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ABSTRACT

Offline black-box optimization (BBO) aims to find optimal designs based solely
on an offline dataset of designs and their labels. Such scenarios frequently arise in
domains like DNA sequence design and robotics, where only a few labeled data
points are available. Traditional methods typically rely on task-specific proxy or
generative models, overlooking the in-context learning capabilities of pre-trained
large language models (LLMs). Recent efforts have adapted autoregressive LLMs
to BBO by framing task descriptions and offline datasets as natural language
prompts, enabling direct design generation. However, these designs often contain
bidirectional dependencies, which left-to-right models struggle to capture. In this
paper, we explore diffusion LLMs for BBO, leveraging their bidirectional model-
ing and iterative refinement capabilities. This motivates our in-context denoising
module: we condition the diffusion LLM on the task description and the offline
dataset, both formatted in natural language, and prompt it to denoise masked de-
signs into improved candidates. To guide the generation toward high-performing
designs, we introduce masked diffusion tree search, which casts the denoising
process as a step-wise Monte Carlo Tree Search that dynamically balances ex-
ploration and exploitation. Each node represents a partially masked design, each
denoising step is an action, and candidates are evaluated via expected improve-
ment under a Gaussian Process trained on the offline dataset. Our method, dLLM,
achieves state-of-the-art results in few-shot settings on design-bench, with code
available here.

1 INTRODUCTION

Designing new objects or entities to optimize specific properties is a fundamental challenge across
domains such as DNA sequence design and robotics Trabucco et al. (2022). Since querying these
properties is often expensive Hamidieh (2018); Angermüller et al. (2020); Barrera et al. (2016);
Sample et al. (2019), recent efforts have focused on offline settings that avoid online evaluations.
This gives rise to offline black-box optimization (BBO) (Kim et al., 2025), where the goal is to
discover high-performing designs using only an offline dataset of candidates and their associated
labels. The challenge is particularly pronounced when only a few labeled data points are available.

Traditional methods typically either (1) train a proxy model (Trabucco et al., 2021; Yuan et al.,
2023; Hoang et al., 2024; Yu et al., 2021; Fu & Levine, 2021), which provides explicit gradient
guidance over existing designs, or (2) train a conditional generative model (Kumar & Levine, 2020;
Krishnamoorthy et al., 2023; Brookes et al., 2019) that takes a target value as input to directly
generate high-scoring designs. However, such task-specific and data-limited methods are prone to
out-of-distribution generalization issues and overlook the general in-context learning capabilities of
pre-trained large language models (LLMs) (Brown et al., 2020), which offer a versatile alternative.

Recent efforts have adapted autoregressive LLMs for BBO by framing task descriptions and offline
datasets as natural language prompts. These models generate improved candidate designs directly
through in-context learning (Yang et al., 2024; Zhang et al., 2023; Liu et al., 2024; Nie et al., 2024;
Veličković et al., 2024; Novikov et al., 2025). However, many design tasks involve bidirectional
dependencies—for instance, a DNA unit is influenced not only by its prefix but also by its suffix.
Since autoregressive LLMs generate sequences in a left-to-right fashion, they struggle to fully model
such dependencies, especially in high-dimensional and complex design spaces.
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In this paper, we explore diffusion LLMs for BBO. These models offer two key advantages: bidi-
rectional modeling and iterative refinement, making them well-suited for design tasks with complex
dependencies. As shown in Figure 1, we introduce an in-context denoising module: the task de-
scription and the offline dataset are formatted as natural language prompts. These prompts, followed
by an instruction to generate improved designs, are then provided to the diffusion LLM, which iter-
atively denoise masked designs into improved candidates.

t = 1

t = 0.75

t = 0.5

t = 0.25

t = 0

[M]

You aim to find a new length-8 DNA sequence, 
composed of A, C, G, and T, with maximum binding 
affinity with the transcription factor SIX6_REF_R1.

Task
Description:

Offline
Dataset:

Instruction:

You have access to an offline dataset comprising 
DNA–binding affinity pairs:
DNA Sequence: AACCAACC, Binding Affinity: 0.00
DNA Sequence: ACGCTTCG, Binding Affinity: 0.27

⋯⋯
DNA Sequence: ATCGGCGA, Binding Affinity: 0.44

Please propose a new DNA sequence with 
higher binding affinity.

Task Description Offline Dataset Instruction [M] [M] [M] [M] [M] [M] [M]

A C T T[M][M][M] [M]

C T [M][M][M] [M][M][M]

Improved Design

A C G T A C G T

A C G T C T[M] [M]

Figure 1: In-context denoising.
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Figure 2: Masked diffusion tree search.

In-context denoising alone is often insufficient for guiding generation toward high-performing de-
signs. To address this, we introduce a masked diffusion tree search module (Figure 2), which
casts the denoising process as a step-wise Monte Carlo Tree Search (MCTS): each masked design
is a tree node, and each denoising step is an action. The search proceeds through four stages to
dynamically balance exploration and exploitation: (1) Selection: starting from the root node xt=1
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(fully masked design), traverse the tree using the UCT score (Kocsis & Szepesvári, 2006), which
balances the exploitation of high-value nodes with the exploration of less-visited ones, to identify a
promising node (e.g., select xt=0.75,2 over xt=0.75,1 due to its higher UCT score); (2) Expansion:
apply diffusion LLM denoising to the selected node (e.g., xt=0.75,2) to generate new child nodes
(e.g., xt=0.5,1, xt=0.5,2); (3) Evaluation: unroll each child node (e.g., xt=0.5,1) into complete de-
signs (e.g., xt=0,1) and estimate its reward using expected improvement under a Gaussian Process;
(4) Backpropagation: propagate the reward signal up the tree (e.g., xt=0.5,1 → xt=0.75,2 → xt=1),
thereby updating ancestors and informing future decisions.

To summarize, our contributions are three-fold:

• To the best of our knowledge, we are the first to explore diffusion LLMs for BBO, leveraging their
bidirectional modeling and iterative refinement capabilities.

