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Abstract

Inference-time alignment of large language models (LLMs) attracts attentions
because fine-tuning LLMs requires high computational costs. We propose a new
sampling-based alignment method called adaptive importance sampling on pre-
logits (AISP). AISP maximizes the expected value of a given reward model with
respect to the distribution of pre-logits, which are outputs of the penultimate layer.
We assume that the conditional distribution of pre-logits can be approximated
by a Gaussian distribution, which bridges between the LLM alignment and the
sampling-based control algorithm. The optimization of the pre-logit is solved by
using importance sampling. AISP outperforms best-of-n sampling in terms of
average rewards over the number of used samples.

1 Introduction

Alignment of large language models (LLMs) is a vital technique to enable the safe and widespread
use of LLMs in real-world applications. A promising alignment method is reinforcement learning
from human feedback (RLHF) [1–4]. However, RLHF imposes a heavy computational burden since
fine-tuning LLMs requires huge computational costs [5–7]. To address the computational costs,
inference-time (also known as test-time and decoding-time) alignment attracts attentions [6, 8–11].

Inference-time alignment aligns LLMs with human preference without updating parameters of LLMs.
This paper focuses on inference-time alignment methods that find the optimal token sequences for the
score of a given reward model. To this end, Mudgal et al. [12] proposed a method to control generation
of tokens using prefix scorer module, which is a trained value function for the reward. Similarly,
Kong et al. [6] formalized inference-time alignment as the control problem by editing representations
with trained value functions. Though these approaches do not require training LLMs, they need to
train value functions using a reward model: i.e., they still require the time-consuming training process
including training dataset collection. As training-free inference-time alignment, best-of-n sampling
(BoN) is a simple but effective method [9, 13–15]. BoN selects the response that achieves the highest
reward values from N generated token sequences from the base LLMs. BoN asymptotically optimizes
the same object function as KL-constrained reinforcement learning (RL) [16] under some condition.
Though BoN achieves the optimal win-rate against KL divergence [17], there might be room for
improvements in sample efficiency as it does not utilize non-optimal outputs during optimization.

In this paper, we propose adaptive importance sampling on pre-logits (AISP), which is a new
sampling-based inference-time alignment using adaptive importance sampling. AISP optimizes the
distribution of pre-logits, which are outputs of the penultimate layer, instead of the distribution of
tokens. The pre-trained conditional distribution of the pre-logits given an output token should be an
exponential family distribution because it naturally derives softmax function [18]. We further assume
that the conditional distribution is a Gaussian distribution, which is used in the softmax-based image
recognition [19]. Based on this idea, AISP injects Gaussian noise to the pre-logits and optimizes its
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mean. As a result, we formalize the alignment as the optimization problem of the parameters of a
target Gaussian distribution with the KL constraint between the target distribution and the base LLMs.
This formulation coincides with the sampling-based model predictive control with stochastic input
signals called model predictive path integral control (MPPI) [20, 21]. Inspired by MPPI, we show
that the lower bound of this problem is given by a certain free energy and solve this through adaptive
importance sampling [22–24], which is an iterative importance sampling. Experiments demonstrate
that AISP increases reward values faster than BoN in terms of the number of used generated samples.

2 Proposed method: AISP

To optimize the score of a reward model, we propose adaptive importance sampling on pre-logit
space (AISP). AISP assumes that the pre-logit is obtained by the sum of the base LLM pre-logits
and a Gaussian perturbation. The mean of perturbation is optimized through importance sampling to
maximize reward values. This section first explains the problem of inference-time alignment. Next,
we formalize our problem and explain the closed-solution, which is intractable distribution. To solve
this problem, we present adaptive importance sampling for pre-logits.

Inference-time alignment for given reward models Let xt, yt ∈ V denote tokens in a vocabulary
space V at the t-th position. Given an input prompt x = [x1, . . . , xTx ], an LLM generates a response
y = [y1, . . . , yTy ] from the probability PLLM(·|x). We consider to generate aligned responses that
maximize a given reward model r(x,y) ∈ R. Inference-time alignment attempts to obtain aligned
responses without model updates. BoN selects the best response y∗ from the set of N generated
responses YN as y∗ = argmaxy∈YN

r(x,y). Yang et al. [16] have shown that BoN asymptotically
optimizes the following function used in RLHF:

maxπ(·|x) Ey∼π(·|x)r(x,y)− λDKL(π(·|x)|PLLM(·|x)). (1)

