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Figure 1: Instruct 3D-to-3D Results. Our Instruct 3D-to-3D successfully converts input 3D scenes according to the text instructions.

Abstract

We propose a high-quality 3D-to-3D conversion method,

Instruct 3D-to-3D. Our method is designed for a novel task,

which is to convert a given 3D scene to another scene ac-

cording to text instructions. Instruct 3D-to-3D applies pre-

trained Image-to-Image diffusion models for 3D-to-3D con-

version. This enables the likelihood maximization of each

viewpoint image and high-quality 3D generation. In addi-
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tion, our proposed method explicitly inputs the source 3D

scene as a condition, which enhances 3D consistency and

controllability of how much of the source 3D scene structure

is reflected. We also propose dynamic scaling, which allows

the intensity of the geometry transformation to be adjusted.

We performed quantitative and qualitative evaluations and

showed that our proposed method achieves higher quality

3D-to-3D conversions than baseline methods.



1. Introduction

In recent years, generative modelings based on diffusion
models have been rapidly developed and applied in a wide
range of domains, including image [28, 30, 29], music [12,
24], video [31, 10], and 3D [26, 16]. Especially for Text-
to-Image (T2I) tasks, diffusion models have received much
attention for their ability to generate high-quality images
that align with input texts. Such amazing T2I models are
often realized by large-scale training with a huge amount of
image-text pair dataset [28, 30, 29].

The pretrained T2I models can be also utilized to solve
various tasks other than T2I. In particular, the application of
diffusion models to the field of 3D has been studied exten-
sively [26, 16, 19, 37]. They used the pretrained T2I models
to optimize NeRF [21] so that the content of rendered im-
ages from NeRF always matches input texts. Through this
optimization, they successfully generate NeRF representa-
tion of the 3D scene described by the input texts.

Nowadays, it has become much easier to obtain NeRF
representations of real-world scenes [21, 2]. If these 3D
scenes can be edited with text instructions, it should also
make it substantially easier to create high-quality 3D con-
tent. Prior works [35, 36] have shown that it is possible
to stylize a 3D scene based on a given text that describes
the target scene to be obtained after the editing. However,
in their methods, we cannot directly instruct what scene to
be changed, which fairly reduces the controllability of the
editing. In addition, we cannot also accurately control how
strongly the structure of the original scene would be pre-
served after the editing.

In this paper, we tackle a novel and challenging prob-
lem, which is to convert a given 3D scene to another scene
according to text instructions. To solve this problem, we
propose Instruct 3D-to-3D, which performs 3D-to-3D con-
versions using pretrained diffusion models.

Our Instruct 3D-to-3D achieves better 3D consistency,
quality, and controllability simultaneously compared to
baseline methods. For better 3D consistency, we directly
use the source 3D scene as a condition to keep its semantic
and structural information. Furthermore, to achieve better
quality, we apply a pretrained Image-to-Image (I2I) diffu-
sion model that allows us to maximize the likelihood of each
viewpoint image. In addition, we propose dynamic scaling
to enable the users to control the strength of the geometry
transformation. We use voxel grid-based implicit 3D rep-
resentation [33, 7] as a 3D model. Our dynamic scaling
gradually decreases and increases the 3D resolution of the
voxel grid to achieve controllable and smooth 3D geometry
conversions.

The main contributions of this study are summarized as
follows.

• We propose Instruct 3D-to-3D, a method for trans-

forming a 3D scene based on text instructions. Our
Instruct 3D-to-3D realizes the high quality and 3D-
consistent conversion using a pretrained I2I model
conditioned by the source 3D scene.

• We propose dynamic scaling. This allows manipula-
tion of the strength of the geometry transformation and
smooth 3D-to-3D conversion.

• We conducted qualitative and quantitative evaluations,
showing that our proposed method can perform 3D-to-
3D conversion with higher quality than baseline meth-
ods.

