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Abstract. Diffusion models generate conditional samples by progres-
sively denoising Gaussian noise, yet the denoising trajectory can stall at
visually plausible but low-quality outcomes with conditional misalign-
ment or structural artifacts. We interpret this behavior as local optima
in a surrogate quality landscape: Once early denoising commits to a sub-
optimal global structure, later steps mainly sharpen details and seldom
correct the underlying mistake. While existing inference-time approaches
explore alternative diffusion states via re-noising with fixed strength or
direction, they exhibit limited capacity to escape steep quality plateaus.
We propose Controlled Random Zigzag Sampling (Ctrl-Z Sampling), a
scalable sampling strategy that detects plateaus in quality landscape
via a surrogate score, and allocates exploration only when a plateau is
detected. Upon detection, Ctrl-Z Sampling rolls back to noisier states,
samples a set of alternative continuations, and updates the trajectory
when a candidate improves the score, otherwise escalating the explo-
ration depth to escape the current plateau. The proposed method is
model-agnostic and broadly compatible with existing diffusion frame-
works. Experiments show that Ctrl-Z Sampling consistently improves
generation quality over other inference-time scaling samplers across dif-
ferent NFE budgets, offering a scalable compute-quality trade-off. Code
available at: https://github.com/ShunqiM/Ctrl-Z-Sampling.

Keywords: Diffusion Models - Sampling Strategies - Inference-Time
Scaling

1 Introduction

Diffusion models are a powerful class of generative models, achieving state-of-the-
art performance across a wide range of generative tasks, including image [45,/48],
video [31123], text [34], audio [16,31], 3D object |46], along with a growing number
of domains [41/6,27,64]. These models gradually transform Gaussian noise into
data samples through an iterative denoising process [21,/55,[56]. Modern variants
are typically designed to accept conditional inputs, enabling guided generation
based on labels, texts, or other structured signals [2}/59,/67].
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Fig. 1: We introduce Ctrl-Z Sampling, a diffusion sampling strategy that scales with
compute to improve generation quality. Under comparable budgets, it outperforms
inference-scaling baselines such as Search-over-Path (SOP). For the prompt “Library
on a flying whale’s back”, SOP produces misaligned compositions (red), while Ctrl-Z
generate prompt-consistent (green) output as compute increase from 3 to 9 NFEs.

Despite their strong generative performance, diffusion models often exhibit
semantic misalignment or global inconsistency in conditional generation. Taking
image generation as an example, the denoising process is an iterative refine-
ment procedure on the data manifold. In practice, this refinement can stagnate
in suboptimal regions where the current sample already looks locally plausible
but remains semantically flawed (e.g., missing objects, incorrect relations, or
anatomically implausible details). We refer to this sampling stagnation or col-
lapse as converging to a local optima in a conceptual sample quality space, where
quality reflects how faithful, structurally correct, and well aligned the image is
with the text condition. This notion of optimality is defined by a quality objective
rather than the diffusion model likelihood. Such failures are commonly triggered
by misaligned initial noise, which misguides the trajectory toward outputs that
are visually compelling but misaligned with the intended condition [63].

Some existing works mitigate these failures by reinforcing conditional infor-
mation during sampling. Classifier-free guidance (CFG) [22| amplifies the con-
ditioning signal, while other approaches alternate conditional denoising with
unconditional inversion steps to trade off plausibility for improved con-
ditioning. These strategies can strengthen conditional influence, yet their inter-
vention is often loosely controlled and may be insufficient when progress stalls
on broad plateaus. Recent test-time scaling methods allocate additional infer-
ence compute via score-guided exploration, for example applying small muta-
tions to the current state or re-noising for a fixed number of steps before re-
denoising . However, exploration is typically shallow, so escaping
steep or broad local optima often requires substantially increasing the explo-
ration budget. Moreover, exploration is commonly applied at every step or at
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preset intervals, which can spend compute broadly while still failing to trigger
sufficiently non-local moves when stagnation occurs. As a result, these methods
can be impractical for local inference settings.

