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Abstract. Recent advancements in diffusion and flow models have great-
ly improved text-based image editing, yet methods that edit images inde-
pendently often produce geometrically and photometrically inconsistent
results across different views of the same scene. Such inconsistencies are
particularly problematic for editing of 3D representations such as NeRFs
or Gaussian splat models. We propose a training-free guidance frame-
work that enforces multi-view consistency during the image editing pro-
cess. The key idea is that corresponding points should look similar after
editing. To achieve this, we introduce a consistency loss that guides the
denoising process toward coherent edits. The framework is flexible and
can be combined with widely varying image editing methods, supporting
both dense and sparse multi-view editing setups. Experimental results
show that our approach significantly improves 3D consistency compared
to existing multi-view editing methods. We also show that this increased
consistency enables high-quality Gaussian splat editing with sharp de-
tails and strong fidelity to user-specified text prompts. Please refer to our
project page for video results: https://3d-consistent-editing.github.io/
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1 Introduction

Text-based image editing has become increasingly powerful with generative mod-
els, allowing modification of an image with a prompt such as “turn the person
into a clown” or “make it foggy”. While these methods show impressive results
when editing single images, using them to edit multiple images of the same scene,
or to edit 3D models, in a consistent manner remains difficult.

Given recent work on photorealistic rendering of 3D models using NeRFs
[40] or Gaussian splatting [27], a natural question is whether we can edit such
3D models using image editing. If the training views used to train 3D models
are edited independently, it has the issue that different images are edited with
different characteristics. For example, editing to a clown face as in Fig. 1 can
look realistic for each image but different characteristics such as the nose size or
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Independent Edits

"Change his outfit to a suit"

Independent Edits Ours

Make his face look like a clow

Fig. 1: Image editing methods applied independently to multi-view images often pro-
duce inconsistent edits across views, e.g. in the tie pattern and the location and shape
of the red dots on the clown’s cheek (red arrows). Our method improves multi-view con-
sistency (green arrows) by guiding the denoising process so that corresponding points
are edited similarly. Object poses also better match the original images.

painting on the cheeks are inconsistent for different views. For 3D editing this
implies that the edited training views do not depict the same 3D scene, making
editing difficult. This motivates modifying the image editing so that multiple
views can be edited in a multi-view consistent way. Early work on 3D editing
such as Instruct-NeRF2NeRF [20] addresses the multi-view issue by alternating
between editing all images and updating the 3D model until convergence. Recent
works such as EditSplat [33] and DGE [12] modify image generation using multi-
view constraints or attention to improve consistency and directly update the 3D
model, bypassing the costly iterative regeneration of edited images.

We present a method to directly guide the denoising process of diffusion
and flow-matching image editing methods so that the edited images are multi-
view consistent, as shown in Fig. 1. Our key idea is that corresponding points
across images should look similar after editing. Based on this idea, we introduce a
simple guidance loss that measures multi-view consistency. One way to approach
this is by matching points between unedited images and forcing these points to
be edited in a similar way. This approach does not allow for larger geometry
changes. While the primary focus of our work is on near-rigid edits, we also find
that using the same loss with matches between edited images improves multi-view
consistency in mon-rigid edits, i.e. edits with larger geometry changes. During
image generation, we enforce the consistency by using training-free guidance
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Fig. 2: Overview of our method. Given input images, each view is edited sequentially
by guiding the denoising process using previously edited images. The guidance assumes
corresponding points should look similar in the edited images. During denoising, the
noise estimate €(z¢,t) is modified according to a consistency loss £, producing multi-
view consistent edits. Edited images are then used to update a Gaussian splat model.

which modifies the denoising process so that it is guided towards samples where
our consistency loss has a low value.

As an application of our multi-view consistent image editing, we show how
to edit 3D Gaussian splat models. We simply resume training based on the
edited images which are now sufficiently multi-view consistent to get a Gaussian
splat model with sharp and realistic details. Our method also enables consistent
editing of sparse views, and it works with different image editing methods.

In summary, our main contributions are:

— We introduce a flexible training-free method able to guide widely varying
image editing models to generate multi-view consistent images.

— Our method is based on the key idea that corresponding points should look
similar in the edited images. This is enforced by optimizing the proposed
consistency loss on corresponding points across views.

— We show that the generated images can be used to refine a Gaussian splat
model directly and accurately reconstruct fine details.

— We compare our method to recent work and show improved multi-view con-
sistency of the generated images prior to Gaussian splat refinement, and we
obtain edited Gaussian splat models faithful to the given text prompts with
clear details, demonstrated through extensive video comparisons.

2 Related Work

2.1 2D Image Editing

The development of powerful generative models [19,47] has led to large ad-
vancements in image editing, initially mainly through Generative Adversarial
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Networks (GANs) [19, 56, 73, 74] and more recently through models based on
diffusion [26, 30,48, 59] and flow matching [24, 29, 31]. InstructPix2Pix [9] fine-
tunes Stable Diffusion [47] using image pairs generated by prompt-to-prompt
(P2P) [22] following instructions generated by GPT-3 [10], enabling instruction-
based editing. However, its limiting factor is the long editing time due to the
large number of denoising steps. Subsequent methods therefore employ few-
step [1, 14,18, 39,62] or one-step [32,42,43,72] denoising. Our work focuses on
how to make such methods multi-view consistent, enabling direct 3D editing.

