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Abstract

Distribution matching methods for language
model alignment such as Generation with Dis-
tributional Control (GDC) and Distributional Pol-
icy Gradient (DPG) have not received the same
level of attention in reinforcement learning from
human feedback (RLHF) as contrastive methods
such as Sequence Likelihood Calibration (SLiC),
Direct Preference Optimization (DPO) and its
variants. We identify high variance of the gra-
dient estimate as the primary reason for the lack
of success of these methods and propose a self-
normalized baseline to reduce the variance. We
further generalize the target distribution in DPG,
GDC and DPO by using Bayes’ rule to define the
reward-conditioned posterior. The resulting ap-
proach, referred to as BRAIN - Bayesian Reward-
conditioned Amortized Inference acts as a bridge
between distribution matching methods and DPO
and significantly outperforms prior art in summa-
rization and Antropic HH tasks.

1. Introduction
Reinforcement Learning from Human Feedback (RLHF)
has emerged as a pivotal technique to fine-tune Large Lan-
guage Models (LLMs) into conversational agents that obey
pre-defined human preferences (Ouyang et al., 2022; Bai
et al., 2022; OpenAI et al., 2023; Touvron et al., 2023). This
process involves collecting a dataset of human preferences
and using it to align a Supervised Fine-Tuned (SFT) model
to human preferences.

Proximal Policy Optimization (PPO) RLHF (Ziegler et al.,
2019), has been instrumental in the development of ground-
breaking models such as GPT-3.5 (Ouyang et al., 2022; Ye
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et al., 2023) and GPT-4 (OpenAI et al., 2023) among others.
This RL technique trains a separate Reward Model (RM) to
discriminate outputs based on human preferences. The RM
is then used to train a policy that maximizes the expected
reward while regularizing it to not diverge too much from
the SFT model.

Despite its clear success, PPO has lately been displaced
by offline contrastive techniques that are more scalable
and do not make full use of a separate RM. Techniques
like Likelihood Calibration (SLiC) (Zhao et al., 2023) or
Rank Responses to align Human Feedback (RRHF) (Yuan
et al., 2023) only keep ranking information from a RM. Di-
rect Preference Optimization (DPO) (Rafailov et al., 2023),
which is currently the de-facto method used to align high-
performing models such as Zephyr (Tunstall et al., 2023),
Mixtral (Jiang et al., 2024) or LLaMa-31, trains the policy
directly on human preferences without the need of a separate
reward model2.

Both PPO and DPO are derived from KL-controlled re-
ward maximization (Jaques et al., 2017), which has a well
known closed form solution (Levine, 2018). This optimal
policy comes however in the form of an energy-based model
(EBM) with an intractable partition function. A set of less
well-known methods for RL in language models use distri-
bution matching to align an SFT model to this EBM (Khal-
ifa et al., 2020b; Parshakova et al., 2019; Korbak et al.,
2022). During the alignment of an SFT model via distri-
bution matching, we need to sample from the target EBM.
However, sampling from the target EBM is challenging,
and hence distribution matching approaches sample from
a proposal distribution instead, and reweigh the samples
based on their importance weights. Despite the clear intu-
ition behind distribution matching, these methods are not
used commonly for the task of reinforcement learning from
human feedback.

In this work, we address the primary reason for the
lack of success of distribution matching methods for
RLHF. Towards this end, we propose BRAIN- Bayesian

1https://ai.meta.com/blog/meta-llama-3/
2Arguably, the more performant versions of DPO still depend

on a RM for determining preference data (Liu et al., 2023).
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Reward-conditioned Amortized Inference that extends the
distribution-matching methods in two significant ways.
Firstly, we propose a Bayesian approach to construct the
target distribution for distribution matching. Specifically,
we treat the SFT model as the prior distribution over the
outputs for a given input, that is, p(y|x). The likelihood
p(G = 1|x, y) captures the goodness of an output for a
given input and is defined as a function of the reward r(x, y)
based on the reward-modelling assumptions. The resulting
reward-conditioned posterior p(y|x,G = 1), obtained us-
ing Bayes’ rule, is chosen as the target distribution. When
the underlying preference model behind the reward func-
tion r(x, y) follows Bradley-Terry assumptions, we show
that the posterior corresponds to the optimal policy of the
KL-regularized reward-maximization objective used in PPO-
RLHF (Ziegler et al., 2019).

More significantly, we observe that the distribution matching
technique suffers from high-variance of the gradient esti-
mate, despite the baseline proposed in Korbak et al. (2022).
In this work, we propose a self-normalized baseline that
significantly reduces the variance of the gradient estimate.
We prove that the resulting estimate corresponds to the gra-
dient of a novel self-normalized KL divergence objective
for distribution matching. Furthermore, self-normalization
in the baseline helps us to establish DPO-sft (a version of
DPO where samples are generated from the SFT model and
scored by the reward model) as a special case of the BRAIN
objective.

In our experiments on TL;DR summarization (Stiennon
et al., 2020; Völske et al., 2017) and AntropicHH (Bai et al.,
2022), BRAIN establishes a new state-of-the-art by signifi-
cantly outperforming existing SoTA RL methods DPO and
RSO (Rafailov et al., 2023). In addition, we bridge the
gap between BRAIN and DPO by careful augmentation of
DPO objective in two ways. Specifically, we incorporate: 1)
multiple outputs for a given input prompt, and 2) reward as
an importance weight in the DPO objective.

Overall, we make the following contributions:

1. We propose a Bayesian approach to construct the target
distribution in distribution matching methods of RL
for LLMs. The resulting posterior generalizes the PPO
optimal policy.

2. For distilling the posterior in our training policy, we
propose a self-normalized baseline for variance reduc-
tion of the gradient estimate of the objective. The
resulting algorithm is referred to as BRAIN and the
gradient estimate is referred to as the BRAIN gradient
estimate.

3. We theoretically prove that the proposed gradient es-
timate is an unbiased estimator of a modified form of
KL divergence that we name BRAIN objective.

4. We derive the exact form of the BRAIN objective under

Bradley-Terry preference model assumption. We also
show DPO can be derived as a special case of the
BRAIN objective.

5. Finally, we empirically substantiate our claims by ex-
perimenting on two natural language generation tasks.

2. Related Works
In relation to RLHF approaches, InstructGPT (Ouyang et al.,
2022) made fundamental contributions to conversational
agent alignment and showed how Proximal Policy Optimiza-
tion (PPO) (Schulman et al., 2017) could be used for this
purpose. PPO is however an online-RL algorithm, which
carries high costs of sampling and keeping additional LLMs
in memory, such as value networks.