In this paper, we propose Controlled Random Zigzag Sampling (Ctrl-Z Sam-
pling), a diffusion sampling strategy that alleviate above issues and delivers
consistent quality gains across different NFE budgets (as shown in Figure .
Specifically, Ctrl-Z Sampling escapes local optima through randomized back-
ward exploration into adaptively noisier timesteps. Ctrl-Z Sampling detects po-
tential local maxima using a stagnation criterion on the preference scores from a
reward model, which we use as a surrogate for conceptual sample quality. Upon
detection, it injects noise and reverts to an earlier, noisier timestep to explore
beyond the current quality plateau. The reward model evaluates each candidate
state, and Ctrl-Z Sampling accepts only those that yield more promising future
trajectories. When no improvement is found, Ctrl-Z Sampling retreats to deeper
noise levels to increase the chance of escape. Overall, Ctrl-Z Sampling induces
a controlled zigzag trajectory that alternates between forward refinement and
backward exploration, improving both condition alignment and visual quality.

Ctrl-Z Sampling is broadly applicable across diffusion backbones. Exper-
iments on text-to-image benchmarks show that Ctrl-Z Sampling consistently
improves generation quality across multiple metrics under low-budget NFEs,
providing a controllable quality-compute trade-off via its exploration strength.
This suggests Ctrl-Z Sampling as a practical test-time scaling alternative for
single-device, per-sample inference, where large candidate pools or extreme NFE
budgets are often infeasible. To summarize, our key contributions are:

— We interpret conditional diffusion sampling as a hill-climbing-like process in a
surrogate sample-quality space, and empirically show that existing strategies
can stall on broad plateaus that exhibit conditional misalignment or global
inconsistency due to insufficient exploration depth.

— We propose Controlled Random Zigzag Sampling (Ctrl-Z Sampling), a reward-
guided diffusion sampler with controlled explorations for adaptive deeper
exploration, enabling escape from local optima during generation.

— We conduct extensive experiments demonstrating that Ctrl-Z Sampling sub-
stantially improves text-to-image generation quality. Results show that, un-
like search methods relying on numerous shallow trials across many di-
rections, Ctrl-Z Sampling achieves better exploration efficiency by making
fewer, progressively deeper steps in the generation landscape.

2 Related Works

2.1 Diludion Models Inference Techniques

Diffusion models generate data by gradually transforming Gaussian noise into
structured samples through iterative denoising [21}[55[56], with both U-Net-
based [45148L/50] and Transformer-based architectures [33}/44] achieving strong
results across modalities. However, training or finetuning remains costly, and
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constrained by computational demands|[12,58]. To address these challenges, vari-
ous inference-time techniques have been proposed to enhance conditional genera-
tion [9]. Classi er-free guidance (CFG) [8/22] contrasts conditional and uncondi-
tional predictions to improve alignment, though at the risk of delity loss. Others
guide generation by modifying attention maps during sampling [%, 14,24, 36], but
these can struggle with abstract or global conditions. While pruning techniques
for di usion models facilitate e cient inference by reallocating saved compute

to additional denoising steps for enhanced generation quality [13,32,53], they do
not improve per-step denoising quality independently. More recent methods ex-
ploit the sensitivity of generation to noise initialization, leveraging information
leakage from noisy priors|[11,38] and developing strategies to optimize or select
noise vectors |[17, 42, 51, 57, 63, 0], or inject low-frequency condition cues [18].
However, guided optimization of noise latents can be ine cient and may also lead
to degenerate solutions by collapsing the denoising process. In contrast, Ctrl-Z
Sampling improves conditional alignment without retraining or costly optimiza-
tion by adaptively enhancing exploration strength, enabling escape from broad
local maxima and improving generation quality at inference.

2.2 Diusion Sampling Strategies

DDPM [21] introduces di usion sampling as a stochastic reverse process, which
DDIM [56] later reformulates as a deterministic ODE for faster inference. Build-
ing on this, recent methods such as DPM-Solver| [39], UniPC| [69], and AYS
[49] improve both e ciency and quality through high-order ODE solvers and
adaptive step sizes, while some other work incorporates directional guidance
[7,15/60, 66]. Later works improve sampling quality via latent-space inversion
or zigzag explorations [1, 40, 65]. In parallel, guided search by reward models
has been explored via particle-based sampling [29, 35] and beam search [43].
More recent e orts extend these toward test-time scaling in di usion mod-
els [19,41, 47,54, 68], aiming to e ectively improve sampling performance with
more function evaluations. However, these approaches primarily focus on enlarg-
ing the candidate pool through shallow, local perturbations, often neglecting the
role of exploration depth and thus remaining vulnerable to local optima. In con-
trast, concurrent works [26, 68] adopt DFS-style search strategies that roll back
di usion states to signi cantly earlier, noisier timesteps, increasing exploration
depth but requiring costly re-denoising from these deeper noise levels. In con-
trast, Ctrl-Z Sampling mitigates this by applying controlled exploration only
upon detecting stagnation, and adaptively increases inversion depth until im-
provement is found, avoiding unnecessary computation elsewhere. Additional
relevant sampling and scaling methods are discussed in the Supp. Section A.

