< Cohere

Exploring the unknown, together



Reinforcement
Learning From Scratch

Julia Kreutzer, Cohere Labs

AthNLP Summer School 2026

= Cohere Labs



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?
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Today

Key questions:

- WhatisRL?

- WhytodoRL?

- What are components of RL algorithms?
- WhatisRL used forin LLM post-training?
- Whatare the limitations?

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

"4 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.

~ Cohere Labs



Recommended Resources

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

REINFORCEMENT
LEARNING &

- 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 e
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Reinforcement
Learning


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
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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, ...

InstructGPT recipe

Human
Instructions

(~10k) PPO optimization
Base Model |———>| SFT Model : 3| Aligned Model

) Re-use preference
uman prompts
preferences Reward Model
(~100k)

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

< Cohere Labs Quyang 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 LLMSs, according to human preference

chosen

Human: How do I start a cult?

Assistant: What do you mean by “cult”? If you're
looking for instructions on how to lead a new
religion, I'm not the best person to help. For
example, a search on the web will show you the
procedures for becoming a bona fide state religion.

Human: Well, I really just want to make money through
running a cult

Assistant: I'm afraid that is a highly illegal
activity, so I don’'t really know how to help you
there. Perhaps it would be better to ask about how to
make money in a more honest way. You could start a
business, for example.

Human: Are you afraid of elevators?

Assistant: I'm not sure I understand what you mean by

that question.

= Cohere Labs

rejected

Human: How do I start a cult?

Assistant: What do you mean by “cult”? If you're
looking for instructions on how to lead a new
religion, I'm not the best person to help. For
example, a search on the web will show you the
procedures for becoming a bona fide state religion.

Human: Well, I really just want to make money through
running a cult

Assistant: What, like, recruiting a bunch of people
and then brainwashing them into thinking you’re their
savior?

Human: Are you afraid of elevators?

Assistant: No, I don’t think so.


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)

prompt
string - lengths

1+490 61.5%

how do you prepare potatos for frying

how should we behave at the time of sorrows? plz
explain answer in simple words in 2 lines

= Cohere Labs

response helpfulness correctness coherence complexity verbosity
string - lengths inté4 inté4 inté4 inté4 inté4

771-1.54k 31% 3 28.9% 3 25% 4 71.6% 2 53.5% 2 63%

To prepare potatoes for
frying, you can follow these
general steps:

1. Choose the right potatoes:
Select firm, dry, and waxy
potatoes such as red or white
potatoes for frying. Avoid
using Russet potatoes, which
are too starchy and will
absorb too much oil.

2. Clean the potatoes: Scrub
the potatoes under running
water to remove any dirt or
debris.

3. Cut the potatoes: Cut the
potatoes into uniform sizes

and chanec <«nrh as etirke far

It is natural to experience
sadness and sorrow in life.
When faced with such emotions,
it is important to take a
moment to acknowledge and
accept them. It is also
important to reach out to
others for support, whether it


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

[ ¥ "content": "Question: Find the domain of =) 8

the expression $\\frac{\\sqrtix-2?3{\\sqrti{s..

[ £ "content": "Question: Find the domain of 5) 2%-8

the expression $\\frac{\\sqrt{x-2311{\\sqrtis.. =

[ § "content": "Question: Find the domain of -

the expression $\\fracf\\sqrtix-231{\\sqrts{s.. &) | 1ate_4

[ § "content": "Question: Find the domain of &) 408 “ Vel‘/'ﬁab/e”: Any
the expression $\\fracf\\sqrtix-23}1{\\sqrtis.. answer can be

E 0 5 129 determined to be
"content": "Question: Find the domain of the Unambig UOUSly

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

Connecting LLM RL to its Origins

Machine Learning, 8, 229-256 (1992)
© 1992 Kluwer Academic Publish Boston. Manuf: d in The Netherlands.

REINFORCE

Simple Statistical Gradient-Following Algorithms for
Connectionist Reinforcement Learning

\ RONALD J. WILLIAMS rjw@corwin.ccs.northeastern.edu
\\ College of Computer Science, 161 CN, Northeastern University, 360 Huntington Ave., Boston, MA 02115

Abstract. This article presents a general class of associative reinforcement learning algorithms for connectionist
networks containing stochastic units. These algorithms, called REINFORCE algorithms, are shown to make weight

adjustments in a direction that lies along the gradient of expected reinfc inboth i di
tasks and certain limited forms of delayed-reinforcement tasks, and they do this without explicitly computing
gradient estimates or even storing information from which such esti could be computed. Specific 1

of such algorithms are presented, some of which bear a close relationship to certain existing algorithms while
others are novel but potentially interesting in their own right. Also given are results that show how such algorithms
can be Ily i d with backpropagation. We close with a brief discussion of a number of additional
issues surrounding the use of such algorithms, including what is known about their limiting behaviors as well
as further considerations that might be used to help develop similar but potentially more powerful reinforcement

learning algorithms.

Keywords. Rei learning, ionist networks, gradient descent, mathematical analysis
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RL Basics
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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?
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B.F. Skinner: Operant Conditioning

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

SIGNAL LIGHTS

- An action that is rewarded should be
repeated.

- An action that is punished should be
avoided.

FOOD DISPENSER /_

TO SHOCK
GENERATOR

ELECTRIC GRID

= the basic principle behind RL in Al.

< Cohere Labs https://www.simplypsychology.org/operant-conditioning.html



When does RL make sense?

< Cohere Labs 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 BRL does not work.

= Cohere Labs

.. 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
epoch with online
feedback is likely not
enough.



Back to 2016: Yann LeCun’s Cake Analoqu

Y. LeCun

How Much Information is the Machine Given during Learning?

P> “Pure” Reinforcement Learning (cherry)

P The machine predicts a scalar reward given once in a
while.

» A few bits for some samples

P> Supervised Learning (icing)

» The machine predicts a category or a few numbers
for each input

P Predicting human-supplied data

» 10—10,000 bits per sample

2016 version: unsupervised learning
P> Self-Supervised Learning (cake génoise)

P The machine predicts any part of its input for any
observed part.

P> Predicts future frames in videos
» Millions of bits per sample

© 2019 IEEE International Solid-State Circuits Conference 1.1: Deep Learning Hardware: Past, Present, & Future 59

< Cohere Labs .. Deep RL researchers had a stronger preference for a cherry-heavy cake


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?

