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Figure 1. Comparison of single-pass and iterative feed-forward 3D Gaussian splatting. (a) Existing approaches [5, 33] estimate 3D
Gaussian parameters through a single-pass, depth-conditioned regression pipeline. Lacking any mechanism for refinement, initial geomet-
ric errors are irreversibly propagated, often leading to suboptimal reconstructions. (b) Our proposed iSplat reformulates reconstruction as an
iterative refinement process. It employs a GRU-based recurrent optimizer to synergistically update geometry and appearance over multiple
passes. This allows the model to progressively self-correct through our proposed design choices, yielding more robust reconstructions.

Abstract

Recent advances in feed-forward 3D Gaussian splatting
have demonstrated remarkable efficiency by reconstruct-
ing scenes in a single pass. However, the reconstruction
fidelity of these methods lags behind that of traditional
optimization-based approaches, which gradually correct re-
construction flaws through a lengthy iterative process. In
this paper, we leverage the strengths of both paradigms and
introduce iSplat, a novel framework that reformulates re-
construction as an iterative feed-forward process involy-
ing multiple (typically three) passes. Central to iSplat is a
recurrent GRU-based optimizer that refines both geometry
and appearance in a synergistic loop. To address geomet-
ric inaccuracies, we propose an uncertainty-driven depth
refinement strategy that progressively narrows the search
space for each Gaussian based on its estimated uncertainty
from the previous step. To further improve appearance de-
tails, we design a region-aware enhancement mechanism
that applies targeted multi-view and monocular feature ag-
gregation to resolve ambiguities in both overlapping and
non-overlapping areas. We validate iSplat’s robustness
and generalization on in-domain (RealEstatelOK, ACID)
and cross-dataset (DTU, ACID) benchmarks. With only
42.6M parameters, iSplat surpasses DepthSplat (354M) on
RealEstate]l0K (PSNR: 27.67 vs. 27.47 dB). Crucially,
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on the cross-dataset DTU benchmark, it further boosts the
PSNR by 2.88 dB (18.26 vs. 15.38 dB), showcasing excep-
tional generalization. These results highlight the significant
potential of iterative learning to overcome the inherent lim-
itations of one-shot approaches. Our code is available at
https://github.com/haifengwu205/iSplat.

1. Introduction

Recent advances in feed-forward 3D Gaussian Splat-
ting (3DGS) have established a new paradigm for effi-
cient and generalizable 3D scene reconstruction. Un-
like optimization-based 3DGS approaches that require per-
scene fitting [14], feed-forward models directly predict the
parameters of 3D Gaussians such as position, rotation,
scale, color, and opacity from sparse multi-view observa-
tions through a single forward pass [4, 5, 15, 18, 33]. This
direct inference eliminates the need for time-consuming
scene-specific optimization and volumetric sampling as
used in Neural Radiance Fields (NeRFs) [20], enabling
real-time, high-fidelity rendering. By leveraging large-scale
training datasets, these methods learn powerful geometric
and photometric priors that support robust generalization
across diverse environments, representing a crucial step to-
ward scalable deployment in robotics, augmented reality,
and autonomous perception systems.

Despite their efficiency, existing feed-forward 3DGS ap-
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proaches are fundamentally constrained by their single-pass
pipeline (Fig. 1 (a)). These methods typically first esti-
mate a depth map as a geometric scaffold and then pre-
dict all Gaussian parameters in a single, subsequent step
[4, 5, 15, 18, 33]. This one-shot formulation, while com-
putationally lean, presents a critical scientific challenge: it
establishes a brittle dependency on the initial depth scaf-
fold, where any estimation errors are irreversibly propa-
gated into the final Gaussian attributes. By collapsing the
complex task of 3D reconstruction into a single predictive
step, these models are deprived of any mechanism for self-
correction or progressive refinement. Consequently, their
capacity to resolve geometric ambiguities such as those
in poorly constrained, non-overlapping regions and render
fine-grained appearance details is inherently limited, as the
initial, coarse geometric estimate dictates the final, detailed
representation. In contrast, optimization-based methods
[14, 32] achieve superior fidelity through iterative refine-
ment, albeit at a substantial computational cost. This high-
lights a compelling need for a new paradigm that integrates
the adaptive precision of optimization within an efficient,
learnable feed-forward framework.

