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ABSTRACT

Optimizing the noise samples of diffusion and flow models is an increasingly
popular approach to align these models to target rewards at inference
time. However, we observe that these approaches are usually restricted to
differentiable or cheap reward functions, the formulation of the underlying
pre-trained generative model, or are memory/compute inefficient. We instead
propose a simple trust-region based search algorithm (TRS) which treats the
pre-trained generative and reward models as a black-box and only optimizes
the source noise. Our approach achieves a good balance between global
exploration and local exploitation, and is versatile and easily adaptable to
various generative settings and reward models with minimal hyperparameter
tuning. We evaluate TRS across text-to-image, molecule and protein design
tasks, and obtain significantly improved output samples over the base
generative models and other inference-time alignment approaches which
optimize the source noise sample, or even the entire reverse-time sampling
noise trajectories in the case of diffusion models. Our source code will be
made publicly available.
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Figure 1: Progression of TRS output samples for text-to-image, molecules, and proteins across
1 €{0,3,...,15}. Top: “Animated movie poster...” (aesthetic reward). Middle: Molecular properties.
Bottom: Protein designability. Arrows (1 /|) show optimization direction. TRS explores diverse
samples before converging to refined, high-reward outputs.
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1 INTRODUCTION

Inference-time alignment is an exciting new paradigm in which the quality of generated
samples is optimized post-training using feedback from target reward functions (Bansal et al.,
2024; Eyring et al., 2024). Several approaches exist, out of which gradient-based methods back-
propagate through the entire (ODE-based) iterative process of the model to adjust the initial
noise sample (Ben-Hamu et al., 2024; Wang et al., 2025). But these are prone to incur high
GPU-memory costs and may drift off the training-data manifold. Sequence-based methods,
which are developed for SDE samplers, range from filtering approaches that iteratively
reweigh and resample (Singhal et al., 2025; Kim et al., 2025) to tree-search based methods
(Jain et al., 2025; Li et al., 2025a). These however require a large number of expensive
reward calls or accurate value estimates for the terminal rewards which are not always
available. Black-box search methods on the other hand, which are relative underexplored,
treat the entire generator and reward function as a black box and apply local or global search
heuristics (Ma et al., 2025; Tan et al., 2025) for the source noise sample. Though these are
versatile to the choice of the generative model and reward function, we notice that existing
approaches either search too globally or locally, unable to find a good balance.

Inspired by Bayesian optimization algorithms (Eriksson et al., 2019), which also optimize
expensive black-box functions, we propose a simple and effective trust region search (TRS)
approach that balances between global exploration and local exploitation in a structured
manner. And by controlling only the source noise our approach is readily applicable to a wide
range of generative models and reward functions. Our approach begins by exploring multiple
seed noise samples which are then pruned and iteratively refined with local perturbations.
These perturbations are adaptively controlled based on observed reward values, in both
magnitude and direction, which we find to be crucial to stay within the data manifold and
generate stable and high-quality samples.

The contributions of our work can be summarized as follows:

1. A simple trust region search approach for inference-time reward alignment of black-
box diffusion and flow models by adaptively controlling the source noise.

2. An extensive evaluation on text-to-image generation, where we obtain significantly
more aligned and high-quality image samples over other search and even full noise
sequence search baselines under the same compute budget.

3. An extended evaluation on small molecule and protein design tasks with expensive
reward functions, where we show that our approach is also readily applicable and
effective with almost no hyperparameter turning.

2 METHODOLOGY
2.1 PROBLEM STATEMENT AND NOTATION

Let F be a black-box gener- Black-boz: xo — 1

ative process mapping noise AN [ o o~ ‘

Xp ~ po to a sample x; Generative Model X1 Reward Function | | -

via a continuous-time process F(x0) R(x1) |

{X } F p“i ! !
trtef0,1]- can represent a !

diffusion model (Song et al.,

2021) reversing an SDE via the Figure 2: The noise-to-reward pipeline. We treat the dashed

score function €g(xy,t), or a box as an expensive black-box process.

flow matching model (Lipman et al., 2023) following a velocity field vg(x¢,¢). Given a
reward function R, we seek the noise initialization that maximizes alignment:

X( = arg max R(F(x0))- (1)
xoERP

We treat the entire mapping R(F(x¢)) as a computationally expensive black-box. Conse-
quently, we focus on methods that can effectively steer generation under a strict evaluation
budget.
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2.2 TRuUST-REGION SEARCH (TRS)

TRS is a trust-region search algorithm with structured noise sampling designed for
inference-time alignment with expensive black-box evaluations. Our approach is inspired by
TuRBO (Eriksson et al., 2019) for Bayesian optimization, but introduces several important
modifications for inference-time steering of large generative models. In particular, unlike
surrogate-based Bayesian optimization, TRS relies purely on structured sampling, since
we find that surrogates do not contribute meaningfully to performance, due to the highly
non-linear noise space, which is difficult to predict under constraint budgets. Additionally,
we use a different center selection scheme, by always choosing the top-k observed noises,
which is crucial for the performance. An overview of the method is given in Algorithm 1.

Warm-up. We begin with a short warm-up phase for bootstrapping the search. We sample
N initial noise samples from the model prior py,

Xi ~ Po, Xli = I(Xi)7 rt = R(X?L)v

with ¢ = 1,..., N, and select the top-performing k points as initial trust-region centers
{x;f ?:1- All trust regions are initialized with the same side length ¢; = ¢,;;. In practice,
this warm-up is implemented using standard iterations with batch size B. We find allocating
approximately 20% of the total evaluation budget T to this phase to be a robust heuristic
across tasks and budgets; an ablation is provided in Appendix F.3.

Trust-region iterations. After warm-up, the algorithm maintains k hypercubic trust
regions 77 C RP, each defined by a center x¢ and side length ¢;. In each iteration, we collect
a global batch set Spatcn of size B across alf regions:

1. Propose: For each region j, generate B/k candidate noise vectors x;; by perturbing
the center x$. Following Eriksson et al. (2019), perturbations X;; are generated within
an axis-aligned hypercube with side length ¢; and then combined with a stochastic
coordinate mask. This mask is built by drawing a perturbation probability p;; ~
Uniform (pmin, Pmax) and applying m;, ~ Bernoulli(p;,)”. The resulting candidates
are:

Xjb = Xj + (Xjp) © myp. (2)

2. Evaluate: All B candidates across regions are aggregated into Spaten and evaluated in
parallel to obtain the rewards {r;} = R(F(Shatch))-

3. Update: After batch evaluation, we adapt trust-region side lengths {;} using success-
based rules per region. A key distinction from vanilla TuRBO (Eriksson et al., 2019) is
that trust regions are not treated independently. While exploring multiple regions is
beneficial early on, we observe that only a subset typically remains promising. Accord-
ingly, after each batch iteration we re-center all trust regions {Xg} at the globally best &k
points observed so far. This mechanism naturally shifts computation from exploration
toward exploitation, reallocating evaluation budget to promising regions over time. An
ablation study on different re-centering strategies is provided in Appendix F.1.