2.2 3D Scene Editing

One approach to 3D scene editing is to utilize paired 3D data to directly edit a 3D
representation [8,34,61,65], but such data is expensive to acquire, limiting train-
ing to single objects and synthetic scenes. Another popular approach leverages
existing image editing methods for 3D editing, but these 2D methods provide no
consistency guarantees across views. Some works use score distillation sampling
(SDS) [45] to update 3D representation [25,35,51,75]. Instruct-NeRF2NeRF [20]
uses consistency from a 3D representation to achieve consistent edits by itera-
tively editing views and updating 3D representation. This idea, known as itera-
tive dataset update, is widely used in follow-up works [13,15,41,54,57].

The iterative process is compute-intense and several approaches make the
editing process more consistent to reduce dataset update iterations. Improve-
ments range from incorporating correspondence regularization into the denois-
ing process [4,52], scene-specific finetuning [69], utilizing geometric information
from the 3D representation or monocular depth estimation to guide the edit-
ing [17,28,33,60] and allowing the attention process in the editing method to
consolidate information across views [12,17,57,58,60]. Several of these recent
approaches [12,57] rely on iterative refinement on top of multi-view consistent
editing. In contrast, our method provides further consistency improvements and
does not require updating the images. Our method can also handle sparse view
editing, while several baseline methods are limited to dense views, since they
require geometric information from an existing 3D representation [33,60] or ren-
dering a smooth camera trajectory, inspired by video editing methods [12].

2.3 Training-Free Guidance

There exist different approaches for adapting a diffusion or flow model to a
specific task. One approach is to fine-tune the model [23, 70|, which requires
significant amounts of training data and compute. A contrasting approach is
to guide the sampling process of an existing model without additional training.
This does not require training data but instead a loss function to minimize.
In training-free guidance methods, each step in the denoising process uses the
current noisy sample to predict the clean sample and compute a per-step cor-
rection [5,21,44,53,64,67]. Another approach is to optimize the initial noise for
the denoising process [3,7,49,50], allowing direct optimization guided by the loss
function by computing gradients through all denoising steps. Any loss function
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can be used as guidance, e.g. from an image classifier or segmentation model.
There are also methods that use losses for 3D consistency for single-image novel
view synthesis [7,66], or solve image inpainting based on geometric correlation
to a reference image [37]. In this work, we apply training-free guidance to image
editing methods to improve their multi-view consistency.

3 Method

We start with an overview and follow by introducing our consistency loss. We
then show how to optimize a set of images for multi-view consistent edits. Finally,
we describe how these images can be used to edit a Gaussian splat model.

3.1 Overview

We show an overview of our method in Fig. 2. We propose a method to edit a
set of images in a 3D consistent way. Our method can be seen as an extension
to the 2D image editing methods like [9,31,43], where images are edited based
on a text prompt. Applying 2D editing methods on each image independently
results in inconsistent edits. Our method guides the denoising process such that
the edits are consistent across the views. We use the fact that corresponding
points in the edited images should have similar perceptual features. Our edited
images can be used directly to edit a Gaussian splat model of the scene.

3.2 Consistency Loss on Correspondences

Our main optimization criterion for 3D-consistent editing is based on the as-
sumption of similar appearances for corresponding points. In particular, (1) if
an edit preserves geometry, corresponding points in the unedited images I; and
I, should be edited in a similar way in the edited images I and I}, and (2) if an
edit changes geometry, the corresponding points in I] and 7 should have similar
features. We define the consistency loss L. as

L. = Z (H1(z) = L)l + Afreies (11 (2), I3(y))) , (1)

(z,y)EM

where frprps is the perceptual loss [71] (with A set to 2) applied to patches
centered around the matches, and M is the set of corresponding points. To obtain
corresponding points, we match images from either the unedited pair (11, I3) or
the edited pair (I1,I;). Using matches between unedited images ensures that
the geometric details are preserved, which is beneficial in rigid and near-rigid
editing, such as changing textures, materials, colors and weather conditions.
On the other hand, for nonrigid editing (like changing objects or adding new
objects), using matches between edited images additionally forces consistency in
the areas where geometry is changed. For this to work, it is important to use a
robust matcher that has an understanding of global context and semantics. We
use the robust dense matcher RoMa [16]. More details on hyperparameters can
be found in appendix Sec. B.
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3.3 Consistency Guided Image Editing

Here we describe how to use our consistency loss to adapt a denoising process to
generate a set of multi-view consistent edits. Our method is based on pre-trained
image editing models, and we employ different training-free methods to guide
the denoising process, as is detailed below.

