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Figure 1. Realiz3D is a framework that leverages both real and synthetic data to train diffusion models that generate photorealistic images
while faithfully adhering to input conditions and maintaining 3D consistency. Shown are two representative applications: text-to-multiview
generation (left) and multiview texturing (right). Compared to standard fine-tuning on mixed real and synthetic data, Realiz3D produces
noticeably more realistic results while preserving geometric fidelity across views. The prompts shown are (left) “a fluffy cat”, “a panda
bear, sitting”; (right) “a slice of creamy cheesecake with a cherry on top”, “a cow with black and white patterns”. Best viewed zoomed in.

Abstract

We often aim to generate images that are both photoreal-
istic and 3D-consistent, adhering to precise geometry, ma-
terial, and viewpoint controls. Typically, this is achieved
by fine-tuning an image generator, pre-trained on billions
of real images, using renders of synthetic 3D assets, where
annotations for control signals are available. While this ap-
proach can learn the desired controls, it often compromises
the realism of the images due to domain gap between pho-
tographs and renders. We observe that this issue largely
arises from the model learning an unintended association
between the presence of control signals and the synthetic

appearance of the images. To address this, we introduce
Realiz3D, a lightweight framework for training diffusion
models, that decouples controls and visual domain. The key
idea is to explicitly learn visual domain, real or synthetic,
separately from other control signals by introducing a co-
variate that, fed into small residual adapters, shifts the do-
main. Then, the generator can be trained to gain controlla-
bility, without fitting to specific visual domain. In this way,
the model can be guided to produce realistic images even
when controls are applied. We enhance control transfer-
ability to the real domain by leveraging insights about roles
of different layers and denoising steps in diffusion-based
generators, informing new training and inference strategies

1

https://idosobol.github.io/realiz3d/


that further mitigate the gap. We demonstrate the advan-
tages of Realiz3D in tasks as text-to-multiview generation
and texturing from 3D inputs, producing outputs that are
3D-consistent and photorealistic.

1. Introduction

While diffusion-based image generators have made signif-
icant progress in recent years, it remains challenging to
equip them with precise 3D controls to ensure that images
conform to prescribed geometry, material, and viewpoint
specifications. The latter is important, or even crucial, in
many applications. For example, image generators are of-
ten used to guide 3D content generation [2, 21, 32, 37, 44] in
an attempt to sidestep the lack of large-scale 3D datasets to
train such models directly. There is no lack of data to train
image generators; however, their application to 3D genera-
tion requires the ability to control geometry and viewpoint,
which is not natively supported by most image generators.

The main challenge in training image generators with 3D
controls is that real images lack 3D-like annotations such as
geometry, materials, and cameras. Thus, the usual strategy
is to pre-train the model on billions of real images and then
fine-tune it on a relatively small number of renders of syn-
thetic 3D assets, for which 3D annotations can be easily ob-
tained. However, such renders are far from photorealistic,
resulting in a severe domain gap compared to real images.
Ultimately, this leads to an undesirable trade-off between
realism learned from real images and controllability learned
from synthetic 3D data. We study this problem and identify
a key cause for the degradation in realism: when fine-tuning
on synthetic data, the model tends to associate the presence
of 3D controls with the synthetic look of the correspond-
ing images. In other words, the control signals leak domain
identity, so that, when controls are given at inference, the
model also makes the image look synthetic.

To address this problem, we introduce Realiz3D, a
lightweight framework for fine-tuning image generators
with 3D control, while preserving photorealism. We do so
by decoupling domain identity from control signals. In the
first stage, before learning the desired 3D controls, we learn
a separate binary control for visual domains, indicating the
model to operate in real or synthetic mode. Domain signal
is integrated through Domain Shifters, lightweight residuals
that shift the generation toward the desired visual domain.

After the first stage, we introduce the desired 3D con-
trol signals (e.g., one or multiple viewpoints, normal maps,
or other cues), using the synthetic samples for supervision.
Although 3D annotations are available only for synthetic
data, the Domain Shifter have already learned to disentangle
visual domains as a co-variate introduced before, reducing
domain leakage. At inference, we can operate in the “real
mode”, while providing the model with 3D control signals,
yielding results that are both realistic and controllable.

To achieve effective transfer of control to the real do-
main, while maintaining realism, we leverage insights into
the roles of different network layers and denoising steps
in diffusion-based image generators. As observed be-
fore [16, 23, 38], early network layers and denoising steps
predominantly determine the structure of the generated im-
age, whereas later layers and steps determine its detailed ap-
pearance. Realiz3D exploits this by allowing synthetic data
to influence early layers and denoising steps more strongly,
while real data has a stronger effect on later ones.

Together, these stages encourage domain-agnostic be-
havior, enabling effective transfer of control to real domain.

To summarize, our contributions are threefold:
1. A flexible and general recipe for tuning diffusion models

on controllable yet domain-shifted datasets, while main-
taining the realistic prior of the base model.

2. A new domain-shifting adapter design that separates do-
main identity from control signals and prevents domain
leakage during fine-tuning.

3. A layer-aware training and sampling strategy that pro-
gressively unifies feature spaces, enabling realistic
and controllable generation for tasks such as text-to-
multiview and texturing from 3D inputs.

2. Related Work
Control in Image and 3D Generation. While the qual-
ity of image generators has improved dramatically in recent
years, control is equally important in applications. Many
have thus sought to augment image generators with con-
trol signals like depth or normal maps, semantic masks,
camera viewpoints, or human poses, to enable conditional
generation. These methods typically inject control into
pre-trained models and fine-tune to achieve controllabil-
ity [15, 17, 25, 45]. Learning 3D controls (e.g., depth maps,
normals, or multiple viewpoints) [19, 22, 31, 32, 41] re-
quires data annotated with this information, which is diffi-
cult to obtain in the real world. Hence, authors often use
synthetic data, for example by rendering assets in large-
scale 3D model collections like Objaverse [6, 7]. However,
fine-tuning a model on synthetic data can affect realism,
‘forgetting’ the look of real images. Various approaches
were proposed to mitigate forgetting, including LoRA lay-
ers [14], adapters and ControlNet modules [45], or sim-
ply by ‘replaying’ real data while fine-tuning on synthetic
data [32].