• We propose in-context denoising, which conditions diffusion LLMs on natural language task de-
scriptions and offline datasets to denoise masked designs into improved candidates.

• We introduce masked diffusion tree search, which casts diffusion LLM denoising as a step-wise
Monte Carlo Tree Search that adaptively balances exploration and exploitation.

2 PRELIMINARIES

2.1 OFFLINE BLACK-BOX OPTIMIZATION

Offline black-box optimization (BBO) aims to find the optimal design x∗ that maximizes an un-
known objective function f(·):

x∗ = argmax
x

f(x). (1)

To tackle this, we assume access to an offline dataset D = {(xi, yi)}Ni=1 containing N data points,
where each xi ∈ Rd represents a d-dimensional design and yi is its associated score. In many
practical scenarios, only a few labeled data points are available; thus, we focus on the few-shot
regime where N is small (e.g., N = 10).

A common method is to fit a deep neural network (DNN) model to approximate f(·) in a supervised
manner Chen et al. (2023), and then leverage it to guide the design optimization. However, in the
few-shot setting, Gaussian Process (GP) models are often more effective than learned DNNs due to
the limited data and their ability to provide principled uncertainty estimates.

Specifically, we adopt a GP model (MacKay et al., 1998) with a radial basis function (RBF) kernel
K(·, ·). Given an offline dataset X ∈ RN×d and its corresponding labels y ∈ RN , we model a new
design x by computing the predictive posterior distribution:

ŷ(x) ∼ N (µ(x), σ2(x)). (2)

2.2 DIFFUSION LARGE LANGUAGE MODELS

Large language models (LLMs) are widely used in natural language processing tasks. In contrast to
conventional autoregressive models (ARMs) such as GPT Brown et al. (2020), diffusion LLMs Nie
et al. (2025b); Gong et al. (2025); Arriola et al. (2025) have emerged as a promising alternative,
achieving competitive results with models of comparable size. Compared to ARMs, diffusion LLMs
offer two key advantages: (1) the ability to leverage bidirectional context, and (2) an iterative sam-
pling process that naturally scales at test time.

A diffusion LLM defines a distribution pθ(x0) via a two-step process: a forward corruption process
and a reverse denoising process. In the forward process, tokens in the original sequence x0 are
progressively masked until, at t = 1, the entire sequence is fully masked. For any intermediate
timestep t ∈ (0, 1), the sequence xt is partially masked, with each token masked independently
with probability t and left unmasked with probability 1 − t. The reverse process then reconstructs
the original data distribution by iteratively recovering masked tokens as t decreases from 1 to 0.

At the core of a diffusion LLM is a mask predictor, a parametric model pθ(·|xt) that takes the par-
tially masked sequence xt as input and predicts all masked tokens (denoted by M) simultaneously.

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICLR 2026

The model is trained by minimizing a cross-entropy loss computed only over the masked positions:

L(θ) = −Et,x0,xt

[
1

t

L∑
i=1

1[xi
t = M] log pθ(x

i
0|xt)

]
, (3)

where x0 is sampled from the training corpus, t is drawn uniformly from the interval [0, 1], and xt

is generated by the forward masking process. The indicator function 1[·] ensures that only masked
tokens contribute to the loss. Once trained, the mask predictor enables the simulation of the reverse
denoising process, producing the model distribution pθ(x0) as the final marginal distribution.

3 METHOD

Algorithm 1 outlines our overall method, combining in-context denoising (Sec. 3.1) with masked
diffusion tree search (Sec. 3.2).

3.1 IN-CONTEXT DENOISING

In-Context Prompt We construct the prompt to diffusion LLM by concatenating the following:

• Task Description: specifies the meaning and format of the design, the associated label, and the
optimization objective (maximize or minimize). For example:

Task Description

You aim to find a new length-8 DNA sequence, composed of A, C, G, and T, with maxi-
mum binding affinity with the transcription factor SIX6 REF R1.

• Offline Dataset: provides a few-shot set of design–label pairs. For example:

Offline Dataset

You have access to an offline dataset comprising DNA–binding affinity pairs:
DNA Sequence: GGCCGGCC, Binding Affinity: 0.00
DNA Sequence: GCCCTTCG, Binding Affinity: 0.27
......
DNA Sequence: GTGGGCGA, Binding Affinity: 0.44

• Instruction: prompts the model to generate improved candidates. For example:

Instruction

Please propose a new DNA sequence with higher binding affinity.

Denoising The resulting structured prompt (Task Description, Offline Dataset, Instruction) is
provided to the diffusion LLM, which then iteratively denoises masked candidates into higher-
performing designs. Specifically, let xt denote a masked design at step t, starting from t = 1
for the fully masked design. Given a sampling interval ∆t, the next step is s = t−∆t. At each step,
the diffusion LLM predicts all masked tokens in xt to produce a complete candidate x̂0. We then
remask the least confident tokens in x̂0, using a masking ratio of s/t, to form the new child node
xs (Nie et al., 2025b). We restrict sampling to valid logits only. For example, in DNA sequence
design the diffusion LLM is limited to the alphabet {A, C, G, T}, while in numerical design tasks
only digits and basic symbols (“0–9, -, .”) are permitted. Any additional invalid designs (e.g., strings
that do not form a valid number) are excluded. The final x0 is returned as the desired design.

3.2 MASKED DIFFUSION TREE SEARCH

We introduce masked diffusion tree search to enable more effective guided generation. This module
frames the denoising process as step-wise decision-making: each node in the tree corresponds to

4
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Algorithm 1 Diffusion Large Language Models for Black-Box Optimization
Input: Offline dataset D = {(xi, yi)}Ni=1, pre-trained diffusion LLM pθ(·), # of iterations M

1: Fit an RBF-kernel GP f(·) on D.
2: Construct the in-context prompt (Task Description, Offline Dataset, Instruction) as in Sec. (3.1).
3: Initialize the search tree with the root node x1.
4: for iter = 1 to M do
5: Selection: Traverse the tree from x1 using the UCT score in Eq. (4) and select node xt.
6: Expansion: Expand xt to generate diverse children xs,i by completion and remasking.
7: Evaluation: Unroll each child xs,i into full designs and compute reward rs,i via Eq. (5).
8: Backpropagation: Propagate rs,i to all ancestors using Eqs. (6) and (7).
9: end for

10: Return fully denoised designs x0 with the highest EI scores among explored candidates.

a partially masked design xt, which can be further denoised to generate a new child node xs,i,
where s < t and i indexes the i-th child. We follow the standard MCTS steps: selection, expansion,
evaluation, and backpropagation, to dynamically balance exploration and exploitation.

