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Fig.1: We present SplatPainter, a feedforward method to support interactive and
continuous authorship of 3D Gaussian assets through intuitive 2D edits, e.g., high-
fidelity local detail refinement, local paint-over, and consistent global recoloring, while
maintaining 3D consistency and the original texture and structure details.

Abstract. The rise of 3D Gaussian Splatting has revolutionized pho-
torealistic 3D asset creation, yet a critical gap remains for their inter-
active appearance refinement and editing. Existing approaches based on
diffusion or optimization are ill-suited for this task, as they are often
prohibitively slow, lack the precision for fine-grained control, or—most
importantly—are fundamentally destructive to the original asset’s iden-
tity. To address this, we introduce SplatPainter, a state-aware feedfor-
ward model that enables continuous, high-fidelity appearance editing of
3D Gaussian assets from user-provided 2D views. Our method directly
predicts updates to the attributes of a compact, feature-rich Gaussian
representation and leverages Test-Time Training to create a state-aware,
iterative workflow. The versatility of our approach allows a single ar-
chitecture to perform diverse tasks, including high-frequency local detail
refinement, local paint-over, and consistent global recoloring, all at inter-
active speeds while strictly preserving the asset’s original structure. Our
project website is at: https://y-zhengl8.github.io/SplatPainter/.

1 Introduction

High-quality 3D content creation is fundamental to a growing number of indus-
tries, from gaming and virtual reality to e-commerce and digital twins. Recently,
3D Gaussian Splatting (3DGS) has emerged as a leading representation for
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its real-time photorealistic rendering and its ability to capture complex details
like hair and fur more effectively than traditional meshes. As text- and image-
to-3D pipelines [45,(77] built on GS become more powerful, they enable the
rapid creation of assets. However, these one-shot generation methods typically
represent a “starting point” rather than a final product; their focus on global
coherence often comes at the cost of local detail, creating an urgent need for
efficient workflows to refine the appearance of these assets post-creation.

The critical missing piece in the modern 3D workflow is a framework for in-
teractively and intuitively editing the appearance of existing 3DGS assets. For
content creation to be truly powerful, users need to make precise adjustments
with familiar 2D tools, applying edits to arbitrary views—including close-ups for
fine-grained refinement. This is a non-trivial challenge that requires addressing
three core difficulties: (1) achieving precise, controllable updates that faithfully
follow user intent; (2) preserving the original identity and intricate structural de-
tails of unedited regions; and (3) operating at interactive speeds. As illustrated
in Fig. 2] maintaining identity is not a "given" even for texture-only edits. Ex-
isting tools often introduce significant and unintended identity drift or fail to
match the user’s specific 2D intent, leading to results that are either perceptu-
ally inconsistent with the original asset.

Current 3D editing approaches are fundamentally ill-suited for this task of
interactive refinement. Many methods rely on an intermediate step of generating
multiview images to match a 2D edit before lifting them to 3D via reconstruc-
tion [3}14, 7, |11L{17] 26,44, |56, |83]. This process is prone to 3D inconsistencies
that destroy original textural details and lead to "blurry" results that fail to
capture the user’s specific intent. Alternatively, methods that employ diffusion
directly on structured 3D latents [2,/16] bypass multiview generation but suffer
from “spatial edit leakage”. In these cases, appearance changes frequently bleed
into unintended regions — a limitation common to latent diffusion models []. Re-
gardless of the underlying paradigm, these methods share a prohibitive latency.
Whether based on iterative diffusion sampling or per-scene optimization, they
are far too slow for real-time feedback, often requiring hundreds of seconds for
a single change and breaking the fluid creative process required by artists.