Training Adapters To Mitigate domain Gaps. Won-
der3D [22] jointly generates multiview RGB images and
corresponding normal maps by introducing a domain
switcher that modifies the model’s existing conditioning
mechanism. A 1D domain vector is concatenated with the
timestep embedding and learned jointly with the model.
However, this method does not explicitly enforce consis-
tency between the generated image and its normal map, re-
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lying instead on synthetic paired data and cross-domain at-
tention. Similarly, we learn domain embeddings to guide
the model towards one of multiple domains. Unlike [22],
we neither modify the existing conditioning mechanism nor
rely on paired data. Moreover, since both realistic and syn-
thetic domains are well represented in T2I models, jointly
training the adapters with the model may cause it to collapse
into two modes (controllable and synthetic, vs realistic and
uncontrollable). AnimateDiff [12] adapts T2I models for
video generation using video data, which is often lower
quality than image datasets. They train domain adapters,
implemented as LoRA layers, to first fit the noisy domain
using video frames, then freeze the adapters while training
the model on videos. The adapters are removed at infer-
ence. We also use a multi-stage training procedure, but fit-
ting an adapter to the synthetic domain is ineffective, as the
“undesired” domain is already encoded in the base model’s
weights. Still-Moving [4] trains temporal attention blocks
to adapt a T2I model for video generation, and then reuses
them in a customized T2I model. To align the temporal
blocks’ outputs with the model’s distribution, they intro-
duce Spatial Adapters implemented as linear projections.

3. Diffusion Models and Domain Gaps

We consider image generators based on denoising diffu-
sion [34] and summarize key findings from the literature.

Timesteps and Domain Gaps. In denoising diffusion
models, sampling evolves through timesteps t = T, T −
1, . . . , 0. Starting from XT ∼ N (0, I), a neural network
Φ iteratively denoises Xt at each timestep to generate a
clean data sample X0. Previous studies [24, 27, 33, 42,
43] show that early timesteps (t≈T ) primarily establish
low-frequency structure of generated samples, while later
timesteps (t≈ 0) determine high-frequency details. For-
mally, consider two marginal distributions q(X real

t ) and
q(Xsyn

t ) obtained by noising real and synthetic distributions
p(X real) and p(Xsyn). In the limit of t = T , both distribu-
tions converge to the same Gaussian distribution, thus are
equal. SDEdit [24] adds noise to a non-realistic image, and
denoises with a pre-trained diffusion model, to produce a
realistic image that preserves the structure. [5] shows that
noisy data can be used for training at early timesteps.

Layers and Domain Gaps. The level of details across gen-
eration in diffusion models is not only linked to the timestep
t, but also to the layers of the underlying denoising neural
network. [16, 23, 36, 38] have studied the feature maps
computed by different layers of UNet-based diffusion mod-
els. UNet [30] is a hierarchical encoder-decoder architec-
ture with skip connections. The encoder extracts progres-
sively coarser structures, while the decoder upsamples and
combines features to integrate both coarse and fine-grained
information in the output. [38] shows that low-resolution

UNet features capture rough 2D shapes and low-frequency
patterns, while high-resolution features encode textures and
fine details. [23] demonstrates that feature maps capture
progressively finer details as denoising advances. Others
have noted similar patterns in denoising diffusion trans-
formers [16], and in vision transformers in general [1, 11].

In this work, we leverage these insights by enforcing 3D
controls in earlier layers of a diffusion transformer [26],
while allowing deeper layers to maintain realism.

4. Method
Problem Formulation. We aim to train a controllable dif-
fusion model capable of generating V ≥ 1 photorealistic
and 3D-consistent views {xvreal}Vv=1, conditioned on one or
more spatial control signals c, such as per-view normal or
depth maps. Formally, the model learns the conditional dis-
tribution qθ

(
{xvreal}Vv=1 | c

)
that generates realistic and con-

trolled samples, geometrically consistent across views.
To achieve this, we assume access to a text condi-

tioned image generator qψ
(
xreal) pre-trained on real images

and two complementary data sources: a synthetic dataset
{{xvsyn}Vv=1, c}, rendered from 3D assets that provide accu-
rate supervision for the control signal c (e.g., camera pose,
normals); and a real dataset {xreal,∅}, composed of diverse
natural images with null control signal c = ∅.

Method Overview. We train an image generator for multi-
view synthesis by extending its single-view output to a grid
representation [2, 31], where multiple views are spatially
tiled, and self-attention operates between all views. For real
data, we form grids of arbitrary images and restrict attention
to operate within each view (single-image mode) [32].

The naı̈ve approach of fine-tuning qθ on synthetic data
{{xvsyn}Vv=1, c} alone can successfully learn the control sig-
nal c, but may catastrophically forget the appearance of re-
alistic images due to overfitting to synthetic images. Mixed-
domain training, which mixes the real data without control
signal with the synthetic data, mitigates, but does not fully
resolve the forgetting issue, as shown in Tab. 1. We hypoth-
esize that, since only the synthetic samples carry non-null
control, the model implicitly associates the very presence
of c ̸= ∅ with the synthetic domain, causing leakage of
synthetic appearance whenever control is applied.

To address this issue, we explicitly separate domain
identity from the control signal by introducing a co-variate
edomain ∈ {ereal, esyn}, injected into the model via our Do-
main Shifters (Fig. 2). In stage 1, we freeze the diffusion
backbone and train only the Domain Shifters to distinguish
between real and synthetic data under null control, learn-
ing qθ(x | edomain,∅), so that the model internalizes the
notion of domain independently of control. In stage 2, we
introduce control conditioning (available only for synthetic
data) and fine-tune the shared backbone to follow it, model-
ing qθ({xv}Vv=1 | edomain, c). Utilizing the Domain Shifters,
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Figure 2. Method overview. Realiz3D introduces Domain Shifters, lightweight residual adapters that learn visual domain identity (real vs.
synthetic) independently of control signals, enabling the model to learn controllability without compromising realism. (top left) A Domain
Shifter encodes domain identity as a low-rank residual added to latent features (Sec. 4.1). (top right) Stage 1: Domain Shifters are trained
with mixed real and synthetic data under null control while the base model is frozen, learning domain separation (Sec. 4.1). (bottom)
Stage 2: The diffusion model is fine-tuned for controllable generation using both domains (Sec. 4.2). (bottom left) Synthetic samples teach
controllability under the synthetic mode. (bottom right) Real samples (without control) are used for Representation Binding—combining
(1) Layer-Aware Training, which freezes some early layers to preserve structure while updating later, appearance-related ones, and (2)
Domain Reassignment, which occasionally reuses the synthetic mode in early layers to transfer control to the real domain. Throughout all
stages of training, we rely solely on the standard diffusion loss

we propose a Representation Binding strategy that ensures
that controllability learned on synthetic data transfers effec-
tively to the realistic domain.
Throughout the training, we rely solely on the standard dif-
fusion loss. The diffusion objective is used to train our Do-
main Shifters in Stage 1 and the DiT backbone in Stage 2.
At inference time, setting edomain = ereal with c ̸= ∅ enables
the model to generate realistic yet controllable images.