Selection At each iteration, we traverse the tree starting from the parent node xu and select a child
node xs,i using the UCT score (Kocsis & Szepesvári, 2006):

UCT(xs,i) = V (xs,i) + ω pθ(xs,i|xu)

√
logN(xu)

N(xs,i)
. (4)

Here, V (xs,i) is the current value estimate of node xs,i, encouraging exploitation of promising
branches. The model likelihood pθ(xs,i|xu) guides the search toward more probable unmasking
steps (Silver et al., 2016). N(xu) denotes the visit count of the parent node, while N(xs,i) is the

visit count of the child node. The exploration term
√

logN(xu)
N(xs,i)

therefore encourages selecting less-
visited nodes. The coefficient ω = 1.0 controls the trade-off between exploitation and exploration.
This process is repeated until reaching a leaf node that is not yet expanded.

Expansion Once a node xt is selected for expansion, the diffusion LLM is used to generate design
completions. New child nodes xs,i are then constructed by remasking tokens according to the ratio
s/t. By sampling different completions according to the branching factor, we can generate diverse
children xs,i from the same parent.

Evaluation To evaluate the new child node xs,i, we perform multiple denoising runs to obtain J

fully unmasked designs x(j)
0,i . We then compute their rewards using the Expected Improvement (EI)

criterion from the Gaussian Process:

EI(x(j)
0,i ) =

(
µ(x

(j)
0,i )− fbest

)
Φ(zj) + σ(x

(j)
0,i )ϕ(zj), where zj =

µ(x
(j)
0,i )− fbest

σ(x
(j)
0,i )

. (5)

where µ(·) and σ(·) are the GP predictive mean and standard deviation, Φ and ϕ are the standard
normal CDF and PDF, and fbest is the best score in the offline dataset. Finally, we set the node’s
reward to the average EI: rs,i = 1

J

∑J
j=1 EI(x(j)

0,i ).

Backpropagation After obtaining the reward rs,i for xs,i, we backpropagate it through the entire
trajectory. For each ancestor node xτ with τ > s, we update its visit count and value estimate:

Nnew(xτ ) = Nold(xτ ) + 1, (6)

Vnew(xτ ) =
Vold(xτ ) ·Nold(xτ ) + rs,i

Nnew(xτ )
. (7)

Finally, we return fully denoised designs x0 that achieve high EI scores from explored candidates.

5



270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323

Under review as a conference paper at ICLR 2026

Our masked diffusion tree search module is proposed as a practical UCT-based heuristic for ex-
ploring high-dimensional design spaces. While classical UCT offers guarantees under idealized
conditions, extending such analysis to our setting—where expansions come from a diffusion LLM
and rewards rely on a GP-based EI—would require strong additional assumptions and is beyond the
scope of this work. Instead, we focus on its empirical behavior, with extensive ablations in Sec. (4.5)
and sensitivity studies in Sec. (4.6) showing that our module is effective and robust across tasks.

4 EXPERIMENTS

We conduct extensive experiments to evaluate the effectiveness of our dLLM in few-shot settings
of design-bench. Specifically, we benchmark against established baselines in Sec. (4.4), assess the
contribution of each component in Sec. (4.5), and analyze hyperparameter sensitivity in Sec. (4.6).

4.1 BENCHMARKS

Datasets Following (Nguyen et al., 2023), we evaluate on two continuous and two discrete tasks.
The continuous tasks are: (1) Ant Morphology (Ant) Brockman et al. (2016), which involves
optimizing a 60-D ant morphology for fast crawling; and (2) D’Kitty Morphology (D’Kitty) Ahn
et al. (2020), which requires optimizing a 56-D D’Kitty morphology for the same objective. The
discrete tasks are: (1) TF Bind 8 (TF8) Barrera et al. (2016), which requires designing an 8-length
DNA sequence to maximize binding activity with the SIX6 REF R1 transcription factor; and (2)
TF Bind 10 (TF10) Barrera et al. (2016), which extends this to a 10-length sequence. We construct
few-shot settings by uniformly sampling 10 examples from the offline datasets.

Evaluation For each generated design, we adopt the oracle described in the Design-Bench Bench-
mark Tasks Trabucco et al. (2022) for evaluation. In line with prior work Trabucco et al. (2021),
we evaluate 128 candidates per method and report the maximum (i.e., 100th percentile) normalized
ground-truth score. The normalized score yn is computed as yn = y−ymin

ymax−ymin
, where y denotes the

design’s raw score, and ymin and ymax are the minimum and maximum scores across the full unob-
served dataset. To provide a more comprehensive comparison, we also report the mean and median
ranks of competing methods, as well as the median normalized scores.

4.2 BASELINES

We benchmark our method against a broad range of established baselines.

Proxy-based methods These methods focus on learning a reliable proxy to guide design updates.
(1) Grad (mean): uses the GP predictive mean µ(x) as a proxy predictor, and updates offline de-
signs using its gradient. (2) Grad (EI): uses the expected improvement EI(x) in Eq. (5) as a proxy
predictor, and updates offline designs using its gradient. (3) COMs (Trabucco et al., 2021): ap-
plies conservative objectives by lower-bounding a neural proxy’s predictions on out-of-distribution
designs, followed by proxy gradient ascent. (4) ICT (Yuan et al., 2023): employs a rotating pseudo-
labeler and co-teaching strategy among three proxies, followed by meta-learned sample reweighting.
(5) MATCH-OPT (Hoang et al., 2024): bounds performance gaps via proxy–gradient mismatch,
improving proxy quality and optimization performance. (6) UniSO-T (Tan et al., 2025): trains a
sequence-to-sequence autoregressive proxy to predict labels which are encoded as tokens, and uses
the trained proxy to guide design generation.

