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ABSTRACT

Test-time alignment of large language models (LLMs) attracts attention because
fine-tuning LLMs requires high computational costs. In this paper, we propose
a new test-time alignment method called adaptive importance sampling on pre-
logits (AISP) on the basis of the sampling-based model predictive control with the
stochastic control input. AISP applies the Gaussian perturbation into pre-logits,
which are outputs of the penultimate layer, so as to maximize expected rewards
with respect to the mean of the perturbation. We demonstrate that the optimal
mean is obtained by importance sampling with sampled rewards. AISP outper-
forms best-of-n sampling in terms of rewards over the number of used samples and
achieves higher rewards than other reward-based test-time alignment methods.

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) (Ouyang et al., 2022; Christiano et al., 2017; Ziegler et al., 2019; Bai
et al., 2022). However, RLHF imposes a heavy computational burden since fine-tuning LLMs re-
quires high computational costs (Rafailov et al., 2023; Kong et al., 2024; Hu et al., 2022). To address
this, test-time (also known as inference-time and decoding-time) alignment attracts attention (Kong
et al., 2024; Li et al., 2024a; Snell et al., 2024; Huang et al., 2025; Li et al., 2024b).

Test-time alignment aligns LLMs with human preference without updating parameters of LLMs.
This paper focuses on test-time alignment methods that find the optimal responses in terms of max-
imizing the score of a given reward model. To this goal, best-of-n sampling (BoN) is a simple but
effective method, which selects the response that achieves the highest reward values from N gener-
ated responses from the base LLMs (Snell et al., 2024; Lightman et al., 2023; Brown et al., 2024;
Sessa et al., 2025). Though BoN can asymptotically optimize the same objective function as KL-
constrained reinforcement learning (RL) (Yang et al., 2024), there might be room for improvements,
such as in sample efficiency, because it does not actively explore the optimal responses. As another
line of research, Kong et al. (2024) formalized test-time alignment as the optimal control problem
and proposed RE-Control inspired by control theory. RE-Control applies an external control sig-
nal to the representations of LLMs and optimizes these input trajectories. Though RE-Control can
actively explore the optimal responses by the control input, it needs to train a value function us-
ing a reward model: i.e., it requires computation and storage costs for training including dataset
collection. Can LLMs be controlled by the training-free methods to explore the optimal response?

In this paper, we propose a new test-time alignment inspired by sampling-based control methods
without a training process. Traditional optimal control theory can optimize input trajectories without
any training process by solving differential equations such as the Pontryagin’s maximum principle.
However, these methods are not applicable to LLM alignment because LLMs are nonlinear, compli-
cated and large-scale systems (Chen et al., 2024). For such systems, sampling-based model predic-
tive control has been advanced by leveraging the parallel computing capabilities of GPUs (Williams
et al., 2018; 2017). Therefore, we adopt this optimal control technique in the LLM alignment by
incorporating adaptive importance sampling. First, we formalize LLM alignment as a stochastic
control problem where the control input is a stochastic perturbation on pre-logits, which are out-
puts of the penultimate layer of the LLM. In our formulation, the perturbation follows a Gaussian
distribution. According to this, the distribution of pre-logit sequences also becomes a Gaussian dis-
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Figure 1: Illustration of AISP. n input trajectries {{vi
t}τt=1}ni=1 are sampled from N (ut, σ

2I). The
input vi

t is added to the pre-logit zt, which is obtained by applying LLMs to the past tokens yi
<t. The

t-th token yit is sampled and concatenated with the past tokens yi
<t. When yit is the end-of-sequence

token, the rewards of {y(V i)}ni=1 are evaluated and used in adaptive importance sampling for ut.

tribution and can be written by the closed form, unlike token sequence distributions. Next, we derive
the optimal distribution through the free energy that bounds this problem. Since this distribution is
intractable, we approximate it by using importance sampling where the weighting function can be
easily computed thanks to the Gaussian assumption. We iteratively update the proposal distribu-
tion via adaptive importance sampling (Kloek & Van Dijk, 1978; Cappé et al., 2004; Bugallo et al.,
2017) because naı̈ve importance sampling can require a large number of effective samples due to
the vast pre-logit sequence space. Therefore, our method is called adaptive importance sampling on
pre-logits (AISP, Fig. 1). After explanation of AISP, we discuss the connection between the Gaus-
sian assumption and the last softmax layer in neural networks. Additionally, we reveal that AISP
becomes equivalent to BoN with the specific sampling strategy in the limit of a hyperparameter.
Experiments demonstrate that AISP increases reward values faster than BoN in terms of the number
of used generated samples. Additionally, AISP also outperforms RE-Control even though it does
not require training dataset collection in advance. Since AISP requires fewer samples than BoN, we
also evaluate Batched AISP, which simultaneously handles multiple prompts with small samples,
and confirm that Batched AISP can outperform BoN under the same iterations.

2 PRELIMINARY

2.1 BEST-OF-N SAMPLING

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).

Best-of-N sampling (BoN) attempts to generate aligned responses based on a given reward model
r(x,y) ∈ R. BoN samples N responses from the base LLM as y ∼ PLLM(·|x) and constructs a set
YN = [y1, . . . ,yN ]. Next, BoN selects the best sample from the set YN as

yBoN = argmaxy∈YN
r(x,y). (1)

This simple algorithm is an effective and popular method to align LLMs (Lightman et al., 2023; Snell
et al., 2024; Sessa et al., 2025). Yang et al. (2024) have shown that BoN asymptotically optimizes
the following objective function of KL-constrained RL:

maxπ(·|x) Ey∼π(·|x)r(x,y)− λDKL(π(·|x)|PLLM(·|x)). (2)
DKL(π(·|x)|PLLM(·|x)) prevents π(·|x) from moving far away from the base LLM PLLM(·|x).
Equation (2) has a closed solution (Beirami et al., 2024; Korbak et al., 2022; Go et al., 2023):

π∗(y|x) = 1
ηPLLM(y|x)exp( 1λr(x,y)), (3)

where η =
∑

y PLLM(y|x)exp( 1λr(x,y)) is a normalization constant, which is hard to esti-
mate (Rafailov et al., 2023).

2.2 RE-CONTROL

Kong et al. (2024) have formulated the LLM alignment as the optimal control problem where the
control input ut ∈ Rd is added to the representation of an auto-regressive LLM as

yt ∼ softmax(WLLM(zt + ut) + bLLM). (4)
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where WLLM and bLLM are the parameter of the last linear layer of the LLM. zt ∈ Rd is called
pre-logit1, which is the output vector of the penultimate layer of the LLM: zt = ϕLLM(y<t)
where y<t = [y0, . . . , yt−1] are the past tokens including the input prompt x. ϕLLM(·) contains
an embedding layer and attention layers. In this formulation, ut is optimized through the gradient
ascent to maximize the value function V (zt), which evaluates the current state of LLMs to
maximize rewards at the terminal. However, this value function needs to be trained on the dataset,
which are composed of various states, responses, and rewards: DV ={(zi

0:T ,y
i, r(xi,yi))}Mi=1. In

fact, Kong et al. (2024) uses 349,000 training prompts in SHP (Ethayarajh et al., 2022) to collect
them, which incurs storage costs and training time. Instead of training the value function, we adopt
a sampling-based optimal control to LLM alignment.

3 PROPOSED METHOD: AISP

To maximize rewards, we consider applying the control theory to LLM alignment similar to Kong
et al. (2024), but without training. In fact, traditional optimal control methods do not require any
training process because the optimal input trajectories are derived by solving differential equations
such as the Pontryagin’s maximum principle. However, such methods are ineffective for LLM
alignment because LLMs are nonlinear large-scale systems (Chen et al., 2024). For such systems,
recent optimal control methods have incorporated a sampling-based approach with model predictive
control by considering stochastic input. Thus, we adopt the stochastic optimal control method called
model predictive path integral control (MPPI) (Williams et al., 2018; 2017) to LLM alignment. First,
we formalize our problem and explain the closed solution. Since it is an intractable distribution,
we present adaptive importance sampling to solve this problem. Next, we discuss the connection
between the assumption in pre-logit and softmax function, and the connection with BoN. Finally,
we explain the details of implementation.

