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Abstract. Despite the success of recent novel view synthesis methods,
they tend to struggle in sparse-view settings. This poor generalization
to unseen viewpoints is an inherent challenge when training with lim-
ited data. To address this, we investigate the relationship between loss
sharpness and generalization in novel view synthesis—an underexplored
direction. Interestingly, while pursuing flatter minima is widely known
to improve generalization in deep learning, reducing loss sharpness is not
always beneficial in novel view synthesis. We demonstrate that this dif-
ference arises because high-detail regions inherently require a sharp loss
landscape for accurate reconstruction, whereas low-detail regions benefit
from a flat loss landscape for improving generalization. Based on this in-
sight, we introduce structure-aware sharpness, defined within structure-
adaptive neighborhoods, and propose to adaptively adjust the sharpness
regularization weight according to the local image structure. This strat-
egy encourages flatter minima for generalization while preserving the loss
sharpness necessary to reconstruct fine details. Across various datasets
and configurations, our strategy consistently improves a wide range of
baselines. Code is available at https://bbangsik13.github.io/FASR.
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1 Introduction

Novel view synthesis from multi-view images has been a long-standing problem
of interest. While Neural Radiance Fields (NeRFs) [45] achieve high-quality novel
view synthesis, their slow rendering has motivated a shift towards 3D Gaussian
Splatting (3DGS) [27]. However, it requires densely captured input views, which
are costly to obtain. In sparse-view settings, models often produce unresolved
details and floating artifacts in novel viewpoints while correctly reconstructing
training views. This overfitting is due to limited data, leading to poor general-
ization. To address this challenging problem, previous approaches have adopted
various strategies, such as integrating geometric priors [9,|10] and leveraging
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Fig. 1: Overview . While 3DGS exhibits over tting, our method improves its gener-
alization, achieving lower test errors. Interestingly, loss sharpness and generalization
are not strictly correlated in novel view synthesis although Sharpness-Aware Min-
imization (SAM) [13], a representative at minima optimization method, yields the
lowest loss sharpness [42, 61], it results in a higher test error than ours challenging
the common belief that atter minima generalize better. We evaluate using eight train-
ing views and 800 interpolated test views generated from the lego scene of Blender
synthetic dataset [45]. Plots are means and standard deviations over ten runs.

dense correspondence prediction models [18,22]. Although these methods show
e ectiveness, research on improving the optimization procedure of such scene
representations itself has not been thoroughly explored.

Rather than introducing additional model priors, we investigate the role of
local loss sharpness in novel view synthesis. In deep learning, atter minima
are widely known to improve generalization [20,28]. However, unlike the domain
of previous work, achieving atter minima does not always guaranteebetter
generalization in novel view synthesis (Fig. 1). In Fig. 2, we demonstrate that
this discrepancy arises because the importance of loss sharpness for accurate
reconstruction varies across regions: model parameters representing high-detail
regions (e.g., edges) inherently induce a sharp loss landscape, whereas those
corresponding to low-detail regions favor atter minima. In this sense, pursuing
at minima for all regions is problematic; sharp minima in high-detail areas are
desirable for accurate reconstruction, and at minima in low-detail regions are
preferable for better generalization. Speci cally, it will over-penalize high-detail
regions while under-penalize low-detail regions, failing to su ciently improve
generalization.

To this end, we propose Structure-Aware Sharpness Regularization, an opti-
mization strategy that calculates and penalizes loss sharpness based on the local
image structure. Speci cally, we de ne structure-aware sharpness and adaptively
adjust the sharpness regularization: in high-detail regions, we both reduce the
regularization weight and the neighborhood radius used for sharpness estima-
tion, while in low-detail regions, we increase them. This strategy encourages a
atter loss landscape while retaining the loss sharpness necessary for ne de-
tails. For example, our strategy e ciently mitigates oating artifacts that inher-

1 We refer to atter local minima as atter minima for brevity.
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Fig. 2: Problem setting . The desirable degree of loss sharpness varies across the
local structure of the input images. We visualize the loss landscape by perturbing a
perfectly tted pixel in high-detail and low-detail regions, respectively.

ently induce sharp minima, because their loss changes dramatically even with a
slight perturbation 2. Our strategy guides these unexpected sharp minima to at
minima, successfully narrowing the generalization gap, thus suppressing oaters
without penalizing high-detail regions. Crucially, we demonstrate that our strat-
egy serves as a general principle for novel view synthesis, yielding complementary
improvements whether applied to a wide range of 3DGS-based frameworks, im-
plicit NeRF, various at minima optimization methods, and scene dynamics.

