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Abstract

Multi-view diffusion models, obtained by applying Su-
pervised Finetuning (SFT) to text-to-image diffusion mod-
els, have driven recent breakthroughs in text-to-3D re-
search. However, due to the limited size and quality of ex-
isting 3D datasets, they still suffer from multi-view incon-
sistencies and Neural Radiance Field (NeRF) reconstruc-
tion artifacts. We argue that multi-view diffusion models
can benefit from further Reinforcement Learning Finetun-
ing (RLFT), which allows models to learn from the data
generated by themselves and improve beyond their dataset
limitations during SFT. To this end, we introduce Carve3D,
an improved RLFT algorithm coupled with a novel Multi-
view Reconstruction Consistency (MRC) metric, to enhance
the consistency of multi-view diffusion models. To mea-
sure the MRC metric on a set of multi-view images, we
compare them with their corresponding NeRF renderings
at the same camera viewpoints. The resulting model, which
we denote as Carve3DM, demonstrates superior multi-view
consistency and NeRF reconstruction quality than exist-
ing models. Our results suggest that pairing SFT with
Carve3D’s RLFT is essential for developing multi-view-
consistent diffusion models, mirroring the standard Large
Language Model (LLM) alignment pipeline. Our code,
training and testing data, and video results are available
at: https://desaixie.github.io/carve—-3d.

1. Introduction

Recently, significant progress has been made in generat-
ing 3D models from text prompts. Images generated by 2D
diffusion models [9, 40, 42, 49, 52, 56] can be lifted to 3D
representations. Numerous methods [24, 28, 46, 59] have
demonstrated that a set of multi-view images is adequate
for generating diverse and detailed 3D models, effectively
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mitigating the multi-face (Janus) problem. Ensuring the 3D
consistency across these multi-view images is crucial for 3D
generation, as inconsistencies can inevitably introduce arti-
facts, such as broken geometries, blurring, or floaters, in the
Neural Radiance Field (NeRF) reconstruction. However,
the lack of an established multi-view consistency metric has
led researchers to rely on qualitative inspections, which are
both inefficient and unreliable.

Existing multi-view diffusion models [24, 27, 28, 46, 59]
primarily utilize Supervised Finetuning (SFT) with multi-
view datasets derived from 3D datasets [12, 13]. While
SFT can achieve some degree of multi-view consistency, it
presents a dilemma: prolonged SFT enhances this consis-
tency but also induces a distribution shift towards the 3D
dataset that has limited size and quality; thus, the distribu-
tion shift diminishes diversity, texture details, and realism of
the generated results [24]. Such dilemma has been observed
in Large Language Model (LLM) research. While SFT can
shift the output distribution of pre-trained LLMs to follow
instructions, the bias from the instruction dataset also intro-
duces hallucination [44], preventing longer SFT. Instruct-
GPT [36], the paper behind ChatGPT 3.5 [35], introduces
Reinforcement Learning finetuning (RLFT) to further align
the SFT model without causing additional distribution shift.
Drawing an analogy between instruction-finetuned LLMs
and multi-view diffusion models, RLFT emerges as an es-
sential step following the SFT stage. By adopting RLFT,
we aim to enhance the consistency of multi-view diffusion
models without introducing the bias from a SFT dataset.

We introduce Carve3D, an enhanced RLFT algorithm
paired with a novel Multi-view Reconstruction Consistency
(MRC) metric, to improve the consistency of multi-view
diffusion models. Figs. 1 and 2 shows the capability and
overview of Carve3D.

Our MRC metric compares the output multi-view images
from a diffusion model with images rendered from the re-
constructed NeRF at identical camera viewpoints. We use
the sparse-view Large Reconstruction Model (LRM) [17,
24] to achieve fast, feed-forward NeRF reconstruction from

6369



Mv1

b oo

TP1 a teddy bear pushing a shopping cart full of fruits and vegetables

RM1

MV2

. . a
e Q) 3 O o
E«‘“ %2 ?9 ¥4

P2 a ceramic upside down yellow octopus
holding a blue green ceramic cup

MV3

TP3

»

