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Recap: Pretraining of language models

Statistical models py(-) of language distribution in some training corpus D.

» The training corpus consists of sequences x = (x1,x2...xy) € D of tokens.

po( That dog barks.) = 0.001%
po( That dog meows.) = 0.00001%
pe(meow this Dogs.) = 0.000000001%

» The training corpus consists of sequences x = (x1,x2...xy) € D of tokens

» The language models are trained by finding such parameters 6 that maximize the
(log-)likelihood of the corpus — maximum likelihood estimation (MLE):

argmax E [log pg(x)]. (1)
[ x~D



Recap: Pretraining of language models

Autoregressive language models — loss function

Training example: I saw a

Model prediction: p(*|I saw a) Target Loss =-log (p(cat)) » min

cocoocoodalooco

Figure: Source: https://lena-voita.github.io/nlp_course/language_modeling.html


https://lena-voita.github.io/nlp_course/language_modeling.html

Recap: Pretraining of language models

But how do we train the model to give us good” answers to user queries?

* good == helpful, honest, harmless (Askell et al., 2021),



Recap: Pretraining of language models

But how do we train the model to give us good” answers to user queries?

* . . y .
good == helpful, honest, harmless (Askell et al., 2021), increasing the company’s income, . ..



LLM lifecycle

—>»  pre-training >
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mid-training > evaluation
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—>» post-training >
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deployment
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LLM lifecycle — zoom on post-training
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Figure 2 Depiction of model flow for OImo 3. Development is divided into major base model training (left) and

post-training (right) stages, each further divided into sub-stages with their own recipes (i.e., training data and
method).



LLM lifecycle — hift to post-traini

Share of Frontier Lab Compute by Workload: Bandwidth-Bound Work Now Dominates

Anthropic +OpenAl combined, 1Q24 to 4Q26E
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Figure: SemiAnalysis estimates and forecasts of compute allocation at OpenAl and Anthropic, source:
https://newsletter.semianalysis.com/p/long-live-the-short-king-why-4-hi


https://newsletter.semianalysis.com/p/long-live-the-short-king-why-4-hi

Post-training of language models

Alignment

» L Ms are pretrained on enormous amounts of texts — they can imitate all kinds of
characters and domains: article by a nuclear physicist, blogpost by a conspiracy theorist, or
a mean comment by an internet troll

» A big part of prompting is persuading LLMs to play the correct role — we need to align
their behavior with the user intent



Post-training of language models

Alignment

» L Ms are pretrained on enormous amounts of texts — they can imitate all kinds of
characters and domains: article by a nuclear physicist, blogpost by a conspiracy theorist, or
a mean comment by an internet troll

» A big part of prompting is persuading LLMs to play the correct role — we need to align
their behavior with the user intent

» Or we can use post-training to get this behavior reliably

‘Alignment’ is a loaded term; in this lecture we use it in a narrow, technical sense: make the responses

match what users prefer (formalized on the next slide).



Post-training of language models

From text completion to assistance

> A base model can complete any prompt x by sampling from pg( - | x) — but the completion
rarely aligns with what the user actually wants:

Prompt: What is the capital of Norway?
Base model: What is the capital of Sweden? What is the capital of Finland? Test your knowledge with
these 10 geography questions and . ..



Post-training of language models

From text completion to assistance

» A base model can complete any prompt x by sampling from pg( - | x) — but the completion
rarely aligns with what the user actually wants:

Prompt: What is the capital of Norway?
Base model: What is the capital of Sweden? What is the capital of Finland? Test your knowledge with
these 10 geography questions and . ..

» Post-training shifts the objective away from maximum likelihood: we want responses y that
score well under a reward function r — we maximize the expected reward:

argmax E {r(x,y)} (2)
O x~X, y~pe(]x)

X distribution of user queries; pg(-| x): our model, sampling a response to x; r(x,y) € R: how
well y answers the query x

» For now, let's imagine the reward function is a perfect oracle



Post-training of language models

Two ways to increase the expected reward

Offline: supervised finetuning (SFT) Online: reinforcement learning (RL)
» somebody else writes the responses: queries » the model writes its own responses — nobody
paired with good answers (humans, or a shows it the right answer

stronger model . .
< ) > all it gets back is a scalar reward r(x,y) for

» the model learns to imitate them — ordinary what it produced

supervised learnin . . .
P & > it is updated to get a higher reward next time

» the reward enters only implicitly, through — learning by trial and error
which responses make it into the dataset

