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Abstract
Single-image 3D reconstruction with large reconstruction models (LRMs) has advanced rapidly, yet reconstructions often ex-
hibit geometric inconsistencies and misaligned details that limit fidelity. We introduce GeoFusionLRM, a geometry-aware self-
correction framework that leverages the model’s own normal and depth predictions to refine structural accuracy. Unlike prior
approaches that rely solely on features extracted from the input image, GeoFusionLRM feeds back geometric cues through a
dedicated transformer and fusion module, enabling the model to correct errors and enforce consistency with the conditioning
image. This design improves the alignment between the reconstructed mesh and the input views without additional supervi-
sion or external signals. Extensive experiments demonstrate that GeoFusionLRM achieves sharper geometry, more consistent
normals, and higher fidelity than state-of-the-art LRM baselines.

CCS Concepts
• Computing methodologies → Machine learning approaches; Image-based rendering; Reconstruction; Probabilistic rea-
soning;

1. Introduction

Recovering 3D geometry from images is fundamental to many
applications in vision and graphics, such as content creation,
AR/VR, and robotics. Reconstructing a full 3D model from a sin-
gle image is particularly challenging due to the severe ambigu-
ity of missing viewpoints. Recent Large Reconstruction Models
(LRMs) [HZG∗23,WZB∗24, LTZ∗23, WTB∗23, JHP24, XBS∗24],
have made progress on this task by training transformer architec-
tures on large collections of image–3D data pairs, enabling them to
directly predict 3D assets from a single view. While these models
succeed in generating 3D assets that capture the coarse 3D shape
observed in the images, they often struggle to produce meshes that
are consistent with the conditioning image in terms of geometric
details. They suffer from limitations including inaccurate geome-
try, distorted surface normals, and misaligned details. These limi-
tations highlight the need for approaches that improve consistency
between the generated 3D assets and the input images.

Existing approaches [HZG∗23, XCG∗24, HBV∗25, TCC∗24]
typically encode 2D image features and inject them into the re-
construction pipeline via attention-level conditioning. While these
models provide a strong semantic prior, accurate 3D reconstruc-
tion from a single image remains fundamentally ill-posed due to
missing volumetric information. In particular, single-image meth-
ods such as LRM [HZG∗23] and SPAR3D [HBV∗25] often strug-

gle with occluded and back-facing regions, where geometry must
be inferred from learned shape priors rather than direct visual ev-
idence. On the other hand, recent LRM-based methods such as
LGM [TCC∗24] and InstantMesh [XCG∗24] attempt to alleviate
this limitation by leveraging pretrained image-to-multiview models
[SWY∗23, WS23, LWVH∗23] to synthesize multiple views from
a single input image, which are then jointly encoded to provide
a stronger geometric prior. However, the synthesized multi-view
images are not always geometrically consistent. Moreover, when
operating directly on real multi-view images without view synthe-
sis, the available views are sometimes insufficiently informative
when the object geometry is difficult to infer from RGB obser-
vations alone. As a result, ambiguities in 3D understanding can
persist, which occasionally leads to reconstruction failures where
geometric errors in the mesh are visually masked in the rendered
RGB outputs. (e.g., holes suggested by appearance but absent in
the underlying geometry). To address this, our model predicts its
own depth and normal maps from an initial reconstruction. These
predicted geometric cues are then fused with image features in a
second pass, allowing the network to refine depth, normals, and
semantic information. This self-contained two-stage process im-
proves geometric fidelity and enables more accurate and consistent
mesh reconstruction without relying on external predictors. The im-
provements achieved by our approach on FLUX [Lab24]-generated
synthesized images are illustrated in Fig. 1, demonstrating sharper
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Figure 1: Qualitative comparison using a synthesized input image generated by the FLUX image generator. The same synthesized image
is provided as input to the InstantMesh baseline and our proposed GeoFusionLRM. The baseline struggles to preserve geometric fidelity,
producing distorted normals and misaligned surface details. In contrast, our iterative geometric conditioning progressively corrects these
errors, yielding reconstructions with sharper normals and RGB renderings that more closely match the GT view.

geometry, more accurate normals, and better alignment with the in-
put image compared to its baseline.