3 Preliminaries

3.1 Diusion Process

Di usion models are generative frameworks that synthesize data by progressively
denoising a sample drawn from a Gaussian prior. Let N represent the standard
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normal distribution and D denote the target data distribution. Starting from a

noise sample ¥ N, a sample x ¢ 2 D is generated through a sequence of T

denoising steps, conditioned on x and auxiliary prompt c: Xxg = (X T1;cC); where
denotes the sampling procedure, which may be stochastic or deterministic.

3.2 Deterministic Sampling with DDIM

We adopt the DDIM sampling framework [56], which enables e cient and deter-
ministic generation by removing stochasticitybfrom the denoising process. Given
a prede ned noise schedule f,gl, ,let = }:1 (1 i) denote the cumulative
product. The generation process is decomposed into T successive mappings:

Xg= 1 2 T(xT;0); 1)

where each mapping ! transforms x; into x;; using the predicted noise ! (x; c):

Xt pl

- .- P t '(xge) P
Xi1 = (x;€) = t1 p— +
t

1 1 ‘(xgo)
@)
Note the term in DDIM is zeroed and omitted for determinism. The un-
scaled rstterm in Equation (2) is a Tweedie-style posterior-mean estimation [10]
of the clean sample corresponding to x which we denote as:

p

1 Y(x¢;C
24 (xi;0) = 2 p— (1),
t

®3)

This intermediate estimate serves as a useful proxy for the nal output and is
used in our method to assess semantic alignment via a reward model. Although
t formally returns only xy; , we compute and reuse 31 jointly for e ciency.

3.3 Latent Inversion

DDIM de nes a deterministic denoising trajectory but lacks an explicit inversion
re-noising mechanism. To reintroduce noise in a controlled manner, we de ne an
inversion operator (X ¢; ), which simulates a forward transition from x ; to a
noisier latent state (or pixel-space state, for pixel di usion models) x. using:

r r

X = (X ;)= " oxe+ 1 4)
t t

where = Qit:1 (L i) is the cumulative noise schedule inherited from the
original di usion process, and N (0;1) a random noise.

This operator enables transitions into higher-noise manifold of the latent
space while retaining denoising progress. It provides a mechanism for test-time
exploration that perturbs the generation trajectory without completely discard-
ing previously accumulated semantic structure.
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Fig. 2: lllustration of di erent sampling strategies during the di usion process. The

di usion trajectory is depicted as ascending a rugged, conceptual quality landscape for
sample quality and condition alignment, measured by a surrogate score. Each strat-
egy begins with a standard denoising update (red), followed by either a single or
multiple inversion explorations. The selected/executed inversions are marked in blue,

while discarded ones are in cyan. The accepted inversion is followed by a forward
conditional denoising step (green). Subsequent steps are omitted and shown in gray.

Unlike prior methods, the proposed Ctrl-Z Sampling adaptively increases exploration

strength through larger inversion steps when local perturbations fail to reveal improved

trajectories, enabling escape from broader local maxima. N denotes the number of in-
version candidates per exploration stage.

4 Methods

In this section, we rst develop the intuition for Ctrl-Z Sampling through a hill-
climbing-like view in surrogate quality space in Section 4.1, and then present its
technical details; the full procedure is summarized in Algorithm 1.

