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Abstract

Adapting a pretrained diffusion model to new objectives at inference time remains
an open problem in generative modeling. Existing steering methods suffer from
inaccurate value estimation, especially at high noise levels, which biases guidance.
Moreover, information from past runs is not reused to improve sample quality,
resulting in inefficient use of compute. Inspired by the success of Monte Carlo Tree
Search, we address these limitations by casting inference-time alignment as a search
problem that reuses past computations. We introduce a tree-based approach that
samples from the reward-aligned target density by propagating terminal rewards
back through the diffusion chain and iteratively refining value estimates with each
additional generation. Our proposed method, Diffusion Tree Sampling (DTS),
produces asymptotically exact samples from the target distribution in the limit of
infinite rollouts, and its greedy variant, Diffusion Tree Search (DTS⋆), performs a
global search for high reward samples. On MNIST and CIFAR-10 class-conditional
generation, DTS matches the FID of the best-performing baseline with up to 10×
less compute. In text-to-image generation and language completion tasks, DTS⋆

effectively searches for high reward samples that match best-of-N with up to 5×
less compute. By reusing information from previous generations, we get an anytime
algorithm that turns additional compute into steadily better samples, providing a
scalable approach for inference-time alignment of diffusion models. Project page:
https://diffusion-tree-sampling.github.io.

1 Introduction

Diffusion models have emerged as one of the most powerful frameworks for generative modeling,
achieving state-of-the-art results across a wide range of modalities, including image synthesis
[30; 75; 64], molecule conformer generation [32; 89], and text generation [68; 48]. Despite their
success, adapting a pretrained diffusion model to satisfy new, user-defined objectives at inference
time without expensive retraining or fine-tuning remains a major challenge [79].

Most objectives can be cast as a reward function, turning alignment into a posterior sampling problem
where the target is to sample from the pretrained model density weighted by exponentiated reward.
The key challenge is that rewards are only available at the end of the denoising trajectory. So,
inference-time alignment seeks to guide the denoising process based on unseen terminal rewards.

A range of different methods have been proposed – gradient-based guidance [17; 11; 3], where one
uses reward gradients to bias the denoising process; sequential Monte Carlo (SMC) [84; 77; 7; 19; 39]
which maintains a population of particles and resamples them during denoising based on an estimate
of terminal rewards; or more recently, search-based methods [45; 46; 50] that perform a local greedy
search based on approximate rewards. The common issue undermining all of these methods is that
they rely on certain approximations to estimate the unseen terminal rewards. As we demonstrate in
Section 3, these approximations bias decisions and degrade sample quality.
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Figure 1: Sample text-image pairs using Stable Diffusion v1.5 [64] and ImageReward [88] as the
guiding function, with generated samples picked at random for each method and prompt.

We therefore address the following challenges or questions in this work: (1) how to guide the diffusion
process at inference-time when rewards are available only at the end? This is also known as the
credit assignment problem in reinforcement learning (RL) literature [51]; (2) inference-time samples
can potentially inform and improve future samples – how to systematically use this information in a
sequential yet scalable sampling process?

Fortunately, RL also provides a solution that has been historically quite successful in addressing
both challenges – Monte Carlo Tree Search (MCTS) [6]. We therefore ask: can we leverage MCTS
for steering diffusion models? We observe that during denoising, the pretrained diffusion model
can be viewed as a deterministic policy, while the reverse process Gaussian step can be viewed as a
stochastic environment transition. This is exactly the classical setting for MCTS [41], suggesting we
could use tree search to solve the problem of inference-time alignment.

Our proposed algorithm, Diffusion Tree Sampling (DTS) is a novel inference-time alignment method
that casts the denoising process as a �nite-horizon tree, where similar to MCTS, rollouts are used
to continuously improve value estimates for intermediate noisy states. For applications that require
optimization, rather than sampling from the target density, we propose a search variant – Diffusion
Tree Search (DTS?) – that performs a principled search in the space of denoising trajectories to
identify the modes within high-volume regions of the target density.