To use our consistency loss with the diffusion model InstructPix2Pix [9], we
employ universal guidance [5], where the sampling is steered towards low values
of a loss function £(z), which in our case is the consistency w.r.t. previous
edits. The noise estimation €(z,t) is modified to include a correction based on
gradients of the loss function £ to obtain a new noise estimate €(z¢, t) that guides
the latent to low values of the loss. The modified noise is computed as

g(Zt,t) = G(Zt,t) + )\tvztﬁ(éo(Zt)) (2)

where Z(z;) is a one-step prediction of the denoised latent Zg(z;) = \/%Tt(zt -

V1 —aie(z,t)), and A is the weight of the guidance. For our application, the
best results are obtained using \; = A1(¢t < N), so that we activate the guidance
only for the last N, = 700 steps of the denoising process, after first running
the denoising process without any guidance. We also use backward guidance [5],
where we optimize a correction Azy = argmin 4 L(Zp+A) for N}, gradient descent
steps, and update the noise prediction as €' (z;,t) = €(z¢,t) — v/ /(1 — o) Azp.

We can also use our consistency loss with the one-step method pix2pix-Turbo
[43], where the denoising process is reduced to a single step. Such a model can
be formulated as 2 = f(z), where z is the starting noise and « is the generated
image, and we optimize L£(f(z)) with respect to z. This optimization resembles
SeedSelect [50] where the starting noise is optimized to constrain the sampling
process. This is similar to what has previously been used to improve geometric
consistency of diffusion models for single-image novel view synthesis [7].

Our consistency loss can also be used to guide flow matching models. We uti-
lize an efficient optimization strategy proposed by [3] that uses a linear approxi-
mation of the denoising trajectories to reformulate the optimization objective as
L([f(z) — 2z]sg + 2), where f(z) is the output of the flow matching process, z is
the initial noise and [-]sg is the stop-gradient operation. The difference f(z) — z
is therefore seen as constant throughout the denoising process. This removes
the expensive unrolling related to computing gradients through the denoising
process with many steps and enables efficient guiding of flow matching models
with our consistency loss. More details regarding this can be found in appendix
Sec. B.

Image Ordering An important consideration when editing multiple images of the
same scene is how to select which previously edited image to use when computing
the consistency loss £.. We found that editing one image at a time works well in
practice, and when we generate a new image, we use the matches between that
image and two of the previously edited images. We select the images with the
most matching points to the currently edited image. We found that there is no
performance improvement when using more than two images (see Sec. 4.6).
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Edited Multi-View Images with InstructPix2Pix

Unedited DGE EditSplat Per Image Ours

"Turn him into a Minecraft character"

Fig. 3: Qualitative comparison using InstructPix2Pix. EditSplat and DGE edit images
more drastically. Our method preserves the scene better, as can be seen e.g. in the
texture of the grass next to the bench, and in shape of the face, gaze, preserved watch.
Our method also produces more consistent edits between different views as can be seen
on the bicycle wheels, or on the face or arms of the person.

3.4 3D Gaussian Splat Editing

For editing 3D Gaussian splat models, we start with a trained Gaussian splat
model obtained from the unedited views and then resume training using the con-
sistently edited images for 20 epochs. It is also possible to use only a sparse set
of (e.g., 3-4) images. In that case a multi-view diffusion method like ViewCrafter
[68] can generate novel views of the edited scene, using poses interpolated be-
tween the edited views. The edited images and generated views can then be used
to train a Gaussian splat model representing the edited scene. Additional details
are in appendix Sec. C.
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Renderings from Edited 3DGS Models

Unedited DGE EditSplat Per Image Ours

"Make it foggy"

Fig. 4: Renderings from edited 3D Gaussian splat models. For the top scene, per-image
edits sometimes cause blurriness, as seen e.g. in the ears which are sharper for ours.
EditSplat uses a segmentation mask, leading to the edit being localized only on the
face and hair. For DGE, the fidelity to the text prompt is high, but the face geometry
has drastically changed. For the bottom scene, our method gives a clearer edit than all
other methods, as seen by more visible fog and sharp details preserved on the objects.

4 Experiments

We evaluate our method in two main ways, namely for multi-view consistent
image editing and 3D editing of Gaussian splat models. We also provide ab-
lation studies and results when editing just a sparse set of views. In addition
to the results presented here we on the project page (https://3d-consistent-
editing.github.io/) provide video results showing comparisons against the base-
line methods for all the scenes.

4.1 Setup

Implementation Details To evaluate our model, we use the same 8 test scenes as
in EditSplat [33], including real-world scenes from IN2N [20], Mip-NeRF360 [6]
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and BlendedMVS [63]. For validation we use 2 scenes from Mip-NeRF360 [6], 1
scene from IN2N [20] and 1 self-captured scene containing images of a person’s
head, comparable to the IN2N “Face” scene. For the test scenes we use a total of
21 different edit prompts and for the validation scenes we use a total of 7 different
edit prompts. The exact prompts are provided in appendix Sec. D. The scenes
are of varying size, containing 65-350 images per scene. All experiments are done
on a single A100 GPU. The complete editing process for the “Face” scene from
IN2N takes about 22 minutes for our method when using InstructPix2Pix and
about 17 minutes when using pix2pix-Turbo.