4.1 Denoising Trajectories in Surrogate Quality Space

As illustrated in Figure 2, we analyze deterministic sampling trajectories through
a surrogate quality objective. Conceptually, we posit a quality functional Q(X; c)
and approximate it with an o -the-shelf scorer R(x; c). At step t, sampling yields
a clean prediction k\g) and a score f = R(R 5,0 ; €), forming a trajectory fr (g, over
timesteps. In practice, the score trajectory often plateaus: the sample remains
visually plausible under the base model, yet fails to improve under R. We refer
to such plateaus as local optima in surrogate quality space, meaning that within a
bounded exploration budget the nearby continuations explored from the current
state do not yield su cient score gains. From this perspective, standard deter-
ministic sampling behaves like a greedy local search that can become trapped
on broad plateaus (as visualized in the trajectory analysis in Supp. Figure 8).
In the illustrated example, Resampling [40] applies a random, shallow random
inversion to perturb the state and probe nearby alternatives, which may be in-
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Algorithm 1 Ctrl-Z Sampling

1: Input: Denoising operator t, clean sample estimate ® él (x ¢ ; ), inversion operator (x t )
condition c, total steps T, reward model R, exploration window , accept threshold , max

inversion depth d max , max number of candidates N.

2: Output: Final image estimate x 0

3: Sample Gaussian noise x T

4: Initialize reward score r  pey 1

5: fort=T to 1 do

6. xu Yxeie), ket % ot (xe5c0) # Equation (2, 3)
7. ift>T then

8: roR(IE® )

9: if r r pes + then

10: Torev T

11: else

12: inversion_step 1, best_score r, best state x 1
13: while inversion_step d max do

14. min(inversion_step; T 1)

15: fori=1to N do

16: Sample  N(0;1)

17: e x ) # Inversion step
18: fork=t+ totdo

19: 1 K (ex s ©)

20: end for

21: Estimate ® o' %2 ' (x¢;c)

22: Feand R §Y)

23: if I cana > best_score then

24 best_score r cang ; best state x 1
25: end if

26: end for

27: if best_score 1 pey + then

28: break from search

29: end if

30: inversion_step inversion_step + 1

31: end while

32: Xt1  best_state, r ey best_score

33: end if

34:  endif

35: Xt X 11

36: end for

37: return x o

su cient when the plateau is broad. Z-Sampling [1] performs inversion biased by
an unconditional trajectory and then re-applies conditional denoising, repeatedly
re-injecting the prompt signal. SOP [41] extends Resampling by scoring multiple
candidates, but uses a xed exploration depth, which limits its ability to escape
wider plateaus. In contrast, Ctrl-Z Sampling adaptively adjusts the strength of
latent perturbation based on reward feedback. When shallow exploration fails,
Ctrl-z Sampling incrementally expands its search radius, enabling escape from
both narrow and broad local maxima while preserving output quality.

4.2 Controlled Random Zigzag Sampling

To enable conditional di usion models to escape local optimal, we propose a
reward-guided sampling strategy that incorporates controlled backward explo-
ration. Our approach detects potential suboptimal states using a reward model,
then dynamically perturbs the latent trajectory (i.e., the sequence of interme-
diate latent states x; produced by DDIM sampling) through guided inversion
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steps of increasing strength. This process forms a zigzag trajectory in the latent
space, alternating between conditional re nement and noise-space exploration.

4.3 Local Maxima Detection

At each selected step t, the clean sample estimate(t,k{ is computed from the

current latent state x; using Equation (3), and its quality is evaluated by a

reward model R(c;®* ) that assigns a scalar score to the candidate state. A
local maximum is detected when the current reward fails to improve over the
most recently accepted score by at least :

R(C;k‘él )<r prev t 5)

where denotes the acceptance threshold. By default, = 0 enforces non-
decreasing reward over time. governs the minimal improvement required for
a candidate to be accepted. A positive suppresses trivial gains and promotes
robustness in candidate selection, while 0 allows more permissive updates,
including those with marginal or slightly lower reward values, which may carry
a higher risk of degraded outputs. This criterion provides a simple yet e ective
signal for identifying local maxima during sampling. However, relying on a xed
o set from the prior best can rigidly penalize high-reward plateaus, especially
when is large. Designing more exible criteria such as relative thresholds or
global reward schedulers could mitigate such cases and improve adaptability. We
leave such extensions to future work.

4.4 Controlled Latent Inversion

To escape from a detected local maximum, we apply the inversion operator
(X t; ;) (de ned in Equation (4)) to perturb the current latent x toward a
higher-noise state x. . The step size 2 N corresponds to discrete timestep in-
dices in the DDIM schedule, where smaller values induce mild perturbations and
larger values enable broader exploration. This controlled noise injection serves
as a test-time search mechanism that reintroduces uncertainty while preserv-
ing structural information acquired during prior denoising, thereby enabling the
model to explore nearby alternative trajectories e ectively.