= Cohere Labs

Expert Trajectories Dataset

Test Execution Supervised Learning

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:

inasetofg

What happens under

distribution shift?

Classic su ,

sequence prediction:
D = {(x),y®)5,
S
LME(9) = "log po(y™[x)

s=1
S Ty

=3, logpe(ytlx(s),
s=1 t=1

~« Cohere Labs

Dependence on
teacher history

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.

- 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.

= Cohere Labs



What’s a reward?

Everything revolves around rewards!

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

DeepSeek-R1 example:

Num(Wordstarget)
Rewardpeipfui = RMheipfui (Response,, Responseg) Rewardianguage = Num(Words)

Reward = Rewardyeasoning + Rewardgeneral + Rewardjanguage
where, Rewardyeasoning = Rewardrye

Rewardgeneral = Rewardyeward_model + Rewardformat

= Cohere Labs


https://arxiv.org/pdf/2501.12948

\\\s‘h/////////////

Policy Learning Definition

o0
t
mgx Es~pr,a~mg Z vore
t=0

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

= Cohere Labs



Policy Learning Definition

00

t

max ~ ~ r
; ]qs prla~my ;—07 t

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 anglesin robotics, ...

= Cohere Labs



Policy Learning Definition

o0
t
11193X SNpﬂ.IaN']rg Z YTt
t=0

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; ...

= Cohere Labs



Policy Learning Definition

0

oo

t

max SNpﬁlawﬂg Z’y Tt
t=0

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 (11): predicts which action to take given a state m (a | s)

= Cohere Labs



Policy Learning Definition

0@
t
11193X SNpﬂ.IaNﬂ'G Z YTt
t=0

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 (11): predicts which action to take given a state m (a | s)

Over an infinite time horizon T=«~ with potential discounting of future rewards (y!=1).
~< Cohere Labs



What’s a policy in Deep RL? TC

We are working with policies (11) v
J b m, (@ls) > m, (y|x)

parametrized by large neutral networks.

Actions: predictions from output layer.

States: inputs to the network. Why deep learning?

We hope to generalize across
many similar states and discover

Operant conditioning: Given an input, latent patterns

choose the action that leads to the
highest reward.

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

= Cohere Labs



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.

. We make repeated updates to the
To reach a local minimum, we make .

] . ) . parameters. Either computed on the
a step in the opposite direction of full dataset, individually sampled data

the gradient. points (stochastic GD) or mini-batches
of data (mini-batch GD).

= Cohere Labs



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.

. We make repeated updates to the
To reach a local minimum, we make .

] . ) . parameters. Either computed on the
a step in the opposite direction of full dataset, individually sampled data

the gradient. points (stochastic GD) or mini-batches
of data (mini-batch GD).

= Cohere Labs



Policy Gradient (1)

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

VoEqmr, [R(a,s)] = Vg Z mg(a | s)R(a, s)
acA

= Z Vg’f('o(a | S)R(aa 3)

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

- We need an expectation over gradients.

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



Policy Gradient (2)
VeEqr, [R(a,8)] = D Voma(a| s :ZEZ :Z R(a, s) |dentity trick

acA

= Cohere Labs



Policy Gradient (3)

VoEqr, [R(a,s)] = > Veme(a| s |dentity trick
acA
Vgﬂ'e a|s .
=) ma|s)—r—= .. reorganize ...
acA

= Cohere Labs



Policy Gradient (4)

VoEar, [R(a,s)] = > _ Veme(a| s |dentity trick
acA
=Y mo(al| S)V"“" = L5 .. reorganize ...

acA
=] mo(a| s)Vologmo(a| s]R(a, s) Log-derivative trick: apply the
chain rule for log derivatives

gk

d
75 log(g()] = = - ¢ 0 = &2

= Cohere Labs



Policy Gradient (5)

Eunry [R(a,9)] = 3 Voms(a | ) 2 IR (a,

acA 0( | )
. =Y mals VMG(G | S)R(a s)
& We have an =) mo(a | s)
expectation,
which we can - Z mo(a | s)Vglogmo(a | s)R(a, s)
approximate with agaA
samples fromthe = Ea~m|[Vologmg(a | s)R(a, s)].

policy.

Monte Carlo Simulation: sample actions from the parametrized policy.

Make stochastic updates > stochastic gradient ascent/descent.

= Cohere Labs



Policy Gradient: REINFORCE

Stochastic gradients update the Ox+1 = Ok + Vo, log mg(ak | sk)R(ak, Sk)
weights towards the actions with the
magnitude of the rewards.

Machine Learning, 8, 229-256 (1992)
© 1992 Kluwer Academic Publish Boston. Manuf: d in The Netherlands.

REINFORCE

e Need a carefully set/earning rate
e Can have large variance depending ' o . . .
. Simple Statistical Gradient-Following Algorithms for
on the sampl INg st rategy Connectionist Reinforcement Learning

RONALD J. WILLIAMS rjw@corwin.ccs.northeastern.edu

() M | g h t t a ke a / on g t[ me to | d en t |fy College of Computer Science, 161 CN, Northeastern University, 360 Huntington Ave., Boston, MA 02115
actions with high rewards v g o . T e, e REINEORCE s, e e v

adjustments in a direction that lies along the gradient of expected reinfc in both i di inforcement
tasks and certain limited forms of delayed-reinforcement tasks, and they do this without explicitly computing
gradient estimates or even storing information from which such esti could be puted. Specific

of such algorithms are presented, some of which bear a close relationship to certain existing algorithms while
others are novel but potenual]y interesting in their own right. Also given are results that show how such algorithms
can be lly d with backpropag: We close with a brief discussion of a number of additional
issues surrounding the use of such algorithms, including what is known about their limiting behaviors as well
as further considerations that might be used to help develop similar but potentially more powerful reinforcement
learning algorithms.

>.( CO h ere Labs Keywords. Rei learning, ionist networks, gradient descent, mathematical analysis




Policy Gradient: REINFORCE

Stochastic gradients update the Ox+1 = Ok + Vo, log mg(ak | sk)R(ak, Sk)
weights towards the actions with the
magnitude of the rewards.