Baselines Since our main goal is consistent multi-view editing, we wanted to
compare with other methods that also aim to achieve this, therefore we chose
EditSplat [33] and DGE [12] since they are state-of-the-art methods for 3D edit-
ing that claim multi-view consistency during the 2D editing process. Another
recent method that claims improved multi-view consistency is InterGSEdit [5§],
but it does not have code available. Both EditSplat and DGE use the image edit-
ing model InstructPix2Pix [9], so for fairness we also evaluate our method using
it. We also test our method on the one-step model pix2pix-Turbo [43] and flow-
matching based model FLUX.1 [31]. InstructPix2Pix and pix2pix-Turbo have
limited ability in changing geometry, therefore we use near-rigid edits for these
methods and optimize the consistency loss based on matches between unedited
images. When we evaluate image consistency, we extract the images prior to
updating the Gaussian splats, which for EditSplat is the output from their
Multi-view Fusion Guidance (MFG) and for DGE after one iteration of their
Multi-View Consistent Editing. We also compute metrics for the unedited im-
ages to get upper bounds on the consistency. As a baseline, we also edit per
image without any consideration of multi-view consistency.

Metrics There are two aspects of the generated images we evaluate, namely
multi-view consistency and fidelity to the text prompt. For multi-view consis-
tency, we evaluate MEt3R [2] that compares DINO [11] embeddings of matches
obtained via Dust3R [55]. The rendering metrics PSNR, SSIM and LPIPS are
computed by training a Gaussian splat model [27] from scratch using only the
edited images. The edited images are split into training and test sets, and the
metrics are computed on the edited images set aside as test images. Inconsistent
views yield blurrier renderings and thus lower reconstruction metrics. We also
evaluate how well the edited images match the given text prompts by comparing
CLIP [46] embeddings of images and text. Given a reference image I, an edited
image I’ and text descriptions® of the unedited and edited images T' and 77,
respectively, CLIPdir measures the cosine distance between CLIP(I") — CLIP(I)
and CLIP(T”) — CLIP(T), CLIPsim is the cosine distance between CLIP(I")

3 Similar to previous work [33], we have three prompts per scene: a description of the
unedited image, a description of the edited image and the edit prompt, for instance
“a photo of a park”, “a photo of a Namibian desert”, and “Turn the ground into a
Namibian desert”, respectively.
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Method MEt3R] PSNRT SSIMT LPIPS| CLIPdirt CLIPsim} CLIPimage?

Unedited 0.183 27.36 0.815 0.190 - 0.199 1.0
Based on InstructPix2Pix

EditSplat  0.329  20.20 0.641 0.389 0.159 0.252 0.768

DGE 0.224 21.58 0.705 0.256 0.173 0.257 0.757

Per image 0.243 21.19 0.679 0.271 0.153 0.249 0.813

Ours 0.212 23.46 0.716 0.247 0.152 0.249 0.817
Based on pix2pix-Turbo

Per image 0.291 18.29 0.564 0.429 0.124 0.254 0.766

Ours 0.226 24.73 0.696 0.339 0.116 0.252 0.768

Table 1: Evaluation for multi-view consistent editing. Our method significantly im-
proves the consistency with both InstructPix2Pix [9] and pix2pix-Turbo [43]. For DGE
and EditSplat we note decreased consistency metrics, but also that CLIPsim and
CLIPdir are improved and CLIPimage decreases which indicates larger edits to the
images than our method and the per image baseline.

and CLIP(T”). Both measure how well the edited image aligns with the desired
edit. Finally, CLIPimage is the cosine distance between CLIP(I) and CLIP(I’),
measuring similarity between the input and the edited image. There is a trade-
off between CLIPimage and CLIPdir/CLIPsim since increasing how closely the
edited image corresponds to the prompt reduces its similarity to the input image.

4.2 Image Consistency Evaluation

Here we evaluate the multi-view consistency of the edits. For fair comparison, we
extract the images prior to training Gaussian splats, in contrast to the results
of Gaussian splat editing in Sec. 4.3. The image editing consistency is presented
in Table 1. For the consistency metrics, we can see that our method obtains
the best values of all methods, showing that our edited images are more multi-
view consistent than both the per image baseline as well as for the two methods
we compare to. We note that for both EditSplat and DGE, CLIPimage is lower
than for InstructPix2Pix per image, indicating that the multi-view edited images
aggregate edits that are stronger than the baseline edit method. For the text
metrics there is no clear overall improvement of our method compared to the per-
image edits, which is expected since we optimize for multi-view consistency only.
We show qualitative results in Fig. 3. Comparing our method to the per-image
edits, we see that our edits have significantly improved multi-view consistency.
While EditSplat or DGE are more consistent than the per-image edits, some
inconsistencies still remain, e.g. on the bicycle wheels or on the face of the
person.

