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Abstract

Large Language Models (LLMs) demonstrate impressive ca-
pabilities, yet their outputs often suffer from misalignment
with human preferences due to the inadequacy of weak su-
pervision and a lack of fine-grained control. Training-time
alignment methods like Reinforcement Learning from Hu-
man Feedback (RLHF) face prohibitive costs in expert su-
pervision and inherent scalability limitations, offering lim-
ited dynamic control during inference. Consequently, there
is an urgent need for scalable and adaptable alignment
mechanisms. To address this, we propose W2S-AlignTree,
a pioneering plug-and-play inference-time alignment frame-
work that synergistically combines Monte Carlo Tree Search
(MCTS) with the Weak-to-Strong Generalization paradigm
for the first time. W2S-AlignTree formulates LLM align-
ment as an optimal heuristic search problem within a gen-
erative search tree. By leveraging weak model’s real-time,
step-level signals as alignment proxies and introducing an
Entropy-Aware exploration mechanism, W2S-AlignTree en-
ables fine-grained guidance during strong model’s generation
without modifying its parameters. The approach dynamically
balances exploration and exploitation in high-dimensional
generation search trees. Experiments across controlled sen-
timent generation, summarization, and instruction-following
show that W2S-AlignTree consistently outperforms strong
baselines. Notably, W2S-AlignTree raises the performance of
Llama3-8B from 1.89 to 2.19, a relative improvement of
15.9% on the summarization task.

Code — https://github.com/alexzdy/W2S- AlignTree

Introduction

Large Language Models (LLMs) have demonstrated capa-
bilities in natural language understanding, text generation,
and complex reasoning that approach or even surpass hu-
man performance. However, a crucial issue is the misalign-
ment between their behaviors and human values, frequently
manifesting as biased, harmful, or false content (Weidinger
et al. 2022). Both academia and industry have increas-
ingly focused on developing LLM alignment methods to en-
sure helpful, honest, and harmless responses. The prevailing
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Figure 1: W2S-AlignTree vs. Training-Time Alignment.
Unlike RLHF and DPO, W2S-AlignTree enables fine-
grained inference-time alignment using weak model sig-
nals—without costly reward models or parameter updates.
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alignment paradigm is Reinforcement Learning from Hu-
man Feedback (RLHF), which typically involves supervised
fine-tuning (SFT), reward model training (Christiano et al.
2017) and Proximal Policy Optimization (PPO) (Ouyang
et al. 2022). As shown in Fig. 1, despite its empirical suc-
cesses, RLHF faces several critical challenges. First, RLHF
relies heavily on large-scale, high-quality human-annotated
data to train reward models or reinforcement learning algo-
rithms, which are known to be unstable and computation-
ally expensive. Parameter-efficient fine-tuning methods like
LoRA (Hu et al. 2022) mitigate compute costs by freezing
base model weights, but they consequently constrain genera-
tive flexibility. Additionally, Direct Preference Optimization
(DPO) (Rafailov et al. 2023) and its variants (Zhou et al.
2023; Meng, Xia, and Chen 2024) reframe preference learn-
ing as contrastive loss minimization, eliminating explicit re-
ward modeling and RL sampling to improve training sta-
bility and efficiency. However, DPO and RLHF both face
the same problem: they rely on sequence-level and post-hoc



feedback available only during training, which leaves them
unable to provide immediate, fine-grained control at infer-
ence time. More fundamentally, as LLMs grow in scale,
their behaviors may exceed the capacity of human annota-
tion or other limited supervision, making feedback signals
inadequate for aligning them (Leike, Sutskever, and OpenAl
2023). Early attempts like OpenAl’s Weak-to-Strong Gen-
eralization (W2SG) (Burns et al. 2023) seek to use weaker
supervision to align stronger models, yet remain largely pre-
liminary and offer no real-time control for inference.

