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Abstract

Conditional diffusion models can generate high-quality images that align closely with a given
prompt. However, samples generated from different random seeds may remain visually similar,
limiting creative exploration. Existing approaches can increase variation, but often require addi-
tional optimization or sampling overhead, while stronger perturbations may introduce distortions
that degrade image quality or prompt alignment. We propose a training-free method that leverages
the local pullback geometry induced by the mapping from the conditioning-embedding space to the
image space to identify directions of maximal output sensitivity. By steering different sampling tra-
jectories along these directions, we encourage distinct generations while maintaining consistency
with the conditioning signal. Experiments on MS-COCO and BrushNet show the efficacy of the
method in improving diversity on prompt-conditioned image generation and inpainting.

1. Introduction

Recent advances in diffusion models [12, 20, 23-25], have enabled text-to-image systems to gen-
erate visually compelling images that closely follow natural-language prompts. However, image
quality and conditional alignment do not fully characterize a generative model. For a fixed condi-
tion, the model should also represent diverse valid outputs.

In practice, trajectories may concentrate around the same dominant modes of the conditional
distribution, resulting in semantically redundant outputs. This limited coverage increases the cost
of obtaining a diverse set of samples. Inverse problems like image inpainting[13] further constrain
diversity, as only a small masked region is generated.

Many methods consider postprocessing steps that require many more gradient calculations, typ-
ically fine-tuning either the score model or the initial noise distribution to optimize a measure of
diversity. Alternatively, inference-time methods based on sequential Monte Carlo can introduce di-
versity by drawing many samples and iteratively resampling to enforce a final distribution with high
diversity. Both these methods suffer from substantially increased time complexity, either during
fine-tuning or during inference. In this work, we therefore seek to answer:
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How can a pretrained diffusion model generate high-quality, diverse samples without fine tuning or
sampling prohibitively many particles?

We propose an efficient guidance method to encourage diverse samples. Namely, for a given
prompt and possible inpainting mask, we require only a constant number of Jacobian evaluations
(as few as one) from which we can generate an arbitrary number of diverse samples that are con-
ditioned by the text and/or mask. We demonstrate improved performance on diversity metrics over
comparable baselines operating in the regime of no fine-tuning and cheap inference.

2. Preliminaries

Diffusion Models. We consider Denoising Diffusion Probabilistic Models (DDPM), which define
a forward process that gradually corrupts samples from the data distribution with Gaussian noise
[12]. Given a clean image xg ~ Pdata, the forward Markov chain is defined as

T
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where a; = 1 — B; and {3;}]_, denotes a predefined noise schedule. We let a; = H’;zl .

For a sufficiently long diffusion process, x7 approaches an isotropic Gaussian distribution. Given
a network ey trained to predict the noise used to generate x; conditioned on the condition ¢, the
reverse process is modeled by
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The predicted noise can then be used to estimate the original clean image at any timestep. Using
Tweedie’s formula, the denoised estimate is
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It therefore defines a differentiable mapping from the current noisy state to an estimate of the final
clean image, which will later be used to construct the pullback geometry.

Inpainting as an inverse problem. In image restoration problems, only a partial or corrupted
measurement y of image zg is available. For noiseless image inpainting, let M € {0, 1}¢ denote
the mask of the observed region, then y = M ® xg. Text guidance controls the semantic content
through ¢, whereas the mask constrains the generated sample to agree with the visible region y.