] response y to a query x (

language model reward function
(agent) J ’L (environment)

A |

reward r(x,y)




© Supervised finetuning
@ Supervised finetuning
@ Chat templates



Supervised finetuning

Offline supervised finetuning (SFT)

» Maximizing the expected reward directly is hard; a simple alternative is to create an
instruction-tuning dataset Dsgr = {(xi,y;)} of user queries and high-quality responses,
ideally y; ~ argmax, r(x;,y)

» Then we continue with a conditional version of the pretraining objective:

argmax E {log po(y| x)} (3)
6 (xy)~Dser



Supervised finetuning

Offline supervised finetuning (SFT)

|

Maximizing the expected reward directly is hard; a simple alternative is to create an
instruction-tuning dataset Dsgr = {(xi,y;)} of user queries and high-quality responses,
ideally y; ~ argmax, r(x;,y)

Then we continue with a conditional version of the pretraining objective:

argmax R {log po(y | x)} (3)
0  (xy)~Dser
In other words, we train the model to repeat the predefined responses word by word —
offline training (the loss is computed on the response tokens y only; the query x is just
conditioned on)
Two kinds of training signals:

> Low-level: exact sequence of words (should we care?)
» High-level: helpfulness / honesty / harmfulness of responses



Supervised finetuning

What does SFT teach — and what not?

» Teaches the format and style of helpful responses by demonstration; the model picks up the
preferences implicitly encoded in the curated responses

» Shifts the model from broad text completion to responding — a base model becomes a
(not-yet-well-aligned) assistant



Supervised finetuning

What does SFT teach — and what not?

» Teaches the format and style of helpful responses by demonstration; the model picks up the
preferences implicitly encoded in the curated responses

» Shifts the model from broad text completion to responding — a base model becomes a
(not-yet-well-aligned) assistant
> Limitations
> only a proxy: imitating the dataset raises the expected reward only as far as the dataset
responses are actually good
» the model cannot explore its own response strategies, and it is trained on responses it would
never produce itself — distribution shift

» finetuning on facts the model does not know can teach it to make things up (Gekhman et al.,
2024)



Chat templates

What is a chat template?

» An LLM sees a flat token stream — it needs
kup: ho i ki h h <|im_start|>system
some markup: who Is speaking, where the You are a helpful assistant.<|im_end|>

user turn ends, how to end its response <|im_start|>user
. . L What is the capital of Norway?<|im_end|>
» Solution: special tokens delimiting roles and | <|in_start|>assistant

turns The capital of Norway is Oslo.<|im_end|>
. <|im_start|>user
» The model has to learn to finish its turn And of Sweden?<|im_end|>

<|im_start|>assistant

with the end-of-turn token — that is where
generation stops

» The SFT loss is applied only to the
assistant turns

» The new special tokens have random
embeddings — SFT has to train them



© Reinforcement learning
@ The RL objective
@ Policy gradient methods
@ The RL training loop
@ From REINFORCE to PPO



The RL objective

Online training
» Instead of imitating, we maximize the expected reward directly:
argmax E {r(x,y)]
0 x~X,y~pp(-]x)

» RL terminology: the LM is the policy, the prompt plus the tokens generated so far is the

state, each generated token is an action, the whole response is a trajectory, and the reward
usually arrives only at the end



The RL objective

Online training

» Instead of imitating, we maximize the expected reward directly:

argmax E {r(x7 y)}
0 x~X,y~pg(-|x)

» RL terminology: the LM is the policy, the prompt plus the tokens generated so far is the
state, each generated token is an action, the whole response is a trajectory, and the reward
usually arrives only at the end

>

Usually, we also want to regularize the policy to stay close to the initial SFT model:

argmax E [r(X,y) — B DkL (Pe(y | %) || pste(y | X))}

0 x~X,y~po(-|x)



Side-note: Kullback—Leibler divergence

Definition (Kullback and Leibler, 1951)
P(y)
Dixi,(P || Q) == E |lo
L(P1 Q)= E [log o]

o P(y)
= L PWlee g0

» the extra surprise when samples drawn from P are expected to come from @
» Dir(P || Q) > 0, with equality iff P = Q

» not symmetric: Dr,(P || Q) # Dxr(Q || P) in general, so it is not a distance



Policy gradient methods

How do we differentiate through sampling?

