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What are common beliefs around RL?
What do you think - is RL:

1) An essential component in LLM training
2) Completely optional in LLM training
3) Necessary only for certain use cases
4) Maybe necessary but not always successful

What have you heard about RL in NLP so far?



Today

Key questions:

- What is RL?
- Why to do RL?
- What are components of RL algorithms?
- What is RL used for in LLM post-training?
- What are the limitations?

❌ Go deep into the theory of RL, explain all RL algorithms out there, or give you a 
one-fits-all recipe.

✅ Develop intuition, know the essential building blocks, and inherent limitations of RL 
-> To decide for yourself when and how to try RL for your own projects.



Recommended Resources

If you’re interested in this topic, there are great 
resources that go much deeper:

- RLHF Book for a LLM-focused perspective 
from Nathan Lambert

- Reinforcement Learning: An Introduction by 
Richard Sutton & Andrew Barto

- Deep (Learning) Focus blog by Cameron R Wolfe
- Various papers linked in the slides

https://rlhfbook.com/
http://incompleteideas.net/book/the-book-2nd.html
https://cameronrwolfe.substack.com/p/llm-rl
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RL in LLM Post-training



LLM Post-training: SFT and RL

SFT: Teach the model instruction following (and question-answer format), and basic skills.

RL: Optimize against a reward model trained on human preferences according to values, nuances, …

https://rlhfbook.com/c/03-training-overview

InstructGPT recipe 

Ouyang et al. 2022: Training language models to follow instructions with human feedback 

https://rlhfbook.com/c/03-training-overview
https://arxiv.org/pdf/2203.02155


Data Examples: Alignment with Preference Pairs
HH RLHF Samples: pairs of LLMs, according to human preference
chosen     rejected

https://huggingface.co/datasets/Anthropic/hh-rlhf/viewer/default/train?row=96


Data Examples: Ratings for Reward Model Training

HelpSteer2 Samples: human-rated in 5 categories 0–4 (higher is better)

https://huggingface.co/datasets/nvidia/HelpSteer2


Data Examples: Learning with Verifiable Rewards

RLVR-MATH math problems (multi-turn context) with gold answers

Math problem           ground truth

“Verifiable”: Any 
answer can be 
determined to be 
unambiguously 
correct or incorrect.

https://huggingface.co/datasets/allenai/RLVR-MATH/viewer/default/train?row=4


Connecting LLM RL to its Origins

RLOO

PPO GRPO

GSPO RLVR

GDPO

CISPO DPO

KTO IPO

…

REINFORCE



RL Basics



Let’s reflect on learning…

How did you learn to 
drink?

How did you learn to 
write?

How are you learning to 
become great 
researchers?



B.F. Skinner: Operant Conditioning

Operant conditioning is a type of learning 
where behavior is shaped by its 
consequences (reinforcement / 
punishment).

-> An action that is rewarded should be 
repeated.

-> An action that is punished should be 
avoided.

= the basic principle behind RL in AI.

https://www.simplypsychology.org/operant-conditioning.html

1930



When does RL make sense?
What are the prerequisites for successful RL?

Livia & Luca (2026) “Numbers”



When does RL make sense?
… When there is a solid 
foundation of 
elementary skills.

If elementary skills are 
missing, the desired 
behavior is “out of 
reach”.

Example: 
“Cold-starting” 
sequence prediction 
with RL does not work.

… When there is a clear 
reward expressing the 
learning goal.

If the reward is too noisy, 
the desired behavior 
cannot be clearly 
identified.

Example: Uncalibrated 
online human feedback is 
too noisy.

… When there are sufficient 
opportunities to explore.

If there is not enough 
exploration, the desired 
behavior might not get 
discovered by the learner.

Example: Learning on 50 
training prompts for 1 
epoch with online 
feedback is likely not 
enough.



Back to 2016: Yann LeCun’s Cake Analogy

2016 version: unsupervised learning

… Deep RL researchers had a stronger preference for a cherry-heavy cake 

2016

https://t.co/UqYx4HPhYL
https://youtu.be/MBQTu8P1N4M?t=2365


Learning under Weak Supervision

Behavioral Cloning

Supervised learning with a teacher: 
imitate the behavior of the teacher 
in a set of given scenarios.