3 TEXT-TO-IMAGE EXPERIMENT

Experimental Setup. We evaluate on DrawBench (Saharia et al., 2022) (200 prompts)
using SD1.5 (Rombach et al., 2022) and SDXL-Lightning (Lin et al., 2024) with ImageReward
(Xu et al., 2023) and HPSv2 (Wu et al., 2023). TRS is compared against OC-Flow (Wang
et al., 2025), DTS* (Jain et al., 2025), Fast Direct (Tan et al., 2025), and black-box methods
(Ma et al., 2025) under fixed evaluation budgets (NFE). We report the optimized reward
averaged over all prompts (mean best reward) in Table 1 along with the number of reward
evaluations. The mean best reward across NFE budgets, for showing scaling performance, is
shown in Fig. 3). Further runtime analysis and baseline implementations are provided in
Appendices H and J.

Results. Table 1 demonstrates that TRS is consistently better than all baselines across
generative models and reward functions. On both models, TRS exceeds the state-of-the-art
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Table 1: Comparison of noise search algorithms on DrawBench. We report the mean best rewards
(IR, HPSv2) for SD1.5 and SDXL alongside the computational cost in terms of number of reward calls.
1/ | indicate the direction of improvement. Best values are in bold, second best are underlined.

SD1.5 SDXL
Algorithm IRT HPST IRT HPS1T Reward calls
Base -0.16 0.246  0.50  0.262 1

Gradient-based guidance
OC-Flow (Wang et al., 2025)  0.42 0.277 0.85  0.287 -
Noise sequence search

Fast Direct (Tan et al., 2025) 1.35 0.296 1.50 0.314 420

DTS* (Jain et al., 2025) 1.59 0303 1.62 0.327 503

Black-box search

Random (Ma et al., 2025) 1.44  0.302 1.54 0.324 400

Zero-Order (Ma et al., 2025) 1.50 0.313 1.59  0.332 400

TRS (Ours) 1.62 0.322 1.66 0.340 400

SD1.5 (IR) (1) SD1.5 (HPS) (1) SDXL (IR) (1) SDXL (HPS) (1)

o T T T \ T T T T T T T
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S 1s) : /
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Figure 3: Here we plot the mean best rewards for SD1.5/SDXL optimizing for HPSv2 and ImageRe-
ward across different NFE budgets. TRS shows the best scaling performance among all methods.

DTS* performance with up to 4x reduction in wall-clock time and fewer reward evaluations.
OC-Flow and Fast Direct underperform relative to random search, highlighting the difficulty
of surrogate modeling and gradient-based optimization in high-dimensional noise spaces,
while TRS scales efficiently. Full hyperparameter configurations and extended scaling plots
are provided in Appendix C.

4 CONCLUSION

In this work we investigate inference-time scaling and preference alignment, where our simple
trust-region source noise search achieves state-of-the-art performance across text-to-image,
molecule, and protein design tasks. Our approach is model and reward agnostic, making
it particularly suited for real-world settings where reward functions are often expensive or
unknown. It also offers good balance between exploration and exploitation by searching
multiple noise regions early and refining promising ones, and noticeably does not drift off
the data manifold and remains stable as we observe in Appendix D.1. While all methods
are limited by the accuracy of the reward models (Appendix K), scaling improvements Wu
et al. (2025) suggest this limitation will diminish and our efficient source noise optimization
is particulary well-suited for this development.
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A APPENDIX

This Appendix provides additional implementation information and results to support the
main text. It is structured as follows:

B Extended Background and Related Work ........... ... ... ... ... ... 8
C  Algorithm Details .......... 10
D  Additional Experiments .............. .. 13
D.1 Molecule Generation ........... ... ..o 13
D.2 Protein Design ... e 14
F  Ablation Studies ......... .. 16
F.1 Center Selection ............o.iiii e 16
F.2 Interaction of Length and Masks ......... ... .. i 17
F.3 Warm-up phase ... 17
F.4 Number of Regions ........o i 18
E Experimental Setup and Reward Functions ............................. 15
E.1 Text-to-Image details ........ . i 15
E.2 Molecule Generation details ........... ... . i i 15
E.3 Protein Design details ..........coo i 16
G ODE vs. SDE Discussion ..., 19
H Baselines and Hyperparameter Summary ......................covo.... 19
H.1 Gradient-based guidance ...............c.iiiiiiiiniiiiiiiiinan.. 19
H.2 Noise SeqUENCE . ..... ..ot 20
H.3 Source noise baselines ......... ... i 21
I  Evaluation Metrics ......... ... 21
1.1 Molecule Stability and Validity ..........c.ccoiiiiiii i 21
1.2 Protein Novelty and Diversity ......... ..o i, 21
J  Runtime Comparison and Efficiency .............. ... ... ... ... ... 22
Limitations and Reward Misalignment .................................. 22
L Qualitative Results and Optimized Samples ............................. 24

B EXTENDED BACKGROUND AND RELATED WORK

B.1 DIFFUSION AND FLOW-BASED MODELS

Diffusion and flow-based generative models aim to transport a simple noise distribution
Pnoise = Po to a complex data distribution pgata = p1- A sample xg ~ pg is gradually
transformed into a data sample x1 ~ p; through a continuous-time process {X}:e[0,1]s

typically discretized into T steps with ¢, = k/T. In continuous data regimes, py is usually
white Gaussian noise N(0, I).

Diffusion models are characterized by a forward noising process that gradually transforms
data into noise. This process is governed by a stochastic differential equation (SDE):

dzy = f(t)adt + g(t)duwy,

where f(t) and g(t) are the drift and diffusion coefficients that define the noise schedule
(Song et al., 2021). To generate new samples, this process must be reversed. The generative
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(reverse) process relies on the score function e(x,t) £ V, logp;(x), which represents the
gradient of the log-density of the noisy data. Once the score is estimated via a neural
network, sampling can be performed using either the deterministic or stochastic formulations
shown in Table 2.

Flow matching models (Lipman et al., 2023) instead learn a continuous vector field
vg (x4, t) = dwy/dt that defines the velocity of the samples. Unlike diffusion, the paths are
not necessarily tied to a corruption process; a common choice is the Optimal Transport (OT)
path, defined by the linear interpolation:

x = (1 —t)ao + tay,

which yields a constant target velocity v; = x1 — zg. Standard flow matching integrates
the learned ODE for sampling, while stochastic variants (Bose et al., 2024) can introduce
Brownian motion and optional score corrections as detailed in Table 2.

Unified view. Both paradigms can be expressed in a general form dz; = f(xy,t)dt+ g(t)dws.
As summarized in Table 2, the two frameworks differ primarily in how the drift f(zy,t) is
parameterized, either through the score function e(x¢,t) to reverse a corruption process, or
through a velocity field vy (z¢,t) to match a probability flow.