With the emergence of frontier LLMs (OpenAl 2024; Guo
et al. 2025), Inference-time Scaling has become a promising
paradigm. It enhances model performance by strategically
allocating additional computing resources during the model
inference phase, offering a new avenue to overcome the op-
timization bottleneck in the training phase. Methods such
as Chain-of-Thought (CoT) (Wei et al. 2022) and Tree-of-
Thought (ToT) (Yao et al. 2023) have significantly enhanced
LLM performance on complex reasoning by guiding multi-
step or parallel thinking. Building on this trend, inference-
time alignment methods, including CBS (Zhou et al. 2024)
and TPO (Li et al. 2025), have also appeared. While these
methods guide model outputs via preference signals without
parameter updates, they often struggle to explore complex
generative spaces or enable fine-grained control.

Monte Carlo Tree Search (MCTS) (Silver et al. 2016,
2017) addresses these limitations by employing the Up-
per Confidence bounds applied to Trees (UCT) (Kocsis and
Szepesvari 2006) to balance node visits and returns in large
search spaces, offering a promising approach to improve
LLM inference. While MCTS has already been successfully
applied to enhance mathematical reasoning (Zhang et al.
2024a; Qi et al. 2024) and task planning (Zhang et al. 2024b;
Zhai et al. 2025), its potential for inference-time alignment
remains largely unexplored. Even in alignment-related work
MCTS-DPO (Xie et al. 2024), MCTS is primarily used for
offline data generation rather than real-time model guidance.
Critically, within the W2SG framework, leveraging MCTS
to dynamically align strong models under weak supervision
represents an underexplored key issue for future research.

To bridge the gap between powerful LLMs and effec-
tive alignment under weak supervision, this paper proposes
W2S-AlignTree, the first framework that integrates MCTS
with the W2SG paradigm. As indeicated in Fig. 1, we for-
mulate preference alignment as a search process over a
generative search tree, where a weak model provides dy-
namic guidance to efficiently and scalably explore the strong
model’s response space.

The main contributions of this paper are as follows:

¢ We introduce W2S-AlignTree, a plug-and-play MCTS-
based alignment framework built on a “weak guidance-
strong exploration” mechanism. By injecting preference
proxy signals from a weak LLM, it enables dynamic and
fine-grained control over strong LLMs with unified step-
level guidance and sequence-level evaluation.

* We design an Entropy-Aware Prioritized UCT (EA-
PUCT) selection rule that integrates policy entropy and
prior probabilities to adaptively capture uncertainty, re-
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ducing premature convergence and improving trajectory
diversity and quality in complex alignment tasks.

* Comprehensive experiments show W2S-AlignTree sig-
nificantly boosts LLM alignment on a broad spectrum of
challenging tasks, including controlled-sentiment gener-
ation, summarization, and instruction-following.

Preliminaries & Problem

Preliminaries

RLHF. Assume the input prompt x from probability dis-
tribution p(x), and a complete model response y. The model
to be aligned is denoted as m(y|x), while the reference
model is denoted as mr(y|x) (e.g., SFT model). A reward
function 7(x, y) measures the quality of the responses. The
objective of RLHF can be written as:

arg max Exnp(x), y~m(y|x) [T(Xa Y)}
ey
st Exopx) [DKL (r(ylx) | 7Tref(3’|x))} <e

where D7, restricts the optimized model 7 from deviating
too much from the reference (unaligned) model 7.

For this constrained optimization, a globally optimal
closed-form solution 7*(y|x) exists, and its relationship
with the reward function can be expressed via the La-
grangian formulation (Ouyang et al. 2022):

r(x,y) = Blogm + Blog Z(x),
Trer(Y]%)
where Z(x) >y Teet (Y[x) exp (%’F(X7 y)) denotes the
partition function. This term acts as a normalization con-
stant, ensuring that 7*(y|x) forms a valid distribution by
summing to 1 over all possible responses y. /3 controls the
KL regularization and implicitly scales the reward.