Classic supervised ML, training from 
reference outputs.

What happens under distribution 
shift?

https://wensun.github.io/CS4789_data/Imitation_Learning_
April_8_annotated.pdf 

https://wensun.github.io/CS4789_data/Imitation_Learning_April_8_annotated.pdf
https://wensun.github.io/CS4789_data/Imitation_Learning_April_8_annotated.pdf


Learning under Weak Supervision

Behavioral Cloning

Supervised learning with a teacher: 
imitate the behavior of the teacher 
in a set of given scenarios.

Classic supervised ML, e.g. for 
sequence prediction:

Reinforcement Learning

Learning with an environment: learn 
to choose the actions that maximize 
the environment’s reward.

Exploration-exploitation dilemma: 
try new actions to potentially get a 
higher reward, or stick to the current 
best actions.

Weak supervision: The learner only 
receives rewards for chosen actions.

What happens under 
distribution shift?

Dependence on 
teacher history

-> Learning by trial and error



What’s a reward?

Everything revolves around rewards!    

= Scalar feedback signal that decides the direction of RL optimization. 

Everything you want from your model.

r



What’s a reward?

Everything revolves around rewards!    

= Scalar feedback signal that decides the direction of RL optimization. 

r

DeepSeek-R1 example:

https://arxiv.org/pdf/2501.12948


Policy Learning Definition

Learning Objective: 
Maximize the expected cumulative reward across states and actions.



Policy Learning Definition

Learning Objective: 
Maximize the expected cumulative reward across states and actions.

States: configurations of the environment.

E.g.: position of the car in self-driving cars; arrangements of pieces on a boardgame; 
joint angles in robotics, …



Policy Learning Definition

Learning Objective: 
Maximize the expected cumulative reward across states and actions.

States: configurations of the environment.
Actions: decisions/moves made, chosen from a set of available actions.

E.g.: steer right/left; throw a die; lift the arm by 1cm; …
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Policy Learning Definition

Learning Objective: 
Maximize the expected cumulative reward across states and actions.

States: configurations of the environment.
Actions: decisions/moves made, chosen from a set of available actions.
Policy (π): predicts which action to take given a state π (a | s)

Over an infinite time horizon T=∞ with potential discounting of future rewards (ɣ!=1).



What’s a policy in Deep RL?

We are working with policies (π) 
parametrized by large neutral networks. 

Actions: predictions from output layer.

States: inputs to the network.

        
Operant conditioning: Given an input, 
choose the action that leads to the 
highest reward.

Why deep learning?

We hope to generalize across 
many similar states and discover 
latent patterns.

Neural networks are powerful 
learners and can model complex 
non-linear relationships between 
inputs and outputs.

π𝛉 (a | s) ->  π𝛉 (y | x)



Refresher: Gradient Descent Optimization

An objective function defines the 
optimization target, i.e. a cost to 
minimize. 

The gradient of this function, wrt 
the parameters to optimize, points in 
the steepest direction.

To reach a local minimum, we make 
a step in the opposite direction of 
the gradient. 

We make repeated updates to the 
parameters. Either computed on the 
full dataset, individually sampled data 
points (stochastic GD) or mini-batches 
of data (mini-batch GD).
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Policy Gradient (1)

To maximize the reward, follow the direction of the gradient of the policy:

The full gradient is intractable, so can we approximate it stochastically instead?

-> We need an expectation over gradients.

[Simplified notation assuming T=1 (“bandit scenario”).]



Policy Gradient (2)

Identity trick 



Policy Gradient (3)

Identity trick 

… reorganize …



Policy Gradient (4)

Identity trick 

… reorganize …

Log-derivative trick:  apply the 
chain rule for log derivatives



Policy Gradient (5)

Monte Carlo Simulation: sample actions from the parametrized policy.

Make stochastic updates -> stochastic gradient ascent/descent.

🎉 We have an 
expectation, 
which we can 
approximate with 
samples from the 
policy.