4.1. Decoupling Domain from Control with Domain
Shifters (Stage 1)

Given an image generator based on denoising diffusion,
we denote by X ∈ Rd the latent representation entering
a diffusion block. A Domain Shifter module D consists
of two learnable domain embeddings, esyn, ereal ∈ Rd, and
a shared low-rank transformation that maps these embed-
dings into the model’s latent space by applying a domain-
specific residual adapter (See top row in Fig. 2):

X̃ = X +D(domain) = X +WleftWright edomain,

where Wleft ∈ Rd×r and Wright ∈ Rr×d define a rank-r
mapping with r ≪ d.
The embedding is added to all tokens within the block, act-
ing as a low-rank bias that modulates activations accord-
ing to domain identity. Analogous to LoRA-style adapters,

this low-rank residual provides sufficient capacity to tra-
verse nearby modes in latent space [29] while maintaining
stability and efficiency. In stage 1 (Fig. 2, top right) we
freeze the diffusion backbone and optimize only Domain
Shifters using both real and synthetic images with null con-
trol c = ∅. We operate in single-image mode, restricting
attention to operate within each view only. Since both do-
mains already reside within the pre-trained model’s feature
space, these lightweight low-rank residuals suffice to cap-
ture domain identity explicitly (further discussion is in the
Appendix). Then, the model cleanly separates visual do-
mains from control signals, laying the foundation for con-
trollable cross-domain generation in stage 2.

4.2. Fine-tuning with Representation Binding
(Stage 2)

Backbone Fine-Tuning. To gain controllability without
hindering realism, in stage 2 we propose a strategy for fine-
tuning the diffusion backbone while keeping the Domain
Shifters frozen. A straightforward approach is to fine-tune
the backbone with synthetic data only, while switching the
Domain Shifters to synthetic mode, relying on the shared
backbone to transfer controllability to real images.

At generation, however, we observe that when switching
Domain Shifters to real mode, control signal is not always

4



respected, and generated samples may still appear synthetic.
We attribute this to: (1) Forgetting of realism: the back-
bone drifts toward synthetic statistics since fine-tuning up-
dates are applied only to synthetic data (see ablation 2 in
Tab. 2); and (2) Partial control transfer: control transfer-
ability is merely emergent. Without access to samples with
both edomain = ereal and c ̸= ∅, the shared model lacks expe-
rience applying control under real-domain conditions again
fitting to the synthetic distribution.

Both factors highlight the need for domain-agnostic be-
havior in the shared model. To that end, we reintroduce real
data for training during Stage 2, and propose a strategy that
leverages the model’s internal feature hierarchy to enable
robust transfer of control to the real domain.

Bridging Unpaired Domains through Feature Space. To
address both challenges, we observe that early diffusion
layers tend to be domain-agnostic: capturing coarse struc-
ture and low-frequency content, shared across real and syn-
thetic images (Sec. 3). Later layers, in contrast, refine
high-frequency appearance, where domain gap is more pro-
nounced. By leveraging early layers as a bridge, we can
explicitly bind both domains in feature space, promoting
transfer of controllability from synthetic to real data while
preserving visual fidelity. Building on this, we introduce
two complementary strategies, shown in Fig. 2 (bottom),
that operationalize this principle: one preserves realism,
and another enhances control transferability to real domain.
(1) Preserving Realism with Layer-Aware Training. To
prevent forgetting of realism, we incorporate real samples
into training, inspired by [32]. However, since real images
lack explicit control supervision, naı̈vely training on them
could interfere with the model’s ability to respect the control
signal learned from synthetic data. Guided by our observa-
tion that early layers are largely domain-agnostic and struc-
ture related, we update the model with real samples only
in the later diffusion blocks, those primarily responsible for
appearance refinement, while keeping early blocks frozen.
This ensures that training on real data does not disturb the
control-related representations formed in early layers.

When processing real samples, Domain Shifters oper-
ate in real mode, allowing the model to maintain realistic
appearance statistics without altering the shared structural
pathway. Concretely, during each real-data training itera-
tion, we freeze DiT blocks B ∈ [0, Bi], where i is an integer
block index randomly drawn from [0, τB ] (see Fig. 2, bot-
tom right). This stochastic layer-freezing regularizes early
representations, without requiring a fixed cutoff.
(2) Enhancing Control Transferability via Domain Re-
assignment. To further promote control transfer, we intro-
duce Domain Reassignment. With probability pB , we reas-
sign early DiT blocks (B ∈ [0, Bj ], j is an integer, sampled
from [0, τB ]) to operate in synthetic mode even when pro-
cessing real samples; that is, we substitute edomain ← esyn in

the corresponding Domain Shifters (Fig. 2, bottom right).
This asymmetric design integrates real samples into the syn-
thetic feature space, rather than the other way around, since
the synthetic domain is the one endowed with explicit con-
trol supervision. Consequently, early layers learn shared
structural representations that carry controllability, while
later layers remain anchored to real-domain appearance.
These components, shown in Fig. 2, form our Representa-
tion Binding strategy: a soft feature-space alignment, pre-
serving realism while encouraging control transfer.

4.3. Inference-time Domain Shifting
At inference time, thanks to the control transfer estab-
lished during fine-tuning, one can simply switch the domain
adapter to the real mode (edomain = ereal) and provide a con-
trol condition c ̸= ∅. The model then generates outputs that
are both realistic in appearance and faithful to the specified
control. Yet, we can do even better. While this setup already
enables controllable generation in real domain, we find that
the control signal can be further strengthened without sacri-
ficing realism. As noted in Sec. 4.2, samples generated with
edomain = esyn tend to follow the control c more faithfully,
as the synthetic domain is directly supervised for control.

At inference, we adopt a partial, non-stochastic do-
main reassignment: pre-defined selected early layers and
timesteps are set to synthetic mode (edomain = esyn), while
later layers and timesteps remain in real mode. The con-
figuration is tuned once, and not per example. As early lay-
ers primarily capture coarse, domain-agnostic structure, this
hybrid configuration allows users to rebalance realism and
controllability at test time without additional training. Fur-
ther details and tuning strategy appear in the Appendix.