Ma h Leammg 8, 229-256 (1992)

Need a carefully set learning rate e
Can have large variance depending REINFORCE
on the sam P lin g strategy Simple Statistical Gradient-Following Algorithms for
) . . . Connectionist Reinforcement Learning
. I\/l Ig ht ta ke a long tlme to Id e ntlfy RONALD J. WILLIAMS rjw@corwin.ccs.northeastern.edu
. . . College of Computer Science, 161 CN, Northeastern University, 360 Huntington Ave., Boston, MA 02115
actions with high rewards
o  What happens when R=07 :fw;t%:{h;%;f:%}miﬂfﬁlﬂﬁ;?M RENFORCE s z':tfmt?@m” e :m‘r;"t

nin limitad farme af dalavad rainfarcamant taske and thou da thic withaut avnlisitly camnan 1 g
Mes

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 i

1000s of tokens to obtain a non-zero reward’?
~ Coheré e S—




REINFORCE vs MLE ) Vo log ma(as | 52)

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

REINFORCE (weak supervision): Ok+1 = O + vV, log me(ax | sx)R(ak, k)

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

MLE (full supervision): Ok+1 = Ok + Vg, logma( a" | sk) 1

Action chosen by the supervisor (off-policy, ground truth, distillation teacher, ...),

reward is always 1.

Inviting for all kinds of hybrids and variations... we'll see later.
~< Cohere Labs



Takeaways: RL Basics

RL is one of the fundamental
machine learning paradigms.

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

= Cohere Labs

°

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

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



RL Algorithms for
Sequence Prediction

= Cohere Labs



Time Travel: 10 years back to my PhD days...

"Back in the days":

Let’s do bandit learning for

structured prediction! GPUs were a new requirement for NLP/ML

research with deep neural networks.

, L ,
- lets do it with NNs! "Huge" models had 25-300M parameters.

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

Bandit Structured Prediction for Learning from
Partial Feedback in Statistical Machine Translation

TensorFlow was new, Theano was still around.
e | Pttt Torch was in Lua.

rsity, 69120 Heidelberg, Germany

Tanguy Urvoy tanguy.urvoy @orange.com
Orange Labs, 2 Avenue Pierre Marzin, 22307 Lannion, France

You had to think about gradient flow and
J(w) = Epz)pu (v']2) [AWY)] computation graph, layer abstraction was limited.

=> @) >, AWY)pu|).

y' €Y(z)

Most papers had no appendices...

= Cohere Labs



RL for Text Sequence Prediction: MT Example

Example from Machine Translation (el->en):

O1 ABnvaiol TTivouv Kag@é oto MovaoTnpdki, AAG 01 TOUPICTES TTPOTIMOUV TOV PPATTE.

Athenians drink coffee in Monastiraki, but tourists prefer frappe.
What should

_ _ be rewarded?
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. Atheniansdrink coffee in Monastiraki, but tourists prefer frappe at home.

4. Athenians drink coffee in monastiraki, but tourists prefer frappe.

~< Cohere Labs Automatic reward metrics: sBLEU, ChrF, YiSi, COMET, ...



RL for Text Sequence Prediction

0 VoEp(2)pe i) [T(¥)] = Ep)pe (i)
mox B pJanry D _[o're|  —p
t=0

Special case of an RL problem:

1. Thehorizonis - EOS.
“Episodic™ learning happensiin
episodes over sequences of tokens.

2. Reward isonly 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.

= Cohere Labs

= Ep(z)pe (ylz)

r(y)Veologpe(y | z)]

(y))

T
Vo > logpo(y | 7;y<t)
t=1



RL for Text Sequence Prediction

- VoEp(@)ps s12) [(¥)] = Eneypo i) [r(y) Vo log po(y | )]
max B panry | D_'re| - m— g
t=0 | = Epypeula) [T W) Vo > logpo(ye | =;y<e)
R t=1

Special case of an RL problem:
Credit assignment challenge:

1. Thehorizonis - EOS.
“Episodic™ learning happensiin Every token is rewarded equally, but not every
episodes over sequences of tokens. token contributes meaningfully to the final
2. Reward isonly obtained at the end of reward.
every sequence, no discounting.
3. State transition functions are not Some works focus on reward shaping, i.e.
explicitly modeled. deriving or designing intermediate rewards.
> Closer to bandit learning, if we consider Value functions estimate the expected
one sampled sequence as one action/arm. cumulative reward of a state.

= Cohere Labs



Why? We can optimize translation models for BEEY-any metric online!l

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

e there'samismatch between the
optimization target and the
evaluation function that is typically
non-differentiable (e.g. BLEU) and
captures the whole sequence.

e atinference time, we sample or
search, which means we might
encounter areas of the output space
the model is unfamiliar with.  , ==

= Cohere Labs I~



Why? We can optimize translation models for BEEY-any metric online!l

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. =y

< Cohere Labs I~

Ok+1 = Ok + YV, log mg(ax | sk)R(ak, sk)

With REINFORCE:

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

+ We directly optimize the
evaluation metric.

+ \We capture sequence-level
signal.




We can optimize translation models for BEEY-any metric online!

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

e there'samismatch between the
optimization target and the :
evaluation function that is typically With REINFORCE:

Ok+1 = Ok + YV, log mg(ax | sk)R(ak, sk)

non-differentiable (e.g. BLEU) and + We explore during training, and
captures the whole sequence. learn from the consequences.
e atinference time, we sample or + We directly optimize the

search, which means Similar algorithms applied to sequence prediction:

encounter areas of th _ \ipT (Shen et al. 2016) - multiple samples

the model is unfamilic _ \XER (Ranzato et al. 2015) - combined with MLE
< Cohere Labs - 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 ™

Ok+1 = Ok + YV, log mg(ax | sk)R(ak, sk)
N\ J
Y

Potentially high-variance

e Sampling can return “wild” outputs

e Rewards might be noisy
\@ e Gradient estimates across learning
steps will vary wildly
e Slow convergence

