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Figure 1. SphereEdit. We introduce a training-free, condition-aware diffusion editing method that computes per-attribute directions from
noise differences and derives spatial masks from cross-attention. Left: Angular control with spherical coefficients (λa, λb) = (cos θ, sin θ)
produces a smooth progression from attribute a (θ = 0) to attribute b (θ = π

2
), with natural blends at intermediate angles. Right:

Compositional edits across domains: Input → A only → B only → A+B (θ = π
4

) for faces, animals, vehicles and arts. SphereEdit
localizes edits with attention-derived masks and composes attributes while preserving identity.

Abstract

Despite significant advances in diffusion models, achiev-
ing precise and composable image editing without task-
specific training remains a challenge. Existing approaches
often rely on iterative optimization or linear latent oper-
ations, which are slow, brittle, and prone to attribute en-
tanglement (e.g., editing “lipstick” inadvertently alters skin
tone). We introduce SphereEdit, a training-free frame-

work that leverages the spherical geometry of diffusion em-
beddings and token aware cross-attention to enable inter-
pretable, fine-grained control. We represent semantic at-
tributes as unit vector directions in the denoiser’s prediction
space and show that antipodal symmetry (‘old’ is approx-
imately the negation of ‘young’) naturally supports bidi-
rectional edits, while approximate orthogonality enables
clean composition through spherical coefficient. At infer-
ence, these directions modulate cross-attention activations,

This WACV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

8084



producing spatially localized edits without optimization or
fine-tuning. SphereEdit achieves sharper, more disentan-
gled edits than prior baselines, while remaining plug-and-
play and applicable across diverse image editing tasks. The
code is available at https://github.com/sala-kon/SphereEdit

1. Introduction
Diffusion models have revolutionized image synthesis, cre-
ating unprecedented demand for precise and composable
image editing [2, 11, 21, 31]. Their ability to generate
photorealistic images from simple text prompts has opened
new opportunities in creative design, virtual try-on, con-
tent creation, and scientific visualization. In these applica-
tions, edits must be identity-preserving, fast, and control-
lable: adding lipstick should not inadvertently alter skin
tone, and inserting eyeglasses should not reshape facial
structure or erase subtle identity cues. Despite their im-
pressive generative power, two fundamental challenges per-
sist. First, there is limited understanding of how semantic
attributes emerge and interact across denoising steps, mak-
ing it difficult to predict or disentangle their effects. Sec-
ond, there remains a lack of interpretable mechanisms for
controlling latent space semantics, which forces practition-
ers to rely on ad hoc prompt engineering or trial-and-error
tuning. Together, these gaps hinder progress toward reli-
able, fine-grained editing: users may obtain visually pleas-
ing results, but without guarantees of consistency, disen-
tanglement, or semantic faithfulness. These gaps limit our
ability to achieve interpretable and disentangled editing, de-
spite the remarkable generative quality of modern diffusion
pipelines [9, 11, 13, 21, 29].

Recent work has begun probing the geometry of diffu-
sion representations, modelling denoising trajectories with
Riemannian metrics [25] or enforcing isometric constraints
[9] to enhance disentanglement. These studies highlight
that semantic structure is not arbitrary, but shaped by ge-
ometric regularities in the latent space. In parallel, most
practical editing methods rely on the cross-attention mech-
anism, which aligns text conditions with spatial features
[5, 32, 33]. While this enables attributes such as “glasses”
or “beard” to be added via CLIP embeddings [28], exist-
ing approaches face persistent trade-offs. Optimization and
inversion techniques (e.g., test-time adaptation) are slow,
fragile to prompts, and prone to identity drift [24, 37]. Lin-
ear latent operations treat attributes as global shifts, but edits
often leak into unrelated regions and fail to compose cleanly
across prompts [16]. Prompt- and attention-rewiring strate-
gies improve semantic alignment, but depend on layer- or
head-specific heuristics with weak spatial grounding, lead-
ing to edit bleeding (e.g., “lipstick” altering cheeks) [8, 10].
Together, these efforts reveal a key limitation: existing
methods capture either global geometry or condition align-

ment, but not both. Effective editing demands a framework
that unifies geometric regularity with localized, condition-
aware control—without retraining or fragile heuristics.

