9Mwfr6BSCGnug=</latexit>X

a

⇡✓(a|s) = 1

<latexit sha1_base64="B3qU3HHS1NxkB9YjPFPGF9stxl0="></latexit>

r✓J(✓) = E⇡✓

"
X

t

r✓ log ⇡✓(at | st) Ât

#
.

<latexit sha1_base64="4g/r949EONR1gYRPZJV7795zuOQ=">AAACJ3icbVDJSgNBEO2JW4zbqEcvjUGIB8OMiHoRgiKIpwhmgcww9HQ6SZOehe4aIQ7zFX6Fn+BVP8Cb6FH8ETvLwSQ+KHi8V0VVPT8WXIFlfRm5hcWl5ZX8amFtfWNzy9zeqasokZTVaCQi2fSJYoKHrAYcBGvGkpHAF6zh96+GfuOBScWj8B4GMXMD0g15h1MCWvLMo9uSAz0G5PDCCQj0fD+9zrzUibk31rOWo5LAAyw9cD2zaJWtEfA8sSekiCaoeuaP045oErAQqCBKtWwrBjclEjgVLCs4iWIxoX3SZS1NQxIw5aajtzJ8oJU27kRSVwh4pP6dSEmg1CDwdefwdDXrDcX/vFYCnXM35WGcAAvpeFEnERgiPMwIt7lkFMRAE0Il17di2iOSUNBJTm0B3n/MdCr2bAbzpH5ctk/L9t1JsXI5ySeP9tA+KiEbnaEKukFVVEMUPaEX9IrejGfj3fgwPsetOWMys4umYHz/AgaXp1c=</latexit>

J(✓) = E⇡✓ [
X

t

rt]

<latexit sha1_base64="qofbSecgYEuJLcIYPSlep+mc8zM=">AAACDXicbVDLSsNAFJ3UV62vaJdugkWoICURUZdFNy4r2FpoQphMJ+3QySTM3Ag15Bv8BLf6Ae7Erd/g2h9x2mZhWw9cOJxzL+dygoQzBbb9bZRWVtfWN8qbla3tnd09c/+go+JUEtomMY9lN8CKciZoGxhw2k0kxVHA6UMwupn4D49UKhaLexgn1IvwQLCQEQxa8s2qm9WVD6dYj/ThxM198M2a3bCnsJaJU5AaKtDyzR+3H5M0ogIIx0r1HDsBL8MSGOE0r7ipogkmIzygPU0FjqjysunzuXWslb4VxlKPAGuq/r3IcKTUOAr0ZoRhqBa9ifif10shvPIyJpIUqCCzoDDlFsTWpAmrzyQlwMeaYCKZ/tUiQywxAd3XXAqw0VOuW3EWO1gmnbOGc9Fw7s5rzeuinzI6REeojhx0iZroFrVQGxE0Ri/oFb0Zz8a78WF8zlZLRnFTRXMwvn4BlXKb7w==</latexit>

{(st, at, rt)}t
<latexit sha1_base64="bS/sPfq1Bnh1mFvyUQf4Rp97KIE=">AAACFXicbVC7TsNAEDyHVwgvA2WaExFSaCIbIaCMoKEMEnlIcWSdL5fklDvbulsjBZOCr+ATaOED6BAtNTU/wiVxQRJGWmk0s6vdnSAWXIPjfFu5ldW19Y38ZmFre2d3z94/aOgoUZTVaSQi1QqIZoKHrA4cBGvFihEZCNYMhtcTv3nPlOZReAejmHUk6Ye8xykBI/l2kfjgaS6xF3M/9WDAgIzLlUftw4lvl5yKMwVeJm5GSihDzbd/vG5EE8lCoIJo3XadGDopUcCpYOOCl2gWEzokfdY2NCSS6U46fWKMj43Sxb1ImQoBT9W/EymRWo9kYDolgYFe9Cbif147gd5lJ+VhnAAL6WxRLxEYIjxJBHe5YhTEyBBCFTe3YjogilAwuc1tAT58GJtU3MUMlknjtOKeV9zbs1L1Kssnj4roCJWRiy5QFd2gGqojip7QC3pFb9az9W59WJ+z1pyVzRyiOVhfv0Nln4w=</latexit>

at ⇠ ⇡✓(.|st)