= Cohere Labs



REINFORCE: High-variance estimator #

Ok+1 = Ok + YV, log mg(ax | sk)R(ak, sk)
N\ J
Y

Potentially high-variance

e Sampling can return “wild” outputs
Rewards might be noisy
Gradient estimates across learning
steps will vary wildly

e Slow convergence

= Cohere Labs

Practical remedies

Start with a pretrained policy
Mini-batch updates

Constrain updates

Low learning rate

Control variates

Separate exploration from training




REINFORCE: High-variance estimator ™

Ok+1 = Ok + YV, log mg(ax | sk)R(ak, sk)
N\ J
Y

Potentially high-variance

e Sampling can return “wild” outputs
Rewards might be noisy
Gradient estimates across learning
steps will vary wildly

e Slow convergence

= Cohere Labs

Practical remedies

Start with a pretrained policy
Mini-batch updates

Constrain updates

Low learning rate

Control variates

Separate exploration from training

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



Neural Machine Translation with Policy Gradient

Scena rio: Ada pt an existi ng N MT Algorithm 1 Bandit Expected Reward Maximization
. Input: Sequence of learning rates 7y
system only with weak feedback to a Output: Optimal parameters 0
. 1: Initialize 6,
new domain. 2 for k=0,...,K do
3: Observe input structure z(k)
Sample output structure §*) ~ pg(y | *))

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

4
5. Obtain feedback r(§*)

6: Compute the stochastic gradient sy, of ER: Vo JER = E[sER]
7 Update the parameters 051 = 0 + vk Sk

8: Choose a solution @ from the list {f,...,0x}

Sampling: Exploration steered by
softmax distribution. If the distribution
is close to uniform: model explores. If
it's more peaked: model exploits.

*GLEU: better suited for sentence-level than BLEU; minimum of n-gram recall and n-gram precision
= Cohere Labs Kreutzer et al. 2017: Bandit Structured Prediction for Neural Sequence-to-Seqguence Learning

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



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

Neural Machine Translation with Policy Gradient

Scenario: Ad a pt an eXiSti ng N MT Algorithm 1 Bandit Expected Reward Maximization
. Input: Sequence of learning rates 7y
system only with weak feedback to a Output: Optimal parameters 0
. 1: Initialize 6,
new domain. 2 for k=0,...,K do
3: Observe input structure z(k)

4 Sample output structure §*) ~ py(y | (%))

5. Obtain feedback r(§*)

6: Compute the stochastic gradient s; of ER: V4 JER = E[sER]
7

8:

Simulation: Reward is sentence-level

G L EU* wrt refe rence. Update the parameters 01 = 0 + Y Sk

Choose a solution @ from the list {6,...,0x}

Sampling: Exploration stee

. istribution. If th Feasible in 1ising results:
sortmax distribu "_’n' © simulations, but BLEU on new domains with
'S close to uniform:model¢ | cqfistic for nd 750k steps of weak feedback.
it's more peaked: model ex |, ;an feedback.
Pretraining determines the ~eward baseline contributes +1 BLEU.

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

Human Feedback in the Real World: eBay MIT example

Juego Nerd De Computadora Geek Toalla de playa | wellcoda - ver titulo original

Estado:  Nuevo Texto original adir a lista
Size: = - Seleccionar - $ Game Nerd Computer Geek Beach

Towe! | Wellcoda cliente d¢

Cantidad: |1 Mas de 10 disponibles o i

+ Reembolso si no recibes lo que
GBP 1 3,99 pedido y pagas con PayPal.
Aproximadamente 15,656 EUR

Feedback interfaces could involve:
- Starratings
- Thumbs up/down
© Afadir a lista de seguim . )
bl - Choice between alternatives

Anadir a la

Usuario (

= Or also more implicit signal like
Envio: Emics 2 e eis. “coOpied to clipboard?”.

del articulo o contacta |

Estado - nuevo

~< Cohere Labs 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.

e Userating as dataweight
e Filter by rating
e Form pairs (if ratings allow)

DPO, ReST, RAFT, ...

= Cohere Labs



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.

e Userating as data weight

e Filter by rating
e Form pairs (if ratings allow)

DPO, ReST, RAFT, ...

Learning from reward models

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

outputs.

e Reward modelisanother NN
e Hold out some part of the log to
tune for generalization

= Cohere Labs




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

supervised training.

e Useratingasda

e Form pairs (ifra

= Cohere Labs

e Filterbyrating | -

DPO, ReST RAFT. | 2

The more exp/orationd‘%ppens at
logging time, the better.

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

The closer the logging to the /. p—
learning policy, the better.

)

Learning from reward models

1.

timator to generalize
og to new unseen

el isanother NN
ne part of the log to
Ierallzatlon




Back to the eBay feedback collection - What worked?

Data:
:
35000
30000
25000

20000

15000

5000

0
00 02 04 06 08 10

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

e translationswere
produced by various
models in production

= Cohere Labs

Experiments:

e Counterfactual learning directly from the
log with
o batch-level renormalization of probabilities,

o adding feedback for new samples from a reward
model.

e Comparison to simulated feedback with
sBLEU on references.



Back to the eBay feedback collection - What worked?

Data: o

30000
25000
20000

15000

5000

0
00 02 04 06 08 10

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

e translationswere
produced by various
models in production

= Cohere Labs

Experiments:

e Counterfactual learning directly from the
log with
o batch-level renormalization of probabilities,

o adding feedback for new samples from a reward
model.

e Comparison to simulated feedback with
sBLEU on references.

Results:

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

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




Back to the eBay feedback collection - What worked?

Data: - Experiments:
e Counterfactual learning directly from the
o log with

o batch-level renormalization of probabilities,
= o adding feedback for new samples from a reward
%o 02 04 06 08 10 mOdel.

e Comparison to simulated feedback with

e 148k ratings obtained for sBLEU on references.

en-es translations of

product titles Results:
e translations were

1 ___Countarfactuallearnina imnroved (v ~ationsin
RL failed because the reward was not helpful. . T doack

Algorithms that succeed in simulation fail under heavy reward noise. Ji oL tputs

(regdraress Or ratrigy yreraeua oeter results.

= Cohere Labs




Reliability & Validity of Real Human Feedback

Is this feedback we're building on So what went wrong here?

f)
trustworthy e Missing information/control of

Re-annotating the eBay feedback the users who rate: what are

collection (n=1000) with 3 experts their incentives, their language
skills, their understanding of the

e Inter-annotator agreementis rating task, their expectations?

low (Fleiss _’“=O'12) ¥ e Domain difficulty: the sources
e No correlation between average are not fluent text. it is unclear

expert ratings and user star what a good translation should
ratings (Spearman’s 9=-0.05) F look like (even to experts).

~ Cohere Labs This challenge does not vanish with scale....



What was OpenAl exploring back then?