> Fix one query x. We want Vg E,_, . 1,y[r(x,y)], but 8 only enters through the sampling
of y, and r is a black box — nothing to backpropagate through

Vo E [r(xy)]=Ve) polylx)r(x.y)

~pp(-|x
y~pe(-|x) y

= > r(x.y) Vo po(ylx)

y

expectation = sum over all responses

gradient of a sum; r is independent of 8

log f 1df f log f
:Zr(x7y)pg(y\x)VgIogpg(y|x) log-derivative trick: dlogf _1d df _ pdlog

do fdo  do do
y

= E[r(x) Vologpaly|x)

y~pe(:|x)

weighted by pg: an expectation again



Policy gradient methods

REINFORCE

> Monte-Carlo estimate: sample a query x and a response y ~ po(- | x), get its reward, and
step along Vg = r(x,y) Vg log pg(y | x)

» This method is called REINFORCE (Williams, 1992)

» In code, this is an ordinary loss with the reward as a constant weight (no gradient flows
through r):

1 N

1 N
L£(0) = N > r(xi,y;) log pa(y; | xi), VoL(6 Z r(xi,y;:) Valogpa(y; | x;)
i=1 I=1



Policy gradient methods

REINFORCE with baseline

» Plain REINFORCE works in theory, but the gradient estimate has high variance — slow,
unstable training

» Example: three responses a query get rewards 7,8,9. REINFORCE pushes all three up, just
by different amounts



Policy gradient methods

REINFORCE with baseline

>

>

v vyyVvyy

Plain REINFORCE works in theory, but the gradient estimate has high variance — slow,
unstable training

Example: three responses a query get rewards 7,8,9. REINFORCE pushes all three up, just
by different amounts

Fix: subtract a baseline b(x) that does not depend on y:
Vo E (r(x,y)] = E { (r(x,y) — b(x)) Vg log pa(y]| x)}
x~X, y~po(:|x) x~~X, y~po(:[x)

Still unbiased: By, x) [b(x) Ve log pe(y|x)] = b(x) Vo 3o, pe(y|x) = b(x) Vgl =0
Natural choice: the expected reward of the current policy, b(x) = E,_,, (.10 [r(x, y)]
A response is pushed up when it is better than expected and down when worse
r(x,y) — b(x) is called the advantage



Policy gradient methods

Where does the baseline come from?

Learn it: actor—critic methods Sample it: group baselines

» generate a group of G responses

> a second network, the critic V, is trained
alongside the policy (the actor) to predict
the expected reward, typically per token
(Konda and Tsitsiklis, 2000)

» used by PPO (Schulman et al., 2017) — the
algorithm behind InstructGPT and
ChatGPT (Ouyang et al., 2022)

» cost: an extra LLM to train and run

y@® . y(©) to the same query, with
rewards ry, ..., rg

RLOO (Kool et al., 2019): leave-one-out mean
bi = &=7 >_j+i fj (independent of y() —
unbiased)

GRPO (Shao et al., 2024): normalized
advantage A; = rizmean(n.c) sed for

Std(rl‘_G)
DeepSeek-R1 (Guo et al., 2025)

» cost: G generations per query



The RL training loop

prompts
x~X

policy (LM)
po(-|x)

program / model / judge

predicts b(x)

trained
[ reward r(x,y) }_o_n_r_ critic Vo (x)

X r
b Y v

KL penalty | policy-gradient | b(x)

update of @

\
reference model
psic(+ | x) (frozen)

00+ (r — b(x)) Ve log pa(y | x)

» One training step: sample queries, generate responses, score them, run the reference model
(KL) and the critic (baseline), update the policy & and the critic

20



The RL training loop

Running the loop: synchronous vs. asynchronous RL

synchronous: every step waits for the slowest generator

generator 1 wait | wait
| 1

generator 2 wait | wait |

y I

| ait | -

wait

generator 3 ‘

trainer train — 61 train — 09 train

asynchronous: generators never wait, the trainer runs whenever a batch is ready
6, 6> 5
‘A
1
T
|
T
1
|

\ [

‘ — 04

generator 1

generator 2 ‘

IIIm

generator 3 ‘

3 4
A l A
1 1
T T
| |
T T
I ]
| |
| |

— 0; [ =63 [ =6 |

ol
T
1
T
1
|
|

trainer
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From REINFORCE to PPO

