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Abstract. Text-to-image diffusion models generate impressive and re-
alistic images, but do they learn to represent the 3D world from only 2D
supervision? We demonstrate that yes, certain 3D scene representations
are encoded in the text embedding space of models like Stable Diffusion.
Our approach, Viewpoint Neural Textual Inversion (ViewNeTI), is to
discover 3D view tokens; these tokens control the 3D viewpoint — the
rendering pose in a scene — of generated images. Specifically, we train
a small neural mapper to take continuous camera viewpoint parameters
and predict a view token (a word embedding). This token conditions dif-
fusion generation via cross-attention to produce images with the desired
camera viewpoint. Using ViewNeTI as an evaluation tool, we report two
findings: first, the text latent space has a continuous view-control mani-
fold for particular 3D scenes; second, we find evidence for a generalized
view-control manifold for all scenes. We conclude that since the view
token controls the 3D ‘rendering’ viewpoint, there is likely a scene rep-
resentation embedded in frozen 2D diffusion models. Finally, we exploit
the 3D scene representations for 3D vision tasks, namely, view-controlled
text-to-image generation, and novel view synthesis from a single image,
where our approach sets state-of-the-art for LPIPS. Code available at
https://github.com/jmhb0/view_neti
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Fig. 1: We find ‘3D view tokens’ in the Stable Diffusion word embedding space. (a)
Given a camera pose, we predict a token (word embedding), which we use to condition
diffusion generation. (b) Different view tokens give different views of the generated 3D
scene. We use 3D view tokens to study scene representations in diffusion models.
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1 Introduction

Text-to-image diffusion models have impressive capabilities in reasoning about
objects, the composition of multiple objects, and 2D spatial layout [24, 52, 55,
61,63]. Despite being trained on 2D images, they seem able to do 3D reasoning:
in a simple experiment, we ask Stable Diffusion [52] to infill the background
around a car and find that it generates 3D-consistent shadows and reflections
(Fig. 2). This suggests that diffusion models may contain an internal 3D model
of scenes that they implicitly ‘render’. In this work, we show evidence for such
a 3D scene representation.
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Fig. 2: A masked-out car (left) with infilling (images 2 to 4) by a Stable Diffusion model
[52], with important details marked with orange dots. Infill image 1 has shadows that
are consistent with the shadows on the car. Infill image 2 has object reflections. Infill
image 3 has reflections and shadows. This is evidence that 2D diffusion models are
capable of 3D reasoning, which motivates our investigation into 3D view control.

(a) 3D view tokens in diffusion text space
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Fig. 3: We find a continuous view-control
manifold in word embedding space for one
scene, by learning a token from a few train-
ing views that generalizes to test views.

Our key insight is that the 3D
viewpoint of generated images can
be controlled in the word embed-
ding space through a ‘3D view to-
ken’. We propose a method to dis-
cover this control mechanism called
Viewpoint Neural Textual Inversion
(ViewNeTI). Specifically, we learn a
small neural mapping network that
takes camera parameters and predicts
a word embedding (the view token) to
be added to a text prompt; the text
prompt then conditions the diffusion
via text encoding and cross-attention
to produce images with the correct
camera view (Fig. 1). The mapper is
trained using textual inversion (TI) [1, 18] on very small datasets of posed im-
ages. We use ViewNeTI to evaluate the 3D control in frozen diffusion models in
two settings to show two key results. The first result finds a continuous view-
control manifold for a particular scene; the second result shows evidence for a
view control manifold that is general and works for all scenes.
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For our first key result, we show the existence of a continuous view-control
manifold in the text embedding space. As in Fig. 3, we train ViewNeTI on a
single scene with as few as three posed images. Then, we can pass new poses
to ViewNeTI to move along the word-space manifold, and we can use those
words as a prompt to generate novel views; the view-control token generalizes to
new viewpoints. Importantly, ViewNeTI is trained with only a handful of posed
images (3-9), with a very small mapper network (140k params), and without
changing the underlying diffusion model parameters. This gives us confidence
that we find a pre-existing 3D control mechanism in the text embedding space,
rather than learning a new control mechanism. Since this single token can change
3D ‘rendering’ viewpoint while keeping consistent semantics, we argue that there
is likely a scene representation embedded in frozen diffusion models.

The view-control manifold found in the single-scene setting has two limita-
tions. The first limitation is only relevant to applications: ViewNeTI can inter-
polate between training viewpoints, but not extrapolate. The second — more
important — limitation is relevant to understanding scene representations: the
view token does not generalize to new scenes, and is entangled with the seman-
tics of the training scene. This motivates a second experiment towards finding a
more general view-control token.

(a) 3D view tokens in diffusion text space
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Fig. 4: Evidence for a semantically disen-
tangled view-control manifold. Each scene
(columns) maps to a scene token, while each
view (rows) maps to a view token that is
shared across scenes.

For our second key result, we
provide evidence for a semantically-
disentangled view control manifold in
the word embedding space. As in
Fig. 4, we jointly optimize a sin-
gle ViewNeTI mapper over multiple
(< 100) scenes. For each scene (the
columns of Fig. 1c), we learn a sep-
arate ‘scene token’: it should capture
scene-specific semantics disentangled
from viewpoint. The view token —
the jointly-optimized ViewNeTI map-
per — is shared across scenes (the
rows of Fig. 4). The view token some-
what generalizes to new scenes, which
we demonstrate through two applica-
tions. First, we compose the learned
view token with text prompts for text-
to-image generation. The view token
can control viewpoint on new scenes,
however there is some entanglement of image style with the training dataset. Sec-
ond, we use the view token for the very challenging task of novel view synthesis
(NVS) from a single image. Multi-scene training addresses the two limitations
of the single-scene training case: the view token now extrapolates outside the
single-image training view; and the view control mechanism generalizes to new
scenes. Overall, this is evidence that the Stable Diffusion word embedding space
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has a general view-control manifold that can act on 3D scene representations for
all scenes; and as argued in the single-scene case, this implies the existence of
an internal 3D scene representation.

The ViewNeTI framework contributes to multiple lines of work in 2D gener-
ative models. Many papers observe that diffusion model representations embed
certain 2D structure that is not directly supervised, such as pixel-localized se-
mantics [21,38,68,88] and word-to-object localization [17,22]. Extending this,
we show that diffusion models embed 3D knowledge that was not supervised,
which has been separately studied in other works from different perspectives
[9, 87]. As the community moves towards text-to-video models [23], there will
be greater interest in whether they ‘understand’ the physical 3D world [5], and
frameworks like ours can be adapted to shed light on such questions. Although
we do not focus on applications, ViewNeTI is promising for multiple 3D vision
tasks. We are the first to show that textual inversion (TI) can be used to learn a
3D control token [1,18]. For controlled text-to-image generation, ViewNeTI can
control 3D viewpoint without modifying the base model, which allows portability
and composability with other adapters [26, 42, 89]. For single-image novel view
synthesis, ViewNeTI produces views with photorealistic details for real-world
objects, and by leveraging 2D Stable Diffusion as a prior, it can work with very
small 3D pre-training datasets (<100 scenes).

Our key contributions are:

– We propose ViewNeTI, a method for investigating 3D scene representations
in frozen text-to-image diffusion models. ViewNeTI learns a ‘3D view token’
in the word embedding space that controls the rendering view of a 3D scene.

– Our first experiment shows that the Stable Diffusion text space has a contin-
uous view control manifold, at least when learned for a particular 3D scene.
This implies the existence of a 3D scene representation.

– Our second experiment shows evidence that the Stable Diffusion text space
has a general view control manifold that is disentangled from any particular
scene’s content.

– We present applications to view control tasks. We can control the 3D view-
point in scenes for text-to-image generation. We solve single-view novel view
synthesis, and our method has excellent image photorealism, achieving state-
of-the art LPIPS on DTU [28].

2 Related Work

2.1 3D Representations in 2D Diffusion Models

A number of prior works directly study the implicit 3D representations in Sta-
ble Diffusion [9, 16, 87]. Like us, they ask whether diffusion models “simply
memorize superficial correlations between pixel values and words? Or are they
learning something deeper [?]” [9]. They differ from ours in two ways. First,
their methodologies use linear probing on representations, while ours is a ‘proof
by construction’: we find a mechanism for controlling 3D viewpoint of generated
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images. Second, we find 3D structure in the word embedding space, while theirs
studies the UNet feature maps. Our finding that 3D view is controllable with
cross-attention coheres with the well-known Prompt2Prompt method that shows
that 2D scene layout is controllable with cross-attention [22].

Many works use pretrained 2D diffusion models as a prior in 3D vision tasks.
For example in content creation, the SDS loss uses the diffusion model as a
regularizer for 2D projections of 3D models [46, 75]. Others fine tune Stable
Diffusion to do novel view prediction [33,56].

Text-to-image generation models are increasingly producing qualitatively re-
alistic images with 3D interactions like lighting and reflection [24,45,52,55,61,
63]. [57] studies the geometric accuracy of these effects. Similarly, video genera-
tion diffusion models — also trained on 2D data — are improving, and seem to
produce videos with some 3D world consistency [5, 23].

2.2 Textual Inversion of Diffusion Models

Personalization aims to inject novel concepts — like objects and styles — into
the diffusion model vocabulary using a few image examples of that concept.
Textual inversion (TI) is a popular approach that optimizes a word embedding
for each new concept [18]. Extensions improve the quality and editability of the
learned concepts by training different text embeddings depending on the noising
timestep and UNet layer [1, 73, 90]. These advances are combined in the recent
NeTI model [1], which is the current state of the art in Textual Inversion, and
we use some of their architectural ideas.