5. Experiments
We demonstrate the effectiveness of Realiz3D on Multiview
Texturing and Text-to-Multiview Generation.

Datasets. Synthetic Data: We use an internal dataset of
120K synthetic 3D assets, with their textual descriptions.
Each asset is rendered from V = 4 viewpoints, with nor-
mal and position maps. Real Data: While we could use
the training data of the base model, we simply use images
generated by the base model itself. We use the textual de-
scriptions from the synthetic dataset as prompts, ensuring
fairness, and generate V photorealistic images per prompt
with white background. The synthetic and real datasets are
matched in size. Evaluation Data: To evaluate our method,
we use 40 3D objects, from Sketchfab, used and reported
in [2], along with prompts describing the original object and
texture. We create synthetic data (via rendering) and realis-
tic data (by generating realistic images with the T2I model
and text prompts) for the evaluation objects.

Implementation Details. We leverage an internal pre-
trained text-to-image diffusion transformer, whose architec-
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ture follows [26] and performance is comparable to other
diffusion transformers such as Stable Diffusion 3 [9]. For
all tasks, we fine-tune the model to generate a 2 × 2 image
grid of V = 4 orthogonal views, each at 512× 512 resolu-
tion. Full implementation details are in the Appendix.

Baselines. We compare Realiz3D to three categories of
adaptation techniques, trained under identical settings us-
ing the same base model and data. Then, we evaluate Re-
aliz3D against pretrained models, producing multiview im-
ages from text. While we do not have access to their training
data, they serve as reference points for assessing Realiz3D
relative to state-of-the-art performance.
Full Fine-Tuning: All base model’s parameters are trained.
(1) Using synthetic samples only (Syn only). (2) Using syn-
thetic and realistic samples [32], evenly (Syn + Real).
Lightweight Fine-Tuning: Only a small set of parameters
is trained to retain the base model’s prior, using synthetic
data only. (3) Training LoRA layers [14], added to each
transform in all attention layers. (4) Training linear adapter
layers, added before each DiT block, implemented as the
product of two low-rank matrices, inspired by [25].
Adapter-based Methods: We evaluate methods, discussed in
Sec. 2, that propose adapters to bridge domain gaps, and ad-
just them as necessary to tackle synthetic-to-real adaptation.
(5) Domain Adapters [12]. (6) Spatial Adapter [4], applied
similarly to [12] using linear adapter layers. For (3)-(6) we
test two common ranks: 32 and 128, and show results with
rank 32. (7) Two variants of Domain Switcher [22]: one
with the switcher trained jointly with the model [22], and
another trained separately in a two-stage manner.
Training-Free Methods: We evaluate SDEdit [24] for mul-
tiview applications, using t = 500 (See Appendix).
Pretrained (Text-to-Multiview). We evaluate the realism of
TRELLIS [40], a recent 3D-native model.

5.1. Multiview Texturing
Task Definition. Given a set of V ≥ 1 aligned normal
maps {cnormal}V0 and position maps {cposition}V0 , our goal
is to generate 3D-consistent images {xRGB}V0 matching the
given geometry, thus learning the conditional distribution
q({xRGB}V0 |{cnormal}V0 , {cposition}V0 ).
Implementation Details: Following previous works, nor-
mal and position maps are encoded using the model’s VAE,
and are channel-concatenated to the noisy latent.
Metrics. 3D Consistency: Following prior works, we back-
project the generated images onto their mesh and project the
same views, reporting PSNR, SSIM [39] and LPIPS [46]
between generated and re-projected views.
Prior Preservation: We compare our generated views to a
set of realistic images generated by the base T2I model us-
ing the same prompts, and report FIDB and KIDB .
Real-World Realism: Prior preservation metrics assess real-
ism but rely on synthesized data. We compare our generated

views to real-world images from ImageNet [8], selected
from categories best fitting the evaluation objects (further
details in the Appendix). We report FIDI and KIDI .
Text-Image Alignment: We report CLIP score. The prompts
describe the original texture, and do not require realism.
Quantitative Evaluation. Main results in Tab. 1 demon-
strate that control and realism typically trade off. Realiz3D
uniquely achieves strong performance in both. Still, while
Realiz3D achieves strong results with notably improved re-
alism, its adherence to control remains slightly lower than
fully synthetic baselines. We attribute this to: (1) 3D consis-
tency metrics are sensitive to fine-grained details—typically
absent in synthetic data—that require precise pixel-level
consistency; (2) Lack of realism can occasionally manifest
in unrealistic geometry, causing Realiz3D to deviate from
the signal in favor of photorealism; (3) Inconsistent appear-
ance may result from the base model’s lighting bias.
Qualitative Evaluation. We present visual examples of
generated textures in Fig. 1 and Fig. 3. Only the best-
performing baselines are shown in the main paper. Full and
additional results appear in the Appendix. To showcase 3D
consistency, meshes textured with our generated images ap-
pear on our project page.
Ablation Study. We firstly verify the importance of our
two-stage training, and of using real data at stage 2. Addi-
tionally, to assess each component’s contribution, we eval-
uate Realiz3D by gradually adding them, showing that each
enhances controllability with minimal compromise to real-
ism, and that all together yield the best overall performance.
Full results of the ablation study are reported in Tab. 2.

5.2. Text-to-Multiview Generation
Task Definition. Given a set of V ≥ 1 camera viewpoints
{cview}V0 , our goal is to generate 3D-consistent images
{xRGB}V0 matching the given views, thus learning the con-
ditional distribution q({xRGB}V0 |{cview}V0 ).
Implementation Details: We generate images in a grid of
four fixed viewpoints, where camera viewpoint information
is injected via positional encoding into the latent samples.
Metrics. 3D Consistency: We lift our generated multiview
to 3D using a pre-trained LGM model [37]. We measure re-
projection error and report PSNR, SSIM and LPIPS. Prior
Preservation: FIDB and KIDB . Real-World Realism:
FIDI and KIDI . Text-Image Alignment: CLIP score.
Quantitative Evaluation. Main results appear in Tab. 3,
using the prompts from the Evaluation Data described ear-
lier. While Realiz3D significantly improves realism, its
3D consistency remains slightly lower than fully synthetic
baselines. As with texturing, 3D consistency is sensitive
to fine-grained details, and lighting bias in the base model
may cause inconsistencies. For pretrained models, we re-
port realism-related metrics in Tab. 3. Their performance is
comparable or worse than our fully synthetic baseline, vali-
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Table 1. Multiview Texturing: Quantitative Results. Realiz3D achieves significantly improved realism while maintaining 3D consis-
tency comparable to the synthetic-only baseline (top row).