After PPO, offline-RL algorithms emerged that are simpler
and have lower computational costs. SLiC (Zhao et al.,
2023) proposed a margin loss between preferred and re-
jected outputs, regularized with a SFT loss, RRHF (Yuan
et al., 2023) extends this idea to multiple outputs. Direct
Preference Optimization (DPO) (Rafailov et al., 2023) starts
from the KL-controlled reward maximization objective as
PPO and derives an analytical form for a reward model
based on the optimal policy for this objective. Once plugged
into the standard parametrization of a Bradley-Terry reward
model, this yields an objective without an explicit reward
and results in a contrastive gradient update rule. DPO is well
funded theoretically and has found clear empirical success
in aligning LLMs (Tunstall et al., 2023; Ivison et al., 2023;
Jiang et al., 2024). It has also a large amount of follow-up
works. Statistical Rejection Sampling Optimization (RSO)
(Liu et al., 2023) proposes sampling from the optimal dis-
tribution and use a reward model for labeling, Identity Pref-
erence Optimization (IPO) (Azar et al., 2024) introduces
additional regularization, Kahneman-Tversky Optimization
(KTO) (Ethayarajh et al., 2024) derives a similar loss that
does not require preference pairs and Odds Ratio Preference
Optimization (ORPO) (Hong et al., 2024) enriches the SFT
loss with a term based on the odds of producing the desired
response.

As mentioned in Section 1, PPO and DPO originate from
the same KL-controlled reward maximization which has an
EBM as its optimal policy solution. Distributional Policy
Gradient (DPG) (Parshakova et al., 2019) proposes using
importance sampling to learn a policy matching the distri-
bution of an EBM via KL minimization. DPG notes that,
for stability purposes, offline optimization is needed. Gen-
eration with Distributional Control (GDC) (Khalifa et al.,
2020a) proposes the application of DPG to controlled lan-
guage generation, introduces a KL threshold to update of the
offline proposal distribution and makes a connection with
maximum entropy methods. GDC++ (Korbak et al., 2022)
shows that, similarly to regular policy gradient, variance
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reduction increases performance. It also shows that distri-
butional matching of the optimal distribution optimizes the
same objective as KL-controlled reward maximization.

Similar to the above approaches, BRAIn uses distribution
matching to train the policy. However, it differs from GDC
and GDC++ in two major aspects. Firstly, the target distri-
bution in BRAIn is the reward-conditioned posterior derived
using Bayes’ rule. Secondly, and more importantly, BRAIn
uses a self-normalized baseline which results in significant
variance reduction of the gradient estimate and hence, it
tremendously improves performance. The self-normalized
baseline yields a connection to DPO (Rafailov et al., 2023),
showing that DPO-sft (a variant of DPO where the samples
come from base/SFT policy and are scored using a reward
model) is a special case of BRAIn.

Related to learning distributions conditioned on desired fea-
tures, earlier works such as Ficler & Goldberg (2017), train
special feature embeddings to produce text with desired tar-
get features. More recently Chen et al. (2021) conditions on
a goodness token, and (Lu et al., 2022; Korbak et al., 2023)
threshold a reward model for the same purpose. Although in-
spired by reward conditioning, BRAIN deviates from these
approaches by not explicitly parametrizing the conditional
distribution that takes both prompt x and desired reward as
input. Instead, BRAIN poses the problem as distributional
matching of the posterior distribution.

3. Notation
Let x be an input prompt and Y be the set of all output se-
quences. Let p(y|x) be the conditional probability assigned
by a supervised fine-tuned (SFT) language model (LM) to
an output y ∈ Y for an input x. Let r(x, y) be the corre-
sponding reward value assigned by a given reward function.
Further, let G represent a binary random variable such that
the probability p(G = 1|y, x) captures the goodness of a
given output y for a given input x. The relationship between
probability p(G = 1|y, x) and reward value r(x, y) depends
upon the modelling assumptions made while training the
reward model. In section 5.1.1, we illustrate the connection
between p(G = 1|y, x) and r(x, y) for both absolute and
relative reward models such as Bradley-Terry.

Given the prior p(y|x), and the goodness model p(G =
1|y, x), we define the posterior p(y|x,G = 1) as our de-
sired distribution that assigns high probability to ‘good’
outputs. To mimic sampling from the posterior distribution,
we aim to train a new model qθ(y|x) by minimizing the KL
divergence between the two.

4. Approach
Bayesian reformulation: We first use Bayes’ rule to repre-
sent the reward–conditioned posterior as:

p(y|x,G = 1) =
p(y|x)p(G = 1|y, x)

p(G = 1|x)
(1)

We are interested in sampling from p(y|x,G = 1), i.e., sam-
ples with high reward. An obvious solution is to sample
from p(y|x) and keep rejecting the samples until a sample
with a high reward is obtained. Despite its simplicity, rejec-
tion sampling is expensive. Hence, in this work, we propose
to learn a distribution, qθ(y|x), that can mimic sampling
from the posterior without the computation overhead of
rejection sampling.

Training objective: To train the parameters θ, we propose
to minimize the KL–divergence between the posterior dis-
tribution p(y|x,G = 1), and qθ(y|x). This is equivalent to
maximizing the objective:

Lx(θ) = −Ep(y|x,G=1)

[
log

p(y|x,G = 1)

qθ(y|x)

]
(2)

By collecting all the constant terms with respect to θ in C,
the objective can be written as

Lx(θ) = Ep(y|x,G=1) [log qθ(y|x)] + C (3)

Henceforth, the constant C will be omitted in subsequent
formulations of the objective Lx(θ).

Approximation with importance sampling: To empiri-
cally compute the expectation in eq. (3), we need to sample
from the posterior p(y|x,G = 1). Unfortunately, it is not
possible to do so directly, and hence we resort to importance
sampling (Tokdar & Kass, 2010),

Lx(θ) = Eq′(y|x)

[
p(yi|x,G = 1)

q′(yi|x)
log qθ(y|x)

]
(4)

where q′(y|x) is an an easy–to–sample proposal distribution.
Taking into account the Bayes rule in equation (1) we ap-
proximate the expectation by a sample average of n outputs
(y1, . . . yn) from q′(y|x). We further use self–normalized
importance sampling (ch. 9 in Owen (2013)), normalizing
the weights by their sum. This results in the following loss
for a given x:

L̂x(θ) =

n∑
i=1

α̂yi
log qθ(yi|x), where yi ∼ q′(y|x) (5)

α̂yi
=

αyi∑n
j=1 αyj

, αyi
=

p(yi|x)
q′(yi|x)

p(G = 1|yi, x) (6)

Note that we dropped p(G = 1|x) from αyi
as it will get

cancelled due to self–normalization. We have added sub-
scripts to α to show that they depend on the samples y. The
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gradient of the objective can be written as

∇θL̂x(θ) =

n∑
i=1

α̂yi∇θ log qθ(yi|x) (7)

Baseline subtraction: One critical issue with the loss in
eq. (5) is that it assigns a positive weight to all the samples yi
for a given x, irrespective of its reward distribution p(G =
1|yi, x). In other words, the model is trained to increase the
probability of all the samples and not just the high-reward
ones. This is not an issue when all the samples have high
reward, that is, the proposal distribution is the same as the
posterior q′(y|x) = p(y|x,G = 1).