Policy Gradient: REINFORCE

Identity trick 

… reorganize …

Log-derivative trick:  apply the 
chain rule for log derivatives

REINFORCE

Stochastic gradients update the 
weights towards the actions with the 
magnitude of the rewards.

● Need a carefully set learning rate
● Can have large variance depending 

on the sampling strategy
● Might take a long time to identify 

actions with high rewards

1992



Policy Gradient: REINFORCE

Identity trick 

… reorganize …

Log-derivative trick:  apply the 
chain rule for log derivatives

REINFORCE

Stochastic gradients update the 
weights towards the actions with the 
magnitude of the rewards.

● Need a carefully set learning rate
● Can have large variance depending 

on the sampling strategy
● Might take a long time to identify 

actions with high rewards
○ What happens when R=0?

1992

Reward sparsity is a big problem for LLM’s huge output spaces… how likely is 
it for a random sequence of 1000s of output tokens over a vocabulary of 
1000s of tokens to obtain a non-zero reward?



The computation of the gradient of the log probability of an action looks familiar…

REINFORCE (weak supervision):

Action chosen by the learner (on-policy), reward changes accordingly.

MLE (full supervision):

Action chosen by the supervisor (off-policy, ground truth, distillation teacher, …), 
reward is always 1.

REINFORCE vs MLE

1a*

Inviting for all kinds of hybrids and variations… we’ll see later.

👀



Takeaways: RL Basics

RL is one of the fundamental 
machine learning paradigms.

In RL, a policy gets trained by 
exploring the action space guided 
by rewards (trial and error).

REINFORCE (Williams 1992) 
proposed the foundational 
algorithm for deep RL that we still 
use today (policy gradient).

Reward functions, exploration, and 
gradient update stability are key for 
successful learning.

r



RL Algorithms for 
Sequence Prediction



Time Travel: 10 years back to my PhD days…

“Back in the days”:

GPUs were a new requirement for NLP/ML 
research with deep neural networks. 

“Huge” models had 25-300M parameters.

For text modeling we used encoder-decoder 
networks with stacked RNN layers + attention.

TensorFlow was new, Theano was still around. 
Torch was in Lua.

You had to think about gradient flow and 
computation graph, layer abstraction was limited.

Most papers had no appendices…

Let’s do bandit learning for 
structured prediction!

… let’s do it with NNs!

2015



RL for Text Sequence Prediction: MT Example

Example from Machine Translation (el->en):

Οι Αθηναίοι πίνουν καφέ στο Μοναστηράκι, αλλά οι τουρίστες προτιμούν τον φραπέ.

Athenians drink coffee in Monastiraki, but tourists prefer frappe.

Potential translation hypotheses:

1. Athenians drink coffee (traditional Greek coffee) in Monastiraki, but tourists prefer 
frappe (a popular Greek iced coffee).

2. Athenians drink coffee in Monastiraki, but visitors prefer frappe.
3. Athenians drink coffee in Monastiraki, but tourists prefer frappe at home.
4. Athenians drink coffee in monastiraki, but tourists prefer frappe.

What should 
be rewarded?

Automatic reward metrics: sBLEU, ChrF, YiSi, COMET, …



RL for Text Sequence Prediction

Special case of an RL problem:

1. The horizon is finite -> EOS. 
“Episodic”: learning happens in 
episodes over sequences of tokens.

2. Reward is only obtained at the end of 
every sequence, no discounting.

3. State transition functions are not 
explicitly modeled.

-> Closer to bandit learning, if we consider 
one sampled sequence as one action/arm.



RL for Text Sequence Prediction

Special case of an RL problem:

1. The horizon is finite -> EOS. 
“Episodic”: learning happens in 
episodes over sequences of tokens.

2. Reward is only obtained at the end of 
every sequence, no discounting.

3. State transition functions are not 
explicitly modeled.

-> Closer to bandit learning, if we consider 
one sampled sequence as one action/arm.

Credit assignment challenge: 

Every token is rewarded equally, but not every 
token contributes meaningfully to the final 
reward.

Some works focus on reward shaping, i.e. 
deriving or designing intermediate rewards.

Value functions estimate the expected 
cumulative reward of a state.



Why? We can optimize translation models for BLEU any metric online!