RM3

Epoch 0 Epoch 28 Epoch 55

Figure 1. Our Carve3D algorithm steadily improves the 3D con-
sistency of a multi-view diffusion model and the resulting quality
of the NeRF and the mesh, without sacrificing its image-prompt
alignment, texture details, or realism. Here, we show 3 testing-
set results (in 3 rows, numbered as 1-3, separated by dotted lines)
from the finetuning process (epoch 0, 28, and 55 in 3 columns).
Each row includes the generated multi-view images (denoted as
MV), the reconstructed NeRF and extracted mesh (denoted as RM)
and the text prompt (denoted as TP). The inconsistencies in the
multi-view images, e.g. the facing direction of the shopping cart,
the position of the octopus arms, and the position of the pencils,
lead to artifacts in the NeRF and the mesh (highlighted in red).

a few multi-view images. To quantify image similarity, we
adopt LPIPS [57] as it is more effective and robust for MRC.
We further normalize LPIPS with respect to the bounding
boxes of foreground objects to prevent trivial reward hack-
ing through size reduction of the foreground object. To val-
idate the reliability of MRC, we conduct extensive experi-

ments with controlled inconsistency levels; starting from a
set of perfectly consistent multi-view images rendered from
a 3D asset [12], we manually introduce distortion to one of
the views to create inconsistency. Our MRC metric provides
robust evaluation of consistency of multi-view images, of-
fers a valuable tool for assessing current multi-view gener-
ation methods and guiding future developments in the field.

With MRC, we employ RLFT for multi-view diffusion
models. In the RLFT process, we use a set of curated, cre-
ative text prompts to repeatedly generate diverse multi-view
images with random initial noises and use their MRC re-
ward to update the diffusion model (Fig. 2). Such diversity-
and quality-preserving finetuning cannot be achieved with
SFT, as it is infeasibly expensive to create a dataset of di-
verse ground-truth multi-view images for these prompts.
We make the following improvements to the RLFT algo-
rithm [5]. In addressing the common training instability is-
sue in RL, we opt for a purely on-policy policy gradient al-
gorithm [54], diverging from the widely adopted, partially
on-policy PPO [45] algorithm. We incorporate KL diver-
gence regularization [15, 36] to maintain proximity to the
base model and prevent distribution shift. Moreover, we
scale up the amount of compute to achieve optimal rewards
by applying the scaling laws for diffusion model RLFT,
identified from extensive experiments — a topic that has not
yet been extensively covered in existing studies [5, 15].

By adopting our Carve3D RLFT algorithm on
Instant3D-10K [24], a multi-view diffusion model su-
pervised finetuned from SDXL [39], we obtain the
Carve3D Model (Carve3DM). Through quantitative, qual-
itative experiments and a user study, we demonstrate that
Carve3DM: (1) achieves improved multi-view consistency
and NeRF reconstruction quality over Instant3D-10K,
-20K, and -100K models, and (2) maintains similar prompt
alignment, diversity, and realistic details as the base
Instant3D-10K, preventing the degradation in Instant3D-
20K and -100K. Our results indicate that pairing SFT with
Carve3D’s RLFT is essential for developing multi-view
consistent diffusion models. In addition, we extend our
MRC evaluation to existing models, revealing the universal
presence of multi-view inconsistency when relying solely
on SFT. Our work is the first application of RLFT to
text-to-3D, especially on a 2.6B-parameter denoising UNet
from SDXL [39]. By releasing our code, training and
testing data, we hope this work will bolster the RLFT and
alignment research in the computer vision community.

2. Related Works

Neural Radiance Field (NeRF) is a neural representation
of 3D assets [8, 31, 33]. It infers the direction-dependent ra-
diance at arbitrary volumetric positions with neural models.
Many text-to-3D methods rely on it to produce 3D objects.

