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Abstract

Generating high-quality 3D content from text, sin-
gle images, or sparse view images remains a chal-
lenging task with broad applications. Existing
methods typically employ multi-view diffusion
models to synthesize multi-view images, followed
by a feed-forward process for 3D reconstruction.
However, these approaches are often constrained
by a small and fixed number of input views, limit-
ing their ability to capture diverse viewpoints and,
even worse, leading to suboptimal generation re-
sults if the synthesized views are of poor quality.
To address these limitations, we propose Flex3D,
a novel two-stage framework capable of lever-
aging an arbitrary number of high-quality input
views. The first stage consists of a candidate view
generation and curation pipeline. In the second
stage, the curated views are fed into a Flexible Re-
construction Model (FlexRM), built upon a trans-
former architecture that can effectively process an
arbitrary number of inputs. Through extensive ex-
ploration of design and training strategies, we op-
timize FlexRM to achieve superior performance
in both reconstruction and generation tasks. Our
results demonstrate that Flex3D achieves state-of-
the-art performance, with a user study winning
rate of over 92% in 3D generation tasks when
compared to several of the latest feed-forward 3D
generative models. See project page for more
immersive 3D results.

1. Introduction

Fast generation of high-quality 3D contents is becoming
increasingly important for video games development (Hao
etal., 2021; Sun et al., 2023), augmented, virtual, and mixed
reality (Li et al., 2022), robotics (Nasiriany et al., 2024)
and many other applications. Recent advances in computer
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vision and graphics (Mildenhall et al., 2021; Kerbl et al.,
2023) and deep learning (Dosovitskiy, 2020; Caron et al.,
2021; Oquab et al., 2023), combined with the availability
of large datasets of 3D objects (Deitke et al., 2023; 2024,
Yu et al., 2023; Chang et al., 2015), have made it possible
to learn neural networks that can generate 3D objects from
text, single images or a sparse set of views, and to do so
in an feed-forward manner, achieving significantly faster
speeds than distillation-based methods (Poole et al., 2022;
Qiu et al., 2024; Chen et al., 2023; Wang et al., 2023b).

A particularly successful family of 3D generators are the
ones based on sparse-views reconstruction (Xu et al., 2024c;
Siddiqui et al., 2024; Li et al., 2024b; Zhang et al., 2024c;
Tang et al., 2024a; Xu et al., 2024b; Xie et al., 2024a; Wang
etal., 2024c; Hunyuan3D, 2024). Compared to single-image
reconstructors, multi-view reconstruction models generally
produce better 3D assets. This advantage arises because the
multi-view images implicitly capture the object geometry
much better, substantially simplifying the reconstruction
problem. However, to generate a 3D object from text or
a single image, one must first synthesize several views of
the objects, for example by means of a multi-view diffusion
model. These multi-view diffusion models often generate
inaccurate and inconsistent views, which are difficult for the
reconstruction network to reconcile, and can thus affect the
overall quality of the final 3D output (Tang et al., 2024c).

This paper thus focuses on the problem of generating a high-
quality set of different views of an object, with the goal of
improving the quality of the final 3D object reconstruction.
We build on a simple observation: the quality of the 3D
reconstruction improves as the quality and quantity of the
input views increases (Han et al., 2024b). Hence, instead of
relying on a fixed, limited set of views generated by poten-
tially unreliable multi-view diffusion models, we suggest to
generate a pool of candidate views and then automatically
select the best ones to use for reconstruction.

Based on this idea, we introduce a new framework, Flex3D,
comprising a new multi-view generation strategy as well as
a new flexible feed-forward reconstruction model.

First, we propose a mechanism to generate a large and di-
verse set of views. We do this by training two diffusion
models, one that generates novel views at different azimuth
angles and the other at different elevation angles. The mod-
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Figure 1. Results produced by Flex3D. It generates high-quality 3D Gaussians from a single image, textual prompt, and performs 3D

reconstruction from an arbitrary number of input views.

els are designed to make the views as consistent as possible.
Second, we propose a view selection process that uses a gen-
eration quality classifier and a feature matching network to
measure the consistency of the different views. The result of
this selection is a good number of high-quality views, which
help to improve the quality of the final 3D reconstruction.

Differently from many prior works, then, we need to recon-
struct the 3D object from a variable number of views which
depends on what the selection process returns. Hence, we
require a reconstruction model that (1) can ingest a varying
numbers of input views and different viewing angles; (2)
is memory and speed efficiency to handle a large number
of input views; and (3) can output a full, high-quality 3D
reconstruction of the object, regardless of the number and
pose of input views.

To this end, we introduce Flexible Reconstruction Model
(FlexRM). FlexRM starts from the established Instant3D
architecture (Li et al., 2024b) and adds a stronger camera
conditioning mechanism to address the first requirement (1).
It also introduces a simple but effective way of combining
the Instant3D tri-plane representation with 3D Gaussian
Splatting, meeting requirements (2) and (3). Specifically,
FlexRM learns a Multi-Layer Perceptron (MLP) to decode

the tri-plane features into the parameters of 3D Gaussians
used to represent the object. We also simplify the process
of learning this MLP, thus leading to notable performance
improvements, by pre-training parts of it, where we ini-
tialize the color and opacity parts using an off-the-shelf
NeRF (Mildenhall et al., 2021) MLP. For the remaining
Gaussian parameters, we learn rotation and scale in a con-
ventional manner while learning position offsets which are
combined with the tri-plane feature sampling locations.