In this paper, we propose iSplat, an iterative feed-
forward framework designed to bridge the gap be-
tween single-pass efficiency and optimization-based fidelity
(Fig. 1 (b)). Instead of relying on a one-shot prediction,
iSplat formulates 3D Gaussian estimation as a learnable re-
current process that progressively refines both geometry and
appearance over multiple iterations. This design enables the
network to correct its own errors and achieve higher fidelity
without per-scene optimization. Specifically, to shatter the
brittle dependency on a static depth scaffold, we introduce
an uncertainty-driven depth refinement strategy. This mech-
anism dynamically adjusts the search space for each Gaus-
sian based on its evolving uncertainty, facilitating robust
and precise geometric localization. To further improve ap-
pearance details, we design a region-aware enhancement
mechanism that applies targeted multi-view and monocu-
lar feature aggregation to resolve ambiguities in both over-
lapping and non-overlapping areas. These two components
are orchestrated by a central gated recurrent unit (GRU)-
based recurrent optimizer, which creates a virtuous cycle:
improved geometry provides a more reliable scaffold for
appearance refinement, while enhanced features, in turn,
guide more precise geometric corrections in subsequent
passes. Through this paradigm, iSplat effectively combines
the adaptability of optimization-based refinement with the
efficiency of feed-forward inference, enabling fine-grained
and high-fidelity 3D Gaussian splatting.

Our main contributions can be summarized as follows:

* We propose iSplat, a novel iterative learning framework
for feed-forward 3D Gaussian Splatting. It recasts one-
shot prediction as a recurrent process that progressively

enhances both geometry and appearance, bridging the gap
between efficient feed-forward models and high-fidelity
optimization-based methods.

* We introduce an uncertainty-driven depth refinement
strategy that dynamically adjusts the depth search space,
enabling fine-grained and robust geometric localization
for each Gaussian.

* We present a region-aware enhancement mechanism that
leverages the iteratively improved depth to distinguish be-
tween overlapping and non-overlapping regions, applying
targeted aggregation to improve both geometric and ap-
pearance parameters.

* iSplat achieves superior reconstruction quality and strong
cross-dataset generalization with only 42.6M parameters,
surpassing DepthSplat on RealEstate10K and delivering a
2.88 dB PSNR gain on DTU, demonstrating the efficacy
of iterative learning over one-shot approaches.

2. Related Work

Depth Estimation. Depth estimation includes multi-view
and monocular approaches. Multi-view methods [3, 7,
9, 10, 26, 35] exploit cross-view consistency for accurate
geometry but struggle in occluded or textureless regions.
Monocular methods [2, 22, 29, 34] leverage semantic pri-
ors and generalize well, yet suffer from scale ambiguity
and view inconsistency. These complementary character-
istics inspire our design to combine the structural precision
of multi-view estimation with the semantic and uncertainty
awareness of monocular cues, enabling more robust and
fine-grained geometry learning for 3D Gaussian splatting.

Feed-Forward Gaussian Splatting. Such methods [4, 5,
15, 18, 33] reconstructs scenes by predicting a depth scaf-
fold followed by direct Gaussian regression. However,
their single-pass design propagates initial geometric errors
without correction. Recent works introduce refinement,
e.g., HiSplat [24] (coarse-to-fine) and ReSplat [32] (itera-
tive residual learning), but rely on explicit rendering errors,
which incur high computational complexity. In contrast, iS-
plat adopts a lightweight GRU-based recurrent optimization
framework, where uncertainty and hidden states guide iter-
ative refinement of geometry and appearance, achieving a
better balance between quality and efficiency.

Iterative Refinement. Iterative refinement improves pre-
dictions in tasks such as optical flow [12, 25], stereo [11],
and depth estimation [1, 22]. These methods iteratively up-
date predictions using shared weights and contextual feed-
back. Inspired by this paradigm, we extend iterative re-
finement to feed-forward 3D Gaussian splatting. iSplat
employs a GRU-based optimizer to progressively refine
both geometry and appearance, enabling self-correction and
bridging the gap between efficient one-shot methods and
optimization-based approaches.
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3. Method