<latexit sha1_base64="3r9syc4+6TfFcXWjvYO0Xiozq/c=">AAACE3icbVDLSgMxFM3UV62vUVfiJliEurDMiKgboerGZQX7gLYMmTTThmYyQ3JHqEPxK/wEt/oB7sStH+DaHzF9LGzrgXs5nHMvNzl+LLgGx/m2MguLS8sr2dXc2vrG5pa9vVPVUaIoq9BIRKruE80El6wCHASrx4qR0Bes5vduhn7tgSnNI3kP/Zi1QtKRPOCUgJE8e6/ZJZBeDTzAl1iZfoz9gvbgqOjZeafojIDniTsheTRB2bN/mu2IJiGTQAXRuuE6MbRSooBTwQa5ZqJZTGiPdFjDUElCplvp6AsDfGiUNg4iZUoCHql/N1ISat0PfTMZEujqWW8o/uc1EgguWimXcQJM0vGhIBEYIjzMA7e5YhRE3xBCFTdvxbRLFKFgUpu6Arz3ODCpuLMZzJPqSdE9K7p3p/nS9SSfLNpHB6iAXHSOSugWlVEFUfSEXtArerOerXfrw/ocj2asyc4umoL19QtOMJ07</latexit>

Ât = rt � b(st).



Deriving REINFORCE: One Trick + Baselines
• One key identity (score-function trick), for any function f: 

 
 
and this implies: 
 
 
 

• Baseline property (unbiased), for any b that does not depend on a: 

• So we can subtract a baseline without changing the expected gradient, and to 
reduce the variance of                       via 

• Autodiff trick: implement the estimator by maximizing the surrogate 
objective
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<latexit sha1_base64="RDWaNB54zFf4gqyWpsq9qwRcHtE="></latexit>

Ea⇠⇡✓(·|s)[r✓ log ⇡✓(a | s) b(s)] = b(s)Ea⇠⇡✓(·|s)[r✓ log ⇡✓(a | s)] = 0.

<latexit sha1_base64="jQ84utqpyQXyBHCQ63R7tS4CKD8="></latexit>

LPG(✓) =
X

t

log ⇡✓(at | st) Ât

<latexit sha1_base64="5fU84yqe/qWbf04St6Ql9NeVppQ="></latexit>

Ea⇠⇡✓(·|s)[f(a, s)] =

Z
⇡✓(a | s) f(a, s) da

<latexit sha1_base64="PJotNsytfAB0NwUxZuvffU1TojI="></latexit>

r✓Ea⇠⇡✓(·|s)[f(a, s)] =

Z
r✓⇡✓(a | s) f(a, s) da

=

Z r✓⇡✓(a | s)
⇡✓(a|s)

⇡✓(a|s) f(a, s) da

= Ea⇠⇡✓(·|s)[r log ⇡✓(a|s)f(a, s)]

<latexit sha1_base64="Q9DgWsSEZVigZfRd9LQ4Ii59bps="></latexit>

Ea⇠⇡✓(·|s)[f(a)]
<latexit sha1_base64="sUh9Iq6TpXVtNtWATv8BSNGN7gM="></latexit>

b(s) ⇡ Ea⇠⇡✓(·|s)[f(a)]



Policy Gradients Training Loop
• A typical training loop looks like this: 

• Collect data (rollouts): run the current behavior policy    to generate N trajectories: 
 

• Compute learning signals: estimate returns and advantages 

• Update the policy: for several epochs, sample mini-batches                 from the rollout 
buffer and optimize a surrogate objective (you might sample multiple epochs) 
 

• Repeat. 