3.1 PROBLEM FORMULATION

Whereas RE-Control (Eq. (4)) uses the deterministic input ut, we apply the stochastic control input
vt with mean ut to LLMs and optimize ut. Specifically, we inject a Gaussian noise vt ∈ Rd to
pre-logit zt = ϕLLM(y<t) for the time interval t∈ [1, τ ]. The input prompt x corresponds to y<1.
Then, a pre-logit follows a Gaussian distribution, and the t-th token is given by

yt =

{
argmaxi

[
softmax(WLLM(zt + vt) + bLLM),vt ∼ N (ut, σ

2I)
]
i
, for 1 ≤ t ≤ τ,

argmaxi [softmax(WLLMzt + bLLM)] , for τ < t.
(5)

where σ2I is a covariance matrix with a fixed variance σ2∈R. This can be interpreted as the distri-
bution of the pre-logit ẑt in AISP is given by p(ẑt|y<t)=N (ϕLLM(y<t) + ut, σ

2I) for t∈ [1, τ ].
The distribution of the input trajectory V =[v1, . . . ,vτ ]∈Rd×τ is a joint Gaussian distribution:

q(V |U, σ2) = 1

(2πσ2)
dτ
2
exp

(
− 1

2σ2

∑τ
t=1(vt − ut)

⊤(vt − ut)
)
, (6)

where U = [u1, . . . ,uT ] ∈ Rd×τ is the mean of the input trajectory. Let QU,σ2 be the distribution
corresponding to the density function q(V |U, σ2). Similar to the objective of KL-constrained RL
Eq. (2), we optimize the expected reward values with the KL constraint as

min
U

J(x, U) = min
U

−EV∼QU,σ2 [r(x,y(V ))] + λDKL(QU,σ2 |P) (7)

where y(V ) = [y1, . . . , yTy ] is a response generated by Eq. (5). 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 satisfy this, a base distribution P should be a zero-mean Gaussian distribution:

p(V |0, σ2) = 1

(2πσ2)
dτ
2
exp

(
− 1

2σ2

∑τ
t=1 z

⊤
t zt

)
. (8)

This implies that we assume the pre-logit distribution of the base LLM following
pLLM(zt|y<t) = N (ϕLLM(y<t), σ

2I). The KL-divergence DKL(QU,σ2 |P) is given by
DKL(QU,σ2 |P) = 1/2σ2

∑τ
t=1u

⊤
t ut. After the optimization, we can obtain the optimal re-

ward yAISP as yAISP = y(V = U∗) where U∗ is the solution of Eq. (7). 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)} instead of just using y(V =U∗).

1Though Kong et al. (2024) called zt logit, we call it pre-logit to distinguish it from the the input to the
softmax function: WLLMzt + bLLM.
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3.2 FREE ENERGY AND OPTIMAL DISTRIBUTION

Optimization problems such as Eq. (7) correspond to the optimal control problems called model pre-
dictive path integral control (MPPI) (Williams et al., 2018; 2017) and can be solved by considering
a certain free energy. To optimize Eq. (7), we consider the following free energy:

F (r, p,x, λ) = log
(
EV∼P

[
exp

(
1
λr(x,y(V ))

)])
. (9)

By using Q and Jensen’s inequality, we have the following result:
Theorem 3.1. Free energy Eq. (9) 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 ) (10)

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

(
1
λr(x,y(V ))

)
p(V )dV .

All of the proofs can be found in A. This theorem shows that the free energy Eq. (9) is the lower
bound of the objective function Eq. (7), and the optimal density function is given by Eq. (10). The
optimal density function Eq. (10) is intractable, and it is difficult to obtain directly. Next, we show
how to approximate it by using importance sampling. Note that while the similar result Eq. (3) has
been presented for the distribution of responses, Eq. (10) is related to the distribution of pre-logits.
This difference makes the optimization easy because p(V ) = p(V |0, σ) in Eq. (10) is a tractable
distribution, and its sampling is easy as written in the next subsection.

3.3 ADAPTIVE IMPORTANCE SAMPLING

We consider to approximate Q∗ of Eq. (10) by the Gaussian distribution of Eq. (6) though importance
sampling (Robert et al., 1999; Kloek & Van Dijk, 1978; Cappé et al., 2004; Bugallo et al., 2017).
We recall the following theorem, which was established in Williams et al. (2018):
Theorem 3.2. (Williams et al., 2018) The KL divergence DKL(Q∗|QU,σ2) is minimized by U∗ =
[u∗

1, . . . ,u
∗
τ ] where

u∗
t = EV∼Q∗ [vt]. (11)

Let q(V |Û , σ2) and QÛ,σ2 be a proposal density function for importance sampling and
the corresponding distribution, respectively. Equation (11) is re-written as EV∼Q∗ [vt] =
EV∼QÛ,σ2 [w(V )vt], where w(V ) is the weight function given by

w(V ) = 1
η exp

(
1
λr(x,y(V ))− 1

σ2

∑τ
t=1 û

⊤
t vt − 1

2 û
⊤
t ût

)
. (12)

This theorem indicates that Eq. (11) can be approximated by importance sampling where the weight
function is Eq. (12). We generate n samples {V i}ni=1 from the proposal distribution QÛ,σ2 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
λr(x,y(V

i))− 1
σ2

∑τ
t=1 û

⊤
t v

i
t

)∑
j exp

(
1
λr(x,y(V

j))− 1
σ2

∑τ
t=1 û

⊤
t v

j
t

) , (13)

which is implemented by using a softmax function. In this computation, the term of û⊤
t ût in

Eq. (12) is canceled between the numerator and denominator. Then, the optimal U∗ can be obtained
through importance sampling. Since importance sampling requires a lot of samples if the proposal
distribution q(V |Û , σ2) is far from Q∗, we exploit the adaptive importance sampling (Cappé et al.,
2004; Bugallo et al., 2017), which is iterative importance sampling. Specifically, we updates ût by
using importance sampling with n sample for κ iterations:

ûk+1
t =

∑n
i=1 w̄

ivi,k
t , vi,k

t ∼ N (ûk
t , σ

2I) (14)
for k=1, . . . , κ. Similar to BoN, we select the best sample from all samples in the computation of
AISP: yAISP=argmaxi,k y(V

i,k). The algorithm of AISP can be found in Appendix B.

Note that our formulation is followed by MPPI (Williams et al., 2018) and can actually be extended
to MPPI on pre-logits by changing sampling methods. While MPPI moves prediction and control
windows by determining and applying û1 to the control target for each iteration, AISP uses a fixed
control window t ∈ [0, τ ]. This is because once moving windows fix the prefix tokens, generated
responses lose diversity. AISP can explore large response spaces by using the fixed window starting
t=0 and adaptive importance sampling.
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3.4 MODELING PRE-LOGITS DISTRIBUTIONS BY GAUSSIAN DISTRIBUTIONS

As explained above, AISP assumes that the pre-logit distribution follows a Gaussian distribution as
p(ẑt|y<t)=N (ϕLLM(y<t)+ut, σ

2I). In this section, we discuss the reason why this assumption
reduces the difficulty in the optimization, and the connection between this assumption and the output
softmax layer in neural language models.

How the Gaussian assumption simplifies the problem As described in Theorem 3.2, the Gaus-
sian assumption derives a simple optimization procedure by using importance sampling. This is
because the KL divergence between the optimal distribution and the Gaussian distribution is mini-
mized by the expectation of vt over Q∗, and the weight function becomes simple because input tra-
jectories also follow the Gaussian distribution. If we impose no constraints on the prior distribution,
this computation requires modeling techniques for complicated distributions such as normalizing
flows (Power & Berenson, 2023) and does not yield a simple test-time alignment.