The problem: our samples are slightly off-policy

» REINFORCE assumes that the responses were sampled from the current policy — the
expectation and the gradient refer to the same 6:

Vo E [r(xy)]= E |r(x.y)Vologpa(y|x)|
y~po(|x) y~po(:|x)

» In practice they are not. The responses come from an older version 64 of the policy
because of asynchronous generation:

» Two fixes: (1) correct the expectation — importance sampling; (2) keep 6 close to 044 —
clipping

22



From REINFORCE to PPO

Step 1: importance sampling

» An expectation under pg can be computed from samples of any other distribution, here
Pe,,, by re-weighting:

Zpe y|x)f ZPeou ylx Polylx). fly)= E Polylx). f(y)}

y~pe 014 (ylx) Y~Poyy - Pboi (y|X)
~——

p(x.y)

23



From REINFORCE to PPO

Step 1: importance sampling

» An expectation under pg can be computed from samples of any other distribution, here
Pe,,, by re-weighting:

= S Al 1) = S o) b)) g [Py

014 (ylx) Y~Poyy - Pboi (y|X)
~——

p(x.y)

yNPe

» Applied to the policy gradient, with the importance ratio p (= 1 when 6 = 04)4):

Vo E [rxy)l= E [p(xy)r(x.y)Vologpoly|x)]
Y~pe Y~po 4

23



From REINFORCE to PPO

Step 2: clipping — proximal policy optimization (PPO) (Schulman et al., 2017)
» Trust the correction only for small changes

» Once a sample has moved p past 1 + ¢ (typically € ~ 0.2) in the direction its reward
pushes, drop it from the update:

0

if (r—>bj))>0andp;>1+¢
gradient from sample i = ¢ 0

if (r—>bj)<0andpi<l-—c¢
pi (ri — bi) Vg log pe(y; | xi) otherwise

Papers write this as a one-liner: min(p,v(r,- — bi), clip(pi,1—¢€,1+¢)(ri — b,-))

24



From REINFORCE to PPO

Step 2: clipping — proximal policy optimization (PPO) (Schulman et al., 2017)
» Trust the correction only for small changes

» Once a sample has moved p past 1 + ¢ (typically € ~ 0.2) in the direction its reward
pushes, drop it from the update:

0

if (r—>bj))>0andp;>1+¢
gradient from sample i = ¢ 0

if (r—>bj)<0andpi<l-—c¢
pi (ri — bi) Vg log pe(y; | xi) otherwise
Papers write this as a one-liner: min(p,v(r,- — bi), clip(pi,1—¢€,1+¢)(ri — b,-))

» The policy stays proximal to the one that generated the data, so stale samples and several
steps per batch are safe

24



@ Where does the reward come from?
@ Three sources of reward
@ Verifiable rewards (RLVR)
@ Human feedback (RLHF)
@ Al feedback (RLAIF)

24



Three sources of reward

RLVR: verifiable rewards RLHF: human feedback RLAIF: Al feedback

» the reward is computed by a » humans compare responses » a strong LLM compares (or
rogram: final answer of a . . scores) the responses instead
prog : » a reward model is trained on ) P
math problem, unit tests for . of humans
the comparisons and scores
code, ... . .
the policy's samples » cheap, scalable, available for
» only for tasks with checkable any language the judge
answers understands

» The training loop from the previous section is the same for all three — only the reward box
changes

25



Verifiable rewards (RLVR)

RLVR: the reward is a program

» For some tasks the response can simply be checked: Does the final answer of a math
problem match the reference? Does the code pass the unit tests? Does the response obey a
constraint (“answer in exactly three bullet points"?)

» The reward is then 1 or 0 from a verifier program

» Two examples: Tiilu 3 (Lambert et al., 2025) and DeepSeek-R1-Zero (Guo et al., 2025)

26



Human feedback (RLHF)

RLHF: learning the reward from human preferences

» The goal is a model ry(x,y) € R that can score any query-response pair according to
human preferences

» Humans are bad at absolute scores but decent at comparisons — create a preference
dataset Dpg of triples (x,y,,,y,) with a preferred (chosen) and a rejected responses

27



Human feedback (RLHF)

RLHF: learning the reward from human preferences

» The goal is a model ry(x,y) € R that can score any query-response pair according to
human preferences

» Humans are bad at absolute scores but decent at comparisons — create a preference
dataset Dpg of triples (x,y,,,y,) with a preferred (chosen) and a rejected responses