• On-policy: updates use data generated by (nearly) the same policy being optimized, i.e.: 

• Off policy: updates use data generated by a different behavior policy    (often older or 
mixed), so you need corrections 

• After one iteration, most of the gradient policies are approximately on-policy in the updates 
they allow. However, seen as an outer/inner loop, the procedure is on-policy.
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<latexit sha1_base64="nzOt5Pz2+S+Lry9VywwMYDDH71o=">AAAB+3icbVBNT8JAEJ3iF+IX6tFLIzHxRFpj1CPRi0eMgiTQkO2yhQ2722Z3aoKkP8Gr/gBvxqs/xrN/xAV6EPAlk7y8N5OZeWEiuEHP+3YKK6tr6xvFzdLW9s7uXnn/oGniVFPWoLGIdSskhgmuWAM5CtZKNCMyFOwxHN5M/Mcnpg2P1QOOEhZI0lc84pSgle47Mu2WK17Vm8JdJn5OKpCj3i3/dHoxTSVTSAUxpu17CQZjopFTwbJSJzUsIXRI+qxtqSKSmWA8PTVzT6zSc6NY21LoTtW/E2MijRnJ0HZKggOz6E3E/7x2itFVMOYqSZEpOlsUpcLF2J387fa4ZhTFyBJCNbe3unRANKFo05nbgnz4nNlU/MUMlknzrOpfVP2780rtOs+nCEdwDKfgwyXU4Bbq0AAKfXiBV3hzMufd+XA+Z60FJ585hDk4X7+TapVx</latexit>µ
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Why not REINFORCE?
• REINFORCE is the simplest Monte-Carlo policy-gradient method to 

train a neural network policy via 

• Unbiased, but high variance: the update uses sampled advantages, so 
gradients are very noisy: slow learning and sensitivity to 
hyperparameters. 

• Without an explicit constraint, a single update can change the policy 
too much and hurt performance (a baseline helps variance, but doesn’t 
fully prevent destructive steps). 

• To be unbiased, it has to be on-policy and uses limited data reuse; needs 
lots of rollouts. 

• However, we’d like to reuse rollouts via multiple epochs (GPU-friendly) 
and keep updates conservative while improving sample efficiency.
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Stabilizing Policy Gradients: on-Policy and Advantage Baselines
• Policy-gradient estimators typically look like 

 
 
where     is a normalisation factor. (potentially linked to Importance 
Sampling) 

• Off-policy policy gradients are possible, but they require importance sampling 
to correct the mismatch. This can cause high (sometimes exploding) 
variance, especially over long horizons or when policies differ a lot. 

• Variance reduction: use an advantage instead of raw returns: 
 
 
It can greatly reduce variance and a similar model to the reward model is 
trained in adhoc manner via
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Proximal Policy 
Optimization
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Trust Region Policy Optimization
• TRPO is an on-policy policy-gradient method with monotonic 

improvement guarantees (under assumptions): one needs to solve a 
sequence of optimization problems. 

• Core idea: improve the policy, but don’t move too far from the old 
policy each update (a “trust region”). 

• The optimization problem becomes: 
 

• In practice, it uses a second-order approximation to the KL 
constraint (Fisher and natural-gradient style), solved with conjugate 
gradient + backtracking line search to satisfy the KL limit. It’s thus 
hard to optimize.
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Proximal Policy Optimization Algorithm
• While TRPO is conceptually appealing, we want a simpler objective that’s easier 

to optimize in practice. 

• PPO approximates TRPO’s trust-region constraint using the policy ratio: 
 

• The advantage     is typically estimated with an actor–critic     . 

• The clipped objective (stability) becomes 
 
 
 
This is differentiable, keeps the update close to old policy, while maintaing. 

• In this case the gradient becomes
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PPO Intuition: Improve, but Don’t Move Too Far

• PPO objective can also rewrite 

• This allows the update to remain close to the old policy, aligned with TRPO 
incentive. Let’s quickly analyse the term: 

• Meaning of     : it measures how the new policy changes the probability of the 
sampled action:            (more likely),            (less likely). 

• If           (good action): increase probability, but cap the gain: if             
then the objective clips to               .  

• Case           (bad action): decrease its probability, but cap the penalty if               
.                 the objective clips to              . 