3.1. Iterative Learning Framework Overview

The fundamental limitation of existing feed-forward 3DGS
methods, as illustrated in Fig. 1 (a), lies in their monolithic
one-shot prediction pipeline. Given a set of source images
{I;}}¥,, these approaches first extract multi-view features
using an encoder fg: F; = fg(I;). Subsequently, a depth
head fp and a Gaussian head f operate in a strict cascade:

D; = fp(F;), Gi = fa(Fi, Dy), (H

where D, denotes the estimated depth and G; =
{1, @, ¢, X}, represents the corresponding Gaussian param-
eters. This single-pass mapping from image features to
Gaussians is efficient but non-corrective: any depth errors
are irrevocably propagated to appearance attributes, leading
to suboptimal geometry and rendering fidelity. Moreover,
the absence of a refinement mechanism prevents the model
from progressively reasoning about uncertainty or correct-
ing earlier mistakes.

Iterative Learning for Fine-grained Reconstruction. To
overcome these limitations, we propose iSplat, which re-
formulates 3D Gaussian estimation as a learnable iterative
learning process, as shown in Fig. 1 (b). At the core of
iSplat is a GRU-based recurrent optimizer that maintains a
hidden state tensor Hy, capturing the accumulated geomet-
ric and photometric context over iterations. This recurrent
design enables the model to iteratively refine both geome-
try and appearance, progressively improving reconstruction
fidelity without per-scene optimization.

For a given view (omitting index ¢ for clarity), the pro-
cess unfolds over K iterations. Starting from an initial hid-
den state Hj and gaussian features G initialized from the
image features F', the iterative learning is expressed as:

Hy, = foru(Hi-1, F, Gi—1), ()
Dy = fp(Hy), 3)
Gk::fG(Hk7FaDk)' (4)

Here, the updated hidden state Hj serves as a dynamic
memory that preserves scene priors and accumulates cor-
rection signals across iterations. It plays a dual role: first,
Hj, guides the depth head fp to produce a refined depth
map Dy, (Eq. 3); second, it informs the Gaussian head f to
update appearance parameters conditioned on the latest ge-
ometric estimate (Eq. 4). This shared latent state establishes
a tight coupling between geometry and appearance estima-
tion, forming a synergistic refinement loop where improved
depth enhances appearance prediction, and the refined fea-
tures, in turn, guide subsequent depth corrections.

This iterative framework introduces two major advan-
tages. (1) It brings temporal consistency into feed-
forward reconstruction, each GRU update step functions

as a lightweight optimization iteration, progressively re-
fining geometry and appearance. (2) The shared hidden
state Hy, acts as a latent bridge between fp and f, ensur-
ing bidirectional information flow and enabling the model
to reason about geometric uncertainty and fine-grained ap-
pearance jointly. Through this design, iSplat combines the
adaptability of optimization-based refinement with the ef-
ficiency of feed-forward inference, achieving fine-grained,
high-fidelity 3D Gaussian Splatting.

The overall architecture of our proposed iSplat is illus-
trated in Fig. 2. To realize this effective iterative process,
we propose several key components. In the following sec-
tions, we will first detail the feature extraction backbone
(Sec.3.2), and then elaborate on the specific designs of the
core components within the iterative loop: our uncertainty-
driven depth refinement (Sec.3.3), the region-aware feature
enhancement (Sec.3.4), and the recurrent update mecha-
nism that predicts the final Gaussian attributes (Sec.3.5).

3.2. Feature Extraction

Our iterative framework builds on a rich collection of com-
plementary image features that capture both multi-view ge-
ometric consistency and single-view structural priors. We
thus employ a dual-branch feature encoder.

Multi-view Features. Following standard practices in
multi-view stereo [35], we first extract per-view features
from the N input images {I;}), using a shared-weight
CNN backbone [31] (fs). These initial features are then
processed by a multi-view Transformer [19, 31] to facil-
itate cross-view information exchange. This yields a set
of geometrically-aware high-level feature maps, denoted as
{FI AN, € RT*T*C | which are crucial for estab-
lishing correspondence in overlapping regions. We also

retain the initial low-level CNN features {Fil,m N, e

R % * 1 %2 for contextual information.

Monocular Features. While powerful, multi-view features
degrade in texture-less or non-overlapping regions. To pro-
vide robust priors in such ambiguous areas, we leverage a
pre-trained monocular depth network [34] ((fas)) to extract
high-level structural features {F}",}, and corresponding
low-level features {F} .}, from each image. These fea-
tures encode rich semantic and plausible geometric cues
where multi-view consistency is unavailable. For the re-
mainder of this section, we omit the view index ¢ for clarity.