» Bradley—Terry model (Bradley and Terry, 1952): P(y,, >= ¥, |x) = o (rs(x,y.,,) — re(x,¥,)),
fitted by maximum likelihood:

Lew(@)=— B [logo(rs(x.yn) —ro(xy0))],  o(z) =
(.Y w:¥e)~Dro

» Architecture: LLM with a randomly initialized linear head that outputs a scalar; only score
differences matter

27



Al feedback (RLAIF)

» The preference dataset Dpg is another data bottleneck: expensive and non-existent for
most languages

» Observation: sufficiently capable LLMs give preference judgments that agree with humans
about as often as humans agree with each other (Zheng et al., 2023)

» We can thus use existing LLMs to provide rewards — RLAIF (Bai et al., 2022)

28



Al feedback (RLAIF)

» The preference dataset Dpg is another data bottleneck: expensive and non-existent for
most languages

» Observation: sufficiently capable LLMs give preference judgments that agree with humans
about as often as humans agree with each other (Zheng et al., 2023)

» We can thus use existing LLMs to provide rewards — RLAIF (Bai et al., 2022)

» Two flavours of RLAIF:

> distilled: the LLM labels the pairs (y,,,y,), then a reward model is trained as before
» direct (d-RLAIF) (Lee et al., 2024): the judge is prompted for a score inside the training loop

28



e Direct preference optimization
@ Direct preference optimization
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Direct preference optimization

Skipping the reward model and the RL loop (Rafailov et al., 2023)

» With some clever math, we can show that any reward can be written in terms of its optimal
policy (for a KL-regularized RL objective):

— Blog P OX) o Z(x
)= 0to8 ), (71082

29



Direct preference optimization

Skipping the reward model and the RL loop (Rafailov et al., 2023)

» With some clever math, we can show that any reward can be written in terms of its optimal
policy (for a KL-regularized RL objective):

— Blog P OX) o Z(x
)= 0to8 ), (71082

» Plug this into the Bradley—Terry loss and we can fit the policy itself directly on the
preference data:

Lppo(0) = — E |ogg(5 log Poywlx) 5|ng‘9(y€|x)>
(x.Yw.¥¢)~Dro Psfe (Y |X) Psie(Y el X)

» “Your language model is secretly a reward model”: the log-ratios act as an implicit reward;
B controls how far pg may move from pgs

» Just a supervised loss on (x,y,,,y,): no reward model, no sampling during training

29



Direct preference optimization

Trade-offs

» simple, stable, cheap: no reward model, no » offline: fits fixed pairs, often written by

generation loop another model; cannot discover new

> widely used as a stage: Llama 3 (SFT + response strategies
rejection sampling + DPO), Tilu 3 and » tends to generalize worse than on-policy
Olmo 2/3 (SFT — DPO — RLVR) RL (Xu et al., 2024)

(Grattafiori et al., 2024; Lambert et al., 2025; Team

» known failure mode: the probability of
Olmo et al., 2025)

both y,, and y, can decrease, as long as
the margin grows

30



Direct preference optimization

Trade-offs

>

>

simple, stable, cheap: no reward model, no » offline: fits fixed pairs, often written by
generation loop another model; cannot discover new
widely used as a stage: Llama 3 (SFT + response strategies

rejection sampling + DPO), Tilu 3 and » tends to generalize worse than on-policy
Olmo 2/3 (SFT — DPO — RLVR) RL (Xu et al., 2024)

(Grattafiori et al., 2024; Lambert et al., 2025; Team

» known failure mode: the probability of
Olmo et al., 2025)

both y,, and y, can decrease, as long as
the margin grows

Much of the gap closes with on-policy preference data: sample pairs from the current model

and let a reward model or a judge pick the winner (lvison et al., 2024) — but then, why not just
do full RL?

