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Motivation

hat can we do with collected human feedback?

o BOCombined HHH Evals: Preference Models vs Multiple Choice
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Fig. 1. We show performance on 438 binary comparison questions intended to evaluate helpfulness, honesty, and harmlessness. We compare the
performance of a preference model, trained on human feedback data, to pretrained language models, which evaluate the comparisons as multiple
choice questions. We see that learning using human feedback significantly improves the performance at this task [BKK+ 22].

Rational use of human feedbacks can significantly improve the performance of
the LLMs.
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Alignment

y do we need alignment?

Contemporary Al models can be difficult to understand, predict, and control. These
problems can lead to significant harms when Al systems are deployed, and might
produce truly devastating results [ABCT21].
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Fig. 2. This figure shows helpfulness and harmlessness Elo scores for models of varying sizes, as determined from comparison tests of crowdworker
preferences in open-ended conversation [BKK+22].

We need to align general-purpose Al systems with human feedbacks and values.
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Alignment Objectives

We chose "helpful, honest, and harmless" as HHH criteria because they are simple
and memorable, and seem to capture the majority of what we want from an aligned Al.
But these are also subtle and ambiguous criteria, and the best Al behavior will involve
a compromise between them [ABCT21]:

HHH Evals by Category TruthfulQA (MC1)

—e~ Distilled Sum Logprobs
—e— LM sum Logprobs.
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Fig. 3. Left: We show the HHH evaluation performance broken down by category. The improvements on the Harm evaluations suggest a form of
generalization, as the prompt does not contain any examples where the assistant resists engaging in harmful behavior. Right: We show results on the
adversarial TruthfulQA dataset, which was constructed so that larger models would perform more poorly. [ABC+21].
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Alignment Objectives

hat is Helpfulness?

® The Al should make a clear attempt to perform the task or answer the question
posed.

® When more information is required, the Al should ask relevant follow-up questions
and obtain necessary details.

¢ |deally the Al will also re-direct ill-informed requests, e.g. if asked "how can |
build a website in assembly language" it might suggest a different approach.

Fig. 4. Helpfulness for different religions, regions and ethnicities.
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Alignment Objectives

hat is Honesty?

® The Al should give accurate information. Moreover, it should be calibrated and
express its uncertainty without misleading human users.

® The Al should be honest about its own capabilities and levels of knowledge.

® |deally the Al would also be honest about itself and its own internal state, insofar
as that information is available to it.

® Honesty is more objective than helpfulness and harmlessness.

TELL THE
TRUTH &

Fig. 5. Objectivity: Non discrimination of questioner identity (left). Accurate: consistent with facts (right).
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Alignment Objectives

What is Harmlessness?

® The Al should not be offensive or discriminatory, either directly or through subtext
or bias.
® When asked to aid in a dangerous act, the Al should politely refuse.

® To the best of its abilities, the Al should recognize when it may be providing very
sensitive or consequential advice and act with appropriate modesty and care.

® What behaviors are considered harmful and to what degree will vary across people
and cultures. It will also be context-dependent.

—“®w 3

Fig. 6. Prevent physiological and psychological harm to humans.

Dr. Yaodong Yan Institute for Al, Peking University

Lecture 5: Learning through Human Feedback



Alignment

The Methods to Align

@ Alignment

The Methods to Align

Dr. Yaodong Yang Institute for Al, Peking University

Learning through Human Feedba



Alignment
(o] lo}

The Methods to Align

Four common methods to align

® In the pre-training stage, obtain higher quality data through manual filtration and
data cleansing.
® Using a reward model for reject sampling during the output process to improve
quality and security.
1
IOSS(G) = _<TE(x,yW,y,)~D [log (U (rg (Xayw) — 1 (va/)))]
:)

® During the SFT stage, fine-tuning using human feedback.
® During the RLHF stage, fine-tuning using preference-based human feedback.

objective(6) =Eixy)~b, . |10x,) = Flog (xEH(r 10/7 (v | )]

+ FYEXNDprecran [log (ﬂ-gL (X))]
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The Methods to Align

Four common methods to align

Step1

Collect demonstration data,

and train a supervised policy.
Data cleansing;

manual filtration
Anromot

sampledifromour, Explainthe moon

prompt dataset. landing to a 6 year old
\J
Alabeler
demonstrates the @
desired output
behavior. ‘Some people went
Tothemoon
\J
This data is used 1
to fine-tune GPT-3 P
with supervised '\?‘x:?/'
learning. 2
ElSIE]
Use SFT to Align

Step 2
Collect comparison data,
and train a reward model.