3. Conditional Pullback Metric

In this section, we introduce a differential geometric framework for identifying directions in the
conditioning space of diffusion models. In Euclidean spaces with a smooth map f : R” — R™, the
pullback metric at z € R"™ evaluated at v € R" is defined as || Jf(,)v||. We therefore seek directions
in the input space that induce proportionally larger shifts in the output space via the top right singular
vectors of J(,). We consider the Jacobian of the noise predictor with respect to condition:
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In the case of image inpainting, we can chain the linear masking process with Tweedie’s formula
to define a Jacobian from the context to the masked portion of the image. Let M,4;; = 1 — M denote
the bit-flipped mask of M, then we can define the linear operator W, acting on image space by

Jc(xta t, C) =

Wrv = Megis © v,

The differential of the masked clean estimate is
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Using the conditional pullback metric, we can infer a subspace that locally produces large vari-
ability in the latent space. Explicitly, we consider span of the top K right singular vectors of
Jacobian JNC = W J.. Since explicitly constructing the condition Jacobian is computationally in-
tractable, we use a sketching method to obtain these directions using only Jacobian-vector products
dominant singular directions [8], for more details see Section B.1.

4. Pullback-informed prompt perturbation

With the top singular vectors, we can identify directions in the prompt embedding space along
which small perturbations induce large changes in the denoising prediction and, consequently, in the
predicted clean latent. We use these directions to diversify the reverse trajectories while preserving
the semantic content of the original condition.

Initialization and trajectory diversification. We first sample a batch of B independent initial
latent variables, Zp = {zg,f) B | with zg) ~ N(0,I), and use the same latent batch for all methods
considered in our experiments. Given the base prompt ¢y, a pullback basis is then estimated from
an anchor trajectory at the reference timestep ¢;. The dominant eigenvectors of the condition-space
metric Gy, = J(L,tb Jeo 1, are partitioned into mutually disjoint subspaces, one for each particle.
Each particle is assigned a persistent direction obtained by projecting a fixed Gaussian field onto its
corresponding subspace. The perturbations are mutually orthogonal and encourage different local

variations of the conditional model. For particle 7, the perturbed condition is therefore written as
ci(t) = co + pivAci,

where Ac; denotes the prompt-relative pullback direction defined in Equation 7, ~y; is the time-
dependent annealing coefficient, and p} controls the particle-specific perturbation strength.

Scheduled perturbation. LetS > E denote the perturbation window in reverse-diffusion timestep
coordinates. We define the annealing schedule as a hard-sigmoid raised to a power p > 0, namely

_ P
v(t; S, F) = max (O, min (1, ;_%)) :

The perturbation is fully active at the beginning of the reverse process, progressively annealed
between S and F, and completely removed afterward. For particle ¢, the condition used at timestep
tisciy = co+ pfy(t; S, E,p) Ac; where Ac; is its assigned pullback direction.
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Table 1: Generation results on MSCOCO 2017 validation captions with five generated images per
caption. Stable Diffusion 1.5 and XL results use all 500 captions. Entries report mean =+ standard
deviation across captions. The best mean within each backbone is shown in bold.

Alignment Diversity

Method CLIP 1 MSS | \ Vendi 1 | DINO Mean |
Stable Diffusion 1.5

Clean DDIM 31.3957 £ 2.4730 0.3359 £ 0.0519 4.6831 £ 0.1971 0.5945 £ 0.1638
CADS 31.2537 £ 2.4253 0.3066 4 0.0433 4.7833 £ 0.1426 0.5469 4+ 0.1628
TPSO 30.9592 £ 2.2941 0.3048 £+ 0.0430 4.7838 £ 0.1464 0.5143 + 0.1729
Pullback (ours) 31.3153 £2.4671 0.3194 £ 0.0501 4.7377 £ 0.1833 0.5663 = 0.1661
Stable Diffusion XL

Clean DDIM 32.0012 + 2.7271 0.3827 £ 0.0583 4.4979 £+ 0.2537 0.6899 £ 0.1571
CADS 31.7740 £ 2.5822 0.3485 4+ 0.0532 4.6320 £ 0.2089 0.6374 + 0.1667
TPSO 31.7017 £ 2.5535 0.3517 4+ 0.0546 4.6141 £ 0.2192 0.6263 + 0.1728
Pullback (ours) 31.4248 £ 2.5511 0.3196 4+ 0.0470 4.7309 £ 0.1636 0.5639 + 0.1785