While our view selection pipeline identifies the best views
for reconstruction, it still does not eliminate all multi-view
inconsistencies. To mitigate the impact of the minor in-
accuracies that remain, FlexRM employs a novel training
strategy. Although our training dataset consists of perfectly
rendered images, we simulate imperfections in the input
views by leveraging the output of FlexRM itself. Specifi-
cally, we take FlexRM’s reconstructed 3D Gaussians, add
noise to them, and generate new noisy views of the object
based on these noisy Gaussians. Compared to directly ma-
nipulating the views, this approach allows us to inject more
expressive and representative types of noise, as shown in
fig. 3. The noisy views are then combined with clean ren-
dered views and fed as input to the 3D reconstructor, with
the goal of producing clean, noise-free representations of
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the 3D object. This approach enables the model to learfeed-forward models offer signi cant advantages in both
how to handle imperfect inputs. reconstruction quality and inference speed.

In summary, this paper makes the following key contribu-A representative series of work is LRM (Hong et al., 2024),
tions: (1) We introduce a novel pipeline that generates avhich learns to generate a tri-plane NeRF (Chan et al., 2022)
pool of 2D views of an object and only selects the optimalrepresentation using a transformer network. This approach
subset for 3D reconstruction. (2) We propose FlexRM, a 3Dcan receive multiple types of inputs, including single im-
reconstruction network that ef ciently processes an arbitraryages, text (Xu et al., 2024d), posed sparse-view images (Li
number of input views with varying viewpoints, enabling et al., 2024b), and unposed sparse-view images (Wang et al.,
high-quality feed-forward reconstruction from the selected2024a). Further works (Wei et al., 2024; Xu et al., 2024b;
views. (3) We introduce a novel training strategy to enhancé&Vang et al., 2024c; Boss et al., 2024) focused on improving
the robustness of the 3D reconstructor by simulating imthe geometric quality of generated 3D assets. Some (Zou
perfect input views. This improves FlexRM's resilience to et al., 2023) proposed to combine the tri-plane representa-

small noise in the input data that may remain. tion with 3D Gaussian Splatting for more ef cient rendering.
They suggest using an additional point cloud network to de-
2 Related work termine the 3D Gaussian position to overcome the tendency

of 3D Gaussian to get stuck in local optima.

2.1. Multi-view Generation Another representative series of work (Tang et al., 2024a;

Generating novel views from a single image or text with-Xu et al., 2024c; Zhang et al., 2024c) generates 3D Gaussian
out learning a 3D representation is a highly ill-posed andpoints directly through per-pixel alignedilker ray embed-
challenging task. With the development of image and videdading and predicts the depth for each pixel (Szymanowicz
diffusion models, this task has become easier to address, &t al., 2023a), which can then be converted to 3D Gaus-
solutions can be built upon these pre-trained models. sian locations. However, such approaches requires the input
views to cover a large visible range of the 3D object. Build-
ing an intermediate 3D feature representation to regress 3D
Gaussian points is also possible (Chen et al., 2024a; Zhang
LIet al., 2024b), but these methods still require sparse-view
et al., 2024b; Shi et al., 2023b; Tang et al., 2023; Liu et al.v?yages as Input and typically prefer_a xed numbe_r of views

] ) . : ith xed viewing angles. However, in 3D generation tasks
2023_b' Long et al., 202‘_‘" Wang & Shi, _2023’ Woo et al"\(vhere sparse input views are generated through a multi-view
2024; Yang et al,, 2024b; Ye etal., 2024; Zhao et al., 2(_)24diffusion model and are not always of high quality, such
Tang et al., 2024b) largely focused on generating multipl
views simultaneously to ensure 3D consistency.

Zerol123 (Liu et al., 2023a) rst proposed using multi-view
data to ne-tune an image diffusion model for generating
novel views from a single view, conditioned on camera
parameters. Following this approach, subsequent works (

Geconstructors tend to produce suboptimal results.

This paper introduces FlexRM that combines the strengths
of the approaches above. Our tri-plane-based model ef -
ciently generates high-quality 3D Gaussian points directly,

Kyriazi et al., 2024; Li et al., 2024a; Han et al., 2024a;_. : o
! ’ ’ ’ ’ 'without needing additional modules. It also accommodates
Gao et al., 2024, Zuo et al., 2024; Yang et al., 2024a) hav% variable num%er of input views

adopted them to improve multi-view generation. However,
none of these models can reliably generate a large number af
perfectly consistent views. Furthermore, even with camera”
conditioning, models like SV3D (Voleti et al., 2024) perform Methods such as Ouroboros3D (Wen et al., 2024),
poorly when the speci ed elevation angle deviates from zeroCarve3D (Xie et al., 2024b), Cycle3D (Tang et al., 2024c),
This justify our approach of selecting the best views from aand IM-3D (Melas-Kyriazi et al., 2024) stem from similar
pool of generated views. motivations to our work, and they share a key idea: the feed-
back mechanism. While useful, these methods often require
2.2. Feed-forward 3D Reconstruction and Generation new supervision signals and learnable parameters to imple-