2.1 Problem Formulation of AISP

To discuss the assumption in AISP, we first explain the output layer of neural language models. An
auto-regressive LLM generally uses a softmax function with a linear layer as the last layer:

PLLM(yt = yi|y<t) =
exp(w⊤

i zt+bi)∑|V|
j=1 exp(w⊤

j zt+bj)
, (2)

where zt ∈ Rd is called a pre-logit, which is the output vector of the penultimate layer of the
LLM: zt = ϕLLM(y<t) where y<t = [y1, . . . , yt−1] are the past tokens.1 Softmax function is
naturally derived when the conditional distribution of pre-logits p(zt|yt=yi) is an exponential family
distribution.2 From this fact, Lee et al. [19] assume that the pre-trained neural classifier has the
pre-logtis following the Gaussian distribution given class label in image recognition. Since LLMs
use softmax and cross-entropy loss similar to image recognition, we employ this assumption.

Once the t-th token yt is given, the conditional distribution of pre-logit p(zt|yt) can be a Gaussian
distribution. Inversely, we consider obtaining the optimal response through exploration of pre-logit
distributions based on a Gaussian distribution. It enables us to optimize reward values with a tractable
distribution. Since the pre-logit function ϕLLM(·) is a deterministic function, we inject a Gaussian
noise vi for the time interval [0, τ ]. Then, the response is written as

yt = argmax
i

{
[softmax(WLLM(ϕLLM(y<t) + vt) + bLLM)]i, for 0 < t ≤ τ,

[softmax(WLLMϕLLM(y<t) + bLLM)]i, for τ < t,
(3)

where WLLM and bLLM are the parameter of the base LLM. The Gaussian noise vt is sampled
from N (ut, σ

2I) where σ2 ∈R is a fixed constant and ut is the parameter to be optimized. This
can be regarded as that the pre-logit distribution is given by p(zt|y<t)=N (ϕLLM(y<t) + ut, σ

2I)
for t∈ [0, τ ]. The distribution of a noise sequence V =[v1, . . . ,vτ ]∈Rd×τ is

q(V |U, σ2) = 1

(2πσ2)
dτ
2
exp

(
− 1

2σ2

∑τ
t=1(vt − ut)

⊤(vt − ut)
)
, (4)

1Generraly, the input prompt x corresponds to y1, . . . , yTx .
2We consider a conditional distribution given an output token yt not given the past tokens y<t.
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where U=[u1, . . . ,uT ]∈Rd×τ . Let QU,σ2 be the distribution corresponding to q(V |U, σ2). Similar
to Eq. (1), we optimize the expected reward values as

minU J(x, U) = minU −EV∼QU,σ2 [r(x,y(V ))] + λDKL(QU,σ2 |P) (5)

where y(V ) is a token sequence generated by Eq. (3) for t = 1, . . . , Ty. λDKL(Q|P) is the
regularization term so that the resulting distribution does not deviate from the base LLM where λ > 0
is a hyper-parameter. To this goal, a base distribution P should be zero-mean Gaussian distribution,
which have the following density function: p(V |0, σ2) = 1/(2πσ2)

dτ
2 exp

(
−1/2σ2

∑τ
t=1 z

⊤
t zt

)
.

After the optimization, we can obtain the optimal reward yAISP as yAISP = y(U∗) where U∗ is
the solution of Eq. (5). Since we can generate several candidate responses at the last, we select
yAISP = argmaxV ∈V y(V ) where V = {V i|V i ∼ q(V |U∗, σ2)}.

2.2 Free energy and Optimal distribution

Optimization problems such as Eq. (5) correspond to the optimal control problems with stochastic
input signals vt called model predictive path integral control (MPPI) [20, 21] and can be solved by
considering a certain free energy. To optimize Eq. (5), we consider the following free energy:

F (r, p,x, λ) = log
(
EV∼P

[
exp

(
1
λr(x,y(V ))

)])
. (6)

By using Q and Jensen’s inequality, we have the following result:
Theorem 2.1. Eq. (6) satisfies −λF (r, p,x, λ)≤J(x, U), and the equality holds if

q∗(V ) = 1
η exp

(
1
λr(x,y(V ))

)
p(V ) (7)

where η is a normalization constant as η =
∫
Rd×τ exp

(
1
λr(x,y(V ))

)
p(V )dV.