Adaptive pullback refresh. The pullback basis computed at the reference timestep t; only cap-
tures the local geometry around the current state. Since this geometry evolves along the reverse
trajectory, we update the basis at P intermediate timesteps:

r
P+1

tref xS+ (E - 8), r=1,...,P.
At each refresh timestep, we recompute the dominant eigenspace of the local pullback metric using
the current latent of the anchor particle, and reproject each persistent Gaussian field 7; onto its
refreshed particle-specific subspace. The previous and refreshed directions are interpolated over a

short transition window to avoid abrupt changes in the conditioning trajectory 8.

Particle-specific scale selection. The sensitivity of the condition to response map varies along the
diffusion landscape. Consequently, a single perturbation scale may be too weak for some particles
and too strong for others. We therefore select a particle’s specific scale p; from a finite candidate
set R = {p1,...,par} by using the selection method in B.3.

5. Experiments & Results

For text-to-image generation, we use captions from the MSCOCO 2017 validation [14]. For image
inpainting, we use the BrushBench validation set introduced with BrushNet [13]. We generate
using the Stable Diffusion family of models, comparing our pullback method against baselines of
DDIM, CADS [21], and TPSO [16] with standard metrics of prompt alignment and diversity. Full
details are given in Section C. Tables 1 and 2 summarize the results for image generation and text-
guided inpainting, respectively. Across both tasks, pullback-guided sampling consistently improves
diversity over clean DDIM while maintaining a high level of alignment with the text condition. The
results are particularly good for image inpainting, where the editable region constrains the possible
variations and therefore makes the pullback metric a more significant initial signal.
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Clean DDIM

CADS

Clean DDIM

Figure 1: Qualitative comparison on a BrushBench example with BrushNet-SDXL. Each row con-
tains masked samples (see Figure 2 in the Appendix). Clean DDIM, CADS, and TPSO introduce
local changes, whereas adaptive pullback produces more pronounced variations.

Table 2: BrushBench inpainting results for Stable Diffusion 1.5 and Stable Diffusion XL, with five
images per example. Stable Diffusion 1.5 and XL results use all 500 examples. Entries report mean
= standard deviation across examples. The best result within each backbone is shown in bold.

Alignment Diversity

Method CLIP 1 DINO | | MSS | | Vendi 1
Stable Diffusion 1.5

Clean DDIM 32.0003 + 2.7383 0.8930 £ 0.1094 0.9643 £ 0.0323 1.1746 + 0.1441
CADS 31.9284 £ 2.7278 0.8736 £ 0.1215 0.9594 4+ 0.0367 1.1973 £ 0.1642
TPSO 31.9825 £ 2.7077 0.8807 £ 0.1174 0.9621 + 0.0336 1.1844 £ 0.1490
Pullback (ours) 31.8796 + 2.8055 0.8504 + 0.1336 0.9498 + 0.0414 1.2380 £+ 0.1817
Stable Diffusion XL

Clean DDIM 32.2147 +2.7413 0.9077 £ 0.1001 0.9701 £ 0.0285 1.1488 +0.1273
CADS 32.0407 £ 2.7273 0.8920 £ 0.1102 0.9656 £ 0.0308 1.1692 +0.1373
TPSO 32.1414 £ 2.7285 0.9014 4+ 0.1043 0.9679 + 0.0306 1.1585 £ 0.1372
Pullback (ours) 32.1108 £ 2.7274 0.8788 1+ 0.1246 0.9604 + 0.0343 1.1918 +0.1519

6. Conclusion

We introduced a training-free method for diversity conditional diffusion models through pullback-
informed prompt perturbations. Our method identifies locally expressive directions in the condition-
ing space that induce the largest variation in the image space, by estimating the dominant directions
of the pullback operator. These results demonstrate that the local geometry of the denoiser with re-
spect to condition provides useful directions for diversifying generation without fine-tuning. Future
work will evaluate the effectiveness of pullback directions on other constrained generation tasks.
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Appendix A. Related works
A.1. Image Diffusion Models