. . . ment this feedback, potentially creating complex, mono-
Recent advances in 3D reconstruction and generation ha b y 9 b

f d on training feed-f d models that directl ¢ fthic pipelines that are dif cult to decompose into reusable
ety O componertsfor e designs. I convast, FexaD's com
. . ‘ponents are more easily generalized. Another key difference
tion (Yu et al., 2021; Erkget al., 2023; Szymanowicz et al., P yg y

. is Flex3D's focus on the input to the reconstructor. This
2023b; Ren et al., 2023; Lorraine et al., 2023; Xu et al. . . X .
2024 Tochilkin et al., 2024; Zhang et al., 2024a; Jian adds negligible computational cost and avoids the signi cant

i L dditional time required for multi-step re nement, preserv-
etal., 2024; Han etal., 2024a; Siddiqui etal., 2024). Thes?ng the speed advantage often associated with feed-forward

With the availability of powerful video diffusion models,
recent works (Kwak et al., 2023; Voleti et al., 2024; Melas-

3. Mitigating multi-view inconsistency with feedback.
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Figure 2.Flex3D comprises two stages: (1) candidate view generation and selection, and (2) 3D reconstruction using FlexRM. In the rst
stage, an input image or textual prompt drives the generation of a diverse set of candidate views through ne-tuned multi-view and video
diffusion models. These views are subsequently Itered based on quality and consistency using a view selection mechanism. The second
stage leverages the selected high-quality views, feeding them to FlexRM which reconstruct the 3D object using a tri-plane representation
decoded into 3D Gaussians.

models. Additionally, the feedback mechanism is orthogoview at & elevation, which usually results in representative
nal to our work and could be further combined. views for the subsequent reconstruction process.

View selection. As the two multi-view diffusion models
3. Method are focused on different aspects (elevation and azimuth) of

We illustrate our method in g. 2. We begin by presenting novel view generation, there are minimal con icts in the

. . ) enerated views between them. Even so, and despite ef-
our approach for generating a pool of candidate views ana

the subsequent selection process in section 3.1. We the%rtS to improve the quality of the outputs, not all generated

. . . . . views are entirel nsistent. rtain view. rticularl
describe the design of the FlexRM in section 3.2. Finally, ews are entirely cons stent C.e ta ews, part cutarly
) - . : those from challenging angles like the back, may exhibit
we outline our training strategy that simulates imperfect : g . : .
. : : . suboptimal generation quality, and there can be inconsis-
input views in section 3.3. . : : .
tencies between different generated views. Including such
awed views as input for 3D reconstruction can signi cantly

degrade the quality. Therefore, we introduce a mechanism

Here we describe how a pool of candidate views is generatet® ltering poor-quality views. This is done via a novel view
from a single image or text and then Itered for quality and Selection pipeline which consists of two steps:

consistency before performing 3D reconstruction. (1) Back View Quality Assessmeite employ a multi-view

Multi-view generation at varying elevations. Our  Video quality classi er trained to assess the overall quality
image/text-to-multi-view-images generator module generof generated videos, with particular emphasis on the quality
ates four views of the 3D object from four elevation degrees0f the back view. This classi er utilized DINO (Oquab et al.,
(-1&, 6°, 18, and 30) We utilize the Emu model (Dai et al., 2023) to extract features from the front view and back view
2023), which is pre-trained on a massive dataset of billion®f the multi-view video, and subsequently trained a Support
of text-image pairs, as our base model. Following priorvVector Machine (SVM) to classify video quality based on
works (Shi et al., 2023b; Li et al., 2024b; Siddiqui et al.,the combined DINO features. The training data consisted
2024), we ne-tune this model on approximately 130,0000f 2000 manually labeled “good” and “bad” Emu-generated
rendered multi-view images. This ne-tuning process envideo samples. We apply the quality classi er to the multi-
ables the model to predict az22 gr|d of four consistent view video to determine whether the back view exhibits

images, each corresponding to one elevation angle. reasonable generation quality.