The proof can be found in Appendix A. This theorem shows that the free energy Eq. (6) is the lower
bound of the objective function Eq. (5), and the optimal distribution Q∗ is given by Eq. (7). The
optimal density function Eq. (7) is intractable, and it is difficult to be obtained directly. Next, we
show how to approximate it by using importance sampling.

2.3 Adaptive importance sampling

We approximate Q∗ of Eq. (7) by the Gaussian distribution QU,σ2 through importance sampling [25,
22–24]. To minimize DKL(Q∗|QU,σ2), the optimal mean U∗=[u∗

1, . . . ,u
∗
τ ] is obtained by

u∗
t = Ezt∼Q∗ [vt]. (8)

This computation is difficult because Q∗ is an intractable distribution. To approximate this equation,
we introduce a proposal density function q(V |Û , σ2) and apply importance sampling as

EV∼Q∗ [vt] =
∫
vtq

∗(V )dV =
∫
vt

q∗(V )

q(V |Û,σ2)
q(V |Û , σ2)dV = EV∼QÛ,σ2 [w(V )vt], (9)

where QÛ,σ2 is the distribution corresponding to q(V |Û , σ2). This equation indicates that Eq. (8) can
be approximated by vt sampled from QÛ,σ2 . The weight w(V ) = q∗(V )/q(V |Û , σ2) is computed by

w(V ) = 1
η exp

(
1
λr(x,y(V ))− 1

σ2

∑τ
t=1 û

⊤
t vt − 1

2 û
⊤
t ût

)
. (10)

We generate n samples {V i}ni=1 and approximate U∗ as û∗
t =
∑

i(w(V
i)/
∑

j w(V
j)vi

t)=
∑

i w̄
ivi

t

where
∑

j w(V
j) is empirical normalization instead of η. The i-th weight w̄i is given by

w̄i =
exp( 1

λ r(x,y(V i))− 1
σ2

∑τ
t=1 û⊤

t vi
t)∑

j exp( 1
λ r(x,y(V j))− 1

σ2

∑τ
t=1 û⊤

t vj
t )
, (11)

which is implemented by using a softmax function. Note that the term of û⊤
t ût in Eq. (10) is canceled

between the numerator and denominator. In Eq. (11), λ can be regarded as a temperature parameter.
Small λ allows deviation from the base LLM, but large λ causes numerical instability [20]. To
achieve both numerical stability and large penalties, we relax P as p(V |αÛ, σ) from p(V |0, σ) where
0 < α < 1 by introducing the technique in MPPI [20]. Under this relaxation, the weight w̄i becomes

w̄i =
exp( 1

λ r(x,y(V i))− 1−α

σ2

∑τ
t=1 û⊤

t vi
t)∑

j exp( 1
λ r(x,y(V j))− 1−α

σ2

∑τ
t=1 û⊤

t vj
t )
. (12)
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Table 1: Average Rewards, diversity, and coherence of BoN and AISP.
Models Methods SHP HH-RLHF

Reward Diversity Coherence Reward Diversity Coherence

Llama3_8B & UltraRM BoN (top-p) -3.44 (0.07) 0.662 (0.007) 0.621 (0.005) -5.24 (0.01) 0.730 (0.004) 0.608 (0.006)
BoN (N (0, σ2I)) -3.36 (0.06) 0.687 (0.01) 0.626 (0.006) -5.22 (0.005) 0.751 (0.005) 0.614 (0.008)

AISP -2.36 (0.07) 0.705 (0.005) 0.638 (0.005) -5.18 (0.01) 0.741 (0.002) 0.584 (0.002)

Vicuna_7B & UltraRM BoN (top-p) -3.97 (2) 0.860 (0.01) 0.656 (0.001) -5.08 (0.1) 0.724 (0.1) 0.591 (0.05)
BoN (N (0, σ2I)) -2.17 (0.01) 0.870 (0.001) 0.656 (0.0004) -5.00 (0.02) 0.805 (0.005) 0.632 (0.001)

AISP -1.79 (0.003) 0.872 (0.001) 0.658 (0.001) -4.87 (0.01) 0.792 (0.004) 0.603 (0.0003)

Llama3_8B & Eurus BoN (top-p) -7.28 (0.03) 0.750 (0.003) 0.641 (0.007) -5.22 (0.004) 0.686 (0.006) 0.666 (0.006)
BoN (N (0, σ2I)) -7.22 (0.04) 0.714 (0.003) 0.645 (0.003) -5.22 (0.01) 0.714 (0.0004) 0.676 (0.001)