DPO. DPO (Rafailov et al. 2023) streamlines RLHF by
using its closed-form solution to cast the alignment objective
as a Bradley-Terry contrastive learning problem (Bradley
and Terry 1952), thereby eliminating reward model training
and RL sampling to improve differentiability and stability.
Given a prompt x with corresponding accepted and rejected
responses yy and yj, it optimizes the objective about 7:

2)

Lpro (7T§ 71—ref) = _E(x,yw,YI)ND
3
[1oga (Blog Tywb) TR )] ; ®
7Tref(yw ‘X) T‘—ref(yl |X)
where D represents the preference dataset, and o(-) is the
m(y|x)

sigmoid function. DPO regards 3 log

iy &S an implicit

reward, where Z(x) is naturally canceled in the objective.

Problem Formulation

Despite the theoretical elegance and practical successes
of RLHF and DPO, they both typically rely on sparse,
sequence-level rewards, which are only available after full
responses are generated. This “post-adjustment” paradigm
hinders the provision of real-time feedback and fine-grained
alignment during inference (Rafailov et al. 2024; Shao et al.
2024). We address this by introducing a value function de-
composition method, integrating the structural preference
signals for real-time alignment guidance.



Definition 1 (Token-level Reward Decomposition).
Consider LLM generation as a token-level Markov Decision
Process (MDP): the state at ¢ is s; = (X,¥<¢), and the ac-
tion is the next token a; = y; sampled from the vocabulary.
To obtain a dense reward, we decompose the sequence-level
alignment reward r(x,y). Using the closed-form solution
of 7*(y|x) and the chain rule, it can be expressed as:

“(yx)

™ I Yt Xay/
T(Xay) = Blog p f(ylx) Y M
Ie

, 4
7Tref(yt |X, y/)

t=1

where y' = y., represents the prefix up to token ¢ — 1,
Yy is the EOS token, and Z(x) is omitted as it does not
influence the objective. This converts sparse sequence-level
rewards into a continuous stream of token-level evaluations.

Definition 2 (Intermediate Value Function). We define
an intermediate value function V*(x,y’) that represents the
optimal expected future return for a partial sequence y’ (see
Appendix A.3 for details). By the Bellman optimality equa-
tions (Puterman 2014), the cumulative log-likelihood ratio
in Eq. 4 for y’ relates to V*(x,y’):

|

where V*(x,y’) indicates the promise of a prefix for fully
aligned responses, and the absence of rewards at intermedi-
ate steps matches sequence-level alignment’s sparse-reward
settings. In other words, generating from (x,y’) with high

T (y']x)
ﬁ IOg 7T|'cf(y/|x)

overall return (3 log

V*(x,y'),
r(X,y),

ify #y
ify’ =y,

™ (y'[x)

lo
Plog V)

(&)

has potential to yield a response y with high

T b9 (Zhou et al. 2024).

Definition 3 (Weak-to-Strong Proxy Mapping). Consid-
ering the prohibitive cost of repeated training, we adopt the
W2SG paradigm to achieve scalable alignment at inference
time. Our core idea is a proxy mapping that enables an un-
aligned strong model 7yyong to “steal” preferences from a
pre-aligned weak model 7}, . During the strong model’s
inference process, we utilize a prefix-dependent proxy value

function Vproxy (x,y’) based on Definition 2:

7.rre’r (y/‘x) ’

weak

where (3 is also ignored since it scales all paths equally. This
Voroxy provides dense, dynamic and step-by-step feedback
rather than a static reward. This granular signal can deeply
couple with search-based decoding process. At each gener-
ation step, Vproxy directly modifies the strong model’s sam-
pling probabilities, steering its decoding to the weak model’s
preference. The precise integration of V. with search-
based alignment will be detailed in the next section.

‘/proxy(xv y/) = log (6)

Methodology

This section introduces the proposed W2S-AlignTree, which
formalizes LLM alignment as an optimal heuristic search
problem during the inference phase. W2S-AlignTree uses
a dual-stage strategy: first, MCTS expands solution space

30523

steered by Viroxys then, the globally optimal leaf node is se-
lected as the final output. To adapt exploration to model un-
certainty, we enhance UCT with an Entropy-Aware bonus,
allowing dynamic adjustment of exploration—exploitation
based on the strong network’s local entropy. Please refer to
Appendix A.5 for more details.