Our work is the first to use textual inversion to learn concept for 3D view-
point and to leverage TI for novel view synthesis. A concurrent work on ‘Con-
tinuous 3D words’ does 3D control of synthetic 3D assets [10]. Unlike ours,
they do not study the ‘single scene optimization’ setting — the experiment that
supports conclusions about a continuous control manifold. Also, they finetune
model weights, and they do not explore novel view synthesis applications. In
Sec. 4.2, we optimize multiple TI tokens in a single prompt, which has only been
proposed once in Break-a-Scene [3].

2.3 3D Control Applications

The first downstream application is controlling the 3D viewpoint of generated
images. Many methods aim to control the properties of generated images [22,
40, 42, 89], but they are often imprecise or require large training datasets, while
Textual Inversion (TI) is a data-efficient alternative. One could further improve
3D view control with personalization methods that fine-tune the model weights
[31,54]. This could improve view-controlled generation, but it is out of scope: our
focus is on understanding 3D scene representations in existing models without
any finetuning. Still, since ViewNeTI uses TI, it has the advantage of low storage
cost and is composable with finetuned model checkpoints [26].

The second downstream application is novel view synthesis (NVS) with few
training views — even from one training view. Most approaches use an explicit
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3D representation, like a NeRF [76]. To address the challenge of sparse input
views, it’s common to add regularizers to novel views [15, 27, 43, 51, 59, 74, 78,
80,86], modify the training process [60,71,82], or condition the NeRF on image
features that are derived from pretraining on multi-view datasets [8,11,32,84].
Only a few models attempt single-image NVS [14, 33, 39, 56, 81] by leveraging
diffusion models as a data prior over 2D renders (via the Score Distillation Loss
[46,75]). A smaller line of work does NVS with implicit models (‘geometry free’,
without NeRFs) [64,69], and some use diffusion models [2,6,29,34,65,70,83,92].
These approaches require pretraining on large multi-view datasets [7,13,49], and
they usually test on images that are in the same class and covariate distribution
as the training set. Compared to existing NVS methods, our approach has no
explicit 3D representation, no geometric priors, no regularizers, and does not
require large 3D training datasets.

3 Background

3.1 Text-to-image Latent Diffusion Models

We apply viewpoint textual inversion to text-to-image Stable-Diffusion (SD).
SD’s are Latent Diffusion Models (LDMs) for image generation [52] and are
trained on web-scale datasets of text-image pairs (x, y)⇠D [58]. There are two
components. First, a variational autoencoder (VAE) [30,50] with encoder E and
decoder D compresses RGB images, x 2 RH⇥W⇥3 to a lower-dimensional latent
z0 = E(x) 2 Rh⇥w⇥c. Second, a conditional diffusion model [24, 25, 61, 63] is
trained to generate this distribution of latents with respect to the text prompt,
y, as p(z|y).

LDMs model a diffusion process: noise is incrementally added to the latent
over T steps; the intermediate latents are zt with t 2 [0, T ]. We learn a neural
network ✏✓ that reverses each step by predicting the applied noise. To train
this network, we simulate zt by sampling isotropic Gaussian noise, ✏, scaling it
according to a parameter t⇠ U(1, T ), and adding it to z. The training objective
is for ✏✓ to predict ✏ conditioned on noising step, t and the text, y:

LLDM := E(x,y)⇠D,✏⇠N (0,I),t⇠U(1,T )

h
k✏ � ✏✓(zt, y, t)k

i
, (1)

One can sample from p(z|y) with zT ⇠N (0, I), and using ✏✓ to run the reverse
process over T steps [61], . This gives a latent sample z̃ which is decoded
to an image, x̃ = D(z̃). The ✏✓ architecture is a conditional UNet [53]. zt is
passed through the main UNet stream. The text is passed through a pretrained
CLIP [47] text encoder, giving a d-dim conditioning vector for each token,
c(y) 2 Rd⇥77, which is mixed with each UNet layer via cross-attention [52].

3.2 Textual Inversion

In textual inversion (TI) [18], we learn a new word embedding (word token), vSo ,
for pseudo-word So, which represents a new concept from a small dataset. The
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dataset, (x, y) ⇠ DTI contains images, x, of that concept; and paired captions,
y, that are “A photo of So”. To learn the word embedding vSo , we use the LDM
loss as in Eq. (1), but replacing D with DTI , and optimizing only with respect
to vSo . Importantly, the diffusion model weights are frozen.

A recent work proposes the NeTI model [1], which includes many recent ad-
vances in textual inversion [19,72,77,91]. Instead of learning a single embedding
for So, it predicts an embedding for each UNet cross-attention layer, ` [73] and
for each noise step, t [20]; this representation space is denoted P⇤ [1]. NeTI
is implemented as a small neural network mapper, M conditioned on t and l.
The optimization of Eq. (1) is with respect to the weights of M [1]. Our work,
ViewNeTI, extends the NeTI architecture.

4 Method

Viewpoint Neural Textual Inversion (ViewNeTI) learns a ‘3D view token’ that
controls the viewpoint of objects in images generated by diffusion models; we
use it to evaluate the latent 3D representations in Stable Diffusion. We have two
training modes, depicted in Fig. 5.

In Sec. 4.1 we introduce single-scene optimization (Fig. 5a). We first explain
the architecture and training details of the neural mapper that predicts the view
token; then we cover the inference procedure for evaluating view generalization.
Next in Sec. 4.2 on multi-scene optimization, we describe a pretraining strategy
for learning a view token that generalizes to many scenes (Fig. 5b). To evaluate
the cross-scene generalization, we introduce two applications: 3D controlled text-
to-image generation, and single-image novel vew synthesis (NVS).

4.1 Single-scene Optimization and Viewpoint Generalization

As in Fig. 5a, the Mv network predicts the 3D view token, and we optimize it
from a small dataset of posed images on a single scene. This section explains
the camera representation, architecture, training strategy, and inference, which
allow evaluation of a continuous viewpoint control manifold in Stable Diffusion.

3D View / Pose Representation The view-mapper, Mv, is conditioned
on camera parameters, denoted Ri, for pose i, which can be any vector repre-
sentation of the camera extrinsics and intrinsics. In our experiments, we use the
camera-to-world projection matrix, and we normalize each matrix entry to the
range [�1, 1]. Our method is agnostic to the camera parameterization, and we
verify that our method also works with spherical coordinates in Appendix H.

The camera parameters, Ri, are passed through a Fourier-feature encoding
[48, 66] with bandwidth � = 0.5, which is necessary for the neural mappers
to learn a predictor that is sufficiently sensitive to small changes in camera
parameters; that is, it can represent high frequency changes in word embedding
space. The � parameter is fixed across our experiments: big enough to model
a diverse viewpoint range, but small enough to interpolate views (see Sec. 5.3
ablations).
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SR2

<latexit sha1_base64="c3xvJkrjCqC/5nUD0o1kccM0ssA=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PAi94imgckyzI76SRDZmeXmVkhLPkILx4U8er3ePNvnCR70MSChqKqm+6uMBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVKNgktsGG4EthOFNAoFtsLRzdRvPaHSPJaPZpygH9GB5H3OqLFS6yHIdOBOgnLFrbozkGXi5aQCOepB+avbi1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezcCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif10lN/9rPuExSg5LNF/VTQUxMpr+THlfIjBhbQpni9lbChlRRZmxCJRuCt/jyMmmeVb3L6sX9eaV2l8dRhCM4hlPw4ApqcAt1aACDETzDK7w5ifPivDsf89aCk88cwh84nz8oJY99</latexit>

Ss0

<latexit sha1_base64="YkTxdTQ/hTptg8o5lvrKBcZ1Tlc=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiTia1l047I++oC2hMl00g6dTMLMpFBC/sSNC0Xc+ifu/BsnbRbaemDgcM693DPHjzlT2nG+rdLK6tr6RnmzsrW9s7tn7x+0VJRIQpsk4pHs+FhRzgRtaqY57cSS4tDntO2Pb3O/PaFSsUg86WlM+yEeChYwgrWRPNt+9NJeiPXID9KHzHMzz646NWcGtEzcglShQMOzv3qDiCQhFZpwrFTXdWLdT7HUjHCaVXqJojEmYzykXUMFDqnqp7PkGToxygAFkTRPaDRTf2+kOFRqGvpmMg+pFr1c/M/rJjq47qdMxImmgswPBQlHOkJ5DWjAJCWaTw3BRDKTFZERlphoU1bFlOAufnmZtM5q7mXt4v68Wr8p6ijDERzDKbhwBXW4gwY0gcAEnuEV3qzUerHerY/5aMkqdg7hD6zPH5opk6c=</latexit>

SR1. A photo of a
<latexit sha1_base64="c3xvJkrjCqC/5nUD0o1kccM0ssA=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PAi94imgckyzI76SRDZmeXmVkhLPkILx4U8er3ePNvnCR70MSChqKqm+6uMBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVKNgktsGG4EthOFNAoFtsLRzdRvPaHSPJaPZpygH9GB5H3OqLFS6yHIdOBOgnLFrbozkGXi5aQCOepB+avbi1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezcCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif10lN/9rPuExSg5LNF/VTQUxMpr+THlfIjBhbQpni9lbChlRRZmxCJRuCt/jyMmmeVb3L6sX9eaV2l8dRhCM4hlPw4ApqcAt1aACDETzDK7w5ifPivDsf89aCk88cwh84nz8oJY99</latexit>