Our contributions can be summarized as follows:

• We formulate inference-time alignment of diffusion models as a tree search problem for sampling
from the reward-aligned distribution or optimizing for high reward samples.

• We develop a general tree-based algorithm that yields asymptotically exact samples from the
target distribution in the limit of in�nite rollouts.

• We demonstrate that DTS signi�cantly reduces bias and variance in value estimation compared
to common approximations used by many existing methods.

• We show that both DTS and DTS? scale more favorably compared to leading baselines and
match their performance with up to10� less compute on class-conditional image generation,
and up to 5� less compute on text-to-image alignment and language completion tasks.

2 Preliminaries

Diffusion models. Diffusion models [30; 75] de�ne a generative process via a Markov chain that
progressively adds noise to datax0 � p data(x) , referred to as the forward process,x t =

p
� t x t�1 +p

1 � � t �; � � N (0; I); wheret 2 f1; : : : ; Tg indexes discrete time steps, andf� t gT
t=1 de�nes

a noise schedule. The noise schedule is chosen such that att = T , the marginal distribution of
the samples resembles a simple �xed distribution, such as standard Gaussian,p(xT ) = N (0; I) .
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A learned reverse process iteratively denoises samples:p� (x t�1 j x t ) = N (x t�1 ; � � (x t ; t); � 2
t I);

where� t is the posterior variance calculated from the forward noise schedule and� � is parameterized
typically by neural networks and optimized by minimizing the variational bound on the data likelihood
or via denoising score matching. The generative process induces a distribution:

p� (x 0; : : : ; xT �1 ; xT ) = p(x T )
TY

t=1

p� (x t�1 j x t ); p(x T ) = N (0; I): (1)

Alignment of diffusion models. Consider a pretrained diffusion modelp� and an optimality
variableO 2 f0; 1g which denotes whether a samplex � p � (x) satis�es some desirable property.
This is equivalent to sampling from the posterior distributionp(x j O = 1) / p � (x) p(O = 1 j x):
A typical assumption is thatp(O = 1 j x) / exp(�r(x)) wherer is some reward function and� is
the inverse temperature. For the rest of this paper, we assume that� = 1 unless otherwise stated and
we de�ne the alignment problem as sampling from the target distribution or �nding its mode, where
Z is the normalization constant:

� � (x) =
1
Z

p� (x) exp(�r(x)): (2)

Reinforcement learning approach. Since the generative process in diffusion models de�nes a
Markov chain, we may consider the modelp� as a policy. The target distribution� � can be seen as
the optimal policy for the following objective:

� � (x) := argmax
�

Ex��(�) [r(x)] �
1
�

DKL (� k p � ) : (3)

This is closely related to the maximum entropy RL objective [93; 22], except that the entropy
regularization is replaced by the KL divergence with the pretrained modelp� . We de�ne the soft
value function at timestept as the expected exponentiated reward starting fromx t and followingp� :

Vt (x t ) :=
1
�

log Ep� (x 0:t�1 jx t ) [exp (�r(x 0))] : (4)

This soft value function satis�es the following recursive relation, analogous to the soft Bellman
equation and exactly characterizes the optimal policy �� :

Vt (x t ) =
1
�

log Ep� (x t�1 jx t ) [exp (�V t�1 (x t�1 ))] ; V0(x 0) = r(x 0): (5)

� �
t (x t�1 j x t ) =

p� (x t�1 j x t ) exp (�V t�1 (x t�1 ))R
p� (x t�1 j x t ) exp (�V t�1 (x t�1 )) dx t�1

: (6)

This formulation explicitly connects optimal sampling with soft value estimation, motivating various
practical approximations and sampling methods discussed in subsequent sections. For completeness,
we derive Equations (5) and (6) in Section D.1. In the rest of the paper, we useVt to denote the true
soft value function and v̂t to denote estimates.