2. Related Works

2.1. Diffusion Models

Diffusion models [32, 6] are generative models inspired
by non-equilibrium thermodynamics. It can generate high-
fidelity images by gradually denoising data starting from
pure random noise. The diffusion models comprise two
processes along with timesteps: a forward process where a
small amount of noise is added to the data at each timestep,
and a reverse process where the data are slightly denoised at
each timestep. Specifically, in the forward process, the data
at timestep t can be obtained as follows:

xt =
p
↵txt�1 +

p
1� ↵t✏t�1

= · · · =
p
↵̄tx0 +

p
1� ↵̄t✏ (1)

Here, {↵i}Ti=1 are hyper-parameters that satisfy 0 < ↵i < 1
and ↵̄t = ⇧t

i=1↵i, 0 < ↵̄T < ↵̄T�1 < · · · < ↵̄T < 1. ✏ is
a random noise sampled as ✏ ⇠ N (0, I).

In the reverse process, The noise added at each timestep
needs to be predicted from noisy data using a neural net-
work to denoise the data. We may optionally use condition
information for this prediction, and here we use an input text
y. The predicted noise is denoted as ✏�(xt; y, t), where � is
the parameters of the neural network. The neural network
is trained to minimize the following loss function.

L = Et,✏

⇥
w(t)k✏�(xt; y, t)� ✏k2

⇤
(2)

where w(t) is a coefficient calculated with the scheduling
parameter.

In classifier free guidance [11], the strength of the condi-
tion y to the generated images can be controlled by chang-
ing the noise prediction as the following equation:

✏̃�(xt; y, t) = ✏�(xt;?, t)

+ s · (✏�(xt; y, t)� ✏�(xt;?, t)) (3)

where ? is a fixed null value. The value of s corresponds to
the strength of y. By using larger s, we can generate images
that are more faithful to the condition y.
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Figure 2: Overview of Instruct 3D-to-3D. First, the target model is initialized with the source model (i). Next, the target image is rendered
from a random camera viewpoint (ii) and then the noise is added to input into InstructPix2Pix. The source image is rendered from the same
viewpoint (iii) and input to InstructPix2Pix as conditions along with the text instruction (iv). rLSDS is calculated using them (v) and the
target model is updated with it. By performing this procedure from various camera viewpoints, we can convert the target model along with
the text instruction.

2.2. Text-guided Image-to-Image using Diffusion

Models

Diffusion models have also been extensively studied for
text-guided Image-to-Image tasks. These methods can be
divided into two categories based on what the input text rep-
resents.� The first category assumes that the text describes
the caption of the images before and after editing such as
[15, 34, 38, 9]. These methods require extra information
not directly related to editing, such as descriptions of the
part of the image that remains constant through editing. On
the other hand, the second category assumes that the text
describes the instruction on what point should be changed
through editing. InstructPix2Pix [4] edits the image based
on a given text instruction, which has the advantage of mak-
ing image editing easier and more intuitive. They first cre-
ate a dataset of editing instructions and image descriptions
before and after editing with GPT-3 [5]. Then, they input
it to [9] to generate edited images. After that, they fine-
tune StableDiffusion to generate these edited images con-
ditioned by the source images and text instructions. Thus,
InstructPix2Pix learns to edit images according to various
text instructions.

In this paper, we extend InstructPix2Pix to 3D data and
realize the task of editing a 3D scene into a new 3D scene
with text instructions. This enables highly intuitive editing

of 3D scenes.

2.3. Implicit 3D Representation

There are various ways to represent 3D information
[8, 1, 3, 14, 18, 21]. In this paper, we adopt implicit repre-
sentation for its high expressive power, which has become
quite popular since being used in NeRF [21]. Given im-
ages that capture a target scene from different viewpoints,
NeRF builds a neural network that predicts color and den-
sity at any spatial point in the scene from its 3D coordinates.
This model is trained so that each viewpoint image matches
the image rendered from the corresponding viewpoint based
on the model. After training, NeRF implicitly acquires a
3D representation and we can obtain images seen from any
camera viewpoint.