4.3 Gaussian Splat Editing

As an application of our multi-view consistent image editing, we show how to
use the edited images to update 3D Gaussian splats. We show the results in
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CLIPdirt CLIPsim? CLIPimaget MEt3R]

Based on InstructPix2Pix

EditSplat  0.123 0.238 0.832 0.215

DGE 0.146 0.242 0.752 0.242

Per image 0.126 0.239 0.833 0.216

Ours 0.121 0.237 0.830 0.215
Based on pix2pix-Turbo

Per image 0.067 0.224 0.845 0.210

Ours 0.067 0.223 0.823 0.210

Table 2: Evaluation of 3D Gaussian splat editing. The renderings from the edited
Gaussian splat models are similarly accurate with respect to the text prompts as when
using the per-image edits. We note that DGE gets the highest values of CLIPdir and
CLIPsim but the lowest for CLIPimage indicating more substantial edits of the scene.
The Met3R score here is evaluated on the rendered views, and measures how consistent
the renders are across different viewing directions.

Table 2. We note that CLIPsim and CLIPdir are comparable for our method
and EditSplat, both achieving similar values as the per-image edits. DGE shows
improved values for CLIPdir and CLIPsim but worse on CLIPimage which in-
dicates stronger edits that are less similar to the unedited images. Note that
CLIPsim and CLIPdir measure how well the images fit the text prompt, and
only loosely measure other relevant aspects such as sharpness of the images.
The increased MEt3R score for DGE shows that the renderings for this method
are less consistent than the others.

We show qualitative examples in Fig. 4. We notice that updating Gaussian
splats with independently edited images can cause blurry results compared to
using multi-view consistent editing. This can be seen e.g. at the ear of the person
or the fog over the grass which is only present in a few of the independently
edited images and only weakly seen in the Gaussian splat model. These cases
are handled better by our consistency guided denoising. We also note the DGE
can result in edits where the scene content is modified significantly, e.g. the
shape of the face is modified so that it no longer resembles the person in the
input image. We provide several more examples in the videos on the project page,
where we see that our method can produce clear edits with preserved details.

To show that our method is not limited to InstructPix2Pix, we also use
it with pix2pix-Turbo [43] and present results in Fig. 5. The per-image edits
are inconsistent in several places, e.g. colors around the eyes. Edits using our
correspondance guidance are significantly more consistent which can also be
seen for the Gaussian splat renderings.
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Edited Images and Renderings with pix2pix-Turbo
Unedited Per Image 3DGS (Per Image) Ours 3DGS (Ours)

— ’ — —
<8 A Jo T oy o Ji

“a photo of a marble sculpture”

Fig. 5: Multi-view editing using the image editing method pix2pix-Turbo. Per-image
edits can be inconsistent and there is a loss of detail when editing a 3D Gaussian splat
model using these inconsistent images. In contrast, our edits are more consistent and
the details are more accurately recovered by the Gaussian splat renderings.

PSNR1 SSIMt LPIPS| CLIPsimt MEt3R|

Per Image 22.20 0.687 0.290 0.259 0.404
Ours 24.49 0.725 0.281 0.263 0.364

Table 3: Evaluation of final renderings for the sparse setting where 3-4 views are given
as input. Our method combined with pix2pix-Turbo [43] is used to edit the images, and
the multi-view diffusion model ViewCrafter [68] is used to generate additional edited
views that are then used to train a 3DGS representation. We evaluate on four scenes
(a total of 6 prompts). The metrics are computed w.r.t. a few of the generated images
used as a test set. The consistency is significantly higher for our method compared to
using independent edits per image.

4.4 Sparse Editing

As another application of our multi-view consistent editing, we also investigate
editing just a sparse set of 3-4 images and interpolating with the multi-view
diffusion model ViewCrafter [68] to generate additional edited views that can
then be used to train a Gaussian splat model representing the edited scene (see
Sec. 3.4), instead of editing 40-125 images. Similarly to the image consistency
evaluation, we use a few of the views as test views to evaluate the Gaussian splat
model with. We show the results in Fig. 6 and Table 3. We note that our sparsely
edited views are more consistent, which makes the rendering significantly more
consistent and sharp.
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Ablation PSNRT SSIMT LPIPS| MEt3R] CLIPdirT CLIPsim! CLIPimage! Time ()
Matched 1] 2297 0670 0204 0394 0152 0254 0.856 28
: 2| 23.15 0.675 0.290 0.385 0.153 0.255  0.857 36
1mages 3| 23.13 0.673 0295 0.392  0.152  0.254 0.856 44
Backwarq 0] 2171 0654 0294 0396  0.164 0259 0.868 16
stons 3| 2315 0675 0.290 0.385 0.153  0.255 0.857 36

6/ 23.51 0.678 0.304 0.382 0.145  0.251 0.850 57
LIPS paten U] 2227 0674 0300 0403 0.165  0.260 0.856 21
loss weight (1) 2 2315 0675 0.290 0.385  0.153 0255 0.857 36

5 2256 0.674 0.313  0.409  0.146  0.254 0.855 36

Table 4: Ablation of our method using InstructPix2Pix. We evaluate how many pre-
viously edited images to use for the consistency loss, the number of optimization steps
for backward guidance, and the weight for the LPIPS patch loss.

4.5 Flexibility of Consistency Guidance

To showcase the flexibility of our consistency-based guidance approach, we present
the qualitative results using the recently published method FLUX.1 [31].