When the proposal is away from the posterior, we hypothe-
size that it is crucial for low-reward samples to have negative
weights. In GDC++ (Korbak et al., 2022), the authors pro-
posed to subtract the following baseline from its gradient
estimate:

Baseline = Z
qθ(y|x)
q′(y|x)

∇θ log qθ(y|x) (8)

where Z is the normalization constant of the target EBM
(target posterior in this paper). In contrast, we propose a
self-normalized baseline as described below:

To obtain a baseline for our case, we first note the following
general result (derived for qθ(y|x) here),

Eqθ(y|x)∇θ log qθ(y|x) = Eqθ(y|x)
1

qθ(y|x)
∇θqθ(y|x) (9)

=
∑
y∈Y
∇θqθ(y|x) = ∇θ

∑
y∈Y

qθ(y|x) = ∇θ1 = 0 (10)

Thus, this expectation can be subtracted from the gradient in
(7) without introducing any bias. To estimate the baseline,
we reuse the same samples (y1, . . . , yn) that are used in (5)
and apply self–normalized importance sampling to get:

Eqθ(y|x)∇θ log qθ(y|x) ≈
n∑

i=1

β̂yi
∇θ log qθ(yi|x) (11)

yi ∼ q′(y|x) and β̂yi =
βyi∑n
j=1 βyj

, βyi =
qθ(yi|x)
q′(yi|x)

(12)

Subtracting the baseline estimate from eq. (7), we get:

∇θL̂x(θ) =

n∑
i=1

(
α̂yi − β̂yi

)
∇θ log qθ(yi|x) (13)

yi, α̂yi
, and β̂yi

are same as in eqs. (6) and (12). We call
the self-normalized baseline subtracted gradient estimate in
(13) the BRAIN gradient estimate. Intuitively, αyi and βyi

are proportional to the posterior p(yi|x,G = 1) and policy

qθ(yi|x) distributions, respectively. Thus, the weight (dif-
ference of normalized αyi and βyi ) of each yi captures how
far the current estimate of policy qθ(yi|x) is from the true
posterior p(yi|x,G = 1). This also alleviates the critical
issue of assigning positive weights to all yi irrespective of
their reward. Samples with lower reward, and hence lower
posterior p(yi|x,G = 1) (consequently lower αyi

), will get
negative weights as soon as the policy distribution qθ(yi|x)
assigns higher probability to them (consequently higher βyi )
than the posterior, and vice-versa.

Algorithm 1 Bayesian Reward-conditioned Amortized Inference

Require: r(x, y), p(y|x), D, e,m, n, k
1: Initialize q′(y|x)← p(y|x), qθ(y|x)← p(y|x)
2: Initialize D0 ← {}
3: for t = 1 to e do
4: St ← randomly selected m prompts from D
5: for all x ∈ St do
6: Yx ← generate n samples using q′(y|x)
7: for all y ∈ Yx do
8: Cache log q′(y|x), log p(y|x), r(x, y) in St

9: Cache normalized α̂y (eq. (6) or eq. (20)) in St

10: end for
11: end for
12: Dt ← Dt−1 ∪ St

13: for j = 1 to k do
14: B ← randomly sampled batch from Dt

15: for all (x, Yx, q
′(y|x), α̂y) ∈ B do

16: Compute β̂y (eq. (12))
17: Lx(θ)←

∑
y∈Yx

(α̂y − β̂y) log qθ(y|x)
18: end for
19: Update θ using∇θ

∑
x∈B Lx(θ)

20: end for
21: q′(y|x)← qθ(y|x)
22: end for
23: Return qθ

The BRAIN algorithm with the self-normalized baseline
is given in Algorithm 1. We initialize both our proposal
q′(y|x) and policy qθ(y|x) with p(y|x). We update the
proposal e times after every k gradient updates. m is the
number of prompts sampled from dataset D after updating
the proposal, and n is the number of outputs generated for
each prompt x ∈ D.

In our experiments, we show that subtracting the self–
normalized baseline results in a large improvement in perfor-
mance. We hypothesize that the baseline allows the model
to focus on distinctive features of high-reward outputs com-
pared to the lower-reward ones. A formal justification of
the resultant BRAIN gradient estimate is provided in the
Appendix 4.1.
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4.1. A formal justification of the BRAIN gradient
estimate:

Self-normalized importance sampling (SNIS) introduces
bias in any estimator. In this paper, we have used SNIS to
approximate the importance weights as well as the baseline
in our gradient estimate. Using biased gradient estimators
for training often results in optimization of an objective
different from the desired one.

However, in our case, we show that using the BRAIN
gradient estimate for training, results in minimizing a
self-normalized version of KL–divergence (defined below)
whose minimum value is achieved only when qθ(y|x) =
p(y|x,G = 1). Note that this is a consequence of the chosen
self-normalized baseline in (12).

First, we define self-normalized KL divergence in the con-
text of this paper. Next, we show that our proposed BRAIN
gradient estimate is an unbiased estimator of the gradient
of this divergence measure. Finally, we prove that this self-
normalized KL divergence is non-negative and equals 0 only
when the policy learns to mimic the posterior. The proofs
are in appendix A.

Definition 4.1. Let the proposal distribution q′(y|x), train-
ing policy qθ(y|x) and posterior p(y|x,G = 1) be as de-
fined earlier. Furthermore, we assume that support(p) ⊆
support(qθ) ⊆ support(q′). For any n outputs, Yx =

(y1, . . . , yn), let α̂yi
and β̂yi

be the self–normalized im-
portance sampling weights for the loss and the baseline,
respectively (eqs. (6) and (12)). The self-normalized KL–
divergence between the posterior and training policy for the
given proposal distribution is defined as:

Dq′

n (p(y|x,G = 1)||qθ(y|x))

= Eyi∼q′(y|x)
1≤i≤n

[
DKL(α̂Yx ||β̂Yx)

]
where (14)

DKL(α̂Yx ||β̂Yx) =

n∑
i=1

α̂yi log
α̂yi

β̂yi

(15)

Theorem 4.2. The BRAIN gradient estimate defined in
(13) is an unbiased estimator of the gradient (w.r.t. θ) of
negative self-normalized KL–divergence between the pos-
terior p(y|x,G = 1) and training policy qθ(y|x) defined in
(14). Here, the dependence of KL divergence on θ comes
from β̂yi

being a function of qθ(yi|x).