Aprompt and
several model

Explinthe moon
outputs are landing o2 yearoid
sampled.

° e

(] o

Alabeler ranks
the outputs from
best to worst.

This data is used oy

to train our 2
.
reward model.

©0-06-0-0

Use the reward to A

lign

Simultaneous four methods for better alignment.

step3
Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from

the dataset.
The policy PPO
Py

generates SA -
an output. N

v

Gnce upona time.
Y

The reward model

calculates a
S8
reward for =%
v

the output

The reward is

used to update e 7
the policy N
usingppo.  Use RL to Align

Fig. 7. Four common ways to align in different stages.
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Motivation

Here we simply train language models to imitate "good" behavior via supervised
learning with the usual cross-entropy loss.

Sources of Demonstration

Control inputs ol ion ¥y | | | | | | “
\ Left-right tilt

Forward-backward tilt Gyro sensors Feature Representations

o Vertical rotational rate Magnetometers | [ Raw | [ pesaredteatues | | Feare cxvacton|
Roter collective pitch GPS
: Vision system ’ Learning from Demonstration ’
Learning from human feedback 1
~N Refining Policy

Fig. 8. Left: Learning of acrobatic RC helicopter maneuvers [ACN10]. The trajectories for acrobatic flights are learned from a human expert’ s
demonstrations.To control the system with highly nonlinear dynamics, iterative learning control was used. Right: Imitation learning
flowchart.[HGEJ17].

Dr. Yaodong Yang

Institute for Al, Peking University

Learning through Human Feedba



Feedback-based Imitation Learning
00000

Motivation

What is Feedback-based Imitation Learning?

The feedback-based imitation learning approach involves using human feedback to
optimize the model by performing supervised learning with a dataset composed of
positively-labeled generations together with the corresponding inputs, D*. This can be
achieved by minimizing the loss:
12|
0* = argmin Z £9(9)
|
L9(6) = —log py (y(i) | X('))

where the human feedbacks are usually numerical format.

XxY-3NCR
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Motivation

Why we need imitation learning?

Preference Modeling: The preference models predict a single scalar "score" r on
top of the final token of any given context, with larger r indicating more desirable
samples. The preference modeling loss for each pair of "good" and "bad" sequences is
[ABCT21]:

LPM — log (1 1 gMbad ~fgood )

Given any context C with a binary label A/B (e.g., "True/False", "Good/Bad"), we
create a preference modeling pair C:A = C:B, where B denotes the incorrect label, and
the colon denotes concatenation.

Imitation Learning: For imitation learning, we train the model to imitate "good"
behavior, this means that for imitation learning we trained on C:A.
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Motivation
y we need imitation learnin

Imitation learning has better robustness.

Preference Modeling (Solid) vs. Imitation Learning (Dashed)
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Fig. 9. Here we compare the performance of code correctness discriminators and imitation learning for ranking samples. All models used for a fixed
color are the same size —the generator of the discriminator training data, the generator of the test samples, and the preference or imitation learning
model used for ranking. The fact that some of these curves are not monotonic represents a robustness failure of preference modeling [ABC+21].
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Formulation and Methods

) ew of imitation learning from language feedbac

Given an initial LLM 7y, we sample programs from my that do not pass unit tests
(indicated by the red X). Human annotators write natural language feedback for the
incorrect program and a model TRefine generates a refinement. Finally, we fine-tune 7y
on the refinements.

Incorrect program
generated by Ty

/def sum_every other (1st):
"n"Return the sum of

eve
1st, starting with
index 0."""

return sum(lst)

Natural language feedback O
provided by human

“The code is wrong because it
attempts to sum every element
———| instead of every other one. Fix it by
slicing 15t using increment 2
before taking the sum."

Swuawauge1 w0 0.2 sunraurs

Refinement generated by TRefine
using the feedback and original
program

Gef sum every_other (lst) :
"n"Return the sum of
every other element of
1st, starting with
index 0."""
return sum(lst[::2])
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Formulation and Methods

Preliminaries

Suppose we start with vocabulary V and a pre-trained language model 7y
parameterized by:
7o : V' — [0,1]

where 7y is a probability distribution over sequences of tokens x € V*, where V* is the
Kleene closure of V. We also have a dataset of tasks D = {(t,u)}. A task (t, u)
consists of a task description t € T and a suite u = UNITTESTS(t) € U of unit tests
associated with task t.
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Formulation and Methods

Preliminaries

Finally, let:

EVAL: V* x T — {0,1}

be a unit test verification function that indicates whether a program x ~ my(- | t)
passes all the unit tests in UNITTESTS(t) [CSKT23]:

1, if x passes test suite UnitT Ests(t)
0, otherwise

EVAL(x,t) := {
We also define a fine-tuning function:
FINETUNE (7y, D)

that applies a gradient-based optimization algorithm to 7y using the associated loss
objective calculated over dataset D.
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Formulation and Methods

Imitation Learning From Language Feedback

Our goal is to sample a diverse set of high-quality programs
xy ~ (- | t)

for any given task t sampled from the task distribution p(t). We do so by fitting an
auto-regressive LLM 7y to approximate a ground truth distribution 7} (x;) that assigns
a probability to x; that is proportional to its quality, as measured by a reward function
R. Fitting mg to approximate 7y (x1) can be seen as minimizing the expected KL
divergence from 7} (x1) to my over the task distribution p(t):
min B [KL (7, (- | )]
6 t~p(t)

where

T (x1) o< exp (BR (xi, 1))

Dr. Yaodong Yang
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Formulation and Methods

Imitation Learning From Langu

Minimizing the objective in Equation:

min E [KL (7}, m(- | t))]
0 t~p(t)

is equivalent to supervised learning, i.e. minimizing the cross-entropy loss:

LO)=— E [Ly(t)]

t~p(t)

where:

£o(8) = 3 () log m G | 1

X1
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Formulation and Methods

Rather than computing this loss over the exponentially large space of all possible x;'s,
we instead use Monte-Carlo sampling over a small set of x;'s drawn from 7. However,
this is still intractable because we cannot sample directly from 7. Instead, we
approximate 7 using importance sampling with a proposal distribution g¢(x1):

*

th x| Wt(( ))logﬂe (alt)

Algorithm 1 Imitation learning from natural language feedback for code generation.
: Input: Dataset D, initial LLM 7y, unit test verification function EVAL, LLM 7rgegpe : V* — [0, 1] trained to incorporate

feedback into code
2: C < {(zo.t,u) | 2o ~ mg, (-|t), EVAL(20,t) = 0, (t,u) € D}
3: Cannotated < { (0, f,1) | (x0,t,u) € C} > Humans write feedback f for z¢ € C.
4 R+ {(t,x1) ~ TRefine(- | £, 0. f) | EVAL(21, ) = 1, (20, f.t) € Cannotated > TRefine geNerates refinements x; that
incorporate feedban into . R
s| 7. — FINETUNE(mg, R) Learning from human feedback |
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Formulation and Methods S

Intuitively, we aim to design g; to be as close as possible 7}, which we accomplish by
incorporating pieces of natural language feedback f that give information about how to
transform a low-reward program xp into a higherreward program x;. This can be
achieved by

e |dentifying a program xp ~ (- | t) that does not currently pass the test suite

(i.e. EVAL (xp,t) = 0)
® Asking for natural language feedback f about bugs in xg.

® Using f to transform the original program xp into a refinement x1 that
incorporates the feedback and passes the test suite (i.e. EVAL (xi, t) = 1).

® Assigning higher weight to x;

Dr. Yaodong Yang Institute for Al, Peking U
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Formulation and Methods

Proposal Distribution g

We can formalize this procedure as follows. Let

o (X1 ’ t, Xo, f)

be a distribution over programs x; that improve xg by incorporating the feedback f and
pr (f | t,x0, EVAL (xg, t) = 0) be the distribution of pieces of feedback f for incorrect
program xg and task t. We can then define our proposal distribution as:

e (x1) =Y ma (x0 | t) X do (EVAL (x0, 1) | x0, 1))

x0,f
X pF (f | t, xo, EVAL (Xo, 1.') = O)
X Ty, (X1 | t, xXo, f)
X 01 (EVAL (Xl, t) ‘ t,Xl)

Dr. Yaodong Yang Institute for Al, Peking University
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Formulation and Methods

Proposal Distribution g

e (x1) =Y ma (x0 | t) x do (EVAL (x0, 1) | x0, 1))

X0,
x pr (f | t,x0, EVAL (xp, t) = 0)
X Ty (X1 | t, X0, F)
x 01 (EVAL (x1, t) | t, x1)
where §y and 47 are the Dirac delta distributions centered at 0 and 1, respectively.

