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Abstract

The ability to synthesize 3D objects is one key of hu-
man intelligence. Previous efforts have been made to-
wards 3D object synthesis leveraging 3D datasets. How-
ever, these efforts are bottlenecked by the quality, size, and
availability of 3D datasets. In this project, we instead ex-
plore the possibility to generate 3D objects without requir-
ing any datasets. Leveraging recent advances in foundation
models pre-trained using contrastive objectives, we learn
neural radiance fields that are able to generate 3D ob-
jects described by natural language sentences, fully alle-
viating the burden on 3D datasets. Quantitatively, experi-
ments show that our method generates 3D objects that are
well aligned with corresponding text descriptions. Quali-
tatively, 3D objects generated using our method are intra-
consistent as well, meaning that renderings of a same ob-
ject from multiple views are consistent with each other. Our
code is publicly available at https://github.com/
yunfanjiang/clip-nerf.

1. Introduction
The ability to synthesize 3D objects is one key of human

intelligence. Combined with prior knowledge, humans are
able to imagine 3D shapes of various objects given only a
limited number of images from restricted views. Trained
experts can even produce 3D objects with high fidelity.
Prior work has leveraged 3D datasets and attempted to syn-
thesize 3D objects in various forms [9, 21, 62, 65]. How-
ever, they are bottlenecked by the quality, size, and avail-
ability of 3D datasets. The expense to build high-quality
large-scale 3D datasets even adds more difficulties towards
integrating this intelligence into machines. For example, the
construction of the Microsoft COCO dataset [35] involves
intensive Amazon Mechanical Turk workload. They also
developed complicate infrastructures for data collection and
labelling. As the demand increases, the paradigm of learn-
ing from data will exponentially increase the amount of la-
bor.

Recent five years have witnessed the prevalence of foun-
dation models, a paradigm in which models are trained at
scale and then adapted to numerous diverse downstream
tasks [4]. Many researches have completely shifted to
Transformer-based [59] foundation models such as BERT
[16, 37], Vision Transformer [17], the GPT family [47,
48, 7], T5 [49], DALL-E [50], CLIP [46], the Perceiver
family [25, 24, 22], to name a few. Universal knowledge
is baked into foundation models through large-scale pre-
training such that data hunger is greatly mitigated in down-
stream tasks. Opportunities of foundation models also bring
more possibilities to 3D object synthesis.

Advances in contrastive learning [27] suggests that
learning from contrastive objectives is better than learn-
ing from “gold” labels. [46, 50] pioneered the efforts
in language-image contrastive learning. Other work also
shows its efficiency and superiority in decision making [54],
video-text understanding [63], and so on. Given that lan-
guage can encode everything about the world as efficiently
as possible, it is natural to ask “can we leverage language-
image contrastive learning for 3D object generation, with-
out requiring any 3D datasets?”.

In this project, we explore the problem of text-guided 3D
object generation using contrastive learning. Concretely,
we aim to learn Neural Radiance Fields (NeRFs) [39] that
can generate 3D renderings of objects described by natural
language sentences. We optimize NeRFs from contrastive
loss between rendered images and corresponding text de-
scriptions provided by pre-trained CLIP models [46]. Our
method is able to generate 3D renderings that are both se-
mantically consistent and intra-consistent. The most rel-
evant work to us is [26]. We share similar motivation
and high-level idea. But we deviate from [26] in detailed
implementations. For example, their implementation is
based on TensorFlow Jax [6]. While our implementation
is completely based on PyTorch [43]. Our contributions are
twofold.

1. We achieve 3D object generation purely guided by text
prompts, completely removing the burden on expen-
sive 3D datasets.
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2. We evaluate the generated results to be semantically
consistent with corresponding language descriptions
and intra-consistent with renderings from other views.

2. Related Work
2.1. Novel View Synthesis

Prior to the introduction of NeRF [39], approaches for
novel view synthesis can be classified into two categories.
One category uses mesh-based representations of scenes
[60, 8, 15, 61, 13, 20, 36]. Another class of methods uses
volumetric representations to synthesize views from RGB
images [18, 23, 30, 38, 45, 56]. However, the former
category of methods suffers from optimization difficulties
caused by local minima and poor conditioning. The lat-
ter suffers from poor time and space complexity, preventing
these methods from generating images with higher resolu-
tions or more details.