Ss0 . A photo of a
<latexit sha1_base64="c3xvJkrjCqC/5nUD0o1kccM0ssA=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PAi94imgckyzI76SRDZmeXmVkhLPkILx4U8er3ePNvnCR70MSChqKqm+6uMBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVKNgktsGG4EthOFNAoFtsLRzdRvPaHSPJaPZpygH9GB5H3OqLFS6yHIdOBOgnLFrbozkGXi5aQCOepB+avbi1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezcCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif10lN/9rPuExSg5LNF/VTQUxMpr+THlfIjBhbQpni9lbChlRRZmxCJRuCt/jyMmmeVb3L6sX9eaV2l8dRhCM4hlPw4ApqcAt1aACDETzDK7w5ifPivDsf89aCk88cwh84nz8oJY99</latexit>

Ss0 . A photo of a
<latexit sha1_base64="c3xvJkrjCqC/5nUD0o1kccM0ssA=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PAi94imgckyzI76SRDZmeXmVkhLPkILx4U8er3ePNvnCR70MSChqKqm+6uMBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVKNgktsGG4EthOFNAoFtsLRzdRvPaHSPJaPZpygH9GB5H3OqLFS6yHIdOBOgnLFrbozkGXi5aQCOepB+avbi1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezcCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif10lN/9rPuExSg5LNF/VTQUxMpr+THlfIjBhbQpni9lbChlRRZmxCJRuCt/jyMmmeVb3L6sX9eaV2l8dRhCM4hlPw4ApqcAt1aACDETzDK7w5ifPivDsf89aCk88cwh84nz8oJY99</latexit>

Ss0

<latexit sha1_base64="L4GtMCWDEFvIFpkBKVt3GiuGPcU=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiS+lwU3uquPPqAtYTKdtEMnkzAzKZSQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+b4MWdKO86XVVpaXlldK69XNja3tnfs3b2WihJJaJNEPJIdHyvKmaBNzTSnnVhSHPqctv3xde63J1QqFolHPY1pP8RDwQJGsDaSZ9sPXtoLsR75QXqfeaeZZ1edmjMD+kvcglShQMOzP3uDiCQhFZpwrFTXdWLdT7HUjHCaVXqJojEmYzykXUMFDqnqp7PkGToyygAFkTRPaDRTf26kOFRqGvpmMg+pFr1c/M/rJjq46qdMxImmgswPBQlHOkJ5DWjAJCWaTw3BRDKTFZERlphoU1bFlOAufvkvaZ3U3Iva+d1ZtX5b1FGGAziEY3DhEupwAw1oAoEJPMELvFqp9Wy9We/z0ZJV7OzDL1gf359Ok7A=</latexit>

SR3<latexit sha1_base64="PDPWC2ZTyYoj6Gj/8QEjjGLSEKQ=">AAAB6nicjVDJSgNBEK1xjXGLevTSGARPYUbcjkEvHiOaBZIh9HR6kibdPUN3jRCGfIIXD4p49Yu8+Td2loOKgg8KHu9VUVUvSqWw6Psf3sLi0vLKamGtuL6xubVd2tlt2CQzjNdZIhPTiqjlUmheR4GSt1LDqYokb0bDq4nfvOfGikTf4SjloaJ9LWLBKDrp1naDbqkcVPwpyN+kDHPUuqX3Ti9hmeIamaTWtgM/xTCnBgWTfFzsZJanlA1pn7cd1VRxG+bTU8fk0Ck9EifGlUYyVb9O5FRZO1KR61QUB/anNxF/89oZxhdhLnSaIddstijOJMGETP4mPWE4QzlyhDIj3K2EDaihDF06xf+F0DiuBGeV05uTcvVyHkcB9uEAjiCAc6jCNdSgDgz68ABP8OxJ79F78V5nrQvefGYPvsF7+wQLt42o</latexit>s1

<latexit sha1_base64="0Db+k6dC2P2YwRCHKYq+b6syAAo=">AAAB6nicjVDJSgNBEK1xjXGLevTSGARPYUbcjkEvHiOaBZIh9HR6kibdPUN3jRCGfIIXD4p49Yu8+Td2loOKgg8KHu9VUVUvSqWw6Psf3sLi0vLKamGtuL6xubVd2tlt2CQzjNdZIhPTiqjlUmheR4GSt1LDqYokb0bDq4nfvOfGikTf4SjloaJ9LWLBKDrp1nb9bqkcVPwpyN+kDHPUuqX3Ti9hmeIamaTWtgM/xTCnBgWTfFzsZJanlA1pn7cd1VRxG+bTU8fk0Ck9EifGlUYyVb9O5FRZO1KR61QUB/anNxF/89oZxhdhLnSaIddstijOJMGETP4mPWE4QzlyhDIj3K2EDaihDF06xf+F0DiuBGeV05uTcvVyHkcB9uEAjiCAc6jCNdSgDgz68ABP8OxJ79F78V5nrQvefGYPvsF7+wQKM42n</latexit>

s0

<latexit sha1_base64="rVpaJv6qClRDgGUNyZS2trsQ+9E=">AAAB6nicjVDJSgNBEK2JW4xb1KOXxiB4CjPidgx40VtcskAyhJ5OTdKkp2fo7hHCkE/w4kERr36RN//GniQHFQUfFDzeq6KqXpAIro3rfjiFhcWl5ZXiamltfWNzq7y909Rxqhg2WCxi1Q6oRsElNgw3AtuJQhoFAlvB6CL3W/eoNI/lnRkn6Ed0IHnIGTVWur3pub1yxau6U5C/SQXmqPfK791+zNIIpWGCat3x3MT4GVWGM4GTUjfVmFA2ogPsWCpphNrPpqdOyIFV+iSMlS1pyFT9OpHRSOtxFNjOiJqh/unl4m9eJzXhuZ9xmaQGJZstClNBTEzyv0mfK2RGjC2hTHF7K2FDqigzNp3S/0JoHlW90+rJ9XGldjWPowh7sA+H4MEZ1OAS6tAABgN4gCd4doTz6Lw4r7PWgjOf2YVvcN4+Adn5jY0=</latexit>

R0
<latexit sha1_base64="3ebaaLqxnrJJdLtobhRiM4gWXJY=">AAAB6nicjVDJSgNBEK2JW4xb1KOXxiB4CjPidgx40VtcskAyhJ5OT9Kkp2forhHCkE/w4kERr36RN//GniQHFQUfFDzeq6KqXpBIYdB1P5zCwuLS8kpxtbS2vrG5Vd7eaZo41Yw3WCxj3Q6o4VIo3kCBkrcTzWkUSN4KRhe537rn2ohY3eE44X5EB0qEglG00u1Nz+uVK17VnYL8TSowR71Xfu/2Y5ZGXCGT1JiO5yboZ1SjYJJPSt3U8ISyER3wjqWKRtz42fTUCTmwSp+EsbalkEzVrxMZjYwZR4HtjCgOzU8vF3/zOimG534mVJIiV2y2KEwlwZjkf5O+0JyhHFtCmRb2VsKGVFOGNp3S/0JoHlW90+rJ9XGldjWPowh7sA+H4MEZ1OAS6tAABgN4gCd4dqTz6Lw4r7PWgjOf2YVvcN4+Adt9jY4=</latexit>

R1
<latexit sha1_base64="DJMhk3qoD2KmW4j3auG70pKwa+I=">AAAB6nicjVDJSgNBEK2JW4xb1KOXxiB4CjPBqMeAF73FJQskQ+jp9CRNenqG7hohDPkELx4U8eoXefNv7CwHFQUfFDzeq6KqXpBIYdB1P5zc0vLK6lp+vbCxubW9U9zda5o41Yw3WCxj3Q6o4VIo3kCBkrcTzWkUSN4KRhdTv3XPtRGxusNxwv2IDpQIBaNopdubXqVXLHlldwbyNynBAvVe8b3bj1kacYVMUmM6npugn1GNgkk+KXRTwxPKRnTAO5YqGnHjZ7NTJ+TIKn0SxtqWQjJTv05kNDJmHAW2M6I4ND+9qfib10kxPPczoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp/C+EZqXsnZar1yel2tUijjwcwCEcgwdnUINLqEMDGAzgAZ7g2ZHOo/PivM5bc85iZh++wXn7BN0BjY8=</latexit>

R2

<latexit sha1_base64="bhm8VwbitvRkISleZ3VtA34M9Ck=">AAAB6nicjVDJSgNBEK2JW4xb1KOXxiB4CjMal2PAi97ikgWSIfR0apImPT1Dd48QhnyCFw+KePWLvPk3dpaDioIPCh7vVVFVL0gE18Z1P5zcwuLS8kp+tbC2vrG5Vdzeaeg4VQzrLBaxagVUo+AS64Ybga1EIY0Cgc1geDHxm/eoNI/lnRkl6Ee0L3nIGTVWur3pHneLJa/sTkH+JiWYo9Ytvnd6MUsjlIYJqnXbcxPjZ1QZzgSOC51UY0LZkPaxbamkEWo/m546JgdW6ZEwVrakIVP160RGI61HUWA7I2oG+qc3EX/z2qkJz/2MyyQ1KNlsUZgKYmIy+Zv0uEJmxMgSyhS3txI2oIoyY9Mp/C+ExlHZOy2fXFdK1at5HHnYg304BA/OoAqXUIM6MOjDAzzBsyOcR+fFeZ215pz5zC58g/P2Cd6FjZA=</latexit>