In this work, we introduce SplatPainter, a state-aware feedforward frame-
work designed for fast and identity-preserving appearance editing of 3D Gaussian
assets. By resolving 2D-to-3D consistency directly in the Gaussian representa-
tion, we bypass the need to finetune or repurpose specific generative models.
Instead, our approach acts as a versatile appearance-lifting module that can
incorporate 2D edits from diverse sources—including manual user paint-overs,
super-resolution models, or advanced generative editors like Nano Banana [21]
— without requiring the destructive multiview regeneration typical of existing
workflows. Our model directly predicts updates to Gaussian attributes (e.g.,
color and opacity) from these image-space edits, ensuring the asset’s original
structural integrity remains intact. To facilitate a continuous creative process,
we utilize Test-Time Training (TTT) |68,80L100] to make the model state-aware.
This allows the network to adapt to user inputs on the fly, integrating new ap-
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Fig. 2: Challenges in Controllability and Identity Preservation. Existing meth-
ods struggle to propagate precise 2D edits into 3D space. Approaches that rely on multi-
view generation (e.g., DGE ) struggle to match user intention (e.g., the drop of tear)
and often result in 3D inconsistencies and blurry textures. Even direct 3D methods
(e.g., VoxHammer , VineDresser3D ) can introduce global identity drift during
localized updates (e.g., color shift and detail distortion). In contrast, SplatPainter pro-
vides precise, intent-matching updates—leveraging external editors like Nano Banana
for high-quality guidance—while strictly maintaining the original asset’s identity.

pearance information while maintaining the underlying identity of the original
3D asset.
Our main contributions can be summarized as follows:

1. A Novel Feedforward Editing Framework: We introduce SplatPainter,
a state-aware feedforward model for the interactive and continuous editing
of 3DGS. By leveraging TTT, our method iteratively incorporates user edits
from 2D views, directly updating the attributes of a compact and feature-rich
Gaussian representation without destructive regeneration.

2. Versatile and Intuitive Applications: We evaluate our framework on
two novel and practical applications: high-fidelity local detail refinement and
consistent global relighting. The unified approach provides users with precise
control over both fine-grained texture details and broad appearance changes
from 2D edit(s).

3. State-of-the-Art Performance at Interactive Speeds: Through exten-
sive experiments, we show that SplatPainter significantly outperforms ex-
isting methods in both quality and speed. Our approach achieves superior
visual results while operating at interactive rates, making it a truly practi-
cal solution for unlocking fluid, real-time creative workflows in 3D content
authoring.

2 Related Work

Our work lies at the intersection of editing for modern 3D representations like
NeRFs [50] and 3D Gaussian Splatting (3DGS) [41], and continuous 3D recon-
struction. We begin by reviewing the evolving ecosystem of direct GS editing
before discussing broader paradigms for image-driven 3D editing and the archi-
tectural principles that enable our iterative approach.

The Evolving 3D Gaussian Splatting Ecosystem. The wide adoption of
3DGS and its plethora of extensions has propelled research into making
GS assets directly editable, leading to the emergence of interactive tools for
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manual selection and editing [36}}47,/48]/54]. More advanced methods achieve
real-time geometric deformation through auxiliary cage structures [35}/70,90|
or use feed-forward networks for tasks like splat densification [15]/52]. Other
works augment the GS representation itself to enable new modalities like physics
simulation [91]. While these approaches showcase a clear demand for direct and
efficient GS manipulation, they primarily focus on geometry modification. They
do not provide a mechanism for our task: intuitive, fine-grained appearance
editing guided by 2D image inputs.