In this work, we propose SphereEdit, a training-free
framework that integrates geometric control with condition-
aware spatial localization for precise, composable diffusion
editing. SphereEdit exploits the spherical geometry of dif-
fusion embeddings, representing semantic attributes as an-
gular directions on the unit sphere. This formulation natu-
rally supports antipodal symmetry (opposite directions cor-
respond to opposite semantics, e.g., “old” vs. “young”) and
smooth angular composition without metric estimation. Ed-
its are injected at inference time via cross-attention, requir-
ing no retraining. To ensure spatial precision, we derive
condition-specific attention maps that localize where spher-
ical edits apply, restricting changes to relevant regions (e.g.,
lipstick affects only lips).

Across benchmarks such as FFHQ and CelebA-HQ,
SphereEdit yields sharper, more disentangled edits than
optimization-, linear-latent, and attention-based baselines,
reducing identity drift and improving edit localization.
Our contributions are as follows.
• We propose SphereEdit, an interpretable and stable geo-

metric framework for diffusion editing that represents se-
mantic attributes as unit vector directions on the sphere.
This formulation unifies different levels of control: 1D
antipodal edits (adding or removing an attribute), 2D an-
gular trade-offs (interpolating between two attributes),
and 3D spherical composition (balancing three or more).

• SphereEdit is a training-free, condition-aware mechanism
that leverages cross-attention attribution to derive spa-
tially localized masks, ensuring edits remain confined to
relevant regions (e.g., lipstick only modifies lips) while
avoiding leakage into unrelated areas.

• SphereEdit produces sharper, more disentangled edits and
stronger identity preservation than editing baselines as
shown in experiments across diverse domains (faces, pets,
cars, and arts).

2. Related work
Diffusion Models and Latent Diffusion. Diffusion mod-
els have emerged as state-of-the-art generative models,
demonstrating impressive performance in high-fidelity im-
age synthesis [11, 30, 31]. These models generate images
through iterative denoising, gradually transforming Gaus-
sian noise into realistic images [11, 31]. Subsequent im-
provements have have enhanced sampling efficiency, in-
cluding non-Markovian formulations (DDIM) that also en-
able inversion, as well as alternative noise schedules [23,
31]. Particularly relevant to our work, Latent Diffusion
Models (LDMs) [29]shift this process into a compressed
latent space, maintaining perceptual quality while dramat-
ically reducing computational cost. While these develop-
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ments have focused on generation quality and efficiency,
the geometric and semantic organization of latent spaces re-
mains poorly understood. This lack of understanding limits
progress toward controllable and interpretable editing.

Image Editing with Diffusion Models. Although dif-
fusion models can perform text-guided edits, naive con-
ditioning often causes semantic entanglement and unin-
tended changes in unrelated regions [17, 34]. Training-
free methods address this challenge along several direc-
tions. Inversion-based approaches such as DDIM inversion
and Null-Text inversion enable faithful reconstruction and
better text–image alignment [19, 22, 31], though they re-
main slow and fragile at inference. To mitigate this limita-
tion, TurboEdit [35] proposes an accelerated inversion pro-
cedure, but the speedup often comes at the cost of visual
artifacts. Latent-space editing methods such as Diffusion-
CLIP [15, 17] represent attributes as semantic directions,
but lack spatial grounding and frequently leak into irrele-
vant regions. Cycle-consistency approaches such as Cycle
Diffusion [34] preserve global identity, but struggle to sup-
port fine-grained or multi-attribute edits. Instruction-driven
frameworks such as InstructPix2Pix [4] improve usability
by following natural language instructions, but typically
sacrifice precision and spatial locality. Despite these ad-
vances, precise, compositional editing that preserves iden-
tity and remains spatially localized is still unresolved, mo-
tivating closer investigation of attention localization and
compositional guidance.

Attention Localization and Compositional Guidance.
Latent diffusion models leverage cross-attention layers to
align textual prompts with visual features, enabling seman-
tic control and spatial localization of edits. Cross-attention
mechanisms model interactions between image features and
text tokens, and DAAM aggregates these signals across lay-
ers and heads to produce spatial attribution maps [32]. Be-
yond attention control, guidance composition techniques
combine multiple conditions either by additive score fusion
or by multiplicative product-of-experts formulations. Com-
posable Diffusion enables multi-concept generation using
energy based models [20], while SEGA injects semantic
guidance terms during sampling to amplify or suppress spe-
cific concepts [3, 12]. Other approaches refine attention di-
rectly: Attend-and-Excite strengthens object presence [7],
while GLIGEN [18] and MasaCtrl [5] preserve spatial lay-
outs through structure-guided control While effective, these
methods often average attention across layers or heads, di-
luting condition specificity and producing blurred attribute
boundaries. Moreover, when edits target the same region,
they often conflict, causing entangled results and reducing
compositional precision. These challenges motivate a com-
plementary research that grounds editing in the semantic

geometry of diffusion representations, as we discuss next
through CLIP semantics and latent geometry.