Building on this idea, we propose GeoFusionLRM, a geometry-
aware self-corrective conditioning framework that integrates these
predicted geometric cues for two-stage refinement. Once an initial
mesh is first reconstructed from the input image, we introduce a
geometry encoder that encodes features of the depth and normal
maps of this initial reconstruction. The resulting features are fused
with semantic features from the vision encoder through a fusion
module. This two-pass process corrects residual geometric errors
and produces more accurate and consistent meshes. Our method
builds upon InstantMesh [XCG∗24] as a baseline and introduces
two key components: (i) a GeoFormer encoder, fine-tuned with ge-
ometric supervision to capture structural consistency from normals
and depths, and (ii) the GeoFuser module, a lightweight token-wise
network that fuses semantic features from the vision encoder with
geometry-aware embeddings from GeoFormer.

Our contributions can be summarized as follows:

• Self-predicted geometry-aware conditioning: We introduce
GeoFusionLRM, which refines meshes in a two-stage process
by conditioning on depth and normal cues predicted from inter-
mediate reconstructions.

• GeoFormer encoder: We propose a geometry-aware encoder,
initialized from DINO [CTM∗21] and fine-tuned with geomet-
ric supervision, to capture structural alignment with conditioning
images.

• GeoFuser module: We design a lightweight token-level fusion

network that merges semantic and geometric features to produce
refined triplane conditioning.

• Improved consistency and fidelity: Extensive experi-
ments show that GeoFusionLRM improves over In-
stantMesh [XCG∗24] and other competing models, yielding
sharper geometry, more accurate normals, and higher fidelity to
input views.

2. Related Work

Single-image 3D reconstruction has advanced considerably with
the advent of transformer-based architectures and large-scale train-
ing datasets. Earlier approaches predominantly employed category-
specific encoder–decoder networks [BDL∗21, CLG∗19, GKM20,
DGTC23a, DGTC23b], which restricted their ability to generalize
beyond the categories seen during training. More recently, large re-
construction models (LRMs) have been introduced, trained on di-
verse collections of 3D assets [HZG∗23], and shown to generate
high-fidelity 3D geometry from sparse inputs such as a single im-
age. These models shift the paradigm from category-specific learn-
ing toward general-purpose reconstruction, providing stronger ro-
bustness to variations in object shape and appearance. Architectures
such as Instant3D [LTZ∗23] and InstantMesh [XCG∗24] exem-
plify this trend by integrating multi-view diffusion [SCZ∗23] with
transformer-based 3D decoders, producing triplane or volumetric
representations that generalize across categories without requiring
further fine-tuning. Recent extensions further improve efficiency
and applicability, for example, through architectural simplifications
and curated training data [TPL∗24], or by jointly estimating camera
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pose and geometry to enable reconstruction from unposed sparse
inputs [WTB∗23]. Collectively, these works highlight a transition
from narrow, limited domain reconstructions toward more scalable
and generalizable frameworks that form the basis for current re-
search directions. However, despite their efficiency, existing LRMs
remain sensitive to errors introduced during multiview synthesis
and lack explicit mechanisms for geometry-aware correction, caus-
ing geometric inconsistencies and misalignment with the condition-
ing image to persist once reconstruction is completed.

Several feed-forward approaches [LXJ∗23, ZPG∗24, LLL∗24,
VYB∗24] synthesize multiview observations using diffusion-based
view generation conditioned on a single image [LWVH∗23],
followed by 3D reconstruction through task-specific geometric
pipelines rather than a unified LRM-style representation. As an
extension, methods such as Wonder3D and GeoWizard [LGL∗24,
FYH∗24] jointly generate RGB images and surface normals, em-
ploying cross-domain attention mechanisms to ensure geometric
consistency during view synthesis. Although these methods im-
prove multiview consistency, reconstruction quality remains con-
strained by inaccuracies in the synthesized views. In contrast,
optimization-based approaches leverage strong 2D diffusion priors
through per-scene procedures such as Score Distillation Sampling
(SDS) [TWZ∗23], achieving high geometric fidelity at the cost of
substantial computational overhead.