• Takeaway: clipping creates a trust-region-like update: PPO improves the 
policy using the advantage signal, while preventing overly large policy shifts 
that can wreck performance.
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Ât < 0
<latexit sha1_base64="tI0NgTaHYo1FvgCdzP4SVadQKbA=">AAACC3icbVDLSsNAFJ34rPXV6tJNsAhuLImIunBRdOOygn1AE8pkOmmHTmbCzI1SQz/BT3CrH+BO3PoRrv0R J20WtvXAhcM593IuJ4g50+A439bS8srq2npho7i5tb2zWyrvNbVMFKENIrlU7QBrypmgDWDAaTtWFEcBp61geJP5rQeqNJPiHkYx9SPcFyxkBIORuqWypwayC1fuiUdjzXimVZyqM4G9SNycVFCOerf04/UkSSIqgHCsdcd1YvBTrIARTsdFL9E0xmSI+7RjqMAR1X46eX1sHxmlZ4dSmRFgT9S/FymOtB5FgdmMMAz0vJeJ/3mdBMJLP2UiToAKMg0KE26DtLMe7B5TlAAfGYKJYuZXmwywwgRMWzMpwIZPY9OKO9/BImmeVt3zqnt3Vqld5/0U0AE6RMfIRReohm5RHTUQQY/oBb2iN+vZerc+rM/p6pKV3+yjGVhfv3C8m1g=</latexit>

⇢t < 1� ✏
<latexit sha1_base64="dkzWDcRn/fgR0BOYxya6gTQvNLY=">AAACDnicbVDLTgIxFO3gC/GFj52bRmKCC8mMMeoSdeMSE3kkQCad0oGGTjtp75gA4R/8BLf6Ae6MW3/BtT9igVkIepKbnJxzb87NCWLBDbjul5NZWl5ZXcuu5zY2t7Z38rt7NaMSTVmVKqF0IyCGCS5ZFTgI1og1I1EgWD3o3078+iPThiv5AIOYtSPSlTzklICV/PxB0TttsdhwoeRJq0cAX/vg5wtuyZ0C/yVeSgooRcXPf7c6iiYRk0AFMabpuTG0R0QDp4KNc63EsJjQPumypqWSRMy0R9Pvx/jYKh0cKm1HAp6qvy9GJDJmEAV2MyLQM4veRPzPayYQXrVHXMYJMElnQWEiMCg8qQJ3uGYUxMASQjW3v2LaI5pQsIXNpQDvD8e2FW+xg7+kdlbyLkre/XmhfJP2k0WH6AgVkYcuURndoQqqIoqG6Bm9oFfnyXlz3p2P2WrGSW/20Ryczx+UFJvg</latexit>

(1� ✏)Ât

<latexit sha1_base64="n91Dk18cObcd1daIlTK25S50JOo="></latexit>

g(✏, A) =

(
(1 + ✏)A if A � 0,

(1� ✏)A if A < 0.
with

<latexit sha1_base64="FKu6N5DmKrIrX+EvC0RKtKVLdCQ="></latexit>

LPPO(✓) = E⇡✓old

"
X

t=0

min
⇣
⇢t Ât, g

⇣
✏, Ât

⌘⌘#

<latexit sha1_base64="0bMv6Hn/7KJ5/bxFV7wo/aZ4gAE="></latexit>

⇢t(✓) ,
⇡✓(at | st)
⇡✓old(at | st)

� 0.with



PPO Training Loop
• The typical training loop of PPO looks like 

• Collect data (rollouts): run the current behavior policy       to 
generate N trajectories: 
 

• Compute learning signals: estimate returns and advantages 

• Update the policy: for several epochs, sample mini-batches                 
.          from the rollout buffer and optimize a surrogate objective 
(you might sample multiple epochs) 
 
 
 

• Repeat.
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<latexit sha1_base64="Ll9ibdYhrfmhbbRKt1rk1+1OSK4=">AAACBnicbVDLSsNAFJ3UV62vqks3g0VwVRIRdVl047KCfUATw2Q6aYdOJmHmRqihez/BrX6AO3Hrb7j2R5y0WdjWAxcO59zLuZwgEVyDbX9bpZXVtfWN8mZla3tnd6+6f9DWcaooa9FYxKobEM0El6wFHATrJoqRKBCsE4xucr/zyJTmsbyHccK8iAwkDzklYKQHN+F+5sKQAfHlxK/W7Lo9BV4mTkFqqEDTr/64/ZimEZNABdG659gJeBlRwKlgk4qbapYQOiID1jNUkohpL5t+PcEnRunjMFZmJOCp+vciI5HW4ygwmxGBoV70cvE/r5dCeOVlXCYpMElnQWEqMMQ4rwD3uWIUxNgQQhU3v2I6JIpQMEXNpQAfPeWtOIsdLJP2Wd25qDt357XGddFPGR2hY3SKHHSJGugWNVELUaTQC3pFb9az9W59WJ+z1ZJV3ByiOVhfv4IKmmw=</latexit>⇡✓n