3 Inference-time adaptation of diffusion models

One option to obtain the optimal policy in Equation (6) is to �ne-tune the diffusion model using RL
[21; 5; 81; 18]. Sampling from unseen reward functions would require guiding the denoising process
during inference to align with the optimal policy without modifying the prior pretrained model. We
discuss some of the most relevant works below, and works in related areas in Section A.

Gradient-based guidance. One way to sample from the optimal policy� � is to use the �rst-order
Taylor expansion ofVt�1 around the pretrained mean� � (x t ; t) . This yields the gradient-based
denoising step~x t�1 �N

�
� � (x t ; t) + � � 2

t r x t�1 Vt�1 (x t�1 ); � 2
t I

�
. This can be considered a form

of classi�er guidance [17] and is used in many proposed inference-time steering methods [11; 3; 27].
The gradient approximation can be improved by using Monte Carlo samples for estimation [74].

Sequential Monte Carlo. Particle-based methods are another very popular approach, where a
population of samples is maintained to approximately sample from the desired distribution. Sequential
Monte Carlo (SMC) [15] uses potential functions, which usually approximate the soft value function,
to assign weights to particles and resample them at every step. Different variations of SMC have
been proposed for diffusion model alignment [84; 77; 7; 19; 39; 72]. Classical SMC guarantees
exact sampling in the limit of in�nite particles and exact value estimation. In practice, however,
the repeated sampling procedure can reduce diversity due to weight variance and inaccurate value
estimates. We provide detailed background on SMC for diffusion sampling in Section B.
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Figure 2: One-step prediction̂x0(x t ) using Tweedie's formula for different time steps, along with
average mean squared error with the ground truth data samples. Close tot = 0 , the predictions are
fairly accurate, but towards the maximum timestep T = 99, they devolve into random predictions.

Search-based methods. Recently, there has been a growing interest in using search-based methods
to align diffusion models [50]. Most of these methods propose doing a local search [45; 46] by
obtaining multiple denoising candidates at each step and selecting the best one based on their value.
More recently, tree search has been combined with best-of-N [92], and an MCTS-based approach
[91] has been applied in the speci�c context of diffusion forcing [9] over sequences for planning.
However, these methods either do not use an explicit backup mechanism, resulting in a limited local
search[45; 46; 92; 50], or they rely on inaccurate value estimates [91]. DTS, on the other hand,
performs global credit assignment using all trajectories for asymptotically exact sampling.

3.1 The value estimation problem

Most existing methods use soft values from Equation (5) either by taking their gradient [11; 74], as
SMC potentials [84; 39], or for search [45; 46; 91]. Since estimating these soft values is intractable,
they employ the following set of approximations. The �rst step is to apply Jensen's inequality:

Vt (x t ) =
1
�

log Ep� (x 0:t�1 jx t ) [exp (� r(x 0))] � E p� (x 0:t�1 jx t ) [r(x 0)] (7)

Estimation of this expectation is computationally expensive since it requires multiple rollouts from
the current sample at timestept to the clean sample. The expected reward is further approximated as
Ep� (x 0:t�1 jx t ) [r(x 0)] � r( x̂0(x t )) , wherex̂0 is the posterior mean obtained using Tweedie's formula
[20; 11] in a single step:

x̂0(x t ) = E p� (x 0:t�1 jx t ) [x0] =
1

p
� t

(x t + (1 � �� t )r x t log pt (x t )) : (8)

The posterior mean is an approximation because the true score function for intermediate marginal
densitiesr x t log pt (x t ) is replaced by the learned score function. We investigate the effect of this
approximation for a diffusion model trained on a mixture of Gaussians in Figure 2, where we see
that the prediction based on Tweedie's formula gets increasingly inaccurate for higher noise levels.
Therefore, despite the wide adoption of this approximation, the value estimates used for guidance are
essentially random at higher noise levels even in simple 2D settings.