Since the gradient of our objective in eq. (13) is the same
as the gradient of negative self-normalized KL-divergence
defined in eq. (14), in the rest of the paper, we refer to nega-
tive self-normalized KL-divergence between the posterior
and the training policy as BRAIN objective.

Theorem 4.3. The self-normalized KL–divergence defined
in (14) reaches its minimum value of 0 if and only if the

KL–divergence between the posterior and training policy
also reaches 0. Also, qθ(y|x) = p(y|x,G = 1) is the only
minima of self-normalized KL–divergence defined in (14).

5. Connection with existing RLHF methods
In this section, we show that the proposed BRAIN algorithm
acts as a bridge between two disparate objectives used for
reinforcement learning in LLMs as shown in Figure 1.

1. Distribution matching objectives as described in (Kor-
bak et al., 2022; Parshakova et al., 2019; Khalifa et al.,
2020b).

2. The contrastive-training approach presented in
DPO (Rafailov et al., 2023), specifically DPO-sft
where the samples come from the base/SFT policy
and are scored using the reward model.

In the rest of the section:

1. We establish the connection between the target distribu-
tion of BRAIN as defined in (1), and the PPO-optimal
policy which is the target distribution for PPO, DPO
as well as distribution matching methods for RLHF.
Specifically, we establish that under Bradley-Terry
preference modelling assumptions, the posterior be-
comes equal to the PPO-optimal policy.

2. We derive the DPO-sft gradient estimate as a special
case of the BRAIN gradient estimate.

5.1. Posterior and PPO-optimal policy

In this section, we show that for a Bradley-Terry preference
model, the posterior p(y|x,G = 1) corresponds to the PPO-
optimal policy. Before we jump into the proof, we briefly
describe Bradley-Terry preference model and its connection
with the goodness model in BRAIN p(G = 1|y, x).

5.1.1. BRADLEY-TERRY PREFERENCE MODEL FOR
LLMS

Given an absolute goodness measure gi for each yi, Bradley-
Terry Model (BTM) defines the probability of choosing yi
over yj as:

P(yi ≻ yj) =
gi

gi + gj
(16)

Recall that in our formulation, the binary random variable
G represents the goodness of an output, and hence, the
conditional probability p(G = 1|yi, x) can be used as a
proxy for gi:

P(yi ≻ yj |x) =
p(G = 1|yi, x)

p(G = 1|yi, x) + p(G = 1|yj , x)
(17)
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Figure 1. BRAIN acts as a bridge between distribution matching methods (GDC (Khalifa et al., 2020b) and GDC++ (Korbak et al., 2022))
and DPO (Rafailov et al., 2023), specifically DPO-sft where the samples come from the base/SFT policy. The values αi, α̂i and β̂i are
as defined in equations (6) and (12) whereas Z is the normalization constant of the target. Note that the proposal distribution in the
distribution matching methods and BRAIN is chosen differently.

During training of the reward function r(x, y), we are given
triplets (x, yi, yj) such that for an input x, the response yi
is preferred over the response yj . We train it by maximiz-
ing the log-likelihood over all the training triplets. Dur-
ing training, the goodness measure gi is parameterized as
exp ( r(x,yi)

γ ) resulting in the following log-likelihood of a
triplet:

logP(yi ≻ yj |x) = log σ

(
r(x, yi)− r(x, yj)

γ

)
(18)

Thus, by equating eq. (18) and log of eq. (17), we get the
maximum likelihood estimate of the log–odds as:

log
p(G = 1|yi, x)
p(G = 1|yj , x)

=
r(x, yi)− r(x, yj)

γ
(19)

The above ratio is exactly what we need to compute self–
normalized importance weights αyi/

∑n
j=1 αyj in eq. (5).

We formalize this result in the proposition below.

Proposition 5.1. For the Bradley-Terry preference model
defined in eq. (17) and parameterized by eq. (18), the
self–normalized importance-weights α̂yi = αyi/

∑n
j=1 αyj

have the following form:

exp( r(x,yi)
γ + log p(yi|x)− log q′(yi|x))∑n

j=1 exp(
r(x,yj)

γ + log p(yj |x)− log q′(yj |x))
(20)

In the special case where the proposal distribution q′(y|x)
is the same as the prior distribution p(y|x), the importance

weights reduces to

α̂yi
=

exp
(

r(x,yi)
γ

)
∑n

j=1 exp
(

r(x,yj)
γ

) (21)

See the appendix for the proof. Observe that α̂yi in eq. (21)
is nothing but a softmax over the reward values r(x, yi). In
the next section, we show that DPO is a special case of our
formulation when we replace softmax with argmax and set
n = 2. This amounts to assigning all the importance weight
to the output sample with the most reward.

Theorem 5.2. For a Bradley-Terry reward model, the poste-
rior p(y|x,G = 1) is same as the PPO optimal policy given
by:

p∗(y|x) =
p(y|x) exp( r(x,y)γ )(∑

ȳ∈Y p(ȳ|x) exp
(

r(x,ȳ)
γ

)) (22)

The above eqn. for PPO optimal policy is as shown in
equation(4) in Rafailov et al. (2023). Note that the reference
policy in DPO is same as the prior policy in our formulation.

5.2. DPO-sft as a special case of BRAIN

In DPO (Rafailov et al., 2023), an ideal setting is dis-
cussed where the samples are generated from the base policy
(p(y|x) in our case) and annotated by humans. Often, the
preference pairs in publicly available data are sampled from
a different policy than p(y|x). To address this, Liu et al.
(2023) experiment with a variant of DPO, called DPO-sft,
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in which a reward model is first trained on publicly avail-
able preference pairs and then used to annotate the samples
generated from the base policy p(y|x).

We claim that BRAIN reduces to DPO-sft when we generate
only 2 samples per input x and assign the importance weight
of the winner to 1. The last assumption is equivalent to
replacing softmax in eq. (21) with an argmax. We formalize
it in the following theorem:

Theorem 5.3. Let the proposal distribution q′(y|x) in
BRAIN be restricted to the prior p(y|x). When n = 2,
and the softmax is replaced by argmax in eq. (21), then the
BRAIN objective reduces to DPO objective proposed by
Rafailov et al.

Proof. We start with BRAIN objective defined in eq. (14)
and insert our assumptions to arrive at DPO objective.