Method 3D Consistency Prior Preservation Real-World Realism Text Align

PSNR ↑ SSIM ↑ LPIPS ↓ FIDB ↓ KIDB ↓ FIDI ↓ KIDI ↓ CLIP ↑
Full

Tuning
Syn Only 25.76 0.9269 0.0831 168.21 0.0240 218.29 0.0431 0.2628

Syn + Real 25.63 0.9260 0.0833 164.37 0.0226 214.84 0.0411 0.2629

Light
Tuning

LoRA (rank 32 / 128) 21.88 / 22.12 0.9012 / 0.9033 0.1027 / 0.1014 151.97 / 155.65 0.0157 / 0.0168 204.80 / 207.69 0.0324 / 0.0339 0.2682 / 0.2680
Linear Adapters (rank 32 / 128) 22.49 / 22.87 0.9069 / 0.9088 0.0959 / 0.0967 154.16 / 156.07 0.0186 / 0.0189 210.44 / 213.50 0.0372 / 0.0379 0.2678 / 0.2671

Train Free SDEdit 22.21 0.9013 0.1169 147.06 0.0149 204.35 0.0327 0.2672

Adapters

Domain Adapter (rank 32 / 128) 25.61 / 25.60 0.9266 / 0.9264 0.0843 / 0.0848 164.17 / 163.64 0.0223 / 0.0220 215.80 / 215.28 0.0408 / 0.0398 0.2610 / 0.2608
Spatial Adapter (rank 32 / 128) 24.91 / 24.86 0.9200 / 0.9198 0.0858 / 0.0863 155.71 / 153.35 0.0197 / 0.0181 210.62 / 208.64 0.0393 / 0.0343 0.2634 / 0.2636

Domain Switcher (2-Stage) 24.94 0.9193 0.0888 157.89 0.0185 210.18 0.0350 0.2644
Domain Switcher (Joint) 23.16 0.9069 0.0991 145.48 0.0156 205.08 0.0335 0.2663

Ours 24.78 0.9153 0.0865 141.90 0.0121 200.24 0.0291 0.2674

Table 2. Ablation Study. (top rows) The impact of our two-stage training and using real data at Stage 2. (bottom rows) The contribution
of Realiz3D components: Layer-Aware Training (LA Train), Domain Reassignment (Reassign), and inference shifting (Sampling).

# Method Training 3D Consistency Prior Preservation Real-World Realism Text Align

PSNR ↑ SSIM ↑ LPIPS ↓ FIDB ↓ KIDB ↓ FIDI ↓ KIDI ↓ CLIP ↑

(1) DiT + DS Joint 25.53 0.9267 0.0850 166.93 0.0234 216.63 0.0424 0.2624
(2) DiT + DS (w/o real data at Stage 2) 2-Stage 25.11 0.9232 0.0849 162.02 0.0220 212.86 0.0395 0.2656

(3) DiT + DS 2-Stage 23.97 0.9123 0.0897 137.23 0.0098 198.44 0.0258 0.2695
(4) DiT + DS + Sampling 2-Stage 24.25 0.9128 0.0883 141.99 0.0123 202.07 0.0293 0.2679
(5) DiT + DS + Reassign 2-Stage 24.18 0.9125 0.0877 139.21 0.0102 198.71 0.0265 0.2678
(6) DiT + DS + Reassig + Sampling 2-Stage 24.37 0.9130 0.0871 141.08 0.0117 199.33 0.0289 0.2670
(7) DiT + DS + LA Train + Reassign 2-Stage 24.52 0.9141 0.0870 141.20 0.0118 199.39 0.0290 0.2675
(8) Ours (DS + LA Train + Reassign + Sampling) 2-Stage 24.78 0.9153 0.0865 141.90 0.0121 200.24 0.0291 0.2674

Figure 3. Multiview Texturing: Qualitative Results. Prompts: ”A man with dark, short beard”, ”A standing red pepper”, ”A brown
barn chicken”, respectively. All prompts are appended with “highly photorealistic and detailed”. Red, dashed circles highlight inconsistent
regions (either with the geometry or with other views). Realiz3D achieves significant improvements in photorealism while remaining
3D-consistent and faithful to the geometric conditions. Only normal maps are shown due to limited space. Best viewed zoomed in.
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Table 3. Text-to-Multiview Generation: Quantitative Results. Realiz3D achieves significantly improved realism while maintaining 3D
consistency comparable to the synthetic-only baseline (top row).

Method 3D Consistency Prior Preservation Real-World Realism Text Align

PSNR ↑ SSIM ↑ LPIPS ↓ FIDB ↓ KIDB ↓ FIDI ↓ KIDI ↓ CLIP ↑
Full

Tuning
Syn Only 19.66 0.8779 0.0964 168.60 0.0204 215.57 0.0363 0.2541

Syn + Real 19.37 0.8714 0.1017 164.44 0.0192 214.72 0.0361 0.2586

Light
Tuning

LoRA (rank 32 / 128) 17.54 / 17.91 0.8548 / 0.8568 0.1222 / 0.1186 153.89 / 154.11 0.0125 / 0.0131 204.14 / 206.68 0.0264 / 0.0269 0.2563 / 0.2579
Linear Adapters (rank 32 / 128) 18.07 / 18.38 0.8603 / 0.8690 0.1223 / 0.1191 152.21 / 155.40 0.0127 / 0.0150 204.02 / 208.78 0.0256 / 0.03133 0.2583 / 0.2526

Train Free SDEdit 18.46 0.8431 0.1232 139.18 0.0112 199.67 0.0263 0.2609

Pretrained TRELLIS (large) - - - 181.92 0.0275 224.22 0.0441 0.2495

Adapters

Domain Adapter (rank 32 / 128) 19.27 / 19.02 0.8655 / 0.8621 0.1076 / 0.1082 158.52 / 157.45 0.0164 / 0.0163 212.00 / 210.67 0.0308 / 0.0313 0.2607 / 0.2601
Spatial Adapter (Rank 32 / 128) 18.48 / 18.36 0.8422 / 0.8350 0.1216 / 0.1234 132.48 / 130.25 0.0072 / 0.0071 200.38 / 199.46 0.0212 / 0.0205 0.2633 / 0.2638