3.2 Scaling with compute

Ef�cient utilization of available compute is critical for any inference-time alignment algorithm.
Existing SMC or search-based methods treat each sampling procedure as an independent event, and
all intermediate evaluations are discarded. Consider a streaming or repeated sampling setting. There
is no mechanism to assimilate information from prior runs to improve sample quality. This could be
particularly useful for correcting errors in value estimation, which, as we saw above, is dif�cult at
high noise levels. In other words, these methods scale parallelly by increasing particle count, but do
not scale sequentially by turning extra compute into cumulative improvements in estimate quality.

4 Diffusion Tree Sampling and Search

The pitfalls above suggest two complementary desiderata for an effective inference–time sampler:

(D1) Use information from low-noise timesteps, where the reward signal is reliable, to re�ne
decisions made at high-noise timesteps, rather than treating every step in isolation.

(D2) Reuse information from previously explored trajectories so that additional compute improves
sample quality instead of merely increasing parallel particle count (this property is characteris-
tic of an anytime algorithm).
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Figure 3: Illustration of various inference-time steering methods, where size of the node represents
the associated values. Left: Best-of-N denoises multiple samples using the base diffusion model
and selects the one with the highest reward. Center: SMC maintains a population of particles and
resamples based on an estimate of the value function. Right: DTS and DTS? maintain a tree that
accumulates information across multiple rollouts and backs up the terminal reward to re�ne value
estimates. The diagram illustrates the four phases: selection, expansion, rollout, and backup.

To address these issues, in this section we develop a solution by �rst interpreting the denoising
process as a tree in Section 4.1. We then introduce a general tree-based algorithm to sample from the
target density in Section 4.2 and describe its application to diffusion model alignment in Section 4.3.
Finally, in Section 4.4 we empirically evaluate our method on 2D datasets to validate, in a very clear
and controlled setting, whether DTS satis�es the desiderata mentioned above.

4.1 Denoising tree

The Markov property of the reverse diffusion chain naturally induces a �nite horizon tree inRd,
whered is the dimensionality of the space over which we are diffusing. Here, the nodes at deptht
represent noisy statesx t and the edges represent a denoising step. Each nodex t can be stochastically
denoised into multiple children xt�1 � p � (� j x t ).

This framing allows us to keep track of information across multiple denoising trajectories, including
estimates of the soft value function, which helps with global credit assignment. Using the tree
structure gives us the �exibility to sample from the target density or search for the highest reward
sample with minimal changes to the underlying algorithm. We call the sampling variant Diffusion
Tree Sampling (DTS ) and the search variant Diffusion Tree Search (DTS? ).

4.2 Tree-based sampling

Similar to MCTS, we construct a treeT , where nodes represent statesx t and edges represent
transitionsp� (x t�1 j x t ) following the base diffusion model. Each node maintains the current state
and timestep(x t ; t) , an estimate of the soft value functionv̂(x t ), and the visit countN(x t ). Since
we do not have a �xed starting state, we introduce a dummy state as the rootxT +1 that transitions
to the prior in our diffusion model – i.e.,p(xT j x T +1 ) = N (0; I) . Additionally, we useC(xt ) to
denote the set of children of node xt .

The goal is to expand this tree while improving value estimates as we expand it, so that it can be
used for approximate sampling from the target distribution at any time during the construction. The
resulting tree sampling process provably samples from the target distribution� � in the limit of in�nite
rollouts. The tree-building procedure of DTS repeats the following steps iteratively:

1. Selection. Starting from the rootxT +1 , sample a childx t�1 2 C(x t ) from Boltzmann distribu-
tion / exp (� v̂(x t�1 )) recursively until either an unexpanded node is reached or t = 0.

2. Expansion. If we reach a nodex t such that the number of children is less than the maximum
allowed value andt > 0 , we create a new child nodex t�1 � p � (� j x t ) and initializev̂(x t�1 ) =
0; N(x t�1 ) = 1.

3. Rollout. From the newly created node, we perform a rollout till terminal statesx0 by recursively
sampling fromp� (� j x t 0) for t0 = t � 1; : : : ; 0 . An important distinction from traditional MCTS
is that we add the rollout path to T .