Image-Driven 3D Editing. Image-driven 3D editing is a central challenge,
with three dominant strategies emerging. The first, an optimization-heavy ap-
proach, updates a 3D representation by optimizing it to match a set of edited
2D views. This paradigm is used for tasks like geometry and texture refine-
ment [14,[58|, super-resolution [28}43,(64}74,(84L/85.(89L/94,(95], and CLIP-guided
stylization |12,30}[331/42./49,/57./65,(75,(76.[78l/104]. Score Distillation Sampling [55|
is a popular variant, where optimization is guided by text prompts instead of ex-
plicit images [91201/23}/24.[381/461/53,62(731/92/97,106/107]. Although these methods
can produce high-quality results, their reliance on slow, per-scene optimization
makes them unsuitable for interactive workflows. The second strategy, gener-
ative reconstruction, uses a multi-view diffusion model to generate consistent
2D edits from a prompt [3,/41(7)8/11}/17,[261[32} 44} 56],71,82}(83], which are then
lifted to a new 3D asset using a feedforward reconstruction model [34L/93}(98].
This workflow, while faster than full optimization, is still too slow for real-time
use and inherently destructive as it replaces the original asset. Finally, recent
approaches explore direct 3D editing via structured diffusion latents to bypass
multiview generation [2}/16,86}/88]. While methods enable more coherent updates
by operating in a native 3D latent space, they often suffer from spatial leakage
where edits bleed into unedited regions due to the global receptive fields of diffu-
sion priors. Our method, in contrast to these strategies, is fast, non-destructive,
and handles fine-grained image edits with strict locality.

Continuous and State-Aware Architectures. Our architecture is inspired
by continuous reconstruction, where a 3D representation is progressively im-
proved with new observations. This concept spans classical SLAM [25]29,511(69]
105] and Structure-from-Motion [1,/60] to modern learning-based methods us-
ing recurrent or memory-augmented networks to maintain state [18,[31}37}[39]
61.166,/102]. Recent frameworks explicitly maintain latent states for continuous
updates [10}/79,/81], while in the 3DGS domain, this is often done via contin-
ual optimization [96]. Drawing from these state-aware designs, we use test-time
training (TTT) [100] to enable our feedforward model to iteratively incorporate
user edits, achieving an efficient, online refinement workflow.

3 Method

Given a 3DGS asset G = {g;}¥,, our goal is to efficiently update Gaussian at-
tributes—position, scale, opacity, rotation, and spherical harmonics—based on
user-provided image-space edits such as zoom-in super-resolution, graffiti-style
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Fig. 3: Overview. Given an input 3DGS asset, the framework first performs a one-
time preprocessing step. The asset is rendered from multiple views to generate feature-
rich inputs from a Gaussian LRM. Stage I compresses this into a compact latent rep-
resentation via a local transformer. The interactive editing loop in Stage II then iter-
atively refines this latent representation using new 2D user edits (new input(s)) and a
Test-Time Training (TTT) module to produce the final edited 3DGS.

markings, or global recoloring (see Fig. . Our key contribution is a feedfor-
ward, state-aware pipeline composed of two key components: (1) a compact and
feature-rich Gaussian representation extracted via a one-time preprocessing step,
and (2) a refinement module with Test-Time Training (TTT) layers that
incorporate new user inputs to iteratively update the scene (Fig. [3)).

3.1 Compact and Feature-Rich 3DGS

Intelligently propagating a 2D edit requires a 3D representation with rich global
context. Our strategy is to leverage a Gaussian large reconstruction model (LRM) |13
to create a high-fidelity, identity-preserving copy of the asset that is inher-
ently enriched with such features. To accomplish this, we first render the input
3DGS from a set of canonical viewpoints. These rendered images serve as the
input for the LRM, which then processes them to generate a new, dense cloud
of Gaussians where each point is associated with a rich feature vector reflecting
the global context. While this provides the necessary context, the LRM’s native
output is a dense, unstructured cloud of Gaussians—unsuitable for interactive
editing due to high redundancy and memory overhead. Therefore, we introduce a
one-time preprocessing step: a voxel-based transformer that compresses and reg-
ularizes this dense output. This process extracts the globally-informed features
into a compact, structured representation ideal for efficient, iterative refinement.