Recently, voxel grid-based implicit 3D representations
have also been studied. They retain color and density infor-
mation in the form of voxel grids instead of neural networks
[33, 7, 17] and achieve much faster training. In this study,
we use voxel grid-based DVGO [33] to represent 3D scenes
for fast 3D-to-3D conversion.

2.4. Stylization of 3D scenes

3D stylization is a task to transform a source 3D scene
into a new scene that has a different style while preserving



the content of the original scene. In [39, 22], the style is
specified by a reference image. On the other hand, CLIP-
NeRF [35] accepts texts to specify the style, which provides
substantially higher flexibility. They finetune NeRF of the
original scene so that the images rendered from any view-
point would have high similarity in the CLIP feature space
with the given text. There is also a concurrent work [36]
to ours for text-guided 3D stylization, which calculates a
CLIP-based contrastive loss based on the source and target
image to properly strengthen the 3D stylization.

These methods only match the CLIP features of each
viewpoint image and the reference image or text and do not
use a generative model. Hence, there is no guarantee that
they can convert the input 3D scene into a high-quality one.
In this paper, we use a diffusion model to maximize the like-
lihood of each viewpoint image. In addition, while previous
studies required a description of the converted 3D scene, we
use editing instructions as input to make the 3D-to-3D con-
version more intuitive.

2.5. Text-to-3D models

DreamFields [13] was the first study to realize Text-to-
3D. DreamFields generates a 3D scene that follows the in-
put text from any viewpoint by optimizing the CLIP fea-
tures of each NeRF viewpoint image to match the input text.
However, since DreamFields only optimizes the CLIP fea-
tures and does not use a generative model, it may lead to
generating unrealistic scenes that just cheat the similarity at
the CLIP feature space.

DreamFusion [26] is the first method to apply diffusion
models to the Text-to-3D task. DreamFusion uses pre-
trained Imagen [30] to generate 3D scenes by optimizing
each NeRF viewpoint image x to follow the input text.
Specifically, they first apply noise ✏ ⇠ N (0, I) to the view-
point image x according to the randomly sampled t, and
obtain a noisy image xt =

p
↵̄tx +

p
1� ↵̄t✏. This noisy

image is used to calculate the gradient of the loss function
r✓LSDS as the following equation:

r✓LSDS = Et,✏


w(t)(✏�(xt; y, t)� ✏)

@x

@✓

�
(4)

where ✓ is the parameters of NeRF and y is the text descrip-
tion of the 3D scene to be generated. ✓ is updated using
this gradient from any viewpoint. This method enables the
generation of high-quality 3D scenes for a variety of text
inputs. They also edit generated 3D scenes by re-training
them with new texts. However, direct finetuning of a 3D
scene may result in a scene that is far removed from the
original 3D scene. In addition, this method requires a text
description of the scene after conversion, and conversion by
text instructions is not possible.

Algorithm 1 Proposed method: Instructed 3D-to-3D
Input:
y: instruction text,
✓src: parameters of source model,
g✓: volume rendering function from a model parameterized
with ✓
Output:
✓tgt: parameters of target model

1: ✓tgt  ✓src # initialize ✓tgt
2: for i = 1 to Niter do

3: # rendering from source & target model
4: c = random camera pose()
5: Isrc = g✓src(c)
6: Itgt = g✓tgt(c)
7: Ltgt = StableDi↵usionEncoder(Itgt)
8: # add noise
9: ✏ ⇠ N (0, I)

10: t ⇠ U [1, . . . , T ]
11: xt =

p
↵̄tLtgt +

p
1� ↵̄t✏

12: # calculate the gradient of the loss function
13: r✓tgtLSDS = Et,✏

h
w(t)(✏̃�(xt; y, Isrc, t)� ✏)@Ltgt

@✓tgt

i

14: ✓tgt  Adam(✓tgt,r✓tgtLSDS)
15: end for

3. Proposed Method

3.1. Pipeline of Instruct 3D-to-3D

Figure 2 shows the overview of Instruct 3D-to-3D. Our
proposed method converts a source model, which is an im-
plicit representation of a source 3D scene, into a new target
model along with the text instruction.