Table 2: Generative sampling formulations (¢ = 0 as noise, t = 1 as data). Note that for
diffusion, €(x,t) denotes the score function V, log pi(x).

Formulation = ODE (deterministic) SDE (stochastic)
Diffusion dzs = [f(t)mt — 102 (V)e(a, t)} dt dxy = [f(t):vt — g2(t)e(xt,t)] dt + g(t)dw:
Flow Matching  dx¢ = vg (¢, t)dt dzy = vo(ze, t)dt + g(t)dwy

B.2 ALIGNMENT OF DIFFUSION AND FLOW MODELS.

A pretrained diffusion model defines a generative distribution pg(z), but in many applications
not all samples are equally useful. For instance, in molecular generation one may prefer
molecules with specific chemical properties, or in text-to-image synthesis samples that better
match a given prompt. To formalize this, access to a reward function R(x) is assumed that
evaluates the desirability of a generated sample.

Reward alignment can then be viewed as modifying the sampling distribution by weighting
it with the exponential of the reward:

7 (x) x po(x) exp(R(x)).

Here, pg(x) captures the pretrained generative model, while the reweighting biases sampling
toward high-reward regions. The alignment task is therefore either to approximate sampling
from 7*(x) or to directly search for noise initializations that generate high-reward samples.

Gradient-based guidance. One approach to noise optimization involves back-propagating
gradients from a reward function through the entire iterative sampling process to the initial
noise (Ben-Hamu et al., 2024; Wang et al., 2025; Guo et al., 2024; Tang et al., 2025). While
effective, these methods require differentiable reward functions and incur substantial GPU
memory and computational overhead, as they necessitate storing or recomputing the full
diffusion trajectory during inference. This limitation becomes particularly severe in high-
dimensional settings, such as image or 3D generation, or when many solver steps are required.
Furthermore, pure gradient-based refinement often shifts the generation off the natural
data manifold, necessitating additional regularization or alignment terms to preserve sample
quality (Wang et al., 2025). An exception is direct noise optimization (DNO) (Tang et al.,
2025), which additionally supports gradient approximations for non-differentiable rewards
and an SDE-based mode that can refine intermediate noises along the trajectory. Despite
these extensions, the same disadvantages of high runtime and GPU memory consumption
remain.
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Table 3: Feature comparison across optimization frameworks. We compare methods
by their support for gradient-free objectives, black-box pipeline compatibility, batch efficiency,
and their ability to perform global vs. local optimization.

Method Grad-free Black-box Batch Eff. Global Local
OC-Flow X ¢ X X v
GNSO v v v v b 4
DTS* v b ¢ X v X
Random Search v v v v b 4
Zero-Order v v (4 X v
TRS (Ours) v v v v v

Noise sequence search. Another popular direction is to steer the generation throughout
the whole or parts of the sample trajectory {zo,...,21}. This includes sequential Monte
Carlo (SMC) approaches using resampling (Singhal et al., 2025; Kim et al., 2025), tree search
methods such as DSearch and DTS (Li et al., 2025a; Jain et al., 2025), and Fast Direct
which uses Gaussian process-based black-box optimization over the full noise sequence (Tan
et al., 2025). While these methods can be effective for stochastic diffusion sampling, they
typically rely on intermediate reward approximations (Li et al., 2025b) or are difficult to
utilize with batched evaluations. This becomes problematic for ODE-based flow matching or
many 3D diffusion models where intermediate noise sequences are not available or cheap
reward estimates are inaccurate.

Black-box search. Most versatile are source noise optimization algorithms, which treat the
generative model and the reward function as black-box. Consequently, they can be applied
to any generative model, that maps from a noise distribution to some data distribution. The
reward function can be chosen arbitrarily as well. While generally simpler by concept and
implementation, they lead to surprisingly good results. This category includes random search,
zero-order search (Ma et al., 2025), and some recent concurrent work including evolutionary
and genetic algorithms such as SNES or CoSyne (Jajal et al., 2025). Our work belongs to
this category, spending all evaluation budget for finding the best source noise. This approach
succeeds in all our experiments, providing great flexibility for choosing models and reward
function, while producing state-of-the-art results in relevant applications.

C ALGORITHM DETAILS

Algorithm 1 Trust-Region Search (TRS) - Batch Parallel Version

Require: Budget T, Batch size B, Number of regions k, Model F, Reward function R
1: Warm-up: Sample N points x ~ po; evaluate rewards.
2: Init: Set centers {x‘;}?zl to top k points; set lengths £; < fini.
3: while budget T remains do

4: Sbatch 0
5: for each region j € {1,...,k} do
6: for each sample b € {1,...,B/k} do
7 pjb ~ Uniform(pmin, Pmax
8: m; , ~ Bernoulli(p; )"
9: X ~ Perturb(¢;) > Sobol or Gaussian
10: Xjb X; + ()Ej,b ® mj’b)
11: Sbatch — Sbatch U {Xj,b}
12: end for
13: end for
14: Evaluate: {r;;} < R(F(Sbatcn)) > Batch evaluation

15: Adapt: Update all lengths {¢;} via success/failure rules per region.
16: Shift: Re-center all {x5} to the global top k points found so far.
17: T+T-B

18: end while

19: return best {x, F(x),r}

10
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This section gives more detail about the perturbation schemes we use and summarizes the
trust-region management strategy underlying the TRS algorithm and provides additional
implementation details. Further, we show a pseudo algorithm 1 here to summarize the
method outlined in section 2.2. The update rules for the trust-region side length largely follow
the strategy introduced in TuRBO (Eriksson et al., 2019). For each region, we maintain
success and failure counters based on whether newly evaluated candidates improve upon
the best objective value observed within that region. If a candidate yields an improvement,
the success counter is incremented and the failure counter is reset. Otherwise, the failure
counter is incremented and the success counter is reset.

We use different perturbations strategies, since deterministic low-discrepancy samplers are
often more efficient to fill spaces Sobol’ (1967). However, they are only computed up to
21,201 dimensions Joe & Kuo (2008). In our experiment in section 3, we use SDXL, whose
noise dimension is 65,536. In this case we also introduce a gaussian perturbation scheme,
that is designed to follow the trust-region hypercube exploration closely.

Sobol perturbations. For Sobol-based proposals, a point u;; € [0, 1] is sampled and
mapped affinely into the trust region. Let a; = x§ — éfj 1p and b; = x5 + %éj 1p, where 1p
denotes a D-dimensional vector of ones. The resulting proposal is

Xjp =a; + (bj —a;) ©ujp.

Gaussian perturbations. For Gaussian perturbations, we sample
ij’bNN(X§,JJ2-I), Jj:‘ej/\/]-2;

where I € RP*P is the identity matrix. This choice of o; matches the variance of a
uniform distribution over the trust-region hypercube, providing a scalable alternative in very
high-dimensional noise spaces.