CLIP Semantics and Latent Geometry. The joint
text–image embedding space learned by CLIP enables se-
mantic manipulation through directional arithmetic, where
attributes are modeled as vectors that can be added, sub-
tracted, or inverted [26, 27]. StyleCLIP maps CLIP-derived
directions into StyleGAN’s latent space for controlled face
editing [26], while DiffusionCLIP extends this idea to dif-
fusion models [15]. More recently, geometric perspec-
tives have emerged: Riemannian diffusion interprets la-
tent spaces through manifold geometry [13], and near-
isometric mappings between semantic and visual repre-
sentations have been explored to preserve disentanglement
[9].Despite these advances, most approaches rely on lin-
ear composition of attribute directions, which often causes
interference when multiple semantics overlap. Geometric
methods offer promising structure, but they remain largely
theoretical and do not directly yield practical tools for local-
ized, compositional editing. Exploring spherical structures,
with their inherent antipodal symmetry and angular compo-
sition, remains an open direction for diffusion models.

3. Method
Our approach is guided by four key criteria: (i) localized,
only regions relevant to the target attribute are modified;
(ii) composable, allowing multiple attributes should com-
bine predictably without unexpected interaction; (iii) stable,
with bounded magnitude to prevent over-saturation; and (iv)
training-free, requiring no model finetuning.

To satisfy these criteria, we (1) extract per-attribute di-
rections v from differences in denoiser predictions, (2) lo-
calize them with condition-aware attention maps, (3) re-
solve conflicts via overlap-aware orthogonalization, and (4)
combine them through spherical coefficient for stable and
interpretable trade-offs.

3.1. Latent Diffusion Preliminaries
Following latent diffusion framework [31], an image x0 ∈
RH×W×3 is encoded by a pretrained VAE encoder E into
a latent z0 = E(x0). The forward process corrupts z0 with
Gaussian noise,

zt =
√
ᾱt z0 +

√
1− ᾱt ϵ, ϵ ∼ N (0, I), (1)

where ᾱt =
∏t

s=1 αs is the cumulative schedule.
A UNet denoiser ϵθ predicts noise conditioned on noisy

latent zt, timestep t, and text embedding c:

ϵ̂ = ϵθ(zt, t, c) (2)

We obtain latent trajectories {zt} via DDIM inver-
sion [31] and steer the denoising by modifying ϵ̂ at infer-
ence. The VAE decoder D is used only for visualization.
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Figure 2. SphereEdit framework. (a) Vanilla diffusion: the UNet predicts noise and the scheduler updates the latent from zt to zt−1. (b)
SphereEdit within the same step: (1) run two UNet passes per attribute (neutral vs. attribute) to form a per-attribute edit direction via noise
difference; (2) aggregate cross-attention into condition maps—used to detect spatial overlap between attributes; (3) reduce interference in
overlap regions via a local masked projection; (4) combine attribute directions with angular (spherical) coefficients; (5) add the mixed edit
to the base prediction and let the scheduler produce zt−1. No retraining.

3.2. SphereEdit for Semantic Editing
(1) Attributes Directions on the Unit Sphere. Let A =
{a1, . . . , aK} denote a set of K semantic attributes (e.g.,
glasses, beard, young), each associated with a conditioning
text embedding ck The unconditional case is represented
by a null token ∅ with embedding c∅. At denoising step
t, we define a binary mask mk(t) ∈ {0, 1} that specifies
whether attribute ak is active. This scheduling mechanism
enables fine-grained temporal control over edits along the
denoising trajectory. For example, “glasses” can be applied
only at later steps, allowing the facial structure to be recon-
structed first.