By substituting n = 2 and q′(y|x) = p(y|x) in R.H.S. of
eq. (14), and using eq. (15), we get:

Ey1,y2∼p(y|x)

[
α̂y1

log
α̂y1

β̂y1

+ α̂y2
log

α̂y2

β̂y2

]
(23)

Now, without loss of generality, assume that r(x, y1) >
r(x, y2). Replacing softmax with argmax in eq. (21), we
get α̂y1

= 1 and α̂y2
= 0. Plug it in eq. (23) to get:

−Ey1,y2∼p(y|x) log β̂y1

Now recall from eq. (12) that β̂y1 = βy1/(βy1 + βy2) and
βyi = qθ(yi|x)

p(yi|x) . Replacing it in the above equation and
rearranging the terms, we get:

−Ey1,y2∼p(y|x) log σ

(
log

qθ(y1|x)
p(y1|x)

− log
qθ(y2|x)
p(y2|x)

)

The above expression is exactly same as equation (7) in
Rafailov et al..

We also note that to extend DPO to multiple outputs, i.e.,
n > 2, Rafailov et al. resorts to a more general Plackett-
Luce preference model.

6. Experimental Setup
Tasks: We conduct experiments on two natural language
generation tasks, viz., summarization, and multi-turn dialog.
In the summarization task, we align CarperAI’s summariza-
tion LM to a Bradley-Terry reward model. We train and
evaluate using Reddit TL;DR dataset, in which input is a
post on Reddit, and the aligned model should generate a
high reward summary.

Table 1. Win–rate (in %age) ± 95% confidence–interval against
the gold output on the test sets. Train RM corresponds to the
reward model used during training, whereas for LLM eval., we
prompt Mixtral-8x7B.

AnthropicHH

DPO DPO-sft RSO BRAIN

Train RM 54.60±1.37 87.37±0.91 84.59±0.99 95.40±0.57
LLM eval 67.02±1.29 66.68±1.29 67.22±1.29 74.36±1.20

Reddit TL;DR

Train RM 86.72±0.82 90.86±0.70 91.24±0.68 95.21±0.52
LLM eval 60.26±1.18 60.55±1.18 60.41±1.18 64.74±1.16

In the multi-turn dialog task, we ensure that a open-ended
chatbot’s responses are Helpful and Harmless. We use
QLoRA-tuned Llama-7b (Dettmers et al., 2023) as SFT
model, and a fine-tuned GPT-J (Wang & Komatsuzaki,
2021) as the reward model. We train and evaluate using
a subset of AntrophicHH (Bai et al., 2022) dataset. See
appendix B.1 for hyperlinks to all the datasets and models
described above.

Evaluation metrics: We use win–rate over gold responses
and direct win–rate against the baseline responses to mea-
sure the performance of various techniques. Win–rate is
defined as the fraction of test samples on which the gener-
ated response gets a higher reward than the gold response.
We use two independent reward functions to compute the
win–rate: (1) Train RM, which is the reward function used to
align the SFT model, and (2) LLM eval, which follows LLM-
as-a-judge (Zheng et al., 2023) and prompts a strong instruc-
tion following LLM, Mixtral-8x7B (Jiang et al., 2024), to
compare the two outputs and declare a winner. The first
metric captures the effectiveness of the alignment method in
maximizing the specified reward, while a high win–rate us-
ing the LLM prompting ensures that the alignment method
is not resorting to reward-hacking (Skalse et al., 2022).

We prompt GPT-4 (OpenAI et al., 2023) to directly com-
pare BRAIN’s responses with each of the baselines sepa-
rately. See appendix B.3 for the specific instructions used
for prompting GPT-4 and Mixtral-8x7B.

Training details: While DPO uses human-annotated data
directly, we generate n = 32 samples per input prompt for
the other models (DPO-sft, RSO, and BRAIN). The samples
are organized in 16 pairs for DPO-sft and RSO, while for
BRAIN, the 32 samples are grouped together. We use γ = 1
for BRAIN in all our experiments, unless otherwise stated,
and average the log-probability of the tokens. We train each
model for a total of 10, 000 steps (e = 40 and k = 250 in
algorithm 1) with 4 prompts and 32 outputs per prompt in
a batch B. The model is evaluated after every 1, 000 steps
and the best model is selected based on the win rate against
the gold response on the cross-validation set. Other training
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Table 2. Head-to-head comparison of the BRAIN against the base-
lines using GPT-4.

AnthropicHH Reddit TL;DR

Win % Tie % Loss % Win % Tie % Loss %

vs DPO 44.0 31.6 21.4 42.1 19.6 38.3
vs DPO-sft 45.4 34.4 20.2 45.2 18.9 35.9

vs RSO 44.2 35.5 20.3 45.1 17.6 37.3

details are given in Appendix B.2.

7. Experimental Results
Research Questions: Our experiments aim to assess
BRAIN’s performance in aligning an SFT model to a given
reward function and compare it against various baselines.
Specifically, we answer the following research questions:

1. How does BRAIN compare to existing baselines?
2. How does the KL-reward frontier of BRAIN compare

with that of DPO?
3. What is the role of self-normalized baseline subtraction

in BRAIN?
4. How to bridge the gap between DPO and BRAIN?
5. How does varying the number of output samples per

input affect BRAIN’s performance?

7.1. Comparison with baselines

Table 1 compares the win–rate of BRAIN against our base-
lines – RSO, DPO, and DPO-sft. We observe that BRAIN
consistently outperforms all the baselines, irrespective of the
model used to compute win–rates. Specifically, when mea-
sured using the specified reward model, BRAIN achieves
8 and 4 pts better win–rate than the strongest baseline on
AntrophicHH and TL;DR, respectively. Next, we observe
that even though DPO-sft has a much better win–rate than
DPO when computed using the specified reward function,
their performance is the same when judged by an indepen-
dent LLM, indicative of reward–hacking.

In Table 2, we summarize the results of head-to-head com-
parisons of BRAIN with each of the baselines judged by
GPT-4 on a set of 500 examples from each of the dataset.
Win % indicates the percentage of examples for which
BRAIN was declared the winner compared to the base-
line. We observe that BRAIN wins twice as many times as
the baselines on AnthropicHH.

7.2. KL-reward frontier

Next, we compare the KL-reward frontier of BRAIN with
that of DPO-sft by varying the value of γ (β in the case
of DPO-sft) and selecting multiple checkpoints for each
β/γ. For each checkpoint, we sample 1000 prompts and
generate 8 outputs per prompt. For each output, we compute

Figure 2. The KL-reward frontier of BRAIN and DPO-sft

the reward r(x, y) and log qθ(y|x) − log p(y|x) and aver-
age them over the outputs and the prompts. This gives us
(KL, reward) for each checkpoint. We plot these values in
Figure 2.

As can be observed from the plot, for the same KL diver-
gence, BRAIN achieves a much higher reward than DPO-
sft. Moreover, DPO-sft fails to achieve a reward as high as
BRAIN no matter how much the beta value is decreased.

7.3. Role played by self-normalized baseline

Next, we demonstrate the crucial role that the self-
normalized baseline plays in BRAIN.