Trust-region adaptation. Two thresholds, cguec and ¢y, govern the adaptation of the
trust-region side length ¢;. When the success counter reaches cgycc, the trust region is
expanded according to

7Y =min(¢; - o, £7%),

where ay is an expansion factor for the length (we set it to 1.5 by default). Conversely, when
the failure counter reaches c,j1, the trust region is contracted as

0 = max(¢; /oy, é;fﬂin).

This mechanism enables adaptive control over the exploration scale based on recent opti-
mization progress.

Restart logic. When a contraction is triggered while the trust-region side length is already
at its minimum value E;"in, the region is considered to have locally converged. In this case,
the side length is reset, and the region is subsequently re-centered at one of the globally best
points observed so far. This restart mechanism allows the algorithm to escape from locally
saturated regions and to continue allocating evaluations toward more promising areas of the

search space.

Length-dependent perturbation constraints. To maintain stable behavior across
different trust-region scales, we apply simple constraints that couple the side length ¢; with
the perturbation probability p; used for coordinate masking m;, by rejection sampling.
These constraints limit the number of perturbed dimensions when the trust region is large,
which is particularly important in high-dimensional noise spaces. Specifically, we enforce the
following upper bounds:

o If fj > 1.6, Pj < 0.5.
o If éj > 1.2, Dj < 0.7.

11
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These constraints were found to improve robustness without introducing additional tuning
complexity. We provide an intuitive visualization for those rules in Figure 7, where we show
that under which combinations of mask and region length the perturbations fail.

The default hyperparameters for the trust region state are summarized in Table 4.

Table 4: Hyperparameters for all our experiments in section 3. When entries are separated
with a slash / , we refer to the difference between SD1.5 / SDXL. The dagger’ means that is
the setting the entry refers to the highest NFE setting in the respective experiment in section
3 and Appendix D The asterix * excludes OC-Flow and DTS which use a batch size of 1.

Hyperparameter T2I Moleculs Protein
All source noise and sequence optimizers

Noise Dimension D 16384 / 65536 291 3 X Nres
Batchsize B* 20 100 8
Inference steps 50/8 50 400
OC-Flow (Wang et al., 2025)

Batch size B 1 1 -
Step size n 0.25 - -
Weight decay 0.998 0.995 -
Weight constraint 0.4 0.4

Number of steps 50 50 -
Optimizer SGD L-BFGS —
Learning rate « 1.0 1.0 -

DTS* (Jain et al., 2025)

. 50, 40, 30, 20, 10
Expansion steps [ ] - -

/ [8, 6, 4, 2]
Exploration Constant A 0.1 (IR), 0.01 (HPS) - -
Progressive Width Constant C 2.0 - -
Progressive Width « 0.4 - —
Exploration type UCB - -
Zero-Order Search (Ma et al., 2025)
Added noise € 0.1 0.1 0.1
Fast Direct (Tan et al., 2025)
Step size « 80 - -
Total steps T' 6f - -
Noise sigma (GP) on 0.1 - -
TRS (Ours)
Perturbations Sobol / Gaussian Sobol Sobol
# Trust regions k 15 20 5
Initial Trust Region length ;¢ 0.8 0.8 0.8
Minimal Length lmin 0.05 0.05 0.05
Maximal Lenght [max 2.4 2.4 2.4
Length Update factor ay 1.5 1.5 1.5
Success counter threshold cgyee 3 3 3
Failure counter threshold cfq4 3 3 3
Fraction warm-up iterations 20% 20% 20%
Min. probability for masks pmin 0.1 0.1 0.1
Max. probability for masks pmax 0.9 0.9 0.9

12
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D ADDITIONAL EXPERIMENTS

To demonstrate the versatility of TRS beyond diffusion based image generation, we evaluate
its performance on pure flow-matching models and complex 3D modalities. We first apply the
algorithm to 3D molecule generation to steer chemical properties within ODE-based latent
spaces. Additionally, we investigate a protein design task featuring and computationally
intensive reward evaluations, involving multiple large neural networks.

L3 LG
4 [ [ [ [ [ [
Z 0.6 1 o7 ]
Algorithm  Ls({) Los(}) MSP VUP &
Q
Base 121 115 883 883 305’\ i 0‘6\\
OC-Flow 0.83 093 68.0 680 & \\
Random 0.47 0.62 84.2 84.1 %0.41 ! ‘ | 05| ‘ ‘ B
Zero-order 043 059 84.4 84.3 — 25k 50k 75k 100k 25k 50k 75k 100k
NFE NFE
TRS (Ours) 0.39 0.55 85.7 85.6
—e— TRS (Ours) Random Z0O

(a) (b)

Figure 4: Molecule optimization results. (a) Distance to the combined targets of 3 and 6
chemical property values, together with MSP stability and validity VUP metrics which we do not
explicitly optimize; (b) Scaling trends over the NFE budget. The best values are in bold, second
best are underlined.

D.1 MOLECULE GENERATION

Setup. In this experiment, we move to ODE-based flow matching and consider a different
data modality. Our goal is to generate small molecules with specified target values of
chemical properties (Ramakrishnan et al., 2014). We use EquiFM (Song et al., 2023) with 50
integration steps, operating on a joint continuous Gaussian coordinate- and encoded feature
space (291 total dimensions), with pretrained chemical property prediction models. This
setting is a standard benchmark for evaluating classifier-free guidance (Hoogeboom et al.,
2022) and was also used by OC-Flow (Wang et al., 2025) for noise optimization toward
single-property targets. However, we observe that random search based methods already
achieve very strong performance in this regime and therefore extend the benchmark to
multi-property target matching. Specifically, we define a distance-based loss as the mean
absolute deviation between predicted and target values across multiple chemical properties.
Since our framework is formulated as reward maximization, we maximize the negative of this
loss. We consider two reward functions, R3 and Rg, involving 3 and 6 chemical properties,
respectively and additional property details are provided in Appendix E.2. As baselines,
we exclude noise-sequence search methods, as they are incompatible with ODE-based flow
matching, and compare against OC-Flow, random search, and zero-order search.

Metrics. As our primary metric, we report the mean best losses Ls(z) = —Rs3(x) and
L¢(x) = —Rg(x) (distance to the target properties) over 200 molecules, with the target
property values sampled randomly. In addition, we track other relevant metrics such as the
molecule stability percentage (MSP), and valid and unique percentage (VUP).

Results. The results are summarized in Figure 4. We observe that TRS consistently
achieves the lowest losses, indicating highest alignment with the specified multi-property
targets. Importantly, this improvement does not come at the expense of other quality metrics:
molecule stability and novelty remain comparable to those of the base model. In contrast,
the gradient-based OC-Flow method exhibits degraded stability and novelty, even when
regularization is applied, suggesting that gradient-based optimization can drift off the data

13
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manifold in this setting. Overall, we find that sampling-based methods are better suited for
this task, with even random search outperforming OC-Flow, highlighting the challenges of
gradient-based noise optimization for molecular generation.