Multi-view generation at varying azimuths. After gen-  (2) Multi-View Consistency Veri cationlf the back view
erating four views at varying elevations, we employ a ne-guality is deemed acceptable, we designate both the back
tuned Emu video model (Girdhar et al., 2023; Melas-Kyriaziand front views as initial query views. The front view typ-
etal., 2024; Han et al., 2024a) to generate a video with 1écally possesses the highest visual quality, as it is directly
views spanning a full 360azimuth range. This model is based on the input provided to the ne-tuned EMU video
ne-tuned on a dataset encompassing a wide spectrum dfiffusion model. Conversely, if the back view quality is
elevation angles, enabling it to generate consistent, highhadequate, only the front view serves as the initial query
quality views from diverse inputs with varying elevations.view. We utilize the Ef cient LoFTR (Wang et al., 2024b)
We generate the multi-view videos Starting from the inputto match features between all 20 generated views and the

3.1. Candidate View Generation and Selection
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selected query views. Views with matching point countscause 3DGS is notoriously sensitive to the initial Gaussian
exceeding the mean minus 60% of the standard deviatioparameters, we carefully initialize both the MLP predictor

are added to the selected results. This step effectively gathnd the tri-plane transformer network with an off-the-shelf

ers high-quality side views and views at different poses thatri-plane NeRF network.

demonstrate strong consistency with the initial query views, tri-plane is a compact representation of a volumetric func-

Candidate view generation typically takes about a minute otion[ 1;1]*! RY mapping pointg 2 [ 1; 1] to feature

a single H100 GPU, and the whole process of view selectiowectorsf (p) 2 RY. Starting from an initial positiomg,

can be done in less than a second with a single A100 GPWhe model rst reads off the corresponding tri-plane feature
f (po), and then feeds the latter into an MLP to predict the

3.2. Flexible Reconstruction Model (FlexRM) parameters of a corresponding 3D Gaussian, namely, its

position, color, opacity, rotation, and scaling. To obtain a

mixture of such Gaussians, we simply start from a set of

initial positionspy and apply the MLP at each location. We

use a 100 100 100 grid to sample the initial positions,

resulting in the prediction of 1 million Gaussians.

As outlined in the introduction, FlexRM aims to ful Il the
following requirements: (1) adaptability to varying numbers
of input views and their corresponding viewing angles, (2)
memory and speed ef ciency, and (3) the ability to infer a
full 3D reconstruction of the object independently of how
many and which views are available. We follow a minimalist The position of the 3D Gaussian is expressecbas
design philosophy and strive to minimize modi cationsto Po+(1 ) p= po+(1 ) MLP(f (po)) where
Instant3D, enabling easy reuse of weights from architecturesp is a a positional offset output by the MLP and-= 3=4.

like Instant3D, and simplifying implementation. These positional offsetg are constrained to the range of
[ 1;1]through the application of the tanh activation func-

Stronger camera conditioning. Handling varying num- o This approach, akin to residual learning, facilitates the

bers of input views with viewing angles necessitates progptimization process. The multipliers ensure thaemains
viding camera information to the network. In Instant3D

: i e LR =L 'within the same range @, which prevents Gaussian points
each view's camera information, including its extrinsic and ¢y, moving beyond the visible boundaries, which would
intrinsic parameters, is represented as a 20-dimensionglg it in their projection falling outside the 2D image plane

vector. This vector is then passe.d thfo!lgh a camera embegs 4 consequently providing no gradients for optimization.
der to produce usually a 1024-dimensional camera featurgyrthermore, since< 1, this expression biases Gaussians

which is subsequently injected into the DINO (Oquab et al.¢, ghift towards the center of the tri-plane grid, where the
2023) image encoder network (responsible for extracting)bjeCt is usually located.

image features for each view) using an AdalN (Huang &

Belongie, 2017) block. The image encoder's nal output The color and opacity of the Gaussian are output by the
comprises a set of pose-aware image tokens, which has 103&me MLP that, in Instant3D, outputs the color and opacity
768-dimensional tokens for every 51812 resolution input ~ Of their NeRF representation. These two parameters need

view. These per-view tokens are concatenated to form thBO conversion as color and opacity in NeRF and 3DGS are
feature descriptors for input views. similar in functionality. Finally, the part of the MLP that

o predicts the Gaussian rotation and scaling parameters are
Our aim is to ensure that the DINO-extracted tokens ar@,nad from scratch.

not only camera-aware, but also explicitly incorporate learn-

able camera information into the nal feature descriptorsData. Our training dataset comprises multi-view dense ren-
To achieve this, we set the output dimension of the canflers from an internal dataset analogous to Objaverse. Specif-
era embedder to 768, enabling it to match the dimensioffally, for each object, we render 51312 resolution im-

of the pose-aware image tokens and be appended to thefgesS from 256 viewpoints, uniformly distributed across 16
resulting in 1025 (1024 image tokens + 1 camera token) 768zimuth and 16 elevation angles. This process yields approx-
dimensional tokens overall. This simple way of attachingimately 700,000 rendered objects, with 140,000 classi ed
explicit camera information enhances the network's camas high-quality. Furthermore, we leverage the Emu-video
era awareness, strengthening its performance in complegynthetic dataset (Han et al., 2024a), which consists of 2.7
scenarios where a large number of input views is pro\/ided_'ni”ion synthetic multi-view videos. Each video comprises

o ) ) . 16 frames capturing a 360-degree azimuth range.
Bridging tri-planes and 3D Gaussian Splatting. For ren-