4.5 Candidate Selection and Adaptive Inversion Step

After applying the inversion, the model resumes forward denoising from %
to x;1 using standard conditional DDIM steps K(;c) for k = t+ ;:::;t.
The resulting candidate X} is then evaluated by the reward model. At each
iteration, N candidates are generated using distinct noise vectors , and the
one with the highest reward is selected. If its score exceeds the most recently
accepted reward by at least a threshold , the update is accepted.

Otherwise, the inversion step size is incrementally increased (e.g., from
1 to dmax), €nabling progressively stronger perturbations to search for better
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trajectories. This de nes a greedy yet adaptive hill-climbing strategy: the search
proceeds until a satisfactory candidate is found or the maximum inversion depth
is reached. If no improvement beyond the threshold is identi ed, the best can-
didate observed during the search is retained, promoting stability while often
yielding results comparable to or better than the default forward step.

The inversion depth can be unbounded with ¢, = 1, and the candidate
budget N per step guarantees termination. The candidate evaluation process is
inherently parallelizable since each candidate trajectory is conditionally inde-
pendent until selection, thus can be e ciently distributed across computational
resources, supporting scalable inference with minimal overhead.

Empirically, at early timesteps (e.g., t = 600=1000), the DDIM update al-
ready assigns substantial weight (above 0.02) to the clean estimate(t))‘% via
Equation (2), meaning x;1 is strongly in uenced by kél . As a result, much
of the image's low-frequency structure is established early, making later correc-
tions less e ective. Therefore, Ctrl-Z Sampling restricts exploration to the rst

where trajectory perturbations can still meaningfully in uence global structure.

5 Experiments and Results

5.1 Experiment Settings

We evaluate our method on three representative text-to-image benchmarks:
Pick-a-Pic [30], DrawBench [50], and T2I-CompBench [25] covering real-

world diversity, compositional complexity, and large-scale open-world scenarios.
Evaluations are conducted using four metrics: HPSv2 [61], PickScore [30],
ImageReward (IR) [62], and Aesthetic Score (AES) [52]. All experiments

are conducted on SD-2.1-base [14] and Hy-DiT [37]. We use T = 50 inference
steps with CFG (scale 5.5), an exploration window = 40, N = 4 candi-
dates, dnax = 3, = 0, and ImageReward as the reward model. We com-
pare Ctrl-Z Sampling against standard DDIM, Resampling [40], Z Sam-

pling [1], and SOP [41] under settings with comparable number of function
evaluations (NFEs), which is reported as the average number of denoiser for-
ward passes per denoising step. Unless speci ed otherwise, Ctrl-Z uses the above
default setting; in the main results we denote this default as Ctrl-Z? and the
low-NFE variant as Ctrl-Z Y, where =30, N =2, and d nhax = 3. More details
are available in the Supplementary Section B.

5.2 Quantitative Evaluations

The quantitative results in Tables 1 and 2 show consistent improvements over
baselines brought by Ctrl-Z Sampling. In particular, our method achieves signif-

icant gains on ImageReward across both Pick-a-Pic and DrawBench. Compared
to SOP, which also relies on ImageReward, Ctrl-Z Sampling achieves higher
HPSv2 and PickScore, indicating stronger improvements in human-aligned image
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Table 1: Quantitative results of sampling methods on Pick-a-Pic and DrawBench, eval-
uated using four human-aligned metrics. Results are reported for both Stable Di usion
2.1 and Hunyuan-DiT, along with average number of function evaluations (NFES). y
and z indicate Ctrl-Z variants with di erent exploration parameters, demonstrating
performance under varying NFEs.

Pick-a-Pic" DrawBench"
Method HPSv2 AES PickScore IR |HPSv2 AES PickScore IR |

Stable Diusion 2.1
DDIM 25.34 5.649 20.67 0.194| 2490 5410 21.39 0.04¢6 1.00
Resampling 26.00 5.648 20.78 0.322 2549 5.385 21.52 0.205 2.00
Z-Sampling 26.29 5.653 20.71 0.346 25.95 5465 21.47 0.296 3.00
SOP-1 26.34 5.684 20.85 0.73525.78 5.426 21.64 0.637 3.00
SOP-4 27.23 5700 21.12 1.113 26.72 5.469 21.89 1.008 9.00
Ctrl-Zz ¥ 26.44 5.686 20.88 0.720| 26.15 5.476 21.68 0.650| 2.77
Ctrl-Z * 27.34 5705 21.02 1.138|26.73 5501 21.84 1.025| 7.72