Conditional image generation Conditional image generation aims to synthesize realistic images
that satisfy user-specified controls. These conditions may take the form of textual descriptions, ref-
erence images, class labels, segmentation maps, depth maps, or spatial layouts. Diffusion models
have become a dominant framework for this task because of their strong image quality and flexibility
in incorporating heterogeneous conditions. Text-conditioned latent diffusion models introduce se-
mantic information through cross-attention, enabling high-resolution text-to-image synthesis [20],
while classifier-free guidance strengthens alignment by combining conditional and unconditional
denoising predictions [11]. Other approaches introduce image-to-image conditioning [22] or addi-
tional spatial controls such as edges, poses, depth maps, and layouts [26, 27]. These developments
have substantially improved the controllability and fidelity of conditional image synthesis.

Image inpainting Image inpainting consists in reconstructing a missing region of an image while
preserving the visible content and maintaining semantic and visual coherence across the edited
region. Diffusion-based approaches address inpainting either by training models that explicitly
receive the masked image and mask as conditioning inputs or by adapting the reverse process of
a pretrained generative model [13, 15, 17]. These approaches aim to generate plausible content
within the masked region while preserving the observed pixels and maintaining semantic and visual
coherence with the unmasked region.

Diversity image generation Although diffusion models generate samples from random initial
noise, stochasticity alone does not guarantee meaningful diversity under a fixed condition. Differ-
ent initializations may still converge toward semantically similar outputs, particularly when strong
guidance, textual constraints, or spatial observations restrict the reverse process. Recent analyses
therefore emphasize a trade-off between realism, condition consistency, and distributional cover-
age [1], while other work shows that the initial noise can already strongly determine the spatial
organization of the final image [2]. Consequently, producing multiple distinct yet equally valid
completions remains challenging, especially for constrained tasks such as text-guided inpainting.
Existing methods address this limitation through additional training(finetuning diversity methods),
condition perturbations, or interactions between sampling trajectories.

A.2. Fine-tuning diversity methods

Fine-tuning methods enable further training towards a target reward or distributional loss. For a
scalar reward, Adjoint Matching [5] backpropagates through the entire dynamics to improve the
reward while staying close to the original reverse process. This has been generalized as a tool to
promote diversity in the generated distribution in De Santi et al. [4]. Notably, these methods require
expensive sampling through the diffusion model and are therefore no longer simulation-free.

A.3. Inference-Time Diversity Methods

Inference-time diversity methods aim to improve the coverage of the conditional distribution without
retraining the underlying diffusion model. Existing approaches differ primarily in the component
of the sampling process on which they intervene. Condition-space methods modify the condition-
ing signal supplied to the denoising network. CADS [21] perturbs the condition embedding with
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Gaussian noise whose magnitude is progressively annealed throughout sampling, thereby increasing
variation during the early stages of generation. TPSO [16] instead explores underutilized directions
of the token-embedding space through optimized prompt perturbations, while constraining the re-
sulting samples to preserve semantic consistency. Some family directly modifies the source of
stochasticity by optimizing the initial diffusion noise [6, 9] , an others instead construct a joint, non-
i.i.d. distribution sample [3]. Particle Guidance introduces pairwise repulsive interactions during
denoising to prevent particles from converging toward the same modes [3].

Appendix B. Pullback-Informed Prompt Perturbation

Let C’S“ € REXde denote the positive token condition, where d.. is the token-embedding dimension.
After vectorization, the condition belongs to R”, with D = Ld.,..