R3

<latexit sha1_base64="PDPWC2ZTyYoj6Gj/8QEjjGLSEKQ=">AAAB6nicjVDJSgNBEK1xjXGLevTSGARPYUbcjkEvHiOaBZIh9HR6kibdPUN3jRCGfIIXD4p49Yu8+Td2loOKgg8KHu9VUVUvSqWw6Psf3sLi0vLKamGtuL6xubVd2tlt2CQzjNdZIhPTiqjlUmheR4GSt1LDqYokb0bDq4nfvOfGikTf4SjloaJ9LWLBKDrp1naDbqkcVPwpyN+kDHPUuqX3Ti9hmeIamaTWtgM/xTCnBgWTfFzsZJanlA1pn7cd1VRxG+bTU8fk0Ck9EifGlUYyVb9O5FRZO1KR61QUB/anNxF/89oZxhdhLnSaIddstijOJMGETP4mPWE4QzlyhDIj3K2EDaihDF06xf+F0DiuBGeV05uTcvVyHkcB9uEAjiCAc6jCNdSgDgz68ABP8OxJ79F78V5nrQvefGYPvsF7+wQLt42o</latexit>s1

      . A photo of  
a statue

<latexit sha1_base64="ZYRkb14INanFOX86IqvXgGocBYM=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiTia1l047I++oC2hMl00g6dTMLMpFBC/sSNC0Xc+ifu/BsnbRbaemDgcM693DPHjzlT2nG+rdLK6tr6RnmzsrW9s7tn7x+0VJRIQpsk4pHs+FhRzgRtaqY57cSS4tDntO2Pb3O/PaFSsUg86WlM+yEeChYwgrWRPNt+9NJeiPXID9KHzHMyz646NWcGtEzcglShQMOzv3qDiCQhFZpwrFTXdWLdT7HUjHCaVXqJojEmYzykXUMFDqnqp7PkGToxygAFkTRPaDRTf2+kOFRqGvpmMg+pFr1c/M/rJjq47qdMxImmgswPBQlHOkJ5DWjAJCWaTw3BRDKTFZERlphoU1bFlOAufnmZtM5q7mXt4v68Wr8p6ijDERzDKbhwBXW4gwY0gcAEnuEV3qzUerHerY/5aMkqdg7hD6zPH5ikk6Y=</latexit>

SR0

<latexit sha1_base64="YopbrnJbECL8iApoSC9Ku3PE5zc=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBFclaT4Whbc6K4++oA2hMl00g6dTMLMpFBC/8SNC0Xc+ifu/BsnbRbaemDgcM693DMnSDhT2nG+rZXVtfWNzdJWeXtnd2/fPjhsqTiVhDZJzGPZCbCinAna1Exz2kkkxVHAaTsY3eR+e0ylYrF40pOEehEeCBYygrWRfNt+9LNehPUwCLOHqV+b+nbFqTozoGXiFqQCBRq+/dXrxySNqNCEY6W6rpNoL8NSM8LptNxLFU0wGeEB7RoqcESVl82ST9GpUfoojKV5QqOZ+nsjw5FSkygwk3lItejl4n9eN9XhtZcxkaSaCjI/FKYc6RjlNaA+k5RoPjEEE8lMVkSGWGKiTVllU4K7+OVl0qpV3cvqxf15pX5X1FGCYziBM3DhCupwCw1oAoExPMMrvFmZ9WK9Wx/z0RWr2DmCP7A+fwCdyZOv</latexit>

SR2

<latexit sha1_base64="YkTxdTQ/hTptg8o5lvrKBcZ1Tlc=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiTia1l047I++oC2hMl00g6dTMLMpFBC/sSNC0Xc+ifu/BsnbRbaemDgcM693DPHjzlT2nG+rdLK6tr6RnmzsrW9s7tn7x+0VJRIQpsk4pHs+FhRzgRtaqY57cSS4tDntO2Pb3O/PaFSsUg86WlM+yEeChYwgrWRPNt+9NJeiPXID9KHzHMzz646NWcGtEzcglShQMOzv3qDiCQhFZpwrFTXdWLdT7HUjHCaVXqJojEmYzykXUMFDqnqp7PkGToxygAFkTRPaDRTf2+kOFRqGvpmMg+pFr1c/M/rJjq47qdMxImmgswPBQlHOkJ5DWjAJCWaTw3BRDKTFZERlphoU1bFlOAufnmZtM5q7mXt4v68Wr8p6ijDERzDKbhwBXW4gwY0gcAEnuEV3qzUerHerY/5aMkqdg7hD6zPH5opk6c=</latexit>

SR1

<latexit sha1_base64="L4GtMCWDEFvIFpkBKVt3GiuGPcU=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiS+lwU3uquPPqAtYTKdtEMnkzAzKZSQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+b4MWdKO86XVVpaXlldK69XNja3tnfs3b2WihJJaJNEPJIdHyvKmaBNzTSnnVhSHPqctv3xde63J1QqFolHPY1pP8RDwQJGsDaSZ9sPXtoLsR75QXqfeaeZZ1edmjMD+kvcglShQMOzP3uDiCQhFZpwrFTXdWLdT7HUjHCaVXqJojEmYzykXUMFDqnqp7PkGToyygAFkTRPaDRTf26kOFRqGvpmMg+pFr1c/M/rJjq46qdMxImmgswPBQlHOkJ5DWjAJCWaTw3BRDKTFZERlphoU1bFlOAufvkvaZ3U3Iva+d1ZtX5b1FGGAziEY3DhEupwAw1oAoEJPMELvFqp9Wy9We/z0ZJV7OzDL1gf359Ok7A=</latexit>

SR3

<latexit sha1_base64="rVpaJv6qClRDgGUNyZS2trsQ+9E=">AAAB6nicjVDJSgNBEK2JW4xb1KOXxiB4CjPidgx40VtcskAyhJ5OTdKkp2fo7hHCkE/w4kERr36RN//GniQHFQUfFDzeq6KqXpAIro3rfjiFhcWl5ZXiamltfWNzq7y909Rxqhg2WCxi1Q6oRsElNgw3AtuJQhoFAlvB6CL3W/eoNI/lnRkn6Ed0IHnIGTVWur3pub1yxau6U5C/SQXmqPfK791+zNIIpWGCat3x3MT4GVWGM4GTUjfVmFA2ogPsWCpphNrPpqdOyIFV+iSMlS1pyFT9OpHRSOtxFNjOiJqh/unl4m9eJzXhuZ9xmaQGJZstClNBTEzyv0mfK2RGjC2hTHF7K2FDqigzNp3S/0JoHlW90+rJ9XGldjWPowh7sA+H4MEZ1OAS6tAABgN4gCd4doTz6Lw4r7PWgjOf2YVvcN4+Adn5jY0=</latexit>

R0
<latexit sha1_base64="3ebaaLqxnrJJdLtobhRiM4gWXJY=">AAAB6nicjVDJSgNBEK2JW4xb1KOXxiB4CjPidgx40VtcskAyhJ5OT9Kkp2forhHCkE/w4kERr36RN//GniQHFQUfFDzeq6KqXpBIYdB1P5zCwuLS8kpxtbS2vrG5Vd7eaZo41Yw3WCxj3Q6o4VIo3kCBkrcTzWkUSN4KRhe537rn2ohY3eE44X5EB0qEglG00u1Nz+uVK17VnYL8TSowR71Xfu/2Y5ZGXCGT1JiO5yboZ1SjYJJPSt3U8ISyER3wjqWKRtz42fTUCTmwSp+EsbalkEzVrxMZjYwZR4HtjCgOzU8vF3/zOimG534mVJIiV2y2KEwlwZjkf5O+0JyhHFtCmRb2VsKGVFOGNp3S/0JoHlW90+rJ9XGldjWPowh7sA+H4MEZ1OAS6tAABgN4gCd4dqTz6Lw4r7PWgjOf2YVvcN4+Adt9jY4=</latexit>

R1
<latexit sha1_base64="DJMhk3qoD2KmW4j3auG70pKwa+I=">AAAB6nicjVDJSgNBEK2JW4xb1KOXxiB4CjPBqMeAF73FJQskQ+jp9CRNenqG7hohDPkELx4U8eoXefNv7CwHFQUfFDzeq6KqXpBIYdB1P5zc0vLK6lp+vbCxubW9U9zda5o41Yw3WCxj3Q6o4VIo3kCBkrcTzWkUSN4KRhdTv3XPtRGxusNxwv2IDpQIBaNopdubXqVXLHlldwbyNynBAvVe8b3bj1kacYVMUmM6npugn1GNgkk+KXRTwxPKRnTAO5YqGnHjZ7NTJ+TIKn0SxtqWQjJTv05kNDJmHAW2M6I4ND+9qfib10kxPPczoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp/C+EZqXsnZar1yel2tUijjwcwCEcgwdnUINLqEMDGAzgAZ7g2ZHOo/PivM5bc85iZh++wXn7BN0BjY8=</latexit>