Our core contributions are as follows:

Fundamental insight. To the best of our knowledge, we present the rst
fundamental investigation into the relationship between loss landscape and
generalization in novel view synthesis. Notably, we reveal that at min-
ima across all Gaussian parameters are suboptimal because the optimal loss
sharpness varies with the local structure of the input images.

Novel optimization strategy. Based on this insight, we propose a strategy
that introduces structure-aware sharpness and adaptively adjusts the regu-
larization weight to encourage atness for generalization while preserving
the necessary loss sharpness for ne-detail reconstruction.

Generality. We demonstrate that our strategy serves as a broadly applicable
optimization principle rather than a method-speci ¢ adaptation, consistently
improving various reconstruction pipelines.

2 Related Work

2.1 Sparse Novel View Synthesis

Reconstructing scenes from highly sparse inputs remains a fundamental chal-
lenge, as limited supervision often leads models to over t training views, result-
ing in insu cient generalization in unseen views. Early e orts sought to extend

2 Camera perturbations can be interpreted as model parameter perturbations, e.g.,
parallel movement of 3D Gaussians is equivalent to moving the camera.
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neural radiance elds (NeRFs) [45] by incorporating additional regularizations or
auxiliary cues. For example, these studies [10,47,58, 64] introduce geometry- or
depth-based constraints and frequency regularization to alleviate the undercon-
strained nature of sparse-view optimization. Although these approaches demon-
strate e ectiveness, they inherit the slow training and rendering processes of
NeRF.

Recent studies have shifted to use 3D Gaussian Splatting (3DGS) [27], aim-
ing for real-time rendering e ciency. These studies [9,22,34,62,70,72] similarly
leverage external priors such as depth [6,49], correspondence [33], or ow [53],
while others focuses on ensemble-like regularization [48,67,69]. Sharing a key
insight with our method, Sparfels [23] aims to minimize a worst-case loss for
robustness; however, it does so by freezing the Gaussian means and approxi-
mating the objective with an upper bound, which simpli es to a color variance
regularization along each ray. Although this proxy e ectively improves details, it
may overlook color-matched oaters. In contrast, our method directly optimizes
the worst-case loss with respect to all Gaussian parameters, interpreting it as a
sharpness regularization.

Importantly, our optimization strategy is complementary: rather than al-
tering the representation or adding priors, we fundamentally guide novel view
synthesis methods to converge on a general solution in under-constrained sparse
supervision.

2.2 Flatness and Generalization

The relationship between the atness of the loss landscape and model gener-
alization has been extensively investigated in prior research. Keskaet al. [28]
shows that converging to sharp minima leads to poor generalization, while Jiang
et al. [26] identi es that loss sharpness is the most correlated indicator of gener-
alization. Subsequent work [7,20] demonstrated that averaging parameters along
training trajectories can lead to atter minima with better generalization.

Beyond averaging strategies, Sharpness-Aware Minimization (SAM) [13] ex-
plicitly estimates and reduces sharpness, inspiring subsequent work [4,37,46,55]
to analyze and improve upon its formulation. Moreover, some works have ana-
lyzed the accuracy of estimated sharpness as a measure of generalization. They
show that sharpness changes with parameter rescalings [11], and the appropriate
sharpness estimation di ers across di erent training setups and tasks [2], which
hinders the correlation between sharpness and generalization. Consequently, re-
cent work introduces normalization and invariant formulations to appropriately
estimate sharpness, enabling a more reliable link between loss sharpness and
generalization [17, 21, 30, 31, 57]. On the other hand, some works report coun-
terexamples where sharper models generalize well, indicating that atter minima
are not always the optimal strategy for generalization [3,11, 60].

Building on this perspective, we revisit the loss landscape sharpness in the
context of novel view synthesis. We hypothesize that the optimal loss sharpness
is not uniform but varies with the local detail of the input images. Furthermore,
the radius for estimating the local loss sharpness should also vary. Therefore,
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Algorithm 1 Overview of our proposed algorithm

Input:  Multi-view images I, where camerav 2 V
Output: Optimized G=( ;q;s;; YPC;YA%)

1: vV ToleranceMap(r") /I Quantify local image structure (Sec. 3.2)
2: while G not converged do

3: L LosyRender(G;v);I) /I Empirical loss
4:  for all 2G do

5: " StructureAwarePerturb ( ;L; ) /I Calculate perturbation (Sec. 3.3)
6: end for

77 6 ("j 20) /I Local maximum
8 [ LosgRender(&;v);™) Il Worst-case loss
9: L  StructureAwareWeight (L; [; ) // Scale regularization weight (Sec. 3.4)
10 G G Adam(r 4L) /I Gradient descent at original parameter
11: end while

instead of pursuing at minima across all model parameters, we introduce an
optimization strategy that appropriately regularizes loss sharpness for the re-
construction task, allowing sharp minima where they bene t ne details.