Preliminary: Gaussian LRM. Recent Gaussian LRMs provide a strong foun-
dation for generating high-quality Gaussian Splatting assets from sparse multi-
view images. A common approach in these frameworks is to process input mul-
tiview images {I,}Y_; with a transformer-based backbone. This backbone typ-
ically extract image tokens from patchified multiview images and then feed the
tokens through a chain of self-attention transformer blocks to obtain feature
tokens {F,}7_;. These tokens are then decoded to predict per-pixel Gaussian
attributes g;. Our work builds on this architectural paradigm to acquire the
initial feature-rich Gaussians before our compression stage.

Voxelization. To impose a 3D structure, we first reorganize the reconstructed
Gaussians into a regular latent grid. We voxelize the scene, grouping nearby
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Gaussians into local cells. Each resulting voxel V = {(fx,gx)}r*, contains Ny,
Gaussians, where each Gaussian is associated with its feature token fj, from the
LRM backbone and its Gaussians attributes gy.

Local Voxel Transformer. On top of this structured representation, we in-
troduce a local voxel transformer to produce compact and context-aware latent
representations for Gaussians in each voxel. This is a two-stage process of ag-
gregation and distillation. Given a voxel V = {(fx, gk)}ivz’“l, we first aggregate
intra-voxel relations via a transformer encoder consisting of L.,. layers of self-
attention [72]:

Z = TransformerEncoder(V), (1)

where Z = {zk}iv *, is the set of context-aware latent codes for each Gaussian
within the voxel. To reduce redundancy and summarize this information, we
select the top-K most significant Gaussians based on their opacity o and use
their latent codes as queries in a cross-attention mechanism:

Z= CrossAttn({zi}ieTopKa,Z). (2)

This step effectively distills the information from all Gaussians in the voxel into
a compact set of features. Finally, a transformer decoder with L 4. self-attention
layers refines these compressed features into the final, compact voxel latent:

V = TransformerDecoder(Z). (3)

The resulting of voxel latents {f)} provide a structured and memory-efficient rep-
resentation ready for downstream refinement. In practice, we find K = max(|0.25Ny |, 1),
i.e. keeping up to 25% Gaussians per voxel provides sufficient compression with-

out inducing quality degradation.

3.2 Refinement via Test-Time Training (TTT)

To enable iterative editing, our refinement module must adapt to new user inputs
on the fly without overwriting the knowledge of the original asset. We achieve
this using Test-Time Training (TTT) [5}[6}40}/67,68},/80,/100], which updates a
small set of “fast weights” [59] while keeping the main network backbone frozen.
This allows our model to become state-aware, integrating new information from
a user’s edit before applying it to the 3D scene.

Preliminary: Test-Time Training. Test-Time Training adapts a model to
a new test sample by defining a self-supervised task at inference time. Within
a transformer layer, input tokens are projected into queries (q), keys (k), and
values (v) by linear layers with “slow weights”. TTT introduces a small, adaptable
mapping network, fy, governed by a set of “fast weights” W. For a given test
sample, these fast weights are updated via gradient descent on a self-supervised
loss:

Ladapt = IE(k,v)NTestSample [£2(fW (k)? U)] ; (4)

where the goal is for fy to learn to reconstruct the value from the key for pairs
drawn from the test sample. Once adapted, the module processes queries from the
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Fig.4: TTT operations. Fast weights W are iteratively updated using new input
views and subsequently applied to the voxel GS latents after seeing all the new inputs.
During training, all the weights are optimized. During inference, the slow weights are
fixed and only fast weights are updated.

same sample to produce the final output o = fy(¢). This mechanism separates
stable, general knowledge (slow weights) from instance-specific adaptation (fast
weights).
Gaussian Refinement via TTT. Our refinement module is a deep transformer
composed of a series of blocks, where each block contains a TTT layer followed
by a feedforward network (MLP), as illustrated in Fig. [3| Details of the network
architecture are shown in Fig. [d] Within each TTT layer, the model first adapts
to the user’s edit and then applies this adaptation in parallel to both the image
and the voxel latents.