Token-level log-likelihood is great for 
training text generators, but…

● there’s a mismatch between the 
optimization target and the 
evaluation function that is typically 
non-differentiable (e.g. BLEU) and 
captures the whole sequence.

● at inference time, we sample or 
search, which means we might 
encounter areas of the output space 
the model is unfamiliar with.
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+ We directly optimize the 
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+ We capture sequence-level 
signal.
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We can optimize translation models for BLEU any metric online!

Token-level log-likelihood is great for 
training text generators, but

● there’s a mismatch between the 
optimization target and the 
evaluation function that is typically 
non-differentiable (e.g. BLEU) and 
captures the whole sequence.

● at inference time, we sample or 
search, which means we might 
encounter areas of the output space 
the model is unfamiliar with.

With REINFORCE:

+ We explore during training, and 
learn from the consequences.

+ We directly optimize the 
evaluation metric.

+ We capture sequence-level 
signal.

Similar algorithms applied to sequence prediction: 
- MRT (Shen et al. 2016) - multiple samples
- MIXER (Ranzato et al. 2015) - combined with MLE
- NED-A2C (Nguyen et al. 2017) - actor-critic alternative

https://aclanthology.org/P16-1159/
https://arxiv.org/pdf/1511.06732
https://aclanthology.org/D17-1153/


REINFORCE: High-variance estimator 🚩  

Potentially high-variance

● Sampling can return “wild” outputs
● Rewards might be noisy
● Gradient estimates across learning  

steps will vary wildly
● Slow convergence
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● Start with a pretrained policy
● Mini-batch updates
● Constrain updates
● Low learning rate
● Control variates
● Separate exploration from training
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REINFORCE: High-variance estimator 🚩  

Potentially high-variance

● Sampling can return “wild” outputs
● Rewards might be noisy
● Gradient estimates across learning  

steps will vary wildly
● Slow convergence

E.g. “Baseline”: Subtract running 
average from obtained reward -> 
leaves the estimator unbiased but 
reduces variance.

Practical remedies

● Start with a pretrained policy
● Mini-batch updates
● Constrain updates
● Low learning rate
● Control variates
● Separate exploration from training



Scenario: Adapt an existing NMT 
system only with weak feedback to a 
new domain.

Simulation: Reward is sentence-level 
GLEU* wrt reference.

Sampling: Exploration steered by 
softmax distribution. If the distribution 
is close to uniform: model explores. If 
it’s more peaked: model exploits. 
Pretraining determines the trade-off.

Neural Machine Translation with Policy Gradient
2017

*GLEU: better suited for sentence-level than BLEU; minimum of n-gram recall and n-gram precision

Promising results:
+4–6 BLEU on new domains with 
around 750k steps of weak feedback.

Reward baseline contributes +1 BLEU.

Kreutzer et al. 2017: Bandit Structured Prediction for Neural Sequence-to-Sequence Learning

https://www.nltk.org/_modules/nltk/translate/gleu_score.html
https://aclanthology.org/P17-1138/


Scenario: Adapt an existing NMT 
system only with weak feedback to a 
new domain.

Simulation: Reward is sentence-level 
GLEU* wrt reference.

Sampling: Exploration steered by 
softmax distribution. If the distribution 
is close to uniform: model explores. If 
it’s more peaked: model exploits. 
Pretraining determines the trade-off.

Neural Machine Translation with Policy Gradient
2017

*GLEU: better suited for sentence-level than BLEU; minimum of n-gram recall and n-gram precision

Promising results:
+4–6 BLEU on new domains with 
around 750k steps of weak feedback.

Reward baseline contributes +1 BLEU.

Kreutzer et al. 2017: Bandit Structured Prediction for Neural Sequence-to-Sequence Learning

Feasible in 
simulations, but 
unrealistic for 
human feedback.

https://www.nltk.org/_modules/nltk/translate/gleu_score.html
https://aclanthology.org/P17-1138/


Human Feedback in the Real World: eBay MT example

Feedback interfaces could involve:
- Star ratings
- Thumbs up/down
- Choice between alternatives

Or also more implicit signal like 
“copied to clipboard”.