While text-to-image diffusion models are trained on 5
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Figure 2. Overview of Carve3D. Given a prompt sampled from our curated prompt set and a initial noisy image, we iteratively denoise
the image using the UNet. The final, clean image contains four multi-view images tiled in a 2-by-2 grid. MRC reward is computed by
comparing (a) the generated multi-view images with (c) the corresponding multi-view images rendered at the same camera viewpoints
from (b) the reconstructed NeRF. Then, we train the model with policy gradient loss function, where the loss is derived from the reward
and log probabilities of the UNet’s predictions, accumulated over all denoising timesteps. By using only a set of training text prompts, our
RLFT algorithm finetunes the diffusion model by evaluating its own generated outputs, without relying on ground truth multi-view images.

billion data [43], the largest public 3D dataset only contains
10 million 3D assets [ 12, 13] with little text annotation. This
gap in the diversity and quality of 3D data has restricted the
quality of current 3D diffusion models and their ability in
handling complex prompts [19, 34]. To circumvent this lim-
itation, another line of work focuses on lifting 2D images
to 3D, thus leveraging the remarkable semantic understand-
ing and high-quality generation capabilities of 2D diffusion
models [39, 42]. These methods [9, 40, 49, 52, 56] typ-
ically employ 2D diffusion models to provide supervision
at the novel views for optimizing 3D objects represented as
NeRF or by 3D Gaussian Splatting [21]. Building on this
concept, multiple works [24, 26-28, 46, 59] have proposed
generating multi-view images using a finetuned 2D diffu-
sion model, providing a more comprehensive visual prior
and preventing the multi-face (Janus) problem. However,
as the finetuning datasets of multi-view images are rendered
from the same 3D dataset [12, 13], the limited quality and
diversity remains a challenge, preventing running Super-
vised Finetuning to convergence [24]. By adopting Rein-
forcement Learning Finetuning (RLFT), we do not depend
on ground truth multi-view images and thus optimize the
model beyond the distribution of their SFT dataset.

A key challenge in utilizing multi-view images is achiev-
ing 3D consistency. While numerous methods have at-
tained notable multi-view consistency by supervised fine-
tuning 2D diffusion models [24, 27, 28, 46, 59], their eval-
uation has been empirical, lacking explicit metrics. An ap-
proach known as 3D consistency scoring [53] measures the
consistency of output views by optimizing a NeRF trained
on these views. Our MRC metric improves it with sparse-

view reconstruction and comparing on all input views.

See Appendices F.1 and F.2 for related works on 3D Gen-
eration with 2D Diffusion Models and RLFT of Large Lan-
guage Models and Diffusion Models.

3. Multi-view Reconstruction Consistency

In this section, we propose the Multi-view Reconstruc-
tion Consistency (MRC) metric, for quantitative and robust
evaluation of the consistency of multi-view images, which
we define to be the degree of geometry and appearance uni-
formity of an object across the views.

3.1. Evaluate Consistency via NeRF Reconstruction

A 3D model represented by Neural Radiance Field
(NeRF) can be reconstructed from the view images of the
object and their corresponding camera poses. The quality
of a NeRF notably depends on the consistency of the pro-
vided images images [31, 53] — inconsistent views lead to
artifacts in the NeRF, which includes floaters, blurring, and
broken geometry. To address this challenge, we introduce a
metric for assessing the consistency among multiple views.

The intuition behind MRC comes from the relation-
ship between multi-view consistency and the reconstructed
NeRF. As shown in Appendix Fig. 7, when the multi-view
images are consistent, they can produce a well reconstructed
NeREF, preserving almost all the visual cues from the input
images; therefore, the views rendered from the NeRF at the
same camera viewpoints will look the same as the original
views; conversely, when the multi-view images are incon-
sistent (e.g., intentionally introduced inconsistency in Ap-
pendix Fig. 7), they will produce a NeRF with broken ge-
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ometry and floater artifacts; thus, the NeRF rendered views
will look different from the original views. Building upon
this observation, we propose the MRC metric, defined as
the image distances between the original multi-view images
and the views of the reconstructed NeRF rendered at the
same viewpoints, as illustrated in Fig. 2.

3.2. Implementation

We formulate the implementation of MRC as three parts:
fast sparse-view NeRF reconstruction, measuring image
distance between the input images and the rendered images,
and a normalization technique for the image distance. The
pseudo code for our MRC implementation is shown in Ap-
pendix Listing 1.