NFEs #

Hunyuan-DiT
DDIM 30.22 6.324 2215 1.071) 28.90 5.930 22.47 0.827 1.00
Resampling 30.20 6.338 22.14 1.112 28.70 5.912 2249 0.904 2.00
Z-Sampling 30.10 6.398 22.18 1.111] 28.60 5.997 22.49 0.899 3.00
SOP-1 30.56 6.333 2219 1.23228.77 5902 2250 1.102 3.00
SOP-4 30.81 6.303 22.22 1.444 2949 5942 2258 1.246 9.00
Ctrl-z ¥ 30.69 6.310 22.24 1.214| 29.27 5.906 2251 1.067| 2.85
Ctrl-z * 30.91 6.325 22.30 1.441|29.79 5.908 22.62 1.319| 8.79

Table 2: Quantitative results of di erent methods on T2I-CompBench.

Stable Di usion 2.1 " | Hunyuan-DiT "
Method Color Shape Texture Spatial Numeracy \Color Shape Texture Spatial Numeracy
DDIM 46.27 41.01 46.06 13.80 46.44 66.46 44.32 60.06 24.18 53.99
Resampling 48.67 40.99 47.46 14.21 46.76 68.86 48.58 60.86 25.29 54.06
Z-Sampling 50.38 42.19 48.84 13.65 47.77 68.80 48.51 60.46 22.89 54.27
SOP-1 53.85 45.00 51.53 18.25 50.81 71.01 49.11 63.33 21.00 54.51
SOP-4 59.64 48.91 60.56 16.97 52.85 73.74 53.74 64.85 21.78 57.58
Ctrl-z ¥ 58.65 47.10 57.75 18.55 51.83 71.10 51.59 63.76 21.13 56.35

Ctrl-Z * 61.26 53.97 62.24 19.29 53.73 73.77 5499 66.45 25.43 56.69

quality. The smaller gain on ImageReward itself is likely due to SOP's always-on
search strategy, which repeatedly optimizes the surrogate ImageReward score at
each step and thus over-optimizes the reward model without consistently im-
proving overall quality. Table 2 shows that Ctrl-Z Sampling performs well on
CompBench, whose prompts emphasize object relationships and visual attribute
binding. Ctrl-Z Sampling adaptively increases exploration strength to revisit
and escape early-stage plateaus that lock in coarse suboptimal layout. In con-
trast, prior methods rely on xed perturbations and struggle to revise suboptimal



Ctrl-Z Sampling 11

trajectories once coarse structures are formed. We leave some further analysis
on the results in Supplementary Section C.1.

Importantly, Ctrl-Z provides a simple test-time scaling scheme with a con-
trollable compute quality trade-o . By tuning exploration depth and width, it
can operate in a low-cost regime at roughly 3 NFEs that exceeds other base-
lines across most metrics, while increasing the budget to about 7 9 NFEs yields
further improvements. Compared to SOP at similar budgets, Ctrl-Z achieves
comparable overall performance with fewer NFEs, and its adaptive depth esca-
lation enables deeper exploration when shallow candidates fail. At comparable
NFE budgets, Ctrl-Z bene ts from adaptive inversion depth, enabling deeper
trajectory revisions than xed-depth exploration and resulting in consistently
stronger performance across both small and large compute regimes.

Results on both SD2.1 and Hy-DiT con rm the e ectiveness of Ctrl-Z Sam-
pling across U-Net and Transformer based di usion models, showcasing its com-
patibility with major frameworks. While our experiments focus primarily on la-
tent di usion, the hill-climbing intuition naturally extends to pixel-space models
such as EDM [28], where denoising similarly seeks regions of less noise, higher
quality, and better alignment with the input conditions. We expect Ctrl-Z Sam-
pling to remain e ective in such settings, leaving direct validation to future work
due to computational constraints.

5.3 Ablations

The following sections include ablation experiments on the e ectiveness of vari-
ous design and hyper-parameters used in Ctrl-Z Sampling. Additional ablation
experiments regarding the max inversion steps, accept threshold, the exploration
initiation criteria, and the e ect of exploration window can be found at the Sup-
plementary Section C.