Overview of W2S-AlignTree

LLM generation requires strict adherence to specific align-
ment preferences, which can be precisely modeled as an op-
timal search problem over a generative search tree. In this
tree, each node s; = (x,y’) represents the MDP state with
prompt x and current prefix y’, and each edge corresponds
to the action a; = y;. A full root-to-leaf path forms a com-
plete candidate response y. Given the exponential growth of
the generation space, traditional greedy decoding often fails
to find best solutions. To address this, W2S-AlignTree aims
to steer the generation of the strong model 7gyong (¥¢|X,y")
at each step. This guidance signal originate not from a costly
external reward model but from a proxy value V,oyy derived
from the weaker model as per Definition 3. Our goal is to
select the next token y; to maximize the following function:

arg H}Jaxg (%, ¥, t)
Yt

(7N
= arg H?‘X [log 7Tstrong(yt |X> y/) + Vi)roxy (X7 y/ © yt)}v
t

where s’ = y’ o 1, denotes the newly reached state. The
objective offers a principled unification of strong model’s
inherent generative capabilities with the alignment prefer-
ences of the weak model, making it naturally well-suited for
the MCTS framework. During the MCTS process, Vioxy can
be directly considered as the immediate reward R(s") upon
reaching the new state. To address the semantic discrepancy
of Viroxy When evaluating complete versus partial sequences
due to Definition 2, W2S-AlignTree employs a dual-stage
tree search to achieve inference-time alignment.

Stage 1: Generative Search Tree Construction

The first stage of W2S-AlignTree constructs a generative
search tree. As demonstrated in Fig. 2 (a), we incrementally
approximate optimal solutions by four iterative phases:

Selection. The phase traverses the existing tree from the
root node, repeatedly selecting the child node with the high-
est potential until an unvisited leaf node is reached for ex-
pansion. We employ an EA-PUCT selection rule instead of
classic UCT (detailed in the last section), which dynamically
adjusts exploration—exploitation to suit the specific charac-
teristics of LLM output distributions.

Expansion. This phase directly utilizes the strong model’s
pre-trained parameters to generate new child nodes of the se-
lected leaf node. To reflect the strong model’s inherent ten-
dencies (corresponding to the first term in G), we first iden-
tify the Top-/N most probable tokens based on its 7gong pre-
dicted distribution at the current state s. We then generalize
the token-level generation to a more flexible step-level gen-
eration, enhancing search efficiency. For diverse exploration,
K distinct tokens are randomly selected from these Top-N
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Figure 2: Dual-stage alignment process of W2S-AlignTree. (a) MCTS constructs a generative search tree where candidate
chunks are proposed by the strong model and evaluated with step-level proxy values from a weak model. (b) Among all explored
paths, W2S-AlignTree decides the response by globally re-ranking based on complete sequence-level alignment scores.

candidates to initiate the formation of new chunks. Each se-
lected token then forms a new chunk y;.7, of length L, which
is subsequently concatenated to the current sequence y’ to
yield the new state s’. This design allows for flexible setting
of the step size L to adapt different tasks:

* Fine-grained decision-making: When L = 1, MCTS per-
forms precise token-by-token decisions, achieving high-
accuracy control over alignment at each step.

* High-level branching: When L > 1, MCTS expands a
short sequence at a time, effectively reducing the tree
depth, thereby enabling more efficient and higher-level
exploration in high-dimensional spaces.

Evaluation. Each newly generated node s’ (representing
the partial sequence y’ o y1.1,) undergoes a crucial evalua-
tion by computing the proxy value, serving as its immediate
feedback. We promote the proxy value function of Eq. 6:
7T:::/eak(y/ ° y11L|X) )
veak (Y © Y11 [%)

The effective value of the node is initialized with this Vjyoxy,
serving as the immediate reward R(s’) for that node in
the tree. If a child node meets the stopping condition (e.g.,
reaching maximum length or generating EOS token), its re-
turn R(s’) is explicitly set to —oo to prevent its re-selection
in subsequent MCTS iterations. These termination nodes
will remain candidates for evaluation in Stage 2.