To isolate the semantic contribution of an attribute ak,
we compare the denoiser’s predictions under two condi-
tions: conditioned on ak and on the unconditional null to-
ken. Subtracting these predictions cancels shared structure
from zt and reveals the semantic contribution unique to ak.

Formally at step t, we approximate the local linearization
of the denoiser in the text-conditioning space. The attribute
direction vk(t) is defined as:

vk(t) = ϵθ(zt, t, ck)− ϵθ(zt, t, c∅), (3)

Intuitively, vk(t) approximates the denoiser’s direction
to the attribute embedding, i.e., “what the model thinks ak
looks like” at timestep t.

To avoid scale imbalance between different attributes,
we normalize vk(t) to unit vector: v̂k(t) =

vk(t)
∥vk(t)∥2

.

(2) Spherical Geometry of Diffusion Latents. Recent
studies indicate that diffusion latents exhibit an approxi-
mately spherical geometry [9, 13], a structure that naturally
supports smooth semantic interpolations and consistent at-
tribute transitions. Analogous findings in variational au-
toencoder, show that latent variables also align on spherical
manifolds, clustering semantically related concepts (e.g.,
male attributes) near one another while placing contrasting
concepts on opposing regions [36]. A geometrically sound
latent space for a diffusion model provides a precise control
over attributes directly in the latent space [9].

Building on this insight, we treat each attribute ak as oc-
cupying a region on the unit sphere, with its direction v̂k,
pointing toward its semantic locus. When editing an image,
e.g, adding glasses, we move along v̂glasses on the sphere.

For three active attributes (e.g glasses, lipstick, young),
we assign each attribute a spherical coefficient λk that de-
termines its contribution on the unit sphere. Using the stan-
dard spherical–Cartesian transformation [1], these coeffi-
cients are defined as:
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λ1 = cos θ, λ2 = sin θ cosϕ, λ3 = sin θ sinϕ. (4)

Here, θ, ϕ are the spherical angles that determine how
contributions are distributed among attributes on the unit
sphere. Each normalized attribute direction v̂k is then trans-
formed by its spherical coefficient λk, yielding the trans-
formed direction v̂Tr

k .

v̂Tr
k = λkv̂k, k ∈ 1, 2, 3. (5)

Equation 5 naturally extends from lower to higher di-
mensions. In the one-dimensional case where only a single
attribute ak is active, it reduces to moving along a line (e.g
x-axis with θ = 0◦ ), with the scale factor controlling edit
intensity. In the two-dimensional case, with two attributes,
it simplifies to a circle in the x− y plane, parameterized by
θ with 0◦ ≤ θ < 360◦. In the three -dimensional case, with
three attributes, it recovers the full spherical formulation,
with both θ and ϕ controlling the allocation across three di-
mensions. Additionally, each direction can be scaled by a
factor between 0 and 1 to adjust the visibility of its edit; for
single-attribute edits, a larger scaling factor can be used to
intensify the effect.

Therefore, our proposed method controls the edit
through the attribute direction v̂k.

(3) Localization with condition-aware attention Apply-
ing vk(t) globally risks unintended edits in irrelevant re-
gions. To avoid this, we compute condition-aware cross-
attention maps Mk that highlight spatial regions associated
with the attribute condition. Unlike prompt-wide maps,
Mk focuses only on the relevant condition span, preventing
leakage. For example, “glasses” attends to the eye region,
while “beard” attends to the lower face.

(4) Overlap-aware Orthogonalization. Attributes may
attend to overlapping spatial supports (e.g., mouth and
beard). Naively summing directions can cause entangle-
ment. A global orthogonalization would distort seman-
tics, so we enforce orthogonality only inside overlapping
regions, preserving meaning elsewhere. To avoid this, we
restrict orthogonalization to the exact areas of overlap, pre-
serving each attribute’s meaning elsewhere.

Let Rk(t) be the spatial support of ak at timestep t, ob-
tained by thresholding its heatmap Mk(x, y, t) at quantile q.
Similarly, Rj(t) is defined for the attribute aj . The overlap
mask between aj and ak is therefore:

Sjk(x, y, t) = 1
[
(x, y) ∈ Rj(t) ∩Rk(t)

]
. (6)

We then decorrelate vk from vj only where overlaps occur
by subtracting its masked Gram–Schmidt projection:

vk ← vk − ⟨vk,vj⟩Sjk
(vj ⊙ Sjk), (7)

where ⟨·, ·⟩Sjk
is a masked inner product, and ⊙ indicates

element-wise multiplication with the overlap mask.
With such overlap-aware disentanglement in place, the

resulting directions can now be combined, which we
achieve next through a spherical parameterization that
yields stable and interpretable trade-offs.

