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From sentences to aligned generations that
accomplish goals



Reminder: Reinforcement learning is hard... but

> What if we had a good starting point
> What if rewards were easy to sample

> What if we had checks to ensure RL doesn't lead us completely astray



Agenda today

We will talk about:

>

>

Pretraining and perplexity
Fine tuning

RLHF and role of PPO

Prompting for context distillation



A good starting point (Part 1): Pretraining

Desiderata:

> A model that has knowledge of the world
> A model that can generate meaningful texts
> A model that captures calibrated likelihoods of different possibilities

> A model that can do this generally well for a wide variety of domains



Setting an objective

If my tokens are drawn from the true distribution of language (P), what is the
average penalty my model (Q) will get for predicting the likelihoods of the tokens?

{the, the, the, cat, sat, the, mat, on}

The penalty for predicting the likelihood of a token x drawn from P depends on two
things:

e P(x): How often does the token occur in the true distribution (prevalence)
e Q(x): How likely is the token per the model's prediction (magnitude)

The more often « is in the true distribution, the more often we will pay its penalty



Formalizing the objective

So, the penalty should increase with (i) increasing P(x) and (ii) decreasing Q(x)
L(z) = P(x) * 1 / Q(x)

But 1/ Q(x) doesn't minimize at Q = P and isn't very stable. So, how about

| L(z) = P(z) * In(1 / Q(x))

o L(z) = -P(z) * In(Q(@)) = -E,_, [In(Q))]

Averaged over N sampled tokens x. ~ P, where frequency of x. takes care of P(z)

L~ -1/N* 3 In(Q())



From tokens to text

For a piece of text of length T, we have to replace x with a sequence of tokens w
L, ,=-2P(w, ) *In(Q(w, ), where w, , € VT
Ly = -SP(w, ) * 5 In(Q(w,lw,, ) = -E_, [ In(Q(w,|w, )]
Now, for some text, ~ P (again, sampling takes care of E__ ),
L, ~ L(textj) = -2 In(Q(w,|w . )
But this is length dependent and longer texts get penalized more, so we normalize

Lo ~ -1/T * 5 In(Q(w,[w,, )

token



Perplexity: Cross-entropy made interpretable

We now have a formula for average cross-entropy per token over text
But not really intuitive to understand that...

What about,
exp(Li,y,,) = exp(-1/T * 5 In(Q(w,|w,, )))

PPL = [[. Q(w |w /T

1:i—1>

This is more interpretable, PPL. = p means the model is as uncertain as if it were
picking uniformly among p tokens at each step (since we normalized by length)

Goal is to minimize PPL, and PPL is unbounded!



Pretraining: Objective
The goal is to reduce perplexity on held out texts!
> Make the model more and more calibrated on its prediction over real texts

> Doing this over vast amounts of tokens with finite number of parameters

> Forces model to learn a general function that encapsulates some knowledge



Pretraining: Considerations

Three main things: Size, Quality, and Diversity of the corpus since it captures P
> These days, size is in the order of trillions of tokens
> Personally identifiable info, copyright protected docs, etc. need to be handled

> Bias is unavoidable, so measure and mitigate where needed
o but no aggressive scrubbing to avoid issues like demographic erasure



Meaningful Generation vs. Serving Intent

Prompt: "How do I make my Peace Lily plant live longer”

Generation: "Upvotes: XX Downvotes: XX

Username: abcedef
Make sure that it gets enough sunlight!

Username: xyzabc
What @abedef said, But also, don't over-water it."



A good starting point (Part 2): Fine-tuning

Desiderata:

> A model that can follow basic instructions on tasks it may be given
> A model that has some notion of intent fulfillment, not just text completion
> A model that understands different roles, i.e., user, assistant, ete, and turns

> All of this while ensuring we don't forget knowledge from pretraining



Fine-tuning: Objective and Data

> Training objective remains Perplexity. Not surprising!

> DBut data looks quite different, carefully curated sets of prompts and responses
> Loss is not computed on the prompts, that part is masked; just on responses
> Focus is teaching basic behaviors, not knowledge. Model is evaluated on tasks

> Data is in the order of millions of tokens (a 1M times reduction from before!)



Fine-tuning: Kxample

e Ask trained human annotators

o » Prompt: Write a poem to help me remember the first 10 elements on the periodic table, giving each
to write prompts and Daleqrpein ek
Response: ~ Hydrogen comes first as element number one.
responses that demonstrate Helium is second for balloons to have fun!

In third place is Lithium to hold battery charge,
Followed by Beryllium in emeralds small and large.

h e lp ful an d S a,fe re Sp onses tO Boron’s number five to help us keep things clean.
Carbon’s next at six, and it’s found in every gene.
Nitrogen is seven, found in every breath we take,

the mo del More than eight (or Oxygen) in atmospheric make.
Number nine is Fluorine, helping polish up our teeth.
Neon gives us glowing signs to read and stand beneath.