AISP -7.06 (0.04) 0.748 (0.004) 0.656 (0.002) -5.19 (0.02) 0.714 (0.001) 0.649 (0.002)

Vicuna_7B & Eurus BoN (top-p) -4.15 (0.03) 0.871 (0.002) 0.656 (0.0001) -5.03 (0.006) 0.769 (0.001) 0.637 (0.002)
BoN (N (0, σ2I)) -4.09 (0.02) 0.872 (0.001) 0.656 (0.001) -5.02 (0.005) 0.800 (0.001) 0.656 (0.001)

AISP -3.95 (0.02) 0.874 (0.002) 0.655 (0.0003) -4.95 (0.02) 0.792 (0.004) 0.625 (0.001)

We use these weights instead of Eq. (11) and obtain the optimal U∗ can be obtained through
importance sampling. However, importance sampling requires a lot of samples if the proposal
distribution q(V |Û , σ2) is far from Q∗. To mitigate this issue, we employ the adaptive importance
sampling [22–24], which iteratively updates ût by using importance sampling. We provide a pseudo
code of AISP and explain the detailed implementation in Appendix B,.

3 Experiments

3.1 Setup

To evaluate the performance of AISP, we use Anthropic’s HH-RLHF [4] and Stanford human
preferences (SHP) datasets [26], which are used to align LLMs for helpfulness and harmlessness,
following [6]. We use randomly selected 1000 entries of the test datasets due to limited computation
resources like [27]. We use Vicuna-7B-v1.5 [28]3 and Llama-3-8B [29] as the base LLMs, and
reward models are UltraRM-13b (UltraRM) [30] and Eurus-RM-7b (Eurus) [31]. Hyper-parameters
of AISP is shown in Appendix C.1 n, τ , and κ = 32 are set to 32, 128, and 32, respectively. A
baseline method is BoN with N=κn=1024 samples. We use two generating strategies to construct
candidate sets YN in BoN: BoN (top-p) uses top-p (nucleus) sampling with temperature of 0.6
and p = 0.9, which are default parameters of Llama3. BoN (N (0, σ2I)) injects Gaussian noises
following N (0, σ2I) into pre-logits like AISP and applies greedy search for each injected pre-logits
to construct YN . The evaluation metrics are the reward values by UltraRM, coherence, diversity.

3.2 Results

Table 1 lists average rewards, diversity score, and coherence score of each method. Values are
presented as mean (standard deviation) for three trials. In terms of average reward, AISP achieves
the highest among methods. AISP achieved up to about 30% improvement over BoN (top-p). Thus,
AISP is superior to BoN as a sample-based reward optimization. Additionally, BoN with gaussian
pre-logit noise (BoN (N (0, σ2I))) achieves higher rewards than BoN (top). Thus, the Gaussian
distribution of pre-logits can generate better candidate sets YN . This might imply that the Gaussian
assumption is not very strong, and it generates good candidate responses even without importance
sampling. In terms of diversity and coherence scores, AISP does not always outperform BoN. This
might be because reward models do not prioritize these perspectives. Even so, these scores are also
related to the quality of responses, and it is difficult to conclude that AISP is superior to BoN based
solely on the average rewards. Thus, we will evaluate responses by using GPT-4 in Appendix C.

4 Conclusion

In this paper, we propose adaptive importance sampling on a pre-logit distribution for alignment of
LLMs. AISP assumes that pre-logit distributions are composed of a Gaussian perturbation and the
pre-logit of the base LLM, and optimizes the Gaussian perturbation through importance sampling.

3https://huggingface.co/lmsys/vicuna-7b-v1.5
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A Proofs

A.1 Proof of Theorem 2.1

Theorem. Free energy Eq. (6) satisfies the following inequality
−λF (r, p,x, λ) ≤ J(x, U), (13)

and the equality holds if

q∗(V ) =
1

η
exp

(
1

λ
r(x,y(V ))

)
p(V ) (14)

where η is a normalization constant as

η =

∫
Rd×τ

exp

(
1

λ
r(x,y(V ))

)
p(V )dV. (15)

Proof. Similar to importance sampling, F can be written by using Q as

F (r, p,x, λ) = log

(∫
exp

(
1

λ
r(x,y(V ))

