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Abstract. Recent developments in multi-view image editing with gen-
erative models have brought us a step closer toward general 3D con-
tent generation and customization. Most existing works focus on rigid
or appearance-only edits by utilizing the geometry of the unedited scene.
This naturally limits these methods to edits that preserve the underlying
scene structure. Other approaches are trained for specific image editing
tasks, such as object removal and addition. Despite this progress, general
nonrigid edits, i.e., edits that substantially change the scene geometry, re-
main challenging for existing methods. We propose GeM-NR, a fast and
flexible training-free approach for general multi-view consistent image
editing, including edits that drastically change the geometry and appear-
ance of the scene. Given an anchor image edited with a chosen backbone
editor (such as FLUX, Qwen, BrushNet) and a query unedited image,
GeM-NR edits the query image consistently with the anchor edit. The
method incorporates multiple stages: (i) depth map estimation, where
we propose a strategy to maximize the alignment between the 3D point
clouds of the edited and unedited scenes, (ii) projection onto a query
viewpoint, and (iii) refinement of the obtained image conditioned on the
unedited query. The conditioning-based formulation scales well from two
to many views of an object. We demonstrate the ability of our method
to handle edits with significant changes in geometry and appearance,
something that existing methods struggle with. We perform an extensive
evaluation showing that our method improves consistency for a wide va-
riety of edit tasks, including generating 3D representations of the edited
scene. Both quantitative and qualitative results indicate the state-of-
the-art performance of our method in terms of edit quality as well as
geometric and photometric consistency across multiple views.
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1 Introduction

Consistent multi-view image editing is a core capability for 3D editing, with a
large number of possible applications. A major challenge is to handle nonrigid
edits, which drastically change the geometry of the scene. One reason for dif-
ficulties with these types of edits is that the geometry of the original unedited
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Fig.1: The edited images produced by GeM-NR. We handle various types of
edits including significant changes in scene geometry. The edits are both photometri-
cally and geometrically consistent across the views.
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scene no longer holds for the edited scene, and another is that these more drastic
edits often lead to significant inconsistencies across different views, making the
task of enforcing consistency more difficult. One approach for solving this is to
train a method using paired multi-view images with these types of edits [37],
but limitations in available paired data lead to these methods being limited in
scope to specific types of edits, such as object addition and removal.

One solution to the issue with handling significant inconsistencies in the edits
is to warp an edited image into a target view and use that as conditioning when
editing an image at that view, providing the edit of that with clear guidance
on how that view should look to be consistent with the previous edit. Existing
works use depth maps from a 3D representation acquired from the orig-
inal scene, limiting the ability to handle nonrigid edits. In contrast we propose
estimating the scene geometry from an edited view of the scene with a depth
estimator , since these depth will then be valid also for nonrigid edits. We
formulate this problem as the task of given an initial edited image perform con-
sistent editing of a number of other images of the same scene. This problem
could be solved by performing single image novel view synthesis from the ini-
tial edited image by rendering new views at the poses of the given views. An
approach to solving this is to estimate geometry from the initial image and use
this to warp the initial image into the target views. The problem with doing this
in the setting of multi-view editing is that this does not take into account the
information in the additional views of the scene. We instead propose a way to
include these warping in the editing process, so that both the unedited views
and the warping of the initial edit are taken into account.
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Recent developments in editing methods allow for flexible and multi-reference
editing [61/7,/60], which could be used for multi-view editing. It is possible to con-
dition these methods on several images and ask to perform multi-view consistent
editing, but this is unstable and often leads to failed edits. Our contribution is
that by conditioning these multi-reference methods with both the unedited image
and the warping of an existing edit, it is possible to reliably perform multi-view
consistent editing.

While we rely on the foundation 3D models for reconstruction and multi-
reference image generation models for editing, we discover novel ways of lever-
aging their power. In particular, our first finding is that the unedited and edited
scenes together can be cast as one dynamic scene, hence can be handled by a dy-
namic scene reconstruction model such as Depth Anything 3. Our second finding
is that the unedited image together with its partially filled edited version are
a better input for the multi-reference image generation model such as FLUX.2
than a fully edited image but from another viewpoint. It has been shown that
the image generation models have limited ability in performing geometric tasks.
However, if provided with the right geometry, they succeed at preserving it.

In summary, GeM-NR is able to perform multi-view consistent editing with
respect to the provided anchor image edit done by a preferred backbone editor.
GeM-NR is flexible and can handle widely varied and drastic edits, including
significant changes to geometry as seen in Fig. [I} It does not require any per-
scene optimization and the runtime is only limited by the time it takes to perform
depth estimation and multi-reference editing, which for the methods we choose
can be done in ~ 3s per image. Our contributions can be summarized as follows:

— We propose a flexible pipeline for multi-view image editing based on recon-
structing the geometry of the edited scene.