3.3. Uncertainty-Driven Depth Refinement

To break the brittle dependency on single-shot depth pre-
diction, we introduce a progressive refinement strategy that
iteratively localizes depth with dynamically adjusted search
ranges. This process is driven by the hidden state Hy_; of
our recurrent optimizer.

Initialization (k¥ = 1). At the first iteration, we establish
a coarse depth context. We discretize a global depth range
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Figure 2. Overview of the proposed iSplat framework. It is composed of two primary components: a feature extraction module and
an iterative learning module. (Left) The feature extraction module processes input images to extract a rich and complementary set of

features, providing cues for both multi-view geometric consistency and single-view structural priors.

(Center) Central to iSplat is the

iterative learning module, which employs a recurrent GRU-based optimizer to refine both geometry and appearance in a synergistic loop.
Each refinement stage consists of three key components: uncertainty-driven depth refinement, region-aware feature enhancement (RAE),
and recurrent state update and prediction, which collectively allow the model to progressively improve the 3D reconstruction.

[dmin, dmax] into B bins with edges:

e dmax - dmin

1_’b:dmin+b'T7 bZO,...,B, (5)
and define the bin centers:

fb:l(be+B§b+l) b=0,...,B-1. (6)

Given hidden state H; (Sec. 3.1), a hghtwelght prediction
head predicts a probability distribution P; € RP over these
bins. The initial depth D; is computed as the expected value
(i.e., a linear combination) over these bin centers:

B-1
=" Pry(u)

where u = (z,y) denotes the pixel coordinate.

By, )

Uncertainty Modeling. For subsequent iterations, a fixed
search range around the previous estimate Dj,_1 is subopti-
mal, as it cannot recover from significant errors. We there-
fore propose an adaptive strategy where the search space is
adjusted based on the prediction’s uncertainty. We quantify
the geometric uncertainty {1 as the standard deviation of
the previous probability distribution Py_1:

B-1
2
Up1(u) = | > Pe1p(u) (Be_y ,(u) = Di—a(w))”,
b=0
)]
where B,ﬁ_Lb are the bin centers from the previous itera-

tion. In our modeling, the uncertainty is used to control the
width of the new search space.

Iterative Refinement (& > 1). Let b* satisfy By, ;. <
D41 < Bli—l,b*—s-l' Instead of using this bin verbatim,
we elastically expand it by the uncertainty. Therefore, we

define the new, refined bins [ mm, dmax} for iteration k as:
[, A%, = [Bf 15

min’ max]

=@ U1, Bi_1peqr U],

)
where ¢ is a hyperparameter controlling the elasticity.
We then re-discretize this interval into B bins to obtain
{ By s By} and predict P with fp guided by the cur-
rent state Hy, (Eq. 3). The refined depth Dy, again follows
Eq. (7). This uncertainty-driven approach allows the model
to intelligently “zoom in” on confident regions while main-
taining a wider search for uncertain ones, enabling robust
geometric self-correction.

3.4. Region-Aware Feature Enhancement

To leverage our dual feature sources, we introduce a
Region-Aware Enhancement (RAE) module that processes
features differently based on their geometric reliability. At
each iteration k, the RAE module uses the just-refined depth
map Dy, to create an explicit geometric prior by overlap.
Overlap Mask. Specifically, we compute a binary overlap
mask M, € {0, 1}7>W For each pixel u in reference view
i, we project it into other source views j using Dy (u) and
camera intrinsics and extrinsics (K;, T;;):

w ~ KT K iy Dy (ug), = [z,y,1]", (10)
and is valid if u;» falls inside image bounds. Therefore, the
binary mask is defined as:

My (u) = max I[is_valid(u)] , (11)
j#i

where M}, = 1 marks overlapping regions and O otherwise.