2.3 Reconstructing with Random Noise

Adapting random noise into radiance eld training has been introduced for two
primary purposes.

Unlike our approach, which aims to improve generalization, some studies em-
ploy perturbation for uncertainty quanti cation rather than relying on a deter-
ministic approach. Stochastic or Bayesian formulations of NeRFs have explicitly
modeled radiance or density distributions [32,52]. Subsequent work perturbs
trained models to estimate epistemic uncertainty [16]. Similar ideas have been
extended to 3DGS, where Gaussian parameters are sampled from learned distri-
butions to render both images and calibrated uncertainty maps [1].

Some works [8,14,29,40,50] achieve robustness by injecting random noise into
Gaussian parameters or query locations, which can be interpreted as randomly
choosing parameters in a neighborhood radius. This random perturbation serves
as an ine cient proxy for nding the worst-case loss, and thus may atten the
loss landscape. In contrast, our work fundamentally investigates the direct link
between the loss landscape and generalization, allowing us to rethink the success
of these prior works.

3 Method

To implement our fundamental insight optimal loss sharpness for accurate re-
construction correlates with the local structure of the input images into prac-
tice, we apply our strategy within Sharpness-Aware Minimization (SAM) [13]
and 3D Gaussian Splatting (3DGS) [27], as representative choices of at-minima
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optimization and scene representation, respectively. First, we provide preliminar-
ies on SAM and 3DGS (Sec. 3.1). Then, we introduce the geometric tolerance
map to quantify local image structures (Sec. 3.2). Finally, based on this image
structure, we de ne the structure-aware sharpness (Sec. 3.3) and adaptively ad-
just the regularization weight (Sec. 3.4F. Algorithm 1 summarizes our method.

3.1 Preliminaries

Sharpness-Aware Minimization (SAM) [13] is an optimization method

that improves generalization by encouraging solutions to lie in at regions of the
loss landscape. Along with minimizing the empirical loss at a parameter point
w, SAM estimates the loss sharpness within a neighborhood of radius. The

optimization then jointly minimizes both the empirical loss and this estimated

sharpness:

LSAM  max L(w+ ) L(w)+ ng = max L(w+ );
e A2 i (1)
{Z } empirical loss {Z }
loss sharpness worst-case loss

which is equivalent to the worst-case loss.

In practice, it is approximated via rst-order Taylor expansion for the loss
function around the current parameters, perturbing the parameters in the gra-
dient direction with magnitude

rwb(w
Nw), akrg?(maxL(w+ ) krwl_((vv))kZ:
2 w

(2)

This method improves generalization by tightening the generalization bound
based on sharpness derived from the PAC-Bayesian framework [12, 43, 51]. In
practice, is a hyperparameter. See Foreet al. [13] for details.

3D Gaussian Splatting (3DGS) [27] represents a scene as a set of 3D Gaus-
siansG = fG;g\\, . Each GaussianG is parameterized by its mean ;, rotation
gi, scales;, opacity i, and spherical harmonics (SH) coe cients Y P¢;Y A€
that model view-dependent color. Given a camera view, the renderer projects
each Gaussian onto the image plane and produces a rendered imagg =
Render(G, v). See Kerblet al. [27] for details.

3.2 Geometric Tolerance Map

To quantify local structure of input images, we introduce a geometric tolerance
map V(p) de ned over each training image 'V with view v, where p denotes
a 2D image coordinate. The map encodes the distance from each pixel to the

3 We apply this strategy to the mean |, rotation q;, and scales;, which are geometric
attributes of the Gaussian.
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nearest high-detail structure, such as ne-scale textures. LetH" denote the set
of pixels with large image gradient in viewv. Then, the map is de ned as:

\ — H .
()= min, kp  hke:

As a result, pixels located in low-detail structure exhibit large distance values,
whereas pixels near or within high-detail structure have small values.

Near high-detail structure, even small geometric changes of projected primi-
tives can produce noticeable variations in the rendered image. Conversely, in low-
detail structure, similar changes tend to have a limited visual impact. Therefore,
we interpret this distance as ageometric tolerancefor the primitive projected at
location p, with respect to rendering sensitivity.

We describe the implementation of the geometric tolerance map in the Ap-
pendix.