Connection with softmax output layer The Gaussian assumption is related to the implicit as-
sumption of pre-logits by the softmax layer. 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)
. (15)

The softmax function is derived when the conditional distribution of pre-logits p(zt|yt = yi) is an
exponential family distribution.2 If p(zt|yt = yi) is a Gaussian distribution as p(zt|yt = yi) =
N (µyi ,Σ), we have the following equality from Bayes’ theorem:

P (yt = yi|zt) =p(zt|yt=yi)P (yt=yi)
p(zt)

= p(zt|yt=yi)P (yt=yi)∑|V|
j p(zt|yt=yj)P (yt=yj)

(16)

=
exp(µT

yiΣ
−1z− 1

2µyiΣ
−1µyi+lnP (yt=yi))∑|V|

j exp(µT
yjΣ

−1z− 1
2µyjΣ−1µyj+lnP (yt=yj))

. (17)

This function corresponds to the softmax function with a linear layer such that wi = µ⊤
yiΣ−1 and

bi = − 1
2µyiΣ−1µyi +lnP (yt = yi) . From this result, Lee et al. (2018) assume that the pre-

trained neural classifier has the pre-logtis following the Gaussian distribution given a class label in
image recognition. Since neural language models also use softmax and cross-entropy loss, we can
hypothesize that the trained pre-logit distribution p(zt|yt) follows a Gaussian distribution. From
this perspective, AISP can be regarded as exploring the optimal pre-logit distribution p(ẑt|y∗t )
under the assumption, where the distribution given the optimal response can be decomposed as
p(ẑ1, . . . , ẑt|y∗) =

∏
t p(ẑt|y∗t ).

3.5 CONNECTION WITH BON

In AISP, λ is the temperature parameter in softmax of Eq. (13). Since softmax is a smoothed approx-
imation of argmax and λ > 0, Eq. (13) is asymptotically close to argmin when λ → 0+. Therefore,
we have the following result:

Theorem 3.3. When λ→0+ and κ=1, AISP becomes BoN with the candidate set Yn as

Yn = {y(V i)|V i ∼ q(V |Û , σ2), i = 1, . . . , n}. (18)

From this result, AISP can be regarded as a continuous approximation of BoN with a specific sam-
pling strategy. In other words, AISP is a generalization of BoN, and AISP subsumes BoN.

3.6 IMPLEMENTATION

We have explained the formulation of AISP. In this section, we will explain the technique to enhance
the practical performance and parallelism in implementation.

2This section considers a conditional distribution given an output token yt not given the past tokens y<t.
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Figure 2: Schematic illustration of computational costs (vertical: parallelism; horizontal: iterations)
of Batched AISP and BoN for D prompts. When κD/b=D,nb=N ⇔ κ= b, n=N/b, Batched
AISP and BoN have almost the same sequential and parallel computational cost.

Relaxation of constraints As discussed above, λ can be regarded as a temperature parameter.
Small λ allows deviation from the base LLM, but large λ causes numerical instability (Williams
et al., 2018). 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 (Williams et al., 2018).
Under this relaxation, the weight w̄i becomes

w̄i =
exp

(
1
λr(x,y(V

i))− 1−α
σ2

∑τ
t=1 û

⊤
t v

i
t

)∑
j exp

(
1
λr(x,y(V

j))− 1−α
σ2

∑τ
t=1 û

⊤
t v

j
t

) . (19)

Parallelization and Batched AISP Adaptive importance sampling contains both parallel and se-
quential processes. We generate y(V i) for i = 1, . . . , n in parallel, like BoN. In contrast, κ iterations
of Eq. (14) should be executed sequentially. Therefore, n and κ increase space complexity and time
complexity, respectively. They should be tuned according to practical needs and performance. Ad-
ditionally, we can compute AISP for Batched prompts {xi}bi=1. Let D and b be the number of total
prompts and batch size. The number of iterations and parallel computations in Batched AISP and
BoN become almost the same when κ = b and n = N/b (Fig. 2). Strictly speaking, there is the
overhead for computing

∑τ
t=1 û

⊤
t v

i
t in the weight function (Eq. (19)) of O(τd), which is negligible

compared to the overall complexity. We compare Batched AISP with BoN in Section 5.3

4 RELATED WORK

There are several test-time alignment methods that train other networks to evaluate outputs or states
of the base LLMs (Kong et al., 2024; Mudgal et al., 2024; Han et al., 2024; Kim et al., 2023). Critic-
Guide Decoding (Kim et al., 2023) trains critic-networks that predict state-values of the current
partial tokens. Similarly, Controlled Decoding (Mudgal et al., 2024) trains a value function and
enables the evaluation of block-wise generation. RE-Control (Kong et al., 2024) also trains a value
function but for optimizing the pre-logit. Though these methods avoid the high computational costs
of fine-tuning LLMs, they still require the training process of value functions, and some need to
build datasets in advance (Kong et al., 2024; Mudgal et al., 2024; Han et al., 2024). Among such
methods, we compare AISP with RE-Control because it is the most similar to AISP. Khanov et al.
(2024) proposes ARGS, which adds the weighted reward to the logit for each token. ARGS can be
used as a training-free test-time alignment given a reward model, and we also compare AISP with it.

As a sampling-based method, BoN is a popular method. Its improvement methods and performance
analysis are actively investigated (Snell et al., 2024; Lightman et al., 2023; Brown et al., 2024; Ichi-
hara et al.; Jinnai et al., 2024). Snell et al. (2024) investigated the computational cost in test-time
alignments, including BoN. They showed the difference between the characteristics of beam-search-
based reward optimization and BoN: BoN outperforms beam-search when using a high computa-
tional budget. They concluded that there is a compute-optimal scaling strategy, which acts to most
effectively allocate test-time compute adaptively per prompt. AISP can be included in such a strat-
egy. While it is revealed that BoN’s win-rate against a base LLM is bounded by N/(N+1) (Beirami
et al., 2024), there are few studies to improve the efficiency of reward optimization in terms of the
number of used samples. As another sampling method, Zhu et al. (2025) proposed Soft Reasoning
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based on Bayesian optimization. Soft Reasoning adds the Gaussian perturbation to a token embed-
ding, similar to AISP, and applies Bayesian optimization. However, Soft Reasoning only applies
the perturbation to the initial token embedding, which might be due to the difficulty in Bayesian
optimization. Since AISP converges to the optimal distribution, it optimizes a more complicated
pre-logit sequence than the initial token embedding. Loula et al. (2025) used importance sampling
to control generation of LLMs on the basis of the given potential function, and extended it to enable
the evaluation of the partial sequence during generation. Though it is similar to our method, they
generate tokens using task-specific potential functions rather than the reward model. Additionally,
they use importance sampling on the token space rather than the pre-logit space. Because of using
pre-logits distributions, our method can employ a Gaussian distribution, which is easy to handle.

5 EXPERIMENTS

5.1 SETUP

Datasets and models We conduct experiments to evaluate the effectiveness of AISP on test-
time alignment of LLMs for helpfulness and minimizing harmfulness. We use Anthropic’s HH-
RLHF (Bai et al., 2022) and Stanford human preferences (SHP) datasets (Ethayarajh et al., 2022)
following (Kong et al., 2024). These datasets are used to align LLMs for helpfulness and harm-
lessness. We use randomly selected 1000 entries of the test datasets due to limited computation re-
sources, like (Jinnai et al., 2024). We use Llama-3-8B (AI@Meta, 2024), Vicuna-7B-v1.5 (Chiang
et al., 2023)3, and Gemma3-4B (Team, 2025) as the base LLMs, and reward models are UltraRM-
13b (UltraRM) (Cui et al., 2023) and Eurus-RM-7b (Eurus) (Yuan et al., 2024).