Generative model-based methods These methods directly model the distribution of promising
designs using VAE, GAN, autoregressive, or diffusion models. (1) CbAS (Brookes et al., 2019):
trains a VAE and progressively adapts it to high-scoring designs. (2) ExPT (Nguyen et al., 2023):
pretrains a transformer-based VAE on diverse synthetic functions and performs in-context gener-
ation to sample improved designs. (3) MIN (Kumar & Levine, 2020): uses a GAN to model the
inverse mapping from score to design, then queries improved designs by conditioning on high scores.
(4) BONET (Mashkaria et al., 2023): trains an autoregressive model on trajectories from low- to
high-scoring samples and unrolls it to generate candidates. (5) OPRO (Yang et al., 2024): feeds de-
sign–label histories into autoregressive LLMs to directly sample new designs. We adopt LLaMA3-
8B-Instruct (Dubey et al., 2024) due to its comparable size to LLaDA-8B-Instruct. (6) GTG (Yun

6
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Table 1: Experimental results in 100-th percentile normalized scores on four tasks for comparison.

Method Ant Morphology D’Kitty Morphology TF Bind 8 TF Bind 10 Rank Mean Rank Median
D(best) 0.565 0.884 0.439 0.467 − −

Grad-mean 0.628± 0.019 0.922± 0.006 0.700± 0.103 0.603± 0.033 10.3/16 9.5/16
Grad-EI 0.620± 0.022 0.939± 0.001 0.701± 0.109 0.570± 0.036 9.5/16 11.0/16
COMs 0.629± 0.022 0.934± 0.002 0.681± 0.086 0.596± 0.038 10.0/16 9.5/16

ICT 0.639± 0.015 0.925± 0.009 0.752± 0.050 0.605± 0.024 8.0/16 8.5/16
MATCH-OPT 0.619± 0.018 0.920± 0.004 0.696± 0.050 0.598± 0.065 11.5/16 10.5/16

UniSO-T 0.642± 0.010 0.939± 0.022 0.844± 0.033 0.631± 0.018 2.8/16 2.5/16

CbAS 0.594± 0.036 0.910± 0.007 0.738± 0.026 0.614± 0.008 11.3/16 11.5/16
ExPT 0.641± 0.021 0.935± 0.004 0.826± 0.036 0.640± 0.014 3.3/16 3.5/16
MIN 0.588± 0.065 0.892± 0.009 0.776± 0.011 0.567± 0.010 13.5/16 14.5/16

BONET 0.638± 0.031 0.927± 0.003 0.782± 0.115 0.595± 0.035 8.0/16 7.0/16
ORPO 0.596± 0.014 0.878± 0.009 0.778± 0.033 0.499± 0.033 13.0/16 14.0/16
GTG 0.597± 0.021 0.904± 0.002 0.795± 0.079 0.630± 0.035 8.8/16 9.0/16

DDOM 0.589± 0.016 0.902± 0.002 0.760± 0.064 0.615± 0.033 11.3/16 11.5/16

CMA-ES 0.603± 0.142 0.725± 0.002 0.811± 0.057 0.628± 0.044 9.5/16 8.5/16
MCTS-transfer 0.633± 0.017 0.933± 0.020 0.848± 0.023 0.638± 0.008 4.3/16 4.5/16

dLLM(ours) 0.652 ± 0.030 0.942 ± 0.012 0.876 ± 0.038 0.642 ± 0.013 1.0/16 1.0/16

et al., 2024): learns a conditional diffusion model on synthetic trajectories from offline data to guide
designs toward high-scoring regions. (7) DDOM (Krishnamoorthy et al., 2023): trains a conditional
diffusion model on offline datasets and applies classifier-free guidance to obtain candidates.

We also compare against other methods: (1) CMA-ES (Hansen, 2006): adapts a covariance ma-
trix toward high-scoring regions. (2) MCTS-transfer (Wang et al., 2024): adaptively generates
improved designs by using Monte Carlo tree search to iteratively divide and explore subspaces.

4.3 IMPLEMENTATION DETAILS

We adopt the pre-trained dLLM LLaDA-8B-Instruct as our base model (Nie et al., 2025b) and fit a
Gaussian Process (GP) model with an RBF kernel on the offline dataset. The search tree is limited
to a depth of 4 with a branching factor of 5. The total number of tree search steps, denoted by M in
Algorithm 1, is set to 16, while the number of fully unmasked designs J is set to 5. The sampling
temperature of the dLLM is set to 1.0. The full in-context prompts are provided in Appendix A.2.
All experiments are conducted on a single NVIDIA A100 GPU with 80GB of memory. In terms of
runtime, a full search episode takes approximately 30 minutes on Ant and 40 minutes on TF8.

4.4 RESULTS AND ANALYSIS

We report the 100-th percentile normalized scores in Table 1, highlighting the best and second-best
results in bold and underline, respectively, and summarize mean/median ranks across tasks. Results
for the 50-th percentile are provided in the Appendix A.3.

Our key observations are: (1) dLLM achieves the highest average and median rank among 15 base-
lines. It ranks first on all four tasks, showing consistent gains in both continuous and discrete design
spaces. (2) Pure gradient-based methods (Grad-mean, Grad-EI) perform markedly worse, indicating
that proxies alone cannot reliably identify good designs. A powerful generative model like dLLM
coupled with tree search, is crucial for effective exploration of design space. (3) Among proxy-
based methods, UniSO-T performs best, likely due to leveraging a pre-trained T5 model with strong
unsupervised knowledge. However, it is limited to regression use. (4) ExPT is the strongest among
generative baselines, benefiting from pre-training on synthetic functions. Yet, it lags behind dLLM,
which draws on broader pre-trained knowledge. This is further supported by DDOM (a diffusion
model without external pre-training), which performs worse. (5) ORPO, which combines LLaMA3-
8B-Instruct with the GP model feedback, delivers weaker results than dLLM. Its left-to-right AR
modeling by nature restricts its ability to fully capture bidirectional dependencies within designs,
particularly in TF8 and TF10.
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Figure 5: Sensitivity to dif-
ferent offline dataset sizes.