There have also been iterative approaches proposed for improv-
ing 3D reconstruction quality. Some methods refine reconstructions
by progressively incorporating additional input views to update
the underlying representation [LWC∗25, KNS∗25], which inher-
ently assumes access to multi-view image sets. In contrast, our ap-
proach performs reconstruction from a single input image and ap-
plies refinement internally through predicted geometric cues rather
than external view accumulation. Closely related, GTR [ZHW∗24]
introduces a lightweight per-instance refinement stage on top of
Large Reconstruction Models, where NeRF color parameters and
triplane features are fine-tuned at test time using differentiable
mesh rendering. Its test-time optimization primarily targets appear-
ance by refining RGB textures through color-based losses, with-
out explicitly correcting the underlying geometry, in contrast to our
geometry-aware refinement.

In another line of recent work, surface normals have been par-
ticularly used to improve geometric fidelity of reconstruction mod-
els [PLS25,SZW∗25]. These methods rely on an additional monoc-
ular depth or surface normal estimation network and provide nor-
mal maps as input to a reconstruction model directly. Our work
differs in that we propose a two-stage self-corrective conditioning
framework, which does not require additional networks or lengthy
optimization steps.

3. Method

Our goal is to improve the geometric consistency of single-image
3D reconstruction with respect to the conditioning image. To
this end, we introduce GeoFusionLRM, an iterative conditioning
framework that augments Large Reconstruction Models (LRMs)
with geometry-aware self-supervision. The overall architecture is
illustrated in Fig. 2. We first review the baseline LRM pipeline be-
fore describing our geometry-aware extensions.

3.1. Preliminaries

Large Reconstruction Models (LRMs) such as InstantMesh
[XCG∗24] predict a 3D representation directly from a single condi-
tioning image by employing a transformer-based architecture with
3D-aware cross-attention. In practice, InstantMesh first employs a
multi-view diffusion model [SCZ∗23] to synthesize six views of the
object {Ik}6

k=1 from the input image I, each associated with known
camera parameters {Ck}6

k=1. These views are then encoded by a
transformer backbone (ViT Encoder) with DINO [CTM∗21] initial-
ization, where the camera parameters are injected into the AdaLN
layers. The encoded semantic tokens are defined as

Fsem
k = Esem(Ik,Ck), (1)

where Fsem
k ∈ RN×d denotes the semantic token embeddings for

view k. The triplane decoder transformer aggregates these tokens
across views and generates the triplane tokens by applying cross-
attention between the semantic tokens and triplane tokens. The re-
sulting features form a triplane representation T ∈ R3×R×R×d are
subsequently decoded into a mesh via differentiable iso-surface ex-
traction. Although this design provides stronger 3D awareness than
earlier LRMs, the reliance on semantic embeddings still limits ge-
ometric fidelity. While camera parameters can inject 3D informa-
tion into the 2D tokens, they often fail to capture structural details,
leading to unwanted artifacts in the reconstructed geometry. This
embedding bottleneck motivates our geometric refinement strategy,
where the model receives feedback from geometry rendered un-
der the input view to progressively refine the embeddings extracted
from RGB images.

3.2. GeoFusionLRM Overview

GeoFusionLRM introduces geometry-aware conditioning into the
LRM pipeline (see Fig. 2). Starting from an initial mesh M(0) gen-
erated by the baseline LRM, we extract depth and normal maps

D(t), N(t) = Π(M(t)), (2)

where Π(·) denotes differentiable rendering of the current mesh
M(t) into depth D and normals N as defined in Eq. 2. These maps
are encoded by the geometry-aware GeoFormer, and fused with
semantic tokens through the GeoFuser module to guide the next
reconstruction pass.