Sparse Edits and Novel View Renderings

Edited view Renderings Edited view

Per Image

Ours

“a photo of a horse made of wood”

Fig. 6: Example of editing a few sparse views and using the multi-view diffusion model
ViewCrafter [68] to interpolate. We note that inconsistencies in the edited views lead
to blurry renderings and view inconsistencies in the interpolated images. When using
our edited images the interpolated views are both more consistent and contain sharper
details.

It is a flow matching model for image generation and editing that demon-
strates impressive quality and performs a wide range of edits, including non-
rigid edits such as object insertion or replacement (which InstructPix2Pix and
pix2pix-Turbo cannot reliably do). It retains persistentcharacter /object features
through the edits. However, consistency in 3D pose, color, and texture remains
limited, leading to inconsistencies across views. The improvements using our
guidance are shown in Fig. 7. We use the same optimization of the consistency
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Edited Multi-View Images with FLUX.1

Anchor Unedited Anchor Edited Anchor Unedited Anchor Edited Anchor Unedited Anchor Unedited Anchor Edited

e
“Replace the plant on the table with a colorful plate
lying flat

"Add him a colorful hat"

Fig. 7: Qualitative comparison using FLUX.1. The loss is computed between each
image and an anchor image. On the left we show rigid and near-rigid edits, and on
the right we show non-rigid edits. The multi-view edits are more consistent with our
approach, e.g. in the following details: (a) makeup paint colors, face pose, gaze; (b)
snow pattern on the table and ground, middle reflective part of the table; (c) hat and
(d) plate colors.

loss in (1), where for rigid and near-rigid edits (left part of Fig. 7) we use matches
between unedited images, and for non-rigid edits (right part of Fig. 7) we use
matches between edited images. Note that our guidance works well with both
small and wide baselines and for a diverse range of prompts.

4.6 Ablation Studies

We present ablation studies in Table 4 on important factors affecting perfor-
mance and run-time. The ablations are provided using InstructPix2Pix [9]. We
found that the number of images used to compute the matching loss (1) satu-
rated when using more than two images. We also found that using 3 backward
steps in universal guidance provided the best trade-off between consistency and
edit time, with 6 steps giving similar consistency metrics but at an increased
computational cost. Additionally the ablation shows that including the patch-
based LPIPS loss gives improved consistency, while increasing its weight above
A = 2 did not lead to additional improvements.

5 Conclusion

We present a flexible method for 3D consistent image editing. It guides the
denoising process of a pre-trained single-image editing model by optimizing a
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correspondence-based objective so that matching points in different views are
edited in a coherent way. We can improve the multi-view consistency for both
rigid or near-rigid edits as well as non-rigid edits depending on which corre-
spondences are used. Furthermore, we show that we can improve the multi-view
consistency using a range of different image editing methods, namely diffusion
models, one-step models and flow matching models. We experimentally show that
the consistency of the edited images is better compared to existing methods. We
also demonstrate the possibility of editing a Gaussian splat model directly using
both sparse and dense views.
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Appendix

Overview

In this appendix we show video results and additional qualitative results of our
consistent multi-view image editing (Sec. A), technical details related to both
our multi-view editing (Sec. B) and the 3D Gaussian splat editing (Sec. C), and
details of the dataset and prompts that were used (Sec. D).

We also provide video results on our project page (https://3d-consistent-

editing.github.io/) which presents a qualitative comparison across all applica-
tions. For full transparency and fair comparison, we also show the results from
all 21 scene-prompt pairs of the test set we use when evaluating the different
methods.
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A Additional Qualitative Results

We provide multiple additional examples of our multi-view consistent image
editing in this section.

Multi-View Image Editing We show results for InstructPix2Pix [9] in Fig. 8,
where we note that, e.g., the eyes and the surrounding regions are more consistent
for our method and the details on the saddle are better preserved across views
when using our method. For pix2pix-Turbo [43], we see in Fig. 10 that the overall
colors and backgrounds are more consistent for our method and in Fig. 11 we
note that the texture on the bear is more consistent with our editing. Finally, we
show additional results for FLUX.1 [31] in Fig. 12, where it can be seen that our
method improves color and texture consistency in the fur of the bear and the
grass in front of the bicycle. We also observe consistent shape and appearance
for the unicorn statue and improved geometry for the changed hairstyle.

38DGS Editing In “main.mp4” we provide additional video results showing Gaus-
sian splat renderings for both the dense and sparse view setups. Additionally
in “all _scenes.mp4” we show our method and the methods we compare to for
all 21 scene-prompts pairs in our test set, using both InstructPix2Pix [9] and
pix2pix-Turbo [43].

Sparse 8DGS Editing We show an additional example of the sparse editing in
Fig. 13, where we see that the renderings of the Gaussian splat model is more
consistent using our edited images compared to the per image edits.