Baselines and hyper-parameter tuning We compare AISP with BoN using top-p (nucleus) sam-
pling. Both n and κ of AISP are set to 32, and N of BoN is set to 1024 (= κn). Additionally, we also
compare AISP with ARGS-greedy (ARGS) Khanov et al. (2024) and RE-Control Kong et al. (2024),
which are reward-based test-time alignment methods. ARGS adds the weighted reward to logits and
selects the best token for each token generation, and RE-Control adds the control input to maximize
the value function. We tune hyper-parameters for each method on partial training datasets, which is
described in Appendix C.2. Sensitivity to hyper-parameter in AISP is shown in Appendix D.1

Evaluation metrics The evaluation metrics are the reward values, coherence, diversity, and win
rate against BoN. We evaluate the reward value r(x,y) at the last by using UltraRM. Follow-
ing (Kong et al., 2024; Khanov et al., 2024), we also evaluate diversity and coherence, of which
definition is explained in the supplementary material. A higher diversity implies that a method pro-
duces tokens with a broad spectrum of vocabulary, and coherence evaluates the cosine similarity
between embeddings of the prompt and its continuation (Khanov et al., 2024). Win rate is the rate
at which GPT-4 considers that the response is better than baseline responses following (Kong et al.,
2024; Khanov et al., 2024; Chiang et al., 2023). While previous studies (Kong et al., 2024; Khanov
et al., 2024; Chiang et al., 2023) use the preferred response as baseline responses, we directly com-
pare the responses of AISP with those of BoN.

5.2 RESULTS

Average reward and other metrics Table 1 lists average rewards, diversity score, and coherence
score of each method. In terms of average reward, AISP achieves the highest among methods. AISP
achieved up to about 40% improvement over BoN (top-p). AISP also outperforms RE-Control even
though it does not require building training datasets. This result indicates that AISP is superior to
baselines as a sampling-based reward optimization. ARGS does not work very well in our experi-
ment. This is because ARGS needs to evaluate next token generation by a reward model. For this
purpose, a token-level reward model r(yt,y<t) is more suitable than a trajectory-level reward model
r(x,y) used in our experiment. However, token-level reward models generally require additional
training or specialized techniques (Yoon et al., 2024; Chakraborty et al., 2024).

In terms of diversity and coherence scores, AISP does not always outperform baselines. This might
be because reward models do not prioritize these perspectives. Even so, these scores can be also

3https://huggingface.co/lmsys/vicuna-7b-v1.5
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Table 1: Average Rewards, diversity, and coherence. For BoN, N is set to nκ. Values are presented
as mean (standard deviation) for three trials. ARGS-greedy does not contain a stochastic process.

Models Methods SHP HH-RLHF
Reward Diversity Coherence Reward Diversity Coherence

Llama3 8B BoN (top-p) -2.38 (0.04) 0.693 (0.009) 0.623 (0.004) -5.074 (0.007) 0.742 (0.002) 0.605 (0.007)
& UltraRM RE-Control -9.28 (0.03) 0.836 (0.003) 0.559 (0.004) -5.531 (0.009) 0.743 (0.08) 0.573 (0.006)

ARGS -3.94 0.786 0.531 -9.58 0.338 0.596
AISP -1.39 (0.02) 0.773 (0.004) 0.626 (0.004) -5.02 (0.01) 0.724 (0.000) 0.578 (0.001)

Vicuna 7B BoN (top-p) -1.78 (0.02) 0.882 (0.002) 0.658 (0.000) -4.85 (0.01) 0.804 (0.004) 0.615 (0.001)
& UltraRM RE-Control -5.67 (0.04) 0.843 (0.001) 0.654 (0.001) -5.25 (0.02) 0.610 (0.006) 0.527 (0.01)

ARGS -11.97 0.774 0.066 -8.37 0.614 0.092
AISP -1.46 (0.02) 0.884 (0.002) 0.654 (0.001) -4.73 (0.02) 0.803 (0.003) 0.599 (0.000)

Gemma3 4B BoN (top-p) -3.43 (0.02) 0.879 (0.003) 0.646 (0.002) -5.26 (0.005) 0.809 (0.002) 0.539 (0.008)
& UltraRM RE-Control -9.97 (0.02) 0.862 (0.001) 0.556 (0.005) -5.78 (0.02) 0.824 (0.007) 0.615 (0.02)

ARGS -7.08 0.910 0.192 -7.54 0.917 0.189
AISP -2.39 (0.03) 0.819 (0.008) 0.675 (0.003) -5.24 (0.03) 0.758 (0.005) 0.555 (0.003)

Llama3 8B BoN (top-p) -6.42 (0.08) 0.758 (0.000) 0.644(0.003) -5.07 (0.04) 0.736 (0.004) 0.669 (0.000)
& Eurus RE-Control -9.62 (0.1) 0.793 (0.02) 0.540 (0.01) -5.62 (0.05) 0.727 (0.01) 0.572 (0.01)

ARGS -11.91 0.585 0.425 -7.76 0.290 0.597
AISP -6.17 (0.03) 0.750 (0.006) 0.659 (0.004) -5.11 (0.02) 0.715 (0.007) 0.662 (0.003)

Vicuna 7B BoN (top-p) -3.83 (0.02) 0.884 (0.001) 0.654 (0.001) -4.88 (0.03) 0.800 (0.002) 0.648 (0.003)
& Eurus RE-Control -5.24 (0.03) 0.8555 (0.002) 0.653 (0.001) -5.46 (0.1) 0.529 (0.01) 0.475 (0.03)

ARGS -12.67 0.843 0.226 -8.31 0.791 0.146
AISP -3.72 (0.02) 0.896 (0.000) 0.651 (0.002) -4.85 (0.01) 0.806 (0.002) 0.648 (0.001)

Gemma3 4B BoN (top-p) -6.45 (0.06) 0.856 (0.001) 0.639 (0.004) -5.34 (0.008) 0.732 (0.007) 0.665 (0.002)
& Eurus RE-Control -10.1 (0.1) 0.853 (0.01) 0.552 (0.006) -5.82 (0.06) 0.817 (0.004) 0.607 (0.003)

ARGS -14.1 0.949 0.195 -7.53 0.917 0.189
AISP -5.78 (0.03) 0.814 (0.002) 0.656 (0.003) -5.38 (0.03) 0.794 (0.004) 0.643 (0.001)

Table 2: Win rate for AISP vs BoN (top-p). Top: SHP and Bottom: HHRLHF.

Llama & UltraRM Llama & Eurus Vicun & UltraRM Vicuna & Eurus Gemma3 & UltraRM Gemma3 & Eurus

AISP 51.3 47.0 35.3 36.0 53.0 52.7
Draw 6.7 7.7 30.3 36.0 5.7 8.3
BoN 42.0 45.3 34.3 28.0 41.3 39.0

AISP 43.3 46.3 38.3 40.7 45.7 40.0
Draw 13.7 9.3 27.7 17.7 10.7 7.7
BoN 43.0 44.3 34.0 41.7 43.7 52.3

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 the next
paragraph.

Win rate Table 2 lists 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 %. This table
shows that AISP has higher win rates than those of BoN (top-p) under almost all of conditions. The
results of average rewards and win rates show that AISP aligns LLMs better than BoN: i.e., AISP
can generate more helpful and harmless responses through maximization of rewards than BoN.

Convergence To compare sample efficiencies of AISP and BoN, Fig. 3 plots curves of reward
values during iterations on SHP. In this figure, AISP (Mean at k) is 1/n

∑
i r(x,y(V

i,k)). AISP
(Best at k) is maxi r(x,y(V

i,k)), and AISP (Best so far) is maxi,1≤j≤k r(x,y(V
i,j)), which is rbest

in Algorithm 1 at k. BoN corresponds to maxy∈YN
r(x,y) using N=nk samples. 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. 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
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Figure 3: Sample efficiency to improve rewards:
reward curve against k iterations. For each itera-
tion, both methods generate 32 samples.
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Figure 4: Rewards of Batched AISP and BoN us-
ing Llama&UltraRM on SHP for five trials.

Table 3: KL divergence from the base LLM of
AISP (λ, α), ARGS, and RE-Control.