The main idea of our Instruct 3D-to-3D is to learn the
target model from an arbitrary viewpoint using Instruct-
Pix2Pix conditioned by the source scene and the text in-
struction. First, the target model is initialized with the
source model. Next, using the target model, a target im-
age Itgt is rendered from a random camera viewpoint and
is fed into the encoder of StableDiffusion to obtain the cor-
responding latent feature Ltgt. We add noise ✏ ⇠ N (0, I)
to it to make noisy latent xt =

p
↵̄tLtgt +

p
1� ↵̄t✏. A

source image Isrc is also rendered from the same viewpoint
as the target image using the source model. xt is input to
InstructPix2Pix along with the source image Isrc and the
text instruction y as conditions. As InstructPix2Pix has two
conditions, Isrc and y, the noise is estimated as follows.

✏̃�(xt; y, Isrc, t) = ✏�(xt;?,?, t)

+ sI · (✏�(xt;?, Isrc, t)� ✏�(xt;?,?, t))

+ sT · (✏�(xt; y, Isrc, t)� ✏�(xt;?, Isrc, t))
(5)



Figure 3: Comparison of progressive scaling and proposed dy-
namic scaling. In dynamic scaling, we first gradually decrease
the number of voxels to change the global structure, then increase
them to change to the local structure.

where sI is a hyper-parameter that determines the degree of
fidelity to the information of the source image, and sT is a
hyper-parameter that determines the degree of fidelity to the
text instruction. In this way, our proposed method explic-
itly incorporates the source image and the text instruction.
Similar to DreamFusion, we update the target model by the
following gradient.

r✓tgtLSDS = Et,✏


w(t)(✏̃�(xt; y, Isrc, t)� ✏)

@Ltgt

@✓tgt

�

(6)

where ✓tgt is the parameters of the target model, � is the
parameters of InstructPix2Pix, and�w(t) is a scheduling
coefficient and we set it as 1� ↵̄t in the experiments.

By repeating this procedure from randomly chosen cam-
era viewpoints, an arbitrary viewpoint image of the target
model becomes the image appropriately converted from the
same viewpoint image of the source model. As a result, we
can obtain a target 3D scene converted from the source 3D
scene along with the text instruction.

3.2. Dynamic Scaling

In this study, we use DVGO [33] to perform fast 3D-to-
3D conversions. DVGO is one of the voxel grid-based im-
plicit 3D representations and maintains density and color
information in the form of a 3D voxel grid. The voxel
grid is a discrete partition of 3D space, with each vertex
holding color and density information. Volume rendering is
performed with the interpolated information of the vertices
around the ray.

The resolution of the 3D scene is determined by the num-
ber of voxels used in the model. DVGO performs progres-
sive scaling [17] to gradually increase the number of voxels
during training as shown in Figure 3 (a). It encourages the
model to learn the rough geometry of the scene first, and
then gradually move on to learning the fine details of the
scene.

In our 3D-to-3D task, the number of voxels in the target
model is initially set to N , the same as in the source model.
In this situation, the voxel grid is too fine and it is difficult
to change the geometry, and only the appearance changes.
Therefore, we propose dynamic scaling, which gradually
reduces the number of voxels from N to N/2l during the
3D-to-3D conversion process and then gradually returns it
to N . Figure 3 (b) shows this process. This allows grad-
ual changes in the global structure, followed by changes in
the detailed structure accordingly. Also, we can adjust the
magnitude of the structure transformation by adjusting the
scaling factor l. For large l, the number of voxels becomes
small, which allows for a large structural transformation.
Conversely, for smaller l, the structural transformation is
suppressed.

4. Experiments

4.1. Experimental Settings

We implemented the proposed Instruct 3D-to-3D with
PyTorch [25] and performed 3D-to-3D conversion with
NeRF synthetic dataset [21] and Local Light Field Fusion
(LLFF) dataset [20]. We resized the NeRF synthetic dataset
to 256⇥256 and the LLFF dataset to 378⇥504 for train-
ing. In both datasets, we first trained the source models
and then converted them with Instruct 3D-to-3D. The text
instructions were manually designed. The source and tar-
get models are constructed with DVGO and the number of
voxels N is set as 1, 024, 000.