B Multi-View Image Editing

Image Editing Methods We test our method together with two different diffu-
sion based image editing methods, InstructPix2Pix [9] and the single-step model
pix2pix-Turbo [43], as well as the flow-matching based method FLUX.1 [31]. For
InstructPiz2Piz we use 20 denoising steps and guidance scales sy = 7.5 and
sy = 1.5, which are the same choices as in DGE and EditSplat. The single-step
model piz2piz- Turbo is trained to take a Canny edge map and generate an image
based on this and a given text prompt. So the editing process with pix2pix-Turbo
is to first convert the image to an Canny edge map that is then used to generate
an edited image, which leads to the appearance of the whole image being changed
even if an local edit is desired. To address this we utilize a segmentation mask
to ensure that only the desired object is changed and that the rest of the image
remains unchanged. For the flow-matching based model FLUX.1 [31] we use 28
denoising steps. We also take advantage of the fact that denoising trajectories
for flow-matching based models are approximately linear, making it possible to
avoid computing gradients through all the denoising steps, as described in [3].
This assumption of linear denoising trajectories should in theory be a perfect
approximation [36,38], but in practice an approximation error still exits. We find
that while using this approximation we still are able to stably converge to initial
seeds that improve consistency.
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Edited Multi-View Images with InstructPix2Pix

Unedited DGE EditSplat Per Image Ours

“Turn him into a Joker”

Fig. 8: Additional qualitative example of multi-view consistent image editing using
methods all based on the image editing method InstructPix2Pix. We note that our
method is able to preserve both details better than the other methods, as seen in e.g.
on the saddle and the eyes and the area around the eyes.
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Image Matching Details We use the robust dense matcher RoMa [16], which is
a robust dense matcher that also returns certainties. We only use matches with
a certainty over 0.05 and include a maximum of 50 000 matches. For the LPIPS
patch loss we use the perceptual loss [71] applied to patches centered around the
matches. We randomly select 1 500 correspondences out of the current matches
and extract patches of size 64 x 64 centered at these positions.

Sparse Editing We show an overview of the sparse editing in Fig. 9. For the
sparse editing we edit 3-4 images and then utilize the multi-view diffusion model
ViewCrafter [68] to interpolate between these views to generate 50-75 additional
views of the scene. These additional edited views can then be used to train a
Gaussian model representing the edited scene. In this setup there is no existing
Gaussian model of the unedited scene available since we only have a few images
available of the scene. We thus train a Gaussian model from scratch based on the
generated edited views, using 5 000 iterations. Training from scratch instead of
editing a Gaussian splat model makes this setup more sensitive to inconsistencies
in the edited views. Since a new Gaussian model needs to be generated from
the edited images, and we do not have any prior geometry from the Gaussian
splat model of the unedited images, inconsistencies in the images can easily
lead to incorrect geometry or strong view-dependent effects. Another reason is
that inconsistencies in the edited sparse views can lead to significant appearance
change in the additional views generated by ViewCrafter, which again lead to
difficulties of training a Gaussian splat model.

C Gaussian Splat Editing

In this section, we describe the differences in the training of the edited Gaussian
splat models between our method and the methods we compare to. When we test
EditSplat [33] and DGE [12], we use their provided code without any changes.
We refer to these papers for full details and provide a brief overview here.

Ours. We use the standard Gaussian splatting training procedure from the
original paper [27], except that we limit the training to 20 epochs (800-2500
iterations depending on the number of images in the scene), since we resume
the training from a Gaussian splat model of the unedited images. Different from
the original Gaussian splat training settings, we used a loss function where the
L1 and LPIPS rendering losses have equal weights, similar to earlier editing
methods [20, 33].

EditSplat. Similarly to ours, EditSplat also first edits the images and then
uses those images to update the Gaussians. There are several techniques used to
edit the Gaussians. Based on the prompt and edit model, they compute atten-
tion weights over the images, indicating regions where the prompt has a large
influence and where the Gaussians should change. The Gaussians are trimmed so
that a fixed fraction of the Gaussians with large attention weights are excluded
from the editing. The motivation is that retraining excessive source attributes,
as indicated by the regions with large attention weights, is detrimental for the
optimization to the edited images.
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Train a 3DGS on

Unedited Sparse Views Consistently Edited Sparse Views Additional the generated

V= ; 2\ edited views edited views

Gaussian
Splatting

Multi-View
Diffusion

Fig. 9: Overview of the sparse editing pipeline, that from a few sparse views generates
a Gaussian splat model of the edited scene. Our consistent editing method is used to
edit the given sparse views and a Multi-View Diffusion network is then used to generate
additional edited images of the same scene. A Gaussian splat model can then be trained
on all these views, and we can render novel views using the Gaussian splat model.

DGE. DGE also initially performs a multi-view consistent editing process
that is used to update an existing Gaussian model of the unedited images. But
instead of just performing one update step, they perform an iterative refinement
where they render images from the updated Gaussians and repeat the editing
process, re-updating the 3D model. This process is repeated for a total of 3
iterations, which was the default value in their released code.

D Scene-Prompt Pairs

We show all scene-prompt pairs used in the test set in Table 5. Most of the pairs
are the same as used in prior work [33]. We additionally show all pairs in the
validation set in Table 6. Note that different scenes are used in the validation
and test sets.



