The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Towards Spatially Consistent Image Generation: On Incorporating
Intrinsic Scene Properties into Diffusion Models

Hyundo Lee', Suhyung Choi', Inwoo Hwang?>', Byoung-Tak Zhang'"

' Al Institute, Seoul National University
2Columbia University
{hdlee, schoi} @bi.snu.ac.kr, inwoo.hwang @columbia.edu, btzhang @bi.snu.ac.kr

Abstract

Image generation models trained on large datasets can syn-
thesize high-quality images but often produce spatially incon-
sistent and distorted images due to limited information about
the underlying structures and spatial layouts. In this work,
we leverage intrinsic scene properties (e.g., depth, segmenta-
tion maps) that provide rich information about the underly-
ing scene, unlike prior approaches that solely rely on image-
text pairs or use intrinsics as conditional inputs. Our approach
aims to co-generate both images and their corresponding in-
trinsics, enabling the model to implicitly capture the underly-
ing scene structure and generate more spatially consistent and
realistic images. Specifically, we first extract rich intrinsic
scene properties from a large image dataset with pre-trained
estimators, eliminating the need for additional scene informa-
tion or explicit 3D representations. We then aggregate various
intrinsic scene properties into a single latent variable using
an autoencoder. Building upon pre-trained large-scale Latent
Diffusion Models (LDMs), our method simultaneously de-
noises the image and intrinsic domains by carefully sharing
mutual information so that the image and intrinsic reflect each
other without degrading image quality. Experimental results
demonstrate that our method corrects spatial inconsistencies
and produces a more natural layout of scenes while maintain-
ing the fidelity and textual alignment of the base model (e.g.,
Stable Diffusion).

Extended version — https://arxiv.org/abs/2508.10382

1 Introduction

Recent text-to-image (T2I) generation models, notably dif-
fusion models (Ho, Jain, and Abbeel 2020; Dhariwal and
Nichol 2021; Saharia et al. 2022; Rombach et al. 2022),
have shown remarkable success in producing diverse and
realistic images. However, these models often produce im-
ages with spatial inconsistencies—such as distorted object
geometry or implausible scene layouts as in Fig. 1—due to
their reliance on pixel-level supervision and lack of struc-
tured scene understanding (Podell et al. 2023). To overcome
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this, richer and more structured representations beyond pix-
els are needed to guide the generation process to generate
more spatially coherent images.

A natural remedy is to incorporate explicit 3D scene infor-
mation (e.g. point clouds, meshes) into the generative pro-
cess (Luo and Hu 2021; Jun and Nichol 2023). While effec-
tive in grounding geometry, the high cost of data acquisition
and rendering limits its scalability and diversity. Addition-
ally, the reliance on explicit 3D structure makes them ill-
suited for abstract, stylized, or artistic scenes. An alternative
approach is to leverage intrinsic scene properties (or simply
intrinsics)—such as depth, surface normals, or segmentation
maps—which offer structured, complementary views of the
same scene. Here, we use the term intrinsics in the sense of
Barrow et al. (1978), referring to image-inherent scene at-
tributes rather than camera intrinsics in multi-view geome-
try. However, prior work leveraging intrinsics has not aimed
to improve spatial consistency, but rather focused on condi-
tional generation given external intrinsic inputs (Zhang, Rao,
and Agrawala 2023). This reliance on additional signals lim-
its their applicability to general T2I generation and fails to
model the underlying scene structure.

To address this issue, we propose a new approach that
improves spatial consistency by jointly modeling both im-
ages and their intrinsic scene properties. As illustrated in
Fig. 1, intrinsics provide complementary geometric and se-
mantic cues that help delineate object boundaries and spa-
tial layouts, especially in perceptually ambiguous regions.
By learning a joint distribution over images and intrinsics,
our model captures multiple structured views of a scene,
thereby significantly reducing spatial inconsistencies in the
generation process. In contrast to conditional approaches
that model a unidirectional relationship, our joint modeling
allows intrinsics and images to regularize each other during
training. Incorporating intrinsics also offers practical advan-
tages: they can be efficiently extracted from large-scale 2D
datasets using pre-trained models, without the need for 3D
data or manual labeling. Moreover, since large T2I models
implicitly contain intrinsic knowledge (Du et al. 2023; Zhan
et al. 2023; El Banani et al. 2024), we leverage this capacity
with only minimal adjustments, without compromising the
quality and capabilities of the original model.