3.3. GeoFormer: Geometry-Aware Encoder

GeoFormer is designed to capture structural consistency from nor-
mal and depth projections. It is initialized as a copy of the ViT
encoder used in InstantMesh, including AdaLN-based camera pa-
rameter conditioning. To process normal and depth information, we
extend the input layer from three channels (RGB) to four channels
with zero-initialized weights, which enables the encoder to handle
geometry maps instead of the color input. Formally, the geometry-
aware tokens are defined as

Fgeo = Egeo(D(t),N(t)), (3)

where Egeo denotes the GeoFormer encoder and Fgeo ∈ RN×d

are geometry-aware embeddings. GeoFormer is added as a paral-
lel branch to the pipeline, which produces geometry-aware tokens
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Figure 2: Overview of the proposed GeoFusionLRM architecture. Given a conditioning image, semantic features are extracted with a pre-
trained vision encoder, while geometric cues from normals and depths of the intermediate mesh are encoded by the geometry-aware Geo-
Former. The GeoFuser module merges these two streams of embeddings at the token level to produce refined conditioning features, which
guide the LRM in generating an updated 3D mesh. This process corrects residual geometric errors and improves the consistency of surface
normals and RGB renderings with respect to the conditioning image.

that are later fused with semantic tokens from the vision encoder
through the GeoFuser module.

3.4. GeoFuser: Token-Level Feature Fusion

To integrate semantic and geometric features, we propose the Ge-
oFuser module. Given semantic tokens Fsem from the input image
and geometry-aware tokens Fgeo extracted from rendered normal
and depth maps of the same view (Eq. 2 and Eq. 3), GeoFuser
produces corrective residuals that refine the semantic embeddings.
Formally, the fused tokens are defined as

F fused = Fsem + fθ(F
sem,Fgeo), (4)

where fθ(·) is a lightweight two-layer feed-forward network with
a hidden SiLU activation. Its final linear layer is initialized with
zero weights and bias, ensuring that the residual correction is dis-
abled at the first iteration and enabled in the subsequent refinement.
At the first iteration, the residual term is disabled, and the baseline
LRM generates an initial mesh. In the following iteration, geom-
etry maps rendered from the reconstructed mesh are encoded by
GeoFormer and fused through Eq. 4 to refine the semantic embed-
dings based on inconsistencies between input image features and
rendered geometry. The refined tokens F fused are then injected into
the cross-attention layers of the LRM, subsequently improving ge-
ometric fidelity.

During training, we unroll the refinement process for T = 3 steps.
At each step (t = 0, 1, 2), the model renders the current reconstruc-
tion, encodes the resulting depth and normal maps, and receives
supervision on the outputs for that step. This setup makes the opti-
mization stable and keeps the overall training cost manageable. At

inference time, however, we observe that an initial reconstruction
stage followed by a single refinement stage is sufficient.

3.5. Training Strategy

During training, the baseline InstantMesh backbone is frozen, and
only the parameters of GeoFormer and GeoFuser are optimized.

For supervision, we utilize the default InstantMesh losses on the
rendered outputs and backpropagate immediately. In particular, this
objective combines photometric MSE, perceptual LPIPS [ZIE∗18],
mask consistency, depth alignment, normal similarity, and Flex-
iCubes [SMH∗23] regularization, with the same weights as In-
stantMesh:

L= Lrgb +2.0 ·Llpips +Lmask

+0.5 ·Ldepth +0.2 ·Lnormal +Lreg.
(5)

4. Experiments

In this section, we present quantitative and qualitative results for
GeoFusionLRM, detailing our training setup, evaluation datasets,
baselines, and metrics.

Datasets. We train our model on Objaverse-1.0 [DSS∗23], ex-
cluding assets with rendered alpha coverage of ≤ 10% to re-
move highly transparent or very small objects. After filtering,
the training set contains approximately 168k objects. For evalua-
tion, we use the OmniObject3D [WZF∗23] and Google Scanned
Objects (GSO) [DFK∗22] datasets. From OmniObject3D, we se-
lect five objects per category across 100 categories (500 in to-
tal), while we uniformly sample 500 objects from GSO. Each ob-
ject is rendered on a fixed viewing grid, defined by elevations
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{−20◦,−10◦,0◦,10◦,20◦} crossed with six uniformly spaced az-
imuths in an orbital setting. In addition to these predefined views,
we evaluate our method on the standard OmniObject3D benchmark
test views, following the evaluation protocol used in prior work
(e.g., InstantMesh). Specifically, we report results on 16 benchmark
views per object provided by the OmniObject3D dataset.