Domain Switcher (2-Stage) 18.56 0.8481 0.1134 153.36 0.0146 208.14 0.0303 0.2587
Domain Switcher (Joint) 17.67 0.8010 0.1290 129.56 0.0061 197.11 0.0180 0.2629

Ours 19.02 0.8631 0.1075 122.01 0.0056 196.01 0.0171 0.2643

Figure 4. Text-to-Multiview: Qualitative Results. “A cute corgi dog”, “A delicious ripe banana”, “A rhino with thick gray skin”, each
prompt was appended with “highly photorealistic and detailed”. Red circles/squares highlight inconsistent regions/incorrect viewpoints,
respectively. Realiz3D achieves notable improvements in photorealism while maintaining strong 3D consistency. Best viewed zoomed in.

dating our conclusions, and the effectiveness of Realiz3D.
Qualitative Evaluation. We present visual examples in
Fig. 1 and Fig. 4. Only best-performing and external base-
lines are shown in the main paper. Full comparisons and
additional results appear in the Appendix.

6. Conclusions, Limitations and Future Work
We introduced Realiz3D, a fine-tuning strategy for diffu-
sion models that enables controllability from synthetic data
while preserving photorealism of the base model. Realiz3D
is built on three key innovations: Domain Shifters, designed
to learn separable visual domains; layer-aware training pro-
cess, which maintains realism without sacrificing controlla-
bility; and domain reassignment, which improves control

transfer to real domain. A domain-aware sampling process
boosts performance at test time. Our work marks a signifi-
cant step toward photorealistic 3D generation. Limitations.
While Realiz3D significantly improves realism, a small gap
in control adherence remains (Sec. 5). Key factors are: (1)
3D consistency is sensitive to fine-grained details; (2) Do-
main gaps can occasionally manifest in geometry, not just
appearance; (3) The base model’s lighting bias can cause
inconsistent appearance (failure cases are in the Appendix).
Advances in relighting [3, 18, 20] open promising avenues
to address this. In addition, Realiz3D is currently designed
to support control signals that are largely domain-agnostic,
as text or geometric signals. This may limit direct applica-
bility to other types of conditions, as images.
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A. Feature Maps in Diffusion Models
A.1. Motivation
As thoroughly discussed in the Diffusion Models and Do-
main Gaps section (Section 3) of the main paper, prior
works has shown that visual details evolve throughout
the denoising process in diffusion models, both across
timesteps and across layers of the neural network. Building
on studies that analyze diffusion features [16, 38], we ex-
amine and visualize the internal representations of our dif-
fusion transformer backbone over the course of denoising.

To do so, we first generate diverse prompts describ-
ing random objects in random styles (e.g., photorealistic,
cartoon, watercolor, anime, comic, etc.) using an LLM.
We then synthesize images from these prompts using our
base DiT text-to-image model, running generation with 20
DDIM steps.

During generation, we extract intermediate feature maps
at multiple timesteps and layers of the network. We apply
PCA to these features and visualize the resulting compo-
nents as RGB images, presented in Fig. 5. Importantly,
PCA is computed independently for each timestep–layer
pair, so the colors are not consistent across timesteps or lay-
ers. Concretely, we extract features at four timesteps (800,
700, 500, and 200, with T = 1000) and at three layers cor-
responding to the beginning, middle, and end of the model.
Let NB denote the total number of DiT blocks.

We present the PCA-reduced features in Fig. 5. The
figure comprises four vertically stacked subfigures, where
each subfigure shows features from different layers at a
fixed timestep. Within each subfigure, rows follow the or-
der of the network depth. The top row shows features from
an early layer in the architecture, and the bottom row shows
features from a later layer. Similarly, the ordering of the
subfigures follows the denoising schedule: the top subfig-
ure corresponds to an early timestep at sampling (where
the noise level is highest), and the bottom subfigure cor-
responds to a late timestep (where the noise level is lowest).

As shown in the figure, when the noise level is high,
the features primarily capture coarse and structural informa-
tion, which is largely domain-agnostic. As the noise level
decreases, the features increasingly reflect high-frequency
patterns and fine-grained details.

The denoising layers exhibit a similar trend: early layers
encode coarse structural patterns, shared between synthetic
and real data, whereas later layers capture fine details.

A.2. Case Study: Layer-Selective Training in 2D
Image Generation

As discussed above and on the main paper, early layers
in the diffusion transformer network usually correspond to
structural and coarse patterns, while later laters capture fine-
details and high-frequency patterns. We leverage this obser-
vation in our proposed Layer-Aware Training, where real
data affect later layer more strongly and synthetic data has
a stronger influence of the early layers.

Before developing our Layer-Aware Training strategy,
we conducted a proof-of-concept experiment for image gen-
eration, to test whether this insight could be used during
training to gain controllability from synthetic data while
preserving realism from real data. The results are shown
in Fig. 6.

We conducted the proof-of-concept experiment using
two equal-sized datasets: one synthetic and one realis-
tic. The synthetic images were rendered from 3D assets,
while the realistic images were generated by a T2I model
using prompts describing similar objects, augmented with
the phrases “highly realistic” and “white background” ap-
pended to each prompt.

We fine-tuned the base DiT T2I model in two ways.
First, we fine-tuned it solely on synthetic data. Second,
we applied a layer-selective strategy: the first 50% of
DiT blocks were fine-tuned on synthetic data (while the
later blocks were frozen), and the remaining 50% were
fine-tuned on realistic data (while the early blocks were
frozen). Although both approaches caused the model to
shift toward object-centric generation with white back-
grounds, the layer-Selective strategy consistently preserves
the base model’s realistic prior more effectively than the
full-synthetic baseline, as shown in Fig. 6. While a sim-
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Figure 5. Diffusion features, extracted from our base T2I model at different timesteps and layers during the generation process. We
visualize the first three PCA components as RGB images. See Sec. A.1 for additional details and analysis.
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“A monkey, holding a 
banana”

“A woman with blonde hair, 
dressed in a pink shirt and jeans”

“A rock covered in green 
moss”

Synthetic 

Data

Only

Layer-

Selective

Training

Figure 6. Layer-Selective Training. Training early blocks on synthetic data and later blocks on real data enables the model to learn
controllable properties from synthetic data while maintaining photorealism. See further details in Sec. A.2.

ilar experiment was done with timestep-selective training,
we found the layer-selective approach to be more stable and
robust.

This proof-of-concept experiment provides the core mo-
tivation and inspiration for the layer-aware training ap-
proach described in the main paper.