<latexit sha1_base64="Ly3okWW7qZocl5WvDLH0AJAYogY=">AAACEHicbVDLSsNAFJ34rPUVFdy4GSyCq5KIqMtSXbisYB/QhDCZTtqhkwczN0KN/Qk/wa1+gDtx6x+49kectFnY1gMXDufcyz0cPxFcgWV9G0vLK6tr66WN8ubW9s6uubffUnEqKWvSWMSy4xPFBI9YEzgI1kkkI6EvWNsfXud++4FJxePoHkYJc0PSj3jAKQEteeZh3Rs6KvUVA+yEBAaUiOxm7JkVq2pNgBeJXZAKKtDwzB+nF9M0ZBFQQZTq2lYCbkYkcCrYuOykiiWEDkmfdTWNSMiUm03yj/GJVno4iKWeCPBE/XuRkVCpUejrzTyimvdy8T+vm0Jw5WY8SlJgEZ0+ClKBIcZ5GbjHJaMgRpoQKrnOiumASEJBVzbzBfjwMW/Fnu9gkbTOqvZF1b47r9TqRT8ldISO0Smy0SWqoVvUQE1E0RN6Qa/ozXg23o0P43O6umQUNwdoBsbXL7p7nbI=</latexit>

Bk ⇢ D

<latexit sha1_base64="UFT6XZAV/xkPpH0M1l3IsAcRykc=">AAACFHicbVBNS8NAEN34WetX1ZtegkXwVBIR9Vj04rGC/YAmls120i7dbMLuRKml4K/wJ3jVH+BNvHr37B9x2+ZgWx8MPN6bYWZekAiu0XG+rYXFpeWV1dxafn1jc2u7sLNb03GqGFRZLGLVCKgGwSVUkaOARqKARoGAetC7Gvn1e1Cax/IW+wn4Ee1IHnJG0Uitwr6HXUB653gCQqRKxQ8TpWXMolNyxrDniZuRIslQaRV+vHbM0ggkMkG1brpOgv6AKuRMwDDvpRoSynq0A01DJY1A+4PxD0P7yChtO4yVKYn2WP07MaCR1v0oMJ0Rxa6e9Ubif14zxfDCH3CZpAiSTRaFqbAxtkeB2G2ugKHoG0KZ4uZWm3WpogxNbFNbkPcehyYVdzaDeVI7KblnJffmtFi+zPLJkQNySI6JS85JmVyTCqkSRp7IC3klb9az9W59WJ+T1gUrm9kjU7C+fgFw8J+7</latexit>

✓0  ✓n
<latexit sha1_base64="dPUXpQ6oFJQ8ERIC0rOeLewc6Dg="></latexit>

✓k+1  ✓k + ↵r✓L
PPO(✓k; ✓n, Bk), k = 0, . . . ,K � 1,

<latexit sha1_base64="rIYt/uUlyI4Tsa9Iw5IE3qShUOI=">AAACGHicbVDLSgNBEJz1GeMr6lGQxSAIQtgVUY9BL4KXCOYBSQyzk95kyOzsMtOrxGVvfoWf4FU/wJt49ebZH3HyOJjEgoaiqpvuLi8SXKPjfFtz8wuLS8uZlezq2vrGZm5ru6LDWDEos1CEquZRDYJLKCNHAbVIAQ08AVWvdznwq/egNA/lLfYjaAa0I7nPGUUjtXJ7DewC0lYij9y0IcBHqlT4MFLvrlu5vFNwhrBniTsmeTJGqZX7abRDFgcgkQmqdd11ImwmVCFnAtJsI9YQUdajHagbKmkAupkM/0jtA6O0bT9UpiTaQ/XvREIDrfuBZzoDil097Q3E/7x6jP55M+EyihEkGy3yY2FjaA9CsdtcAUPRN4Qyxc2tNutSRRma6Ca2IO89piYVdzqDWVI5LrinBffmJF+8GOeTIbtknxwSl5yRIrkiJVImjDyRF/JK3qxn6936sD5HrXPWeGaHTMD6+gV2M6FS</latexit>

✓n+1  ✓K

<latexit sha1_base64="7kAmbp13T1c/G2UbTakUU3ti/SE="></latexit>

M := |D| =
NX

i=1

Ti, D = {(st, at, rt, st+1, log ⇡✓n(at | st))}Mt=1.