2018

Kreutzer et al. 2018: Can Neural Machine Translation be Improved with User Feedback?

https://aclanthology.org/N18-3012/


How to leverage offline collections of feedback?

Learning is now off-policy (counterfactual), the learning model is not controlling 
what gets explored and rated. How can we still learn effectively?

Bandit-to-Supervised conversion

Turn the rated data log into data for 
supervised training.

● Use rating as data weight
● Filter by rating
● Form pairs (if ratings allow)

DPO, ReST, RAFT, …
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How to leverage offline collections of feedback?

Learning is now off-policy (counterfactual), the learning model is not controlling 
what gets explored and rated. How can we still learn effectively?

Bandit-to-Supervised conversion

Turn the rated data log into data for 
supervised training.

● Use rating as data weight
● Filter by rating
● Form pairs (if ratings allow)

Learning from reward models

Train a reward estimator to generalize 
from the limited log to new unseen 
outputs.

● Reward model is another NN
● Hold out some part of the log to 

tune for generalizationDPO, ReST, RAFT, …

Keys to success:

1. The more exploration happens at 
logging time, the better.

2. The more that is covered of the 
expected input space, the better.

3. The closer the logging to the 
learning policy, the better.

🗝🗝
🗝



Back to the eBay feedback collection - What worked?

Data:

● 148k ratings obtained for 
en-es translations of 
product titles

● translations were 
produced by various 
models in production

Experiments:

● Counterfactual learning directly from the 
log with 

○ batch-level renormalization of probabilities, 
○ adding feedback for new samples from a reward 

model.
● Comparison to simulated feedback with 

sBLEU on references.
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2. Fully supervised training on logged outputs 
(regardless of rating) yielded better results.



Back to the eBay feedback collection - What worked?

Data:

● 148k ratings obtained for 
en-es translations of 
product titles

● translations were 
produced by various 
models in production

Experiments:

● Counterfactual learning directly from the 
log with 

○ batch-level renormalization of probabilities, 
○ adding feedback for new samples from a reward 

model.
● Comparison to simulated feedback with 

sBLEU on references.

Results: 

1. Counterfactual learning improved translations in 
simulations, but not with real logged feedback.

2. Fully supervised training on logged outputs 
(regardless of rating) yielded better results.

RL failed because the reward was not helpful. 
Algorithms that succeed in simulation fail under heavy reward noise.

r



Reliability & Validity of Real Human Feedback

Is this feedback we’re building on 
trustworthy?

Re-annotating the eBay feedback 
collection (n=1000) with 3 experts

● Inter-annotator agreement is 
low (Fleiss’ 𝜅=0.12) 👎  

● No correlation between average 
expert ratings and user star 
ratings (Spearman’s 𝜌=-0.05) 👎

So what went wrong here?

● Missing information/control of 
the users who rate: what are 
their incentives, their language 
skills, their understanding of the 
rating task, their expectations?

● Domain difficulty: the sources 
are not fluent text, it is unclear 
what a good translation should 
look like (even to experts).

This challenge does not vanish with scale….



What was OpenAI exploring back then?
Deep RL from Human Preferences 
(Christiano et al. 2017)

Experiments with real human 
feedback (preferences) for training 
reward models (RM) on simulated 
robotics and arcade tasks.

Mixed success/efficiency depending 
on the task.

2017

https://arxiv.org/pdf/1706.03741
https://arxiv.org/pdf/1706.03741


What was OpenAI exploring back then?
Deep RL from Human Preferences 
(Christiano et al. 2017)

Experiments with real human 
feedback (preferences) for training 
reward models (RM) on simulated 
robotics and arcade tasks.

Mixed success/efficiency depending 
on the task.

Proximal Policy Optimization 
Algorithms (Schulman et al. 2017)

Stabilizing online RL algorithms: PPO

2017

Probability ratio from trust-region optimization 
(TRPO); close enough to trusted model?

Estimator of advantage function from 
Advantage-Actor Critic (A2C); better or 
worse than expected value?