B. Method

In this section, we provide additional information and im-
plementation details about the different components of Re-
aliz3D.

B.1. Domain Shifters (Stage 1)

Discussion: Domain Shifter Design Our design builds
on the intuition that our goal is to rebalance existing vi-
sual modes within the pretrained model rather than intro-
duce new modalities. Prior adapter-based methods [12, 22]
handle much larger modality shifts: AnimateDiff [12] sup-
presses the low-resolution and noisy video latent pathway
to inject temporal conditioning, while Wonder3D adds con-
ditioning streams for normal maps that differ substantially
from natural images. In our case, both real and synthetic
imagery already occupy the model’s learned feature space,
making a lightweight low-rank residual sufficient to ad-
just their balance without disrupting pretrained representa-
tions [29].

B.2. Fine-tuning with Representation Binding
(Stage 2)

As described in the main paper, we incorporate real samples
during training to prevent forgetting realism. Since real im-
ages lack explicit control supervision, naı̈vely training on
them could disrupt control learned from synthetic data. To
avoid this, we use real data to mostly update the later dif-
fusion blocks, responsible for appearance refinement, while
freezing the early blocks.

Concretely, During each real-data training iteration, we
freeze DiT blocks B ∈ [0, Bi], where i is an integer block
index randomly drawn from [0, τB ]. This stochastic layer-
freezing regularizes more strongly early representations,
without requiring a fixed cutoff. We find the stochastic ap-
proach to be robust to small variations and selection of con-
figuration. Empirically, setting τB ∈ [0.4, 0.5] of the total
number of blocks provides stable and robust performance.

Throughout the entire training process, we rely solely
on the traditional diffusion loss, which is well established
and empirically stable. At stage 1, the diffusion objec-
tive is used to train our Domain Shifters, and at stage
2 the same objective is used to train the DiT backbone.
When training on synthetic samples, the training objective
is L = Ez,ϵ∼N (0,1), t

[
∥ϵ− ϵθ(zt, t, c, esyn)∥22

]
(at stage 1,

c = ∅).

When training on realistic samples, the training objective is
L = Ez,ϵ∼N (0,1), t

[
∥ϵ− ϵθ(zt, t, c = ∅, ereal)∥22

]
.
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B.3. Inference-time Domain Shifting
As discussed in the main paper, to further promote control
transfer, we introduce Domain Reassignment. With proba-
bility pB , we reassign early DiT blocks (B ∈ [0, Bj ], j is an
integer, sampled from [0, τB ]) to operate in synthetic mode
even when processing real samples; that is, we substitute
edomain ← esyn in the corresponding Domain Shifters.
In practice, we set edomain = esyn when either of the follow-
ing conditions hold:
• Layer-based shifting: For all timesteps t and DiT blocks
B ≤ Bmax, corresponding to coarse sample structure. We
typically set Bmax to 20%-30% of the total number of
blocks NB .

• Time-based shifting: For all DiT blocks and timesteps t ≥
tmax, corresponding to high noise levels. We find tmax ∈
[800, 1000] to be most effective.

By tuning Bmax and tmax on a small validation set, users
can trade off between stronger control adherence and higher
photorealism without any retraining. In our experiments,
we prioritize realism, and perform inference-time domain
shifting to improve controllability while keeping the realism
loss minimal.

We observe that time-based shifting tends to have a
stronger effect on realism while layer-based shifting tend
to have a mild and stable effect. Therefore, to select the
mentioned hyperparameters, we first fix Bmax by evaluating
a small validation set across a few candidate values, rang-
ing from 0% to 40% of the total blocks in 10% increments.
Then, we select tmax to achieve the desired balance, testing
values between 800 and 1000 in steps of 50. For the selec-
tion process, we evaluate realism-based metrics and define
a threshold that represents the maximum reduction in real-
ism we are willing to tolerate. Since we do not perform an
exhaustive search, the entire tuning process takes less than
an hour and is performed only once.

C. Implementation Details
C.1. Data
Realistic Training Data. As mentioned in the main paper,
to create the realistic dataset, we use the same prompts from
the synthetic dataset and generate V = 4 photorealistic im-
ages using the base T2I model. This ensure fair evaluation,
as both datasets contain the same diversity of objects.

As the base model is biased towards the frontal view,
we generate each prompt using four viewpoint descriptions
(“front”, “back”, “right side”, “left side”), thus collecting
V = 4 photorealistic images per prompt. The model often
fails to follow the desired viewpoint, yet this strategy helps
to enrich the data and increase pose variation.
These view descriptions are not used during training. Dur-
ing training, the prompts associated to the images do not
contain this information, and the random placement of real-

istic images in the 2×2 grid is not affected by this informa-
tion.
ImageNet Curation Process for Real-World Realism
Metrics While the prior preservation metrics indicate
whether the generated images seem realistic, these metrics
are based on synthesized images. We aim to ground our
evaluation in real-world image data which, to the best of
our knowledge, was not used for training our base model
nor the pretrained models.

To that end, we processed the prompts describing the
evaluation objects through LLM, to find the most fitting
categories in the ImageNet dataset, resulting in 42 classes.
Then, we use CLIP [28] score to select 4 images per class
from the validation set, and segment them using an internal
tool similar to Rembg [10].

C.2. Training and Sampling
Training. All evaluated models are trained for 10 epochs on
64 NVIDIA H100 GPUs, using batch size of 8 and learning
rate of 5e−5. Adapters that are trained separately are trained
for 3 epochs. We verified that all models and adapters con-
verged and did not reach overfitting. Importantly, through-
out the training process we rely only on the standard re-
construction diffusion loss, which is well-established and
empirically stable. To prevent adapter-based methods from
overfitting to white-background, object-centric layouts, we
perform a very short warmup on realistic samples in all ex-
periments that incorporate real data during training.
Sampling. For sampling we use DDIM [35] with 50 steps.
Following the base model, we use CFG [13] only for the
text condition.
Hyperparameters. For all experiments we set r = 8 for
Domain Shifter modules.
For Representation Binding, we set τB to be 40% of the
total number of blocks and pb = 0.1.
For Inference-time Domain Shifting we set Bmax to be 30%
of the total number of blocks and tmax = 950. The selection
process of Bmax and tmax happens at test-time using a small
validation set of 20 held-out objects.