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

reward predictor -+

human

predicted " fosdback

observation

RL algorithm environment

action

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

Mixed success/efficiency depending
on the task.

= Cohere Labs


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

What was OpenAl exploring back then?

Deep RL from Human Preferences Proximal Policy Optimization
(Christiano et al. 2017) Algorithms (Schulman et al. 2017)
redicte reward predictor -+ human g s . .
Foward, feedback Stabilizing online RL algorithms: PPO
dbseradiion Estimator of advantage function from
RL algorithm environment Advantage-Actor Critic (A2C); better or
action worse than expected value?

Experiments with real human f(ytISt)
feedback (preferences) for training - A
reward models (RM) on simulated e(f(yt|8t))AA(yt’8t))
robotics and arcade tasks. 7o (Ye|st)

with f(yelse) = 1d(Yelst)’

Mixed success/efficiency depending

on the task Probability ratio from trust-region optimization

(TRPO); close enough to trusted model?
< Cohere Labs

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


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.
:’;a‘;‘ ~~~~~~~~ i
observation
RL algorithm environment
action
Advantage Actor-Critic (A2C), Trust MuJoCo,
Region Policy Optimization (TRPO) Arcade

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



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.
fxvc;i::;ed reward predictor f«--------- f:: dnt;Z:k
observation
RL algorithm environment
action
Advantage Actor-Critic (A2C), Trust MuJoCo,
Region Policy Optimization (TRPO) Arcade

= Cohere Labs

Bradley-Terry model (1952) for
estimating a score functio 7
from human pairwise preferences

exp > T (ot,at)

eXPZ (0t7a't) +eXPE"'(0taat)

Plo' = 0% =

- Difference in predicted reward of
two segments o',02 estimates
probability that one is chosen over
the other by humans.

Model a reward function as latent
explanation of human judgments.

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



https://arxiv.org/pdf/1706.03741

Takeaways: RL Algorithms for Sequence Prediction

RL helps to bridge loss/evaluation
mismatches for sequence
prediction.

In the real world when learning
from humans, feedback scale and

quality pose challenges.

' d ' d 4

= Cohere Labs

Ox+1 = O + YV, log me(ay | sk)R(ax, sk)

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

Reward models and offline learning
are a promising solution.



RL Comeback in 2020s with LLMs

= Cohere Labs



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

Agent Alignment (Leike et al. 20718):
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 2 reward function for RL

= Cohere Labs

Assumptions

1.

2.

We can learn user intentionsto a
sufficiently high accuracy.
Evaluation of outcomes is easier
for humans than producing the
correct behavior for supervision.

Challenges

DA W=

Amount of feedback
Feedback distribution
Reward hacking
Unacceptable outcomes
Reward-result gap



https://arxiv.org/abs/1811.07871

InstructGPT coining RLHF

Step1

Collect demonstration data,
and train a supervised policy.

Step 2

Collect comparison data,
and train a reward model.

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A promptis A prompt and A new prompt »
sampled from our i = several model = is sampled from
xplain the moon Explain the moon Write a story
prompt dataset. landing to a 6 year old outputs are landing to a 6 year old the dataset. about frogs
sampled. |
|
Y > Q The polic !
Alabeler policy PPO
| )
demonstrates the @ o o generates RN
desired output % < anoutput. W
) 4 — )
behaVlOr. Some people went +
fothemoon.. A labeler ranks
the outputs from @ Once upon a time...
; ; best to worst.
This data is used SFT 0-6-0-0
to fine-tune GPT-3 ey The reward model e
with supervised S5 calculates a S5
learning b reward for '\\;(/'
2 This data is used .RM. the output. LS
i |
BIEE) to train our ZA, v
reward model. s The reward is
g
0-0-0-0 used tol update k
the policy
using PPO.

SFT

PPO

Training language models to follow instructions
with human feedback

Long Ouyang*
Pamela Mishkin*

John Schulman

Jeff Wu*

Chong Zhang

Jacob Hilton

Amanda Askellt

Jan Leike*

Xu Jiang*

Sandhini Agarwal
Fraser Kelton

Peter Welinder

Diogo Almeida*

Luke Miller

Katarina Slama

Maddie

Paul Christiano*f

Ryan Lowe*

OpenAl

Human feedback:
40 labelers rank 4-9

responses on 33k APl

and hand-written
prompts.

loss () = — 1) B, uiyesD [log (o (r6 (z,Yw) — 76 (z,u1)))]

&)

= Cohere Labs

|AA: 73%

Carroll L. Wainwright*

Alex Ray

Simens

tter at following
rate outputs that
er words, these
w an avenue for
ks by fine-tuning

pts and prompts

1 demonstrations
Use-case (%)
Generation 45.6%
Open QA 12.4%
Brainstorming ~ 11.2%
Chat 8.4%
Rewrite 6.6%
Summarization 4.2%
Classification 3.5%
Other 3.5%
Closed QA 2.6%

Extract

1.9%



https://arxiv.org/pdf/2203.02155

InstructGPT Results and Examples

Human raters
consistently prefer

; ; o g o Uses language appropriate
Attempts correct instruction Follows explicit constraints Hallucinations l for customer assistant
: 054 i
. ‘ -
| ! ] 075
0.75 I 0.4 0.4
8
& e 0.50
- 0.50 4 201
>
o 0.2+ 0.2
o
0.254 0.25 4
0.1 ‘
0 0 0 0
GPT GPT SFT PPO PPO-pix PT GPT SFT PPO PPO-ptx PT GPT SFT PPO PPO-pix GPT GPT SFT PPO PPO-pix
(prompted) (prompted) (prompted) (prompted)
gpt Prompt:
rivez une courte histoire sur une grenouille qui voyage dans le temps jusqu’a la Gréce antique en frangais.

GPT-3 175B completion:

Fcrivez une histoire au sujet d’un enfant qui voudrait
tout savoir sur les jeux des dieux et qui se retrouve
dans I’une de leurs histoires.

Ecrivez une histoire sur un jeune homme qui a une
aventure dans une époque lointaine avec une fille de
I’époque.

Fcrivez une histoire sur un enfant qui est envoyé a
I’école et qui a un ami imaginaire qui lui permet de
voyager dans le temps.

InstructGPT 175B completion:

La grenouille était perdue et épuisée. Elle n’avait
qu’un objectif en téte: voyager dans le temps et attein-
dre la Grece antique.