R2

<latexit sha1_base64="bhm8VwbitvRkISleZ3VtA34M9Ck=">AAAB6nicjVDJSgNBEK2JW4xb1KOXxiB4CjMal2PAi97ikgWSIfR0apImPT1Dd48QhnyCFw+KePWLvPk3dpaDioIPCh7vVVFVL0gE18Z1P5zcwuLS8kp+tbC2vrG5Vdzeaeg4VQzrLBaxagVUo+AS64Ybga1EIY0Cgc1geDHxm/eoNI/lnRkl6Ee0L3nIGTVWur3pHneLJa/sTkH+JiWYo9Ytvnd6MUsjlIYJqnXbcxPjZ1QZzgSOC51UY0LZkPaxbamkEWo/m546JgdW6ZEwVrakIVP160RGI61HUWA7I2oG+qc3EX/z2qkJz/2MyyQ1KNlsUZgKYmIy+Zv0uEJmxMgSyhS3txI2oIoyY9Mp/C+ExlHZOy2fXFdK1at5HHnYg304BA/OoAqXUIM6MOjDAzzBsyOcR+fFeZ215pz5zC58g/P2Cd6FjZA=</latexit>

R3

      . A photo of  
a statue

      . A photo of  
a statue

      . A photo of  
a statue

425

590

<latexit sha1_base64="ZYRkb14INanFOX86IqvXgGocBYM=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiTia1l047I++oC2hMl00g6dTMLMpFBC/sSNC0Xc+ifu/BsnbRbaemDgcM693DPHjzlT2nG+rdLK6tr6RnmzsrW9s7tn7x+0VJRIQpsk4pHs+FhRzgRtaqY57cSS4tDntO2Pb3O/PaFSsUg86WlM+yEeChYwgrWRPNt+9NJeiPXID9KHzHMyz646NWcGtEzcglShQMOzv3qDiCQhFZpwrFTXdWLdT7HUjHCaVXqJojEmYzykXUMFDqnqp7PkGToxygAFkTRPaDRTf2+kOFRqGvpmMg+pFr1c/M/rJjq47qdMxImmgswPBQlHOkJ5DWjAJCWaTw3BRDKTFZERlphoU1bFlOAufnmZtM5q7mXt4v68Wr8p6ijDERzDKbhwBXW4gwY0gcAEnuEV3qzUerHerY/5aMkqdg7hD6zPH5ikk6Y=</latexit>
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<latexit sha1_base64="YopbrnJbECL8iApoSC9Ku3PE5zc=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBFclaT4Whbc6K4++oA2hMl00g6dTMLMpFBC/8SNC0Xc+ifu/BsnbRbaemDgcM693DMnSDhT2nG+rZXVtfWNzdJWeXtnd2/fPjhsqTiVhDZJzGPZCbCinAna1Exz2kkkxVHAaTsY3eR+e0ylYrF40pOEehEeCBYygrWRfNt+9LNehPUwCLOHqV+b+nbFqTozoGXiFqQCBRq+/dXrxySNqNCEY6W6rpNoL8NSM8LptNxLFU0wGeEB7RoqcESVl82ST9GpUfoojKV5QqOZ+nsjw5FSkygwk3lItejl4n9eN9XhtZcxkaSaCjI/FKYc6RjlNaA+k5RoPjEEE8lMVkSGWGKiTVllU4K7+OVl0qpV3cvqxf15pX5X1FGCYziBM3DhCupwCw1oAoExPMMrvFmZ9WK9Wx/z0RWr2DmCP7A+fwCdyZOv</latexit>
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<latexit sha1_base64="YkTxdTQ/hTptg8o5lvrKBcZ1Tlc=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiTia1l047I++oC2hMl00g6dTMLMpFBC/sSNC0Xc+ifu/BsnbRbaemDgcM693DPHjzlT2nG+rdLK6tr6RnmzsrW9s7tn7x+0VJRIQpsk4pHs+FhRzgRtaqY57cSS4tDntO2Pb3O/PaFSsUg86WlM+yEeChYwgrWRPNt+9NJeiPXID9KHzHMzz646NWcGtEzcglShQMOzv3qDiCQhFZpwrFTXdWLdT7HUjHCaVXqJojEmYzykXUMFDqnqp7PkGToxygAFkTRPaDRTf2+kOFRqGvpmMg+pFr1c/M/rJjq47qdMxImmgswPBQlHOkJ5DWjAJCWaTw3BRDKTFZERlphoU1bFlOAufnmZtM5q7mXt4v68Wr8p6ijDERzDKbhwBXW4gwY0gcAEnuEV3qzUerHerY/5aMkqdg7hD6zPH5opk6c=</latexit>

SR1. A photo of a . A photo of a . A photo of a
<latexit sha1_base64="L4GtMCWDEFvIFpkBKVt3GiuGPcU=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiS+lwU3uquPPqAtYTKdtEMnkzAzKZSQP3HjQhG3/ok7/8ZJm4VWDwwczrmXe+b4MWdKO86XVVpaXlldK69XNja3tnfs3b2WihJJaJNEPJIdHyvKmaBNzTSnnVhSHPqctv3xde63J1QqFolHPY1pP8RDwQJGsDaSZ9sPXtoLsR75QXqfeaeZZ1edmjMD+kvcglShQMOzP3uDiCQhFZpwrFTXdWLdT7HUjHCaVXqJojEmYzykXUMFDqnqp7PkGToyygAFkTRPaDRTf26kOFRqGvpmMg+pFr1c/M/rJjq46qdMxImmgswPBQlHOkJ5DWjAJCWaTw3BRDKTFZERlphoU1bFlOAufvkvaZ3U3Iva+d1ZtX5b1FGGAziEY3DhEupwAw1oAoEJPMELvFqp9Wy9We/z0ZJV7OzDL1gf359Ok7A=</latexit>

SR3. A photo of a
<latexit sha1_base64="GgdV1nk41P8j70hyJ8uoEP7ey4w=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PAi94imgckyzI76SRDZmeXmVkhLPkILx4U8er3ePNvnCR70MSChqKqm+6uMBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVKNgktsGG4EthOFNAoFtsLRzdRvPaHSPJaPZpygH9GB5H3OqLFS6yHIdOBNgnLFrbozkGXi5aQCOepB+avbi1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezcCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif10lN/9rPuExSg5LNF/VTQUxMpr+THlfIjBhbQpni9lbChlRRZmxCJRuCt/jyMmmeVb3L6sX9eaV2l8dRhCM4hlPw4ApqcAt1aACDETzDK7w5ifPivDsf89aCk88cwh84nz8pqo9+</latexit>
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<latexit sha1_base64="GgdV1nk41P8j70hyJ8uoEP7ey4w=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PAi94imgckyzI76SRDZmeXmVkhLPkILx4U8er3ePNvnCR70MSChqKqm+6uMBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVKNgktsGG4EthOFNAoFtsLRzdRvPaHSPJaPZpygH9GB5H3OqLFS6yHIdOBNgnLFrbozkGXi5aQCOepB+avbi1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezcCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif10lN/9rPuExSg5LNF/VTQUxMpr+THlfIjBhbQpni9lbChlRRZmxCJRuCt/jyMmmeVb3L6sX9eaV2l8dRhCM4hlPw4ApqcAt1aACDETzDK7w5ifPivDsf89aCk88cwh84nz8pqo9+</latexit>
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<latexit sha1_base64="GgdV1nk41P8j70hyJ8uoEP7ey4w=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PAi94imgckyzI76SRDZmeXmVkhLPkILx4U8er3ePNvnCR70MSChqKqm+6uMBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVKNgktsGG4EthOFNAoFtsLRzdRvPaHSPJaPZpygH9GB5H3OqLFS6yHIdOBNgnLFrbozkGXi5aQCOepB+avbi1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezcCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif10lN/9rPuExSg5LNF/VTQUxMpr+THlfIjBhbQpni9lbChlRRZmxCJRuCt/jyMmmeVb3L6sX9eaV2l8dRhCM4hlPw4ApqcAt1aACDETzDK7w5ifPivDsf89aCk88cwh84nz8pqo9+</latexit>
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<latexit sha1_base64="GgdV1nk41P8j70hyJ8uoEP7ey4w=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PAi94imgckyzI76SRDZmeXmVkhLPkILx4U8er3ePNvnCR70MSChqKqm+6uMBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVKNgktsGG4EthOFNAoFtsLRzdRvPaHSPJaPZpygH9GB5H3OqLFS6yHIdOBNgnLFrbozkGXi5aQCOepB+avbi1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezcCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif10lN/9rPuExSg5LNF/VTQUxMpr+THlfIjBhbQpni9lbChlRRZmxCJRuCt/jyMmmeVb3L6sX9eaV2l8dRhCM4hlPw4ApqcAt1aACDETzDK7w5ifPivDsf89aCk88cwh84nz8pqo9+</latexit>
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<latexit sha1_base64="fwN6O40a8xJ7dQjF62nFLKYM75c=">AAACAnicbZDLSsNAFIZPvNZ6i7oSN4NFcFUS8bYsuNFdFXuBNoTJdNIOnVyYmRRKCG58FTcuFHHrU7jzbZy0EbT1h4GP/5zDnPN7MWdSWdaXsbC4tLyyWlorr29sbm2bO7tNGSWC0AaJeCTaHpaUs5A2FFOctmNBceBx2vKGV3m9NaJCsii8V+OYOgHuh8xnBCttueZ+N8Bq4PnpKHPTH77LXJa5ZsWqWhOhebALqEChumt+dnsRSQIaKsKxlB3bipWTYqEY4TQrdxNJY0yGuE87GkMcUOmkkxMydKSdHvIjoV+o0MT9PZHiQMpx4OnOfEk5W8vN/2qdRPmXTsrCOFE0JNOP/IQjFaE8D9RjghLFxxowEUzvisgAC0yUTq2sQ7BnT56H5knVPq+e3Z5WajdFHCU4gEM4BhsuoAbXUIcGEHiAJ3iBV+PReDbejPdp64JRzOzBHxkf33pBmCk=</latexit>vRi