Fast Sparse-view Reconstruction We conduct NeRF re-
construction with sparse-view Large Reconstruction Model
(LRM) proposed in [17, 24]. Different from dense view
NeRF reconstruction [8, 31, 33], sparse-view LRM recon-
structs a NeRF with only 4-6 view images. Also, with its
feed-forward reconstruction, it can achieve a speed two or-
ders of magnitude faster than previous optimization-based
reconstruction methods. MRC leverages all multi-view im-
ages for both NeRF reconstruction and 3D consistency eval-
uation. Although the NeRF is reconstructed based on the
visual prior of the input multi-views images, the render-
ing from the same views still exhibits notable differences
if there is inconsistency inside the input, as shown in Ap-
pendix Fig. 7.

Image Distance Metric In Sec. 3.1, the consistency prob-
lem is reduced from 3D to a 2D image dissimilarity prob-
lem. To measure the image dissimilarity between the input
views and their corresponding NeRF rendered views, we
utilize the perceptual image distance metric, LPIPS [57].
LPIPS exhibits smoother value changes with respect to
the consistency of multi-view images compared to PSNR,
SSIM, L1, and L2, as shown in Appendix Fig. 14. Such
smoothness is derived from the non-pixel-aligned computa-
tion in LPIPS, as opposed to the other image distance met-
rics that are more pixel-aligned. Also, the smoothness is
a crucial aspect for MRC to serve as the reward function
in RLFT, because non-smooth, high-variance reward func-
tions makes the RLFT training more challenging.

Bounding-box Normalization Current multi-view diffu-
sion models [24, 28, 46, 59] target single object genera-
tion with background. Consequently, if computing LPIPS
on the entire image, trivially reducing the object’s relative
size (as illustrated in Appendix Fig. 9’s car example) can
exploit MRC, as the majority of images will be the white
background. Therefore, we propose normalizing our metric

with respect to the object’s size. Specifically, we identify
the smallest square bounding box of the foreground object
in the input view image. Then we crop both the input im-
ages and the rendered images with that bounding box, resize
them to a fixed resolution, and evaluate the LPIPS. This nor-
malization effectively prevents the reward hacking of MRC
by diminishing foreground object sizes, as shown in Ap-
pendix Fig. 9.

3.3. Metric Experiment

The two key objectives for introducing the MRC met-
ric are (1) to assess the consistency of any multi-view gen-
erative model and (2) to enable RLFT for improving the
consistency of multi-view diffusion models. Thus, the pro-
posed consistency metric should ideally present two respec-
tive properties: (1) MRC should monotonically increase
as inconsistency increases; (2) the MRC vs. inconsistency
curve should be smooth.

To validate the effectiveness and robustness of MRC, i.e.
whether it satisfies the two properties, we conduct evalua-
tion on sets of multi-view images with controlled level of
inconsistency. Starting from a set of perfectly-consistent
ground truth views rendered from a 3D asset from Obja-
verse [12], we manually introduce inconsistency to one im-
age. We select a portion of this image and inpaint it with an
image-to-image diffusion model'. Therefore, we get differ-
ent levels of distortion on one image, determined by the size
of the inpainting area, that corresponds to different levels of
inconsistency of the set of images.

Appendix Fig. 7 shows the qualitative result on one ob-
ject of our MRC metric experiment. With increased inpaint-
ing area size, the NeRF rendered view also shows larger
image difference, which is then captured by MRC’s image
distance metric, LPIPS. Appendix Fig. 8 presents the quan-
titative curve of the same experiment. MRC indeed shows a
monotonically increasing pattern as the views become more
inconsistent. As shown in Appendix Fig. 14, MRC con-
stantly exhibits monotonically increasing pattern, and it is
also smoother than the other MRC variants using PSNR,
SSIM, L1, and L2. For metric experiments on other distor-
tion types, see Appendix D.

4. RLFT for Multi-view Consistency

In Sec. 3, we proposed a fast and reliable multi-view
consistency metric named MRC, and in this section we de-
scribe how it can be used to finetune a multi-view diffu-
sion model. We propose an Reinforcement Learning Fine-
tuning (RLFT) algorithm for enhancing the consistency of
2D multi-view diffusion models, using the negative MRC
as the reward function (Fig. 2). Building upon DDPO [5],

'We use Adobe Photoshop’s Generative Fill [1] without text prompt to
add inpainting distortion, which is based on a diffusion model.
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we opt for its pure on-policy policy gradient algorithm over
the default partially on-policy version for substantially im-
proved training stability. To maintain proximity to the base
model, we incorporate KL divergence regularization similar
to [15, 36]. In addition, we scale up the RLFT to achieve
higher rewards by studying the scaling laws [20] of diffu-
sion model RLFT through extensive experiments.