To this end, we propose Intrinsic Latent Diffusion Models
(I-LDM), which extend existing T2I models (Rombach et al.
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Figure 1: By co-generating images and aligned intrinsic scene properties, we aim to address the problem of spatial inconsistency
prevalent in existing text-to-image models. (Gray) Paradoxical image generated by Stable Diffusion 2.1, including inconsistent
Our approach generates an image and intrinsic scene properties
representing the scene from diverse perspectives, thereby producing a more natural and realistic image.

wall, object (green circle), and floor (orange circle).

2022; Podell et al. 2023; Chen et al. 2024) to jointly gener-
ate images and their corresponding intrinsics. To enable ef-
ficient joint generation, we first train an autoencoder that en-
codes multiple intrinsic channels into a single latent space.
Since naive fine-tuning might compromise the performance
of the base model, we retain the architecture and weights
for generating images while adopting LoRA weights (Hu
et al. 2021) to generate intrinsics separately. Furthermore,
we introduce a cross-domain weight scheduling mechanism
that shares self-attention between the image and intrinsic do-
mains during the denoising process, promoting alignment
without introducing visual artifacts.

By learning from both perceptual and structural views of
a scene, [-LDM produces more faithful and structured im-
ages without compromising the visual fidelity of strong base
models. We evaluate our model under general text prompts
and challenging multi-object arrangements, showing that I-
LDM produces clearer separation and more realistic spatial
layouts. We show that I-LDM generates more realistic im-
ages and achieves higher scores in human preference esti-
mators while maintaining the fidelity and text alignment of
the base model. Furthermore, we demonstrate that learning
to co-generate intrinsics helps to model complex structures
by providing consistent structural guidance in dynamic hand
pose generation tasks.

2 Related Work
2.1 Large-scale Diffusion Models

Recently, image synthesis has achieved remarkable results
based on diffusion models (Esser et al. 2024; Sauer et al.
2024; Chen et al. 2024), which generate images by denoising
random noise (Sohl-Dickstein et al. 2015; Song and Ermon
2019; Ho, Jain, and Abbeel 2020). Diffusion models have
evolved to enable natural language-based control (Saharia
et al. 2022; Nichol et al. 2021; Ho and Salimans 2022) using
language models such as CLIP (Radford et al. 2021). Latent
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diffusion models (LDMs) (Rombach et al. 2022) apply per-
ceptual compression via VQ-VAE (Razavi, Van den Oord,
and Vinyals 2019) to learn the denoising process in percep-
tually compressed latent space, facilitating high-resolution
image synthesis. Models such as DALL-E (Shi et al. 2020)
or Stable Diffusion (Rombach et al. 2022; Podell et al. 2023)
have been trained on large-scale text-image pair datasets
containing billions of examples, allowing them to gener-
ate images conditioned on general natural language without
restricting domains (Schuhmann et al. 2022). Our work is
based on production-ready Stable Diffusion models, using
fine-tuning techniques with LoRA (Hu et al. 2021) to main-
tain their quality and capability.

2.2 Reflecting Physical Structure in LDMs

Diffusion models trained on pairs of text images struggle to
accurately capture the physical structures and spatial layout
of scenes, occasionally producing distorted or inconsistent
images (Podell et al. 2023; Shen et al. 2024). One solution is
to incorporate 3D data (Luo and Hu 2021; Zhou, Du, and Wu
2021; Jun and Nichol 2023), such as point clouds (Chang
et al. 2015), CAD models (Wu et al. 2015), or polygonal
meshes (Deitke et al. 2023, 2024). Despite effectively cap-
turing geometry, this approach is limited to specific objects
and struggles with general or abstract text prompts due to
the high cost and inflexibility of 3D data. Instead, we lever-
age intrinsic scene properties to capture underlying struc-
tures while maintaining flexibility for diverse textual inputs.

In image generation, intrinsic scene properties (Barrow
et al. 1978) have been widely used as conditional controls,
including SDEdit (Meng et al. 2021), sketch-guided genera-
tion (Voynov, Aberman, and Cohen-Or 2023), and Control-
Net (Zhang, Rao, and Agrawala 2023), focusing on aligning
outputs to given intrinsic conditions. In contrast, we aim to
co-generate intrinsics alongside images, enabling the model
to learn and reflect the distribution of underlying scenes.
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Figure 2: The overall architecture of [-LDM. (Left) We first train an intrinsic VAE to encode all intrinsics into a single latent
variable. (Middle) Then, we train the LoORA weights of the self-attention layers included in the diffusion network of the intrinsic
domain to learn the denoising process. (Right) We employ a weight scheduling mechanism for exchanging self-attention with
the image domain. As a result, [-LDM simultaneously generates spatially consistent images and intrinsics during inference.