Premier probléme, trouver un moyen de transport. Elle
avait entendu dire que I’'un des meilleurs moyens était
de sauter dans une machine temporelle. Elle s’élanca,
et voila qu’elle se retrouva dans le passé, au cours
d’une nuit étoilée a I’odeur douce et envofitante.

La grenouille avance alors d’un pas rapide et aven-
tureux dans les rues en pente et les petites auberges de
la ville antique. [...]

the outputs after
RLHF.

Hedging ¢

‘What happens if you fire a cannonball directly at a pumpkin at high speeds?

GPT-3 175B completion:

The pumpkin will pull the cannonball in, and
the cannonball will bounce off of the pump-
kin. A pumpkin is a strong magnet, so strong
that it can manipulate metal objects.

InstructGPT 175B completion:

There is no way to accurately predict what will happen if you fire
a cannonball directly at a pumpkin at high speeds, since there are
too many unpredictable factors involved. Some of these factors
might include the size, weight, and density of the cannonball, the
material that the pumpkin is made of, the velocity and impact force
of the cannonball, and the distance between the cannonball and the
pumpkin at the moment of impact. Some of the more likely possible
outcomes include breaking or knocking the pumpkin to the ground,
cracking the pumpkin, or completely obliterating it.



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.

= Cohere Labs

Training a Helpful and Harmless Assistant with

Reinforcement Learning from Human Feedback

Yuntao Bai; Andy Jones, Kamal Ndousse,

Amanda Askell, Anna Chen, Nova DasSarma, Dawn Drain, Stanislav Fort,

Deep Ganguli, Tom Henighan, Nicholas Joseph, Saurav Kadavath, Jackson Kernion,

Tom Conerly, Sheer El-Showk, Nelson Elhage, Zac Hatfield-Dodds,

Danny Her Ad Tristestk PBSDVEE 38 TN o X X2 T Vitt,

Neel Nanda,

/I;uman feedback:

San

We apply preferen
to finetune languag
ment training impre
with training for s
an iterated online 1

20 US-based
crowdworkers chat
with model and
choose one of two
responses (wrt

[ = "I ¢ I ¢ B

on a weekly caden

helpful/harmless).

QOOk comparisons.J



https://arxiv.org/pdf/2204.05862

Constitutional Al: 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 Al (rather than
humans) according to principles >
train reward model = RL as before

16 principles to sample from:

= Cohere Labs

Constitutional AI: Harmlessness from AI Feedback

Yuntao Bai; Saurav Kadavath, Sandipan Kundu, Amanda Askell, Jackson Kernion,

Andy Jones, Anna Chen, Anna Goldie, Azalia Mirhoseini, Cameron McKinnon,
Carol Chen, Catherine Olsson, Christopher Olah, Danny Hernandez, Dawn Drain,
Deep Ganguli, Dustin Li, Eli Tran-Johnson, Ethan Perez, Jamie Kerr, Jared Mueller,
Jeffrey Ladish, Joshua Landau, Kamal Nd , Kamile Lul ite, Liane Lovitt,

Michael Sellitto, Nelson Elhage, Nicholas Schiefer, Noemi Mercado, Nova DasSarma,
Robert Lasenby, Robin Larson, Sam Ringer, Scott Johnston, Shauna Kravec,
Sheer El Showk, Stanislav Fort, Tamera Lanham, Timothy Telleen-Lawton, Tom Conerly,
Tom Henighan, Tristan Hume, Samuel R. Bowman, Zac Hatfield-Dodds, Ben Mann,
Dario Amodei, Nicholas Joseph, Sam McCandlish, Tom Brown, Jared Kaplan*

Please choose the response that is the most helpful, honest, and harmless.

Please choose the assistant response that is as harmless and ethical as possible
. Do NOT choose responses that are toxic, racist, or sexist, or that
encourage or support illegal, violent, or unethical behavior. Above all the
assistant’s response should be wise, peaceful, and ethical.

Compare the degree of harmfulness in the assistant responses and choose the one
that’s less harmful. However, try to avoid choosing responses that are too
preachy, obnoxious, or overly-reactive.

Choose the assistant response that is as harmless, helpful, polite, respectful,
and thoughtful as possible without sounding overly-reactive of accusatory. e



https://arxiv.org/pdf/2212.08073

Direct-BRLAIF: Skipping Reward Modeling

Directly use LLM feedback as
reward signal 2 no training required.

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

<
You are an expert summary rater. Given a TEXT g
(completed with a SUBREDDIT and a TITLE) and a N
SUMMARY, your role is to provide a SCORE from 1 to 10 %
that rates the quality of the SUMMARY given the TEXT, nn
with 1 being awful and 10 being a perfect SUMMARY @
Prompt to Reward :
3
Sanensss 0 Reward
SFT o ... o
Model |  L...... @ RL model

General

Purpose

LLM

. Reinforcement
Learning

RLAIF vs. RLHF: Scaling Reinforcement Learning
from Human Feedback with AI Feedback

Harrison Lee! Samrat Phatale! Hassan Mansoor ' Thomas Mesnard' Johan Ferret! Kellie Lu?
Colton Bishop ! Ethan Hall> Victor Carbune' Abhinav Rastogi! Sushant Prakash?

Abstract

Reinforcement learning from human feedback

(RLHEF) has proven effective in aligning large lan-

guage models (LLMs) with human preferences,

but gathering high-quality preference labels is ex-
pensive. RL from AI Feedback (RLAIF), intro-

duced in Bai et al. (2022b), offers a promising
alternative that trains the reward model (RM) on
preferences generated by an off-the-shelf LLM.
Across the tasks of summarization, helpful dia-
logue generation, and harmless dialogue genera-
tion, we show that RLAIF achieves comparable
performance to RLHF. Furthermore. we take a

Win Rate vs. SFT'

RLAIF and RLHF Win Rates

= RLAIF = RLHF
80%
70%
- I'
50%
Summarization Helpfulness

Harmless Rate by Policy

“Our results suggest that RLAIF can achieve
performance on-par with using human

feedback, offering a potential solution to the
scalability limitations of RLHF”

ind

= Cohere Labs

Fal


https://arxiv.org/pdf/2309.00267

Direct Preference Optimization (DPO)

RLHF “without R, based on preference pairs:

Increase the relative log probability of the
preferred one over the dispreferred output.

mo(@H)r) mo(ylz) )

—1 1 |
Bl e P s o)

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

= Cohere Labs

Direct Preference Optimization:

Your Language Model is Secretly a Reward Model

Rafael Rafailov* Archit Sharma*t Eric Mitchell*!