5



4. Backup. Evaluate the terminal node using the reward functionv̂(x 0) = r(x 0) and use soft
Bellman equation (Equation (5)) to update parent node values using the children node values
recursively for t = 0; : : : ; T . The visit counts for all nodes in the path are also updated.

Each traversal of the tree, from the root to the backup of the value function, constitutes one tree-
building iteration. For sampling fromT , we simply start from the root and perform selection steps
until we reach a terminal node. A formal algorithm is provided in Section E.

Proposition 1 (Asymptotic consistency). Letr be bounded and� > 0 , then DTS produces a
sequence of terminal states whose empirical distribution converges to the optimal policy� � as the
number of tree iterations M ! 1.
Proof sketch.By construction, the tree policy selectsx t+1 with unnormalized probabilityp� (x t+1 j
x t ) exp(�v̂(x t+1 )) , which is the optimal policy de�ned in Equation (6). By telescoping the product
overt, we obtain the �nal samples att = T are sampled fromp� (x) exp(r(x 0)) . A more detailed
proof is given in Section D.

4.3 Design choices for diffusion alignment

The algorithm discussed above can be applied to any Markov chain. However, in this work, we apply
it to the problem of inference-time alignment of diffusion models. We discuss various considerations
and design choices below, with more implementation details in Section F.

Sampling or Search. DTS is designed to sample from the target distribution� � , but for settings
where a single high-quality sample is required, we introduce a search variant, DTS?. It keeps the
same soft value backup but modi�es the selection step by always selecting the child with the largest
soft value estimate instead of Boltzmann sampling. Since DTS? uses soft values, this is different
from standard MCTS – it implements a marginal-MAP (max–sum) inference scheme [63] over the
tree. At every noise step, the algorithm selects the branch whose subtree carries the greatest mass
under� ? and, oncet = 0 is reached, returns the highest-density leaf inside that dominant region. As
we will see in the Section 5, this volume-based selection helps avoid reward over-optimization.

Branching. Extensions of MCTS to continuous spaces commonly use progressive widening [14]
to decide the maximum number of branchesB(x t ) allowed per node based on the number of visits:
B(x t ) = C � N(x t ) � ; C > 0; � 2 (0; 1): The high-level intuition is that nodes that are visited more
often should be expanded more, since they represent more promising directions for denoising. We
adopt the same strategy and during tree traversal, if we encounter a node such thatjC(xt )j < B(x t )
and t > 0, we will always expand.

Exploration. There is a rich literature on search methods for classical MCTS, and the most popular
approach, UCT [41], is an application of upper-con�dence bounds [2] to trees. We employ this
exploration strategy for DTS?, i.e. we choose the childx t�1 2 C(x t ) with the maximum value of
the UCT estimate:

UCT(x t�1 ) = v̂(x t�1 ) + c uct

s
log N(x t )
N(x t�1 )

; cuct > 0: (9)

For DTS, we do not employ explicit exploration, because, in practice we observe that sampling
obviates the need for an exploration bonus or handcrafted mechanism. This is also supported
theoretically by recent work in the bandit setting [57].

Ef�cient implementation. The main computational cost is incurred when using the diffusion model
proposal to sample new children or perform rollouts. We implement an ef�cient batched version of
the algorithm by collecting nodes in a batch and performing a single batched denoising rollout per
iteration. The selection and backup steps involve simple tensor operations and pointer manipulation
with negligible cost. Therefore, while the control �ow of our method is sequential, the practical
algorithm can be parallelized. Note that once the tree has been built, sampling is near instantaneous
by repeatedly selecting children without any model calls.

4.4 Illustrative experiments

In this section, we perform experiments on simple 2D settings to answer the following questions:

• Does DTS sample accurately from the target distribution?
• Does reward backup in DTS result in more accurate value estimates (desideratum D1)?
• Does sample quality of DTS improve with more inference-time compute (desideratum D2)?
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