Recent studies also explore generating intrinsics from
images using diffusion models, including depth maps and
surface normals (Fu et al. 2025; Ji et al. 2023; Saxena
et al. 2023; Qiu et al. 2024; Ke et al. 2024), segmentation
maps (Amit et al. 2021; Li et al. 2023; Nguyen et al. 2024),
and other scene properties (Du et al. 2023). However, our
goal is not to reconstruct exact geometry, but to guide image
generation by jointly modeling intrinsic and image domains,
using only text conditions.

A prior approach generates surface normals from noise
using GANs and then conditions image synthesis on
them (Wang and Gupta 2016). However, generating intrin-
sics without considering the image domain can lead to spa-
tial inconsistencies, as they lack awareness of the full scene.
Another related line of work is LDM3D (Stan et al. 2023),
which generates depth maps aligned with images from text.
However, their primary goal is to generate RGB-D images
and 360° views. In contrast, we focus on enhancing spatial
consistency by jointly modeling image and intrinsic repre-
sentations during generation. We empirically compare our
method with these prior approaches to validate the effective-
ness in improving spatial consistency and image quality.

3 Method

In this section, we utilize intrinsics to reflect the underlying
scene in generated images more faithfully. The theoretical
motivation is discussed in Appendix A. We first present our
model architecture, which incorporates cross-domain self-
attention and a weight scheduling mechanism to co-generate
images and aligned intrinsics without compromising image
quality. We then introduce a practical approach for handling
multiple intrinsics simultaneously.
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3.1 Intrinsic Latent Diffusion Model

In this work, we consider four intrinsic scene properties;
depth map, surface normal, segmentation map, and line
drawing. A straightforward way to generate an image-
intrinsic pair (x,¢) given a text condition c¢ is to augment
pre-trained T2I models with intrinsic features—either by
adding extra channels or using spatial addition—and fine-
tune them. However, we found that this significantly harms
the image quality, as demonstrated in Sec. 4.1.

Instead, we propose an method using a large LDM
model consisting of self-attention layers (e.g., Stable Diffu-
sion (Rombach et al. 2022; Podell et al. 2023), PixArt (Chen
et al. 2024)) as a base model that fully exploits its capabili-
ties without compromising its quality. As depicted in Fig. 2,
we devise separate models for the image domain and the in-
trinsic domain, preserving the architecture and weights the
same as the base model for the image domain. To train the
intrinsic domain, we adapt LoRA (Hu et al. 2021) to fine-
tune only the attention layers, leveraging the inherent knowl-
edge of the intrinsics (Du et al. 2023; Zhan et al. 2023).

Second, we employ cross-domain self-attention (Fu et al.
2025) to align the spatial arrangements between the two do-
mains and allow them to reflect each other’s information.
Specifically, we concatenate the keys and values from the
self-attention layers at the same stage as follows:

Qo= Qu 22, ¢ = Qi - 2,

by =ki = (K- 20) ® (K; - ),
where the subscript x, ¢ denotes each domain, z denotes in-
termediate representations, ¢ denotes concatenation, g, k, v

denotes the query, key, and value, and @, K,V denotes the
corresponding weight matrix.

ey
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Figure 3: Qualitative analysis of generated images and co-generated intrinsic scene properties from [-LDM (clockwise from
top left: depth map, surface normal, line drawing, and segmentation map). The red boxes indicate generated images of the
base model. The top and bottom rows visualize samples with Drop and Gaussian weight scheduling, respectively. Red and blue
captions denote samples from the Parti and Multi prompts, respectively.