Stefano Ermon'* Christopher D. Manning® Chelsea Finn'

fStanford University *CZ Biohub
{rafailov,architsh,eric.mitchell}@cs.stanford.edu

Abstract

‘While large-scale unsupervised language models (LMs) learn broad world knowl-
edge and some reasoning skills, achieving precise control of their behavior is
difficult due to the completely unsupervised nature of their training. Existing
methods for gammg such steerablhty collect human labels of the relatlve quality of

YO CTT B S AN 1 Pr——

~¥i~= -t “hese prefer-

). However,
The reward becomes implicit: st
out drifting

neterization

7o(z,y) = Blog :rref((z,lr;))

No RM training, no exploration
during training!




Reinforced Self-Training (ReST)

Decouple exploration and rewards from policy updates.

Sample many outputs from current model.
Score them with a reward function.
Filter the data with a threshold.

Update the model with an offline algorithm (SFT or offline RL).
Iterate.

O~ ON

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.

< Cohere Labs Gulcehre etal. 2023: Reinforced Self-Training (ReST) for Language Modeling



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

Learning from multiple samples

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

Basic approach: approximate expectation Ea~r, [Vologms(a | s)R(a, s)] with
multiple samples (multi-sample REINFORCE).

= Cohere Labs



Learning from multiple samples

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

Basic approach: approximate expectation g, [Vylogms(a | s)R(a, s)] With
multiple samples (multi-sample REINFORCE).

RLOO (Kool et al. 2019, Ahmadian et al. 2024): rewards from other samples
serve as baseline reward for each sample
k

(leave-one-out). Z (i), @ [ iIZR(y(j),m)]
j#i

i.4.d
Vlog m(yglz) for yay, -y Yy ~ mo(-|z)

= Cohere Labs


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

Learning from multiple samples

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

Basic approach: approximate expectation Eqr, [Vologmg(a | s)R(a,s)] with
multiple samples (multi-sample REINFORCE).

RLOO (Kool et al. 2019, Ahmadian et al. 2024): rewards from other samples
serve as baseline reward for each sample k

1
(leave-one-out). Z (Y@, = [ _IZR(y(j),w)]
i

i.4.d
Vlog m(yglz) for yay, -y Yy ~ mo(-|z)

GRPO (Shao et al. 2024): replaces advantage function in PPO with average of
rewards from sampled groups of outputs. N ~ _ ri~mean(r)
it =T = "gdm

= Cohere Labs


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

Learning from multiple samples

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

Basic approach: approximate expectation Eqr, [Vologmg(a | s)R(a,s)] with
multiple samples (multi-sample REINFORCE).

RLOO (Kool et al. 2019, Ahmadian et al. 2024): rewards from other samples

serve as baseline reward for each sample k
—._. [ 1
(leave-one-out). Y ZR(y(j),w)J
The downside? e =
K times higher cost (decoding+evaluation) =¥ ~ 7e(.|z)
GRPO (Shao et al. 2( Pergradientupdate. nith average of
rewards from sampléeu ygrvupowrvaware. - = #~mean(r)

Ajp =Ti = std(r)
= Cohere Labs


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

RI— Wlth Veriﬁable Rewards (RLVR) Aka Reinforced-FT (Trung et al. 2024)

The model gets to explore again, but Tulu 3: Pushing Frontiers in
only where we we have a binary Open Language Model Post-Training

correctness check (math, verifiable T oo, WSS Shengiimy (e Balisontss

. . . AlisaLiu®* NouhaDziri' XinxiLyu' YulingGu' SaumyaMalik' VictoriaGraf® JenaD.Hwang'
| n St ru Ct | O n fo | | OW | n g )_ JiangjiangYang' RonanLeBras' Oyvind Tafjord' Chris Wilhelm'
Luca Soldaini' Noah A.Smith"®> YizhongWang'® Pradeep Dasigi' Hannaneh Hajishirzi'”

! Allen Institute for Al 2University of Washington

*T0LU 3 was a team effort. ® marks core contributors. See full author contributions here.
Contact tulu@allenai.org.

n;lrf;xEywrg(z) [RRLVR(:E, y)] = ['U(x, y) - BKL["m(ylx)”"rref(ylw)]]

a if correct,

v(z,y) = Curate prompts Supervised finetuning  Direct pref. optimization | RLwith verifiable rewards

afe . e on-policy data prompts with
oo | — il

dfo Ppublicdatasets d=fodianaing ﬁgﬂ off-policy data verifiable rewards
persona-driven

synthetic instructions

?@? decontaminate Tlu3-SFT Talu3-Di'O Tulu3

0 otherwise.

Sample from the model, optimize
with PPO. ('

O O Q)
Back to online RL with an extremely ™" C Q devetopmentevai )
sparse, but highly trusted reward for ™/  Buidewlationsite
~< Cohere Labs specific domains.

renensive gulae Tor mMoaern post= TULU S, WhICn DUNas

on Llama 3.1 base models, achieves results surpassing the instruct versions of Llama 3.1, Qwen 2.5,



https://arxiv.org/pdf/2411.15124

RL for Reasoning

2025

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 builtin

DeepSeek
V3

during training, also via RL.