‘/prnxy(xa y/ © yl:L) = 10g T

Backpropagation. The R(s’) value obtained from the
newly simulated node is precisely back-propagated along
its path to the root node, with the each ancestor state’s
visit count incrementally increasing. Crucially, the the par-
ent state’s return R(sp) updates to the maximum of all ob-
served child node returns, following the formula:

R(sp) = max(R(sc)). )
This fundamental design makes MCTS propagate maximum
rather than typical average returns, treating LLM align-
ment as an optimal search for the single highest-reward
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sequence rather than a long-term average returns like in
an adversarial game (Silver et al. 2016). It ensures that
MCTS preserves high-value trajectories, effectively prunes
sub-optimal branches, and concentrates computational re-
sources on the most promising paths.

Stage 2: Best Candidate Decision

After MCTS iterations, we obtain a generative search tree
built with intermediate step-level V},oxy, but a final decision
still requires global evaluation. Stage 2 aims to identify the
best-aligned complete response among all explored nodes by
a robust strategy. As shown in Fig. 2 (b), a recursive Depth-
First Search (DFY) first collects all complete sequences from
root to terminal nodes. Among them, we identify candidates
whose penultimate nodes have the highest MCTS-evaluated
returns, reflecting paths most promising for alignment. For
every candidate, its final global alignment We compute the
final global alignment score for each candidate according to:

— log Tr\t/eak(y|x)
log mie (y1x)

weak

r(x,y) (10)
This score, which matches the full sentence-level alignment
objective in Eq. 5, is then used to re-rank the candidates.
The candidate with the highest global alignment score will
be ultimately decided as the final aligned output. If no ter-
minal node is found during MCTS iterations (e.g., due to in-
sufficient search budget or an extremely difficult problem),
we design a fallback mechanism that selects the node with
the highest MCTS return, guaranteeing stability and consis-
tent output. Stage 2 integrates both step-level guidance and
sequence-level evaluation, leading to a substantial improve-
ment in the reliability, fidelity and quality of the results.

Entropy-Aware PUCT Selection Rule

During the MCTS selection phase, we design an EA-PUCT
rule to adaptively balance exploration and exploitation. The
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Figure 3: Alignment performance across sentiment generation and summarization. W2S-AlignTree consistently outperforms
strong baselines by enabling inference-time alignment with weak model guidance, achieving higher 719 across diverse LLMs.
We report mean rewards (£ standard deviations) across three random seeds. Appendix C.1 provides detailed numerical results.

standard UCT guides exploration by balancing node visit
counts and the average value of all historical returns, and
PUCT combines prior probabilities from a policy network
into UCT. However, the output distribution of gyong Often
exhibits “peak” effects, causing MCTS to converge prema-
turely to locally optimal solutions at the expense of diversity
and the discovery of better alternatives. To overcome this,
we draw on the concept of information entropy into the ex-
ploration bonus and propose EA-PUCT, which is defined as:

VN (sp)

14+ N(s)

where P(s) is the prior probability of the strong model’s
action leading to state s from the parent s,, H(s) denotes
the information entropy, ¢ and w are coefficients. Note that
R(s) here denotes the immediate return but not an average,
since our task is framed as an optimal search. For a gen-
erated chunk of length L, P(s) is precisely defined as the
geometric mean of the token-level probabilities: P(s) =

E-PU(s) = R(s)+c-P(s)- {(I4w-H(s)), (11)

exp (% 25:1 log p(y¢|sp, y<t)>. This better penalizes low-

probability tokens, boosting robust path exploration.
The information entropy H (s) measures the uncertainty
of the strong model’s output distribution and is defined as:

H(s) = _ZQP(S’ a) -log P(s,a). (12)

By incorporating (1 + w - H(s)) as an uncertainty-aware
guide for the exploration bonus, EA-PUCT endows the
search with information-gain consciousness:

* When the entropy is large, it signals that the model’s
next-token distribution is highly uncertain; the term (1 +
w - H(s)) then inflates the exploration bonus, urging
MCTS to delve more deeply into diverse trajectories.