Implementation Details. We fine-tune our model for 168k steps
on 4 × A100 GPUs using the AdamW optimizer with an initial
learning rate of 4× 10−6, β1 = 0.90, β2 = 0.95, and a weight de-
cay of 0.01. We employ a cosine scheduler that anneals the learning
rate to 0 over 100k steps. Training supervision is provided with 32
views per object, obtained by randomly sampling camera poses on
a viewing sphere with radius r ∼ U(1.5, 2.2) and uniformly dis-
tributed orientations.

Baselines. We compare GeoFusionLRM against four recent ap-
proaches: LRM [HZG∗23], SPAR3D [HBV∗25], LGM [TCC∗24],
and InstantMesh [XCG∗24]. OpenLRM [HW23] weights are uti-
lized for LRM comparison, which is an open-source implementa-
tion of the Large Reconstruction Model (LRM) [HZG∗23]. It is
a transformer-based framework trained to predict NeRF represen-
tations of the object from a single input image. SPAR3D follows
a two-stage design: it first predicts a sparse 3D point cloud with a
lightweight point-diffusion model, and then refines it into a detailed
mesh conditioned on the input view. LGM reconstructs 3D objects
as collections of Gaussian parameters for an efficient representation
that can predict high-quality novel view synthesis. InstantMesh in-
tegrates an off-the-shelf multi-view diffusion model with an LRM-
style sparse-view reconstructor, enabling fast feed-forward mesh
generation from a single image.

Metrics. We evaluate both the visual quality and geometric accu-
racy of the generated 3D assets. For visual quality, we compare
predicted and ground-truth pixel values in RGB space, reporting
PSNR, SSIM, and LPIPS (higher is better for PSNR/SSIM, while
lower is better for LPIPS). For geometry, we assess structural con-
sistency by rendering normal maps from the generated meshes in
Blender using the same camera grid, and then comparing predicted
and ground-truth normals with the same set of metrics. All results
are averaged over both views and objects.

Table 1: Quantitative results on the GSO dataset using uniform
views for RGB images and normal maps.

Method RGB Normal

PSNR ↑ SSIM ↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS ↓

OpenLRM 17.2217 0.8885 0.1212 18.7437 0.8837 0.1243
Spar3d 16.1483 0.8790 0.1214 19.0522 0.8999 0.1160
LGM 19.0940 0.9016 0.0975 22.0817 0.9205 0.0886
InstantMesh 20.3072 0.9201 0.0832 25.8303 0.9468 0.0625
Ours 20.3537 0.9212 0.0831 26.3866 0.9497 0.0592

Table 2: Quantitative results on OmniObject3D using uniform
views for RGB images and normal maps.

Method RGB Normal

PSNR ↑ SSIM ↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS ↓

OpenLRM 16.5965 0.8753 0.1189 19.2952 0.8696 0.1191
Spar3d 17.0840 0.8849 0.1048 19.6523 0.8942 0.1092
LGM 20.6049 0.9061 0.0819 23.3091 0.9054 0.0831
InstantMesh 21.9417 0.9150 0.0798 24.6765 0.9177 0.0781
Ours 23.0465 0.9205 0.0722 26.1600 0.9265 0.0658

Table 3: Quantitative results on OmniObject3D using benchmark
views for RGB images and normal maps.

Method RGB Normal

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

SPAR3D 16.15 0.881 0.1235 17.52 0.883 0.1248
LRM 16.85 0.874 0.1261 18.04 0.865 0.1245
LGM 20.98 0.905 0.0849 22.61 0.906 0.0826
InstantMesh 21.85 0.913 0.0805 24.24 0.918 0.0769
Ours 22.75 0.916 0.0741 25.76 0.926 0.0648

4.1. Quantitative Comparisons

Tables 1, 2, and 3 summarize quantitative results on the GSO and
OmniObject3D datasets. Across both datasets, GeoFusionLRM
consistently ranks first in all metrics, especially in the normal map
scores.

In GSO, improvements are more pronounced in the normal met-
rics than in RGB, which reflects the geometry-focused conditioning
of our pipeline. In OMNIOBJECT3D, the same pattern is observed
for both uniform and benchmark views: RGB results show a modest
improvement, while normal maps improve more clearly across all
metrics, indicating better geometric accuracy, especially for objects
with thin structures and curved surfaces.