30



@ Reasoning and tool use
@ Reasoning and test-time scaling
@ Tool calling

30



Reasoning and test-time scaling

Thinking before answering

» A transformer spends the same compute on every token — one forward pass per generated
token. For a hard problem, the few tokens of the final answer give the model no room to
compute

» Chain of thought / reasoning: let the model write out intermediate steps before the answer
— the generated text works as a scratchpad (Wei et al., 2022)
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Reasoning and test-time scaling

Thinking before answering

» A transformer spends the same compute on every token — one forward pass per generated

token. For a hard problem, the few tokens of the final answer give the model no room to
compute

» Chain of thought / reasoning: let the model write out intermediate steps before the answer
— the generated text works as a scratchpad (Wei et al., 2022)

» In the chat template, the thinking lives in a <think>...</think> block that is separated
from the response itself

» How does a model learn to think? Rewarded only according to the final response (not the
intermediate thinking), the models discover reasoning strategies on their own (Guo et al., 2025)

31



Reasoning and test-time scaling

Test-time scaling

» Accuracy keeps improving as the model spends more tokens thinking — a new axis of scaling
next to parameters and data (OpenAl, 2024)
> sequential: longer reasoning
» parallel: sample several answers and take a majority vote (Wang et al., 2023), or let a reward
model pick the best one

32



Reasoning and test-time scaling

How long should the model think?

» A reward on the final answer alone says nothing about cost: we don’'t want the model to
spend an excessive number of tokens on simple problems

» In practice, the reward gets a second, length-based term: a penalty that grows with the
number of thinking tokens

33



Reasoning and test-time scaling

How long should the model think?

» A reward on the final answer alone says nothing about cost: we don’'t want the model to
spend an excessive number of tokens on simple problems

» In practice, the reward gets a second, length-based term: a penalty that grows with the
number of thinking tokens
» Users can ask for a reasoning budget (“effort” low/medium/high/max)

» train for it: put the target length in the prompt and reward not spending more tokens
(Aggarwal and Welleck, 2025)

> enforce it at inference: when the budget is used up, close the thinking block (insert
</think>) and let the model answer from what it has

» Hybrid reasoning: one model that answers with or without thinking, switched per request
(Yang et al., 2025). The non-thinking mode is just an enforced empty thinking block

33



Reasoning and test-time scaling

What does the thinking actually look like?

A raw reasoning trace of ChatGPT in 2026

Need add tests for invalid position. Where? tests/Isp-tool.test.mjs. Add test that line 0
rejected before server? Maybe check codeAction? Should catch error and return error result.
Could also add service-level tests for direct service.hover with line 07 But tool enough? We
need ensure no LSP starts? Could check status active clients 0 if invalid? Since
IspService.hover validates before file read / server start. If path exists. Test invalid line 0
returns isError and text “requires 1-based line and column” maybe no root absolute. Need
start. Also test decimal column, legacy character invalid, codeAction missing/zero. Maybe not
too many.




Swhy waste time say;lotg
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Tool calling

Letting the model act

» So far the model only produces text. A tool
Il . fixed <|im_start|>system
call Is a response In a Tixed, You may call these tools:
machine-readable format that gets executed |{"name": "get_weather",

n ||: n 1 ll: n 3 n < 3 d >
externally: web search, calculator, code parameters”: {"city": "string"}}<|im_end|
i <|im_start|>user
execution, databases, any API Do I need an umbrella in Oslo today?<|im_end|>
<|im_start|>assistant

» The result comes back as a new turn, and <tool calls

the model continues {"name": "get_weather",
. . "arguments": {"city": "Oslo"}}
» The model has to be trained to (a) decide </tool_call><|im_end|>
when a tool is needed, (b) produce exactly | <lim_start|>tool
. {"temp_c": 7, "condition": "rain"}<|im_end|>
the right format and arguments, (c) read <lim_start|>assistant

the result, and (d) know when it is done Yes -- it is 7 degrees and raining
in Oslo right now.<|im_end|>

Simplified ChatML-style example; the exact tags differ

between model families.
36



Tool calling

Agents: tool calls in a loop

final answer language model | think, then call a tool ( tools
(agent) J 'L (environment)

A |

tool result (observation)

» Think, call a tool, read the result, repeat until done: an agent (Yao et al., 2023)

> Training-wise: same as before (reward calculated on the final response), the main
bottleneck is providing diverse environments, prompts are not enough as an input

37



@ Summary

@ Summary
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SFT DPO RLHF / RLAIF RLVR
inputs (x,y) (X, ¥, ¥,) pairs x & a reward model x & a verifier
demonstrations
outputs from  dataset dataset the model the model
reward implicit implicit, pairwise learned or judged scalar programmatic
cost low low high (generation + high (generation)
reward model)
typical role learning format, cheap preference helpfulness, style, safety reasoning, math,
chat template optimization code

» All of them aim at the same thing, a high expected reward of the model's own responses —

SFT and DPO indirectly, RL directly
» Further reading: the RLHF book (Lambert, 2025)
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