Importantly, we introduce a weight scheduling mecha- (eéwg,, e%,) for the image and intrinsic domains separately,
nism for cross-domain self-attention, i.e., w?), in contrast ; i
to prior work without weighting (Fu et al. 2025). This is be-
cause we found that the received information from the in-

with assigning a balancing factor of \:

L= Eupigencillless (@ iet, ¢) — el[3

trinsic model during image sampling often incurs undesir- ’ 3)
able artifacts in the generated image, leading to a significant +A] |c§f)9, (z4,ds,t, ¢) — €] [3),
degradation in image quality. Therefore, we introduce the
scheduling of the weight of the exchanged key and values where 6 is the parameters of the base model, and xy,i; de-
across domains for each block index [ and each timestep t. notes encoded xg,7o with mixed noise €., €; respectively.
Specifically, we fix the weight to 1 during training, while in- Thus, we train 6’ not only to generate intrinsics but also
troducing two different weight scheduling strategies during to provide useful information to the image by reducing
sampling, Drop and Gaussian, as follows: Hegg, — €.||3. We independently sample ¢, and ¢; during
(Dro wy J1if (eL)n<T), 5 the training and use the same e during sampling.
P) wg = 0 otherwise, 2) L. .
) @) 5 o 3.2 Intrinsic Space Encoding
(Gaussian) w; ™ = o - exp(—(t — 7)°/07), 3) While incorporating various intrinsics enriches scene under-
where L, 7,0, are hyperparameters. We then change the standing, increasing their number introduces two main chal-
self-attention process as follows: lenges: (1) higher training and sampling overhead, and (2)
) Qe - kT W) learning difficulty due to distributional mismatch between
Attny™ = softmax (ﬁ + log (W ’ )) Uz, intrinsics and images. For instance, random noise sampled
k “ from a standard normal distribution tends to generate un-
Attn; = softmax ((ql . kZT) / \/dTJ v;, natural surface normals, where most pixels are green or
blue (Du et al. 2023; Lin et al. 2024). We analyze the latent
where dj, denotes the inner dimension of ¢, k, and W (" distribution for images and intrinsics in Appendix D.
denotes a N x 2N weight matrix where the first through N To address this, we train an intrinsic VAE that encodes
columns are filled with 1, and the N +1 through 2N columns all intrinsics into a shared latent variable with the same di-
are filled with w (). The difference from the original image mensionality as the base model. This is achieved by extend-
denoising process is that the intrinsic model affects the im- ing the base VAE with additional CNN channels and fine-
age model with a weight w(**) by passing its intermediate tuning it. During training, we randomly zero out individual
key and value vectors. We assign a low weight to the outer intrinsics to prevent any particular intrinsic from being en-
blocks of the diffusion network and for low ¢, where rel- coded dominantly, ensuring that the encoded latent represen-
atively fine-grained detail is denoised. We also assign low tation reflects information from all intrinsics. As a result, our
weight to very early steps of the denoising process, which method enables efficient two-pass denoising for images and
greatly impacts the image. This adjustment allows us to mit- intrinsics, reducing memory from cross-domain attention. It
igate the influence of artifacts on images, thereby preserving also aligns intrinsic and image distributions, allowing mini-
the quality of the generated images. mal LoRA weight adjustments and eliminating the need for
For the loss function, we use the conventional DDPM zero terminal SNR (Lin et al. 2024). Ablations of intrinsic
loss to train LoRA weights 6’ in the network egqo = VAE are presented in Tab. 5.
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Figure 4: Comparison of base and I-LDM with generated intrinsics, providing key cues for reducing spatial inconsistencies.

4 [Experiments

Here, we investigate the effectiveness of intrinsics with I-
LDM for generating natural and spatially consistent images.
Experimental details are provided in Appendix C.

Metrics. Our goal is to alleviate spatial inconsistencies by
accurately reflecting the underlying scene while maintaining
the quality and capability of the base model. However, pre-
cisely quantifying spatial inconsistency is inherently chal-
lenging, as ground-truth structural annotations do not ex-
ist for synthesized images. For this, we first utilize met-
rics based on human preference prediction, including Im-
ageReward (IR) (Xu et al. 2024) and Human Preference
Score (HPSv2) (Wu et al. 2023). To further assess the im-
provement in spatial inconsistency, we evaluate Al prefer-
ence using GPT-4o, asking which image better reflects the
actual physical scene between the base model and ours. Fi-
nally, to evaluate whether our method maintains the capa-
bility of the base diffusion model, we employ conventional
CMMD (Jayasumana et al. 2024) and CLIP score (Hessel
et al. 2021) to measure fidelity and text alignment, respec-
tively. We measure the distribution discrepancy for CMMD
in Sec. 4.1 by comparing with images from the base model,
as real images are not available in this setting. This allows us
to assess how well each method preserves the base model’s
quality, rather than indicating improvements over it.