The advantage over the other baselines is especially visible in
geometry. Furthermore, we improve upon the strongest baseline,
InstantMesh, both qualitatively and quantitatively.

4.2. Qualitative Comparisons

Figure 3 provides a qualitative comparison against state-of-the-art
methods on the GSO dataset. These results reveal a critical weak-
ness in several prior models: the tendency to prioritize plausible-
looking textures at the expense of geometric fidelity. This is of-
ten achieved through aggressive surface smoothing and by baking
complex shading cues directly into the albedo. While this can mask
underlying shape defects in the RGB output, it leads to significantly
distorted and uninformative surface normals.

This failure mode is particularly evident in the reconstructions
from LGM and InstantMesh. For instance, with the turtle teapot,
both methods flatten the complex pattern on the shell into a smooth,
featureless surface. Similarly, for the bowl, the sharp rim is incor-
rectly rounded off. This geometric simplification is noticeably visi-
ble in their corresponding normal maps, which lack high-frequency
detail. The most telling example is the decorative planter, where the
crisp, cut-out patterns are degraded into shallow, indistinct inden-
tations, demonstrating a failure to reconstruct complex topology.

In contrast, SPAR3D and our method, GeoFusionLRM, show a
superior capability to preserve fine geometric details. Both meth-
ods successfully capture the sharp edges of the bowl’s rim and the
complex holes of the planter, resulting in crisp, well-defined normal
maps that accurately reflect the object’s true surface structure.

However, our method also improves on reconstructing dark, low-
feature regions. This is best illustrated by the hat reconstruction in
the final row. The dark band on the hat presents an ambiguous re-
gion for reconstruction. While most methods produce a simplified
shape, SPAR3D hallucinates a large hole, failing to infer the contin-
uous surface underneath the dark texture. GeoFusionLRM, on the
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Figure 3: Qualitative results on GSO. Columns show the conditioning input image (left), followed by LRM, SPAR3D, LGM, InstantMesh,
and our GeoFusionLRM. For each method, we display results rendered from the same camera viewpoints, showing RGB outputs (top) and
surface normals (bottom).

other hand, correctly reconstructs the complete, coherent geometry
of the hat, demonstrating a superior ability to reason about shape
even in areas with ambiguous visual information. This highlights
our model’s improved capacity for producing not only detailed but
also geometrically complete reconstructions.

4.3. Ablation Studies

We conduct a comprehensive ablation analysis to evaluate the con-
tribution of each design choice in our method. Specifically, we
study the effects of input conditioning, architectural components,
and the initialization strategy of the geometry-aware encoder. All
ablations are evaluated using SSIM and LPIPS.

Table 4 reports ablation results evaluated on both RGB and nor-
mal map reconstruction quality. Using only depth or only normal
conditioning consistently degrades performance compared to us-
ing both conditions jointly, which confirms that depth and normal
information provide complementary geometric signals. Replacing
the proposed geometry-aware fusion with simple token concatena-
tion or removing the GeoFormer initialization leads to a noticeable
drop in reconstruction quality. While these variants still outperform
the InstantMesh baseline, they remain below the proposed method

Table 4: Ablation results evaluated on RGB and normal map re-
construction quality.

RGB Normal

Method SSIM ↑ LPIPS ↓ SSIM ↑ LPIPS ↓

InstantMesh 0.915 0.0798 0.918 0.0781
Random Init 0.914 0.0755 0.924 0.0680
Token Concat 0.916 0.0739 0.926 0.0663
Normal Only 0.916 0.0738 0.926 0.0662
Depth Only 0.916 0.0738 0.926 0.0661
Ours (Proposed) 0.920 0.0722 0.927 0.0658

across all metrics. The overall trends are consistent across RGB
and normal evaluations, with the proposed method achieving the
best performance in both RGB and normal reconstructions.