Region-specific Enhancement. Our enhancement strat-
egy operates in a region-specific manner, adapting its fea-
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ture processing based on the geometric reliability indicated
by the overlap mask M. For reliable overlapping regions
(M}, = 1), we first establish multi-view correspondence by
warping features F from source views into the reference
view to obtain ﬁ‘,ﬁ (Eq.(10)). The resulting discrepancy,
Ff; — Fﬁl, which encodes correspondence errors, is then
processed by a dedicated submodule fo alongside the orig-
inal features:
Fo = fo(Fy,, . Fy — Fi My). (12)

For non-overlapping regions (M}, = 0) where multi-view
consistency is unavailable, a second submodule fy is em-
ployed to leverage strong monocular priors from F:

Fy = fn(F!1— My). (13)
Finally, the outputs from both specialized pathways are con-
catenated to form the comprehensive region-aware repre-
sentation FRAE which is then fed to the Gaussian head fg:

FRAE = Concat(Fp, F). (14)
This design allocates capacity adaptively: enforcing multi-
view consistency where available and falling back to
learned single-view priors otherwise.

3.5. Recurrent State Update and Prediction

The core of our framework is the recurrent optimizer that in-
tegrates all information to update its belief about the scene,
represented by the hidden state Hj. This update is per-
formed by a Convolutional GRU (ConvGRU) [6].

Ateach iteration k, the ConvGRU takes the previous hid-
den state Hy_; and a context-motion input Xy, to produce
the new hidden state Hy. The input X is a concatena-
tion of static context features (derived from F, and F!) and
dynamic features derived from the current iteration’s com-
putation, including the cost volume from the depth estima-
tion, the region-aware features FRAE, and gaussian features
Gr—1. The GRU update proceeds as:

Zy, = o (Conv([Hg_1, Xk])) (5)
Ry = o (Conv([Hg_1, Xk])) (16)
Hj, = tanh (Conv([Ry, ® Hy_1, Xz])) (a7
Hi=(1=2) 0 Hey+ 2.0 He  (18)

where o is the sigmoid function and ® is element-wise mul-
tiplication. The initializer Hy is a learned projection of
Concat(F", F!). The updated hidden state H}, now encap-
sulates the most comprehensive understanding of the scene
at this iteration. It is then used by two lightweight predic-
tion heads.

Depth Distribution Prediction. A small convolutional
head takes Hj, as input to predict the probability distribu-
tion P, over the depth candidates for the next iteration.
This prediction drives the uncertainty-driven refinement de-
scribed in Sec. 3.3.

Gaussian Attribute Prediction. A second head uses the
hidden state H}, and the region-aware features FRAF to pre-

dict the remaining Gaussian attributes. The 3D position p
is determined by unprojecting the most accurate depth map
Dy, An attribute head then regresses the opacity «, covari-
ance matrix Y, and color ¢ from the concatenated features
[Hy, FRAE| Dy ]. This ensures the final appearance is condi-
tioned on the fully refined geometric and feature context.

3.6. Training Loss

Our framework is trained end-to-end using a rendering loss
that jointly supervises both the geometric positions (via
depth) and the appearance attributes (opacity, covariance,
color) of the 3D Gaussians. Since our progressive learn-
ing paradigm produces a set of Gaussian primitives at each
stage k, we apply supervision across all K stages to ensure
stable and effective convergence. The total training loss is a

weighted sum of rendering losses across all iterations:
K

Liowl = Lrlender + Z ,)/K—k . Lfnder’ 19)
k=2

where v < 1 is an exponential decay factor, giving higher
weight to later, more refined predictions. The per-iteration
rendering loss L™ is a combination of an L1 loss and
the Learned Perceptual Image Patch Similarity (LPIPS) [37]
between the rendered image [ ,rf"de’ and the ground truth 78"
Ll]’:nder _ ||I’r€ender _ Igt‘ |1 LN LPIPS(I,r:nder, Igt)7 (20)
where A balances the two terms. This multi-stage super-
vision strategy is crucial for guiding the synergistic refine-
ment of both geometry and appearance throughout the iter-

ative learning process.

4. Experiments

4.1. Experimental Setup

Datasets. We follow recent Gaussian splatting works [5,
18] and use three standard benchmarks. Our model is
trained on RealEstate10K [38] (67,477 training / 7,289 test
indoor sequences) and ACID [17] (11,075 training / 1,972
test aerial sequences), both providing accurate camera poses
and diverse scene variation. For cross-domain evaluation,
we perform zero-shot testing on the DTU dataset [13], re-
porting results on 16 validation scenes with four novel view-
points each to assess generalization across domains.