— We discover and combine novel ways of leveraging the power of foundation
models, in particular dynamic reconstruction models and multi-reference im-
age editing models, to maximize the editing quality together with multi-view
consistency.

— We conduct extensive evaluation showing that our method can handle edits
significantly changing geometry and appearance. We propose a more de-
tailed evaluation pipeline integrating epipolar geometry evaluation, showing
improved consistency across a variety of different editing tasks and image
editing methods.

— Our pipeline is very fast allowing us to generate edited 3D Gaussians in less
than a minute for sparse scenes.

2 Related Work

Image editing using generative models. The development of diffusion models
trained on vast amounts of data have led to significant advancements in both
image generation |25,[45]|49/51] and editing [8,[23,[39L|50]. This has enabled
different types of editing tasks, including instruction-based editing [8}|20L(70],
image inpainting [27,138,75], style transfer [10,/14,24,/72] and multi-reference
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editing [6,(7,/60,/63]. Recent developments in flow matching [34,[36] and multi-
modal transformer architectures [19] have led to high quality unified editing
models [64/7,/29/60] that can apply significant changes and perform very precise
edits. Our work focuses on how to use these powerful 2D image editing methods
to perform consistent multi-view editing.

Multi-view consistent image editing. A main line of research in multi-view con-
sistent editing focuses on utilizing 2D image editing models to perform editing
of an existing 3D representation, such as NeRFs or 3D Gaussians. Instruct-
NeRF2NeRF [22] presents the idea of iterative dataset update (IDU) that uti-
lizes the consistency from a 3D representation to achieve consistent edits by
iteratively editing views and updating the 3D representation, which has been
adopted in [13,16}[40L|55,/59]. Other approaches use different properties of an
existing 3D Gaussian Splatting (3DGS) model to achieve consistency, such as
utilizing the geometry of the 3D representation of the unedited scene to guide the
editing |281|31}/61},/74], rendering smooth camera trajectories as in video editing
methods [11}[12], or using edited multi-views to update an existing 3DGS model,
inheriting consistency from the underlying 3D representation [11}12}[304311/59//61].
These approaches require dense views to obtain a high-quality 3D representa-
tion of the unedited scene. One approach that does not require this is using
correspondences from the unedited images to direct the editing such that corre-
sponding points are edited in a consistent way |2},/4,53]. This approach directly
encourages multi-view consistency, but has limitations in the case of edits that
significantly change the geometry of the scene, leading to the correspondences
from the unedited images not holding after the edit. Another approach is to
perform direct 3D editing, where a method directly edits a 3D representation
or a set of multi-view images. A challenge with this approach is the need for
paired 3D data, limiting most methods to training on single objects and syn-
thetic scenes [5}[32L[62/67]. Recent methods extend this approach to real images,
either by proposing a paired multi-view data generation pipeline [37] for specific
types of edits based on recent developments in 2D image editing and visual-
language models (VLMs) [15,/64], or performing reinforcement learning-based
fine-tuning and leveraging the 3D foundation model VGGT [56] as a 3D consis-
tency reward [57]. In contrast our method is training-free, making it possible to
take any initial edit and consistently edit another image to be consistent with
the initial edit. We achieve this by estimating the geometry of the edited scene
from the initial edit, warping the obtain 3D representation into the desired view-
point and conditioning the query image editing process with the obtained warp,
extending the capability of multi-view consistent image editing to nonrigid edits.

Warping based conditioning. Improving multi-view consistency by warping an
input view into a target view has been studied in the past. Such an approach
is used for single image novel view synthesis, where a given image is warped
to a target pose and provided as conditioning when generating novel views for
the target poses [18}[35}[42}[43]|52}[54)|68](69]. Several works also use warping
to improve consistency in 3D editing, leveraging depth from the unedited 3D
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Fig. 2: Method overview. GeM-NR estimates the geometry of the edited scene glob-
ally aligned with the unedited scene, projects the edited scene point cloud onto the new
view and conditions editing of the next image with the resulting warp.
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representation to blend edits across views , directly condition the editing
process on the estimated depths , or warp attention feature maps used
during editing . These approaches are limited to rigid edits that roughly
preserve the scene geometry, since the depths are based on the geometry of
the unedited scene. We propose to instead utilize the geometry of the edited
scene which remains valid for nonrigid edits. One way of achieving this is to
use recent models that can estimate geometry from a single view,
in our case the initial edited image, that can then be used to warp the initial
edited image into a target view. We take a step further and use a dynamic
scene reconstruction approach to address the alignment of the edited scene
geometry with respect to the unedited scene geometry, a crucial part affecting
the alignment of the warped edit with respect to the unedited query image. Our
approach adapts this methodology for general, including nonrigid, multi-view
editing, where we provide both the unedited query image and the warped edit
to the multi-reference image editing model to preserve multi-view details and
consistency even when the edit changes scene geometry.