First, the fast weights W of the mapping network fy are updated. The set
of image tokens from all new user views, X, = {x;}, are projected into key
and value vectors using frozen (slow) projection heads, Wy and W,:

k; = Wix;, v = Wy, for z; € Ximg- (5)

The fast weights W are updated by minimizing Eq. ) over all these (k;,v;)
pairs. This single update step infuses the TTT layer with the information from
the entire user edit.

Once the fast weights are updated, the adapted mapping network fy is
applied to two parallel processing streams. For the image stream, the image
tokens are projected into queries using a slow head W, and the adapted network
produces updated image tokens:

For the 3D scene stream, the voxel latents V are projected into queries using a
separate slow head W,, and the same adapted network produces the updated
voxel latents: ~ :

V< fw(WgpV). (7)

The outputs of both streams are then passed through their respective MLPs.
The entire block is repeated multiple times, allowing the model to progressively
refine the 3D asset by repeatedly conditioning on the user’s input. Following
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recent work [100], we implement the parametric mapping fir as a SwiGLU-
MLP [63].

3.3 Applications
The unified design of our framework supports a wide range of editing tasks:

— Local Edits. Our method enables refinement of high-frequency details from
sparse close-up views (super-resolution) and integration of user-specified patches
such as graffiti or text edits (see Fig. . These edits are applied to the visible
voxels corresponding to the edited input views. When a new view is provided,
we perform ray tracing to identify voxels that first intersect with the cam-
era rays, ensuring updates are localized to intended region and the rest of
the details are naturally preserved. In the local region, we further update the
original GS tokens using refined tokens by adding an extra TTT layer, then
merge the two token sets—effectively doubling the number of Gaussians to in-
troduce additional fine-grained structures. Please refer to the supplementary
material for additional implementation details.

— Global Edits. In addition to local refinement, our network also supports
consistent global modifications. By applying the updated fast weights from
TTT layers to all Gaussian tokens, our method enables coherent changes to
appearance attributes across the entire scene. This design allows users to
perform holistic edits while preserving geometry and fine structures of the
original asset. We demonstrate relighting as a representative example.

Together, these components constitute SplatPainter: a feedforward, state-
aware framework for interactive 3DGS refinement. Both local and global editing
modules are trained with an image-based reconstruction loss:

Erecon = ||Irender - IgtH2 + )\perCH(b(Irender) - (b(lgt)HQz (8>

where Lenger = R(MLP(V), P,) denotes the rendered image from the refined
Gaussians decoded from V (note here we decode all the GS attributes, i.e.,
positions, SHs, opacity, rotation such that both geometry and appearance are
updated) under camera pose P,, and ¢(-) is the LPIPS feature extractor |99].

4 Experiment

In this section, we explain our experimental setup, baselines, and evaluation
results across our three primary applications: local refinement, creative editing,
and global relighting.

4.1 Setup

Data. We use Objaversel.0 [22] and partial TexVerse [103| for training. For
local editing tasks, we render 32 2K-resolution images and simulate user inputs:
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zoomed-in crops for refinement, and overlay strokes/grafliti for creative editing.
For relighting, we render 32 512 x 512 images under 24 lighting conditions using
randomly sampled HDRI maps. Evaluation is performed on 370 held-out assets
from TexVerse, selected for their high-frequency texture details. The evaluation
data consists of 370 examples from TexVerse that are not used for training
filtered by auto-captioning, focusing on assets with high-resolution textures and
rich high-frequency details to better showcase our model’s capability in fine-
grained refinement.

Baselines. We compare against state-of-the-art methods tailored to each task.

— For Local Refinement: We compare against direct reconstruction (GS-LRM [98]),
feedforward densification (GenDen [52]), and optimization approaches includ-
ing 3DGS [41] and SRGS [28| specialized for 3DGS refinement.

— For Creative Editing: We compare against VoxHammer [2|, a recent method
for editing via structured 3D latents.

— For Global Relighting: We compare against ReLitLRM [101], a generative
relighting model and direct 3DGS optimization.