Metrics. For quantitative evaluation, we adopt standard
image-quality metrics, including pixel-level PSNR, patch-
level SSIM [27], and feature-level LPIPS [37]. We addition-
ally report model parameter counts to assess computational
efficiency. Following prior work [5, 33], all experiments are
conducted at a resolution of 256 x 256 for fair comparison.
Implementation Details. Our iSplat framework is imple-
mented in PyTorch, with rendering performed using an off-
the-shelf CUDA implementation of 3D Gaussian Splatting.
We adopt the simplest configuration of DepthSplat [33]
using single-scale depth and a ViT-Small backbone for
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Table 1. Quantitative comparisons on the RealEstatel0K [38] and ACID [17] datasets. We report PSNR, SSIM, and LPIPS for
reconstruction quality, along with model parameters for efficiency. DepthSplat}, DepthSplat%, and DepthSplaty denote three variants of
DepthSplat, where ° indicates the depth scale and the subscript S/L refers to the size of the monocular backbone [34]. The simplest

variant is used as our baseline. ““-” denotes that the corresponding result is not reported in the original paper. The best results are in bold.

Method RealEstate10K [38] | ACID [17] | Params (M),
| PSNRt  SSIMf  LPIPS| | PSNRT  SSIM?  LPIPS| |

Du et al. [8] 24.78 0.820 0.213 26.88 0.799 0.218 125.1
GPNR [23] 24.11 0.793 0.255 25.28 0.764 0.332 9.6
pixelNeRF [36] 20.43 0.589 0.550 20.97 0.547 0.533 28.2
MuREF [30] 26.10 0.858 0.143 28.09 0.841 0.155 53
pixelSplat [4] 26.09 0.863 0.136 28.27 0.843 0.146 1254
latentSplat [28] 23.07 0.825 0.182 24.95 0.782 0.207 187.0
MV Splat [5] 26.39 0.869 0.128 28.25 0.843 0.144 12.0
eFreeSplat [21] 26.45 0.865 0.126 28.30 0.851 0.140 -
TranSplat [15] 26.69 0.875 0.125 28.35 0.845 0.143 -
MonoSplat [18] 26.68 0.875 0.123 28.63 0.864 0.138 30.3
DepthSplat% [33] 27.12 0.884 0.119 - - - 41.0
DepthSplat% [33] 27.47 0.889 0.114 - - - 354.0
Base(DepthSplat}g [33]) 26.84 0.878 0.122 - - - 38.0
iSplat (Ours) 27.67 0.891 0.110 29.01 0.875 0.126 42.6

Input views

MV Splat

DepthSplat

Ours

Figure 3. The qualitative comparisons of novel view synthesis on RealEstate10K [38]. Models are trained with a collection of scenes
from RealEstate 10K, and tested on novel scenes from the test splits. Our iSplat yields more accurate geometry and finer appearance through
iterative learning in challenging regions.

monocular feature extraction as our baseline. All models
are trained for 300,000 iterations with a total batch size
of 16 on four NVIDIA H800 GPUs using the Adam opti-
mizer [16]. Inference speed and memory usage are mea-
sured on a single RTX 3090 GPU. The hyperparameters ¢
and +y are set to 0.5 and 0.85, respectively.

Comparison Methods. We compare our approach against

a broad spectrum of leading methods for scene-level novel
view synthesis, covering three major categories. (i)
Light Field Network models, including Du et al. [8] and
GPNR [23]. (ii) NeRF-based generalizable radiance field
approaches, represented by pixelNeRF [36] and MuRF [23].
(iii) Feed-forward 3D Gaussian Splatting methods, which
constitute the current state of the art, including spixel-
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Table 2. Quantative comparisons of cross-dataset generaliza-
tion. We perform zero-shot tests on DTU [13] and ACID [17]
datasets, using models trained solely on RealEstate 10K [38].

| Rel0k »DTU | Rel0k — ACID
[PSNRT SSIM* LPIPS| [PSNR* SSIM LPIPS,,

pixelSplat [4] | 12.89 0.382 0.560 | 27.64 0.830 0.160
MVSplat [5] 13.94 0.473 0.385 | 28.15 0.841 0.147
TranSplat [15] | 14.93 0.531 0.326 | 28.17 0.842 0.146
MonoSplat [18]| 15.25 0.605 0.291 | 28.24 0.848 0.145
DepthSplat [33]| 15.38 0.415 0.442 | 28.37 0.847 0.141
iSplat (Ours) | 18.26 0.698 0.256 | 28.65 0.852 0.137

Method

Splat [4] and latentSplat [28], MV Splat [5], eFreeSplat [21],
TranSplat [15], MonoSplat [18], and DepthSplat [33].