D. Evaluation
D.1. Implementation Details
SDEdit Baseline. We evaluate the effectiveness of the
SDEdit [24] mechanism for multiview applications. Specif-
ically, we take the outputs of the synthetic full fine-tuning
baseline, add noise to the images, and then denoise them in-
dependently using the base pretrained T2I model. The same
noise realization is applied to all images of the same grid,
while each image is denoised independently. Following the
original paper, we set the noise injection timestep to 500.
At higher timesteps, images are expected to exhibit reduced
3D consistency while potentially improving realism. How-
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ever, even at t = 500, SDEdit yields inferior performance
to Realiz3D in both 3D consistency and realism.
Pretrained Models. For Text-to-Multiview Generation, we
also evaluate TRELLIS [40], a 3D-native model. We use
the official text-to-3D ”TRELLIS-text-large” model with
the original hyperparameters. TRELLIS directly generates
a 3D asset and not multiview images, therefore we gener-
ate a 3D asset from text and render the 4 orthogonal views
(front, back and sides views) that we show across the paper.
Qualitative Results. For all baselines reported with two
rank settings (32 and 128), all results shown in the main
paper and the supplementary materials were obtained using
rank 32.

D.2. Ablation Study: Qualitative Results
To further support the ablation study from the main pa-
per, we present visual examples in Fig. 7 that illustrate the
effects of our Representation Binding and Inference-Time
Domain Shifting on the model’s final outputs. Both tech-
niques improve control adherence while preserving strong
realism.

D.3. Additional Qualitative Results
We present qualitative results using the evaluation data de-
scribed in the main paper, as well as additional test objects
from our internal dataset that were held out for evaluation
and not used during training.
Multiview Texturing. We present additional qualitative re-
sults in Fig. 8, Fig. 9 and Fig. 10, showing all baselines
described in the main paper. The corresponding prompt ap-
pears in the caption. Although our method uses both nor-
mal and position maps as geometric conditions, only the
normal maps are shown for readability. Realiz3D achieves
significant improvements in photorealism while remaining
3D-consistent and faithful to the geometric conditions.
Text-to-Multiview Generation. We present additional
qualitative results in Fig. 11, Fig. 12 and Fig. 13, show-
ing all baselines described in the main paper. The corre-
sponding prompt appears in the caption. Realiz3D achieves
notable improvements in photorealism while maintaining
strong 3D consistency.

D.4. Text-to-3D Results
We perform text-to-3D generation by backprojecting gen-
erated textures onto their corresponding original meshes.
Note that we generate only four orthogonal views, which
may not fully cover the entire surface.

The results are provided on our project page, where
we present side-by-side 3D assets produced by the full-
tuning baseline (trained on both real and synthetic data for
fairness) and by Realiz3D.
The results highlight that Realiz3D achieves comparable
3D-consistency to the fully synthetic and full fine-tuning

baselines, producing coherent and realistic 3D assets.

E. Limitations and Future Work
As mentioned in the main paper, although Realiz3D signif-
icantly improves realism, a small gap in control adherence
remains. We attribute this to several key factors: (1) 3D
consistency is sensitive to fine-grained details. Because the
synthetic data primarily contains smooth textures, the task
becomes easier for the model. As a result, synthetic base-
lines tends to produce relatively smooth outputs, reducing
the need to learn perfect pixel-level 3D consistency. In other
words, these baselines often appear consistent even with-
out having learned accurate pixel-level 3D-consistency. In
contrast, Realiz3D produces fine-grained details (e.g., com-
plex textures and materials, hair and fur) that are much
more sensitive to even slight misalignment. (2) Domain
gaps can occasionally manifest in unrealistic geometry, not
just appearance, causing Realiz3D to slightly deviate from
the original geometry. (3) The base model’s lighting bias
can lead to inconsistent appearance. Our synthetic data
is uniformly lit, and the generated views largely preserve
this property, appearing evenly illuminated. However, the
base T2I model shows a bias in lighting for certain objects
and materials. An example failure case appears in Fig. 14,
where we generate the texture of a hamburger. The ham-
burger is consistently lit more strongly from the front right,
while the back left remains noticeably darker. The same
trend is consistent across different seeds. After examining
hamburger images online and inspecting those generated by
our base T2I model, we find that this lighting condition is
extremely common in real-world images, creating a strong
lighting bias in the base model. Recent advances in relight-
ing [3, 18, 20] and specifically the use of two synthetic do-
mains, one uniformly lit and one randomly lit, offer promis-
ing avenues for addressing this gap.

Figure 14. Multiview Texturing. Inconsistent lighting caused by
the base T2I model’s lighting bias.

In addition, a natural extension of Realiz3D is to apply
our techniques to video diffusion models, which have re-
cently demonstrated remarkable capabilities. When these
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Condition
Full-Tuning

(Synthetic + Real)

Ours

(Realiz3D)

Ours

w/o Representation 

Binding

Ours

w/o Inference-time 

Shifting

Figure 7. Ablation Study. We demonstrate the importance of our Representation Binding and Inference-time Domain Shifting on Multi-
view Texturing. Red circles highlight inconsistent regions with the geometry. Both techniques enhance control adherence, while maintain-
ing realism. The presented prompts: ”A baby stroller with a leather seat and a black plastic container on the bottom”, ”A structure with a
flat top, made of natural stone”.

models are trained to incorporate a 3D condition, they are
often fine-tuned on synthetic data, introducing a similar do-
main gap.
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Figure 8. Multiview Texturing. ”A king penguin, highly realistic and detailed”. Red circles highlight inconsistent regions (either with the
geometry or with other views). Best viewed zoomed in.
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Figure 9. Multiview Texturing. ”A fennec fox, highly realistic and detailed”. Best viewed zoomed in.
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Figure 10. Multiview Texturing. ”A woman with a dark hair and red lips, highly realistic and detailed”. Red circles highlight inconsistent
regions (either with the geometry or with other views). Best viewed zoomed in.
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Figure 11. Text-to-Multiview Generation. ”A pink farm pig, highly realistic and detailed”. Red circles/squares highlight inconsistent
regions/incorrect viewpoints, respectively. Best viewed zoomed in.

Figure 12. Text-to-Multiview Generation. ”A half slice of avocado, highly realistic and detailed”. Red circles/squares highlight incon-
sistent regions/incorrect viewpoints, respectively. Best viewed zoomed in.
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Figure 13. Text-to-Multiview Generation. ”A bee, highly realistic and detailed”. Red circles/squares highlight inconsistent re-
gions/incorrect viewpoints, respectively. Best viewed zoomed in.
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