Our first experiment is a toy experiment where the posterior/-
target is defined to be the 1-D standard Gaussian distribution
N (0, 1). The training policy qθ is also Gaussian N (1, 1).
We generate samples from the proposal distribution which is
also chosen to be Gaussian N (θ, 1) where θ is varied from
0 to 1. For each value of θ, we generate 8 samples from the
proposal distribution to compute the GDC, GDC++ (Korbak
et al., 2022; Khalifa et al., 2020b), and BRAIN gradient es-
timate. We repeat this experiment 2000 times and compute
the variance across the different sets. The results are plotted
in Figure 3.

BRAIn w/o self-norm w/o baseline

TL;DR 95.2 61.4 61.1
AnthropicHH 95.4 59.1 58.3

Table 3. Effect of self-normalized baseline on the performance of
various models.

Next, we demonstrate the effect of self-normalized baseline
on the performance of BRAIN on TL;DR and Anthropic
datasets. Table 3 summarizes our observations about the role
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Figure 3. Variance of GDC, GDC++ and BRAIN gradient esti-
mates

Table 4. Win–rates (in %age) obtained by incrementally augment-
ing DPO-sft; DPO-sft+IW: replace argmax by softmax; DPO-
sft+IW+n: take softmax over n = 32 outputs, instead of two
outputs in 16 pairs

DPO-sft DPO-sft
+IW

DPO-sft
+IW+n BRAIN

Train RM 87.37±0.91 89.21±0.85 93.30±0.69 95.40±0.57
LLM eval 66.78±1.29 69.28±1.27 73.89±1.21 74.36±1.17

that self-normalization of baseline plays in performance. As
can be observed, there is a drastic reduction in performance
if self-normalization in the baseline is removed.

7.4. Bridging the gap between DPO-sft and BRAIN

In section 5.2, we show that under certain restrictions,
BRAIN objective reduces to DPO-sft objective. In this
section, we start with DPO-sft and relax these restrictions
one at a time to demonstrate the impact of each restriction.
First, we get rid of argmax and reintroduce softmax over
rewards (eq. (21)) to compute self–normalized importance
weights α̂yi . This corresponds to the objective in eq. (23).
We call this DPO-sft+IW. Next, we relax the assumption of
n = 2, and take softmax over n = 32 outputs instead of soft-
max over two samples in 16 pairs. We call it DPO-sft+IW+n.
Finally, we relax the restriction of proposal distribution to be
the prior distribution only and instead update our proposal
periodically (algorithm 1) to arrive at BRAIN.

Table 4 compares the win–rate of the two intermediate mod-
els (DPO-sft+IW, and DPO-sft+IW+n) with DPO-sft and
BRAIN over the AntropicHH dataset. We first observe
that relaxing each restriction consistently improves both the
win–rates. The biggest gain (∼ 4 pts) comes by relaxing
the assumption of n = 2 and taking a softmax over all 32
outputs. This is expected as information contained in simul-
taneously comparing 32 outputs is potentially more than
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Figure 4. Plot of Win-rate Against Gold as a function of the Num-
ber of Samples per Prompt.

only 16 pairs.

7.5. Effect of the number of output samples

Next, we study the effect of varying the number of out-
put samples (n) per input prompt x on the performance of
BRAIN. We retrain DPO-sft and BRAIN on AntropicHH
dataset for each n ∈ {2, 4, 8, 16, 32}. As done earlier, we
create n/2 pairs from the n samples while training DPO-sft.
The win–rates computed by specified reward model (Train
RM) for each n are plotted in section 7.5. We observe that
including more samples in BRAIN objective leads to im-
provement in performance till n = 8 after which it saturates,
whereas the performance of DPO-sftimproves monotoni-
cally, albeit slowly.

8. Conclusion
In this paper, we propose an LLM alignment algorithm
called BRAIN: Bayesian Reward-conditioned Amortized
Inference. The primary novelty in BRAIN is the inclu-
sion of a self-normalized baseline in the gradient estimate
of distribution matching objectives for RL, that we refer
to as BRAIN gradient estimate. Theoretically, the self-
normalized baseline helps us to establish a connection be-
tween distribution matching methods and DPO, showing
that DPO (DPO-sft, to be specific) is a special case of
BRAIN. We further establish that the BRAIN gradient
estimate is the gradient of a self-normalized version of KL
divergence whose properties we intend to explore in future
work. Additionally, we generalize the target distribution
in PPO/DPO using Bayes’ rule. The experimental results
demonstrate the superiority of BRAIN over other RLHF
methods.
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Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
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A. Proof of Theorems
For the sake of completeness, we restate the definitions and the theorems here.

Definition 4.1. Let the proposal distribution q′(y|x), training policy qθ(y|x) and posterior p(y|x,G = 1) be as defined
earlier. Furthermore, we assume that support(p) ⊆ support(qθ) ⊆ support(q′). For any n outputs, Yx = (y1, . . . , yn),
let α̂yi

and β̂yi
be the self–normalized importance sampling weights for the loss and the baseline, respectively (eqs. (6)

and (12)). The self-normalized KL–divergence between the posterior and training policy for the given proposal distribution
is defined as:

Dq′

n (p(y|x,G = 1)||qθ(y|x))

= Eyi∼q′(y|x)
1≤i≤n

[
DKL(α̂Yx ||β̂Yx)

]
where (14)

DKL(α̂Yx ||β̂Yx) =

n∑
i=1

α̂yi log
α̂yi

β̂yi

(15)

Theorem 4.2. The BRAIN gradient estimate defined in (13) is an unbiased estimator of the gradient (w.r.t. θ) of negative
self-normalized KL–divergence between the posterior p(y|x,G = 1) and training policy qθ(y|x) defined in (14). Here, the
dependence of KL divergence on θ comes from β̂yi

being a function of qθ(yi|x).

Proof. For unbiasedness of the BRAIN gradient estimator, we need to show the following

Eyi∼q′(y|x)
1≤i≤n

n∑
i=1

(
α̂yi − β̂yi

)
∇θ log qθ(yi|x) = −∇θD

q′

n (p(y|x,G = 1)||qθ(y|x)) , (24)

where y = (y1, . . . , yn) is a sequence of n outputs, the values of α and β are as defined in (6) and (12) respectively. The
superscripts in α and β denote their explicit dependence on the output sequence.

To prove the above, we expand each negative KL–divergence term in the self-normalized KL–divergence in terms of the
entropy of normalized αyi

and the cross-entropy between self-normalized αyi
and βyi

.