dering Speed and memory ef Ciency’ we Opt to use 3DTWO-Stage training. Initially, we pre-train FlexRM using
Gaussian Splatting (3DGS) (Kerbl et al., 2023) to represen@t NeRF MLP architecture. This stage employs the Emu-
the 3D object. However, Instant3D uses a tri-plane NeRvideo synthetic data, where we randomly select 1 to 16
representation instead. To bridge these two, we predict a séiput images (256 256 resolution) and render 4 views
of 3D Gaussian from the tri-plane features via an MLP. BeWith xed rendering resolution of 256 256 and patch
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set. This replacement probability is based on the observa-
tion that multi-view diffusion-generated images typically
exhibit inconsistencies and imperfections non-uniformly.
Additionally, this approach encourages the reconstructor to
focus more on high-quality input views. (3) Finally, we
re-run FlexRM with gradients enabled, using the new input
set as inputs and supervising it with novel view rendering
losses, while utilizing perfectly rendered views as ground
Figure 3.Imperfect Input View Simulation Examples. We simu-  truth. This ne-tuning process enables FlexRM to learn to

late different kinds of imperfect input views by feeding FlexRM's tolerate minor imperfections in input views and still produce
output back as input and manipulating 3D Gaussian parametershigh-quanty 3D reconstructions.

While FlexRM's outputs naturally contain small imperfec-
resolution of 128 128 for supervision (L2, LPIPS (Zhang tions, we also introduce random perturbations to FlexRM's
et al., 2018), and opacity). The pre-training phase aims tgenerated 3D Gaussian points during step (1) to simulate
provide a good initialization for the subsequent GS MLP@& wider range of imperfect inputs and promote greater di-

training and is conducted for 10 epochs, requiring 2 days oiYersity. We sample a randomly sized small cube from the
64 A100 GPUs. large tri-plane cube and add noise with varying intensities

o N to the 3D Gaussian parameters, excluding rotation. For ex-
For the second GS training stage, we utilize the 700,00Qypje, adding noise to positions can simulate part-level 3D

dense renders. A random number (between 1 and 32) Gficonsistencies, while adding noise to color parameters can
inputimages (512512 resolution) are fed into FlexRM, and  gimyjate color distortions. Adding noise to opacity results
we render 4 novel views (512512 resolution) to compute iy 5 speckled or streaky appearance, while adding noise to
losses. Given that our dense renders encompass images Withye |eads to a blurring effect. Figure 3 illustrates these
diverse elevation angles, we implement weighted samplingtects. During training, each effect is randomly used with a

for both input and rendered images. This assigns highegropanbility of 0.2. This combines them for greater diversity.
selection probabilities to images with elevation angles closep|aase check Appendix B for more details.

to zero. The training process spans 20 epochs and takes 4

days on 128 A100 GPUs. .
Y 4. Experiments

FlexRM generates 1M 3DGS points in under 0.5 second and _ _
renders in real time with a single AL00 GPU. Increasing the/Ve evaluate Flex3D on the 3D generation (section 4.1) and
number of input images has only slight impact on speed angD reconstruction (section 4.2) tasks, comparing it to state-

memory usage. of-the-art methods and ablating various design choices (sec-
tion 4.3).

More details on implementation and training of FlexRM are )

presented in the Appendix B. 4.1. 3D Generation

3.3. Imperfect input view simulation Method |CLIP text sint VideoCLIP text sin Flex3D win rate

Even after input view selection, these views may still con- OpenLRM 0.243 0.229 100 %

L . o VFusion3D|  0.265 0.238 95.0 %
tain minor imperfections. To enhance FlexRM's suitability | tLGIt\,<I/I 8.%%5 8'%8 gg.g g;o
for generation tasks, we require it to be robust to such im- NSER / es 0.268 0.253 92258/8
perfections while maintaining high-quality 3D outputs. We 35{\'03p'?£fx|_ 8;%%?1 8;%%‘1‘ 8?;8 of?,

0.277 0.255 -

achieve this robustness by simulating imperfect inputs dur- __Flex3D
ing a ne-tuning stage.

Table 1.Comparisons on 3D Generation TaskFlex3D achieves
This necessitates simulating a wide variety of imperfectionghe highest scores for both CLIP text similarity and VideoCLIP
ef ciently. Simply adding noise in image space makes it text similarity, exhibiting better performance in text alignment. For
dif cult to simulate imperfections arising from geometric 9eneration quality, we conduct a user study to assess it, and the
distortions. Instead, we propose a three-step process: (\i/lnnlng rate of FIe_x3D is always greater than 92%, demonstrating
First, we perform inference using FlexRM with a small ran-®> Strong generation performance.

dom number of rendered images (between 1 and 8) as inputs

to generate another random number of images (betweenWe leverage 404 deduplicated prompts from DreamFu-
and 32) for subsequent use as inputs. (2) Next, we use thes#n (Poole et al., 2022) to conduct an experiment on text-to-
generated images to replace the rendered images at the safi@ or single-image-to-3D generation. We compare Flex3D
viewing angles with a 50% probability, forming a new input to a few recent feed-forward 3D generation methods in-

6



Flex3D: Feed-Forward 3D Generation with Flexible Reconstruction Model and Input View Curation

Figure 4.Qualitative Results of Text-to-3D Generation Flex3D demonstrates higher generation quality with strong 3D consistency,
outperforming all other methods.