A recent trend for novel view synthesis is to use
coordinate-based neural representations. NeRF [39] repre-
sents 3D scenes as continuous functions parameterized by
MLPs. It maps from 3D coordinates (plus 2D viewing di-
rections) to properties including RGB color and density at
that location. It has inspired numerous follow-up work for
generative synthesis [10, 53], synthesis of dynamic seneces
[34, 40], deformable objects [19, 42], relighting [3, 5, 55],
to name a few.

2.2. Foundation Models

A foundation model refers to any model that is pre-
trained at scale then adapted to downstream tasks through,
for example, fine-tuning [4]. Since the introduction of the
Transformer model [59], various Transformer-based mod-
els have dominated different research areas, e.g., Vision
Transformer [17, 57] for computer vision tasks, the GPT
family [47, 48, 7] for natural language processing tasks, the
DALL-E [50] model, the CLIP [46] model, T5 [49], Deci-
sion Transformer [12] and Trajectory Transformer [28] for
offline reinforcement learning, the Perceiver family [25, 24,
22] for processing multi-modality. Universal knowledge is
backed into these models through large-scale pre-training.
Data hunger is greatly mitigated when fine-tuning them for
downstream tasks. Recent work show the advantages of
fine-tuning on large-scale pre-trained models for offline re-
inforcement learning [51], multi-modal few-shot learning
[58], just to name a few.

2.3. Language-image Contrastive Learning

The goal of contrastive learning is to learn a feature
space in which similar data pairs are close and dissimilar
pairs are far [27]. A recent advance in contrastive learn-
ing, the CLIP model [46], has demonstrated great power of

language-image contrastive pre-training. They learn an im-
age encoder and a text encoder such that extracted image
features and text features from paired images and sentences
are similar. The trained encoders can be zero-shot trans-
ferred to downstream tasks. Follow-up works also show
that it can be used in decision making [54], video-text un-
derstanding [63], and so on.

Previous work leveraging image-text semantic models
such as CLIP that is relevant to the topic we study in-
cludes CLIP-Forge [52], Text2Shape [11], anamorphic art
modelling [14], ClipMatrix [29] StyleCLIP [44], to name a
few. Among them, [52] conditions normalizing flow mod-
els on CLIP embeddings to generate object geometries. [11]
aims to synthesize novel voxel objects by learning a text-
conditioned Wasserstein GAN [1]. [29] leverages CLIP
models to create deformable humanoid meshes. [44] uses
CLIP models to guide the learning of StyleGAN [31]. All
these efforts suggest that leveraging guidance from seman-
tic models such as CLIP is promising for object generation
and synthesis.

3. Methodology
In this section, we first introduce preliminaries about

NeRF. Then we present our method for text-guided object
generation. A high-level sketch of our method is provided
in Figure 1.

3.1. NeRF Preliminaries

Denoting the parameter of a MLP as θ, NeRF learns this
MLP to represent a scene as a continuous volumetric field of
particles that block and emit light. Given a ray r(t) = o +
td emitted from the camera center o along the direction d,
for each distance tk ∈ t, NeRF compute its corresponding
3D position x = r(tk). All positions are then transformed
using position encoding

γ(x) = [sin(x), cos(x), . . . , sin(2L−1x), cos(2L−1x)]⊤,
(1)

where L is a hyperparameter.
The MLP parameterized by θ then takes input of

γ(r(tk)) and view direction (ψ, ϕ) and outputs an RGB
color c and a density σ. The final predicted color of the
pixel C(θ; r, t) is then obtained from

C(θ; r, t) =
∑
k

Tk(1− exp(−τk(tk+1 − tk)))ck, (2)

where
Tk = exp(

∑
k′<k

τk′(tk′+1 − tk′)). (3)

The classical way to train a NeRF is then to use gradient
descent to optimzie the sum of squared differences between
predicted pixel values and ground-truth values with known
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Figure 1: Contrastive text-guided object generation. We learn a NeRF model that can generate 3D renderings of objects
described by natural language sentences. We leverage a semantic model, such as a CLIP model, to produce the semantic
alignment loss, e.g., negative Cosine similarity, between image feature and text feature.

camera poses. In the following subsection, we introduce our
method that guide the optimization using semantic align-
ment with natural language descriptions.