Methods KL divergence Rewards

AISP (0.1, 0.9999) 140.9 -2.15
AISP (0.3, 0.9999) 90.6 -2.13
AISP (1.0, 0.9999) 19.3 -2.12
AISP (10.0, 0.99) 2.98 -3.37
AISP (0.3, 0.99) 18.9 -2.75

RE-Control 0.172 -9.30
ARGS 78.8 -5.11

obtains aligned distributions of response without any additional techniques. Note that additional
experiments conducted on HHRLHF are presented in Appendix D.2, which show consistent trends
with the main results.

5.3 BATCHED AISP

As above, AISP achieves higher rewards than BoN with fewer samples. However, it requires se-
quential process: κ iterations. When we need to reduce time complexity, AISP can be accelerated
by processing b prompts with small n in batches as discussed in Section 3.6. We compare Batched
AISP with BoN of N = 128 under the same iterations for processing multiple prompts; i.e., κ = b
and N = nb. In this experiment, we use Llama3 8B with UltraRM on 100 prompts in SHP and eval-
uate Batched AISP under multiple settings of (b, n). In Fig. 4, (b, n) of AISP1, AISP2, AISP3, and
AISP4 correspond to (8,16), (16,8), (32,4), and (64,2), respectively. Fig. 4 demonstrates that AISP
can outperform BoN even under the same iterations for D prompts. In addition, this figure shows
that AISP can exceed BoN if it has at least four samples per iteration. The runtime is evaluated in
Section F

5.4 KL DIVERGENCE

Though AISP maximizes rewards, the reward model is not always entirely reliable. In such cases, we
can strengthen the penalty to prevent moving far from the base LLM by adjusting λ and α. Table 3
lists the empirical KL-divergence Ex[DKL(PAISP(y|x)|PLLM(y|x))] on 100 prompts in SHP. The
details of the computation are described in the Appendix C.6. This table shows that AISP with larger
λ and smaller α results smaller KL-divergence. Even when DKL(PAISP(·|x)|PLLM(·|x)) is smaller
than ARGS, AISP achieves higher reward values. Thus, AISP can achieve a good trade-off between
increasing rewards and decreasing distance from the base LLM.

6 CONCLUSION

In this paper, we propose adaptive importance sampling on a pre-logit distribution for alignment of
LLMs. Our method 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. Since our method is simple, future work could include combinations of AISP and fine-
tuning, and different importance sampling techniques.
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Dongyoung Go, Tomasz Korbak, Germàn Kruszewski, Jos Rozen, Nahyeon Ryu, and Marc Dymet-
man. Aligning language models with preferences through f -divergence minimization. In Proc.
ICML, pp. 11546–11583. PMLR, 2023.

Seungwook Han, Idan Shenfeld, Akash Srivastava, Yoon Kim, and Pulkit Agrawal. Value
augmented sampling for language model alignment and personalization. arXiv preprint
arXiv:2405.06639, 2024.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
Weizhu Chen, et al. Lora: Low-rank adaptation of large language models. ICLR, 1(2):3, 2022.

Audrey Huang, Adam Block, Qinghua Liu, Nan Jiang, Dylan J Foster, and Akshay Krishnamurthy.
Is best-of-n the best of them? coverage, scaling, and optimality in inference-time alignment. arXiv
preprint arXiv:2503.21878, 2025.

Yuki Ichihara, Yuu Jinnai, Tetsuro Morimura, Kenshi Abe, Kaito Ariu, Mitsuki Sakamoto, and Eiji
Uchibe. Evaluation of best-of-n sampling strategies for language model alignment. Transactions
on Machine Learning Research.

Yuu Jinnai, Tetsuro Morimura, Kaito Ariu, and Kenshi Abe. Regularized best-of-n sampling to
mitigate reward hacking for language model alignment. In ICML 2024 Workshop on Models of
Human Feedback for AI Alignment, 2024.

Maxim Khanov, Jirayu Burapacheep, and Yixuan Li. ARGS: Alignment as reward-guided search.
In Proc. ICLR, 2024.

Minbeom Kim, Hwanhee Lee, Kang Min Yoo, Joonsuk Park, Hwaran Lee, and Kyomin Jung. Critic-
guided decoding for controlled text generation. In The 61st Annual Meeting Of The Association
For Computational Linguistics, 2023.

Teun Kloek and Herman K Van Dijk. Bayesian estimates of equation system parameters: an ap-
plication of integration by monte carlo. Econometrica: Journal of the Econometric Society, pp.
1–19, 1978.

Lingkai Kong, Haorui Wang, Wenhao Mu, Yuanqi Du, Yuchen Zhuang, Yifei Zhou, Yue Song,
Rongzhi Zhang, Kai Wang, and Chao Zhang. Aligning large language models with representation
editing: A control perspective. Proc. NeurIPS, 37:37356–37384, 2024.

Tomasz Korbak, Ethan Perez, and Christopher Buckley. Rl with kl penalties is better viewed as
bayesian inference. In Findings of the Association for Computational Linguistics: EMNLP 2022,
pp. 1083–1091, 2022.

Kimin Lee, Kibok Lee, Honglak Lee, and Jinwoo Shin. A simple unified framework for detecting
out-of-distribution samples and adversarial attacks. Advances in neural information processing
systems, 31, 2018.

Bolian Li, Yifan Wang, Anamika Lochab, Ananth Grama, and Ruqi Zhang. Cascade reward sam-
pling for efficient decoding-time alignment. arXiv preprint arXiv:2406.16306, 2024a.

Xuechen Li, Tianyi Zhang, Yann Dubois, Rohan Taori, Ishaan Gulrajani, Carlos Guestrin, Percy
Liang, and Tatsunori B. Hashimoto. AlpacaEval: An Automatic Evaluator of Instruction-
following Models, May 2023.

11

https://zenodo.org/records/12608602


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Yuhui Li, Fangyun Wei, Jinjing Zhao, Chao Zhang, and Hongyang Zhang. RAIN: Your language
models can align themselves without finetuning. In Proc. ICLR, 2024b.

Hunter Lightman, Vineet Kosaraju, Yuri Burda, Harrison Edwards, Bowen Baker, Teddy Lee, Jan
Leike, John Schulman, Ilya Sutskever, and Karl Cobbe. Let’s verify step by step. In The Twelfth
International Conference on Learning Representations, 2023.

Stephanie Lin, Jacob Hilton, and Owain Evans. Truthfulqa: Measuring how models mimic human
falsehoods. In Proceedings of the 60th annual meeting of the association for computational
linguistics (volume 1: long papers), pp. 3214–3252, 2022.

João Loula, Benjamin LeBrun, Li Du, Ben Lipkin, Clemente Pasti, Gabriel Grand, Tianyu Liu,
Yahya Emara, Marjorie Freedman, Jason Eisner, Ryan Cotterell, Vikash Mansinghka, Alexan-
der K. Lew, Tim Vieira, and Timothy J. O’Donnell. Syntactic and semantic control of large
language models via sequential monte carlo. In Proc. ICLR, 2025.

Sidharth Mudgal, Jong Lee, Harish Ganapathy, Yaguang Li, Tao Wang, Yanping Huang, Zhifeng
Chen, Heng-Tze Cheng, Michael Collins, Trevor Strohman, et al. Controlled decoding from
language models. In Proc. ICML, pp. 36486–36503. PMLR, 2024.

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Carroll Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training language models to fol-
low instructions with human feedback. Advances in neural information processing systems, 35:
27730–27744, 2022.

Thomas Power and Dmitry Berenson. Variational inference mpc using normalizing flows and out-
of-distribution projection. In Robotics science and systems, 2023.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christopher D Manning, Stefano Ermon, and Chelsea
Finn. Direct preference optimization: Your language model is secretly a reward model. Advances
in Neural Information Processing Systems, 36:53728–53741, 2023.

Christian P Robert, George Casella, and George Casella. Monte Carlo statistical methods, volume 2.
Springer, 1999.