4.2. Main Results

Comparisons on RealEstatel0K and ACID. We present
extensive quantitative comparisons of iSplat against state-
of-the-art feed-forward methods on the RealEstate 10K and
ACID datasets in Table 1. Our method demonstrates
superior performance across all standard evaluation met-
rics. By introducing iterative learning into the feed-
forward paradigm, iSplat effectively mitigates the error
accumulation characteristic of single-pass methods, yield-
ing substantial gains in reconstruction fidelity. Compared
to DepthSplat? (354.0M), our model achieves +0.2 dB
PSNR on RealEstate10K with only 42.6M parameters (=
1/8 size). Moreover, adding only 4.6M parameters to
DepthSplat}, yields a +0.83 dB (3.09%) PSNR gain, demon-
strating the efficiency of our recurrent optimizer. Fig. 3
further demonstrates that iSplat delivers noticeably sharper
geometry and more coherent appearance compared to ex-
isting feed-forward methods. The highlighted areas show
that iSplat recovers high-frequency structures with sig-
nificantly improved accuracy, producing renderings that
closely match ground-truth views. The compared methods
produce blurred textures, misaligned structures, or shading
inconsistencies in these challenging regions, our iterative
learning strategy progressively corrects geometry errors and
enhances view-consistent details.

Cross-Dataset Generalization.  We present a zero-
shot generalization analysis in Table 2, training on
RealEstate10K and evaluating on two distinct domains. On
the challenging Re10k — DTU task, which evaluates gener-
alization from indoor scenes to object-centric indoor scans,
iSplat achieves 18.26 PSNR, 0.698 SSIM, and 0.256 LPIPS,
consistently outperforming existing methods. These re-
sults highlight the strength of our iterative learning mech-
anism in learning domain-robust geometric and appear-
ance priors that remain stable under significant distribution
shifts. On RelOk — ACID task, which evaluates gener-

Table 3. Runtime comparison on the RealEstate10K dataset.

Method  |Iters|Params (M) Mem. (MB) | Time (s)||[PSNR 1
MVSplat | 0 12.0 1719 0.056 | 26.39
DepthSplat| 0 354.0 3257 0.098 | 27.47
1 42.6 1823 0.059 | 26.95
iSplat 2 42.6 2080 0.097 | 27.60
3 42.6 2337 0.124 | 27.67

Table 4. The ablation study on RealEstatel0K [38]. UDR:
Uncertainty-driven depth refinement. RAE: Region-Aware feature
enhancement. IL: Iterative Learning.

Method PSNR 1 SSIM 4 LPIPS |
iSplat 27.67 0.891 0.110
w/o UDR 27.10 0.883 0.120
w/o RAE 27.42 0.886 0.115
w/o IL 26.95 0.880 0.119

Input ~ w/oUDR  w/o RAE wio IL Ours
Figure 4. Qualitative comparisons on RealEstate10k [38] with
different design choices.

alization to aerial outdoor scenes, iSplat again attains the
best performance across all metrics with 28.65 PSNR, 0.852
SSIM, and 0.137 LPIPS. The consistent improvements on
both near-domain (ACID) and far-domain (DTU) transfers
demonstrate that iSplat’s iterative learning paradigm en-
able strong resilience to domain changes, yielding superior
cross-dataset generalization.

Runtime. Fig. 3 compares the runtime-quality trade-off
of different methods. iSplat achieves higher reconstruction
quality than MVSplat and DepthSplat at comparable run-
times, using 1 and 2 iterations, respectively. All runtimes
are measured on a NVIDIA RTX 3090 GPU with input res-
olution of 256256 and batch size 1. Increasing the number
of iterations further improves performance with only mod-
erate additional cost, demonstrating a favorable balance be-
tween efficiency and reconstruction quality.