4.1. Preliminaries on DDPO

Markov Decision Process To use RL for finetuning, we
need to formulate the task as a Markov Decision Process
(MDP). In a MDP, an agent interacts with the environ-
ment at discrete timesteps; at each timestep ¢, the agent
is at a state s;, takes an action a; according to its policy
m(a¢|st), receives a reward 7, and transitions to the next
state s;y1. Following denoising diffusion policy optimiza-
tion (DDPO) [5], the denoising process of a diffusion model
is formulated as a multi-step MDP:

St = (Cv ta xt)a (1)

at = Tt—1, (2)

m(as|se) = po(Te—1le,t, x4), 3)
_ ) r(wo,c) ift=0,

rlsar) = {0 otherwise, @

r(xg,c) = —MRC(xg) 5)

where each denoising step is a timestep, c is the context, i.e.
the text prompt, x; is the image being denoised at step t,
pp is the diffusion model being finetuned, z1 is the initial
noisy image, x is the fully denoised image, and r(zo, ¢)
is the negative MRC (Appendix Listing 1) computed on the
fully denoised image.

Policy Gradient In order to optimize the model with re-
spect to the reward function, a family of RL algorithms,
known as policy gradient methods, are commonly adopted,
such as REINFORCE [54] and Proximal Policy Optimiza-
tion (PPO) [45]. DDPOgE is based on the vanilla policy
gradient algorithm, REINFORCE [54], also known as the
Score Function (SF) of diffusion models. On the other hand,
DDPOyg builds upon PPO [45] and conducts multiple opti-
mization steps per round of data using an importance sam-
pling (IS) estimator and importance weight clipping.

As a common practice to reduce the variance of the pol-
icy gradients [32], DDPO [5] uses the advantages (Ap-
pendix Eq. (9)), which are rewards normalized to have
zero mean and unit variance, instead of directly using the
rewards. By using the advantage term (A, in Appendix
Eq. (9)) in place of the reward, the DDPOgp policy gradi-
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Figure 3. Comparing the IS and the SF versions of Carve3D re-
ward curves on the testing set over 4 different random seeds. The
IS version produces reward curves with high variance, including
two runs that fails. In contrast, all runs of the SF version stably
produces reward curves with low variance.
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Figure 4. We observe qualitative correlation between the KL value
and the prompt alignment degradation. Despite being distant in the
finetuning process, epoch 15 and epoch 45, which have lower KL
divergence to the base model, generates prompts that align better
with the prompts. On the other hand, epoch 30, which has much
higher KL divergence from the base model, generates results with
broken identity, i.e. the body of the pug is missing.
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where the expectation is taken over data generated by the
policy my with the parameters 6. The log probability
log pg(x+—1]c,t, x+) can be easily obtained since the policy
is an isotropic Gaussian distribution when using the DDIM
sampler [5, 48]. The DDPOyg function (Appendix Eq. (10))
has an additional importance sampling term than Eq. (6).

Black et al. [5] choose DDPOyg as the default policy gra-
dient function, because it exhibits better sample efficiency
than DDPOgr (Fig. 4 of [5]). Such choice is consistent with
the use of PPO [45] in Large Language Model (LLM) Re-
inforcement Learning from Human Feedback (RLHF) liter-
ature [2, 3, 36, 51, 55].
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4.2. Improvements over DDPO

While RLFT with the default DDPOyg and our MRC can
enhance the 3D consistency of multi-view diffusion models,
it still faces challenges regarding training stability, the shift
of output distributions, and an unclear training scale set-
ting to achieve optimal rewards with minimal distribution
shift. To address these issues, we propose three improve-
ments over DDPO [5] in this section. Given the universal
nature of these challenges in RLFT, our enhancements may
offer broader applicability across various tasks.