4.5 ABLATION STUDIES

We ablate dLLM by replacing or removing its key modules, as detailed in Table 2.

Vanilla diffusion We replace the diffusion LLM with a continuous diffusion model trained directly
on the offline dataset (Krishnamoorthy et al., 2023). This causes a clear performance drop, especially
on discrete sequence tasks, since the model is trained on few-shot samples without the broad pre-
trained knowledge of dLLM, making it difficult to generalize to unseen designs.

w/o MDTS We remove the masked diffusion tree search (MDTS) module and let the diffusion
LLM to generate candidates directly from the in-context prompt, followed by selecting the best
candidates based on the GP predictor. This results in a substantial decrease in performance across
all tasks, highlighting the importance of tree-based exploration in navigating the design space.

Table 2: Ablation studies.

Method Ant D’Kitty TF8 TF10

Vanilla diffusion 0.590± 0.018 0.897± 0.008 0.764± 0.068 0.603± 0.014
w/o MDTS 0.604± 0.003 0.892± 0.001 0.798± 0.012 0.503± 0.013
w/o template 0.630± 0.005 0.934± 0.015 0.846± 0.027 0.633± 0.017

dLLM(ours) 0.652 ± 0.030 0.942 ± 0.012 0.876 ± 0.038 0.642 ± 0.013

w/o template We ablate the prompt
construction by removing the task de-
scription, retaining only the offline
dataset and the instruction as input.
Without this explicit task framing, the
model’s performance drops across all
tasks, suggesting that clear semantic
guidance in the prompt helps the diffu-
sion LLM better interpret the objective and generate more aligned candidates.

Our ablations demonstrate the necessity of each component. We further test cls-free guidance (Nie
et al., 2025a), which yields similar results but doubles inference cost, so it is not adopted.

4.6 HYPERPARAMETER SENSITIVITY

We conduct sensitivity analysis on two representative tasks: Ant and TF8. All results are reported
as relative performance, where the performance is normalized by that of our default configuration.

Tree Depth In masked diffusion tree search, the tree depth corresponds to the number of denoising
steps to reach a fully unmasked design. The default is 4, and we vary it over {1, 2, 4, 6, 8}. As shown
in Figure 3, performance improves steadily with increasing depth, reflecting the benefit of iterative
refinement in dLLM denoising.

Branching Factor We next examine the effect of the branching factor, i.e., the number of candi-
date children expanded at each node. The default is 5, and we vary it across {1, 3, 5, 7, 9}. As shown
in Figure 4, larger branching factors generally yield better performance, highlighting the advantage
of broader exploration. It is worth mentioning that dLLM naturally supports both sequential scaling
via tree depth and parallel scaling via branching factor, though gains are ultimately limited by the
GP model’s epistemic uncertainty.

Size of Offline Dataset We then vary the offline dataset size, which influences both the GP pre-
dictor training and the offline dataset in the in-context prompt. The default size is 10, and we test
{2, 5, 10, 20}. As shown in Figure 5, performance drops sharply when only 2 samples are available,
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as both the GP and the prompt lack sufficient knowledge. Beyond this extreme case, performance
improves steadily and stabilizes with more data. In Appendix A.4, we further study the effect of
using different in-context prompts, and find that our method is robust to prompt variations.

dLLM In our main experiments, we adopt LLaDA-8B-Instruct (Nie et al., 2025b) as the diffusion
LLM backbone. We additionally test MMaDA-8B-MixCoT (Yang et al., 2025), a model of compara-
ble scale with unified multimodal pretraining. The results are quite close on Ant (0.649±0.023 with
MMaDA vs. 0.652± 0.030 with LLaDA) and TF8 (0.862± 0.027 with MMaDA vs. 0.876± 0.038
with LLaDA), indicating that our method is robust to the choice of diffusion LLM backbone.

5 RELATED WORK

LLMs for BBO LLMs have recently gained attention in the field of BBO due to their strong pat-
tern recognition and in-context learning capabilities Song et al. (2024). Two primary research lines
have emerged: (1) using LLMs to predict the property y of a given black-box design x, typically with
fine-tuning; and (2) prompting LLMs directly—without parameter updates—to generate promising
designs x. Bidirectional models such as T5 encoders (Raffel et al., 2020) have been widely used in
the first line due to their ability to capture bidirectional dependencies: Nguyen et al. (2024); Tang
et al. (2024) investigate the use of LLM embeddings for regression and demonstrate their effective-
ness in high-dimensional design spaces. Tan et al. (2025) further introduces a unified string-based
representation to encode both metadata and design values. Autoregressive LLMs have also been
explored: Zhao et al. (2024) analyzes their decision boundaries on binary classification tasks, while
Nguyen & Grover (2024) augments them with molecular embeddings and property predictors to
autoregressively predict molecular properties.

In the second line, autoregressive LLMs have been employed directly as optimizers in BBO. Zhang
et al. (2023) frames task descriptions and labeled designs as prompts to guide design generation, and
Liu et al. (2024) uses LLMs to select parents for crossover and mutation in an evolutionary fashion.
Beyond general design tasks, program synthesis has emerged as a specific and promising domain,
as code can be naturally described in language and evaluated via compilers. FunSearch (Veličković
et al., 2024) and AlphaEvolve (Novikov et al., 2025) treat code as a design space and use LLM-
guided evolutionary strategies to optimize for target objectives, achieving strong empirical results.
Our work follows the second line: we leverage the in-context learning ability of LLMs to gener-
ate improved designs. However, unlike prior work that predominantly uses autoregressive mod-
els (Zhang et al., 2023), we investigate diffusion LLMs, which offer bidirectional modeling and
iterative sampling capabilities, making them especially suitable for black-box design problems.