cluding OpenLRM (He & Wang, 2023; Hong et al., 2024), results are presented in table 1, where Flex3D outperforms
VFusion3D (Han et al., 2024a), LGM (Tang et al., 2024a) all baselines, showing high alignment in text prompt and
InstantMesh (Xu et al., 2024b), and GRM (Xu et al., 2024c)generated content.
We also compare Flex3D with two recent direct 3D gener-, :
) e . To further evaluate the overall quality of the generated con-
ation @ffusmn) methods: LN3DIiff (Lan etal., 202.4) ar_1d tent, we conducted a user stcl]de. yParticipgants were pre-
3DT9p|a—XL (Chenl et aI.,_ 2924b).' qu GRM, we utilize its sented with pairs of 360rendered videos—one generated
provided Instant3D's multi-view diffusion model to generate by Flex3D and one by a baseline model—and asked to select
;ﬁzu;er?:&ﬁ't'\gs\r’gngis(’sir:degrl Inzsézgtx%me\’;’ig?ﬁl?ﬁtheir preferred video. We randomly selected 40 prompts for
S . . e PUlevaluation. The corresponding 40 pairs of generated videos
multi-view image conversion. For direct 3D diffusion meth-

T . . .~ were then independently evaluated by ve users, with each
ods, we use their single-image-to-3D generation pipeline. . . .
user assessing all 40 pairs. For each pair, we collect ve

We present qualitative results in g. 4. Our model demon-esults, and the majority preference was recorded as a win
strates strong generation capabilities with good global 3Date for Flex3D. Results are also shown in table 1, where
consistency and detailed high-quality textures. Quantitativea signi cant number of votes goes to our method for its
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high quality, regardless of the baselines used for compar#.3. Ablation study and analysis

son. This shows that our method clearly generates better SID—IexRM in 3D Reconstruction. We rst ablate various

assets.
design choices of FlexRM using 3D reconstruction metrics,

including: (1) not using the stronger camera conditioning,
(2) directly predicting positions ( = 1), (3) not using

We utilize the Google Scanned Objects (GSO)positional offsets ( = 0), and (4) not using two-stage
dataset (Downs et al., 2022) for evaluation. Fromtraining. All experiments here are conducted on a weaker
this dataset, we use 947 objects excluding some shoes thegrsion of FlexRM, trained with 140,000 data points and
are so similar to be redundant. Each object is rendered &@r 20 epochs only in stage 2. We use the same evaluation
512 512 resolution from 64 different viewpoints, which setting as in section 4.2.

are generated using four elevation settings: °-300°,
30°, and 48. The azimuth angles are uniformly sampled
between 0° and 360°.

4.2. 3D Reconstruction

Results are shown in table 3, where we report the averaged
results across four different settings: 1, 4, 8, and 16 input
views. Overall, removing each component leads to a per-
formance drop. Notably, directly predicting positions and

Method _Input views PSNRSSIM" LPIPS# CLIP image siti CD# NC* removing positional offsets result in signi cant performance
OpenLRM 1 15.83 0.821 0.209 0.602 - - is highli i
VEisonsd 1 1810 087 0158 0985 T decreases. ThIS h|g_h_||ghts the_lmporta_nce of accurately mod-
A ____ZILZL ks 002 DL C— eling Gaussian positions for high-quality reconstruction. In-
'“:é‘PJP{'X'JSh 214 2';}, 503,38%88?:_’98 (1?0%33 9 88(;65,309 112'31%%7%2'%%41 terestingly, removing stronger camera conditioning has a
o : e relatively smaller impact on performance. This is because
FloxRM i 2281 9830 8922 0339 1183088 the advantages of stronger camera conditioning become
FlexRM 24 2665 0905 0.067 0.915 1.1750.886 9 g . 9 .
FlexRM 32 26.77_0.907 0.066 0.919 11690888 more pronounced when a larger number of input views with

varying camera poses are used. To validate this, we also test

Table 2 Reconstruction Performance on the GSO Dataset. g 35 e\ input experiment, where incorporating stronger
FlexRM consistently outperforms other baselines, where it

achieves the best results across different mput view settings. CBamera conditioning improved PSNR by over 0.3 dB.
(Chamfer Distance) values are multiplied b§ 2, and NC de-

notes Normal Correctness. Increasing the number of input views Ablation PSNR SSIM" LPIPS# CLIP image sit
for FlexRM leads to improved reconstruction quality. No stronger camera cond 24.31 0.871 0.092 0.865
Directly predict positions 23.41 0.840 0.096 0.831
No positional offsets  22.19 0.798 0.102 0.789
No two-stage training 23.38 0.838 0.098 0.827
In table 2 we report the performance of FlexRM on the Full model 24.35 0.873 0.090 0.868