3 Method

3.1 Problem formulation

LI, . IN.} and a text descrlptlon T of the desired
edit, the goal is to edit the images, obtamlng {1 iioas Pgivods -+ INisea }, such that
the appearance and geometry are consistent across all the views, and {I7;,.4}
remain aligned with the edit description. One way of reformulating the problem
is by first choosing an anchor image A,,. that is to be edited independently:
Acdited = f(Asre, T), where f is a preferred image editing model. Then, editing
each of the remaining images, which we call query images and denote as {Q°%,..},

Given N source views {I}, ., I2



§ J. Bengtson, Y. Lochman, F. Kahl

Fig. 3: Monocular depth estimation vs our joint depth estimation approach.
For the regions where geometry was not changed after the edit (zoomed-in) the depths
of the unedited and edited scene from the same viewpoint should coincide. Monocular
depths do not achieve as accurate alignment with respect to the unedited scene as in
our approach where the depth maps of all images are estimated simultaneously.
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can be conditioned on Agg;eq to ensure consistency. In conclusion, we simplify
the task to processing triplets consecutively — given {Qsre, Asre, Aedited}, the
goal is to produce Qcgiteq such that it is consistent with Aggiteq. As for now, ex-
isting image editing models do not guarantee that independently edited images,
that is, Qedited = f(Qsre, T'), will retain such consistency.

3.2 Overview

Our editing pipeline should be able to handle significant changes in the scene. For
appearance changes, since at least two unedited views are available, one could use
the geometry of the unedited scene obtained with a 3D reconstruction pipeline.
For challenging geometric changes, however, we cannot utilize the geometry ac-
quired from the unedited images. Instead, we propose to use the geometry of the
edited scene. Moreover, we need to understand how the geometry of the edited
scene relates to that of the unedited scene. In other words, the two 3D representa-
tions need to be aligned. However, solving the alignment accurately and robustly
is challenging, especially if the majority of the scene geometry is changed. We
sidestep the alignment problem altogether and instead aim to jointly estimate
the 3D representations of both edited and unedited scene as realizations of one
dynamic scene, which automatically results in a global alignment. This becomes
possible with the recent advances in dynamic scene reconstruction . The 3D
representation of the globally aligned edited scene can now be used to render an
image at a query viewpoint. Naturally, at this viewpoint, some regions need to
be filled-in as they were not seen from the anchor viewpoint. A source query im-
age provides an additional information about what should be depicted in these
areas. A multi-reference image generation model [6,[7] can therefore be used to
fulfill the task of final edit generation given an unedited image and its partially
edited version obtained by warping. Fig. 2] presents an overview of our approach.
Since the overall pipeline only requires one full forward pass and utilizes efficient
foundation models, it only takes a few seconds to edit a pair of images consis-
tently.

Having a method that can edit two images consistently, we extend the ap-
proach to editing sets of images by repeating the process for all the remaining
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query images. We can then pass the resulting set of consistently edited images
through a feedforward method such as AnySplat [26] to obtain a 3DGS repre-
sentation of the edited scene.

Edited scene geometry estimation We first pass Ag.. and Q.. through
the reconstruction model Depth Anything 3 [33] to obtain camera intrinsics,
K4 and Kg, respectively, and extrinsics, P4 and Pg. The pose Pg is then
refined into Py with the classic relative pose estimation from two views using
RoMa [17] matches. The refinement affects the quality of the subsequent joint
reconstruction discussed below. Further, we show in Sec. that it improves
the quality of the final edits.

Next, the three images {Agc, Acditeds @sre} and the corresponding cam-
era intrinsics and extrinsics {(Ka, Pa), (K4, Pa), (Kq, Pg)} are passed through
Depth Anything 3, constraining the output cameras to be equal to the ones
provided. Using the same camera parameters for A.giteq as for Ay, is based on
the assumption that the edit does not change the global motion. For example,
if the edit is: “Change the view to the other side of the corridor” or “Turn to
the right and show what is there”, it violates our assumption. However, if the
edit is: “Turn [depicted object] around”, it aligns well with our assumption as it
keeps the global scene pose unchanged. See also an example with the edit of the
similar form, namely “Have the wooden dinosaur stand next to the stump”; in
Fig.