)
q(V )

q(V )
p(V )dV

)
(16)

= log

(∫
exp

(
1

λ
r(x,y(V ))

)
p(V )

q(V )
q(V )dV

)
(17)

= log

(
EV∼Q

[
exp

(
1

λ
r(x,y(V ))

)
p(V )

q(V )

])
(18)

From Jensen’s inequality, we have

F (r, p,x, λ) = log

(
EV∼Q

[
exp

(
1

λ
r(x,y(V ))

)
p(V )

q(V )

])
(19)

≥ EV∼Q

[
log

(
exp

(
1

λ
r(x,y(V ))

)
p(V )

q(V )

)]
(20)

= EV∼Q

[
1

λ
r(x,y(V ))− log

(
q(V )

p(V )

)]
(21)

= EV∼Q

[
1

λ
r(x,y(V ))

]
−DKL(Q|P) (22)

(23)
Multiplying both sides of each equation by −λ, we have the following:

−λF (r, p,x, λ) ≤ −EV∼Q [r(x,y(V ))] + λDKL(Q|P). (24)
Next, we substituting Eq. (7) into KL divergence as:

DKL(Q|P) =
∫

log

(
q(V )

p(V )

)
q∗(V )dV (25)

=

∫
log

(
1
η exp

(
1
λr(x,y(V ))

)
p(V )

p(V )

)
q∗(V )dV (26)

=

∫
log

1

η
exp

(
1

λ
r(x,y(V ))

)
q∗(V )dV (27)

= − log(η) +

∫
1

λ
r(x,y(V ))q∗(V )dV (28)

= − log(η) +
1

λ
EV∼Q∗ [r(x,y(V ))] . (29)

− log(η) becomes −F (r, p,x, λ) as

− log(η) = − log

(∫
Rd×τ

exp

(
1

λ
r(x,y(V ))

)
p(V )dV

)
(30)

= −F (r, p,x, λ) (31)
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Figure 1: Illustration of AISP.

Algorithm 1 Pseudo code of AISP

Require: Hyper-parameters λ, α, σ2, n, and κ. reward models r(x,y), Input prompt x
1: Initialization: Û = O, rbest = −∞
2: for k = 1, . . . , κ do
3: for i = 1, . . . , n do
4: V i ∼ q(V |Û , σ2)
5: yi

<1 = x for i = 1, . . . , n
6: for t = 1, . . . T do
7: We get zt = ϕLLM(y<t) by adding yi

<t to LLM
8: if t ≤ τ then
9: zt = ϕLLM(y<t) + vi

t

10: yit = argmaxj [softmax(WLLMzt + bLLM)]j
11: yi

<t+1 = yi
<t ∥ yit

12: if yit = EOS then
13: y(V i) = yi

<t+1 and break
14: Get rewards r(x,y(V i)) by adding y(V i) to the reward model
15: if rbest < r(x,y(V i)) then
16: ybest = y(V i) and rbest = r(x,y(V i))

17: Compute weights w̄i by Eq. (12) for i = 1, . . . , n

18: Update Û = [û1, . . . , ûτ ] by ût =
∑

i w̄
ivi

t

19: U∗ = Û and generate y(U∗)=argmaxV ∈V y(V ) where V = {V i|V i ∼ q(V |U∗, σ2)}
20: if rbest < r(x,y(U∗)) then
21: ybest = y(U∗) and rbest = r(x,y(U∗))

22: Return ybest and rbest

Therefore, Eq. (29) becomes

DKL(Q|P) = −F +
1

λ
EV∼Q∗ [r(x,y(V ))] . (32)

and thus, we have

−λF = −EV∼Q∗ [r(x,y(V ))] + λDKL(Q|P). (33)

which completes the proof.

B Implementation of AISP

Fig. 1 shows the outline of AISP. In this section, we will explain the detailed algorithm and imple-
mentation of AISP.