3.2. Contrastive Text-guided Object Generation

Our method, contrastive text-guided object generation as
illustrated in Figure 1, aims to learn a NeRF model param-
eterized by θ that can generate 3D renderings of objects de-
scribed by natural language sentences. Given a image-text
semantic model such as a CLIP model [46] with an image
encoder g(·) : RH×W×3 → Rhidden and a text encoder
h(·) : RLtext → Rhidden, denoting the RGB image gener-
ated by the NeRF model at a specific pose p = [ψ, ϕ] as
I(θ,p) and corresponding text description as y, the seman-
tic alignment between I and y can be computed

J (θ;p,y) = g(I(θ,p))⊤h(y). (4)

We then take the negation of J as the loss function
L(θ;p,y) = −J (θ;p,y) and optimize our NeRF model
using gradient descent

θ ← θ − α∇θL, (5)

where α denotes the learning rate.

Notice that an object is supposed to be consistent with
its corresponding text description despite of different view
directions, the same natural language sentence is used to
guide the generation of renderings from multiple different
views. Our method is summarized in Algorithm 1.

In practice, we use Vision Transformer [17] as the image
encoder for better feature representations. We use state-of-
the-art language models such as BERT [16, 37] or models
from the GPT family [47, 48, 7] to extract language repre-
sentations.

4. Experiments and Evaluations
In this section, we start with the experimental details. We

then elaborate the special evaluation protocol for our prob-
lem of text-guided object generation. Finally, we present
quantitative and qualitative results.

4.1. Experimental Details

We parameterize the NeRF model as a MLP with 8
layers. Each layer has 256 hidden units. We sample 64
coarse samples per ray. As for the image-text semantic
model, we use CLIP variant ViT-B/16 during training.
We use Adam optimizer [32] with an initial learning rate of
5× 10−4. It is then exponentially decayed during the train-



Algorithm 1: Contrastive Text-guided Object Gen-
eration

Input: Learning rate α, all poses P , text description
y, image encoder g(·), and text encoder h(·).

1 Randomly initialize NeRF parameters θ;
2 while not done do
3 forall pose p in all poses P do
4 Render image I(θ,p) according to

Equations 1, 2, and 3; Compute the
semantic alignment loss for pose p:
L(θ;p,y) = −g(I(θ,p))⊤h(y)

5 end
6 Collect losses from all poses L(θ;P ,y);
7 Update θ ← θ − α∇θL(θ;P ,y);
8 end

ing. We use images from Real images of complex scenes
dataset introduced in [39] as ground-truth images. Due to
compute and time constraints, we experiment with Lego,
Orchid, and Fern in this work. We defer more compre-
hensive experiments to future work.

4.2. Evaluation Protocol

Our method can be evaluated qualitatively and quantita-
tively. We discuss our quantitative evaluation protocol.

Conventionally, 3D reconstruction methods are evalu-
ated by comparing the learned geometry with a ground-
truth reference model. However, for novel view synthesis
techniques such as NeRF, we do not have such ground-truth
models. Nevertheless, they can still be evaluated by com-
paring rendered images with pixel-aligned ground truth im-
ages from held-out sets. However, it is challenging to eval-
uate our method in this manner because we do not have di-
verse captioned multi-view data. The same problem exists
in [26] as well. Instead, we use the CLIP R-Precision metric
[41]. Concretely, we use a CLIP variant Vit-B/32 [46] as
an evaluator. Note that the CLIP variant used for evaluation
is different from that used during training. As demonstrated
in Figure 2, the evaluator computes the similarity scores
between renderings generated from our trained model and
the text descriptions. It also computes the same similarity
scores between images from the dataset and the same text
descriptions. The latter scores serve as the oracle for us to
evaluate the performance of our trained model. The scores
are scaled to the range of [−1, 1] for better readability and
interpretability. A score value of −1 means “completely
dissimilar” (visually, two vectors are opposite). A score
value of 0 means “orthogonal” (visually, two vectors are
perpendicular). A score value of 1 means “exactly same”
(visually, two vectors are parallel).