Baselines. We employ Stable Diffusion 2.1 (SD2.1) as a
pre-trained base model (Rombach et al. 2022). Comparison
of its configuration with ours in terms of model size, infer-
ence time, and memory usage is in Tab. 6. For baselines, we
first implement LDM3D (Stan et al. 2023) based on SD2.1,
training a VAE to encode both images and depth into the
existing latent space, and then fine-tune UNet. We also ex-
tend this method with four intrinsics that we use, denoted as
LDM3D+. We also consider a naive method that adds ex-
tra CNN channels for intrinsics to the UNet and fine-tunes
it (+CNN), and a variant that injects intrinsic features via
spatial addition using the ControlNet architecture (+Spatial-
Add). To compare with a two-stage generation approach,
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we first generate single or multiple intrinsics from text us-
ing our intrinsic LDM trained without images, and then use
them to condition image generation via ControlNet, denoted
as ControlNet-(Intrinsic). Finally, we evaluate base models
with doubled sampling steps (denoted as x2).

Implementation details. For the training dataset, we use a
subset of 542k images with aesthetic scores of 6.5 or higher
from LAION-5B dataset (Schuhmann et al. 2022) in which
the base model was trained. To estimate intrinsics, we use
Metric3D (Hu et al. 2024) for depth maps and surface nor-
mals, SAM (Ravi et al. 2024) for segmentation maps, and
a publicly available image-to-line drawing model. For train-
ing intrinsic VAE, we zero-mask each intrinsic with a prob-
ability of 0.1. To train the denoising process in the intrin-
sic domain, we adapt LoRA to self-attention weights with
rank 32. The resolution of the images for training is set
to 512x512, and 768x768 for sampling. All images were
sampled with the CFG scale 7.5 and the sampling steps 25
(50 steps for x2). For the hyperparameters of our model
in Eq. (2), we set 7 = 900,L = {3,4,5,6,7} for wy,
a=1,7=800,0 = 100 for wy.

4.1 Learning Intrinsics on T2I Generation

We perform two tasks to evaluate the quality and spatial con-
sistency of T2I generation with and without learning intrin-
sics. First, we assess general text conditions using images
generated from Parti prompts (Parti) (Yu et al. 2022), de-
signed to test capability across various categories and chal-
lenges. However, some prompts are too abstract or simple
to evaluate spatial inconsistency (e.g., “energy” or “an or-
ange”). Therefore, we design a second task, the multiple
objects prompts (Multi), which constructs complex scenes
where structural distortion can be more pronounced by plac-
ing many objects. We randomly sample 3 to 5 classes from
the MS-COCO dataset (Lin et al. 2014) and one place from
Places365 (Zhou et al. 2017), and construct 1,000 prompts in
the format “{class1}s and {class2}s and ... in a {place}”.

Tabs. 1 and 2 and Fig. 3 summarize both quantitative met-
rics and qualitative results on the Parti and Multi prompts.



Parti prompt Multiple objects

Method CMMD(}) CLIP({) ImageReward(t) HPSv2(f) CMMD(]) CLIP({) ImageReward(t) HPSv2(})
Base - 0.2725 0.2998 0.2497 - 0.2671 -0.7389 0.2355
Base x2 0.00488  0.2726 0.3647 0.2548  0.00763  0.2676 -0.7342 0.2395
Base +CNN 1.07265  0.2164 -1.5378 0.1713 251353 0.1986 -1.8801 0.1650
Base +SpatialAdd ~ 0.39911  0.2413 -0.7374 0.2058 1.12689  0.2214 -1.5315 0.1807
LDM3D 0.57590  0.2693 0.1254 0.2349 1.20401  0.2472 -1.0290 0.2096
LDM3D+ 0.11885  0.2644 0.0499 02357 03348 02575 -0.6855 0.2298
ControlNet-Norm  0.04578  0.2697 0.3444 0.2548  0.11182  0.2599 -0.6445 0.2388
ControlNet-Seg 0.08571  0.2672 0.3144 02550 036383  0.2521 -0.6504 0.2340
ControlNet-All 020289  0.2671 0.2900 0.2549 047350  0.2540 -0.6877 0.2342
I-LDM (Drop) 0.02074 02717 0.3843 02560  0.03707  0.2664 -0.6148 0.2461
I-LDM (Gaussian) ~ 0.01538  0.2739 0.4416 0.2582  0.08228  0.2687 -0.5739 0.2450

Table 1: Quantitative results on generated images for each prompt in Parti and Multi prompts. The evaluation is conducted using
images sampled from three seeds for each prompt. The best result is bolded, and the second-best result is underlined.