4.2.1 Pure On-policy Training

Training stability is a major challenge in both RLFT [7,
60] and traditional RL [14]. With the default DDPOyg, our
training process is evidently unstable, as shown in Fig. 3.
Training experiments with different random seeds or a
slight change of hyperparameters can lead to different re-
ward curves and qualitative results. This complicates the
training result evaluation as we cannot distinguish mean-
ingful improvement or deterioration from the variance in-
troduced by random seed.

We argue that such high variance is derived from the
multi-step update in DDPOyg [5], originally proposed in
PPO [45]. While it theoretically allows for better sample
efficiency similar to off-policy methods [45], it also causes
the training to be more unstable and the reward curves to
be more variant, because it uses data collected with the
older policy to update the newer policy. Due to the unde-
sirable consequences of training instability, we adopt the
pure on-policy variant DDPOgg, discarding the multi-step
update from PPO (Appendix Eq. (10)). As shown in Fig. 3,
DDPOgr significantly improves the training stability of our
RLFT, while maintaining a comparable sample efficiency as
the default DDPOys.

Diverging from DDPO [5] and most LLM RLHF lit-
erature [2, 3, 36, 51, 55], we choose REINFORCE [54]
(DDPOgg) over PPO [45] (DDPOys) for its superior training
stability. We provide two hypotheses behind our surprising
finding in Appendix B.5, including the difficulty of the task
reward function and the size of the model being finetuned.
The favored use of REINFORCE [54] over PPO [45] could
apply to broader scenarios that meet these two conditions.
We leave the verification of our hypotheses as future work.

4.2.2 KL Divergence Regularization

In RLFT methods, distribution shift (also known as re-
ward overoptimization) can lead to low-quality results, such
as cartoon-like, less realistic style [5] or oversaturated col-
ors and unnatural shape [15], despite achieving high re-
wards. In our case, we observe this as degradation of diver-
sity, texture details and prompt alignment after prolonged

RLFT with the MRC reward. Previous methods [15, 36]
suggest mitigating reward overoptimization by incorporat-
ing a penalty on the Kullback—Leibler (KL) divergence be-
tween the log probabilities of the outputs from the base
and the finetuned models. In our case, the base model
is Instant3D-10K [24] without any additional finetuning.
By plotting the KL divergence values during finetuning,
we also find that KL divergence correlates to the reward
overoptimization problem (Fig. 4), suggesting us to adopt
KL divergence regularization. We detail our KL divergence
computation in Appendix B.4 and Appendix Eq. (11).

KL divergence values starts at 0 and unavoidably in-
creases as finetuning proceeds, making it hard to determine
an optimal coefficient for the penalty term. To enable a
steady KL divergence regularization throughout the finetun-
ing process, we propose to normalize the KL divergence
penalty term. This normalization ensures that the gradient
consistently favors low-KL-divergence, high-reward sam-
ples, even in the early stages when KL divergence is still
low compared to the later stages. We extend DDPO’s [5]
per prompt stat tracking to also track the mean and standard
deviation statistics of the KL divergence term in order to to
normalize it:

KL(zo|c, v7) — pxi(c)
O'KL(C) '

(M

Axgr(zo,¢) =

Our advantage terms now consist of both the normalized re-
ward (Appendix Eq. (9)) and the normalized KL divergence
(Eq. (7)). Our final policy gradient function, used in our
experiments, is a combination of Egs. (6) and (7)

T
gsekL = E Z Vo logpo(xi—1lc,t, x4)
t=0

“(aAr (w0, c) — BAkL(20,¢)) ®)

where « and 3 are the coefficients for the reward advantage
and the KL advantage, respectively.

4.2.3 Scaling Laws for RLFT

The training of Reinforcement Learning (RL) is highly
sensitive to the chosen scale setting [14], impacting vari-
ous results, including the final converged reward. Through
the scaling laws identified from extensive experiments, we
scale up the amount of compute (equivalent to scaling up
the batch size in our case) to achieve the optimal reward.
Although our scaling experiments are only conducted with
the multi-view consistency task, our insights into the scal-
ing laws of diffusion model RLFT are general and can be
beneficial in broader scenarios.
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Figure 5. Scaling law for Carve3D’s diffusion model RLFT al-
gorithm. When we scale up the amount of compute, the model
improves its reward smoothly under the optimal data size. The
amount of compute scales linearly with respect to the batch size.
The reward curves also become more stable (less variant) with a
larger batch size. The reward curves are reported up to epoch 50.