Monte Carlo Tree Search MCTS has been explored in BBO to improve sample efficiency and
search quality. LA-MCTS (Wang et al., 2020) guides black-box optimizers by learning space par-
titions and concentrating sampling within promising local regions. Wang et al. (2024) uses MCTS
to adaptively construct and refine the search space for new tasks by transferring knowledge from
similar source tasks. Liu et al. (2025) applies a reward-guided MCTS framework within ESM3 to
discover protein sequences that fold into a given backbone structure.

MCTS has also been explored in the context of diffusion models, where the denoising process is
reinterpreted as a sequential tree-based search—each node representing a partially denoised sample
and each action corresponding to one denoising step. Yoon et al. (2025a) introduce Monte Carlo
Tree Diffusion, and Yoon et al. (2025b) further accelerate it through parallel rollouts and trajectory
coarsening. Zhang et al. (2025) incorporate a hybrid MCTS strategy into the diffusion denoising
pipeline, achieving scalable test-time inference These studies primarily focus on planning tasks,
such as maze navigation. Jain et al. (2025) propose a tree-based method that samples from a reward-
aligned target distribution using a pre-trained diffusion model, demonstrating strong results in text-
to-image generation and language modeling tasks. Closest to our work, Tang et al. (2025) propose an
MCTS framework built on top of diffusion language models for molecular optimization. However,
their model operates over SMILES representations, limiting its generality to small molecules and
lacking the in-context learning capabilities of LLMs.
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6 CONCLUSION

Autoregressive LLMs have recently been applied to black-box design generation but struggle to
capture bidirectional dependencies. In this work, we explored diffusion LLMs for offline BBO,
leveraging their bidirectional modeling and iterative refinement capabilities. We introduced two key
modules: in-context denoising, which conditions diffusion LLMs on task descriptions and offline
datasets to refine masked designs, and masked diffusion tree search, which formulates denoising as
a Monte Carlo Tree Search to balance exploration and exploitation. Together, these modules enable
our method to achieve state-of-the-art results on design-bench in the few-shot setting. Our results
demonstrate the potential of diffusion LLMs as general-purpose optimizers and open new directions
for data-efficient design generation in scientific and engineering domains.
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REPRODUCIBILITY STATEMENT

To ensure reproducibility, we provide comprehensive implementation details in Section 4.3. In
addition, the source code necessary to replicate our experiments is made available here.

ETHICS STATEMENT

Our proposed method, dLLM, has the potential to accelerate scientific discovery in areas such as
biomedicine and robotics by enabling more effective optimization of complex design spaces. These
benefits could foster meaningful advancements across multiple domains. At the same time, as with
many powerful optimization tools, there is also a risk of misuse. In particular, the ability to gen-
erate and refine high-performing designs might be misapplied in harmful contexts, for instance to
accelerate the development of biological weapons or other malicious technologies. To mitigate such
risks, it is crucial that appropriate safeguards, oversight, and regulatory frameworks be established
to ensure that the method is used responsibly and strictly for beneficial purposes.
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Levente Kocsis and Csaba Szepesvári. Bandit based monte-carlo planning. In European conference
on machine learning, pp. 282–293. Springer, 2006.

Siddarth Krishnamoorthy, Satvik Mehul Mashkaria, and Aditya Grover. Diffusion models for black-
box optimization. In Andreas Krause, Emma Brunskill, Kyunghyun Cho, Barbara Engelhardt,
Sivan Sabato, and Jonathan Scarlett (eds.), International Conference on Machine Learning, ICML
2023, 23-29 July 2023, Honolulu, Hawaii, USA, volume 202 of Proceedings of Machine Learning
Research, pp. 17842–17857. Pmlr, 2023.

Aviral Kumar and Sergey Levine. Model inversion networks for model-based optimization. In
Hugo Larochelle, Marc’Aurelio Ranzato, Raia Hadsell, Maria-Florina Balcan, and Hsuan-Tien
Lin (eds.), Advances in Neural Information Processing Systems 33: Annual Conference on Neural
Information Processing Systems 2020, NeurIPS 2020, December 6-12, 2020, virtual, 2020.

Mengdi Liu, Xiaoxue Cheng, Zhangyang Gao, Hong Chang, Cheng Tan, Shiguang Shan, and Xilin
Chen. Protinvtree: Deliberate protein inverse folding with reward-guided tree search. ArXiv
preprint, abs/2506.00925, 2025.

Shengcai Liu, Caishun Chen, Xinghua Qu, Ke Tang, and Yew-Soon Ong. Large language models as
evolutionary optimizers. In 2024 IEEE Congress on Evolutionary Computation (CEC), pp. 1–8.
Ieee, 2024.

David JC MacKay et al. Introduction to gaussian processes. NATO ASI series F computer and
systems sciences, 168:133–166, 1998.

Satvik Mehul Mashkaria, Siddarth Krishnamoorthy, and Aditya Grover. Generative pretraining for
black-box optimization. In Andreas Krause, Emma Brunskill, Kyunghyun Cho, Barbara Engel-
hardt, Sivan Sabato, and Jonathan Scarlett (eds.), International Conference on Machine Learning,
ICML 2023, 23-29 July 2023, Honolulu, Hawaii, USA, volume 202 of Proceedings of Machine
Learning Research, pp. 24173–24197. Pmlr, 2023.

Tung Nguyen and Aditya Grover. Lico: Large language models for in-context molecular optimiza-
tion. ArXiv preprint, abs/2406.18851, 2024.

Tung Nguyen, Sudhanshu Agrawal, and Aditya Grover. Expt: Synthetic pretraining for few-shot
experimental design. In Alice Oh, Tristan Naumann, Amir Globerson, Kate Saenko, Moritz
Hardt, and Sergey Levine (eds.), Advances in Neural Information Processing Systems 36: Annual
Conference on Neural Information Processing Systems 2023, NeurIPS 2023, New Orleans, LA,
USA, December 10 - 16, 2023, 2023.