G.'SO reconstruction task, using varying numbers of Inputl_ ble 3.Ablation Study of FlexRM. We evaluate the impact of
views, namely 1, 4, 8, and 16. We compare our results t(?emovmg individual components of our proposed method.
several baseline methods, including single-view reconstruc-

tion models (LRM (He & Wang, 2023), VFusion3D (Han

et al., 2024a)) and sparse-view reconstruction models (In-
stantMesh (Xu et al., 2024b), GRM (Xu et al., 2024c)). For
the single-view setting, we use the input view ag2imuth

and 10 elevation as input. For the 4-view setting, we use

FIex3D in 3D Generation. Here we study the candidate
view generation and selection pipeline, utilizing a fully
trained FlexRM, ne-tuned with simulated imperfect data,
as the reconstructor. The evaluation protocol follows that

views at 0, 90°, 27C°, and 360 azimuth degrees, all at outlined in section 4.2. We conduct ablation experiments

10° elevation. For other numbers of views, we heuristl-by removing: (1) multi-view generation at varying eleva-
tions, (2) consistency veri cation (resulting in random view

cally select more views as input. The remaining views are
Selection), and (3) back view generation quality assessment.
used to compute the reported novel-view synthesis quality.

The CD (Chamfer Distance) and NC (Normal Correctnessyable 4 summarizes the results, demonstrating that the re-
calculation protocol follows that of (Siddiqui et al., 2024). moval of any of these components leads to a decrease in
- : . both CLIP (Radford et al., 2021) and VideoCLIP (Wang
Overall, FlexRM signi cantly outperforms baselines in both et al., 2023a) text similarity scores. This shows the con-

1-view and 4-view settings. This improvement s particu- tribution of each component in achieving high-quality 3D
larly evident in the LPIPS score, a key metric re ecting generatlon

perceptual quality, which demonstrates substantial gains.
Beyond xed input views, FlexRM is also capable of han-Figure 5 demonstrates the impact of view selection on the
dling an arbitrary number of input views. We present re-quality of generated 3D assets. When view selection is not
sults for more view results, both exhibiting progressivelyused, some of the generated input views in stage 1 may
stronger performance. Qualitative results are shown in thée less desirable. The blue circles highlight regions where
Appendix D. de ciencies in the input result in poor generation quality.
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However, by incorporating view selection, the model is able
to select the most high-quality and consistent views as input,
generally resulting in improved 3D asset generation.

Imperfect Data Simulation. We analyze our imperfect
data simulation strategy using both reconstruction and gen-
eration metrics. Evaluation settings mirror those used in
the ablation study. As shown in table 5, incorporating im-
perfect data simulation yields improvements across both
generative and reconstruction tasks. In contrast, simpler
augmentation techniques like adding Gaussian or Salt-and-
pepper noise with different intensities are found to degrade
reconstruction performance. This suggests that our strategy
effectively exposes the model to a wider range of data vari-
ations, enhancing its overall performance and robustness.

Ablation |CLIP text simf' VideoCLIP text sifi [PSNR' SSIM" LPIPS#

No simulatio 0.271 0.250 24.87 0.888 0.086
Full model 0.277 0.255 24,90 0.889 0.084

Table 5.Ablation Study on Imperfect Data Simulation. Lever-
aging imperfect data simulation strategy leads to a reasonable
performance improvement in generative tasks and a marginal im-
provement in reconstruction tasks.

5. Limitations

While our method can generate high-quality 3D Gaussians,
the inherent problems associated with 3DGS are also present.
For example, extracting clean meshes is not straightforward
and usually requires multi-step post-processing. This issue
can likely be mitigated in the near future given the fast de-
velopment of Gaussians, either through new representations
of Gaussians (Huang et al., 2024; Dai et al., 2024) or better

Figure 5.Generation Results With and Without View Selection ~ Ways to convert them to meshes (Wolf et al., 2024). Though
The top four rows show 3D generation results for a colorful rain-our paper focuses on 3D object generation, another poten-
bow sh. The rst row shows the 3D assets generated by Flex3Dtial limitation is that the tri-plane representation is usually
(displayed as rendered views) without our selection pipeline. Thdimited by resolution size and cannot be easily used for large
blue circles highlight regions exhibiting generation failures. Thescene generation.

second row presents the generated views after applying view se-

lection. The third and fourth rows show the sampled input views, .

where a green checkmark indicates that our method selected tf@- Conclusion

view, and a red cross indicates that the view was rejected. Th

bottom four rows show the same process for a different object. ?hls paper introduces Flex3D, a novel feed-forward 3D gen-

eration pipeline that produces high-quality 3D Gaussian rep-

Ablation |CLIP text sint VideoCLIP text sin resentations from text or single-image inputs. We propose a
No generation at varying elevatiqns 0.273 0.251 series of approaches to overcome the limitations of previous
0 consistency veri cation 0.269 0.248 - iani i i -
NO back view qualty assessmejﬁ 0593 0539 Fwo stage .methods, signi cantly improving nal 3D qual
Full model 0.277 0.255 ity. Extensive evaluations on benchmark tasks demonstrate

that Flex3D achieves state-of-the-art performance in both
Table 4.Ablation study on Candidate View Generation and 3D reconstruction and generation. These results highlight
Selection We show the results of ablating different componentsthe effectiveness of our approach in addressing the chal-
of our proposed candidate view generation and selection pipelinelenges of feed-forward 3D generation, paving the way for
more robust, versatile, and accessible 3D content creation
work ows for a multitude of applications.
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A. Implications for future research

Feed-forward Two-stage 3D generation.The key insight is that we introduced a series of methods to handle imperfect
multi-view synthesis results in the common two-stage 3D generation pipeline. Our whole Flex3D pipeline introduces little
computational cost but yields signi cant performance and robustness gains, and it could serve as a common design pipeline
for future research in 3D generation. Additionally, all individual components proposed in this work can be easily adopted by
future research in 3D generation to improve performance. Similarly, design ideas analogous to the Flex3D pipeline could be
readily adopted for large 3D scene generation.