4.3. Ablation Study

We conduct ablation experiments on RealEstate 10K [38] to
examine the contribution of each core component in iSplat.
The quantitative results are shown in Table 4 and the quali-
tative results are shown in Fig. 4.

Effect of Uncertainty-Driven Depth Refinement (UDR).
we first investigate the significance of our adaptive geomet-
ric refinement strategy. In the “w/o UDR” variant, we re-
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placed the dynamic, uncertainty-guided search space ad-
justment with a static refinement range (by setting a fixed
uncertainty value of 2). This modification led to a marked
decline in reconstruction quality, confirming that a naive,
uniform refinement strategy is suboptimal. By dynamically
adjusting the search bins based on the previous step’s uncer-
tainty, our UDR module intelligently allocates the model’s
refinement capacity. It focuses on regions with high uncer-
tainty where significant geometric corrections are needed,
while maintaining precision in already confident areas, as
shown in Fig. 5. This targeted optimization is critical for
efficiently resolving geometric inaccuracies, resulting in a
more coherent and accurate 3D representation.

Effect of Region-Aware Feature Enhancement (RAE).
Next, we analyze the role of the RAE module in enhanc-
ing appearance details. The performance drop in the “w/o
RAE” ablation underscores the importance of adaptively
fusing complementary feature sources. Multi-view features
provide powerful correspondence cues in well-constrained,
overlapping regions, but their reliability degrades signifi-
cantly in texture-less or non-overlapping areas. Conversely,
single-view features encode rich semantic and contextual
priors that offer plausible details where multi-view consis-
tency is weak or unavailable. The RAE module acts as an
intelligent arbitrator, using the refined depth map as a geo-
metric prior to selectively emphasize the most reliable fea-
ture source for each region, as shown in Fig. 5. Without it,
the model is forced into a naive fusion, leading to blurred
textures and inconsistent details. The RAE is thus essential
for rendering photorealistic appearances.

Effect of Iterative Learning (IL). Finally, We investigate
the cornerstone of our approach: the iterative learning pro-
cess. By removing the iterative loop (“w/o IL”), our model
degenerates into a single-pass architecture. This configura-
tion yielded the most substantial performance degradation
across all metrics. As visualized in Fig. 4, this quantitative
drop translates directly to severe visual artifacts, including

Table 5. Ablation experiment for the iterations on the
RealEstatel0K. @ — b represents a: #iters at training and b:
#iters at test time.

#lters | PSNR 1 SSIM ¢+ LPIPS |
1—1 | 2695 0.880 0.119
21 27.53 0.886 0.114
22 27.60 0.890 0.111
31 27.58 0.889 0.113
32 27.61 0.890 0.111
353 27.67 0.891 0.110
44 27.65 0.891 0.110

a blurry appearance and inconsistent geometry. This result
provides strong evidence for our central thesis that a sin-
gle feed-forward pass is inherently insufficient for resolving
the complex geometric and photometric ambiguities present
in sparse-view scene reconstruction. The iterative frame-
work, guided by the GRU-based optimizer, creates a cru-
cial feedback loop. It enables the model to progressively
identify and correct its own estimation errors from previous
passes, thereby achieving a level of fidelity that one-shot
approaches struggle to attain.

Analysis of Iteration Count. We further analyze the im-
pact of the number of iterative steps, with results presented
in Table 5. Reconstruction quality progressively improves
as the iteration count increases from one to three, validating
our hypothesis that each step corrects errors from the previ-
ous one. However, performance gains saturate beyond this
point. We thus adopt three iterations as our default, striking
an optimal balance between fidelity and efficiency. Results
also show that performance is maximized when training and
testing iterations are identical (¢ — a), as a mismatch dis-
rupts the optimizer’s learned refinement trajectory.

5. Conclusion

We present iSplat, an iterative feed-forward framework that
addresses the fidelity limitations of single-pass 3D Gaus-
sian Splatting. By reformulating reconstruction as a learn-
able recurrent process, iSplat progressively refines both ge-
ometry and appearance through a GRU-based optimizer,
uncertainty-driven depth refinement, and region-aware en-
hancement. Experiments on multiple benchmarks demon-
strate that iSplat achieves state-of-the-art performance with
strong efficiency and generalization. Our results show that
iterative feed-forward refinement is an effective way to
combine the speed of direct inference with the precision of
optimization-based methods.
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