-> Great detailed explanation: https://cameronrwolfe.substack.com/p/ppo-llm

https://arxiv.org/pdf/1706.03741
https://arxiv.org/pdf/1706.03741
https://arxiv.org/abs/1707.06347
https://arxiv.org/abs/1707.06347


Estimating human preferences with reward models

Scenario: simulated robotics/arcade 
tasks with human feedback, where 
humans decide between two short 
video clips.

Advantage Actor-Critic (A2C), Trust 
Region Policy Optimization (TRPO) 

Deep RL from Human Preferences (Christiano et al. 2017)

MuJoCo, 
Arcade

https://arxiv.org/pdf/1706.03741


Estimating human preferences with reward models

Scenario: simulated robotics/arcade 
tasks with human feedback, where 
humans decide between two short 
video clips.

Bradley-Terry model (1952) for 
estimating a score function
from human pairwise preferences

-> Difference in predicted reward of 
two segments σ1,σ2 estimates 
probability that one is chosen over 
the other by humans.

Model a reward function as latent 
explanation of human judgments.

Advantage Actor-Critic (A2C), Trust 
Region Policy Optimization (TRPO) 

Deep RL from Human Preferences (Christiano et al. 2017)

MuJoCo, 
Arcade

https://arxiv.org/pdf/1706.03741


Takeaways: RL Algorithms for Sequence Prediction
RL helps to bridge loss/evaluation 
mismatches for sequence 
prediction.

In simulations with unlimited 
online feedback, policy gradient 
variants are successful.

In the real world when learning 
from humans, feedback scale and 
quality pose challenges.

Reward models and offline learning 
are a promising solution.⭐⭐⭐



RL Comeback in 2020s with LLMs



Why do we want to learn from human feedback for LLMs?

Agent Alignment (Leike et al. 2018): 
Next-token prediction objectives 
don’t capture our true objectives in 
building helpful agents for users.

Explicit intentions: follow instructions 
-> SFT

Implicit intentions: respond truthfully, 
without biased, toxic or harmful 
information -> reward function for RL

Assumptions

1. We can learn user intentions to a 
sufficiently high accuracy.

2. Evaluation of outcomes is easier 
for humans than producing the 
correct behavior for supervision.

https://arxiv.org/abs/1811.07871


InstructGPT coining RLHF
2022

SFT                  RM training PPO

Human feedback:
40 labelers rank 4–9 
responses on 33k API 
and hand-written 
prompts.

IAA: 73% 

https://arxiv.org/pdf/2203.02155


InstructGPT Results and Examples

Hedging 👎Instruction following beyond English 
👍

Human raters 
consistently prefer 
the outputs after 
RLHF. 

2022



Helpful & Harmless via RLHF

Focus on two potentially opposing 
directions: helpfulness & 
harmlessness.

A reward model trained on both 
annotations can help an LLM fulfill 
both criteria (with RLHF).

Success with iterated online 
training: update models once a week 
and re-deploy for new feedback.

2022

Human feedback:
20 US-based 
crowdworkers chat 
with model and 
choose one of two 
responses (wrt 
helpful/harmless). 
~100k comparisons.

https://arxiv.org/pdf/2204.05862


Constitutional AI: From RLHF to RLAIF

Supervision for harmlessness comes 
from a set of principles (rather than 
opinions from crowdworkers).

SFT: self-critique of harmful 
responses -> Training on revisions

RL: feedback from AI (rather than 
humans) according to principles -> 
train reward model -> RL as before

2022

…

16 principles  to sample from:

https://arxiv.org/pdf/2212.08073


Direct-RLAIF: Skipping Reward Modeling

Directly use LLM feedback as 
reward signal -> no training required.

Uses REINFORCE with baseline 
rather than PPO (simpler!).

2023

“Our results suggest that RLAIF can achieve 
performance on-par with using human 
feedback, offering a potential solution to the 
scalability limitations of RLHF”

You are an expert summary rater. Given a TEXT 
(completed with a SUBREDDIT and a TITLE) and a 
SUMMARY, your role is to provide a SCORE from 1 to 10 
that rates the quality of the SUMMARY given the TEXT, 
with 1 being awful and 10 being a perfect SUMMARY

https://arxiv.org/pdf/2309.00267


Direct Preference Optimization (DPO)

RLHF “without RL”, based on preference pairs: 
Increase the relative log probability of the 
preferred one over the dispreferred output.