Depth Anything 3 is trained to tackle dynamic scene reconstruction, and
we leverage this ability for challenging nonrigid edits. The model views {Ag,
Acdited, Qsrc} as images of a single dynamic scene, where possible changes in
scene geometry and photometry over time appear at Acgited-

Edit initialization with warping A partially-filled edited image is rendered
at a query viewpoint from projecting the point cloud of the edited scene onto
(Kgq, Pg), which can also be seen as warping Acgited, gving Quarp. The warped
edit provides a dense guidance on how the edit should look like from the query
viewpoint, to ensure consistency with edited anchor view.

In this work, we use depth map / point cloud representation for both esti-
mation and rendering. In theory, any other representation, such as NeRFs or 3D
Gaussians, could work as well, as long as such a representation can be faithfully
obtained from only a few images—in our case, as few as three images—and the
underlying estimation method supports dynamic scenes. Another option is to up-
grade to a desired representation starting from a point cloud. A challenge with
this approach is having access to very limited data, namely a single edited image
with the corresponding depth map. At this point, we found that manipulating
point clouds directly works best.

Why not using monocular depth? A slightly simpler approach could be to use
monocular depths estimated from an edited anchor image Acgiteq in order to
warp this image from camera (K4, P4) to camera (Kg, Pg). In Fig. 3| we show
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Fig. 4: Qualitative comparison of query-anchor consistency with Qwen an-
chor backbone. Our method GeM-NR preserves photometric and geometric details
of the anchor edit.
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qualitative examples of obtaining a monocular depth map from an edited image
as compared to our alignment approach. Both estimators are provided with
intrinsics. Ideally, the depth values of Ag.. and Acgiteq should coincide in the
regions where the geometry was not changed. In the demonstrated examples,
we zoom-in to the rightmost regions of the images, where the areas (leaves to
the left, walls to the right) remain unchanged. Monocular depths (even in the
calibrated setting shown in Fig. [3|) do not follow the multi-view depths of the
unedited scene as closely as in our approach, where the depth maps of all images
are estimated simultaneously.

Edit refinement with multi-reference editing To fill-in the gaps in Quarp,
one could use an image inpainting model. The problem with this approach is that
it does not guarantee the consistency of the filled-in areas with those in Q.
We need to be able to constraint the image generation process both by forcing
the edit to closely follow Qyqrp Where possible, and also by letting the model
infer how to fill the remaining areas based on the semantics of the corresponding
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Fig. 5: Multi-view editing of 10 images with Qwen anchor backbone. GeM-
NR successfully edits the full sequence while maintaining multi-view consistency.
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regions in Q4. and the overall content in Q. q4rp. Hence the model should be
able to accept multiple visual inputs and understand the relation between them
from the text description, which we refer to as multi-reference image editing.
Recent image editing methods @ allow for multi-reference inputs: a list
of images Ij;s¢ = [I1, I, ...] and a text prompt T specifying how the images should
be combined to create a final image I.gited = fmuiti (IlishT). We propose to
include the warping of the initial edited view into the target view as conditioning
when editing. This provides the constraint directly in the image frame of the view
that should be edited, making it easier for the model to create an image that
respects the warping from the initial edited view, encouraging consistency, while
also respecting the additional information given in the unedited target view,

Qedited = fmulti ([Qs’rcy me‘p]a CODC&t(T, T+)) ) (1)
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Fig. 6: Application of our method in interior design.
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“Remove the clutter and add a large stylish brown leather armchair standing in the corner but a bit out and facing the room center”

where our additional instruction T is: “The suggested appearance is in the
second image. Stick to this change, but refine it to keep consistency with respect
to the first image”.

4 Experiments

We divide our evaluation into two main tasks: (1) general multi-view editing
(Figs. , where we also evaluate 3DGS representations generated from the
edited multi-view images (Fig. [7) and show the 3D reconstruction capabilities on
the edited images (Fig.[8), and (2) image pair editing, where an object is masked
out and replaced with another one in a pair of images (Fig. E[) We evaluate view
consistency for both tasks.

4.1 Experimental setup

We evaluate our method on general multi-view editing across a variety of different
edit types. For evaluation, we use 38 prompts over 4 editing categories (general
nonrigid edits, object addition, object removal, and appearance change). We
use a combination of 15 test scenes taken from the following datasets: SPIn-
NeRF , IN2N , Mip-NeRF360 [3| and BlendedMV'S . For this task, we
compare GeM-NR with Omni-3DEdit which performs multi-view editing by
directly editing a set of up to 10 images given one edited anchor image. The ap-
proach of Omni-3DEdit is a data generation pipeline followed by training a model
on a created dataset. The generated paired edits are from specific categories such
as object removal, object addition, and appearance change. Omni-3DEdit can-
not directly perform a nonrigid or any complex edit, but if the task can be split
into first removing an object and then adding a new object, Omni-3DEdit can
be run twice to achieve a similar result.