D.2 PROTEIN DESIGN

Setup. Protein design is another challenging data modality with expensive reward models
and is relatively underexplored by inferenece-time alignment methods. State of the art 3D
protein generation models, like Proteina (Geffner et al., 2025), are flow matching models
that are typically trained via ODE integration, but sampling is often performed using an
SDE scheduler with noise reduction to improve designability. However, this procedure alters
the target distribution and no longer samples from the full flow-matching distribution, which
can negatively impact other metrics such as diversity and novelty. In this experiment, we
therefore focus on steering ODE-based sampling while preserving the full distribution. For
completeness, we provide a comparison to SDE-based sampling in Appendix G. We further
note that SDE-based noise-sequence optimization methods are not applicable in this setting:
they either rely on value estimation functions that are unavailable for protein design, or
are computationally infeasible due to the high cost of reward evaluation. We design the
experiment by fixing the number of residues n,,s = 50 and nys = 100. For the reward
function, we use a computationally expensive designability reward based on large structure
extraction and protein folding models (see Appendix E for details). We compare against
purely black-box baselines, including random search and zero-order search Ma et al. (2025).

Metrics. As alignment metric we report the mean best rewards for each run. Additionally
we show the cluster diversity and the pairwise TM-score and a novelty metric, which compares
the proteins to the entire PDB dataset (Berman et al., 2000). Further details of these are
given in Appendix 1.2.

Nres Method  Des.t Clu.t TMJ] Nov.| Tres = 50 Tres = 100
o
= T T T T T T
Base 005 0.71 050 070 .| //‘ sl |
-, Random 053 027 0.68 085 2
Zeroorder  0.59 039 0.62 085 % | 1 usl |
TRS(Ours) 0.65 0.30 0.67 0.89 & '
- )

Base 0.02 0.71 056 0.86 §0.4 I e e
Lo Random 0.33 0.49 0.55 0.84 16k 32k 48k 64k 16k 32k 48k 64k
Zero-order 0.39 0.59 0.54 0.84 NFE NFE
TRS(Ours) 0.45 0.44 057 0.86 TRS (Ours) RS 70

b
(@) (b)

Figure 5: Protein optimization results. (a) Optimized mean designability rewards at 64k NFE,
together with diversity and novelty metrics which we do not explicity optimize. The best values are
in bold, second best are underlined. (b) Reward improvement across NFE budgets.

Results. In terms of the designability steering, we see in Figure 5, that we significantly
improve over other search algorithms in both settings. We see that generally the rewards
are higher when we optimize proteins with 50 residues, which is expected, but also their
diversity and novelty metrics decrease compared to the base model. We assume that, since
the solution space is rather small, it is likely that well designable proteins share similar
features. However, this is not comparable to the mode collaps, which we observe for SDE
noise reduction (see Appendix G). Naturally, due to a larger solution space, optimizing
proteins with 100 residues leads to better diversity and novelty, while still gaining major
improvements over the base model. This counts for all optimization methods, but TRS
achieves the best steering results again.

14
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E EXPERIMENT DETAILS

E.1 TEXT-TO-IMAGE

T21

Generative models:

We use Stable Diffusion (Rombach et al., 2022) v1.5 (~859.5M parameters), which
generates 3 X 512 x 512 images from a noise space of 4 x 64 x 64, and a distilled
version of the larger SDXL? (~2.57B parameters), which generates 3 x 1024 x 1024
images from a noise space of 4 x 128 x 128. Both models encode text prompts using
CLIP-based text encoders (Radford et al., 2021). Classifier-free guidance (Dhariwal
& Nichol, 2021) is applied during sampling by linearly combining conditional and
unconditional model predictions with conditioning signal c. For image sampling, we
use the DDIM scheduler. We set 7 = 0 (deterministic sampling) for black-box source
noise optimization methods and 7 = 1.0 (stochastic sampling) for noise sequence
optimization methods. The number of inference steps is set to 50 for SD1.5 and 8 for
SDXL, and all experiments are conducted in float16 precision.

Reward functions:

We use three reward functions for the text-to-image experiments, each defined by
the scalar output of a pretrained model. ImageReward® and HPSv2* evaluate
image—prompt alignment and are defined as R(z1, ¢), where x; denotes the generated
image and c the text prompt. In contrast, the Aesthetic predictor® evaluates only the
generated image and is defined as R(z1).

https://huggingface.co/stable-diffusion-vi-5/stable-diffusion-vi-5
’https://huggingface.co/ByteDance/SDXL-Lightning
Shttps://github.com/THUDM/ImageReward
‘https://github.com/tgxs002/HPSv2
Shttps://github.com/LAION-AI/aesthetic-predictor

E.2 MOLECULE GENERATION

Molecule Generation

Generative model:

We use EquiFM Song et al. (2023) (~22M parameters) to generate small QM9
molecules and base our implementation on the code of OC-Flow . EquiFM is an ODE-
based flow matching model that operates on a combined continuous Gaussian noise
representation for both atomic coordinates and atom types, with total dimensionality
D = 291. The number of atoms per molecule ranges from 3 to 29. To accommodate
variable-sized molecules while keeping a fixed input dimension, unused atom entries
are masked to zero. In the experiments described in Section D.1, the number of atoms
is sampled according to the empirical distribution in the QM9 training set, which
most frequently yields molecules with 15 to 20 atoms.

Reward functions:

The reward is defined as the negative sum of absolute deviations between target
property values and the corresponding predictions of pretrained regression models.
For the Rg reward, we consider the properties {«, u, Ae, enoMo, ELUMO, Cv |, COITE-
sponding to isotropic polarizability, dipole moment, HOMO-LUMO gap, HOMO
energy, LUMO energy, and heat capacity. For the Rs reward, we restrict the objective
to the subset {a, p, eLumo }-

'https://github.com/Wangluran/Guided-Flow-Matching-with-Optimal-Control
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E.3 PROTEIN DESIGN

Protein Design

Generative model:

For protein design, we use the M52l variant of Proteina (Geffner et al., 2025), which
consists of approximately 60M transformer parameters and does not include triangle
layers. The source noise is drawn from a continuous Gaussian distribution N(0, I)
with dimensionality nes X 3, corresponding to the 3D coordinates of n.es residues.
Once the model has learned the ODE dynamics, sampling can be performed either via
deterministic ODE integration, dx; = v?(x, ¢) dt, or using stochastic SDE sampling,
dx; = [v¥(x,&) — vg(t)s! (x¢, €)] dt + \/2vg(t) dW,. We discuss the implications of
these sampling choices in more detail in Appendix G. In practice, reducing v < 1
improves designability at the expense of diversity and novelty.