This is equivalent to RLHF with a RM trained 
on the same pairs and a 𝛽-weighted KL term 
that discourages deviating too far from the 
logging/ref policy (=SFT model).

2023

The reward becomes implicit:

No RM training, no exploration 
during training!



Reinforced Self-Training (ReST)

Decouple exploration and rewards from policy updates.

1. Sample many outputs from current model.
2. Score them with a reward function.
3. Filter the data with a threshold.
4. Update the model with an offline algorithm (SFT or offline RL).
5. Iterate.

This brings RL closer to classic data filtering approaches, but the data is 
generated by learning models, not statically.

Same idea: RAFT (Dong et al. 2023) - learning from best-of-k. 

2023

Gulcehre et al. 2023: Reinforced Self-Training (ReST) for Language Modeling 

https://arxiv.org/abs/2304.06767
https://arxiv.org/abs/2308.08998


Learning from multiple samples

Idea: learn from multiple samples for each input to reduce variance of updates.

Basic approach: approximate expectation                                                       with 
multiple samples (multi-sample REINFORCE).

2024
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GRPO (Shao et al. 2024): replaces advantage function in PPO with average of 
rewards from sampled groups of outputs. 

2024

The downside? 
K times higher cost (decoding+evaluation) 
per gradient update.

http://semanticscholar.org/paper/afdfb0de8796b271d4bf3c85ce7ff9e052a5045d
https://aclanthology.org/2024.acl-long.662/
https://arxiv.org/pdf/2402.03300


RL with Verifiable Rewards (RLVR)

The model gets to explore again, but 
only where we we have a binary 
correctness check (math, verifiable 
instruction following).

Sample from the model, optimize 
with PPO.

2025

Back to online RL with an extremely 
sparse, but highly trusted reward for 
specific domains.

Aka Reinforced-FT (Trung et al. 2024)

https://arxiv.org/pdf/2411.15124


RL for Reasoning

Reasoning is introduced in LLMs to improve task accuracy by producing 
intermediate tokens before outputting the final answer.

It can be elicited at inference-time via chain-of-thought prompting, or built in 
during training, also via RL.

DeepSeek-R1 example:

● Specific selection of 
prompts for each stage

● Specifically designed 
reward functions 

2025

r



Recap of our RL journey

Core RL algorithm development

Online policy gradient variants for sequence prediction in simulations

… with task-specific human feedback and RMs

… for LLMs, targeting alignment

… replacing human with AI feedback

… removing RMs

… removing on-policy learning

… focusing on reasoning and verifiable tasks

Evergreen questions:
1. What is a good 

reward?
2. Is it worth exploring 

on-policy?



What did we learn?

● Turning any (human) preference into a learnable signal is the main benefit 
of RL in NLP

● Scaling of LLMs unlocked powerful warm start policies
● Scaling of RMs unlocked scalable and generalizable feedback provision
● Scale also favors AI feedback over human feedback
● Algorithms are still based on early policy gradient approaches, with 

stabilizer tricks and tweaks
● Offline learning is prioritized for stability
● Online learning had a comeback for domains with verifiable rewards



What did we learn?

● Turning any (human) preference into a learnable signal is the main benefit 
of RL in NLP

● Scaling of LLMs unlocked powerful warm start policies
● Scaling of RMs unlocked scalable and generalizable feedback provision
● Scale also favors AI feedback over human feedback
● Algorithms are still based on early policy gradient approaches, with 

stabilizer tricks and tweaks
● Offline learning is prioritized for stability
● Online learning had a comeback for domains with verifiable rewards

But:
● No need to RL everything
● Algorithmic complexity is often tied 

to experimental settings
● What is in the reward remains to 

steer the success of RL



RL Challenges & 
Limitations



Hyperparameters & Algorithms

RL for LLMs is infamously known to be instable, hard to tune, and rarely 
just works out of the box. 

Hopefully by now you have an intuition why :) 

As a consequence, the RL algorithm zoo is constantly growing, and it is 
hard to keep track.

On the positive side, this means there is still room
for innovation and need for more generalizable 
methods.