B.1. Matrix-free estimation of expressive directions

We first follow the clean CFG-DDIM trajectory of one reference particle to a basis-estimation
timestep 3, obtaining ziff. At the fixed state (ziff, ty, Ci), we seek directions in the condition-
ing space that induce the largest local variation in the denoiser output. For a unit direction v, this

variation can be measured by
1 2
S 156G +ev) = (G5, ol =1,

where f,(C) = eg(zgff, tp, C). Using the first-order approximation f,(Cy +¢ev) — f,(Cy ) ~ ey,
the problem of finding the K most expressive orthonormal directions becomes

V*=arg max |JV|% =arg max tr(VTJbTJbV> . (6)
VTV=Ik VTV=Ig
Therefore, by the Rayleigh—Ritz theorem, the columns of V* are the K dominant eigenvectors
of of
Go=J Jy  Jp= =2 :
b b Jb b oC C:C(_)‘_

Equivalently, they are the dominant right singular vectors of .J,. We estimate these directions with-
out explicitly constructing Jj.

fb(Ca_ + 8?)) — fb(Ca_ — 8?})
2e ’
where the second operation is evaluated with a vector—Jacobian product.
To approximate the K dominant eigenvectors, we use randomized block subspace iteration fol-
lowed by Rayleigh—Ritz extraction [8]. We sample 2 € RP*X with Gaussian entries and set

Qo =QR(Q?),  Qr1=QR(GQr), 7=0,...,R—1L

‘We then construct

Jyv ~ Gpv = JJ(Jb’U),

B = % (QEGbQR + (QEG;,QR)T> :

diagonalize B = UAU T, sort the eigenvalues in decreasing order, and lift the resulting vectors back
to condition space:

VZQRU:[Ul,...,UK].

10
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B.2. Fixed disjoint perturbation directions

The basis indices are divided into balanced, mutually disjoint sets Zy,...,Zy. For each particle,
a Gaussian field & ~ N(0,Ip) is sampled once and kept fixed. Its projection onto the assigned
pullback subspace is

di=Y (&veve,  di= :

keZ; Hdl

o

To express the perturbation relative to the magnitude of the original condition, each real token
is scaled by its clean embedding norm:

Ac; = [y lladi, )

where ||C;||2 denote the norms of the token embeddings.

Adaptive pullback refresh For the refresh, the pullback basis and the corresponding directions
are recomputed at intermediate denoising steps. Let d?ld and d}'°" denote the directions before and
after recomputation. To avoid an abrupt change, we interpolate between them over L = 2 steps:

1 — Bg)dod arev L
dZ@ _ (=8 i + By A g =L repa )
H(l—ﬁﬁ)di + Bed; Hz 2
B.3. Particle-specific magnitude selection
We select a particle’s specific magnitude from a finite candidate set R = {p1, ..., pas} at a specific

timestep ¢, before the final sampling run.

For each particle ¢ and candidate magnitude p,,, we compute the predicted clean image Z'; ,, at
t,. We additionally use py = 0 to obtain the unperturbed reference z; o. Semantic diversity between
two candidates is measured using the cosine distance between their DINO representations:

dpvo(z, ") = 1 — cos (¢pvo(z), ¢pvo(z)) ©)

where ¢pino is a frozen DINO image encoder. Prompt alignment is measured by

scrip(x, C) = cos (¢{rp (), ¢érp(0)) (10)

where (ﬁémp and qﬁgmp are the frozen CLIP image and text encoders, respectively.
The particle-specific magnitudes are jointly selected by maximizing the average pairwise DINO
distance while limiting the loss of prompt alignment relative to the unperturbed prediction:

2

(mj,...,mp) € arg 08X BB-1) Z dpiNO (Zim; Tjm,)
mse{ 1. M} i<j
subject to  scLp (Zim;, C) > scup (24,0, C) — dcurp, i=1,...,B

1D
The selected magnitudes are p; = [

11
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B.4. Scheduled reverse sampling

After selecting p;, sampling is restarted from the original initial latents. The perturbation envelope
is

17 tZTS7
ay=4 (=T L rp<i<r
TS_TE ) E S

0, t<Tg.