Note on Multiview Diffusion: Ideally, we would compare against image-conditioned
multiview diffusion methods (the “Edit-Generate-Lift” paradigm). However, cur-
rent state-of-the-art methods in this category are either strictly text-conditioned |[8|
32| or have not released code (e.g., CMD [44]). To illustrate the limitations of
this paradigm, we provide a qualitative comparison with DGE [8] in Fig. [2| but
we exclude it from quantitative tables due to the input modality mismatch.

Implementation Details. In Stage I, the Gaussian LRM is based on GS-
LRM [98|, extended to produce view-dependent Gaussians with 4 orders of
SH. The local transformer contains six encoder self-attention blocks, one cross-
attention block, and six decoder self-attention blocks (see Fig.|3)), each using 512
dimensions and 8 heads implemented with Flash-Attention [19]. In Stage II, the
refinement network has 8 TTT layers. The fast weights are obtained by taking 5
gradient descent steps using the Muon-update rule following Zhang et al. [100].
The updated voxel latents V are decoded into Gaussian attributes through one
layer MLP. We first train the local transformer in stage I, then freeze it to train
the refinement network. Both stages use image reconstruction loss (Eq. ) with
Apere = 0.5. Stage I uses 9 to 16 input images; Stage 2 trains with 1 to 4 new
inputs. All inputs are 512 x 512, downsampled from renderings, except for re-
finement views which are cropped from 2K images. Training uses 16 A100 80GB
GPUs; testing is reported on a single A100.

4.2 Evaluation on Local Editing

We evaluate two distinct local editing scenarios: High-Fidelity Refinement, where
the goal is to recover missing details from zoomed-in views, and Interactive Cre-
ative Editing, where the goal is to apply artistic changes (paint-overs, generative
edits) while preserving the asset’s identity.
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view (left), we compare the refined results between baseline methods and ours from a
novel view close to the zoomed-in view. Our method recovers the details provided by
the input zoomed-in views, and produces much sharper features compared to direct
reconstruction (GS-LRM [98]) or upsampling method (GenDen [52]), and is on-par or
better than optimization-based approaches but using a fraction of the time (see Tab. .

High-Fidelity Refinement In this task, a user supplies high-resolution 2D
zoom-in views to refine specific regions of the 3D asset. We use 9 base views for
initialization and 2 additional zoomed-in views for refinement.

Results. We evaluate image quality on novel views sampled near the edit region.
As shown in Tab. [I] and Fig. 5] our method achieves the best visual and quan-
titative performance. Compared to feedforward methods (GS-LRM , Gen-
Den ), our method recovers significantly sharper high-frequency textures.
While optimization-based methods ( [28,[41]) can achieve good sharpness, they
require hundreds of seconds per update. Our method achieves superior visual
quality at interactive speeds (~0.3s per edit after initial setup), enabling fluid
online applications.

Interactive Creative Editing This task evaluates the model’s ability to in-
corporate artistic edits—such as graffiti, manual paint-overs, or generative mod-
ifications via tools like Nano Banana —into the 3D asset. The core challenge



Table 1: Quantitative evaluation for
local refinement. SplatPainter achieves
the best performance on quality and effi-
ciency, enabling interactive online refine-
ment while preserving high-fidelity de-
tails.
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Table 2: Quantitative results for
global relighting. SplatPainter achieves
the best reconstruction accuracy while
maintaining interactive speed. Perfor-
mance improves steadily as more relit
views are provided, demonstrating robust
global propagation of lighting changes.