In the 3D conversion process, we trained the target model
for 2,000 iterations. We set the dynamic scaling factor
l = 4. With dynamic scaling, we reduced the voxel number
by a factor of 1/2l/5 every 150 iterations for the first 750
iterations and increased it by 2l/5 every 150 iterations for
the next 750 iterations. After that, we kept the voxel num-
ber the same and trained for the remaining 500 iterations.
Our proposed method can be completed in 15 minutes with
a single NVIDIA A100 GPU.

We set the text guidance scale sT of Eq. 5 to 100 accord-
ing to [26]. The image guidance scale sI was set to 5 for the
NeRF synthetic dataset and 100 for the LLFF dataset. We
used the larger sI for the LLFF dataset to strongly maintain
3D consistency since it has only front-view images.

We also used CLIP-NeRF and DreamFusion as our base-
line methods. Both were set up with the same experimental
settings as the proposed method except for the loss function
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Figure 4: Qualitative comparison between the proposed method and baselines.



Figure 5: Effects of sI in the converted 3D scenes. We can pre-
serve the structure of the source scene with larger sI .

and the target texts. The target texts were also manually de-
signed to match what the text instructions used in Instruct
3D-to-3D pointed to.

When fine-tuning source 3D scenes with DreamFusion,
we used open-source StableDiffusion [29] instead of Ima-
gen [30].

4.2. Qualitative Evaluations

We show the qualitative comparison between the pro-
posed method and baseline methods in Figure 4. The re-
sults in the top four rows of Figure 4 are examples from
the NeRF synthetic dataset and results in the bottom three
rows are examples from the LLFF dataset. The text instruc-
tions used in Instruct 3D-to-3D and the target texts used
in DreamFusion and CLIP-NeRF are also shown in Figure
4. As a whole, it can be seen that the proposed method can
produce converted 3D scenes that accurately reflect both the
text instructions and structures of the source 3D scenes. Al-
though CLIP-NeRF can convert 3D scenes from the NeRF
synthetic dataset relatively cleanly, it cannot convert 3D
scenes from the LLFF dataset well, resulting in noisy 3D
scenes. In addition, DreamFusion does not explicitly in-
corporate source 3D scenes as conditions, so it converts the
LLFF 3D scenes into completely different 3D scenes.

Figure 5 shows the differences by changing the image
guidance scale sI in Eq. 5. We can manipulate the degree
to which the structure of the source 3D scene is reflected
by adjusting the value of sI . For large sI , the source image
condition is strongly incorporated during the noise estima-
tion and the structure of the source 3D scene is strongly
reflected.

Figure 6: Average of CLIP
scores (higher is better).

Figure 7: Average of BRISQUE
scores (lower is better).

4.3. Quantitative Evaluations

For quantitative evaluation, we measured CLIP score
[27] and BRISQUE score [23]. The CLIP score is a mea-
sure of the semantic alignment of image-text pairs, where
higher is better. The BRISQUE score is a measure of image
quality, where lower means better.

We performed 3D-to-3D conversion by creating ten
3D scene-text pairs for each of the proposed and base-
line methods.�The input texts were manually designed so
that the target texts used in DreamFusion and CLIP-NeRF
match what the text instructions in Instruct 3D-to-3D point
to.�The list of scene-text pairs used in this experiment is
shown in the supplementary material. For each converted
3D scene, we rendered images from 100 viewpoints and
used them to measure scores.�We did this for 10 converted
3D scenes, for a total of 1,000 rendered images used in the
evaluation. The CLIP score was calculated using the ren-
dered images and the target texts, while the BRISQUE score
was calculated from the rendered images only.