Pier Giuseppe Sessa, Robert Dadashi-Tazehozi, Leonard Hussenot, Johan Ferret, Nino Vieillard,
Alexandre Rame, Bobak Shahriari, Sarah Perrin, Abram L. Friesen, Geoffrey Cideron, Sertan
Girgin, Piotr Stanczyk, Andrea Michi, Danila Sinopalnikov, Sabela Ramos Garea, Amélie Héliou,
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A PROOFS

A.1 PROOF OF THEOREM 3.1

Theorem. Free energy Eq. (9) satisfies −λF (r, p,x, λ) ≤ J(x, U) and the equality holds if

q∗(V ) =
1

η
exp

(
1

λ
r(x,y(V ))

)
p(V ) (20)

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

(
1
λr(x,y(V ))

)
p(V )dV .

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

)
(21)

= log

(∫
exp

(
1

λ
r(x,y(V ))

)
p(V )

q(V )
q(V )dV

)
(22)

= log

(
EV∼Q

[
exp

(
1

λ
r(x,y(V ))

)
p(V )

q(V )

])
(23)

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 )

])
(24)

≥ EV∼Q

[
log

(
exp

(
1

λ
r(x,y(V ))

)
p(V )

q(V )

)]
(25)

= EV∼Q

[
1

λ
r(x,y(V ))− log

(
q(V )

p(V )

)]
(26)

= EV∼Q

[
1

λ
r(x,y(V ))

]
−DKL(Q|P) (27)

(28)

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). (29)
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Next, we substituting Eq. (10) into KL divergence as:

DKL(Q|P) =
∫

log

(
q(V )

p(V )

)
q∗(V )dV (30)

=

∫
log

(
1
η exp

(
1
λr(x,y(V ))

)
p(V )

p(V )

)
q∗(V )dV (31)

=

∫
log

1

η
exp

(
1

λ
r(x,y(V ))

)
q∗(V )dV (32)

= − log(η) +

∫
1

λ
r(x,y(V ))q∗(V )dV (33)

= − log(η) +
1

λ
EV∼Q∗ [r(x,y(V ))] . (34)

− log(η) becomes −F (r, p,x, λ) as

− log(η) = − log

(∫
Rd×τ

exp

(
1

λ
r(x,y(V ))

)
p(V )dV

)
(35)

= −F (r, p,x, λ) (36)

Therefore, Eq. (34) becomes

DKL(Q|P) = −F +
1

λ
EV∼Q∗ [r(x,y(V ))] . (37)

and thus, we have

−λF = −EV∼Q∗ [r(x,y(V ))] + λDKL(Q|P). (38)

which completes the proof.

A.2 PROOF OF THEOREM 3.2

The results in Theorem 3.2 has been already shown by Williams et al. (2018). Even so, we provide
the proof to clarify the derivation of AISP.
Theorem. (Williams et al., 2018) The KL divergence DKL(Q∗|QU,σ2) is minimized by U∗ =
[u∗

1, . . . ,u
∗
τ ] where

u∗
t = EV∼Q∗ [vt]. (39)

Let q(V |Û , σ2) and QÛ,σ2 be a proposal density function for importance sampling and
the corresponding distribution, respectively. Equation (11) is re-written as EV∼Q∗ [vt] =
EV∼QÛ,σ2 [w(V )vt], where w(V ) is the weight function given by

w(V ) =
1

η
exp

(
1

λ
r(x,y(V ))− 1

σ2

τ∑
t=1

û⊤
t vt −

1

2
û⊤
t ût

)
. (40)

Proof. The optimal U∗ for minU DKL(Q∗|QU,σ2) is given by

U∗ = argmin
U

DKL(Q∗|QU,σ2) (41)

= argmin
U

∫
q∗(V ) log

q∗(V )

q(V |U, σ2)
dV (42)

= argmin
U

∫
−q∗(V ) log q(V |U, σ2)dV (43)

= argmin
U

1

2σ2

∫
q∗(V )

(
τ∑

t=1

(vt − ut)
⊤(vt − ut)

)
dV (44)

= argmin
U

∫
q∗(V )

(
τ∑

t=1

v⊤
t (vt − ut)

)
dV + u⊤

t ut. (45)

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Differentiating the left-hand side with respect to U, we have

1

∂ut

(∫
q∗(V )

(
τ∑

t=1

v⊤
t (vt − ut)

)
dV + u⊤

t ut

)
=

∫
q∗(V )vtdV − u⊤, (46)

and thus, the optimal mean U∗=[u∗
1, . . . ,u

∗
τ ] is obtained by

u∗
t = Ezt∼Q∗ [vt]. (47)

To approximate this equation, we introduce a proposal density function q(V |Û , σ2) and apply im-
portance 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], (48)

where QÛ,σ2 is the distribution corresponding to q(V |Û , σ2). The weight w(V ) =

q∗(V )/q(V |Û , σ2) is computed by

w(V ) =
1

η
exp

(
1

λ
r(x,y(V ))

) 1

(2πσ2)
dτ
2
exp

(
− 1

2σ2

∑τ
t=1 v

⊤
t vt

)
1

(2πσ2)
dτ
2
exp

(
− 1

2σ2

∑τ
t=1(vt − ût)⊤(vt − ût)

) (49)

=
1

η
exp

(
1

λ
r(x,y(V ))− 1

σ2

τ∑
t=1

û⊤
t vt −

1

2
û⊤
t ût

)
, (50)

which completes the proof

A.3 PROOF OF THEOREM 3.3

Theorem. When λ→0+ and κ=1, AISP becomes BoN with the candidate set Yn as

Yn = {y(V i)|V i ∼ q(V |Û , σ2), i = 1, . . . , n}. (51)

Proof. Weight w̄i can be written by using softmax, and then ut is written by

ut =
∑
i

w̄ivi
t (52)

=
∑
i

exp
(
1
λr(x,y(V

i))− 1−α
σ2

∑τ
t=1 û

⊤
t v

i
t

)∑
j exp

(
1
λr(x,y(V

j))− 1−α
σ2

∑τ
t=1 û

⊤
t v

j
t

)vi
t (53)

=
∑
i

softmax

([
1

λ
r(x,y(V i))− 1− α

σ2

τ∑
t=1

û⊤
t v

i
t

]n
i=1

)
vi
t (54)

where [xi]ni=1 is the vector of which i-th element is xi. In this equation, 1−α
σ2

∑τ
t=1 û

⊤
t v

i
t is inde-

pendent of λ, and we write c for simplicity. Then, Eq. (54) can be written as

ut =
∑
i

softmax

([
r(x,y(V i))− λci

λ

]n
i=1

)
vi
t (55)

When λ → 0+, λci becomes zero, and softmax becomes winner-take-all function. Thus,
limλ→0+ softmax

([
r(x,y(V i))−λci

λ

]n
i=1

)
≈ [δ(i = argmaxj∈[n] r(x,y(V

j)))]ni=1. Therefore,

when λ → 0+, we have

U = argmax
V i

r(x,y(V i)) (56)

and thus,

y(U) = argmax
y∈Yn

r(x,y) (57)

where

Yn = {y(V 1), . . . ,y(V n)} (58)

which completes the proof.
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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: Û1 = O, rbest = −∞
2: for k = 1, . . . , κ do
3: for i = 1, . . . , n do
4: V i,k ∼ q(V |Ûk, σ2)
5: yi

<1 = x for i = 1, . . . , n
6: for t = 1, . . . T do
7: We get zi

t = ϕLLM(yi
<t) by adding yi

<t to LLM
8: if t ≤ τ then
9: zi

t = zi
t + vi

t

10: yit = argmaxj [softmax(WLLMzi
t + bLLM)]j

11: yi
<t+1 = yi

<t ∥ yit
12: if yit = EOS then
13: y(V i,k) = yi

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

17: Compute weights w̄i by Eq. (19) for i = 1, . . . , n

18: Ûk+1 = [ûk+1
1 , . . . , ûk+1

τ ] by ûk+1
t =

∑
i w̄

ivi,k
t

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

22: Return ybest and rbest

B ALGORITHM

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 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.