      RLOO    PPO
GRPO     GSPO

RLVR   GDPO   CISPO DPO 

    KTO IPO …



Models across different scales

- Will have different memorization/generalization bottlenecks
- Will explore different paths in roll-outs
- Will learn different solutions to reward optimization
- Will leverage preference data in different ways

→ Transfer across scales isn’t trivial.

Reasoning in small LLMs is its own research area, see Wang et al. 2025.

Scale plays a role

Challenges: 
● data efficiency, optimization stability, length 

constraints (Dang et al. 2025)
● Learnability gap (Li et al. 2025)

https://arxiv.org/pdf/2504.09100
https://arxiv.org/pdf/2503.16219
https://arxiv.org/abs/2502.12143v3


A critical look at the cake: Who gets to bake it?

Mundt et al. 2025: “The Cake that is Intelligence and Who Gets to Bake it: An AI 
Analogy and its Implications for Participation”

Social outcomes & opportunities

https://arxiv.org/pdf/2502.03038


Pluralistic alignment

“After all, every human has their own flavor preferences; preferences that are 
uniquely shaped by their upbringing and further influenced by constraints such as 
food intolerances or allergies. And in the end, different parts of the world may also 
prefer entirely different deserts or be more cautious of a potentially unhealthy diet.”



Pluralistic alignment

“After all, every human has their own flavor preferences; preferences that are 
uniquely shaped by their upbringing and further influenced by constraints such as 
food intolerances or allergies. And in the end, different parts of the world may also 
prefer entirely different deserts or be more cautious of a potentially unhealthy diet.”

Multi-Objective RL: Handling value trade-offs: each value dimension is a different 
objective within the reward function.

Vamplew et al. 2024: Multi-objective Reinforcement Learning: A Tool for Pluralistic Alignment

Modeling d stakeholders, their utility 
functions ui, and a system-level utility 
function wi

Challenge: data collection!

Example: PRISM (Kirk et al. 2024) 

https://arxiv.org/pdf/2410.11221
https://arxiv.org/abs/2404.16019


In practice, a substantial amount of time of making RL work is often spent on 
designing appropriate reward functions. 

How to teach model behavior X without opening backdoors or inviting 
undesired behavior Y? 

Common reward hacks when learning from human feedback:

● Encouraging general verbosity: length = effort? 
● Over-optimizing for user validation/flattering, introducing sycophancy
● Polishing emphasizes confidence over factual correctness

Emergent misalignment is a serious risk where reward hacking in one domain 
causes misalignment in other domains (MacDiarmid et al. 2025). 

Reward Engineering ↔ Reward Hacking r

https://www-cdn.anthropic.com/daad4360a8bdc707f8b22e3e745796ba27e57fb3.pdf


Any Questions? 

Thank you!

juliakreutzer@cohere.com



Appendix



RL Cheatsheet

A great resource for looking up the math.

https://rlhfbook.com/rl-cheatsheet/ by Nathan 
Lambert

https://rlhfbook.com/rl-cheatsheet/


From human feedback to a reward model

Human side:

● 100s to 1000s pairs of segment 
per task (1–2s length each) that 
are carefully selected

● Response time 3–5s
● 30min–5h of human time in 

total

ML side:

● Cross-entropy loss on preferences

● Ensemble of 2–4 layer NNs
● Pretrained for complex tasks
● Normalized predictions

Deep RL from Human Preferences (Christiano et al. 2017)

Mixed success: 

Simulated robotics: 1400 labels to beat standard RL.
Arcade: even 5500 labels don’t reliably match standard RL.

https://arxiv.org/pdf/1706.03741


Schulman et al. 2017 - PPO Details



Multilingual RLHF / RLAIF

The majority of RLHF research has 
been conducted for English only.

● Some transfer can be observed 
to other languages if base 
model is multilingual.

● Including more languages in 
RLHF is beneficial, especially for 
unseen languages.

● Online RLOO > offline DPO

Dang et al. 2024: RLHF Can Speak Many Languages: Unlocking Multilingual Preference 
Optimization for LLMs

https://aclanthology.org/2024.emnlp-main.729/
https://aclanthology.org/2024.emnlp-main.729/