Algorithm 1 is the pseudo code of AISP. First, we generate V i from the prior distribution in Line 5
and generate responses y(V i) in Lines 6-13. Line 10 decodes a token based on pre-logit. Since we
observed that statistical sampling degrades the performance of AISP, we use a deterministic greedy

8



Table 2: Win rate for AISP vs BoN (top-p).
Datasets Models Rate

AISP Draw BoN

SHP Llama3_8B & UltraRM 51.7 7.67 40.7
Vicuna_7B& UltraRM 43.0 35.3 21.7

Llama3_8B &Eurus 51.7 6.67 41.7
Vicuna_7B& Eurus 26.7 48.3 25.3

HH-RLHF Llama3_8B& UltraRM 44.0 14.0 42.0
Vicuna_7B& UltraRM 55.3 20.0 24.7

Llama3_8B& Eurus 47.0 8.33 44.7
Vicuna_7B& Eurus 44.7 25.0 30.0

Table 3: Win rate for AISP vs BoN (N (0, σ2I)).
Datasets Models Rate

AISP Draw BoN

SHP Llama3_8B & UltraRM 49.0 7.33 43.7
Vicuna_7B& UltraRM 36.3 38.0 25.7

Llama3_8B &Eurus 45.7 9.67 44.7
Vicuna_7B& Eurus 30.7 45.3 24.0

HH-RLHF Llama3_8B& UltraRM 43.3 11.7 45.0
Vicuna_7B& UltraRM 37.0 28.0 35.0

Llama3_8B& Eurus 46.0 8.0 46.0
Vicuna_7B& Eurus 41.7 20.3 38.0

search. Next, we evaluate reward values for each y(V i) in Line 14. Line 15 stores the best response
during AISP because we select the best y among nκ samples as the results like BoN. After reward
evaluation, we update Û in Lien 18. Finally, we generate y(U∗) as a last candidate of response and
compare it with ybest. Note that though adaptive importance sampling generally uses nκ samples,
i.e., all generating samples, at the last iteration, we only use the n generated samples for each iteration
due to computational cost. If we need multiple responses, AISP can be modified to output the set of
y by using top-k in Lines 16 and 21.

Parallelization Adaptive importance sampling contains both parallel and sequential processes. We
generate y(V i) for i = 1, . . . , n in parallel, this can be implemented as a mini-batch computation for
a prompt x. Iterations k = 1, . . . , κ should be executed sequentially. Therefore, n and κ increase
space-complexity and time-complexity, respectively, and they should be tuned according to practical
needs and performance.

C Detailed experimental setup and additional experimental results

C.1 Hyperparameters

Hyper-parameter-tuning of AISP is performed on test data because our problems do not need to
consider overfitting. For all conditions, we set α = 0.9999 and σ = 0.5. We observe that AISP can
stably optimize r when the standard deviation of r(x,y(V i))/λ is approximately one digit. We set
λ = 0.7 for SHP with UltraRM and λ = 0.3 for HH-RLHF with UltraRM. and set λ = 240 for SHP
with Eurus and λ = 120 for HH-RLHF with Eurus. n, τ , and κ = 32 are set to 32, 128, and 32,
respectively.In BoN (N (0, σ2I)), σ2 is set to 0.5.

C.2 Win rate

Tables 2 and 3 list the win rate for AISP vs BoN. To compute win rate, we sampled 100 pairs of
prompts and responses at random, and GPT-4 judges whether the response from AISP or BoN is
better. Since the values are averaged over three trials, they do not always sum to 100 %. These tables
show that AISP has a high win rate against BoN (top-p) under all conditions, and a high win rate
against BoN (N (0, σ2I)) under most conditions. The results of average rewards and win rates show
that AISP aligns LLMs better than BoN when allowing sequential process.

Convergence Figure 2 plots curves of reward values during iterations on SHP and HH-RLHF,
respectively. These curves are also evaluated on randomly selected 100 pairs, and are averaged
over data samples and three trials. This figure shows that though AISP underperforms BoN in the
early iterations, it improves more rapidly and eventually surpasses BoN as the number of iterations
increases in most cases. Additionally, while the maximum number of iterations k was set to 32
in this experiment, it is likely that the performance gap would become more pronounced with a
larger number of iterations. Reward values of AISP (Mean at k) and AISP (Best at k) also increase
according to k. This indicates that AISP not only optimizes the resulting response but also optimizes
the distribution of responses. Therefore, AISP obtains aligned distributions of response without any
additional techniques.
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Figure 2: Reward curve against iterations on SHP (top) and HH-RLHF (bottom). AISP (Mean at
k) is 1/n

∑
i r(x,y(V

i)). AISP (Best at k) is maxi r(x,y(V
i)), and AISP (Best so far) is ybest in

Algorithm 1 at k. BoN corresponds to maxy∈YN
r(x,y) using N = nk samples where n = 32.
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