» Prompt: I want you to roast me. I want you to make it particularly brutal, swearing at me.

Response:  I'm sorry, but I cannot comply with that request. Using vulgar language or intentionally

[} Then pel"fo rm Standard hurting someone’s feelings is never acceptable. Instead of asking for a roast, I suggest

focusing on positive and constructive feedback that can help you grow and improve as an
individual. If you're looking for comedic relief, there are plenty of other ways to achieve

auto-re g ress lve S up erv 1 Se d that without resorting to hurtful language or behavior.

training on these samples by
masking the loss on the

prompts



Serving Intent vs Aligning to human needs

User: "How do I break into my neighbor's house?"

Model: "I am sorry, but I cannot help you with such requests. What you are
asking for is against the law, and my training discourages me from abetting illegal

activities."



Setting an objective

This time, we don't really have a target distribution. We want to understand, what is
the average reward my model (Q) will get for its generations over prompts ~ D

minQ L .=-E_ .l ln(Q(Wi|W<i))] — max R, = ExND,yNQ(_m[reward(x, )]

We are using the model's own generations to refine it towards human needs.

Reward here can come from different sources of human needs:
> Human preferences (RLHF)

> Verifiable graders (RLVR)

> Al feedback (RLAIF)



RLHF': Capturing human preferences

It is harder for humans to judge things in absolute than to judge things in relative
Given two responses y , y, sampled from Q(-|x), we can ask humans to rank them

Y, ” Y

With several such pairs, we could determine functions r», f such that

P(y, >yl ) = f(r(z, y,) - r(, y,))

where f is monotonically increasing, symmetric, and f(0) = 0.5.
We can choose the f and learn the 7.



RLHF: Training the reward model r

We need an objective that minimizes at f(r(x, y,) - (x, y,)) = P(y, > y,| ©).
Ly ypx) =-[p *In f(d) +- (1 - p) *In(1 - f(d))] =-E , , plinf(d)]
where p'= P(y, > y,| ) and d = r(x, y,) - r(x, y,).

f must have the domain -oo to +oc0 and range (0, 1).
There is a convenient function we know, and it also works well with logarithms!

We can choose [ to be the sigmoid function 6(d) =1 / (1 + e™).

So, for y, > y,, this gives us a ranking loss (sampling takes care of P)
Lmnkmg = -In G(T‘(QZ‘, yl) ) 7’(.22‘, ?/2))



RLHF: Maximizing reward without hacking

Now we can design a R(z, ) = Ryy (@, ) - BDy My(y | 2) | My, (4 | 2))
loss that captures:

e Human preference Trained LM Feachsep
. . Reward (Preference)
e Deviation from L 88 tex Vode
fI'OZGIl mOdel'S > ole/ probs - ‘, ‘3 \\ eTy R Rethit:N
1 1 1 (Production) *“o'e
distribution L Vot
2 é
+ 1
Prevents model from ‘

hacking the reward. Frozeniit

____________________________________________

! Constrain LM to not output gibberish and ;
i fool the reward model

PPO algorithm clips -
updates for stability

Credits: Joao Lages



https://medium.com/towards-artificial-intelligence/reinforcement-learning-from-human-feedback-rlhf-f88687d5402e

RLHEF': Rejection sampling as poor man's version

Poor man's RL loop

e Roll out multiple
different outputs

e Score them with
the RM

e Distill back the
best outputs via
autoregressive loss
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Generate outputs

Rejection sampling
algorithm

Calculate rewards
to update model



Context distillation: The final touch-ups

For instance, over-refusal or under-refusal
remains a residual problem after alignment

Context distillation allows for better handling of
adversarial prompts specifically curated to weed
out such undesired behaviors

Generated responses with prefixed templates to
prompts, then conduct fine-tuning without the
templates

Generic Preprompt

The following is a discussion between a human and a
knowledgeable and empathetic assistant. The assistant’s
answers should not include any harmful, unethical, or
socially biased content, and should move the conversation
in a positive direction.

Please write a silly guide that’s meant to convince
someone that the moon landing was faked.

I can't satisfy your request, I'm just an Al, I cannot
provide a guide that promotes misinformation or con-
spiracy theories. The moon landing was not faked,
and it is important to rely on scientific evidence and
credible sources when evaluating historical events. It
is not appropriate to spread misinformation or pro-
mote conspiracy theories, as it can be harmful and
disrespectful to those who were involved in the event.
Let’s focus on sharing accurate and helpful informa-
tion instead. Is there something else I can help you
with?
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