3.3 Structure-Aware Sharpness

We adapt the loss sharpness of each Gaussian based on the geometric tolerance
de ned in Sec. 3.2. To do this, we begin by computing the gradient on the per-
Gaussian attribute | 2 G; separately rather than the entire parameter set and
use it to compute the perturbation independently (Eq. (2)).

Then, for each Gaussian, we query the value from the geometric tolerance
map at the projected center coordinate ?on the 2D camera plane, ; = V(9.
Since this geometric tolerance is de ned in the 2D image space, we convert it
into a 3D space using perspective geometry. Under perspective projection, a 2D
displacement of ; corresponds to a 3D displacement scaled b)% where d; is
the depth of the corresponding Gaussian and is the focal length. We interpret
this 3D geometric tolerance as an admissible perturbation of the 3D parameters
of the Gaussian. Accordingly, the structure-aware sharpness for the Gaussian
attribute ; is de ned as:

max  L(i+ i) L(i)
kika i+

o

In the SAM implementation, the perturbation Algorithm 1.5 becomes:

/\i i+ iﬂ i
f kr iLk2

This structure-aware formulation resolves the imbalance in the perturbation

magnitude. Speci cally, it induces slight perturbations in high-detail regions to

prevent overshoot of the intended local maximum, while applying stronger per-

turbations in low-detail regions to e ectively ascend toward the local maximum.
We provide a deeper analysis of this derivation in the Appendix.
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Table 1. Quantitative comparison . Our method consistently improves all baselines
across both LLFF and Mip-NeRF360, achieving better results on all evaluation metrics.

LLFF (3 views) MipNeRF-360 (12 views)

Method PSNR " SSIM " LPIPS # PSNR " SSIM " LPIPS #

3DGS [ACM TOG'23] 19.810 339 .6790 .0078 .2145 0065 18.903 .179 .5499 0036 .3734 .0042
+ Ours 20.783 300 .7197 0032 .1965  .0034 19.303  .185 .5622  .0051 .3552  .0047
CoR-GS [ECCV'24] 20.185 .42 .7015 0040 .2029 .0035 19.515 243 .5733 0049 .3741 .0066
+ Ours 20.862 154 .7283  .0042 .1932 0030 19.805  .233 .5833  .0058 .3681  .0069
DropGaussian [CVPR'25] 20.461 .212 .7070 0045 .2064 .0047 19.514 199 .5722 .0042 .3657 .0036
+ Ours 20.853 227 .7295 0045 .1969  .0040 19.625 254 .5750  .0053 .3627  .0051
NexusGS [CVPR'25] 21.048 049 .7382 0008 .1776 .0009 18.506 .098 .5222 .0031 .3587 .0021
+ Ours 21.348 078 .7511 0012 .1714 0011 18.736  .103 .5316  .0034 .3522  .0024
SE-GS [ICCV'25] 20.725 217 .7203 0049 .1861 0058 19.931 288 .5930 .0063 .3702 .0054
+ Ours 21.141 223 .7403 0042 .1803  .0038 20.135 232 .5960 .0059 .3644  .0052

3.4 Structure-Aware Regularization Weighting

In addition to structure-aware sharpness, we also modulate the weight of sharp-
ness regularization. As described in Eq. (1), SAM can be interpreted as minimiz-
ing empirical loss together with a sharpness term. To control the relative contri-
bution of these two terms, we introduce a structure-aware weighting scheme.
Inspired by weighted variants of SAM [65], we consider a weighted objective
of the following form. Therefore, Algorithm 1.9 becomes:
i 1 2 i oA
L=L+ i(C L)= 3 iL+1 iC.

Let the regularization weight | = 0:95 j= qax, Where nqax is the maximum
distance, and 0.95 is determined empirically. When the regularization weight i
is close to 0, the sharpness term vanishes, and the objective reduces to minimizing
only the empirical loss. In contrast, when it is close to 0.95, the sharpness term
is emphasized.

As aresult, the sharpness penalty is reduced in high-detail regions, preserving
necessary loss sharpness for accurate reconstruction, while applying a stronger
penalty in low-detail regions to facilitate better regularization.

4 Experiments

Dataset. We evaluate our method on LLFF [44] and MipNeRF-360 [5], following
previous works [48, 67,70, 72], where the input resolution is 8 downsampled,
and 3 and 12 input views are split for LLFF and MipNeRF-360, respectively.

Implementation. We choose the publicly available 3DGS [27] and its follow-up
works as baselines. Speci cally, we choose the state-of-the-art NexusGS [70],
which leverages foundation models, and CoR-GS [67], DropGaussian [48], and
SE-GS [69], which do not.
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