Toward Reasoning via 
GRPO (and DeepSeek)
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GRPO: Grouped New Policy Optimization
• PPO works well, but in practice it is often trained as an actor–critic 

method, requiring a value/critic      to estimate advantages (extra memory, 
compute and tuning). 

• GRPO: remove the explicit critic by estimating a prompt-level baseline 
from a group of n sampled completions. 

• For a given prompt/state, sample n outputs from the policy and compute 
relative (normalized) advantages within the group: 
 

• Result: similar “trust-region-style” policy updates as PPO, but with a 
simpler training loop (no value network), the group mean can be thought 
of as a baseline. 

• DeepSeek also adds KL regularization to a reference policy to control drift.

39

<latexit sha1_base64="HDx8rYFF4IFPNTSFYsw0p4DbouA="></latexit>

Âi,t =
ri �mean({ri}in)

std({ri}in)

<latexit sha1_base64="kml0UAm2ZqKbOqjky1hlzzp9n/M=">AAAB/nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rj04jGCeUCyhNnJJBkzO7vM9AbiEvATvOoHeBOv/opnf8RJsgeTWNBQVHXT3RXEUhh03W9nZXVtfWMzt5Xf3tnd2y8cHNZMlGjGqyySkW4E1HApFK+iQMkbseY0DCSvB4PbiV8fcm1EpB5wFHM/pD0luoJRtFJt2G7FRrQLRbfkTkGWiZeRImSotAs/rU7EkpArZJIa0/TcGP2UahRM8nG+lRgeUzagPd60VNGQGz+dXjsmp1bpkG6kbSkkU/XvREpDY0ZhYDtDin2z6E3E/7xmgt1rPxUqTpArNlvUTSTBiExeJx2hOUM5soQyLeythPWppgxtQHNbUAyexjYVbzGDZVI7L3mXJe/+oli+yfLJwTGcwBl4cAVluIMKVIHBI7zAK7w5z8678+F8zlpXnGzmCObgfP0CAD+Wzg==</latexit>v 



DeepSeek-R1 Training Template & Rule-Based Reward

• Output template (training format): model must produce reasoning then 
final answer, wrapped as 
 
<think> … </think> and <answer> … </answer>  
 
<think> isolates the reasoning trace for parsing/analysis; <answer> 
isolates the final output for verification/reward. 

• It enables programmatic parsing (separate reasoning vs final) and 
supports a format reward that enforces the tags. 

• Rule-based reward: 

• Verifiable accuracy signals: e.g., math answers required in a specified 
format (like “boxed”) for string/logic checking; code tasks can be 
evaluated via compiler/tests.
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<latexit sha1_base64="7xI48sgKO390flauwhQubQZDj28=">AAACWXicdZDLS8NAEMa38VXjK9qjl2ARBKEkIupFKHrxWME+oC1hs522SzcPdidqDfnz/CPEo0evenfT9qCtHRj4+H4zzPD5seAKHeetYKysrq1vFDfNre2d3T1r/6ChokQyqLNIRLLlUwWCh1BHjgJasQQa+AKa/ug2581HkIpH4QOOY+gGdBDyPmcUteVZntkJKA5lkEp4orKXeWkH4RlTmQjIMvN6GaeMaXy6DPcjqUGWeVbZqTiTsheFOxNlMquaZ310ehFLAgiRCapU23Vi7KZUImf6I7OTKIgpG9EBtLUMaQCqm06CyOxj7fRsfVt3iPbE/b2R0kCpceDryfxtNc9y8z/WTrB/1U15GCcIIZse6ifCxsjOU7V7XAJDMdaCMsn1rzYbUkkZ6uz/XEE+eslTceczWBSNs4p7UXHvz8vVm1k+RXJIjsgJccklqZI7UiN1wsgr+SRf5LvwbhSMomFOR43CbKdE/pRR+gH2frp4</latexit>

rewardrule = rewardacc + rewardformat



Scaling Laws for RL
• Recent study (The Art of Scaling Reinforcement Learning Compute for LLMs) claims that RL training for LLMs 

follows a predictable sigmoid scaling law: performance vs. compute can be fit and 
extrapolated reliably. 
 