* Conversely, a low entropy indicates that the model is
confident about the best action; the exploration bonus is
suppressed, and the search shifts its emphasis toward ex-
ploiting the already-identified high-reward paths.
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This mechanism effectively mitigates the premature con-
vergence in MCTS for LLM alignment, markedly enhancing
the ability to explore diverse candidate answers in a complex
generation space while preventing the excessive randomness
that would arise from naive entropy maximization.

Experiments
Experimental Setup

We evaluate W2S-AlignTree’s ability to use a weak LLM to
guide larger models across diverse tasks, model families and
scales. More details are provided in Appendix B.

Task Designs. We evaluate three progressively challeng-
ing language tasks using standard datasets: controlled-
sentiment generation on IMDB (Maas et al. 2011), summa-
rization on TL; DR (Stiennon et al. 2020), and instruction-
following on OASST1 (Kopf et al. 2023). For senti-
ment generation and summarization, we use a supervised
fine-tuned GPT2 model 7., (124M parameters) and its
DPO-tuned variant 7', to emulate the target behaviors, and
jointly use these models to guide a series of larger LLMs.
For the more demanding instruction-following, we employ
off-the-shelf models and their untuned counterparts (e.g.,
Llama-3.2-1B-Instruct and Llama—-3.2-1B) as
weak guidance signals to steer several powerful LLMs,
thereby illustrating that weak models remain universally ap-
plicable without any task-specific tuning.

Baselines and Evaluation. We evaluate W2S-AlignTree
against several baselines with the same score of Eq. 10 for
fair comparison: (1) Base model (7gyong): Wwe employ regular
generation of the frozen LLMs. (2) Best-of-N (BoN) (Tou-
vron et al. 2023): a post-hoc selection method that chooses
the candidate with the highest score from N generated
outputs. (3) Chunk-level Beam Search (CBS) (Zhou et al.
2024): an inference-time alignment technique that dynami-
cally integrates reward signals into the beam search process.



Qwen2.5- Qwen2.5- Llama3-8B Llama3-8B- Llama2-7b- Llama2-7b- tulu2-7b tulu2-7b-
7B 7B-Instruct Instruct hf chat-hf dpo
Gold Reward Model: oasst-rm-2-pythia-6.9b

Llama3.2-1B-Instruct / Llama3.2-1B: 0.64 / -0.82
Base 0.90 1.45 -0.68 0.81 -0.75 0.79 -0.13 0.52
BoN 0.91 1.49 -1.28 0.90 -1.22 0.95 0.46 0.57
CBS 0.75 1.67 -0.56 1.13 -0.52 0.44 -0.73 0.64
W2S-AT (Ours) 1.33 1.51 -0.10 0.97 -0.50 1.01 0.72 0.75

Gold Reward Model: UltraRM-13b

Llama3.2-1B-Instruct / Llama3.2-1B: -6.13 / -10.01
Base -3.05 0.62 -9.15 -3.45 -9.56 -3.89 -6.48 -4.80
BoN -1.13 0.57 -10.40 -2.19 -10.52 -3.52 -5.59 -4.24
CBS -2.21 1.43 -9.53 -1.44 -8.72 -3.44 -8.04 -4.12
W2S-AT (Ours) -1.02 1.01 -7.56 -1.96 -8.49 -3.29 -4.37 -3.39

Table 1: Evaluating instruction-following on OASST1 using W2S-AlignTree (W2S-AT) and representative baselines. We use
Llama3.2-1B-Instruct and Llama3.2-1B as weak guidance models, and both casst-rm-2-pythia-6.9b and
UltraRM-13b as gold reward models. Bold indicates the best 14014 score in each column.

Whenever applicable, we contrast inference-time methods
with DPO-tuning of the large LLMs, detailed in Appendix
C.1. Following common practices (Rafailov et al. 2023; Zhu
et al. 2024), we adopt the gold reward-model score 74014,
computed by a high-fidelity pre-trained reward model, to as-
sess alignment quality (higher indicates better).

Experimental Results

Experimental results show that W2S-AlignTree consistently
and significantly surpasses strong baselines, achieving supe-
rior fine-grained alignment across tasks.