Finally, we analyze the effect of the initialization strategy. Initial-
izing GeoFormer from random weights leads to consistent drops in
SSIM and LPIPS in both RGB and normal evaluations. In contrast,
initializing from a pretrained ViT encoder provides a stronger and
more stable starting point for learning geometry-aware features.
Since the DINO encoder used in InstantMesh is trained on a large
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Figure 4: Performance across refinement iterations on the Om-
niObject3D dataset under uniform views.

dataset with geometry-aware adaptive normalization through cam-
era parameters, reusing this encoder for the conditioning branch
smooths the optimization landscape and allows the refinement stage
to focus on correcting geometric inconsistencies rather than learn-
ing geometry-aware 2D-to-3D feature mappings from scratch.

4.4. Iteration Analysis

GeoFusionLRM’s ability to condition on its own rendered depth
and normal maps enables iterative refinement of the generated ge-
ometry. To assess the effectiveness of this strategy, we evaluate per-
formance across varying numbers of refinement steps, where Itera-
tion 1 corresponds to a single forward pass without geometric con-
ditioning. As shown in Figure 4, both geometric and appearance
metrics (PSNR, SSIM, LPIPS) improve substantially after the first
refinement pass, while additional iterations yield diminishing re-
turns and quickly plateau. Considering the computational cost of
each pass (Sec. 5), we adopt a two iteration setting, one initial re-
construction followed by one geometry aware refinement, as the
optimal trade-off between quality and efficiency.

4.5. Computational Cost Analysis

As refinement requires additional passes, we evaluate the inference-
time computational cost of GeoFusionLRM in comparison to In-
stantMesh. Table 5 reports TFLOPs and single-object inference
time measured on an NVIDIA RTX 3090, where the same ob-
ject is reconstructed by both methods. While GeoFusionLRM im-
proves reconstruction quality through geometry-aware refinement,
this improvement comes with a higher computational cost. Specif-
ically, the refinement process introduces extra forward passes over
the base InstantMesh encoder, resulting in increased TFLOPs and
longer inference time. This highlights the trade-off between recon-
struction quality and computational efficiency for refinement-based
methods.

5. Conclusion

We have presented GeoFusionLRM, which aims to improve geo-
metric fidelity of large reconstruction models through a refinement
strategy. In particular, we introduce a geometric feature encoder
and fusion modules into a baseline LRM method (InstantMesh in
our experiments). Given an initial 3D reconstruction, these mod-
ules extract geometric features from the depth and normal maps
of the reconstruction that act as residual features and improve the
reconstruction. Our experiments show that this approach improves
upon the base LRM method, especially in terms of geometric fi-
delity. The gains in geometric fidelity are most evident on surfaces

Table 5: Computational cost and inference time comparison be-
tween InstantMesh and GeoFusionLRM.

Model TFLOPs ↓ Inference Time ↓

InstantMesh 3.878 0.989
Ours 8.687 3.854

exhibiting coherent shape deviations, such as flattened bumps, soft-
ened edges, and merged or missing holes, where geometric errors
persist consistently across a region.

Limitations. As discussed in Section 5, the proposed refine-
ment strategy increases inference-time computation due to addi-
tional forward passes. In terms of reconstruction quality, thin struc-
tures such as small branches and fine root segments remain a
challenging case for LRM-based models. Geometry-conditioned
self-refinement improves branching structures for the plant object
shown in Figure 5 compared to InstantMesh. The refinement effec-
tively fixes gaps and discontinuities observed in the InstantMesh
reconstruction along coarse root branches, resulting in improved
structural coherence and surface continuity. However, very fine
root branches remain missing in both the baseline and our result.
This limitation stems from the low-resolution triplane representa-
tion used by the InstantMesh backbone, which restricts the recov-
ery of extremely fine-scale geometric details. Overall, while the re-
finement step consistently improves branch coherence and corrects
large-scale structural errors, details below the effective resolution
of the underlying representation remain challenging for both meth-
ods.

InstantMeshInput Ours

Figure 5: Limitations on thin structure reconstruction. Our refine-
ment improves coarse branches by closing gaps (see zooms), but
very thin root segments remain missing due to the limited resolu-
tion of the InstantMesh triplane backbone.

Future work. Future research could extend our approach be-
yond local geometric cues like depth and normals. One promising
direction is to incorporate global geometric priors, including sym-
metry constraints or semantic structural consistency, directly into
the fusion module to further regularize the reconstruction.
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