At each reverse step, the particle-specific positive condition is

Cl,=Cf +alt)piAciy  Cry=Cp .

i i,

The resulting pair is used in the standard CFG prediction, followed by one DDIM update.

Appendix C. Experimental Details

Tasks and datasets For complete text-to-image generation, we use captions from the MSCOCO
2017 validation [14]. For image inpainting, we use the BrushBench validation set introduced with
BrushNet [13]. Each inpainting example contains a source image, a binary edit mask, and a text
condition describing the expected content. We evaluate 500 conditions from each benchmark and
generate five images per condition, resulting in 2,500 generated images for every method on each
task.

Configuration Complete generation is performed with Stable Diffusion 1.5. The inpainting eval-
uation uses the corresponding Stable Diffusion 1.5 and XL BrushNet backbone [13]. We use 50
DDIM sampling steps, classifier-free guidance with scale 7.5, and n = 0. We follow the publicly
available default configurations of the corresponding models.

For every condition, all compared methods receive exactly the same initial latent particles. All
experiments use fixed random seeds to ensure fair and model-consistent comparisons.

Compared methods We compare the following sampling procedures:
* Clean DDIM: standard DDIM sampling without condition perturbation;
* CADS: condition annealing with isotropic Gaussian perturbations [21];
* TPSO: token-prompt embedding space optimization applied during sampling [16];
e Pullback: our method, which perturbs the condition along dominant pullback directions and

uses particle-specific perturbation magnitudes.

C.1. Evaluation Metrics

The evaluation measures three complementary properties: semantic alignment, perceptual diversity,
and set-level diversity.

Text—image alignment. Text—image consistency is evaluated using the CLIP Score [10], defined
as the cosine similarity between CLIP embeddings of the generated image and its corresponding
prompt. Higher values indicate stronger semantic alignment with the prompt.

12



CONTROLLABLE DIVERSE SAMPLING THROUGH PULLBACK DIRECTIONS

source

mask (18.8%)

masked input

Figure 2: Illustration of the text-
guided inpainting task. Given a
text prompt, the model regener-
ates the masked region while pre-
serving the unmasked region.

The prompts are “a small bird
perched on top of a rock” (top) and
“a young girl holding a husky dog on
a black background” (bottom).

source

mask (8.2%) masked input

'desert' token=10 ‘car' token=3
70 layer maps, t =501 70 layer maps, t =501

token=2
70 layer maps, t =501

Prompt.

“a red car with tinted windows
driving through the desert, photo-
realistic, 8k”

Figure 3: Token-dependent cross-attention at DDIM timestep ¢ = 499. Each visualization averages
28 U-Net cross-attention maps over attention heads and layers. Warmer regions receive greater
relative attention for the corresponding token.

Semantic diversity. We extract DINOv2 image representations [18] and compute the mean pair-
wise cosine similarity within each set of samples: Lower mean similarity indicates greater overall
semantic diversity.

Set-level diversity. We report the Mean Similarity Score (MSS) and Vendi Score [7] for per-
prompt (intra-set) diversity, both computed using SSCD features following [21]. Lower MSS and
higher Vendi indicates greater within-condition diversity.

Appendix D. Further Experimental Details
D.1. Feature-space and conditioning-space pullback directions

Park et al. [19] use the pullback metric to identify locally sensitive directions in the noisy latent
space of a diffusion model. Their construction relies on the observation that the intermediate rep-
resentations of the denoising model encode semantic and spatial information about the generated
image. Let

fi(he) - & = Hy (12)
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denote the mapping from the noisy latent z; to a selected intermediate U-Net feature representation
hi = fi(x¢; ¢) under condition c. Its Jacobian and induced pullback metric are
8ft (.%'t; C)

J, = Gy = J, Jo. (13)
8mt

The dominant eigenvectors {vy } of G, identify input directions that produce large local variations
in the feature representation.
For direction v, and strength s, we construct the norm-matched latent perturbation