Compute and Batch Size The reward curves from our
experiments demonstrate a positive scaling law of the
model’s reward at epoch 50 with respect to the amount of
compute (Fig. 5); the scaled up compute brings smooth im-
provement to the model’s reward, under the optimal data
sizes at each batch size. Note that the amount of compute
scales directly with respect to the batch size.

Data Size The model’s reward does not directly scale with
the data size but there exists a more complicated relation-
ship between them. As shown in Fig. 5, the optimal data
size at each batch size grows as the batch size get larger,
indicating that both factors need to be scaled up in tandem:;
after the optimal data size, naively continuing to scale up the
data size actually reduces the model’s reward. Surprisingly,
even when trained on a prompt set as small as a size of 10,
the model still shows generalization to the testing prompts.
We choose data size of 30 with batch size 768 in our final
experiments as it achieves the highest reward in our analy-
sis.

Training Epochs With the pure on-policy DDPOgr (RE-
INFORCE [54]), the model steadily and smoothly improves
its rewards throughout the finetuning process, meaning that
more training epochs constantly lead to higher reward.
However, from our qualitative results, we also observe
worse distribution shift, e.g. the degradation of prompt
alignment and texture details, as training epoch increases.
Due to the correlation between KL divergence and the qual-
ity degradation (Fig. 4), we stop the finetuning early when a
predefined KL divergence threshold is reached. This thresh-
old is empirically chosen based on qualitative results. For
fair comparisons, we report the reward curves up to epoch

100+
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68.33%

34.67%

Which result is
more 3D Consistent?

I Ours Favored

Which result is better
aligned with the prompt?

Base Model Favored I Same J

Figure 6. We conducted a user study with 20 randomly selected
testing prompts and the corresponding outputs from both the base
and fine-tuned model. 15 participants took part in the study, with
a majority favoring the 3D consistency of our fine-tuned model.
Opinions are evenly split on which has better prompt alignment.

50 in Fig. 5. See Appendix B.1 for the definition of epoch
in RLFT, which is different from that in other contexts.

5. Experiments

In this section, we evaluate the Carve3D Model
(Carve3DM), obtained by applying the Carve3D Rein-
forcement Learning Finetuning (RLFT) algorithm on In-
stant3D [24]. See Appendix C.3 for our experiment settings
and Appendix E for our ablation studies.

5.1. Comparison with Base Model and Longer SFT

As shown in Fig. 3, Carve3DM’s Multi-view Recon-
struction Consistency (MRC) reward steadily improves on
the training set. We aim to further answer the following
questions:

1. Does Carve3DM’s improved MRC generalize to the
testing set?

2. Quantitatively, is Carve3DM more consistent than the
base model and the model with more Supervised Fine-
tuning (SFT) steps?

3. Qualitatively, does Carve3DM sacrifice the diversity,
prompt alignment, and texture details of the base
model?

We quantitatively and qualitatively compare Carve3DM
with Instant3D models with 10K, 20K, and 100K SFT steps,
where Instant3D-10K is the default model in [24].

Quantitative Comparison and Generalization As
shown in Tab. 1, when evaluated on the testing set,
Carve3D achieves substantially improved MRC over
the base model. More SFT steps indeed provides better
multi-view consistency and achieves better MRC, i.e.
Instant3D’s 100K version is better than the 20K version,
which is better than the 10K version. However, Carve3DM
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Avg MRC on Testing Set |
MVDream 0.1222
Instant3D-10K (Base) 0.0892
Instant3D-20K 0.0795
Instant3D-100K 0.0685
Carve3DM (Ours) 0.0606
Zerol23++ 0.0700
SyncDreamer 0.1018
Table 1. Quantitative comparison of MVDream [46], In-

stant3D [24] with 10K (the base model), 20K, and 100K
SFT steps, Carve3DM (ours, finetuned from Instant3D-10K),
Zero123++ [47], and SyncDreamer [28]. We evaluate them by
generating 4 outputs for each of the 414 text prompts in the Dream-
Fusion [40] testing set. We let Zero123++ and SyncDreamer to use
one of Carve3DM’s output multi-view images as their input image
conditioning. Carve3DM achieves substantially better MRC than
all baselines, indicating its superior multi-view consistency.

still outperforms even the most consistent 100K version of
Instant3D by a notable gap. This suggests that the explicit
multi-view consistency objective in MRC, paired with our
RLFT algorithm, can improve the model’s consistency
more efficiently than SFT.