<latexit sha1_base64="fwN6O40a8xJ7dQjF62nFLKYM75c=">AAACAnicbZDLSsNAFIZPvNZ6i7oSN4NFcFUS8bYsuNFdFXuBNoTJdNIOnVyYmRRKCG58FTcuFHHrU7jzbZy0EbT1h4GP/5zDnPN7MWdSWdaXsbC4tLyyWlorr29sbm2bO7tNGSWC0AaJeCTaHpaUs5A2FFOctmNBceBx2vKGV3m9NaJCsii8V+OYOgHuh8xnBCttueZ+N8Bq4PnpKHPTH77LXJa5ZsWqWhOhebALqEChumt+dnsRSQIaKsKxlB3bipWTYqEY4TQrdxNJY0yGuE87GkMcUOmkkxMydKSdHvIjoV+o0MT9PZHiQMpx4OnOfEk5W8vN/2qdRPmXTsrCOFE0JNOP/IQjFaE8D9RjghLFxxowEUzvisgAC0yUTq2sQ7BnT56H5knVPq+e3Z5WajdFHCU4gEM4BhsuoAbXUIcGEHiAJ3iBV+PReDbejPdp64JRzOzBHxkf33pBmCk=</latexit>vRi

<latexit sha1_base64="i36cQIzpo6dynX0OpfbFZp1sF8A=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBFclUR8LQtudFfBPqANYTKdtGMnkzAzKZSQP3HjQhG3/ok7/8ZJm4W2Hhg4nHMv98wJEs6Udpxva2V1bX1js7JV3d7Z3du3Dw7bKk4loS0S81h2A6woZ4K2NNOcdhNJcRRw2gnGt4XfmVCpWCwe9TShXoSHgoWMYG0k37b7EdajIMwmuZ8p/yn37ZpTd2ZAy8QtSQ1KNH37qz+ISRpRoQnHSvVcJ9FehqVmhNO82k8VTTAZ4yHtGSpwRJWXzZLn6NQoAxTG0jyh0Uz9vZHhSKlpFJjJIqda9ArxP6+X6vDGy5hIUk0FmR8KU450jIoa0IBJSjSfGoKJZCYrIiMsMdGmrKopwV388jJpn9fdq/rlw0WtcV/WUYFjOIEzcOEaGnAHTWgBgQk8wyu8WZn1Yr1bH/PRFavcOYI/sD5/AFwWlCs=</latexit>vsj
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<latexit sha1_base64="Kymy+o8k6gaRaO+hWll/QQgFcgs=">AAAB+HicbZDJSgNBEIZ7XGNcMurRS2MQPIUZcTsGvXiMYBbIDKGnU5M06VnorhHikCfx4kERrz6KN9/GTjIHTfyh4eOvKqr6D1IpNDrOt7Wyura+sVnaKm/v7O5V7P2Dlk4yxaHJE5moTsA0SBFDEwVK6KQKWBRIaAej22m9/QhKiyR+wHEKfsQGsQgFZ2isnl3xINVCGvRwCMh6dtWpOTPRZXALqJJCjZ795fUTnkUQI5dM667rpOjnTKHgEiZlL9OQMj5iA+gajFkE2s9nh0/oiXH6NEyUeTHSmft7ImeR1uMoMJ0Rw6FerE3N/2rdDMNrPxdxmiHEfL4ozCTFhE5ToH2hgKMcG2BcCXMr5UOmGEeTVdmE4C5+eRlaZzX3snZxf16t3xRxlMgROSanxCVXpE7uSIM0CScZeSav5M16sl6sd+tj3rpiFTOH5I+szx8vUpNy</latexit>✏✓

<latexit sha1_base64="jgnY2j86vFkTDsZjC609ZUgz/bQ=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiTia1nQhS6ECvYBbQiT6bQdOpmEmUmhhPyJGxeKuPVP3Pk3TtostPXAwOGce7lnThBzprTjfFulldW19Y3yZmVre2d3z94/aKkokYQ2ScQj2QmwopwJ2tRMc9qJJcVhwGk7GN/kfntCpWKReNLTmHohHgo2YARrI/m23QuxHhHM09vMTx9amW9XnZozA1ombkGqUKDh21+9fkSSkApNOFaq6zqx9lIsNSOcZpVeomiMyRgPaddQgUOqvHSWPEMnRumjQSTNExrN1N8bKQ6VmoaBmcxzqkUvF//zuokeXHspE3GiqSDzQ4OEIx2hvAbUZ5ISzaeGYCKZyYrICEtMtCmrYkpwF7+8TFpnNfeydvF4Xq3fF3WU4QiO4RRcuII63EEDmkBgAs/wCm9War1Y79bHfLRkFTuH8AfW5w/EM5PI</latexit>
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<latexit sha1_base64="BHeJFW9AysGRl54ryn2/RjY4rgY=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PAi94imgckS5id9CZDZmeXmVkxLPkELx4U8eoXefNvnCR70GhBQ1HVTXdXkAiujet+OYWl5ZXVteJ6aWNza3unvLvX1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hoauq3HlBpHst7M07Qj+hA8pAzaqx099hze+WKW3VnIH+Jl5MK5Kj3yp/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiRVfokjJUtachM/TmR0UjrcRTYzoiaoV70puJ/Xic14aWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyX9I8qXrn1bPb00rtJo+jCAdwCMfgwQXU4Brq0AAGA3iCF3h1hPPsvDnv89aCk8/swy84H98Ph42w</latexit>x0
<latexit sha1_base64="hmTvwsWxs/a1/r1hSZWRbIELato=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PAi94imgckS5id9CZDZmeXmVkxLPkELx4U8eoXefNvnCR70GhBQ1HVTXdXkAiujet+OYWl5ZXVteJ6aWNza3unvLvX1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hoauq3HlBpHst7M07Qj+hA8pAzaqx099jzeuWKW3VnIH+Jl5MK5Kj3yp/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiRVfokjJUtachM/TmR0UjrcRTYzoiaoV70puJ/Xic14aWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyX9I8qXrn1bPb00rtJo+jCAdwCMfgwQXU4Brq0AAGA3iCF3h1hPPsvDnv89aCk8/swy84H98RC42x</latexit>x1

<latexit sha1_base64="skOAhb/jKN3fpicdMD71IkFfbJg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKewGX8eAF71FNA9IljA76SRDZmeXmVkxLPkELx4U8eoXefNvnCR70MSChqKqm+6uIBZcG9f9dnIrq2vrG/nNwtb2zu5ecf+goaNEMayzSESqFVCNgkusG24EtmKFNAwENoPR9dRvPqLSPJIPZhyjH9KB5H3OqLHS/VO30i2W3LI7A1kmXkZKkKHWLX51ehFLQpSGCap123Nj46dUGc4ETgqdRGNM2YgOsG2ppCFqP52dOiEnVumRfqRsSUNm6u+JlIZaj8PAdobUDPWiNxX/89qJ6V/5KZdxYlCy+aJ+IoiJyPRv0uMKmRFjSyhT3N5K2JAqyoxNp2BD8BZfXiaNStm7KJ/fnZWqt1kceTiCYzgFDy6hCjdQgzowGMAzvMKbI5wX5935mLfmnGzmEP7A+fwBEo+Nsg==</latexit>x2
<latexit sha1_base64="5PNmfBepSuncZqUONxJ39Mt6isw=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKez6Pga86C2ieUCyhNlJJxkyO7vMzIphySd48aCIV7/Im3/jJNmDJhY0FFXddHcFseDauO63k1taXlldy68XNja3tneKu3t1HSWKYY1FIlLNgGoUXGLNcCOwGSukYSCwEQyvJ37jEZXmkXwwoxj9kPYl73FGjZXunzqnnWLJLbtTkEXiZaQEGaqd4le7G7EkRGmYoFq3PDc2fkqV4UzguNBONMaUDWkfW5ZKGqL20+mpY3JklS7pRcqWNGSq/p5Iaaj1KAxsZ0jNQM97E/E/r5WY3pWfchknBiWbLeolgpiITP4mXa6QGTGyhDLF7a2EDaiizNh0CjYEb/7lRVI/KXsX5fO7s1LlNosjDwdwCMfgwSVU4AaqUAMGfXiGV3hzhPPivDsfs9ack83swx84nz8UE42z</latexit>x3