Then this proposal distribution is guaranteed to place higher probability mass on
higherquality programs (in terms of unit test pass rate) than my since the term

01 (EVAL (Xl, t) ‘ t,Xl) =0

for incorrect programs x;.
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Formulation

Proposal Distribution g

We approximate sampling from g by considering each of the terms in above Equation
in order:
® We first sample from gy (xp | t) x do (EVAL (X0, t) | X0, t)) by rejection sampling
from my. (i.e. EVAL (xo,t) = 0; step 2 of Algorithm).
® We approximate sampling from pr (f | t,x0, EVAL (xp, t) = 0) by having humans
annotate programs xo with natural language feedback (step 3 of Algorithm).

Algorithm 1 Imitation learning from natural language feedback for code generation.
1: Input: Dataset D, initial LLM 7, unit test verification function EVAL, LLM 7rgefine : V* — [0, 1] trained to incorporate

into code
2: C « {(wo,t,u)|zo ~ g, (-|t), EVAL(20,t) = 0, (t,u) € D}
3: Cannotated < { (0, f.t) | (z0.t,u) € C} > Humans write feedback f for z¢ € C.
3 T

T e 0 T1)  TRenneC 100, ) [ EVALUTL, U] = 15 (00, 15 1) © Coamnotated ] © TRehne
incorporate feedback f into zq.
S: mg- <+ FINETUNE(mg, R)
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Formulation and Methods

Proposal Distribution g

® We approximate sampling from 7y, (x1 | t, Xo, f) by sampling from 7Refine, @ model
capable of generating refinements given the task description, original programs,
and human-written feedback.

e Finally, the term 0, (EVAL (x1, t) | t,x1) corresponds to another filter: we only
keep refined programs x; that pass the test suite.

Training TRefine: TRefine Can take a variety of forms, you can create a training dataset
for mRefine by further annotating a subset of Cannotated with refinements x; that
repair incorrect programs x0 by incorporating feedback f, such that:

EVAL (xi,t) = 1

(X07 f» t) € Cannotated

Dr. Yaodong Yang
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Fig. 10.

Prompt

Expected completion

OLD CODE:
wnn
Write a python function to find
the sum of the three lowest
positive numbers from a given list
of numbers.
>>> Example:
sum_three_smallest nums([10,20,30,
40,50,60,7]) = 37
wnn
def sum three smallest nums(lst):
1st.sort()
return sum(lst[:3])

FEEDBACK:

This code finds the sum of the smallest 3
numbers, not the smallest 3 positive numbers.
It needs to disregard negatives and 0.

REFINEMENT:

nwn

Write a python function to find
the sum of the three lowest
positive numbers from a given list
of numbers.
>>> Example:
sum_three_smallest nums([10,20,30,
40,50,60,7]) = 37
i
def sum_three_smallest_nums(lst):
1st = [x for x in 1lst if x >
0]
1st.sort()
return sum(lst[:3])

An example of a zero-shot LLM prompt for repairing incorrect code based on human-written feedback.
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Conclusions

Application scenarios and characteristics of IL

Applicable scenarios: Translation, Legal, etc. Advantages:

¢ Precision and high standardization Can be designed to follow strict standards
and rules, ensuring output consistency, comparability and accuracy.

® High robustness Maintain stable performance as the model size increases.
® Easy to learning Easy to do supervised fine-tuning.
Unsuitable scenarios: Disaster relief, etc. Disadvantages:

* Relying on precise expert It is difficult to deal with Tasks with complex or
ambiguous reward signals.

® Poor adaptability It is difficult to deal with scenarios with constantly changing
dynamics or novel situations.
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Feedback-based Imitation Learning
ooe

suitable scenarios for IL

Imitation learning performs poorly in ranking-based tasks.

Accuracy
°
S

HellaSwag (Ranked)

Learn to Summarize (Ranked)

—o— Preference Modeling o

~o— Preference Modeling pom—
—&— Imitation Learning _—

& Imitation Learing 075 /
A
0.70 .
5 0.651—
<
0.60
055
107 10° 10° 1010 107 108 10° 10

Number of Parameters

Number of Parameters

Fig. 11. Scaling behavior of imitation learning and preference modeling on HellaSwag (ranked) and Learn to Summarize (ranked), showing that PM
performs better than IL.[ABCT21].
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Motivation

do we need DPO

® RLHF is a complex and often unstable procedure.

e the RLHF pipeline involves training multiple LLMs and sampling from the LLM
policy in the loop of training, incurring significant computational costs.