Method ~ PSNR (1) SSIM (1) LPIPS ({) Time (s)
GS-LRM 98] 2028  0.5185  0.3873 0.92 Method PSNR (1) SSIM (1) LPIPS ({) Time (s)
GenDen [52 17.32 0.5378  0.5979 1.68 RelitLRM [101] 21.68  0.8726  0.0912 22.1
. ; 3DGS |41 21.32  0.8613  0.1225 320
3DGS 1] 2052 06553 0.3399 323 GS-LRM [98] CrossAtt  24.05  0.8970  0.0802 1.54+0.13
SRGS |28 21.01  0.6759  0.3540 495
Ours (1 view) 24.56  0.8986  0.0721 1.54+0.08
Ours (stage I)  20.84  0.5698  0.3782 1.54 Ours (2 views) 2471 0.8991  0.0719 1.54+0.11
Ours (stage II) 21.07  0.5780  0.3673 1.54-+0.64 Ours (4 views) 25.03 0.9011 0.0712 1.5440.20

Table 3: Quantitative evaluation for
creative editing. We measure photo-
metric metrics on edited regions (com-
pared to input edits) and non-edited re-
gions before and after editing.

Table 4: Evaluation of our voxel
compression network. Our LocalAtt +
feats query design achieves the highest re-
construction accuracy with minimal qual-
ity loss.

Edited Region
PSNR 1 SSIM 1 LPIPS | PSNR 1 SSIM 1 LPIPS |

VoxHammer |2} 11.25  0.2165 0.5036 13.86  0.4893 0.2906
VineDresser3D [16] 11.99 0.6092 0.3506 15.79 0.7437 0.2678
Ours 25.61 0.9380 0.0471 33.02 0.9560 0.0310

Non-edited Region Method

VoxelAtt

PSNR 1 SSIM 1 LPIPS |

30.65 0.9193 0.0804
LocalAtt + latent query 33.84 0.9349 0.0264
LocalAtt + feats query 34.02 0.9387 0.0262

Pre-Compression (GS-LRM) 34.19 0.9283 0.0249

Method

here is Identity Preservation: applying the edit without distorting the unedited
geometry or appearance.

Comparisons. We compare our approach with VoxHammer |2| and VineDresser3D |16].
For fair comparison, we use the same 2D edited image (generated by Nano Ba-
nana) as input for both methods. As illustrated in Fig.[2|and Fig. |§|, VoxHammer
and VineDresser3D often struggle with “spatial leakage”, where local edits cause
unintended shifts in global geometry or color tone (e.g., the robot’s eye shape
or facial structure). In contrast, SplatPainter’s voxel-based TTT update is per-
formed locally, ensuring the edit is applied faithfully while the rest of the asset
remains bit-exact to the original. To quantify this, we measure the photometric
losses of the edited and unedited regions of the assets (Tab.[3)) on 10 generated
examples from Trellis [87]. Our method achieves great identity preservation, con-
firming that our voxel-based updates prevent the identity drift common in latent
diffusion approaches. For multi-view generation methods, we choose a represen-
tative method, DGE [8|, and show qualitative results in Fig. [7], where DGE
fails to interpret the fine-grained user editing intent and generates artifacts that
undermine the original structure.

4.3 Evaluation on Global Editing

Finally, we evaluate global refinement through relighting. The user provides one
or more “relit” views (simulating a lighting change), and the model must propa-
gate this new illumination globally.
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Original GS Nano Banana Edit VoxHammer VineDresser3D

Fig. 6: Comparison of creative editing results. 3DGS assets are generated from
Trellis . Here we show our results and VoxHammer , and VineDresser3D .
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Fig. 7: Comparison of creative editing results between DGE |8| and ours.
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Fig. 8: Global relighting comparison. ReLitLRM takes an environment map as
input to synthesize new lighting, while our method leverages a few relit views as direct
input. Though not strictly relighting, our method offers a practical path for appear-
ance transfer, achieving consistent shadows, accurate color propagation, and closer
alignment with ground truth.

Results. Tab. [2| compares our method against ReLitLRM . Our approach
consistently achieves higher reconstruction accuracy. Notably, ReLitLRM often
suffers from color tone mismatches (see Fig. , whereas our TTT-based prop-
agation ensures consistent shading across views. Furthermore, our performance
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Fig.9: The two-stage pipeline on the local refinement task. Stage I achieves
significant compression while maintaining visual fidelity. Stage II refines these compact
GS, improving detail and overall quality based on the user’s input.