−Dq′

n = Eyi∼q′(y|x)
1≤i≤n

[
H (α̂yi

) +

n∑
i=1

α̂yi
log β̂yi

]
(25)

Since the values α don’t depend on θ, they are discarded during the gradient computation. Hence, the gradient can be written
as

−∇θD
q′

n = Eyi∼q′(y|x)
1≤i≤n

n∑
i=1

α̂yi
∇θ

[
log β̂yi

]
(26)

Noting that β̂yi
=

βyi∑n
j=1 βyj

, we split the logarithm and compute the gradient of each term separately.

−∇θD
q′

n = Eyi∼q′(y|x)
1≤i≤n

n∑
i=1

α̂yi

∇θ log βyi −∇θ log

n∑
j=1

βyj

 (27)

= Eyi∼q′(y|x)
1≤i≤n

n∑
i=1

α̂yi

[
∇θ log βyi −

∑n
j=1∇θβyj∑n
j=1 βyj

]
(28)

Next, we note that ∇θβyi
= βyi

∇θ log βyi
and

∇θ log βyi = ∇θ [log qθ(yi|x)− log q′(yi|x)] = βyi∇θ log qθ(yi|x) (29)

12
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Replacing these results back in equation (28), we get the desired result.

−∇θD
q′

n = Eyi∼q′(y|x)
1≤i≤n

n∑
i=1

α̂yi

[
∇θ log qθ(yi|x)−

∑n
j=1 βyj

∇θ log qθ(yj |x)∑n
j=1 βyj

]
(30)

= Eyi∼q′(y|x)
1≤i≤n

[∑n
i=1 αyi∇θ log qθ(yi|x)∑n

j=1 αyj

−
∑n

i=1 βyi∇θ log qθ(yi|x)∑n
j=1 βyj

]
(31)

= Eyi∼q′(y|x)
1≤i≤n

n∑
i=1

[
α̂yi − β̂yi

]
∇θ log qθ(yi|x) (32)

Theorem 4.3. The self-normalized KL–divergence defined in (14) reaches its minimum value of 0 if and only if the KL–
divergence between the posterior and training policy also reaches 0. Also, qθ(y|x) = p(y|x,G = 1) is the only minima of
self-normalized KL–divergence defined in (14).

Proof. First, we will prove that DKL = 0 =⇒ Dq′

n = 0 which is its minimum value. We note that the self-normalized
KL–divergence is the weighted sum of KL–divergence between the normalized values of α and β. Hence, from the property
of KL–divergence, it can’t be negative, that is, Dq′

n ≥ 0. Now, lets assume that DKL(p(y|x,G = 1)||qθ(y|x)) = 0. By the
property of KL–divergence, this implies that p(y|x,G = 1) = qθ(y|x)∀y ∈ Y . Thus:

βyi
=

qθ(yi|x)
q′(yi|x)

=
p(yi|x,G = 1)

q′(yi|x)
= αyi

(33)

Incorporating it in the definition of self-normalized KL divergence in (14), we get:

Dq′

n (p(y|x,G = 1)||qθ(y|x)) = Ey∼q′(y|x) [DKL (α̂yi
|| α̂yi

)] = 0 (34)

Instead of proving the other direction, we provide a constructive proof of its contrapositive, that is, DKL ̸= 0 =⇒ Dq′

n ̸= 0.
To see this, we note that DKL ̸= 0 implies the existence of at least one output, say y+, where the posterior and policy
disagree. Without loss of generality, lets assume that p(y+|x,G = 1) > qθ(y+|x). Since the probabilities must up to 1,
there must exist at least one output, say y−, for which p(y−|x,G = 1) < qθ(y−|x).

Since self-normalized KL-divergence Dq′

n has a KL-divergence DKL term for every sequence of length n, we construct
a sequence y = (y+, y−, . . . , y−). For such a sequence, all the values of α except the first one are equal. We note that
the importance weight of the first output, that is αy+

= p(y+|x,G=1)
q′(y+|x) > qθ(y+|x)

q′(y+|x) = βy+
. Similarly, the second importance

weight αy− = p(y−|x,G=1)
q′(y−|x) < qθ(y−|x)

q′(y−|x) = βy− . Combining these two results we get
αy−
βy−

< 1 <
αy+

βy+
. This can further be

written as
αy−
αy+

<
βy−
βy+

.

Plugging in this result, the normalized values of α for the sequence are given by:

αy1∑n
j=1 αyj

=
αy1

αy+ + (n− 1)αy−

=
1

1 + (n− 1)
αy−
αy+

>
1

1 + (n− 1)
βy−
βy+

=
βy+

βy+ + (n− 1)βy−

=
βy1∑n
j=1 βyj

(35)

Thus the KL–divergence term for this particular sequence, that is DKL

(
α̂yi
||β̂yi

)
, is strictly greater than 0. Since the

support of proposal distribution includes the support of posterior and trainable policy, we get

Dq′

n (p(y|x,G = 1)||qθ(y|x)) = Ey∼q′(y|x)

[
DKL

(
α̂yi
||β̂yi

)]
> 0 (36)

Together with equation (34), this proves that DKL = 0 =⇒ Dq′

n = 0

13
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Proposition 5.1. For the Bradley-Terry preference model defined in eq. (17) and parameterized by eq. (18), the self–
normalized importance-weights α̂yi = αyi/

∑n
j=1 αyj have the following form:

exp( r(x,yi)
γ + log p(yi|x)− log q′(yi|x))∑n

j=1 exp(
r(x,yj)

γ + log p(yj |x)− log q′(yj |x))
(20)

In the special case where the proposal distribution q′(y|x) is the same as the prior distribution p(y|x), the importance
weights reduces to

α̂yi =
exp

(
r(x,yi)

γ

)
∑n

j=1 exp
(

r(x,yj)
γ

) (21)

Proof. The proof follows from the application of Bayes’ rule and the parameterization of Bradley-Terry model given in (19).

α̂yi
=

p(yi|x,G = 1)/q′(yi|x)∑n
j=1 p(yj |x,G = 1)/q′(yj |x)

(37)

=

p(yi|x)
q′(yi|x) ×

p(G=1|yi,x)
p(G=1|x)∑n

j=1
p(yj |x)
q′(yj |x) ×

p(G=1|yj ,x)
p(G=1|x)

(38)

=

p(yi|x)
q′(yi|x) × p(G = 1|yi, x)∑n

j=1
p(yj |x)
q′(yj |x) × p(G = 1|yj , x)

(39)

=

p(yi|x)
q′(yi|x)∑n

j=1
p(yj |x)
q′(yj |x) ×

p(G=1|yj ,x)
p(G=1|yi,x)

(40)

=

p(yi|x)
q′(yi|x)∑n

j=1
p(yj |x)
q′(yj |x) × exp

(
r(x,yj)−r(x,yi)

γ

) (41)

=
exp( r(x,yi)

γ + log p(yi|x)− log q′(yi|x))∑n
j=1 exp(

r(x,yj)
γ + log p(yj |x)− log q′(yj |x))

(42)

Here (38) follows by applying Bayes rule (see (1)) while (41) follows from the Bradley-Terry formulation in (19). If we set
q′(y|x) = p(y|x), we get a softmax over the rewards as desired.