3D-Consistent Multi-View Editing by Correspondence Guidance 25

Edited Multi-View Images with pix2pix-Turbo

Per Image Ours

Unedited

4 2 il

"a watercolor style painting of a park"

Fig. 10: Additional qualitative example of multi-view consistent image editing with
pix2pix-Turbo. We note that our method is able to give a more consistent overall
color, and e.g. on the bicycle frame, and that the background is more consistent.
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Edited Multi-View Images with pix2pix-Turbo

Unedited Per Image Ours

"a photo of a metallic robot bear"

Fig.11: Additional qualitative example of multi-view consistent image editing with
pix2pix-Turbo. We note that with our method the texture on the bear is consistent
across the views and is able to capture realistic lighting reflections.
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Edited Multi-View Images with FLUX.1

Anchor Unedited Anchor Edited Anchor Unedited Anchor Edited Anchor Unedited Anchor Edited Anchor Unedited Anchor Edited
Y 2 F "

"Add fur to the bear statue" "Make it look like autumn” “Change the horse statue to a unicorn statue" "Make his hair shorter"

Fig. 12: Additional qualitative comparison using FLUX.1. The loss is computed be-
tween each image and an anchor image. On the left we show rigid and near-rigid edits,
and on the right we show non-rigid edits. The multi-view edits are more consistent with
our approach, e.g. in the following details: (a) fur color and pattern, texture of the plat-
form; (b) appearance of grass and pavement; (c) texture and shape of the statue, and
(d) hair length and overall style.

Edited view Renderings Edited view

Per Image

Ours

“a photo of a horse”

Fig. 13: Additional example of editing a few sparse views and using ViewCrafter to
interpolate. We note that the edited views are more consistent for our method compared
to per image edits, which can be seen in e.g. the saddlebag in both the edited images
and the Gaussian splat renderings.
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Scene Source Description Target Description Editing Instruction
Face a photo of a face of a man a photo of a face of a clown Make his face look like a
clown
Face a photo of a face of a man a photo of a marble Make his face resemble that
sculpture of a marble sculpture
Face a photo of a face of a man a Vincent Van Gogh Make him look like a
painting Vincent Van Gogh painting
Fangzhou  a photo of a face of a man a photo of the face of the  Turn him into the Joker
Joker
Fangzhou a photo of a face of a man a photo of the face of Steve Turn him into Steve Jobs
Jobs
Fangzhou  a photo of a face of a man a photo of a face of a man Give him Maasai face paint
with Maasai face paint
Garden a photo of an outdoor a photo of a foggy outdoor Make it foggy
garden garden
Garden a photo of an outdoor a photo of a snowy outdoor Make it snowy
garden garden
Bicycle a photo of a park a photo of a Namibian Turn the ground into a
desert Namibian desert
Bicycle a photo of a park a watercolor style painting Make the entire scene look
of a park as if it’s painted in
watercolor style
Bear a photo of a bear statue a photo of a metallic robot Turn the bear statue into a
bear metallic robot
Bear a photo of a bear statue a photo of a panda Turn the bear statue into a
panda
Person a photo of a person a photo of a person in Turn him into a Minecraft
Minecraft character
Person a photo of a person a photo of a person wearing Make the person wear
clothes with a pineapple clothes with a pineapple
pattern pattern
Person a photo of a person a photo of a person wearing Make the person wear a suit
a suit
Bonsai a photo of a bonsai a photo of a snowy bonsai Make the bonsai snowy
Bonsai a photo of a bonsai a photo of a bonsai with Make the bonsai have
yellow petals yellow petals
Bonsai a photo of a bonsai a photo of a bonsai made of Change the bonsai to look

paper

like it’s made of paper,
folded into intricate origami
shapes

Stone Horse a photo of a horse statue

Stone Horse a photo of a horse statue

Stone Horse a photo of a horse statue

a photo of a horse made of
wood

a photo of a horse made of
jade

a photo of a zebra

Turn the horse statue into
a wooden carving

Turn the stone horse into a
jade carving

Make the stone horse a
zebra

Table 5: All 21 scene-prompt pairs used as a test set for evaluation.
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Scene  Source Description

Target Description Editing Instruction

Kitchen  a photo of a lego

excavator

Turn it into a Vincent
Van Gogh painting

a Vincent Van Gogh
painting of a lego
excavator

MaleFace a photo of a face of a
man

MaleFace a photo of a face of a
man

a photo of a face of a Give him a bandana
man with a bandana
a photo of a face of a

very old man

Make him look very old

Campsite a photo of a campsite

Campsite a photo of a campsite

a photo of a campsite in Make the ground look
the Sahara desert like the Sahara desert

a photo of a campsite =~ Make the ground snowy
with snow on the

ground

Vasedeck a photo of a vase with
flowers

Vasedeck a photo of a vase with
flowers

a photo of a vase with  Make some of the

some red flowers flowers red

a photo of a vase with Make the flowers yellow
yellow and blue flowers and blue

Table 6: All 7 scene—prompt pairs used as a validation set when choosing hyperpa-
rameters and performing ablation studies for our method.
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