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
1 mchmuwmyau"m A label rewards - ) v:h’feh-smrvmyau'h ~
= . 3 A
> S ——> |reward model LM policy * T=.|> —_ final LM
i d i ‘ e Sorpletine dat: s
preference data rrlax!mun sample c edata oo
likelihood reinforcement learning =" likelihood

Merge 2 steps into 1 step

Fig. 12. DPO optimizes for human preferences while avoiding reinforcement learning. Existing methods for fine-tuning language models with human
feedback first fit a reward model to a dataset of prompts and human preferences over pairs of responses, and then use RL to find a policy that
maximizes the learned reward. In contrast, DPO directly optimizes for the policy best satisfying the preferences with a simple classification objective,
without an explicit reward function or RL [RSMT23].
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Formulation and Methods

Preliminaries

We review the RLHF pipeline in [ZSW™19]. It usually consists of three phases: 1)
supervised fine-tuning (SFT); 2) preference sampling and reward learning and 3)
reinforcement-learning optimization.

step1 step2 steps
3 Optimi; licy against
and train a supervised policy. and train a reward model. the reward model using

reinforcement learning.

Apromptis Apromptand Anew prompt o
sampled from our several model A, | is sampled from A
prompt dataset. outputs are Tandato 3 venrld the dataset. s
sampled.
v ° o v
Alabler —_— The policy o
mrsamve (@) R
desired output - an output P
havi
behavior. . Y |
Alabeler ranks
, the outiiarom @ —
This data s used - best to worst. ,
to fine-tune GPT-3 2 0-0-0-0 The reward model R
with supervised ! calculates a -
learni v reward for
eerning z This data s used &) the autput. D
EEE) to train our B
reward model. The reward is J
used to update T
the policy.
using PPO.

Fig. 13. The diagram illustrating the three steps of RLHF.
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Formulation and Methods

Preliminaries

SFT phase: RLHF typically begins with a generic pre-trained LM, which is fine-tuned
with supervised learning (maximum likelihood) on a high-quality dataset for the
downstream tasks of interest, such as dialogue, instruction following, summarization,

H SFT
etc., to obtain a model 7" ".
v his data is used .
A ti A labeler tTo Ifnsnea:jr:se penieh s
prorlnz fIs demonstrates the @ with supervised -@;@0
sarmpletifzgm our Explain the moon desired output > P >’
prompt dataset. landing to a 6 year old ) VA learning. 2
beha‘nor' ‘Some people went N
to the moon. @@@

Fig. 14. The process of SFT.
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Formulation and Methods

Preliminaries

Reward Modelling Phase: In the second phase the SFT model is prompted with
prompts x to produce pairs of answers (yi,y2) ~ 5 L(y | x). These are then
presented to human labelers who express preferences for one answer, denoted as

Yw > ¥ | x where y,, and y; denotes the preferred and dispreferred completion
amongst (y1, y2) respectively. The preferences are assumed to be generated by some
latent reward model r*(y, x), which we do not have access to. There are a number of
approaches used to model preferences. The BT [BT52] model stipulates that the
human preference distribution p* can be written as:

exp (r* (x, y1))
exp (r* (x, y1)) + exp (r* (x, y2))

p*(y1>y2 | x) =

Dr. Yaodong Yang Institute for Al, Peking University
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Preliminaries

Assuming access to a static dataset of comparisons:

D= [x0,40,47)"
i=1
sampled from p*, we can parametrize a reward model ry(x,y) and estimate the
parameters via maximum likelihood. The negative log-likelihood loss:
LR (13, D) = —E(xy,.y)~p [l0g 0 (1 (X, yw) = rg (x, 11))]

where o is the logistic function. In the context of LMs, the network ry(x, y) is often
initialized from the SFT model 75¥T(y | x). To ensure a reward function with lower
variance, prior works normalize the rewards, such that:

Ex,yN'D [I’¢(X,y)] =0

for all x.
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Formulation and Methods

Preliminaries

RL Fine-Tuning Phase: During the RL phase, we use the learned reward function to
provide feedback to the language model. In particular, we formulate the following
optimization problem:

max B p o (y1x) 76 (%, )] = BDKL [mo(y | X)l|mrer(y | x)]

where (3 is a parameter controlling the deviation from the base reference policy mf,
namely the initial SFT model 75FT. The added constraint is important, as it prevents
the model from deviating too far from the distribution on which the reward model is
accurate, as well as maintaining the generation diversity and preventing mode-collapse
to single high-reward answers. Due to the discrete nature of language generation, this
objective is not differentiable and is typically optimized with reinforcement learning
through PPO [SWD™17].
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Formulation and Methods
From RLHF to DPO
Deriving the DPO objective We start with the same RL objective as prior work:

H;F%XEXND,yNﬂg(le) [r¢(X7Y)] — BDkL [779()/ ’ X)”ﬂ'ref(y ‘ X)]

under a general reward function r. It is straightforward to show that the optimal
solution to the KL-constrained reward maximization objective in above equation takes

the form:

T (y | x) = ﬁﬂ'ref(y | x)exp (%r(x,y))

where

260 = Y mtly [ )50 (5rx,0))

y

is the partition function.
Institute for Al, Peking University
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Formulation and Methods

Optimal Policy Structure in DPO

But it is still difficult to estimate Z(x). We take the logarithm of both sides of above
equation and then we obtain:

w10
) = Plog L Ty + Plos 200

We can apply this reparameterization to the ground-truth reward r* and corresponding
optimal model 7*. the optimal RLHF policy 7* under the Bradley-Terry model satisfies
the preference model:

1
y2|x) 1lx)
1 +exp (5 log T;ﬂx) B log Wref(;l\x)>

p*(y1 = yo | x) =
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Formulation and Methods

Optimization objectives of DPO

Now that we have the probability of human preference data in terms of the optimal
policy rather than the reward model, we can formulate a maximum likelihood objective
for a parametrized policy 7*. Analogous to the reward modeling approach:

Lr (r¢7D) = _E(x,yw,y/)N'D [IOgU (rd) (Xv.yW) — Iy (X7y/))]
our policy objective becomes:

Lppo (765 Tret) =
o (yw|x) o (yl|x)
_]E(vaw’yl)ND [log 3 <IB IOg ﬂrif%/YW‘X) 6 08 Trer};/”X) >}

Through this way, we simultaneously bypass the explicit reward modeling step while
also avoiding the need to perform reinforcement learning optimization.
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Formulation and Methods

Optimized Interpretation of DPO

What does the DPO update do? For a mechanistic understanding of DPO, it is
useful to analyze the gradient of the loss function Lppgp. The gradient with respect to
the parameters 6 can be written as:

Vo Lppo(Te; Mrer) =

- IBIE(z,yw,yl)ND|: a(fo(x,y1) — 7o (T, Yw)) [ Vologm(yw | ) — Vologn(y | ) ”

higher weight when reward estimate is wrong  increase likelihood of y,,  decrease likelihood of y;

where

moly [ %)

Teet (Y | X)

is the reward implicitly defined by the language model 7y and reference model 7yef.

fo(x,y) = Blog
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The Pipline of DPO

The general DPO pipeline is as follows:
e Sample completions yi, yo ~ (- | x) for every prompt x, label with human
preferences to construct the offline dataset of preferences

N MmN
D= {X(oayx)a)q) } .
-
® optimize the language rlnodel Ty to minimize Lppo for the given mf, D and
desired (.

Direct Preference Optimization (DPO)

x: “write me a poem about
the historyof jazz™

: [ ]
t_=:] > — final LM
L

preference data ey

likelihood
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Conclusions

Empirical results of DPO

DPO is efficient and effective

IMDb Sentiment Generation TL;DR Summarization Win Rate vs Reference
10 . o7 i DPO  —f— PreferredFT  —— GPT
e ® -...-' —— PO —F— SFT —F— Bestof 128
09
06
.
08 . oo, % M 05
° 2
So Sos
g2 | R £
T o6 % tage °°° =03
05| e 02
s ° DPO (Ours) ®  PPO-GT (Our impl.)
o Unlikelihood o PPO-GT (TRL) 01
04 e PPO(Ourimpl) e Preferred-FT
00 25 50 75 100 125 150 175 200 00000 025 050, s 2,00
KL(to || Trer) Sampling temperature

Fig. 16. Left: The frontier of expected reward vs KL to the reference policy. DPO provides the highest expected reward for all KL values,
demonstrating the quality of the optimization. Right. TL;DR summarization win rates vs. human-written summaries, using GPT-4 as evaluator.
DPO exceeds PPO' s best-case performance on summarization, while being more robust to changes in the sampling temperature.
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Summary and Outlook

In this lecture, we covered the fundamentals and recent advances of learning from
human feedback:

e Alignment: Learning from Human Feedback and matching with human values.
® | earning language policies through demonstrations.
® Using human feedback to directly optimize policies.
In the next lecture, we will introduce RLHF:
® The pipline of RLHF.
® Reward model in RLHF.
® Unified alignment framework for RLHF.
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Thanks!
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