Furthermore, although our RLFT only uses 30 training
prompts, it brings multi-view consistency improvement that
generalizes to the testing set containing 415 prompts. Such
generalization, also observed in [5, 36], is likely derived
from the strong knowledge from the base model.

Multi-view Consistency and NeRF Artifacts Appendix
Fig. 12 shows the improved multi-view consistency and
the resulting Neural Radiance Field (NeRF) reconstruction
quality. While the multi-view images generated by the base
model may be inconsistent, causing artifacts such as floaters
and broken geometry, Carve3D can fix such inconsistency
in the multi-view images and produce NeRF with clean ge-
ometry, free of artifacts. In Appendix Fig. 11, Carve3DM
continues to show superior multi-view consistency and re-
duced NeRF artifacts, but such improvement is less obvi-
ous when compared to the 20K and 100K version of In-
stant3D [24], similar to our quantitative results in Tab. 1.

Prompt Alignment and Texture Details By virtue of
our RLFT with KL-divergence regularization (Sec. 4.2.2),
which prevents distribution shift, and our curation of train-
ing prompt dataset (Appendix C.1), Carve3DM preserves
the prompt alignment and the texture details of the base
model, as shown in Appendix Fig. 12. On the other
hand, longer SFT causes additional distribution shift in In-
stant3D [24] from the base SDXL [39] towards the SFT
training set [12]. As shown in Appendix Fig. 11, Instant3D-
20K and Instant3D-100K exhibits degradation in diversity,

realism, and level of detailed textures. This quality degra-
dation with longer SFT is also observed in [24].

Diversity As shown in Appendix Fig. 13, Carve3DM pre-
serves the generation diversity of the base model. This owes
to our RLFT process, which repeatedly samples different
initial noises for the diffusion model to generate diverse re-
sults (Fig. 2).

5.2. Comparison with Existing Methods

We further compare Carve3DM with the text-
conditioned multi-view diffusion model, MVDream [46],
and two image-conditioned models, Zerol123++ [47] and
SyncDreamer [28]. As shown in Tab. 1 and Appendix
Fig. 11, Carve3DM’s outputs have notably better multi-
view consistency, realism, and level of details than the three
baselines.

5.3. User Study

In addition to the quantitative and qualitative compar-
isons in Sec. 5.1, we conduct a user study to further under-
stand the qualitative results of Carve3DM when perceived
by human. As shown in Fig. 6, 68.33% of participants be-
lieve that Carve3DM’s generated results are more 3D con-
sistent than that of the base model [24]. Given that the
multi-view consistency in the base model has already been
much improved with SFT 2, the nearly 37% gain in human
preference introduced by Carve3D on randomly selected
testing prompts is impressive. Furthermore, participants
find that Carve3DM exhibits similar prompt alignment as
Instant3D. The preservation of alignment can be attributed
to the KL divergence regularization (Sec. 4.2.2) and early
stopping the RLFT regarding KL divergence (Sec. 4.2.3).
See Appendix C.4 for more user study details.

6. Conclusion

In this paper, we propose Carve3D, a Reinforcement
Learning Finetuning algorithm to improve the recon-
struction consistency of 2D multi-view diffusion models.
Carve3D relies on MRC, a novel metric that measures the
reconstruction consistency by comparing multi-view im-
ages with their corresponding NeRF renderings at the same
viewpoints. The resulting model, Carve3DM, demonstrates
substantially improved multi-view consistency and NeRF
quality without sacrificing the prompt alignment, texture
details, or prompt alignment of the base model. Our results
conclude that pairing SFT with Carve3D’s RLFT is essen-
tial for developing multi-view-consistent diffusion models.

ZPlease see https://jiahao.ai/instant3d/ for base model’s 3D consistency
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