Scaling E ect of Exploration Depth and Width. We investigate how the
maximum exploration depth dmax and the number of candidates N per inversion
step a ect generation quality across evaluation metrics (We x as 30 here for
e ciency concerns). As shown in Figure 3, increasing ¢hax improves performance
across most metrics, which is consistent with enabling revisions to suboptimal
early trajectory decisions, while increasing N raises the chance of identifying
a higher-scoring alternative at each triggered step. Overall, depth and width
complement each other in improving alignment and perceived quality.

We observe that deeper exploration can reduce reliance on large candidate
sets. When dhax is small, increasing N tends to help by providing more local
alternatives per step. When dnax is large, further increasing N yields less consis-
tent gains, suggesting diminishing returns from widening the candidate set once
the method can already escape via deeper inversions. Under comparable NFEs,
deeper-but-narrower settings often outperform wider-but-shallow settings, as in-
dicated by points with similar colors in Figure 3. This supports the importance
of adaptive depth escalation for compute-e cient scalable inference.



12 S. Mao et al.

Fig. 3: E ect of exploration depth (d max) and candidate width (N). Each marker
aggregates results over the same prompts and seeds for a xed (gax ; N). Lighter colors
indicate higher realized average NFEs. Ctrl-Z Sampling bene ts from both deeper
and wider exploration, with increased depth sometimes yielding stronger gains than
additional candidates under similar NFEs. Comparisons are best viewed zoomed in.

As exploration budgets increase, improvements are consistent across most
metrics. AES is a partial exception, since it measures aesthetic preference that
is not directly optimized by ImageReward-based selection, and therefore may
correlate less with the exploration objective that measures the conditional align-
ment and structure correctness. While larger-scale settings are beyond the scope
of this study due to resource constraints, the observed trends suggest that Ctrl-Z
Sampling can scale e ectively by trading o depth and width.

Choice of Reward Model. We evaluate the impact of di erent reward models
using all employed metrics and also CLIPScore [20], with results presented in
Table 3. Compared to the DDIM baseline reported in Table 1, Ctrl-Z Sampling
improves most metrics under a wide range of surrogate reward choices, indicating
that its e ectiveness is not tied to a speci ¢ scorer. Crucially, for each surrogate
reward, the remaining evaluation metrics are held out from the exploration loop.
The predominantly positive changes on these non-optimized measures across
both benchmarks indicate that Ctrl-Z Sampling improves generation quality
beyond simply maximizing the selected scorer.

In particular, using AES as the reward model increases aesthetic scores, but
has limited impact on alignment-sensitive metrics since it does not evaluate con-
dition faithfulness. Among CLIP-derived scorers, PickScore tends to outperform
CLIPScore when used for exploration, while overall PickScore and ImageReward
yield stronger results than other tested objectives.

We adopt ImageReward in the main experiments due to its broad applica-
bility, e ciency, and reduced benchmark coupling, since PickScore is trained
on data closely related to Pick-a-Pic. Notably, the choice of R also a ects real-
ized NFEs by changing the trigger and acceptance dynamics, yielding di erent
compute performance pro les. While [41] suggests that combining multiple re-
ward models can further improve performance, we leave this to future work.

When to Explore. This section evaluates di erent strategies for triggering
zigzag exploration. We compare the proposed reward-based initiation mecha-
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Table 3: Ablation results on exploration guided by di erent reward models and explo-
ration initiation criteria. PS and IR denote PickScore and ImageReward, respectively.
Best results are bolded; second-best are underlined.

Pick-a-Pic" DrawBench"

NFEs #
Method HPS v2 AES PS IR \HPS v2 AES PS IR
Reward Model for Controlled Exploration
CLIPScore 26.59 5.614 20.97 0.573 26.29 5.333 21.70 0.483 11.75
HPS v2 27.39 5.723 21.050.503| 27.14 5.503 21.80 0.478 3.44
AES 26.29 6.147 20.87 0.306| 25.54 5.902 21.62 0.231] 11.17
PickScore 27.51 5.763 21.69 0.589 | 27.12 5.497 22.38 0.573 7.01
ImageReward 27.34 5.705 21.02 1.138| 26.73 5.501 21.84 1.025 7.72

Exploration Initiation Criteria
Always (p =1:0) 27.86 5.737 21.10 1.317 | 27.17 5.482 21.911.174 | 16.72
Random (p =0:5) 27.00 5.713 21.03 1.062| 26.71 5.469 21.83 0.90 7.81
Reward-Based 27.34 5.705 21.02 1.138| 26.73 5.501 21.84 1.025 7.72

nism, which activates exploration upon detecting a reward plateau, against two
baselines: Always, which performs exploration at every denoising step, and Ran-
dom, which triggers exploration at each step with probability p = 0:5.