C DETAILED EXPERIMENTAL SETUP

C.1 COMPUTE RESOURCES

We utilized both a standalone server and a shared GPU cluster constructed within our organization.
The standalone server has NVIDIA®A100 (VRAM 40 GB) and Intel®Xeon®Gold 5318Y CPU @
2.10GHz with 1 TB memory. Shared GPU cluster assigns two GPUs of NVIDIA®H100 (VRAM
80 GB) and 24 cores of Dual Intel Xeon Platinum 8480+, and 432 GB memory for our each job.
The standalone server was used for the analysis of Convergence, Batched AISP, and KL divergence
in Sections 5.2-4, and the other experiments were executed on a shared cluster.

C.2 HYPER-PARAMETER TUNING

We tune the hyperparameter to optimize reward values for randomly selected 10 training data
prompts for BoN, ARGS, and AISP. The hyperparameter of RE-Control is tuned on states and reward
pairs collected on test dataset following (Kong et al., 2024). When there are multiple hyperparam-
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Table 4: Selected Hyperparameters for AISP Top: SHP and Bottom: HHRLHF.

Llama & UltraRM Llama & Eurus Vicun & UltraRM Vicuna & Eurus Gemma3 & UltraRM Gemma3 & Eurus

σ2 0.5 0.5 0.5 0.7 0.5 0.7
λ 0.3 240 0.3 60 0.5 480
α 0.9999 0.999 0.9999 0.999 0.999 0.999

σ2 0.5 0.7 0.5 0.7 0.7 0.7
λ 0.3 240 0.1 480 0.5 60
α 0.999 0.999 0.9999 0.99 0.999 0.999

eters, we performed grid search. For BoN (top-p), we tune temperature and top-p parameter over
the following ranges: temperature ∈ [0.4, 0.6, 0.8, 1.0] and p ∈ [0.7, 0.8, 0.9, 0.95]. For ARGS,
we tune the weight for the reward value w over the range: [1e-05, 1e-04, . . . , 100, 1000]. Top-k
is set to 32, which corresponds to n of AISP. For RE-Control, we tune learning rate of value func-
tion over the range: [1e-05, 1e-04, . . . , 1.0, 10]. The other hyperparameters follow the settings in
the code of (Kong et al., 2024) and we use three layer MLP. For AISP, we tune σ2, λ, and α over
the following ranges: λ ∈ [0.1, 0.3, 0.5, 0.7] for UltraRM and λ ∈ [60, 120, 240, 480] for Eurus,
σ2 ∈ [0.1, 0.3, 0.5, 0.7], α ∈ [0.99, 0.999, 0.9999, 0.99999]. Note that the ranges for w of ARGS
and λ of AISP is wider than others because the scales of rewards of Eurus-RM-7B and UltraRM are
different. Selected hyper-paramters of AISP is listed in Tab. 4

C.3 HYPER-PARAMETERS FOR GENERATIONS

Unless otherwise specified, we used the default parameters of the auto-regressive language model
available on Hugging Face. We used half-precision (bfloat16).

We set maximum length of a new generated tokens to 128. We observed that out of memory errors
occurred when we did not limit the length of prompt tokens. To avoid this error, we first increased
the length of tokens until the error occurred, and set the maximum length from this result. We limited
the length of prompt tokens to 1900 for vicuna 7B and to 2600 for Llama3 8B due to the limited
computational resources when using H100 80GB during AISP and BoN generations. Additionally,
we limited the length of tokens for reward models to 1100 for UltraRM and to 1900 for Eurus when
using H100 80GB during AISP and BoN generations. When using A100 40GB, i.e., evaluate reward
curves, we limited the length of prompt tokens to 700 for vicuna 7B and to 950 for Llama3 8B due
to the limited computational resources as during AISP and BoN generations. When using A100
40GB, we limited the length of prompt tokens to the length of tokens for reward models to 380 for
UltraRM and to 1100 for Eurus. To compute the last evaluation of average rewards in Table 1, we
did not limit the length of prompt tokens. Though we required to tune the above hyperparameters
due to the limited computation resources, we fairly evaluate AISP and baselines under the same
condition.

As reference, we used the code of BoN in trl4 for the implementation of baseline method. We
referred to the public codes for inference-time alignment to help determine the experimental setup5

especially for evaluations of diversity, coherence, and evaluation by GPT-4.

Following (Kong et al., 2024), a begin word ”User:” is added to prompts for Llama3 8B and ”Hu-
man” is added for Vicuna 7B, and finish words of ”Assistant:” are added as preprocessing. We also
add ”User:” in the prompt for Gemma3 4B.

C.4 EVALUATION METRICS

We used diversity score following (Kong et al., 2024; Khanov et al., 2024). Diversity score for y
is defined as diversity(y) =

∏4
n=2

uniquen−gram(y)
totaln−gram(y) . This score evaluates the amount of repeti-

tions in the generated response. Higher score corresponds to that the response does not have many

4https://github.com/huggingface/trl/blob/main/trl/extras/best_of_n_
sampler.py

5https://github.com/Lingkai-Kong/RE-Control; https://github.com/
deeplearning-wisc/args
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Figure 5: Prompts for GPT-4 evaluation. {question}, {answer1}, and {answer2} are replaced by the
input prompt, the response by AISP, and the response by baselines, respectively.

System Prompt

[System]
You are a helpful, harmless, and precise assistant for checking the quality of the answer. We
would like to request your feedback on the performance of two AI assistants in response
to the user question. Please rate the harmlessness, helpfulness, and level of detail of their
responses. Your evaluation should consider factors such as the helpfulness, harmlessness,
relevance, accuracy, depth, creativity, and level of detail of the response. Note that if a
response appears cut off at the end due to length constraints, it should not negatively impact
the score. Also, base your evaluation solely on the given answer, disregarding any preceding
interactions in the question. Each assistant receives an overall score on a scale of 1 to 10,
where a higher score indicates better overall performance.
Please first output a single line containing only two values indicating the scores for Assistant
1 and 2, respectively. The two scores are separated by a space. In the subsequent line, please
provide a comprehensive explanation of your evaluation, avoiding any potential bias and
ensuring that the order in which the responses were presented does not affect your judgment.

User Prompt

[Question]
{question}
[The Start of Assistant 1’s Answer]
{answer1}
[The End of Assistant 1’s Answer]
[The Start of Assistant 2’s Answer]
{answer2}
[The End of Assistant 2’s Answer]

repetitions. Coherence evaluates the similarity between embeddings of the prompt x and the re-
sponse y. Specifically, it calculates the cosine similarity between the sentence embeddings by using
simCSE (Su et al., 2022).

C.5 INSTRUCTIONS FOR EVALUATION BY GPT-4

Our evaluation followed (Kong et al., 2024; Khanov et al., 2024), but we directly compared AISP
with baselines. Additionally, we set temperature of gpt-4 to 0 to reduce the randomness. Maximum
token size was set to 2048. We used system and user prompts as shown in Fig. 5. GPT-4 scored each
response on a scale of [1, 10] and judges which response was better.

C.6 COMPUTATION OF KL DIVERGENCE

We compute KL divergence DKL(PAISP(y|x)|PLLM(y|x)) as:

DKL(PAISP(y|x)|PLLM(y|x)) = PAISP(y|x) log
PAISP(y|x)
PLLM(y|x) (59)

=
∏
t

PAISP (yt|y<t) log

∏
t PAISP (yt|y<t)∏
t PLLM (yt|y<t)

(60)

where P∗(y|x) is decomposed as

P∗(y|x) =
∏
t

P∗(yt|y<t). (61)
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(c) Tuning α with λ = 0.7 and
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Figure 6: Rewards at the last iterations on SHP with Llama3 8B and UltraRM when tuning each
hyperparameter.
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(a) Tuning λ with σ2 = 0.5 and α = 0.9999.
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(b) Tuning σ2 with λ = 0.7 and α = 0.9999.
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(c) Tuning α with λ = 0.7 and σ2 = 0.5.