Reward functions:

Following Geffner et al. (2025), we optimize the designability of generated 3D protein
backbones. Given a generated structure, a pretrained inverse folding model, Protein-
MPNN (Dauparas et al., 2022) (~1.7M parameters), is used to design a compatible
amino acid sequence. This sequence is subsequently processed by a folding model, for
which we use the transformer-based ESMFold-v1 (Lin et al., 2023) (~3B parameters),
to predict its 3D structure. We compare the predicted structure to the original
generated backbone by computing the self-consistency root mean square deviation
(scRMSD). The scalar reward is then defined as R(x;) = exp(—scRMSD), which maps
the score to the range (0, 1], with values closer to 1 indicating higher designability.
Note that usually 8 sequences are extracted and folded and the best of those is chosen,
but for computational efficiency we only extract 1 per protein backbone.

'https://github.com/NVIDIA-Digital-Bio/proteina
2https://github.com/dauparas/ProteinMPNN
3https://github.com/facebookresearch/esm

F  ABLATIONS

F.1 CENTER SELECTION

We investigate different center selection strategies for text-to-image generation using Stable
Diffusion 1.5 (SD1.5) and ImageReward. Experiments are conducted on the full DrawBench
benchmark using batch size B = 20 and 20 iterations, leading to 20k NFE, as in Section 3.
We compare four center selection strategies: LocalBest follows the original TuRBO algo-
rithm (Eriksson et al.,; 2019), where trust regions are kept strictly separate. Each region
T; updates its center using the best-performing noise sample generated within that region
across all iterations. LocalLastIter is a variant that also enforces strict separation between
regions, but updates each center using only the best sample generated by the corresponding
region in the most recent iteration. In contrast, GlobalTopk and GlobalLastIter allow
interaction between regions. Both initialize multiple trust regions but re-center them glob-
ally: GlobalTopk selects the overall top-k samples observed so far as region centers, while
GlobalLastIter selects the top-k samples from the most recent iteration, irrespective of
which region produced them. The results, shown in Figure 6, demonstrate that GlobalTopk
consistently outperforms all other strategies. Including random search as a reference further
highlights that enforcing strict separation between regions limits performance, whereas
globally re-centering regions enables more effective allocation of the evaluation budget toward
promising areas of the search space.
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Center Selection Strategies (SD1.5 + IR)

GlobalTopk
GlobalLastIter
LocalBest
LocalLastIter

RandomSearch

I I
1.4 1.45 1.5 1.55 1.6
Mean best reward

Figure 6: Effect of center selection strategy on DrawBench using SD1.5 and ImageReward.
We compare the mean best rewards across the prompts in the benchmark.

F.2 INTERACTION OF LENGTH AND MASKS

In this section, we analyze the relationship between the trust region length ¢; and the
perturbation masks p;, as defined in Section 2.2. We conduct this experiment to demonstrate
the robustness of TRS and further visualize the noising effect on latent samples across both
SD1.5 and SDXL in Figure 7.

We observe a clear stability threshold: when the trust region length ¢; exceeds approximately
1.6, the generated images begin to exhibit visible noise and structural degradation. However,
this effect is highly dependent on the masking probability. Low-probability masks (e.g.,
p; = 0.05) act as a regularizer, allowing for significantly higher exploration lengths, up to
¢; = 6.4, while still yielding valid, coherent images. This suggests that TRS can maintain
manifold consistency even with large step sizes, provided the number of dimensions being
perturbed is restricted.

To quantify this behavior, we perform a grid ablation across varying initial trust region
lengths £,y and masking sparsity ranges defined by ppnin and pmax. For these trials, we
utilize a representative subset of 55 prompts from DrawBench, covering all categories of the
original benchmark.

Table 5: Hyperparameter robustness. mean best rewards across varying Trust Region
intensities (init) and [Pmin, Pmax] settings.

TR Intensity Mask probabilities [Pmin; Pmax)

(linit) 0.05, 0.50] [0.10, 0.90] [0.30, 0.70]  [0.50, 1.00]
0.2 (Low) 1.6223 1.6430 1.6353 1.6564
0.8 (Medium) 1.6928 1.6761 1.6820 1.6543
2.0 (Large) 1.6404 1.6197 1.6306 1.6185

F.3 Warwm-Up

We ablate the impact of the warm-up phase to determine the optimal allocation of the total
compute budget between initialization and the main optimization process. This experiment
is conducted using a subset of DrawBench, using 55 prompts, equally distributed for the
different categories, with Stable Diffusion 1.5 and ImageReward as reward function. We
evaluate three total evaluation budgets (T € {120,360, 720}) with a batch size of B = 24,
and report the final mean best rewards across all 55 prompts. Our results indicate that for
all tested budgets, TRS achieves best performance when the warm-up phase accounts for
10% to 20% of the total compute, as shown in Figure 8a. Further we note, that choosing
slightly higher warm-up budgets is not harmful and only degrades slowly, indicating, as long
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(a) SD1.5 (D = 16384) (b) SDXL (D = 65536)
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Figure 7: TRS perturbation landscape comparison: Interaction between perturbation length
(rows) and masking probability (columns) for SD1.5 and SDXL. For both we used the prompt: "A
breathtaking view from behind the Cristo Redentor (Christ the Redeemer) statue in Rio de Janeiro,
Brazil, with layered mountains stretching into the distance and the sparkling Atlantic Ocean clearly
visible below with blue color; warm golden-hour light, atmospheric haze, ultra-detailed, cinematic,
wide-angle landscape, beautiful and serene and the city below."

as the budget is not very small, the exact choice is not crucial. In all our main experiments,
we set the fraction to 20%.

o (a) Warm-up Fraction Image (SD1.5 & IR)
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Figure 8: Ablation Studies. (a) Impact of the warm-up phase fraction across different
compute budgets. (b) Sensitivity of TRS to the number of regions k. Performance remains
stable across a wide range of k values.

F.4 NUMBER OF REGIONS

We perform another ablation for T2I, where we use batch size B = 24, with different numbers
of regions k = {1,2,4,8,16,24}. We perform 3 warm-up and 12 trust-region iterations. We
align again to ImageReward and use SD1.5, and evaluate for 55 prompts out of DrawBench.
The results can be seen in Figure 8b, where we see that using 1 or 2 regions leads to worse
results, but usually picking k£ in a medium range between 1 and B works well and we also
see k is not a sensitive hyperparameter, that does not require much tuning.
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G ODE vs. SDE SAMPLING DyYNAMICS

Trust-Region Search (TRS) is a black-box optimization method that relies on local exploration
to find better samples. This approach is more effective with ODE sampling because the
deterministic paths provide a clear sense of locality. However, since SDE sampling with noise
reduction leads to higher designability in proteina Geffner et al. (2025), we want to see how
our algorithm handles the trade-off between the designability gains of SDEs and the diversity
preserved by ODEs. We also include experiments for Text-to-Image (T2I) generation to see
if these sampling dynamics remain consistent across different model types.