For evaluating consistent image pair editing, we use image pairs taken from
DreamBooth and Mip-NeRF360 , using a total of 38 pairs in the test set.
For this task, we compare GeM-NR with Edicho [2] which performs consistent
image editing by computing explicit correspondences from the unedited images
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Fig.7: Renders from 3DGS of edited scene. Our approach gives sharp renders
that preserve the details from the anchor edit.
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that are used to guide the denoising process. Edicho presents results with
two different backbone 2D editors: ControlNet for global editing and
BrushNet for inpainting-based editing. The code release for Edicho only
includes the inpainting-based approach. Hence, we only use BrushNet for
comparison.

Implementation details. We use FLUX.2 [klein] [7] as our backbone multi-reference
image editing model. For geometry estimation, we use Depth Anything 3 [33]. For
the general multi-view editing, initial anchor edits are generated using Qwen
(version Qwen-Image-Edit-2509) which is the editing method used when training
Omni-3DEdit. When comparing image pair editing performance to Edicho, we
use BrushNet for the initial anchor edits, since this is the method used by
Edicho. Since BrushNet requires masks and inpaints the masked object area, we
adapt our method to work with this type of input by providing a masked anchor
edit as a reference and estimating the object geometry instead of the full scene
geometry. Finally, for all tasks, we also edit anchors using FLUX.2 [klein] m and
include the results in the comparisons. To generate 3DGS representation from
the edited multi-view images, we use AnySplat , a feedforward method that
can generate 3D Gaussians from a set of sparse unposed images in seconds.
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Fig. 8: 3D reconstructions of the edited images, obtained using VGGT .
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Evaluation metrics. For consistent image pair editing, we follow and use
CLIP to evaluate text alignment (TA) and edit consistency (EC). For gen-
eral multi-view editing, we evaluate both consistency and text alignment across
the edited views. Multi-view consistency is measured with MEt3R , which
compares DINO @I embeddings at matches obtained by Dust3R . To verify
that the edited images preserve the relative poses as the unedited images, we also
report mean average accuracies (mAA) computed by thresholding symmetrized
epipolar distances and confidences of RoMa matches, where the ground truth
poses are obtained by running COLMAP on sets of unedited images. Finally,
we evaluate the resulting 3D Gaussians by measuring how well their renderings
align with the text prompt.

4.2 General multi-view editing

Multi-view consistency. We evaluate multi-view consistency on sets of 10 images.
Tab. [[]reports the consistency metrics, both across all edit types and for the each
edit category separately. In general, our method achieves the highest consistency,
with the largest improvements for general nonrigid editing involving significant
geometry changes. TA measures how well the edit instruction is preserved after
multi-view editing, for which we observe that Omni-3DEdit is limited in scope
and struggles to perform an edit for appearance change and general non-rigid
editing, while GeM-NR handles a broad range of edits. Examples of this can
be seen in Fig. [f] where our method succeeds at performing multi-view editing,
while Omni-3DEDit fails, and independently edited images suffer from significant
inconsistencies. The top two rows of Fig. [l present examples, where Omni-3DEdit
performs the edit successfully, but GeM-NR preserves consistent details and
appearance with respect to the anchor edit even better. Additional qualitative
results can be found in Sec.[A]in the supplementary material. We also show in
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Table 1: Consistency evaluation of edited multi-view images. GeM-NR gives
improved multi-view consistency and preserves edit instructions, cf. high TA scores.

Edit Consistency 3D Rec. Consistency Text Alignment
MEt3R) mAA, % 1 PSNRf SSIMtT LPIPS]) TA / TA dir 1

All Edit Types

Independent 0.248 31.47 20.70 0.677 0.213 0.258 / 0.202
§ Omni-3DEdit  0.236 33.99 20.06 0.690 0.164 0.230 / 0.127
< Ours 0.194 36.71 21.63 0.653 0.167 0.252 / 0.198

7 Independent 0.231 34.03 21.12 0.670 0.203 0.254 / 0.190
= Omni-3DEdit  0.238 34.27 19.57 0.677 0.171 0.233 / 0.122
= Ours 0.190 38.58 21.96 0.659 0.162 0.254 / 0.193