Figure 7: Reward curve against iterations on SHP with Llama3 8B and UltraRM when tuning each
hyperparameter.

x is included in the past tokens y<t.
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PLLM(yt|y<t) and PAISP(yt|y<t) are given by

PLLM(yt = yi|y<t) =
exp(w⊤

i zt + bi)∑|V|
j=1 exp(w

⊤
j zt + bj)

, (62)

PAISP(yt|y<t) =
exp(w⊤

i (zt + u∗
t ) + bi)∑|V|

j=1 exp(w
⊤
j (zt + u∗

t ) + bj)
. (63)

Therefore, we have

log

∏
t PAISP (yt|y<t)∏
t PLLM (yt|y<t)

= log(
∏
t

PAISP (yt|y<t))− log
∏
t

PLLM (yt|y<t) (64)

=
∑
t

w⊤
i u

∗
t − log(

|V|∑
j=1

exp(w⊤
j zt + bj)) + log(

|V|∑
j=1

exp(w⊤
j (zt + ut) + bj))

 . (65)

Based on the above computation, we first generate one response y from
∏

t PAISP (yt|y<t) for each
prompt x, and compute Eq. (65). Then, the results are averaged over {x}Di=1. Similar computations
were performed for ARGS and RE-Control. Note that this computation is not applicable for BoN
because it is hard to define the next token distributoin for BoN.

D ADDITIONAL EXPERIMENTAL RESULTS

D.1 DEPENDENCE ON HYPERPARAMETERS

We evaluate the dependence of performance of AISP on hyper-parameters. In this experiment, we
varies hyperparameters with in the following ranges: λ ∈ [0.1, 0.3, 0.5, 0.7], σ ∈ [0.1, 0.3, 0.5, 0.7],
α ∈ [0.5, 0.8, 0.99, 0.999, 0.9999]. When varying one hyperparameter, we fixed the other parame-
ters. The other experimental settings are the same as those in the experiment of reward curves, i.e.,
we randomly selected 100 samples and evaluates the reward in iterations on A100 40GB. We use
SHP as the dataset, UltraRM as the reward model, and Llama3 8B as the base LLM.

Fig. 6 plots the reward at the last iteration against each hyperparameter. AISP achieves higher
rewards than BoN regardless the value of λ. σ has the sweet spot about 0.5. Regarding with α, the
last reward tends to increase against hyper-parameter.

To investigate further, we plotted the reward curve for each hyper-parameter setting (Fig. 7). Fig. 7
shows that when λ is set to small, the mean of AISP (dotted line) does not increased. This implies
that optimization of adaptive importance sampling does not work well. As λ increases, the rate of
increase in the mean of AISP appears to increase. When σ is set to small, rewards of AISP saturates
in the early. This is because small σ makes the exploration space of responses small. On the other
hand, when using large σ, rewards tend to increase while they slightly suffer from instability. This
tendency can also be seen in tuning α. Since small α penalizes moving away from the base LLM
too severely, AISP does not improve the rewards effectively.

The above results follow intuitive behavior of our objective function and do not necessarily make
hyperparameter-tuning difficult.

D.2 ADDITIONAL RESULTS OF CONVERGENCE

Figure 8 plots curves of reward values during iterations on SHP and HHRLHF, which are evaluated
under the same experimental conditions as Fig. 3. These figures show trends similar to those in
Fig. 3.

D.3 AVERAGE REWARDS FOR DIFFERENT SETTINGS OF κ, n AND N

Tab. 5 lists the average rewards when using κ = 16, n = 32, and N = 512. Average rewards of
AISP are higher than those of BoN in this setting.
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Figure 8: 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.

Table 5: Average Rewards when κ = 16, n = 32, and N = 512.

Models Methods SHP HH-RLHF

Llama3 8B BoN (top-p) -3.81 -5.07
& UltraRM AISP -3.46 -5.08

Vicuna 7B BoN (top-p) -2.58 -4.78
& UltraRM AISP -2.55 -4.74

Gemma3 4B BoN (top-p) -4.92 -5.24
& UltraRM AISP -4.41 -5.24

Llama3 8B BoN (top-p) -6.88 -5.42
& Eurus AISP -6.95 -5.13

Vicuna 7B BoN (top-p) -4.25 -4.87
& Eurus AISP -4.16 -4.87

Gemma3 4B BoN (top-p) -7.36 -5.35
& Eurus AISP -7.03 -5.38

E ADDITIONAL RELATED WORK

Chakraborty et al. (2024) have presented transfer-Q∗ that estimates token-level value function
through the trajectory-based reward function. When the base LLM is not aligned with the given
target reward in advance, transfer-Q∗ requires the base reward model, and it is difficult to fairly
compare AISP with it. Xu et al. (2025) have presented an autoregressive reward model GenARM
for the test-alignment of LLMs. Chen et al. (2025) have Personalized Alignment at Decoding-time
(PAD), which is a framework to align LLM outputs with diverse personalized preference. These
method use the decoding method similar to ARGS, and AISP can be used to optimize their reward
functions.

F RUNTIME EVALUATION

To investigate the computation cost of AISP in detailed, we evaluate the runtime of AISP on a
stand-alone server (A100 VRAM 40GB). For fair comparison, we set the generated token length to
fixed 128. First, to confirm that the overhead for weight updating Eq. (14) is trivial as explained
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Table 6: Alpaca-Eval 2.0

Length controlled winrate Win rate Standard error

AISP 5.64 2.86 0.59
BoN 3.95 2.24 0.52

Table 7: GSM8K (8 shot)

Acc

AISP 67.5
BoN 66.0

Table 8: HumanEval

Pass@1

AISP 41.4
BoN 34.1

Table 9: TruthfulQA

BLEU acc ROUGE1 acc

AISP 0.426 0.479
BoN 0.424 0.458

Section 3.6, we evaluate the runtimes for one iteration of AISP (n = 32) and BoN (N = 32) on
10 prompts of SHP with llama3 8B and UltraRM. We observed that AISP and BoN take 7.75 s and
7.68 s for one iteration, respectively. Therefore, the overhead for weight updating at each iteration
is about 1%.

Next, we evalauted the runtime for Batched AISP (b, n) = (4, 8) and BoN (N = 32) on 100 prompts
of SHP with llama3 8B and UltraRM. We observed that Batched AISP takes 935.2 s for while BoN
takes 683.9 s. The overhead reaches 36.8 % because the runtime of Batched AISP for one mini-
batch is determined by the largest prompts in the mini-batch. After sorting the prompts in terms of
the token length, the runtime of Batched AISP becomes 738.4 s, and thus, the overhead is just 8 %.

G ADDITIONAL TASKS

To investigate the effectiveness of AISP in various tasks, we compare AISP with BoN on Alpaca-
Eval (Li et al., 2023), GSM8K (Cobbe et al., 2021), HumanEval (Chen et al., 2021), and Truth-
fulQA (Lin et al., 2022). For the last two tasks, we use the lm-evaluation-harness codes (Gao et al.,
2024). We limit token length of responses to 128. The hyper-parameters are the same with the eval-
uation on SHP with Llama3 8B and UltraRM/Eurus: we set n = 32, κ = 32, and N = 1024, and
the LLM is llama3 8B. We used UltraRM except for GSM8K and used Eurus for GSM8K because
the original paper of Eurus (Yuan et al., 2024) have shown effectiveness on GSM8K. Tables 6-9
show that AISP is effective on these tasks.

H LLM USAGE

In addition to using LLMs for experiments, we utilized LLMs to correct grammatical errors and
to rephrase some sentences to improve the naturalness of English expressions of some parts of this
paper. This procedure was performed by giving the LLMs just partial sentences consisting of few
words. We did not perform text generation for larger texts, such as paragraphs exceeding several
lines.
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