Feed-forward Two-stage 4D generation.Moreover, our work could be bene cial for 4D generation, which is an even
more challenging task that faces similar limitations to two-stage 3D generation pipelines. Our pipeline could be directly
extended to handle 4D object generation tasks. One could rst generate 64 views (16 time dimensionsti-views)

by ne-tuning video-based diffusion models, then slightly modify the view selection pipeline to keep only those views
consistent across multiple views and time dimensions. Then, extend FlexRM from a tri-plane to a hex-plane or additionally
learn time offsets to enable 4D representation. This should yield a strong method for 4D asset generation.

Generative 3D/4D reconstruction. Methods like Im-3D, Cat3D, and Cat4D rely on multi-view diffusion models to
synthesize a large number of possible views, which are then used to t a 3D/4D representation. Our work could inspire
advancements in this area in two key ways:

View Selection: Our view selection pipeline could directly enhance these methods by Itering out inconsistent synthesized
views before tting a 3D representation, potentially leading to performance improvements. This approach can also be
naturally extended to handle synthesized 4D views.

Ef ciency: Fitting a 3D representation from scratch is time-consuming. The FlexRM reconstruction model we developed
can process up to 32 views and has the potential to scale further. Synthesized views could rst be processed through this
model, which operates in under a second, to generate a strong initial 3D representation. This approach has the potential to
dramatically reduce the time required for tting a 3D representation—from the usual half an hour to under a minute. This
idea could also be extended to 4D, as adapting the current 3D reconstruction pipeline to 4D is straightforward.

Leveraging 3D understanding for generation. Keypoint matching techniques are used in this work to effectively mitigate
multi-view inconsistencies. We hope this will also inspire the 3D generation community to incorporate advanced techniques
from the rapidly evolving eld of 3D understanding. Recent advances in deep learning have led to signi cant developments

in matching, tracking, deep structure from motion, and scene reconstruction. These advancements offer the 3D generation
community useful tools (such as pose estimation and keypoint matching), pseudo-supervisionaigpaisydo-depth
supervision), and new model design ideas.

B. Implementation details

Training details. Our FlexRM is trained in a two-stage manner. In stage 1, we train it with 64 NVIDIA A100 (80GB)
GPUs and use a total batch size of 512, where each batch consists of 4 multi-view images at a patch resb28ioriaB

for supervision. The input images have a resolution of 2586, and the number of input images varies from 1 to 16. The
model is trained for 10 epochs with an initial learning rate of 20 4, following a cosine annealing schedule. Training
begins with a warm-up phase of 3000 iterations, and we use the AdamW optimizer (Loshchilov & Hutter, 2017). We apply
gradient clipping at 1.0 and a weight decay of 0.05, applied only to weights that are not biases or part of normalization
layers. Both training and inference are performed using B oatl16 precision. The optimization target is a combination of
three different losses: L2, LPIPS, and opacity, with corresponding coef cients of 1, 2, and 1, respectively.

Stage 2 utilizes 128 NVIDIA A100 (80GB) GPUs. We increase the input image resolution to 512 and the maximum
number of input images to 32. We maintain a total batch size of 512, with each batch consisting of 4 multi-view images at a
resolution of 512 512 for supervision. The model is trained for 25 epochs. All other training settings including total batch
size are identical to Stage 1.

For further ne-tuning using simulated imperfect input views as input, we follow the setting in Stage 2 but only train it with
32 NVIDIA A100 (80GB) GPUs for 3 epochs. We use a total batch size of 128 and an initial learning rateld 2.

3D Gaussian parameterization. For predicted 3DGS parameters with 14 dimensions, we provide implementation details
on converting them into position offset, color, opacity, scale, and rotation. We follow the setting used in GS-LRM (Zhang

14



Flex3D: Feed-Forward 3D Generation with Flexible Reconstruction Model and Input View Curation

Figure 6.View Selection Visualizations We show some generated candidate views for each object. A green check mark indicates that
our method selected the view, while a red cross indicates that the view was rejected. As the visualization demonstrates, our method
can effectively Iter out views that exhibit poor quality or inconsistent results, such as those with artifacts, truncations, or awkward
perspectives. This allows us to focus on reconstruction from high-quality viewpoints, leading to improved overall results.

et al., 2024c) for opacity, scale, and rotation.

Position offset; We activate the predicted offset using a tanh function and apply a scaling factor of 0.25. This scaled offset is
then added to the initial positions to obtain the nal 3DGS positions.
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