As shown in Table 3, the Always strategy yields the highest generation quality
but incurs substantial computational overhead, averaging 16.720 NFEs. In con-
trast, the reward-based strategy attains competitive performance at much lower
cost (7:72 NFEs), o ering a stronger quality compute trade-o . The Random
strategy provides modest quality gains with a similar computational budget
(7.810 NFESs), though the probability can be exibly tuned to interpolate per-
formance between never and always exploring. Overall, the proposed strategy
delivers improved sampling quality relative to cost and remains more e cient
than the Always strategy. Notably, all three strategies are e ective within the
Ctrl-Z Sampling framework and can be selected based on the desired trade-o
between performance and inference cost.

5.4 Sample Diversity Analysis

Reward-guided inference-time scaling can potentially improve precision by con-
centrating probability mass on a smaller set of high-scoring outputs, at the cost
of reduced sample diversity. We therefore evaluate distributional quality and di-
versity on a COCO subset with 2k images using Stable Diusion 2.1. Table 4
reports FID, precision, recall, and LPIPS under the default DDIM sampler and
two Ctrl-Z con gurations with increasing inference budgets.

As the inference budget increases, Ctrl-Z improves both distributional qual-
ity and precision. Importantly, these gains are not accompanied by systematic
diversity degradation: LPIPS remains slightly above the DDIM baseline, while
recall stays close to the baseline across both Ctrl-Z con gurations. This sug-
gests that the precision improvements primarily arise from better visual quality
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Table 4: Sampling diversity analysis on COCO-2k with Stable Di usion 2.1. Ctrl-Z
improves distributional quality and precision while preserving diversity close to the
DDIM baseline.

Method FID# Precision" Recall" LPIPS" NFEs#

DDIM 40.22 71.20 55.85 75.00 1.00
Ctrl-z ¥ 40.10 73.95 54.80 75.71 2.71
Ctrl-Z * 39.98 75.10 55.20 75.54 7.54

and prompt alignment, rather than from a monotonic precision recall trade-o
caused by mode concentration.

This behavior is consistent with the design of Ctrl-Z. Unlike methods that
draw a large pool of independently completed samples and apply nal best-of-
(N) reranking, Ctrl-Z performs bounded trajectory-level selection only when the
reward trajectory reaches a plateau. Its exploration therefore revises locally sub-
optimal denoising paths rather than globally Itering outputs toward a narrow
set of reward-preferred modes. Within the evaluated compute range, the im-
provements in precision primarily re ect better visual quality and prompt align-
ment, while preserving intra-prompt diversity comparable to standard DDIM
sampling.

5.5 Qualitative Evaluations

Figure 4 presents qualitative comparisons between baseline methods and the
proposed Ctrl-Z Sampling. Ctrl-Z Sampling produces outputs that are both
visually coherent and semantically aligned with input prompts, as re ected in
examples involving spatial relations, numeracy, color, and action understand-
ing. In contrast, baseline methods often produce results that are either seman-
tically misaligned with the prompt or lack visual coherence. While SOP can
improve image quality by incurring a larger candidate pool, we observe failures
in challenging cases. The xed exploration strength makes SOP vulnerable to
low-frequency errors in the latent space, leading to local reward gains from ob-
ject presence. Consequently, the trajectory often converges to visually plausible
but semantically imprecise states (e.g., cat and vase or blue and bear). In
contrast, Ctrl-Z Sampling adaptively increases exploration strength, allowing
the model to escape such traps and generate more aligned content with distinct
low-frequency components. These ndings underscore the e ectiveness of Ctrl-
Z Sampling in escaping suboptimal generations through adaptive exploration.
Further qualitative examples and analysis can be found at Supp. Section F.

6 Conclusion

We present Ctrl-Z Sampling, an inference-time scaling sampling strategy for dif-
fusion models that improves text-to-image generation by escaping plateaus and
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