0z 1(s) = suwt’bvk. (14)
vk |2

Following the z-space guidance formulation of Park et al. [19], the perturbed latent is

5t,k(S) =T+ [69 (xt + (53715,]6(5)7 t, C) - 69(.%'15, t, C)] ) (15)

where ~y controls the magnitude of the noise-prediction response.
We compare this construction with the conditioning-space pullback. For a fixed latent z;, we
consider the condition-response mapping

9(C) = eg(x1,¢,C), (16)
with Jacobian and pullback metric
t
Jo = W, Ge = JdJe. (17)

The dominant eigenvectors {dy} of G¢ identify condition directions that induce large changes in
the predicted noise.

For both constructions, we compute a rank-4 approximation of the pullback metric at the same
latent and retain the four dominant directions. We keep others parameters same for both. For the
latent-feature pullback, we evaluate

s € {0.005,0.015,0.02,0.025,0.03,0.04,0.05}, (18)
with v = 5. For the conditioning pullback, we evaluate
s € {0.1,0.25,0.5,1.0,1.5,2.0,2.5}. 19)

The numerical values of s are not directly comparable across the two methods because the pertur-
bations operate in different spaces with different sensitivity scales. We therefore select a specific
range of values that clearly reveals the progressive effect of the perturbation on the generated image.
The experiment compares how the output evolves within each method as the perturbation strength
increases.

Qualitative observations. The latent-feature pullback primarily produces localized variations and
does not induce substantial semantic diversity. Increasing the perturbation strength does not nec-
essarily amplify these variations in a meaningful way; instead, it progressively introduces high-
contrast contours, geometric distortions, and other off-manifold artifacts. In contrast, the conditioning-
space pullback produces broader semantic transformations that affect a larger portion of the image.
These transformations remain direction-dependent across the strength sweep, with different pull-
back directions controlling distinct semantic attributes.
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Latent-feature pullback
a beautiful smilling girl, photorealistic, highly detailed

s5=0.02

Clean s = 0.005 s =0.015 5 =0.025 s =003 s =0.04 5=005
[ - B p

Direction v3 Direction v2 Direction v1

Direction v4

Figure 4: Effect of the perturbation strength along latent-feature pullback directions. Rows corre-
spond to the four dominant directions vy, . . . , v4 of the pullback metric G, = JxT Jz, where J is the
Jacobian of the selected U-Net feature representation with respect to the noisy latent ;. Columns
show the clean sample followed by increasing strengths. Moderate strengths produce predominantly
localized, whereas larger strengths introduce visible distortions.
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Conditioning pullback
a beautiful smilling girl, photorealistic, highly detailed

Clean s=01 5=025 5=05 s=1 s=15 s=2 5=25

Direction d3 Direction d2 Direction d1

Direction d4

Figure 5: Effect of the perturbation strength along conditioning-space pullback directions. Rows
correspond to the four dominant directions of the condition pullback metric Go = Jg Jc, where
Jo = Oeg(xy,t,C)/OC. Columns show the clean sample followed by increasing strengths. The
different directions produce distinct global semantic transformations, while large strengths can re-
duce image quality and fidelity.

a beautiful smilling girl, photorealistic, highly detailed
+v2

0.025

Feature pullback
s

=1

Conditioning pullback
s

Figure 6: Qualitative comparison between latent-feature and conditioning-space pullback directions
computed from the same anchor. The top row shows the clean sample and the four dominant latent-
feature directions at s = 0.025, using an z-space guidance scale of v = 5. The bottom row shows
the clean sample and the four dominant conditioning directions at s = 1. In this example, the
latent-feature directions primarily affect localized appearance, pose, and nearby image structure,
whereas the conditioning-space directions induce broader semantic changes. All results use the
same prompt, initial noise, and reverse-process parameters.
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