Sentiment Generation & Summarization. Results un-
der W2S-AlignTree consistently outperforms strong base-
lines in both controlled-sentiment generation and summa-
rization, guided by paired GPT2 models. We mainly eval-
uate across eight models: in-family GPT2-Large (774M)
and GPT2-XL (1.5B), as well as cross-family mainstream
base models such as Llama2-7b-hf, L1ama3-8B and
Qwen?2 .5-7B, alongside their aligned versions.

For the controlled-sentiment generation (Fig. 3, Left),
W2S-AlignTree consistently elevates the 7g,q across
all models. In particular, it achieves 740q of 4.79 on
Qwen2 .5-7B, representing a significant 10.04% improve-
ment over the second-best CBS with 4.36. It also yields
over 5% gains on models such as Llama3-8B and
Llama3-8B-Instruct, highlighting its effectiveness in
aligning generated content with target sentiment. In sum-
marization (Fig. 3, Right), all models employing W2S-
AlignTree again show robust and stable performance gains
except Qwen2.5-7B-Instruct, which is also com-
parable to baselines. For instance, GPT2-Large and
GPT2-XL initially exhibit negative rgo1q scores of —0.60
and —0.08 due to their weaker inherent capabilities. Un-
der W2S-AlignTree, these scores rise to 0.41 and 0.84, with
GPT2-XL’s improvement clearly outperforming the base-
lines and demonstrating enhanced factual and semantic con-
sistency. Moreover, W2S-AlignTree achieved a high 74,1q
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of 2.78 on the Llama-2-7b-chat-hf, marking a sub-
stantial 29.84% improvement compared to the second best
direct inference model of 2.14. Generally, CBS greedily ag-
gregates alignment signals at fixed beam width per chunk;
while W2S-AlignTree treats signals as explicitly backed-
up global values and adaptively explores high-reward long-
sequence branches via EA-PUCT, mitigating local-optimum
and credit-assignment issues. So W2S-AlignTree enhances
alignment across both aligned and unaligned models by
leveraging weak model’s guidance, ultimately yielding se-
mantically accurate and user-intended outputs.

Instruction-Following. W2S-AlignTree also shows clear
advantages in instruction-following across diverse models
without task-specific training, highlighting its generality and
practical utility. As shown in Tab. 1, we evaluate W2S-
AlignTree using Llama3.2-1B-Instruct and its un-
tuned Llama3.2-1B as weak guidance. To assess more
comprehensively, we employ two distinct reward models
as gold evaluators: casst-rm-2-pythia-6.9b (Kopf
et al. 2023), specifically fine-tuned on OASST1 to reflect
task-specific alignment, and UltraRM-13b (Cui et al.
2023), a general-purpose reward model for instruction eval-
uation across domains. Results indicate that W2S-AlignTree
consistently achieves the highest, or occasionally second-
highest 75,19 across most model configurations, demonstrat-
ing its stability and strong cross-model generalizability. For
instance, when applied to Qwen?2 . 5—7B, it raises the score
to 1.33, significantly outperforming the next-best method
(BoN, 0.91). Under the more stringent UltraRM evalua-
tion, it improves L1 ama3—-8B’s score from —9.53 to —7.56.
Additional results in Appendix C.2 confirm that W2S-
AlignTree remains effective when guided by other smaller
models, including but not limited to Qwen2.5-0.5B,
demonstrating broad adaptability. Overall, W2S-AlignTree
provides a robust and scalable approach for inference-time
alignment, enabling strong LLMs to generate high-quality,
instruction-aligned outputs at low cost.



Sentiment Gen. Summarization
GPT-XL Llama3-8B GPT-XLL Llama3-8B

N-UCT 3.67 3.30 0.67 1.40
RT-UCT 4.09 3.89 0.67 1.63
RT-PUCT 4.39 4.57 0.64 2.12
CMB 3.47 3.29 0.52 1.46
MMB 4.16 4.66 0.61 1.85
W2S-AT 4.51 4.80 0.84 2.18

Table 2: Ablation of key components in W2S-AlignTree
cross tasks with L1ama3-8B and GPT-XL.