<latexit sha1_base64="jgnY2j86vFkTDsZjC609ZUgz/bQ=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiTia1nQhS6ECvYBbQiT6bQdOpmEmUmhhPyJGxeKuPVP3Pk3TtostPXAwOGce7lnThBzprTjfFulldW19Y3yZmVre2d3z94/aKkokYQ2ScQj2QmwopwJ2tRMc9qJJcVhwGk7GN/kfntCpWKReNLTmHohHgo2YARrI/m23QuxHhHM09vMTx9amW9XnZozA1ombkGqUKDh21+9fkSSkApNOFaq6zqx9lIsNSOcZpVeomiMyRgPaddQgUOqvHSWPEMnRumjQSTNExrN1N8bKQ6VmoaBmcxzqkUvF//zuokeXHspE3GiqSDzQ4OEIx2hvAbUZ5ISzaeGYCKZyYrICEtMtCmrYkpwF7+8TFpnNfeydvF4Xq3fF3WU4QiO4RRcuII63EEDmkBgAs/wCm9War1Y79bHfLRkFTuH8AfW5w/EM5PI</latexit>
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<latexit sha1_base64="CBJ+QxrgSClAZqOVn6XZxU2jMcY=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUnE17LgRhdCBfuANoTJdNKOnTyYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1zvJgzqSzr2ygtLa+srpXXKxubW9s7ZnW3LaNEENoiEY9E18OSchbSlmKK024sKA48Tjve+DL3Ow9USBaFd2oSUyfAw5D5jGClJdes9gOsRgTz9CZzU+neZ65Zs+rWFGiR2AWpQYGma371BxFJAhoqwrGUPduKlZNioRjhNKv0E0ljTMZ4SHuahjig0kmn0TN0qJUB8iOhX6jQVP29keJAykng6ck8qJz3cvE/r5co/8JJWRgnioZkdshPOFIRyntAAyYoUXyiCSaC6ayIjLDAROm2KroEe/7Li6R9XLfP6qe3J7XGdVFHGfbhAI7AhnNowBU0oQUEHuEZXuHNeDJejHfjYzZaMoqdPfgD4/MH5geUdA==</latexit>

Msj

Fig. 5: Training procedure for the ‘3D view token’ in Viewpoint Neural Textual Inver-
sion (ViewNeTI), our method for evaluating 3D representations in the word embedding
space of frozen diffusion models. (a) To optimize a single scene (Sec. 4.1), we have (top)
a small multi-view dataset, DMV with images, xi, and camera poses, Ri. We create a
caption for each image, with a token SRi for each view, Ri. Bottom: the embedding
for SRi is vRi and is predicted with a neural network Mv, conditioned on camera
parameters, Ri, as well as the diffusion timestep t, and UNet layer `. All parameters
are encoded by a Fourier feature mapper, � [66]. The other tokens take their regular
word embeddings. The prompt is passed to the CLIP text encoder [47], then the text
embedding is passed to the UNet via cross-attention [52]. We do diffusion model train-
ing on this dataset while optimizing only Mv (this is textual inversion training [1,18]).
(b) To optimize multiple scenes (Sec. 4.2), we have a multi-view dataset with multiple
scenes but shared camera poses Ri. The optimization is the same, except each scene,
sj , has its own scene token Ssj in the caption. The view tokens, SRi are shared over
the scenes. The embedding for Ssj is vsj and is predicted by a scene-mapper, Msj ,
conditioned on timestep, t and UNet layer, `. The Mv and Msj are jointly optimized.

ViewNeTI Mapper Architecture The Mv mapper is also conditioned
on the denoising timestep and diffusion UNet layer, (t, `). This improves textual
inversion reconstruction quality and optimization convergence because different
timesteps and UNet layers control different image features; for example, small t
denoising steps control finer texture details rather than layout and shape [1,73].
The (t, `) parameters are also passed through Fourier encoding with bandwidths
� = (0.03, 2) that are fixed for all experiments. Formally, let the Fourier feature
encoding function [48,66] be �(·). We concatenate the conditioning parameters
and pass them through the fourier encoding, c� = �([t, `,R]). We fix the encod-
ing dimension to 64. The 3D view token is then predicted by the view-mapper:

vR = Mv(c�). (2)

The output, vR, has the same dimension as the text encoder, which is 768 in
SD2 [52]. We parameterize Mv as a 2-layer MLP with 64 dimensions, LayerNorm
[4], and LeakyRelu [79], and it has 140,000 parameters. Finally, we scale the
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embedding, vR, to have the same L2 norm as the word embedding for the word,
‘object’ (the choice of this word is not important in practice).

Single-Scene Training We have a small (< 10) dataset called DMV with
multi-view images, xi, with known camera pose parameters, Ri. We do not have
prior 3D supervision from other multi-view datasets. As in Fig. 5a, we generate
captions of the form y(SRi) =“SRi . a photo of a <word>”, where ‘<word>’
is manually chosen to match the scene, e.g. ‘statue’ (the choice of this word
is not important in practice). We generate the prompt embedding and replace
the y(SRi) embedding with vRi as described earlier. The rest follows the regular
Stable Diffusion forward pass: pad the prompt embedding to 77 sequence length,
pass it through the CLIP text encoder, then cross-attend that sequence with the
UNet [52].

We optimize the weights of Mv with the loss in Eq. (1), except we replace
D with DMV . Intuitively, we learn text tokens that, when conditioning diffusion
model generation, reproduce training images with the correct camera pose.

We apply simple augmentations to images, similar to [39]. This helps the
accuracy of TI for small training datasets, as we show in Sec. 5.3 ablations. We
also do text prompt augmentations that are standard in textual inversion [18].
See Appendix C for details.

Single-scene inference To generate novel views we simply use the same
prompt: “SR. a photo of a <word>”, except when generating the view token,
vR for SR, we pass new camera parameters, R to the view-mapper, Mv. We then
run diffusion model generation with DPMSolver [36, 37, 62] for 50 steps to get
the final image with the viewpoint of R. A key observation is that since we can
run inference on continuous camera parameters, then Mv learns a continuous
3D-control manifold; we discuss this further in Sec. 5.1.

4.2 Multi-Scene Optimization and Scene Generalization

As in Fig. 5b, we pretrain the Mv network — a predictor of the ‘view token’ —
across multiple scenes. This section explains the pretraining of Mv, and its two
applications: view-controlled text-to-image-generation, and novel view synthesis
(NVS). These applications allow evaluation of a generalized viewpoint control
manifold in Stable Diffusion.

Pre-training Now we have images, xij , with known camera poses, Rij ,
for views i and scenes j (Fig. 5b). The multi-view datasets should have dense
coverage of the view space, which we visualize in Appendix E. For each scene,
sj , we define a scene token, Ssj . Now we create a text prompt for each image:
y(SRi , Ssj ) =“SRi . a photo of a Ssj ”. Similar to the view token, each scene
token, Ssj , has a scene-mapper Msj , which predicts a word embedding for the
scene, vsj . The scene-mapper is identical to the view-mapper, Mv, but without
camera viewpoint conditioning; to improve object reconstruction quality, we also
add output bypass [1], explained in Appendix L.

The training is the same as the single-scene case, except now we sample
over the multi-scene dataset, and we jointly optimize a single view-mapper Mv,
with multiple scene mappers, Msj . The learned view-mapper, Mv, predicts a
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3D view token for controlling viewpoint across multiple scenes; it projects into
a semantically-disentangled view-control manifold. To test the quality of this
generalization, we propose two applications.

Application 1: View-Controlled Text-to-Image Generation Content
creation via text-to-image diffusion is a popular application, and one research
direction seeks to control certain properties in generated images [22, 89]. The
pretrained view-mapper can control the viewpoint in new objects by adding the
view token to text prompts, for example “SRi . A brown teddy bear”, where the
embedding for SRi is predicted by Mv. Then, the text encoder conditions the
standard diffusion generation.

Application 2: Novel View Synthesis In novel view syntehsis (NVS), we
have a dataset of images of a scene with known camera parameters, (xi,Ri) ⇠
DMV . To apply ViewNeTI to NVS, we construct a prompt to match the pre-
training: “SRi . a photo of a Ssj ” where SRi is predicted by our pretrained view-
mapper, Mv, and we create a new scene mapper, Msj , for Ssj . Then, we simply
optimize the new scene-mapper, Msj , on this scene’s images with the same
objective used in pretraining, Eq. (1).

Our results in Sec. 5.2 focus on NVS from a single image. Here, the method
is the same as the general NVS method, just using a single input image.

5 Results

Our experiments investigate implicit 3D scene representations in the Stable Dif-
fusion representation space by learning a continuous ‘3D view token’ for con-
trolling 3D viewpoint in generated images. In Sec. 5.1, we examine the first
case: a view token optimized for a single scene, which shows strong evidence
for a continuous view control manifold. In Sec. 5.2, we report results of pre-
training a more general view token for many scenes. To show its generalization
properties, we use the view token in two applications: view-controlled text-to-
image generation, and single-image novel view synthesis. They show evidence for
a semantically-disentangled view control manifold. Together, these view-control
mechanisms effectively control the ‘rendering viewpoint’ in image generations,
and suggest the existence of an implicit 3D scene representation in diffusion
models.

5.1 Single-Scene Optimization and Viewpoint Generalization

Dataset We evaluate on DTU [28], a multi-view dataset of real-world objects
with challenging details. We use the train-test splits for camera views used in
the literature for sparse-view novel view synthesis [14, 84] (training set sizes 1,
3, 6, and 9). The splits are visualized in Appendix F.