Figure 7 shows the BRISQUE score measurement re-
sults, and Figure 6 shows the CLIP score measurement
results. Regarding the BRISQUE score, Instruct 3D-to-
3D performs better than DreamFusion and CLIP-NeRF
and achieves higher-quality 3D-to-3D conversion than these
baseline methods. On the other hand, the CLIP scores for
Instruct 3D-to-3D and DreamFusion are comparable. Al-
though CLIP-NeRF achieves the best CLIP score, we can-
not compare CLIP-NeRF with the other methods in terms
of CLIP score in a fair manner. This is because CLIP-NeRF
directly uses CLIP for training to improve the CLIP score.
From these results, we confirmed that Instruct 3D-to-3D is
able to convert high-quality 3D scenes with high text fi-
delity comparable to DreamFusion. The reason for this is
considered to be that Instruct 3D-to-3D simultaneously in-
corporates the source 3D scene as a condition in addition to
the text instruction, which contributes to a natural 3D scene
conversion.

4.4. User Study

To evaluate the perceptual quality of the converted 3D
scenes, we conducted a user study. We used the results of



Figure 8: User study results. Preference rates for 3D conversion
quality of Instruct 3D-to-3D over DreamFusion and CLIP-NeRF.

Figure 9: Comparison of 3D conversion results by scaling
method. our dynamic scaling does not break the 3D structure.

the 10 patterns of 3D-to-3D conversions used in the section
4.3 as test cases for the user study. In each test case, we
first showed the source 3D scene as a video and the text
instruction. Then we showed two of each of the three 3D
scenes transformed with the proposed method and baseline
methods in random order. The participants chose the bet-
ter converted 3D scene by jointly considering the following
four aspects: image quality from any viewpoint, 3D con-
sistency, fidelity to the text instruction, and fidelity to the
source 3D scene. We did not set a time limit. We finally
collected 25 questionnaires. Figure 8 shows the results of
the user study. Our proposed method outperforms the base-
line methods with a much higher user preference rate.

4.5. Sensitivity to the Scaling Strategy

We proposed dynamic scaling to gradually change the
3D structure. However, it is also possible to use conven-
tional progressive scaling in 3D-to-3D conversion. Figure 9
shows a comparison of 3D conversion results using progres-
sive scaling and dynamic scaling. As progressive scaling
greatly reduces the number of voxels at the beginning of the
conversion, the detailed 3D structure cannot be maintained.
Our dynamic scaling gradually changes the number of vox-
els, resulting in small and repairable 3D structural damage
and preserving the 3D structure.

Figure 10 shows the differences in 3D-to-3D conversion
results by changing the dynamic scaling factor l. For larger
l, the resolution of the voxel becomes smaller during the

! = 0 ! = 4 ! = 8

Figure 10: Effects of dynamic scaling factor l in the 3D conver-
sion. The large l causes a major change in structure.

Figure 11: A failure case of 3D-to-3D conversion. This 3D scene
is converted from a 3D scene of a chair with the text instruction
”put an apple on the chair”.

conversion process and the structure can be changed signif-
icantly.

4.6. Limitations

Figure 11 is an example of a failure case. We gave the
instruction to place an apple on the chair, but the seat and
backrest of the chair changed to apples. Similar to Instruct-
Pix2Pix, our proposed method is difficult to follow instruc-
tions that require spatial reasonings. To solve this problem,
it is necessary to handle spatial information, for example, by
taking the depth information of the 3D scene into account.
We leave this improvement to future work.

5. Conclusion

In this study, we proposed Instruct 3D-to-3D, which
achieves a high-quality 3D-to-3D conversion following the
text instruction. We proposed dynamic scaling, which al-
lows manipulation of the strength of the 3D structure trans-
formation and smooth 3D-to-3D conversion. We performed
quantitative and qualitative evaluations and showed that
our Instruct 3D-to-3D outperforms the baseline methods in
terms of the quality of the converted 3D scenes and the fi-
delity to the source 3D scenes and text instructions. Our
proposed method makes 3D content easier to edit and use,
and will contribute to greatly expanding the scope of vari-
ous content productions.
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