(5) Final editted direction When applying multiple at-
tributes (e.g editing age and race), we simply sum the trans-
formed unit vector direction v̂Tr

k obtained via Eq. 5 for the
active attributes. The composed edit direction is then de-
fined as follows:

∆ϵt =
∑

k:mk(t)=1

v̂Tr
k . (8)

The edited denoiser output becomes:

ϵ̂(t) = ϵbase(t) + ∆ϵt, (9)

which replaces the original denoiser output in the DDIM up-
date, progressively steering the latent trajectory toward the
edited image while retaining fidelity to the original content.

3.3. Algorithmic Summary
Algorithm 1 outlines our editing procedure per denoising
step. It summarizes how attribute directions are extracted,
localized, disentangled, and combined via spherical compo-
sition before being injected into the DDIM update.

Algorithm 1 SphereEdit (one denoising step t)

1: Compute base prediction ϵbase ← ϵθ(zt, t, c∅)
2: for each active attribute ak do
3: Direction vk ← ϵθ(zt, t, ck)− ϵbase
4: Normalize v̂k ← vk/∥vk∥2
5: Attention map Mk ← CrossAttention(zt, ck)
6: end for
7: for each pair (j, k) of active attributes do
8: Overlap Sjk ← Overlap(Mj ,Mk)
9: Orthogonalize vk ← vk − ⟨vk,vj⟩Sjk

(vj ⊙ Sjk)
10: end for
11: Coefficients λk ← SphericalCoefficients(θ, ϕ)
12: Edited prediction ϵ̂(t)← ϵbase +

∑
k λkv̂k

13: Update latent zt−1 via DDIM using ϵ̂(t)

4. Experiments
To assess the effectiveness of SphereEdit for disentangled
and composable semantic editing, we conducted both quali-
tative and quantitative experiments. We compare our frame-
work against state-of-the-art baselines, including inversion-
based, attention-manipulation, and latent-direction meth-
ods. Our results highlight SphereEdit’s superior spatial pre-
cision, composability, and identity preservation.
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Figure 3. Qualitative results. We compare SphereEdit with SEGA [3], Composable Diffusion[20], Cycle Diffusion[34], and
TurboEdit[35] for single and composable attributes Glasses, Glasses+Young, and Glasses+Young+Lipstick. Our method produced more
localized edits while preserving identity.

4.1. Experimental Setup

All experiments are conducted with Stable Diffusion v1.5.
We use 50 denoising steps and set the quantile threshold
to q = 0.8 unless otherwise specified. For spherical com-
position, we fix the angular parameters to θ = ϕ = π/2,
which corresponds to activating all defined attributes, un-
less stated otherwise. Attribute-specific editing schedules
are controlled by varying the start and end timesteps de-
pending on the task. To ensure reproducibility, we fix the
random seed to 0. On an NVIDIA L40 GPU, a full edit
with three attributes takes approximately 12 seconds.

4.2. Qualitative Results

Fig. 1 and 3 show the qualitative results of our editing ex-
periments. Our method enables smooth angular traversal,
spatially precise edits, and compositional control across di-
verse domains. Figure 1 illustrates these capabilities. On
the left, varying the spherical angle between two semantic
directions: race and age. Our result produces a continuous
interpolation that gradually shifts identity along both axes.
This shows how spherical parameterization turns angular
coordinates into interpretable control: moving to the oppo-
site angle inverts the attribute (e.g., “old” vs. “young”) even
when only the “old” embedding is provided. In addition, in-
termediate angles yield meaningful blends without identity
drift. On the right, we show results beyond faces, includ-
ing cars, dogs, cats, and arts. For each input, SphereEdit

applies two single-attribute edits (e.g., Truck, Cartoon; Cat,
Fox; Dog, Leopard) and then composes them. Edits remain
localized and disentangled. The truck structure is preserved
when cartoonized, the dog retains shape when gaining fox-
like fur, and the cat smoothly acquire leopard textures. This
demonstates that SphereEdit applies consistently across do-
mains beyond human faces, including animals and vehicles.