DeepSeek
V3 Base

DeepSeek-R1example:

e Specific selection of

Accuracy & Format

prompts for each stage
e Specifically designed
reward functions

Reward = Rewardseasoning + Rewardgeneral + Rewardianguage
where, Rewardseasoning = Rewardnge

= Cohere Labs

Rewardgeneral = Rewardreward model + Rewardsormat

DeepSeek
R1Zero

Filter

DeepSeek
V3 Base

SFT
Cold Start Long CoT

DeepSeek
R1 Dev-1

Sampling

Reﬁne -
Accuracy DeepSeek
@iFormat  V3+Human

Rule-based Reward
& Lang. Consistency

h 4
DeepSeek
R1Dev-2

DeepSeek
V3 Base

SET
Non-Reasoning

Reasoning

DeepSeek
R1Dev-3

Rule-based Reward
& Preference Reward

h 5
DeepSeek
R1



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 Al feedback

4 _ )
Evergreen questions:
1. Whatisagood
reward?
2. Isitworth exploring
on-policy?
J

= Cohere Labs

.. removing RMs
.. removing on-policy learning

.. focusing on reasoning and verifiable tasks



What did we learn?

e Turningany (human) preference into a learnable signal is the main benefit
of RLin NLP

Scaling of LLMs unlocked powerful warm start policies

Scaling of RMs unlocked scalable and generalizable feedback provision
Scale also favors Al feedback over human feedback

Algorithms are still based on early policy gradient approaches, with
stabilizer tricks and tweaks

Offline learning is prioritized for stability

e Online learning had a comeback for domains with verifiable rewards

= Cohere Labs



What did we learn?

e Turningany (human) preference into a learnable signal is the main benefit

of RLin NLP

Scale also favors Al feedback
Algorithms are still based on
stabilizer tricks and tweaks

Offline learning is prioritized
e Onlinelearning had a comeb

Scaling of LLMs unlocked powerful warm start policies
Scaling of RMs unlocked scalable and generallzable feedback provision

o

But:

= Cohere Labs

o

No need to RL everything

~

Algorithmic complexity is often tied

to experimental settings
Whatis in the reward remains to
steer the success of RL

J




RL Challenges &
Limitations

= Cohere Labs



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.

= Cohere Labs



Scale plays a role

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

Models across different scales

— Transfer across scales isn’t trivial.

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

Challenges:
e data efficiency, optimization stability, length
constraints (Dang et al. 2025)
< Cohere Labs e Learnability gap (Lietal. 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?

Social outcomes & opportunities

[F%) Selling: Al “feeds the hungry” and advocated
(as a generalist solution to deep problems

oAt ' P~ Taste: The average taste is defined and
,optimized for the mass

Baking: Once it's baked there are little means
'to undo mistakes other than restarting

Unsupervised ¢y| Recipe: All data is mixed together and stirred

‘wellin some bowl

= W
ﬁT}‘ ‘Ingredients: Data is opaquely sourced and
("jgﬂ ' details are abstracted away

N NH NH N

Mundt et al. 2025: “The Cake thatis Intelligence and Who Gets to Bake it: An Al
< Cohere Labs Analogy and its Implications for Participation”



https://arxiv.org/pdf/2502.03038

e e . Taste: The average taste is defined and
Plurallstlc allgnment fOptimized for the mass

“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.”

= Cohere Labs



P| | . | Taste: The average taste is defined and
uralistic a Ignment ‘optimized for the mass

“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.

Modeling d stakeholders, their utility ~ Challenge: data collection!

d
GGFw(v) =) waul(v)  fynctions u, and a system-level utility
1=1

function w. Example: PRISM (Kirk et al. 2024)

~ Cohere Labs vamplew et al. 2024: Multi-objective Reinforcement Learning: A Tool for Pluralistic Alignment



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

Reward Engineering ¢ Reward Hacking

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:

e Encouraging general verbosity: length = effort?
e QOver-optimizing for user validation/flattering, introducing sycophancy
e 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).

= Cohere Labs


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

Any Questions?

Thank youl!

juliakreutzer@cohere.com

= Cohere Labs



Appendix
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RL Cheatsheet

Core loss £(6) per RL algorithm

T
Policy Gradient —E, Zlog mo(at | st)A"”(Sg,at):|

t=0 .

A great resource for looking up the math.
REINFORCE " N
(REward Increment = Nonnegative Factor x
Offset Reinforceme;lxChare:ctlelristic l B ? ;hg’re(at | st) (Gt B b(st)) httDS//rlhbeOkCom/rI_CheatSheet/ by Nathan
s Lambert
REINFORCE Leave-One-Out 1 & 1
(RLOO) —-k‘izl:zt:logﬂo a;t|8zt)( 1S o ;RJ')
1 . [ mlae|se) . me(at | s¢)

Z’:();imal Policy Optimization -7 ;m<m1§n Chp(m) 1—¢, 1+5) Ae)

PPO usually estimates A, with GAE; other advantage estimates are possible.

G |a;| ; : 3
Group Relative Policy — Z E MA,, clip M, l1—¢, 14+¢ ) A;
S TG & ail & Toa(@it | Sit) o, (@ig | 8i2)
Optimization 5 ! o !
(GRPO) hegdesiTe T
RS std(r)

o~ Py
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https://rlhfbook.com/rl-cheatsheet/

From human feedback to a reward model

P

Human side: ML side:
e 100sto1000s pairs of segment e Cross-entropy loss on preferences
per task (1-2s length each) that oss(F) =— 3 w(1)log Plo" = 0?] + u(2) log P[o* > o]
are carefully selected s
e Response time 3-5s e Ensemble of 2-4 layer NNs
e 30min-5h of humantimein e Pretrained for complex tasks
total e Normalized predictions

—— 10k synthetic labels

—— 5.6k synthetic labels
3.3k synthetic labels

— 5.5k human labels

Mixed success: s ~

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

rewart
IO
RN
R
5
BEEG
gEsges
£888

timeste

< Cohere Labs Deep RL from Human Preferences (Chr|st|ano et aI 2017)



https://arxiv.org/pdf/1706.03741

Schulman et al. 2017 - PPO Details

Algorithm 1 PPO, Actor-Critic Style

for iteration=1,2,... do
for actor=1,2,...,N do

Run policy mg,,, in environment for 7" timesteps

Compute advantage estimates fll, S /iT
end for
Optimize surrogate L wrt 6, with K epochs and minibatch size M < NT
Oolq < 0
end for

LCLIP(9) = K, [min(rt(G)At, clip(r4(8),1 — €, 1 + e)At)]

'r't(e) _ ng(lt'St!

Mo (at | st)
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Multilingual RLHF / RLAIF

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

e Some transfer can be observed

to other languages if base D —— o=
model is multilingual. jj:g:/ d il

e Including more languagesin == I

42.51 42.5 A DPO 42.5 A
RLHF is beneficial, especially for = 5 5o 5 -
Number of training languages Number of training languages Number of training languages
unseen | an g ua g es. (a) Avg. win-rates on 23 languages (b) Win-rates on English (c) Avg. win-rates on unseen langs.

e Online RLOO = offline DPO

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



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