Unedited 0.186 47.71 25.76 0.769 0.116 0.204 / -

General Nonrigid

Independent 0.303 23.15 18.62 0.613 0.284 0.265 / 0.240
§ Omni-3DEdit  0.288 23.78 18.21 0.662 0.205 0.251 / 0.184
@ Ours 0.215 31.56 20.68 0.612 0.194 0.268 / 0.252

7 Independent 0.291 24.91 18.93 0.598 0.275 0.269 / 0.234
= Omni-3DEdit  0.288 21.56 17.60 0.628 0.216 0.248 / 0.172
= Ours 0.216 32.35 20.91 0.607 0.188 0.268 / 0.247

Unedited 0.216 47.31 25.23 0.745 0.128 0.202 / -

Object Addition

Independent 0.217 41.22 20.72 0.738 0.220 0.242 / 0.190
§ Omni-3DEdit  0.125 46.60 23.46 0.780 0.100 0.221 / 0.120
@ Ours 0.120 46.61 24.40 0.766 0.105 0.226 / 0.151

% Independent  0.165 45.97 22.82 0.769 0.158 0.240 / 0.165
a Omni-3DEdit 0.134 46.99 22.92 0.779 0.107 0.232 / 0.121
~ Qurs 0.121 47.17 24.78 0.777 0.111 0.238 / 0.144

Unedited 0.097 53.33 29.03 0.860 0.070 0.191 / -

Object Remowval

Independent 0.166 41.79 24.06 0.734 0.143 0.207 / 0.156
§ Omni-3DEdit  0.203 38.27 20.83 0.690 0.174 .201 / 0.114
@ Ours 0.153 45.66 24.04 0.712 0.135 0.201 / 0.155

& Independent 0.165 44.62  24.66 0.741 0.142 0.204 / 0.156
2 Omni-3DEdit  0.202 40.90 20.81 0.698 0.170 0.199 / 0.104
=~ QOurs 0.151 46.43 2444 0.719 0.133 0.204 / 0.154

Unedited 0.152 48.15 25.95 0.790 0.101 0.203 / -

Appearance Change
Independent 0.256 29.15 20.74 0.673 0.193 0.278 / 0.200

§ Omni-3DEdit  0.257 34.03 19.67 0.674 0.158 0.232 / 0.099
G Ours 0.224 32.87 20.29 0.614 0.187 0.271 / 0.199

g Independent 0.244 31.27 20.52 0.652 0.199 0.270 / 0.185
= Omni-3DEdit  0.260 34.95 19.09 0.663 0.168 0.237 / 0.098
= Ours 0.214 36.31 20.63 0.626 0.174 0.270 / 0.193

Unedited 0.214 46.17 24.80 0.741 0.132 0.210 / -

Wi
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Table 2: Text alignment (TAT / TA dirt) of the renders from 3DGS of
edited scene with Qwen anchor backbone. GeM-NR improves over Omni-3DEdit.
It especially improves for general nonrigid edits and object addition, where independent
and Omni-3DEdit struggle.

All Edit General Object Object Appearance

Types Nonrigid Addition Removal Change
Independent 0.250 / 0.191 0.249 / 0.214  0.225 / 0.134 0.212 / 0.170 0.275 / 0.206
Omni-3DEdit | 0.229 / 0.130  0.244 / 0.194 0.232 / 0.130  0.207 / 0.126  0.226 / 0.092
Ours 0.258 / 0.212 0.269 / 0.273 0.246 / 0.188 0.211 / 0.173 0.274 / 0.198

Fig. 9: Qualitative image pair editing examples for Edicho and our GeM-NR.

"A tiger plushie”

Unedited Edicho Ours

"4 berry bowl with a floral pattern”
Unedited Edicho Ours

\ ¥
B/ e %5&

Fig.[6] an example of how GeM-NR can be used for consistent multi-view editing
in interior design applications.

Edited 3D representations. The multi-view edits can also be used to generate
a 3D Gaussian model representing the edited scene. Tab. [2] demonstrates that
GeM-NR gives edited 3D Gaussians that best align with the desired edit instruc-
tion, with largest improvements in the categories of object addition and general
nonrigid edit where significant changes in geometry occur. Comparable results
are achieved when using FLUX.2 [klein| backbone for the anchor image, as can
be seen in Sec. [A]in the supplementary material. In Fig. [7] we observe that our
method gives renders that are sharp and clearly preserve the details from the
edited anchor view. We also show in Fig.[§|that a 3D reconstruction of the edited
scene can be obtained by running VGGT on the set of edited images.
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Table 3: Consistent image pair editing (inpainting) evaluation.