In Figure 3, we compare SphereEdit against state-of-
the-art baselines: SEGA [3], Composable Diffusion [20],
Cycle-Diffusion [34], and TurboEdit [35]. SphereEdit
consistently produces sharper, better localized, and more
identity-preserving edits. For example, Composable Dif-
fusion and TurboEdit often alter facial identity and in-
troduce global tone shifts. SEGA and Cycle-Diffusion
tend to under-edit subtle attributes, failing to capture
fine-grained changes. In multi-attribute compositions
such as “Glasses+Young” and “Glasses+Young+Lipstick,”
SphereEdit confines edits to the intended regions while pre-
serving identity, while TurboEdit introduces artifacts and
Composable Diffusion entangles attributes.

4.3. Quantitative Results
To validate the effectiveness of SphereEdit, we conduct
quantitative comparisons against state-of-the-art methods
on two compositional editing tasks: Glasses+Mustache and
Eyebrow+Lipstick. All methods are evaluated on the same
set of 100 images from the FFHQ dataset [14], with results
reported in Table 1.
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Table 1. Quantitative results. We compare SphereEdit with SEGA [3], Composable Diffusion[20], Cycle Diffusion[34], and
TurboEdit[35] on two compositional edits Glasses+Mustache and Eyebrow+Lipstick. We report CLIP-T [27] for text alignment, CLIP-I
[27] and DINO [6] for content and identity preservation, and LPIPS [38] for visual quality (higher is better except for LPIPS). SphereEdit
achieves the strongest overall, leading most metrics and remaining competitive where it is not the top performer.

Glasses + Mustache Eyebrow + Lipstick
Clip-T ↑ Clip-I ↑ DINO ↑ LPIPS ↓ Clip-T ↑ Clip-I ↑ DINO ↑ LPIPS ↓

Sega [3] 0.2226 0.7395 0.6271 0.1796 0.2230 0.6960 0.6011 0.1870
Composable [20] 0.2337 0.6353 0.3226 0.3107 0.2290 0.6227 0.3860 0.3589
CycleDiff [34] 0.2260 0.6909 0.4774 0.2142 0.2238 0.6562 0.5229 0.2332
TurboEdit [35] 0.2203 0.6771 0.6250 0.2248 0.2333 0.5871 0.4702 0.2252
Ours 0.2369 0.7573 0.7026 0.1919 0.2321 0.7275 0.6836 0.1436

Evaluation metrics. We report four metrics. CLIP-
T [27] measures text alignment, capturing how well the
generated image reflects the requested attributes. CLIP-
I [27] evaluates identity preservation, quantifying whether
the subject remains consistent after editing. DINO [6] as-
sesses structural similarity, ensuring that key image features
such as geometry and layout are maintained. Finally, LPIPS
[38] measures low-level visual fidelity, captures differences
in texture, color, and appearance where lower values indi-
cate fewer visual artifacts.

On Glasses+Mustache, SphereEdit achieves the
strongest text alignment (CLIP-T), identity preservation
(CLIP-I), and structural similarity (DINO), while perform-
ing competitively on visual quality (LPIPS), just behind
SEGA. On Eyebrow+Lipstick, SphereEdit achieves the
best CLIP-I, DINO, and LPIPS scores, while TurboEdit
slightly surpasses it in CLIP-T by 0.0012. Overall,
SphereEdit demonstrates the most consistent improvements
across all metrics, confirming its ability to deliver identity-
preserving, structurally coherent, and visually faithful edits
in challenging multi-attribute settings.

4.4. Ablation Studies
On the ablation study, we evaluate two key components
of our method. First, we study antipodal control, show-
ing that attributes form bidirectional directions (e.g., “old”
vs. “young”). Second, we analyze the effect of condition-
aware masking, combining both the mask threshold q and
attention-based gating, to assess how they influence spatial
locality and attribute disentanglement.