Tung Nguyen, Qiuyi Zhang, Bangding Yang, Chansoo Lee, Jorg Bornschein, Yingjie Miao, Sagi
Perel, Yutian Chen, and Xingyou Song. Predicting from strings: Language model embeddings
for bayesian optimization. ArXiv preprint, abs/2410.10190, 2024.

Allen Nie, Ching-An Cheng, Andrey Kolobov, and Adith Swaminathan. The importance of direc-
tional feedback for llm-based optimizers. ArXiv preprint, abs/2405.16434, 2024.

Shen Nie, Fengqi Zhu, Chao Du, Tianyu Pang, Qian Liu, Guangtao Zeng, Min Lin, and Chongxuan
Li. Scaling up masked diffusion models on text. In The Thirteenth International Conference on
Learning Representations, 2025a.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Shen Nie, Fengqi Zhu, Zebin You, Xiaolu Zhang, Jingyang Ou, Jun Hu, Jun Zhou, Yankai Lin, Ji-
Rong Wen, and Chongxuan Li. Large language diffusion models. ArXiv preprint, abs/2502.09992,
2025b.
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A APPENDIX

A.1 LLM USAGE

We used large language models solely to assist in polishing the writing of this paper. In particular,
LLMs were employed to refine wording and check grammar for clarity and readability. No part of
the method design, implementation, or experimental results analysis relied on LLM assistance.

A.2 IN-CONTEXT PROMPT

For clarity and reproducibility, we provide the in-context prompts used in our experiments.

In-Context Prompt for Ant

You are a helpful optimization assistant that will help us generate a new robot morphology
design. The goal is to optimize the morphological structure of a simulated robot: Ant from
OpenAI Gym. For Ant Morphology, we need to optimize the morphology of a quadruped
robot to run as fast as possible.

For each design, we have the following information, that is the 60 continuous values of the
morphology parameters which are grouped into 4 legs, each leg has 15 parameters: x : the
x-coordinate of the hip joint, y : the y-coordinate of the hip joint, z : the z-coordinate of the
hip joint, a : the angle of the hip joint, b : the angle of the thigh joint, c : the angle of the
ankle joint, hip center : the center of the hip joint, hip range : the range of the hip joint, thigh
center : the center of the thigh joint, thigh range : the range of the thigh joint, ankle center :
the center of the ankle joint, ankle range : the range of the ankle joint, hip size : the size of
the hip joint, thigh size : the size of the thigh joint, ankle size : the size of the ankle joint

You are given the following existing designs and their corresponding performance scores:

Robot Morphology Design: [0.01, 0.01, 0.01, 15.03, 15.02, 58.04, -24.89, 4.57, -16.5, 28.86,
61.91, 23.22, 0.2, 0.21, 0.38, 0.01, 0.0, 0.01, 12.08, 27.69, 108.36, -0.24, 8.41, 5.2, 31.64,
41.59, 18.12, 0.22, 0.19, 0.36, 0.0, 0.0, -0.01, -14.78, 2.05, 195.67, 8.69, 2.64, -3.88, 29.51,
32.58, 19.1, 0.19, 0.2, 0.4, 0.01, -0.0, -0.02, 35.92, -12.99, -61.83, -20.47, 4.67, -24.25,
29.19, 22.72, 19.29, 0.22, 0.21, 0.43], Performance Score: -386.9
...
Robot Morphology Design: [-0.01, -0.0, 0.0, 7.64, -7.49, 1.64, 10.86, 5.26, 25.13, 28.7,
33.16, 21.44, 0.19, 0.2, 0.44, -0.02, -0.01, 0.01, 8.55, 7.52, 78.95, -11.6, 5.98, 13.54, 29.48,
41.69, 19.64, 0.2, 0.23, 0.38, -0.0, -0.01, 0.0, -13.43, -2.04, 170.37, 9.33, 6.51, -0.43, 31.12,
54.72, 22.07, 0.19, 0.18, 0.4, 0.0, -0.0, -0.0, 5.91, -20.12, -92.43, 17.22, 6.47, 10.4, 30.79,
45.95, 18.89, 0.18, 0.21, 0.44], Performance Score: 165.33

Please propose a new robot morphology design to maximize the performance score. Each
feature should be a float number. Each number should be rounded to two decimal places.
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In-Context Prompt for D’Kitty

You are a helpful optimization assistant that will help us generate a new robot morphology
design. The goal is to optimize the morphological structure of a simulated robot: D’Kitty.
For D’Kitty Morphology, we aim to optimize the body and leg structure of the robot to
maximize its locomotion ability to navigate the robot to a fixed location.

For each design, we have the following information, consisting of 56 continuous morphology
parameters, grouped into 4 legs, with 14 parameters per leg: x: the x-coordinate of the hip
joint y: the y-coordinate of the hip joint z: the z-coordinate of the hip joint a: the angle of the
hip joint b: the angle of the knee joint hip center: the center of the hip joint hip range: the
range of the hip joint knee center: the center of the knee joint knee range: the range of the
knee joint hip size: the size of the hip joint knee size: the size of the knee joint foot center:
the center of the foot joint foot range: the range of the foot joint foot size: the size of the foot
joint

You are given the following existing designs and their corresponding performance scores:

Robot Morphology Design: [0.11, 0.14, 0.0, 0.46, -2.88, 0.14, -0.34, 0.44, 0.37, 0.79, -1.21,
1.19, 0.09, 0.1, -0.09, 0.11, 0.0, -0.35, 3.76, -0.25, 0.23, 0.4, 0.58, 0.79, -0.31, 1.03, 0.1, 0.1,
-0.09, -0.11, 0.0, 0.26, 2.66, 0.18, 0.47, 0.34, 0.45, 0.72, -0.64, 1.04, 0.1, 0.09, 0.11, -0.1,
0.0, -0.51, -2.27, 0.26, -1.03, 0.38, 0.43, 0.76, -0.9, 0.93, 0.09, 0.09], Performance Score:
-880.46
...
Robot Morphology Design: [0.1, 0.13, 0.0, -0.04, -3.55, -0.09, -0.17, 0.42, 0.51, 0.78, -1.24,
0.99, 0.1, 0.1, -0.11, 0.11, 0.0, -0.03, 4.01, 0.2, 0.23, 0.43, 0.73, 0.82, -0.33, 0.98, 0.1, 0.1,
-0.09, -0.12, 0.0, 0.06, 3.37, -0.03, 0.36, 0.31, 0.61, 0.61, -0.78, 0.92, 0.1, 0.09, 0.1, -0.09,
0.0, -0.22, -2.74, -0.18, -0.71, 0.42, 0.32, 0.76, -0.43, 0.94, 0.1, 0.09], Performance Score:
199.36

Please propose a new robot morphology design to maximize the performance score. Each
feature should be a float number. Each number should be rounded to two decimal places.

In-Context Prompt for TF8

You are a helpful optimization assistant that will help us generate a new length-8 optimal
DNA sequence with maximum binding affinity with a particular transcription factor SIX6
REF R1.

You are given the following existing DNA sequences and their corresponding binding affini-
ties:

DNA Sequence: [’G’, ’G’, ’C’, ’C’, ’G’, ’G’, ’C’, ’C’], Binding Affinity: 0.0
...
DNA Sequence: [’G’, ’T’, ’G’, ’G’, ’G’, ’C’, ’G’, ’A’], Binding Affinity: 0.44

Please propose a new DNA sequence that is different from the existing DNA sequences and
has higher binding affinity than the existing DNA sequences. The DNA sequences should be
in the format of A, C, G, T. The new DNA sequence should be different from the existing
DNA sequences in at least 1 position.
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Table 3: Experimental results in 50-th percentile normalized scores on four tasks for comparison.

Method Ant Morphology D’Kitty Morphology TF Bind 8 TF Bind 10 Rank Mean Rank Median
D(best) 0.565 0.884 0.439 0.467 − −

Grad-mean 0.378± 0.006 0.888± 0.001 0.439± 0.000 0.477± 0.000 5.8/16 5.0/16
Grad-EI 0.373± 0.008 0.902± 0.007 0.451± 0.007 0.450± 0.005 6.8/16 7.0/16
COMs 0.372± 0.012 0.896± 0.004 0.439± 0.000 0.473± 0.008 6.5/16 5.0/16

ICT 0.384± 0.001 0.908± 0.001 0.395± 0.009 0.425± 0.009 8.8/16 8.5/16
MATCH-OPT 0.377± 0.007 0.888± 0.003 0.436± 0.001 0.433± 0.000 9.3/16 9.0/16

UniSO-T 0.400 ± 0.003 0.906± 0.004 0.443± 0.005 0.457± 0.006 3.8/16 3.0/16

CbAS 0.351± 0.001 0.893± 0.001 0.390± 0.001 0.431± 0.005 12.8/16 13.5/16
ExPT 0.400 ± 0.008 0.903± 0.002 0.350± 0.000 0.464± 0.005 6.8/16 5.5/16
MIN 0.366± 0.001 0.861± 0.004 0.328± 0.008 0.448± 0.009 13.5/16 14.0/16

BONET 0.389± 0.006 0.895± 0.004 0.413± 0.009 0.472± 0.007 6.3/16 6.0/16
ORPO 0.362± 0.003 0.787± 0.004 0.339± 0.005 0.399± 0.003 11.5/16 12.5/16
GTG 0.374± 0.013 0.888± 0.000 0.418± 0.013 0.443± 0.011 9.8/16 9.5/16

DDOM 0.348± 0.008 0.886± 0.001 0.401± 0.003 0.448± 0.006 12.5/16 12.0/16

CMA-ES 0.368± 0.002 0.695± 0.003 0.426± 0.003 0.471± 0.002 10.5/16 10.0/16
MCTS-transfer 0.374± 0.006 0.895± 0.008 0.359± 0.007 0.478± 0.004 8.0/16 8.0/16

dLLM(ours) 0.398± 0.014 0.910 ± 0.021 0.463 ± 0.015 0.482 ± 0.009 1.5/16 1.0/16

In-Context Prompt for TF10

You are a helpful optimization assistant that will help us generate a new length-10 optimal
DNA sequence with maximum binding affinity with a particular transcription factor SIX6
REF R1.

You are given the following existing DNA sequences and their corresponding binding affini-
ties:

DNA Sequence: [’T’, ’C’, ’C’, ’A’, ’C’, ’G’, ’A’, ’A’, ’G’, ’A’], Binding Affinity: -1.86
...
DNA Sequence: [’G’, ’C’, ’T’, ’T’, ’G’, ’G’, ’A’, ’A’, ’C’, ’A’], Binding Affinity: 0.01

Please propose a new DNA sequence that is different from the existing DNA sequences and
has higher binding affinity than the existing DNA sequences. The DNA sequences should be
in the format of A, C, G, T. The new DNA sequence should be different from the existing
DNA sequences in at least 1 position.

A.3 MEDIAN RESULTS

We further report the 50-th percentile normalized scores in Table 3, where best and second-best
results are bolded and underlined, respectively. Our method dLLM achieves the best overall mean
and median rank across 16 methods, ranking first on D’Kitty, TF8, and TF10, and third on Ant. This
demonstrates that dLLM consistently maintains strong performance.

A.4 DIFFERENT TASK DESCRIPTIONS
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Figure 6: Relative performance under different task descriptions.
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We evaluate dLLM’s robustness to in-context prompt variation by replacing the default task de-
scription with five GPT-5-generated templates. As shown in Figure 6, normalized scores remain
stable—ranging from 0.642 to 0.654 on Ant and 0.869 to 0.876 on TF8—demonstrating robustness
to stylistic changes in task descriptions.
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