 

• They also claim that most design tweaks (curriculum, loss aggregation, normalization, 
etc.) mainly change compute efficiency, not the asymptotic performance ceiling.
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<latexit sha1_base64="CDUHYJKoOS4bjgqS8yZOMcIg5iU="></latexit>

RC �R0| {z }
Reward Gain

= A�R0| {z }
Asymptotic Reward Gain

⇥ 1

1 + (Cmid/C)B| {z }
Compute E�ciency

.



A specific discussion: RL for maths
• Many tasks have verifiable outcomes (exact final answer, equivalence 

checks), enabling RL from verifiable rewards (RLVR) instead of 
human preference models. 

• Data/compute trick that matters: multiple samples per 
problem (diverse attempts) + selection pressure from rewards improves 
exploration and robustness (especially on hard problems) 

• DeepSeek-Math-V2 (proof setting): Trains an LLM verifier for 
theorem proving and uses its feedback as the reward signal to train a 
proof generator toward self-verifiable proofs
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<latexit sha1_base64="WKxDdpVK17H1L7i43iYN3oLEnDM="></latexit>

Dataset Total Train Test/Val Typical di�culty
GSM8K (main) 8,792 7,473 1,319 Easy–Medium (grade-school arithmetic/word problems)
MATH 12,500 7,500 5,000 Hard (competition-style; multiple topics)
NuminaMath ⇡ 860,000 pairs (split varies) Medium–Hard (broad mix; many competition-style)
Omni-MATH 4,428 benchmark (protocol varies) Hard–Very Hard (olympiad / advanced problems)

Table 1: Common math datasets/benchmarks, standard sizes, and a rough
di�culty level.



Other Post-Training 
Strategies
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The Next Steps of Post-Training

• SFT and RL can push behavior fast, but they also introduce two big 
practical problems:  

• how do we package the improvements efficiently? (distillation)  

• how do we avoid breaking the model? (catastrophic forgetting/
collapse). 

• how do we make sure our models are safe? (safety alignement)  

• There are much much much more questions which are raised by Post-
Training and that would deserve attention.
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LLM distillation

• Goal: transfer Post-training gains into a cheaper, deployable model. 

• Teacher → Student: generate high-quality outputs from a strong 
teacher; train the student by imitation. 

• Common recipes: sequence distillation (train on teacher outputs), 
best-of-N distillation, preference distillation… 

• Why it works: converts expensive signals into supervised data, 
improving speed and reproducibility.
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Catastrophic forgetting
• Forgetting: specialization on post-training data causes loss of 

general skills/knowledge. 

• Catastrophic forgetting does happen in LLMs during continual 
instruction tuning. 

• A mitigation strategy is to interleave training data.

46



Safety Alignment

• Goal: reduce harmful behavior while preserving usefulness - typically 
you want to minimize “over-refusal”. 

• Where it fits: safety is a post-training objective alongside 
helpfulness (SFT, preference optimization, RL). 

• Methods: curated safety SFT, preference optimization (safe vs unsafe), 
RL with safety reward, policy constraints (rules), … 

• Core trade-off: safety vs capability. This must be managed with 
calibrated rewards + targeted data + many many evaluations. 

• Evaluation: adversarial tests, jailbreak robustness, refusal quality, and 
“helpful safe completion” metrics on realistic user tasks.
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TorchTune

48



Extensible Framework for Post-Training

• TorchTune is a PyTorch-native library for authoring and fine-tuning 
LLMs with composable components + reusable training “recipes.” 

• Why people use it: emphasizes simplicity and extensibility, with 
configs and simple command lines to run common post-training setups 
without a heavy framework. 

• Common recipes included: full fine-tune, LoRA, QLoRA, PPO, 
GRPO… 

• Scale + hardware: supports single-GPU to distributed and the 
idea is to quickly reuse and create multiple checkpoints. 

• Its structure is similar to TorchTitan.
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Conclusion

• Now, let’s try our TorchTune!
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