Evidence for a Continuous View Manifold For single-scene optimiza-
tion, Fig. 6 visualizes the train and test views, as well as predictions for test
views. (See Appendix D for results on more scenes.). The green test views
marked ‘interpolation’ are qualitatively good novel view predictions (Fig. 6b);
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Interpolation
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Input views
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532

4
0
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Fig. 6: Evidence for a continuous view-control manifold in Stable Diffusion by training
ViewNeTI on a single scene (Sec. 5.1). (a) the camera positions for DTU scene 114
[28] visualized with Nerfstudio [67] and SDFStudio [85]. We show training views from
the 6-view split (blue), inference views that are ‘interpolated’ from the input (green),
and inference views that are ‘extrapolated’ (red). (b) the interpolated inference views
are predicted correctly, showing that the word embedding space has a continuous view-
control manifold. (c) inference on extrapolated views does not work; the semantics are
good but the poses are wrong. This is only relevant to view-synthesis applications, and
our pretraining strategy in Sec. 5.2 can address it.

here ‘interpolation’ means convex combinations of the camera parameters in
spherical coordinates. Therefore the view-mapper, Mv, predicts a subspace in
the Stable Diffusion text input space that changes the rendering viewpoint of a
3D scene with consistent semantics. The view-mapper has most likely discovered
a pre-existing 3D control manifold in the latent space, rather than learning a
new control mechanism. This is because the only 3D data the view-mapper has
been trained on is six images, but it is able to generalize to new views. Further,
since this single token can change 3D ‘rendering’ viewpoint, it is likely that a
3D scene representation exists in Stable Diffusion.

There are limitations to this finding. First — as a minor point, and from an
applications perspective — novel view predictions do not extrapolate (Fig. 6c).
Second, and more significantly, this view-control manifold is specific to a partic-
ular scene. The next results section seeks a more general view-control manifold.

5.2 Multi-scene Optimization and Scene Generalization

Pretraining We pretrain the view-mapper, Mv, as described in Sec. 4.2 using
the 88 train scenes from DTU chosen by [84]. The pretraining takes one day on
one Titan RTX. We validate the pretraining reconstructions in Fig. 19.

View-Controlled Text-to-Image-Generation In Fig. 7a, we show ex-
amples of using ViewNeTI to control the viewpoint of images in text-to-image
generation. The object semantics are consistent across views, and using our con-
ditioning adds negligible runtime to generation. Since the example images are
outside the semantic distribution of the DTU training dataset, we claim this
is evidence that the view token is at least somewhat general and semantically
disentangled. Having said that, there is least some entanglement with the style
of the training dataset, since generated images have similar backgrounds.

Single Image Novel View Synthesis To do single-image NVS, we take the
frozen view-mapper, Mv, and fine-tune a scene-mapper, Msj , on a new scene (as
in Sec. 4.2) that has a different object class. This takes one hour on one Titan
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Text-to-image prompt: “     . A small white dog”

Text-to-image prompt: “     . A brown teddy bear”

Input: 1 or more views Output: novel view synthesis samples

Reference poses for       from a training scene

550

205

(a)  Application 1: view-controlled t2i generation (b)  Application 2: novel view synthesis from few views

(a) (b)
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SRi

Fig. 7: We train a view-token, SRi , for controlling viewpoint in all scenes (semantic-
disentanglement), and these two applications asses that generalization ability (discus-
sion in Sec. 5.2). (a) In text-to-image generation, the view token, SRi is added to a
text prompt to generate objects not in the train set. We create prompts for three view-
points by varying the camera parameters, Ri — the columns are the same view. The
bottom row has renders from a training scene: they are a reference showing how the
different columns should be oriented relative to each other. (b) In novel view synthesis,
the pretrained view token, SRi , is used for generating novel views from few images,
including from only one image. The object classes are not in the pretraining set.

RTX. We show single-view NVS predictions for selected scenes in Fig. 7b, and
all DTU test scenes in Appendix Fig. 11. Since these new scenes are different
classes, this further supports that the view token has learned a more general
notion of viewpoint — that it has discovered a semantically disentangled view-
control manifold. Still, we have not tested complete generality, since the test
scenes are in the same ‘style’ as the training scenes: they have small numbers of
objects with a similar background.

Similar to the single-scene results in Sec. 5.1, we conclude that this token
can change 3D ‘rendering’ viewpoint for multiple scenes, giving further evidence
that a 3D scene representation exists in Stable Diffusion. As a final point, the
learned scene tokens, Ssj behave as 3D scene representations, since they capture
the semantics of their respective scenes.

Single image Novel View Synthesis Baseline Comparisons Finally,
we do further analysis on the single-image novel view synthesis (NVS) applica-
tion, since it is a significant and challenging task. First, note that multi-scene
pretraining has resolved the extrapolation issue identified in the single-scene case
in Fig. 6c. In Fig. 8, we compare NVS predictions against baselines using the
same challenging evaluation scenes and views chosen by [14]. The first 3 methods
[14, 76, 84] use an explicit 3D scene representation — a NeRF — which ensures
consistent scene geometry, but they have blurriness and artifacts that commonly
appear under sparse supervision [43, 84], and they have errors in the semantic
details. We also compare against Zero-1-to-3 [33], which uses a diffusion model
without explicit scene geometry, and find that it does not make reasonable pre-
dictions on DTU. This is probably because the DTU images are too different
from the training distribution of centered 3D assets on white backgrounds [13].

On the other hand, our ViewNeTI predictions, while sometimes hallucinating
object details, do generate photorealistic images with plausible semantics and
little blurriness. The images are highly photorealistic because they are gener-
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Table 1: Single-image novel view synthesis metrics on DTU. The best score is in bold,
and second best is underlined. (Discussion in Sec. 5.2)

Method LPIPS # SSIM " PSNR "

NeRF [76] 0.703 0.286 8.000
pixelNeRF [84] 0.515 0.564 16.048
SinNeRF [80] 0.525 0.560 16.520
NerDi [14] 0.421 0.465 14.472
ViewNeTI (ours) 0.378 0.516 10.947

ated by a pretrained and frozen diffusion model that we leverage as a strong
prior. Moreover, ViewNeTI can generalize to the test scenes that are different
classes from the pretraining scenes. Quantitatively, we compare LPIPS, SSIM,
and PSNR against baselines in Tab. 1, which is standard in NVS. Our approach
is state-of-the-art for LPIPS, and near state-of-the art for SSIM, which is con-
sistent with the strong photorealism results we see in Fig. 8. Overall, ViewNeTI
has strong performance in single-view NVS despite not having many compo-
nents that are typically required in NVS applications: it has no large multi-view
datasets, no explicit 3D representation, and no task-specific 3D regularizations.

GT

NeRF

PixelNeRF

NeRDi

Zero-1-to-3

Novel views Novel views Novel views

340

650

ViewNeTI (ours)

Fig. 8: Qualitative comparison of single-view novel view synthesis on DTU [28]. Our
method has good photorealism and semantics compared to baselines (see Sec. 5.2).

5.3 Ablations

The key design decision is training the view-mapper Mv, and we show qualitative
results on ablations in Appendix B. This shows that the key design choices are the
frequency of the positional encoding and the text embedding norm scaling. The
image augmentation strategy is also essential to avoiding degenerate solutions.

6 Limitations and Future Work

Our first key result shows that Stable Diffusion has a continuous view-control
manifold in the text space (Sec. 5.1), however our approach is only qualitative.
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We cannot provide metrics to, for example, compare the quality of 3D represen-
tations between different diffusion models. One approach would be to measure
view synthesis reconstruction accuracy, however this may not be convincing if
the optimal design parameters for ViewNeTI differ between architectures.

Our second key result was evidence for a semantically-disentangled view-
control manifold (Sec. 5.1), but our results show that the view-token is not
fully-general. In particular, the text-to-image generations have some semantic
entanglement with the style of the pre-training scenes, and the view synthesis
results have some errors and hallucinations. Future work could pre-train on a
larger corpus, and consider strategies like staged training, so that the object
token is learned before the view token (similar to [10]).

Our view-control tokens were learned on the DTU camera coordinates (vi-
sualized in Fig. 18), which cover part of the surface of a sphere. Future work
could investigate a large space of camera parameters, for example on datasets
with buildings or outdoor scenes.

Since we focus on understanding representations in frozen models, there is
significant opportunity to build on applications. Two directions just mentioned
— better disentanglement, and larger camera parameter space — would improve
the quality of both view-controlled text-to-image generation and NVS. For NVS
in particular, ViewNeTI has errors in object details, such as small textures in
the building scene (Fig. 11, row 2). It also makes errors in the precise object
pose. Together, the PSNR is below SOTA in Tab. 1. Reconstruction quality is
an active area of research in textual inversion [1] and advances there should be
transferable to ViewNeTI. Another approach that is likely to work is full-model
finetuning, for example with LORA [26].

7 Conclusions

In this study, we discovered a 3D view-control token in Stable Diffusion; this view
token controls rendering perspective in a scene, suggesting that diffusion models
embed some 3D scene representation. The question of scene understanding in
diffusion models has received attention recently [9,57,87], and our work provides
a constructive proof, as well as the first evidence that the text space can do 3D
control via cross-attention, similar to how it does 2D layout control [22].

With the release of impressive text-to-video models [5, 23], similar questions
are being asked: can 2D only models learn to represent 3D geometry and physics?
Approaches like ours can help to understand these questions.

Beyond interpretability of 3D scene representations, a popular research direc-
tion is using 2D models as a prior for 3D applications [33,46]. This is appealing
because 2D data is easier to acquire than 3D data. We believe that methods like
ours offer a path to improving data efficiency of 3D methods by tapping into
the 3D understanding implicitly learned by 2D-only models. For example, our
single-image NVS application required 3D pre-training on fewer than 100 scenes,
compared with competing methods like Zero-1-to-3 that use over 100,000 scenes.
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