Theorem 5.2. For a Bradley-Terry reward model, the posterior p(y|x,G = 1) is same as the PPO optimal policy given by:

p∗(y|x) =
p(y|x) exp( r(x,y)γ )(∑

ȳ∈Y p(ȳ|x) exp
(

r(x,ȳ)
γ

)) (22)

The above eqn. for PPO optimal policy is as shown in equation(4) in Rafailov et al. (2023). Note that the reference policy in
DPO is same as the prior policy in our formulation.

Proof. We start with the definition of posterior in eq. (1), and use Bradley-Terry assumption to replace p(G = 1|y, x) with
a function of r(x, y).

In RHS of eq. (1), use total probability theorem to replace p(G = 1|x) with
∑

ȳ∈Y p(ȳ|x)p(G = 1|ȳ, x) to get:

p(y|x,G = 1) =
p(y|x)p(G = 1|y, x)∑

ȳ∈Y p(ȳ|x)p(G = 1|ȳ, x)

Next, move p(y|x)p(G = 1|y, x) from the numerator to denominator:

p(y|x,G = 1) =
p(y|x)(∑

ȳ∈Y p(ȳ|x)p(G=1|ȳ,x)
p(G=1|y,x)

)
14



Bayesian Reward-conditioned Amortized INference

Now, use eq. (19) to replace p(G=1|ȳ,x)
p(G=1|y,x) in the denominator with exp

(
r(x,ȳ)−r(x,y)

γ

)
:

p(y|x,G = 1) =
p(y|x)(∑

ȳ∈Y p(ȳ|x) exp
(

r(x,ȳ)−r(x,y)
γ

))
Moving the common term exp(− r(x,y)

γ ) from the denominator to numerator, we get:

p(y|x,G = 1) =
p(y|x) exp( r(x,y)γ )(∑

ȳ∈Y p(ȳ|x) exp
(

r(x,ȳ)
γ

))

B. Details of Experimental Setup
B.1. Base models and datasets

In this section we provide links to all the publically available datasets and models used in our work.

We conduct experiments on two natural language generation tasks, viz., summarization, and multi-turn dialog. In the
summarization task, we align CarperAI’s summarization LM3 to a Bradley-Terry reward model4. The base/SFT model has
been trained on post-summary pairs from the train set of Reddit TL;DR dataset 5. The reward model used for summarization
has been trained on human preferences collected by (Stiennon et al., 2020) on outputs generated from a different SFT model
where the prompts come from the TL;DR dataset.

In the multi-turn dialog task, we ensure that a open-ended chatbot’s responses are Helpful and Harmless. We use the
Anthropic Helpful & Harmless dataset (Bai et al., 2022) for RLHF training. We use QLoRA-tuned Llama-7b6 (Dettmers
et al., 2023) as SFT model. It has been trained on the preferred/chosen responses of Anthropic HH dataset. A fine-tuned
GPT-J 7 (Wang & Komatsuzaki, 2021) trained on a subset of the full Anthropic HH dataset is used as the reward model. We
train and evaluate using a subset8 of Antrophic HH (Bai et al., 2022) dataset.

B.2. Other training details

All the models are trained using the PEFT9 and Transformers10 library. For Anthropic HH, we use QLoRA (Dettmers
et al., 2023) for training BRAINand the other baselines. In particular, we use the same QLoRA hyperparameters (rank=64,
α = 16) as used for supervised finetuning Llama-7B on Anthropic-HH dataset11. We use the Adam optimizer(Kingma &
Ba, 2014) with a learning rate of 1e− 5, weight decay of 0.1 and β1 and β2 set to 0.9 and 0.95 respectively.

For summarization, we use LoRA(Hu et al., 2021) (rank=8, α = 32). The optimizer, learning rate, weight decay and and β
values are the same as for Anthropic HH.

B.3. Prompt for LLM-as-judge

In this section, we describe the prompts provided to the language models Mixtral-8x7B and GPT-4 for the purpose of
comparing the gold standard outputs with the outputs generated by these models. Due to budget constraints, we evaluate
only 500 test prompts using GPT-4. The tasks involve acting as an impartial judge in evaluating responses or summaries
provided by AI assistants.

3CarperAI/openai summarize tldr sft
4CarperAI/openai summarize tldr rm checkpoint
5datasets/CarperAI/openai summarize tldr
6timdettmers/qlora-hh-rlhf-7b
7Dahoas/gptj-rm-static
8datasets/Dahoas/rm-static
9https://huggingface.co/docs/peft/en/index

10https://huggingface.co/docs/transformers/index
11https://huggingface.co/timdettmers/qlora-hh-rlhf-7b
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B.3.1. PROMPT FOR ANTHROPIC HH

The prompt used for the Anthropic HH task is as follows:

”Please act as an impartial judge and evaluate the quality of the responses provided by the two AI assistants to the conversation
displayed below. Your evaluation should consider correctness and helpfulness. You will be given a user conversation,
assistant A’s answer, and assistant B’s answer. Your job is to evaluate which assistant’s answer is better based on the user
conversation so far. Begin your evaluation by comparing both assistants’ answers with the user conversation so far. Identify
and correct any mistakes. Avoid any position biases and ensure that the order in which the responses were presented does
not influence your decision. Do not allow the length of the responses to influence your evaluation. Do not favor certain
names of the assistants. Be as objective as possible. You should only evaluate the last utterance by both the assistants and
not the full conversation. After providing your explanation, output your final verdict by strictly following this format: [̈[A]]ı̈f
assistant A is better, [̈[B]]ı̈f assistant B is better, and [̈[C]]f̈or a tie.
————————————————–
{{Conversation}}
————————————————–
Assistant B
{{AssistantB}}
————————————————–
Assistant A
{{AssistantA}}
————————————————–”

B.3.2. PROMPT FOR SUMMARIZATION

The prompt used for the Summarization task is outlined below:

”Please act as an impartial judge and evaluate the quality of the tldrs or summaries provided by the two AI assistants to the
reddit post displayed below. Begin your evaluation by comparing both assistants’ summaries with the reddit post so far.
Do not allow the length of the summaries to influence your evaluation. After providing your explanation, output your final
verdict by strictly following this format: [̈[A]]ı̈f assistant A is better, [̈[B]]ı̈f assistant B is better, and [̈[C]]f̈or a tie.
————————————————–
Reddit Post
{{Conversation}}
————————————————–
Assistant B
{{AssistantB}}
————————————————–
Assistant A
{{AssistantA}}
————————————————–”
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