mAA, % 1T MEt3R (object) | TA / TA dir (object) T EC (object) 1

DreamBooth images
BrushNet (uses masks)

Independent - 0.646 0.279 / 0.218 0.834
Edicho - 0.324 0.287 / 0.244 0.887
Ours - 0.258 0.280 / 0.245 0.899
FLUX.2 [klein] (with masks)

Independent - 0.528 0.271 / 0.210 0.871
Ours - 0.244 0.268 / 0.224 0.902

Mip-NeRF 360 test scenes
BrushNet (uses masks)

Independent 23.68 0.500 0.252 /0.177 0.885
Edicho 28.13 0.319 0.248 / 0.178 0.941
Ours 28.04 0.285 0.248 / 0.179 0.920
FLUX.2 [klein] (with masks)

Independent 30.22 0.271 0.242 / 0.193 0.905
Ours 33.89 0.217 0.238 / 0.198 0.920

4.3 Image pair editing

Tab. [3] shows evaluation results for image pair editing on DreamBooth images
and Mip-NeRF 360 test scenes. MEt3R, TA, EC are computed on the masked
images where only the object is kept (since the background varies a lot between
the images, see top row in Fig. E[) GeM-NR often achieves as good or better
consistency as well as alignment with respect to the edit description.

4.4 Runtimes

In Table [d] we compare runtimes of per-image editing using different methods.
Our method is significantly faster than Omni-3DEdit, especially for complex
edits where Omni-3DEdit has to perform two forward passes to complete the
edit, and it is comparable to Edicho (while achieving higher quality images and
better consistency as shown in Fig. E[)

Table 4: Runtime comparison. Per-image editing runtime in seconds.

Method Edicho  Omni3DEdit  Omni3DEdit (complex edits)  Owurs
Time, s 3.5 8.3 16.6 3.4
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4.5 Ablation Studies

Tab. [5| shows the ablation configurations and results on the held-out valida-
tion dataset. Here, we used 4 separate validation scenes extracted from Mip-
NeRF360 [3]|, IN2N [22| and SPIn-NeRF [41] datasets, with 11 prompts. We
evaluate several modifications to the proposed method: (1) Reference text (In-
put edit) — whether to provide the original edit description; if not, provide
“Edit the first image in the same way as shown in the second image”™; (2) Ref-
erence image(s) — which of the images to provide: original query Qg.., edited
anchor Aegjteq, and/or depth-warp Quqrp. We also compare our method to the
baseline approach (first row) that concatenates the two inputs into one image
and asks the model to edit two images consistently. Finally, we evaluate our
method without pose refinement (last row). Our method is highlighted in gray.
It achieves a trade-off across all performance evaluation metrics, as indicated in
the last metrics column that computes a balanced score over all metrics. The
detailed prompts used for different configurations can be found in Sec. [C|in the
supplementary material.

Table 5: Ablation study of consistent image pair editing. Our method is high-
lighted in gray. It achieves a trade-off across all performance evaluation axes.

Ref. text Ref. image(s) Metrics

Input  Original Edited Depth-
edit query anchor warp MEt3R | mAA, % 1 TA 1+ EC 1 Balanced

Simultaneous pair editing
Concatenate both inputs
v N/A N/A N/A 0.229 35.40 0.271 0.888 8.08

Editing one conditioned on another
Original edit text prompt preserved; no warp

v v X X 0.238 31.70  0.214 0.924 7.43

v v v X 0.069 13.53  0.271 0.888 3.53
Original edit text prompt ignored; with warp

X X X v 0.219 39.83  0.268 0.827 8.47

X v X v 0.220 40.74  0.268 0.844 8.87

X X v v 0.231 38.74  0.266 0.823 8.25

X v v v 0.185 26.11  0.271 0.863 5.92
Original edit text prompt preserved; with warp

v v v v 0.173 23.96  0.275 0.913 5.86

v v X v 0.199 40.63 0.274 0.885  9.50

No relative pose refinement  0.158 39.88  0.278 0.894 9.28
Unedited  0.190 49.72  0.214 0.924 -
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5 Conclusion

We present GeM-NR, a method for multi-view consistent edits that substan-
tially change scene geometry and appearance. Our approach is flexible, han-
dling diverse editing tasks, and fast, requiring only seconds per image. Extensive
evaluations on different edit categories show that our method shows improved
multi-view consistency and that the edited images can be used to generate 3D
representations that align well with the specified edit instruction.