Ablation Studies

We conduct a series of ablation studies to assess the contri-
butions of W2S-AlignTree’s key components and hyperpa-
rameter settings to alignment performance and robustness.

Key Technical Components. To clarify the impact of
each main component of W2S-AlignTree on its alignment,
we design five variants for ablation experiments: (1) Naive
UCT (N-UCT): basic UCT with average historical return
backpropagation. (2) Real-Time UCT (RT-UCT): backprop-
agating the current return to avoid averaging latency. (3)
Real-Time PUCT (RT-PUCT): incorporating strong model
priors in selection and real-time return in backpropagation.
(4) Child Mean Backpropagation (CMB): backpropagating
the mean of all child node returns. (5) Mixed Mean Back-
propagation (MMB): backpropagating the average mix of
maximum and mean child returns. The comparative exper-
imental results on in-family GPT2-XL and cross-family
Llama3-8B are presented in Tab. 2. The complete W2S-
AlignTree, with maximum immediate return backpropaga-
tion and EA-PUCT strategy, consistently performs best. Ab-
lation studies reveal that removing key components signifi-
cantly degrades performance: specifically, the maximum re-
turn backpropagation (CMB and MMB) is crucial for pre-
serving optimal paths, while the absence of prior or informa-
tion entropy (N-UCT, RT-UCT) hinders strategic guidance
and adaptive adjustment. RT-PUCT further demonstrates the
importance of entropy intervention in preserving the model’s
exploration capability. These findings validate the effective-
ness of W2S-AlignTree’s core designs, particularly the key
role of maximum return propagation and entropy-enhanced
prior guidance in achieving fine-grained alignment.

Hyperparameter Sensitivity. We further analyze the sen-
sitivity of W2S-AlignTree’s hyperparameters, mainly fo-
cusing on step-level chunk length L and the EA-PUCT
exploration constant ¢ here, as visualized in Fig. 4. For
L, we observe task-specific preferences. For controlled-
sentiment generation, which demands fine-grained control-
lability, smaller L (e.g., L = 1 as token-level decisions)
generally yields optimal performance. While for summa-
rization, slightly longer L prove more suitable, emphasizing
semantic coherence through wider context capture. Regard-
ing ¢, we find that model performance is most stable and op-
timal when ¢ € [1.0,2.0], balancing the trade-off between
exploration of uncertain paths and exploitation of known
high-return branches. Extremely small values of c lead to
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Figure 4: Hyperparameter analysis of W2S-AlignTree to
chunk length L and exploration coefficient ¢ across tasks.
The areas with better performance are boxed.

myopic behavior and early convergence, while larger val-
ues introduce unnecessary variance and degrade reliability.
And quantitative results in Fig. 4 collectively indicate that
W2S-AlignTree consistently achieves high performance un-
der more than one configuration, highlighting its strong sta-
bility and robustness. Additional analyses for other parame-
ters are detailed in Appendix C.3.

Conclusion

We propose W2S-AlignTree, a pioneering plug-and-play
inference-time alignment framework that overcomes the
high costs and limited controllability of training-time align-
ment. W2S-AlignTree is the first to systematically inte-
grate MCTS with W2S paradigm, recasting LLM align-
ment as an optimal search problem balancing exploration
and exploitation in a generative tree. By leveraging dy-
namic, step-level signals from a weak model as alignment
proxies and introducing the Entropy-Aware PUCT selec-
tion rule, W2S-AlignTree achieves fine-grained guidance
over the strong model’s generation without modifying its
parameters. Comprehensive experiments show that W2S-
AlignTree consistently enhances alignment quality on tasks
such as controlled-sentiment generation, summarization and
instruction-following. Superior results across diverse model
families, scales, and hyperparameters further highlight the
universality and robustness. In conclusion, W2S-AlignTree
reveals the effectiveness of integrating MCTS with the W2S
paradigm. By enabling more fine-grained and dynamic con-
trol over LLM behavior, it offers a scalable alignment solu-
tion, opening up a new perspective for practically balancing
the safety, controllability and utility of LLMs.
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