Setup We compare TRS against standard random search (RS) in both deterministic and
stochastic settings. For protein generation, we generate 100 proteins of length 50, optimizing
specifically for designability. For T2I generation, we use the same setup as in Section 3,
utilizing the DDIM scheduler with both a stochastic setting (n = 1.0) and a deterministic
setting (n = 0.0). A key difference between these setups is the inference budget: proteina
uses 400 steps, while the T2I model uses 50.

Metrics We evaluate the results based on designability, diversity, and novelty. While
designability is the primary goal, diversity and novelty are crucial for detecting mode-
collapse, which is a known risk when using SDE-based noise reduction. These distributions
are visualized in Figure 9 using rank-size and cumulative mass plots to show how concentrated
the generated samples are.

Results and Discussion As shown in Table 6, SDE sampling does lead to higher des-
ignability, but it significantly hurts diversity and novelty. When we compare TRS with
ODE to a random search and TRS with SDE (y = 0.6), we observe, that the designability
metrics are on par, while TRS with ODE shows much better diversity and novelty metrics.
This becomes especially clear, when observing the Rank-1 metric, where we see, that SDE
optimized samples, where 54 or even 68% of the samples belong to the same cluster. We
also find that most current SDE-based scaling methods are not practical for proteina, either
because they lack necessary value estimations Li et al. (2025b); Singhal et al. (2025) or
because they are too slow without efficient batch utilization Jain et al. (2025), especially,
when a lot of inference steps are necessary and the reward function is expensive. Interestingly,
TRS shows a smaller advantage over random search in proteina when using SDEs compared
to T2I. This is likely because the high number of inference steps in proteina allows the
stochastic noise to eventually override the local search signal provided by the trust region.

T2I Protein (SDE with v = 0.6)
Algorithm ImageReward? Design.t Rank-1] Clust. Div.t TM Div.] Nov.]
RS + ODE 1.43 0.53 37 0.27 0.68 0.85
RS + SDE 1.45 0.66 68 0.19 0.73 0.94
TRS (Ours) + ODE 1.62 0.65 18 0.30 0.67 0.89
TRS (Ours) + SDE 1.52 0.66 54 0.27 0.70 0.92

Table 6: Comparison of ODE and SDE variants in protein design and T2I.

H BASELINES

H.1 GRADIENT-BASED GUIDANCE

Optimal Control Flow (OC-Flow). OC-Flow (Wang et al., 2025) provides a theoretically
grounded, training-free framework for guided flow matching by framing generation as an
optimal control problem. It augments pre-trained flow dynamics with a time-dependent
control term w;: X; = vi(x¢) + u;. The framework seeks to minimize a cost functional
J(u) = R(x1) + fol 55 |[ue||?dt, comprising a terminal reward loss R(x;) and a quadratic
running cost that regulates the trajectory’s deviation from the prior distribution. Leveraging
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Figure 9: Protein cluster distributions. The rank-size plot (left) shows that ODE methods
maintain higher diversity, whereas SDE methods suffer from mode-collapse. The cumulative
mass (right) confirms that TRS + ODE provides the most balanced distribution of samples.

Pontryagin’s Maximum Principle, the control trajectory is optimized iteratively over a fixed
number of steps using either SGD or L-BFGS. In each iteration, gradient information is
propagated backward via a co-state flow p; to update the control parameters with a step
size n and weight decay. To ensure trajectory regularity and stable convergence, a weight
constraint is enforced on the magnitude of the control term throughout the optimization
process.

H.2 NOISE SEQUENCE SEARCH

Diffusion Tree Sampling (DTS). DTS (Jain et al., 2025) frames the inference-time
alignment of diffusion models as a tree-structured optimization problem over the denoising
sequence. The framework employs a recursive value-based search guided by a soft value
function V(x;), which is estimated via a soft-Bellman backup with an exploration constant

1
A
At each node, the search proceeds for a fixed number of expansion steps, where the selection
of trajectories is governed by a specific exploration type (e.g., UCT). To effectively navigate
the continuous branching space of the diffusion process, the algorithm utilizes progressive
widening to determine the number of children & for a node x; based on its visit count N (x):

k(xi) = [C - N(x¢)"]

where C' is the progressive width constant and « is the progressive width exponent. A
stochastic rollout parameter p serves as a decision gate: with probability p, the algorithm
performs a full rollout to the terminal state ¢ = 0 to obtain an exact reward, while with
probability 1 — p, it continues recursive tree expansion.

V(xt) = T 10g Ex, mpy(-lx,) [eXP(AV (x-1))]

Fast Direct Fast Direct (Tan et al., 2025) is an efficient trajectory-level optimization
method designed for black-box guidance. It bypasses step-wise branching by optimizing
the complete noise sequence {e€;}_; simultaneously. The method identifies a pseudo-target
x* on the manifold via Gaussian Process (GP) regression over previous evaluations and
computes a universal direction to update the entire sequence:

€'V = Norm(e?'d + a(x* — x¢))

where « is the step size. This global refinement allows it to converge to high-reward regions
in fewer iterations than per-step filtering methods.
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H.3 SOURCE NOISE SEARCH

Random Search. Is the simplest search-based method one can apply, where N source
noises xq are randomly sampled and evaluated. This technique can be used both with ODE-
and SDE-based samplers.

Zero-Order Search. Zero-order Search (Ma et al., 2025) can be seen as a special case of
our algorithm. Like ours, it iteratively refines the initial latent noise to maximize a target
reward. The algorithm begins by sampling an initial set of B Gaussian noise vectors {x}, }le
and selecting the candidate that yields the highest reward as the initial center x§. This is
equivalent to using only one warm-up iteration in TRS and setting the number of regions to
one. In each subsequent search iteration, B new candidates are generated by perturbing the
current center:

xoV =x5+¢-6, 0~N(0,I)
where e (scalar) controls the radius of the local neighborhood search. This perturbation
scheme is similar to using TRS without probability masks and choosing a fixed region length.
Similar to ours, this technique works best for ODE samplers.

I METRICS

In this section, we describe all additional evaluation metrics used in this work that are not
employed as reward functions. The reward-based metrics are detailed in Appendix E. We
consider evaluation criteria for both molecule generation and protein design.

I.1 MOLECULE GENERATION

For the evaluation of 3D molecule generation, we follow the methodology described by Song
et al. (2023), which assesses the physical and chemical plausibility of the generated Cartesian
coordinates and atom types.

Stability We evaluate the structural integrity of the generated samples using Atom Stability
and Molecule Stability. Following the convention of Hoogeboom et al. (2022), chemical bonds
are inferred based on the Euclidean distances between atoms using a threshold-based lookup
table of covalent radii. An individual atom is considered stable if its inferred bond count
matches its expected chemical valency (e.g., 4 for carbon, 1 for hydrogen). Molecule Stability
is then defined as the percentage of generated molecules for which all constituent atoms are
stable. This metric serves as a strict proxy for the geometric consistency of the generated
3D structures.