Figure 2: Quantitative evaluation protocol. We use the
CLIP variant Vit-B/32 as an evaluator. It first computes
the similarity scores between renderings generated from our
trained model and the text descriptions. It also computes the
same similarity scores between images from the dataset and
the same text descriptions.

4.3. Quantitative Results

Table 1 presents the quantitative results of our method
for three text prompts, namely 1) A 3D render of
a yellow lego excavator, 2) A 3D render of
a red orchid, and 3) A 3D render of a green
fern. In cases where the described objects should be ren-
dered realistically, e.g., the yellow lego excavator, the score
of generated renderings is lower than the score of oracle
renderings. However, in cases where the described objects
do not have complicate textures or shapes, e.g., the red
orchid and green fern, scores of generated renderings are
higher than scores of oracle renderings. Notice that the Co-
sine similarity scores of generated renderings are all above
zero, indicating that our method is able to follow the text
guidance to generate objects that are semantically consis-
tent with corresponding language descriptions.

4.4. Qualitative Results

We show renderings from multiple views for Lego,
Orchid, and Fern in Figures 3, 4, and 5, respectively.
Despite of different view directions, renderings are consis-
tent with each other, indicating that our method is able to
generate renderings that are intra-consistent. We note that
corresponding videos can be found in supplementary mate-
rials.

5. Discussion, Limitations, and Future Work
Recent work shows that different modalities are not or-

thogonal to each other. Knowledge in one domain can
be transferred to another domain and improve the perfor-
mance. For example, [58] shows that the knowledge in
pre-trained language models can be transferred to a mul-
timodal setting (vision + language). [51] shows that the
knowledge in WikiPedia baked in language models can im-
prove performances in offline reinforcement learning [33].
In this work, we step towards the goal of unifying modali-
ties by showing that language models can guide the learn-



Text Prompt
A 3D render of

a yellow lego excavator
A 3D render of

a red orchid
A 3D render of

a green fern

Oracle 0.3717 ± 0.0230 0.2521 ± 0.0058 0.2540 ± 0.0067
Generated 0.3234 ± 0.0155 0.3020 ± 0.0133 0.3299 ± 0.0119

Table 1: CLIP R-Precision of oracle renderings and generated renderings.

Figure 3: 3D rendering generated from text prompt A 3D render of a yellow lego excavator.

Figure 4: 3D rendering generated from text prompt A 3D render of a red orchid.

Figure 5: 3D rendering generated from text prompt A 3D render of a green fern.

ing of NeRFs. However, limitations still exist. First, the
current implementation only associates the learning of the
NeRF model and the language descriptions through back-
propagated gradients that are obtained from semantic sim-
ilarity loss. We have to learn separate NeRF models for
different text prompts. This is compute intensive. One di-

rection of future work is to condition NeRF models on nat-
ural language sentences such that we do not needs to train
separate models for different prompts. Second, the qual-
ity of generated renderings need to be improved. Figure 3
shows that the generated renderings are not realistic enough
for relatively complicated objects. [26] also includes trans-



mittance loss to encourage sparsity and tunes the architec-
ture of NeRF models including using Mip-NeRF [2]. These
are potentially helpful for better generation quality. Third,
more investigation can be carried to analyze how the trained
models work. One promising direction is to explore com-
positional generation [64, 50].

6. Conclusions
We explore the problem of text-guided object generation

in this work. We propose a method that leverages image-
text semantic models to guide the learning of NeRF mod-
els. Our results are both semantically consistent and intra-
consistent, demonstrating the possibility to transfer knowl-
edge baked in language models to novel view synthesis. We
then identify limitations of the current implementation and
suggest possible directions for future work. We highlight
the compute inefficiency of the current implementation due
to the fact that the NeRF model is not actually conditioned
on text prompts. We also suggest possible venues for future
work, particularly to improve generation quality for objects
with complicate spatial or textural properties. Investigation
the compositional generation is another promising direction
as well. We hope this work can incite future efforts towards
more efficient knowledge transfer between different modal-
ities and domains.
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