Parti prompt Multiple objects Base Ours (Drop) Ours (Gauss) - schedule
Method Ours(T) Tie Base(]) Ours(1) Tie Base(])

I-LDM (D) 419% 328% 252% 47.7% 36.6% 15.7%
I-LDM (G) 41.0% 349% 24.1% 443% 39.4% 16.3%

Table 2: LLM evaluation of spatial consistency between im-
ages generated by the base model and ours. Ours, Tie, Base
denote GPT-40 preference percentages.

Method Resolution CMMD() CLIP() ImageReward(t) HPSv2(T) oranges and handbags and boats and bottles and airplanes in a pasture

256 0.02027 0.2732 0.4572 0.2590

I-LDM (D) 384 0.02122 0.2739 0.5129 0.2606 . . .
512 002730 02717 04719 02622 Figure 5: Comparison of the base model and I-LDM with
256 0.01431 0.2742 0.4960 0.2606 Drop, Gaussian, and no Weight SChedllliIlg.

I-LDM (G) 384 0.01466 0.2756 0.5311 0.2618
512 0.01633 0.2741 0.4803 0.2611

Robustness to inaccurate intrinsics. An intriguing prop-
erty of our framework is that we utilize existing intrinsic es-
timators without the additional cost of data collection. To
investigate how our model performs given an imperfect in-
trinsic estimation, we downscale the resolution of the intrin-
sic for training. Tab. 3 shows that our model is robust to such
errors or noises from intrinsic estimators. Moreover, Fig. 9
in Appendix F shows that meaningful information can still
be exchanged despite misalignment across domains. This
is due to the design of cross-domain self-attention process
(Eq. (4)), which estimates cross-domain attention within the
entire set of patches rather than just the same region.

Table 3: Quantitative results on downscaling the intrinsic
resolution provided by the intrinsic estimators for training.

Compared to the base model and other intrinsic-based ap-
proaches, learning to co-generate multiple intrinsics leads
to better alignment with the physical structure of the scene
without compromising image quality (see Appendix G.2 for
detailed baseline analysis). Fig. 4 emphasizes that the base
model may misrepresent the physical relationship between
each object and incorrectly represent the boundaries of ob-
jects. In contrast, the intrinsics generated by our method

clearly distinguish and reflect them in the image, resulting Drop vs. Gaussian. Analysis of different weight schedul-
In a more accurate representation. ing are visualized in Fig. 5. With drop scheduling, there is a

While our method reflects valuable information from the tendency to improve fine-grained details while maintaining
intrinsic, we emphasize that it also protects from the effects the overall composition of the image. In contrast, Gaussian
of ambiguities or inaccuracies from the intrinsic domain. scheduling typically adjusts the overall image composition.

On the other hand, completely removing the weight schedul-
ing from the inference process degrades the quality of the
images. However, fine-tuning approaches (+CNN, +Spatial-
Add, LDM3D) suffer from severe image degradation and do
not provide meaningful improvements in spatial inconsis-
tency. See Appendix G.3 for further analysis.

Preserving diversity. Although abstract scenes can be dif-
ficult to represent using geometric intrinsics, such as the
“black hole” example in Fig. 3, we demonstrate that our ap-
proach does not constrain the diversity of the base model.
This is quantitatively supported by maintaining CMMD and
CLIP scores across various textual conditions provided by
Parti prompts. Analysis on various categories and challenges
is reported in Appendix G.1. This is achieved by disentan-
gling the latent representations of images and intrinsics, en- The human hand, with its intricate articulations that result
abling diversity of images beyond geometric constraints. in highly complex structures and self-occlusions, is a well-

4.2 Complex Hand Structure Generation
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Method CMMD(]) HPSv2(T) Detection(f) Confidence(1)
Base (Rombach et al. 2022) 0.7222 0.1475 29.82% 0.9310
Base x2 0.6906 0.1472 30.22% 0.9271
I-LDM (Drop) 0.7750 0.1487 28.20% 0.9242
I-LDM (Gauss) 0.7051 0.1506 39.40% 0.9384

Table 4: Quantitative results on 1000 generated images
trained with InterHand samples. The best result is bolded.