Validity and Uniqueness The chemical validity of a molecule is determined by its
ability to be successfully parsed into a molecular graph using RDKit Landrum et al. (2026).
We report the Valid Fraction, which measures the proportion of generated samples that
satisfy fundamental chemical connectivity and valency constraints without requiring post-hoc
corrections. Additionally, we report the Unique Fraction, which indicates the percentage of
unique molecules among all generated compounds as determined by RDKit. In addition, we
report the Valid and Stable Fraction, defined as the percentage of molecules that are both
valid according to RDKit and satisfy the Molecule Stability criterion defined above. This
combined metric provides a stringent indicator of the model’s ability to generate chemically
realistic, unique, and geometrically consistent 3D molecules.

1.2  PROTEIN DESIGN

To evaluate the structural quality and variability of the generated protein backbones, we adopt
the metric suite introduced by Geffner et al. (2025). These metrics assess two complementary
aspects: the uniqueness of the generated structures relative to known proteins (Novelty)
and the structural variability within the generated set (Diversity). Following (Geffner et al.,
2025), we compute these scores only for designable samples, which means, that scRMSD >
2.0 A or equivalently the designability needs to be > 0.1353.
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Novelty Novelty measures the extent to which the model generates protein folds that
differ from those observed in existing experimental and predicted structure databases. For
each generated, designable backbone structure, we compute the maximum TM-score against
all entries in a reference set using Foldseek van Kempen et al. (2024). We then report the
average of these maximum TM-scores across the entire sample set. Lower average maximum
TM-scores indicate higher structural novelty. We evaluate novelty with respect to the PDB
dataset Berman et al. (2000).

Diversity We quantify the internal diversity of the generated, designable backbone samples
using two complementary metrics:

1. Average Pairwise TM-score: We compute the mean pairwise TM-score between
all designable backbone samples for each generated protein length. These values are
subsequently aggregated to obtain a global average. Since the TM-score measures
structural similarity on a scale from 0 to 1, lower values correspond to higher
diversity.

2. Cluster Ratio: We cluster the generated backbones using Foldseek with a TM-score
threshold of 0.5. The diversity score is defined as the ratio of the number of unique

J RUNTIME COMPARISON

We analyze the runtime of the T2I experiment in section 3 and the additional experiments
of Appendix D for all methods we use on a single NVIDIA A100-SMX4-40GB. We plot this
in Figure J, where we can see for all the budgets we have used. We refer here to the settings,
where ImageReward is used to T2I, Rg for molecules and the designability for proteins with
50 residues. We observe that DTS* generally has the highest compute time. This arises
as the algorithm is sequential and difficult to realize with a fixed batch size As noted in
Appendix H.2, the batch implementation is not used to allow other packages for speed up, as
in the code, provided by the authors. In our comparisons we observe that both version are
almost 4x slower than TRS. For OC-Flow, which uses a batch size of 1, the computation
time is high in SD1.5, since we back-propagate through 50 steps, but for the distilled SDXL
lightning it turns out to be faster, while marking very high memory usage. In molecule
generation, it is the slowest method, where we use it for the choice of hyperparameters in
Table 4. The memory usage is lower here, compared to TRS and the other sampling-based
methods, which however use a batch size of 100. In Fast Direct, we use slightly higher NFE
budgets since the iterative nature of increasing steps, makes it difficult to set the exact same
NFE, while remaining the batch size. Apart from that, the computation times and memory
usage are only slightly larger, as their GP is cheap. Random Search, Zero-Order Search
and TRS are generally most efficient, as their compute time consists almost purely of the
generative model and reward function evaluations.

K LIMITATIONS

Reward Functions. A primary limitation of these methods lies in the reliability of reward
functions; when derived from neural network predictors, performance is inherently constrained
by these models. In our experiments, reliance on pretrained networks for feedback makes
optimization susceptible to model bias and failure modes. Figure 11 illustrates this via
TRS-optimized SDXL images that receive high rewards despite failing to capture the core
prompt intent. This highlights a fundamental challenge: reward models may score samples
highly that exploit shortcuts in the learned signal rather than satisfying the true objective.
To address this, recent work has focused on larger, more accurate reward models Wu et al.
(2025). TRS is well-positioned to integrate with these advances, offering a flexible and
scalable framework as the field progresses toward more expressive models.

Convergence. While TRS balances exploration and exploitation under strict budgets,
it lacks guarantees of asymptotic global optimality. As search progresses, the algorithm
concentrates evaluations around high-performing regions via adaptive re-centering and
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Figure 10: Comparison of runtime and memory consumption across methods on a single
NVIDIA A100-SXM4-40GB.

trust-region contraction. While desirable in low-budget regimes, this may limit exhaustive
exploration of the full source noise space. In contrast, methods like pure random search
can theoretically recover the global optimum given unbounded evaluations. TRS trades this
asymptotic property for sample efficiency, prioritizing the rapid refinement of promising
regions over exhaustive coverage. Consequently, TRS may converge to local optima if the
reward landscape contains narrow, isolated global maxima unlikely to be discovered during
initial exploration. This limitation is inherent to trust-region methods operating under
finite budgets and expensive black-box objectives. However, our setting prioritizes practical
performance under realistic constraints where evaluation is costly. In this regime, empirical
results demonstrate that the benefits of aggressive exploitation outweigh the lack of global
convergence guarantees.

Two cats and two dogs sitting on A carrot on the left of a broccoli A cat on the right of a tennis
the grass racket

Four cars on the street A painting by Grant Wood of an
astronaut couple, american gothic
style

Figure 11: Visualizing reward misalignment: cases where higher reward values are assigned
even though the model fails to correctly generate the specific conceptual or spatial re-
quirements of the prompt. All images are generated with SDXL. The upper row shows
missalignment to ImageReward and the lower one to HPSv2.
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L OPTIMIZED SAMPLES

We show some examples of the different methods we investigate in this paper in Figure 12
after optimizing SDXL with HPSv2 for 20k NFE. All prompts are contained in DrawBench.

p TRS (OURS) RS y4e} DTS Fast Direct OC-Flow
rompt

Three cats
and two dogs
sitting on
the grass.

A photo of a
confused
grizzly bear
in calculus
class.

A 1960s
yearbook
photo with
animals
dressed as
humans.

Five cars on
the street.

A panda
making latte
art.

Rainbow
coloured
penguin.

An emoji of
a baby panda
wearing a
red hat,
green gloves,
red shirt,
and green
pants.

A storefront
with 'Google
Brain
Toronto’
written on it.

A zebra
underneath a
brocceoli.

Figure 12: Visualizing some examples of experiment 3 for all methods with SDXL. The first
4 rows are optimized with ImageReward and the lower 5 rows with HPSv2.
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