Input views Original GS After 1inputview  After 2 input view: After 3inputviews  After 4 input views

Fig. 10: Iterative updating on a global relighting task. From left to right: original
GS, refined GS with 1-4 input views, where we show the rendered images and error
maps. Our model picks up partial shading hint (see the first input view) and propagates
it coherently to the unseen part.

Novel View 1

Novel View 2

-

scales with user input: adding more views steadily improves fidelity (Fig. ,
demonstrating the robust adaptability of our state-aware architecture.

4.4 Analysis

GS-Voxel Compression. The goal of Stage I is to create a compact Gaus-
sian representation while maintaining the visual fidelity necessary for editing. In
Tab.[d] we quantify this by comparing different voxelization strategies against the
uncompressed Pre-Compression (GS-LRM) baseline. Our chosen design (Loca-
[Att + feats query) achieves the highest accuracy. Alternative designs like Voz-
elAtt (averaging tokens) or LocalAtt + latent query (generic query) result in
significant information loss, as evidenced by the lower PSNR and SSIM scores.
To verify the effectiveness of our two-stage approach, Fig. [Jillustrates the visual
quality and Gaussian count at each step. Stage I achieves aggressive compres-
sion—reducing the number of Gaussians by approximately while maintaining
high visual fidelity. Stage IT then builds upon this efficient representation, refin-
ing the high-frequency details to surpass the initial quality.

TTT Update. As shown in Fig. [I0] our refinement quality improves with addi-
tional views. We compare our TTT refinement against a cross-attention baseline
(replacing TTT layers with cross-attention). The variant achieves lower PSNR
( Tab. [2) and could introduce visual artifacts (Fig. [I). In contrast, our TTT
design leads to more coherent global propagation.
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Input views Original GS CrossAtt

Fig. 11: Comparison between cross attention update and TTT update. Our
TTT design leads to more coherent relighting results.

L

Generated 3DGS Input Refined GS Refined GS Original GS Generated 3DGS  Input Edits Refined GS

ik b

Fig.12: More results. We show our refinement results on generated 3DGS assets
from Trellis given local super-resolution and editing (graffiti, recoloring) inputs
(better viewed zoomed in).

Generalization. We further test our model on generated 3DGS from Trellis .
As shown in Fig. [I2] and Fig. [6] our method generalizes well to generated as-
sets, refining geometry-aligned textures from both super-resolution inputs and
creative edits.

Conflict Inputs. We further evaluate our method under conflicting edit inputs.
As shown in Fig. [I3] different input views may introduce inconsistent edits to the
same region. Our TTT refinement resolves these conflicts by updating the 3DGS
representation according to the most recent input observation. As additional
views arrive, the model progressively replaces outdated edits, producing a user
desired final result.

Input 3DGS Input views Refined GS Input views Refined GS

Fig.13: Results of our method when handling conflict inputs. Our model
resolves conflict inputs by refining 3DGS based on the latest input information.

5 Conclusion and Future Work

We presented SplatPainter, a feedforward, state-aware framework for interac-
tive editing and refinement of existing 3D Gaussian Splatting (3DGS) assets.
Our method introduces a compact voxel-based representation that substantially
reduces redundancy while maintaining visual fidelity, and a test-time training
(TTT) refinement module that efficiently incorporates new user inputs to achieve



SplatPainter 15

high-quality updates. Together, these designs enable both local and global editing
tasks such as super-resolution, graffiti, and relighting, in an interactive manner.

While our current design focuses on appearance updates and does not in-
troduce new geometry, future work could extend the voxelization scheme to
a multiresolution representation and incorporate geometric editing capabilities
for more comprehensive scene manipulation. With suitable geometry-editing
datasets, the proposed framework could be directly trained to support large-
scale structural updates, which we leave for future exploration.
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