CMMD(]) CLIP(f) ImageReward(f) HPSv2(1)
I-LDM 0.01633  0.2741 0.4803 0.2611
- Depth 0.01144  0.2720 0.3914 0.2578
- Normal 0.01299  0.2742 0.4655 0.2592
- Line 0.01919  0.2746 0.5074 0.2615
- Segment 0.01872  0.2727 0.4302 0.2590
—w 0.05460  0.2706 0.3852 0.2556
-VAE 0.01836  0.2702 0.3545 0.2551
LoRA-only  0.03314  0.2747 0.3617 0.2493
+resolution  0.08452  0.2640 0.1240 0.2470
FWirain 0.03827  0.2716 0.3920 0.2552

Table 5: Results on ablating each intrinsic, model settings.

known example of a particularly challenging object to syn-
thesize. We investigate how learning intrinsics affect the
generation of such complex structures. First, since the base
model tends to generate hand images with limited poses, we
generate diverse and complex poses by training a dataset
with various hand poses. Specifically, we extract 3,493 dis-
tinct samples from InterHand dataset (Moon et al. 2020). We
then train the base model by applying LoRA without any an-
notations or additional information. The prompt is fixed as
“A close-up of a hand with a black background”. We use a
hand detection model (Zhang et al. 2020) to measure the de-
tection rate and confidence scores for detected cases, assess-
ing whether generated hands follow an accurate structure.

We applied hand LoRA trained on the base model to the
image domain of I-LDM to investigate how learned intrin-
sic information affects the generation of hands with dynamic
poses. Tab. 4 and visualizations in Appendix H summarize
the experimental results, which show that reflecting intrin-
sics substantially improves the generation of accurate hand
structures. This experiment supports our claim that incorpo-
rating intrinsics helps generate complex structures.

4.3 Adapting I-LDM to Other Base Models

To verify the applicability of our method with more scalable
or different architectures, we additionally implement I-LDM
based on SDXL (Podell et al. 2023) with 2.5B parameters
and based on PixArt-« (Chen et al. 2024) with DiT architec-
ture (Peebles and Xie 2023). Fig. 6 visualizes the qualitative
results of our model. Samples with SDXL. demonstrate that
even with a more scalable base model, there are still spa-
tial inconsistencies that [-LDM alleviates. The example of
PixArt-« also shows that our method is generally applicable
to Transformer-based architectures. For quantitative analysis
and more qualitative results, see Appendices E.2 and G.3.

4.4 Ablation Study and Analysis

We perform ablation studies on each intrinsic and the train-
ing and sampling settings. Evaluations are performed on
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Figure 6: Examples of generated images of I-LDM using
SDXL and PixArt-a as base models.

Parti prompts, using wé(,l’t) unless specifically noted. More

detailed analysis including visualizations are provided in
Appendix I and Appendix J.

Effects of each intrinsic scene properties. First, we per-
form an ablation study on each intrinsic scene property that
composes [-LDM. Tab. 5 summarizes the effect of ablat-
ing each intrinsic, indicating that learning for each intrin-
sic shows meaningful improvement. While line drawing has
a small negative effect on metrics, we qualitatively observe
that it enhances the generation of object shapes.

Ablations on training settings. Next, we conduct an ab-
lation study on the training and sampling process. As shown
in Tab. 5, removing weight scheduling causes noticeable ar-
tifacts from the intrinsic domain, and excluding the intrin-
sic VAE results in inconsistent intrinsic generation. Train-
ing LoRA weights without image domain degrades intrinsic
quality due to lack of image domain information. Addition-
ally, using scheduling weights or increasing the resolution to
768768 during training negatively impacts image quality.

5 Conclusion

To mitigate spatial inconsistencies in image generation, we
proposed learning intrinsic scene properties aligned with the
images. We presented I-LDM, a model that jointly gener-
ates images and intrinsics (i.e. depth map, surface normal,
line drawing and segmentation map). We carefully designed
our architecture to share valuable self-attention information
between the image and the intrinsics while preserving the
quality and capabilities of the base model. Experimental re-
sults on Parti, Multi prompts, and InterHand demonstrated
the effectiveness of our approach.
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