Currently, our multi-view consistent editing is conditioned on a single anchor
edit, which does not ensure consistency across all views. We observe that this
approach works well for scenes with limited view point variations, but it limits
ability to handle larger scenes with more extreme viewpoint variation. A poten-
tial solution is to condition the editing not only on one anchor view, but also
other previously edited images.
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Supplementary Material

Overview

In this supplementary material, we show additional experimental results (Sec.
, hyperparameter tuning results (Sec. , and details for the prompts used in
the ablation study (Sec. |C).

A Additional Experimental Results

Tab. [B] presents text alignment metrics for renderings from edited 3DGS when
using FLUX.2 [klein] to edit the anchor image. The results are comparable to
those with the Qwen backbone for anchor images presented in Tab. [2]in the main
paper. Additional qualitative examples of the multi-view consistent editing can

be found in Fig. [B:I]and [B2]

B Hyperparameter Tuning

In Fig. we show the results of hyperparameter tuning done on the held-
out validation set. We use the same validation set as in the ablation study.
The hyperparameters in our method are split into two groups. The first group,
shown along the y-axis in Fig. [B.3] consists of the hyperparameters related to
relative pose refinement, namely: (1) whether to perform relative pose refine-
ment, (2) maximum epipolar error in robust estimation, (3) certainty threshold
for RoMa matches, and (4) minimum percentage of inliers to consider the re-
finement successful (or otherwise revert to the initial pose). The second group,
shown along the x-axis in Fig. [B.3] consists of the hyperparameters related to
masking and depth estimation: (1) whether to provide an additional input to the
multi-reference model, where the input is a query image with masked out area
that is to be edited (the area is computed automatically based on the image
difference between the anchor image and its edited version and warping), (2)
certainty threshold as a percentile for the predicted depths, (3) strength of mask
erosion if the query image is to be masked.

C Ablation configurations detailed

Table[C.2]shows the detailed text decriptions of the prompts used in the ablation
study.
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Table B.1: Text alignment (TAt / TA dirf) of the renders from 3DGS of
edited scene with FLUX.2 [klein] anchor backbone. GeM-NR clearly improves
over Omni-3DEdit. It especially improves for the general nonrigid edits and object
addition, where both Independent and Omni-3DEdit struggle.

‘ All Types  General Nonrigid Object Addition Object Removal Appearance Change

Unedited 0.201 / - 0.194 / - 0.201 / - 0.200 / - 0.206 / -
Independent | 0.253 / 0.192  0.254 / 0.227  0.243 / 0.169 0.213 / 0.170  0.271 / 0.187
Omni-3DEdit| 0.233 / 0.131  0.244 / 0.185  0.240 / 0.140  0.206 / 0.114  0.233 / 0.101
0.259 / 0.205 0.270 / 0.269 0.253 / 0.176 0.211 /0.163  0.272 / 0.190

Ours

Fig. B.1: Additional qualitative results for multi-view editing with Qwen.

“Make him carry a bag of groceries”

~ Unedited
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Fig. B.2: Edited multi-view images. We observe that our method gives consistent
edits with preserved details, such as the patches on the jacket.

“Change the bicycle to an dirt motorbike”

Anchor Edit Unedited Independent Omni-3DEdit Ours

“Give him a leather jacket with different patches”

Anchor Edit Unedited Independent Omni-3DEdit Ours

i o a

Fig. B.3: Quantitative results of hyperparameter tuning of our method on
the held-out validation set. The best set of hyperparameters (outlined cell) is chosen
such that it maximizes the balanced score: balanced = mAA - (1 — MEt3R/2).
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Table C.2: Ablation study configurations in consistent image pair editing.

Ref. text Ref. image(s)

Input  QOriginal Edited Depth-
edit query anchor warp Prompt

Simultaneous pair editing
Concatenate both inputs
v N/A N/A N/A “Edit these two concatenated images in a consis-
tent way”

Editing one conditioned on another
Original edit text prompt preserved; no warp

v v X X T
v v v X “Edit the first image as shown in the second image”
Original edit text prompt ignored; with warp

X X X V' “Inpaint this image”

X v X v’ “Edit this image as shown in the second image.
Inpaint the second image”

X X v v' “Inpaint the first image. Use the second image as
a guidance on how to inpaint”

X v v v’ “Edit the first image in the same way as shown in

the second image. The suggested appearance is in
the third image. Stick to this change, but refine it
to keep consistency with respect to the first image”
Original edit text prompt preserved; with warp

v v v V' concat(T, “The suggested appearance is in the sec-
ond image. Stick to this change, but refine it to
keep consistency with respect to the first image.
For reference, the same edit at a different view-
point is provided in the third image” )

v v X V' concat(T, “The suggested appearance is in the sec-
ond image. Stick to this change, but refine it to
keep consistency with respect to the first image” )
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