Ablation on antipodal control. SphereEdit represents at-
tributes as directions on the unit sphere, where positive and
negative scales correspond to opposite semantics. In Fig. 4,
we visualize edits for three attributes: ”Age”, ”Female”,
and ”Cyprus” (a race/ethnicity condition). For each case,
the negative scale removes the attribute, while the positive
scale accentuates it. For example, decreasing ”Age” re-
moves wrinkles and softens facial features, while increasing
it adds age-related texture. Similarly, scaling along the ”Fe-

- Female                      Original            + Female

- Age                             Original         + Age

- Cyprus                          Original                     + Cyprus

Figure 4. Ablation on Antipodal control. Edits for age, gender,
and race using negative and positive scales (-7.5,+7.5). Negative
scaling inverts the attribute (e.g., old → young), while positive
scaling amplifies it, showing SphereEdit’s bidirectional control.

male” direction adjusts facial softness and expression, and
scaling ”Cyprus” alters ethnicity-related appearance cues.
Across all cases, the original identity is preserved and ed-
its remain localized, demonstrating that our spherical for-
mulation naturally supports antipodal symmetry: moving in
opposite directions along the same attribute vector yields
interpretable, reversible changes.

Ablation on condition-aware masking. We analyze the
role of condition-aware masking in controlling the spatial
extent of edits (Fig. 5) when applying two attributes edit
(glasses and lipstick). In Fig. 5(a), we vary the quan-
tile threshold q used to binarize attention maps. At low
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a)

b)

Original                   Edit with 𝑞=1.0     Editing with 𝑞 =0.5       Attention glasses         Attention lipstick

Original                          𝑞=0.0                               𝑞 =0.2 𝑞=0.5                             𝑞=0.8                             𝑞=1.0

Figure 5. Ablation on condition-aware masking. (a) Edits with attributes glasses and lipstick at different thresholds (q =
0, 0.2, 0.5, 0.8, 1), where q = 0 means empty mask and q = 1 means no mask. (b) Comparison of edits with and without masking
(q = 0.5), along with cross-attention maps for glasses and lipstick.

thresholds, masks cover broad regions, causing edits to
leak into unrelated areas—for example, lipstick spills into
skin or global tone shifts occur. Moderate thresholds (q ≈
0.5) yield well-localized edits, with glasses confined to the
frames and lipstick restricted to the lips, preserving identity.
Very high thresholds (q > 0.8) prune masks too aggres-
sively, fragmenting the target region and reducing identity
preservation. In Fig. 5(b), we visualize edits with and with-
out masking. Without masking, lipstick spreads beyond the
lips and alters skin tone, whereas with masking (q = 0.5),
edits are confined to the condition’s attended regions. The
corresponding attention maps clarify this effect: glasses
produce sharp, localized activations around the eyes, while
lipstick is weaker and more diffuse, explaining its sensitivity
to thresholding. Overall, condition-aware masking proves
critical for disentangled, multi-attribute edits, and we find
q = 0.8 offers the best compromise between edit strength
and spatial precision.

5. Limitations

SphereEdit delivers localized and composable control, but
some aspects remain open for further study. First, our eval-
uation focuses on up to three attributes; while the spheri-
cal formulation naturally generalizes to higher dimensions,
it is not yet clear how interpretable and stable such multi-
way trade-offs will be in practice. Exploring this setting
could shed light on the scalability of spherical editing to
more complex attribute compositions. Second, although an-
tipodal symmetry emerges consistently in the diffusion em-
bedding space (e.g., old vs. young), its semantics can be
ambiguous in certain application domains. For example,
in medical imaging it is unclear whether the “opposite” of

a disease corresponds to health or to a different condition,
and in demographic attributes such as race, opposites are
not well defined. This raises important questions about how
spherical geometry interacts with sensitive attributes.

6. Conclusion
We introduce SphereEdit, a training-free and interpretable
framework for precise, composable diffusion editing. By
representing semantic attributes as unit-norm directions in
the denoiser’s prediction space, SphereEdit leverages an-
tipodal symmetry for bidirectional edits, overlap-aware or-
thogonalization for disentanglement, and spherical param-
eterization for stable multi-attribute composition. Our ex-
periments demonstrate sharper, more localized, and more
identity-preserving edits than inversion, attention-rewiring,
and latent-direction baselines, across domains including
faces, animals, and vehicles.

SphereEdit achieves state-of-the-art practical results and
provides a geometric view that links semantic editing to
spherical coordinate systems, yielding angular controls that
are both intuitive and interpretable. While open challenges
remain, such as scaling to higher-order attribute combi-
nations and clarifying the meaning of antipodal seman-
tics in domains like medical imaging, our work establishes
SphereEdit as an interpretable, training-free approach for
controllable and composable editing in diffusion models.
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